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Abstract

Graphomotor skills of an individual can provide useful insight regarding his/her mental health and
emotional state. Assessing these skills enables neuropsychologists to target areas of dysfunction and
to design appropriate plans for rehabilitation. To assess graphomotor skills, clinical practitioners
employ a variety of pen-and-paper based graphomotor tasks involving handwriting and drawings.
Performance of an individual in these tasks is measured by using extensive scoring criteria that
determines the presence/absence of various motor, perceptual, and cognitive deformations, by
estimating deviations from expected stimulus. Nevertheless, manual scoring by human experts is
time consuming and prone to inter-scorer bias. Computerized analysis of responses produced by
at-risk subjects has high potential to address the aforementioned limitations of manual assessment.
Furthermore, computerized analysis can also facilitate test standardization and validation, treatment
efficacy assessment and disease progression monitoring.

While a number of techniques are presented in the literature, there is a constant need to explore
effective methods to translate domain knowledge into computational feature space. In this research,
we propose a novel deformation modeling and estimating method, that can model a variety of
visual-motor and visual-perceptual deformations from both online and offline samples of patient
responses. The proposed scheme suggests feature extraction by means of pre-trained Convolutional
Neural Networks (CNNs) for rich visual representation of samples of a particular deformation.
By employing pre-trained ConvNets, we overcome the limitations of data scarcity and feature
insufficiency that are common characteristics in this domain. To further enhance representation
deformation-specific augmentation is employed. These enhanced visual features are then used
to train classical machine learning classifiers to predict the presence or absence of particular
deformation(s) in the test sample. The proposed method can be employed in a wide variety of
scenarios to analyze a neuropsychological response.

The performance of our proposed deformation estimation and classification method is evaluated
in two empirical settings, that are popularly targeted by the relevant research community as well
i.e. (a) Early detection of a neurodegenerative disease and (b) Scoring of a neuropsychological test
with an extensive scoring standard. Our first scenario involves the identification of visual-motor
deformations like tremor and micrographia from the graphomotor responses of elderly for the
prediction of Parkinson’s Disease (PD). We employ a popular benchmark dataset ‘Parkinson’s
Disease Handwriting (PaHaW)’ database, that comprises multiple graphomotor tasks performed
by subjects suffering from PD and healthy controls (HC). To highlight fine imperfections caused
due to associated motor dysfunctions (like tremor), we propose two non-linear transformations
of the raw images using median and edge enhancing filters. For feature extraction, we employ
the convolutional base of a pre-trained ConvNet and combine the extracted features of different
representations to provide further enhancement. The combined feature vectors from each task are
then employed to train a task-specific Support Vector Machine (SVM) classifier that predicts the
response as belonging to either of the two classes (PD/HC). From our evaluations, it is observed
that each task has a different impact on the classification accuracy. Due to this reason, decisions of
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all tasks performed by a subject are combined by applying majority voting. The ensemble approach
not only improved the overall classification results (83%) but also mitigated the negative impact of
a task on the predictive potential of the extracted features.

The second study targets the identification of eleven visual-perceptual deformations outlined
in the Lacks’ scoring standard for the assessment of a Bender Gestalt Test (BGT) response.
Perceptual deformations are challenging to model due to the insufficiency of features and reliance
on extensive heuristics. We apply our proposed deformation modeling and classification method to
identify Lacks’ eleven indicators of perceptual dysfunction from samples of children with learning
difficulties. Due to lack of relevant datasets, a customized dataset is employed for the evaluation
purposes. Unlike conventional sketch recognition, where intra-shape class variations are diminished
and inter-shape class variations are enhanced, our proposed methodology enhances deformation-
specific intra-shape class variations and generalizes inter-shape class similarities. This has not
been attempted previously and enables the identification of same deformation across multiple
shapes and different deformations with in same shape class. Once again, deformation-specific
transformations are employed to ensure representation of the missing classes as well as to enrich
features. Several combinations of pre-trained ConvNets and binary classifiers are assessed to
determine the best combination. Results of our experiments show that best classification rates
(i.e. mean accuracies ranging from 79.1% to 97.6%) are achieved across all deformations when
features extracted from ResNet101 are used to train Linear Discriminant Analysis (LDA) classifier.
Decisions from different deformation-specific classifiers are combined to quantify errors as required
by the scoring standard. From the results of our experiments, we found that the nature of the
deformation contributes the most in the performance of the classifier. This finding is coherent
with that observed during manual scoring, as there exists greater inter-scorer difference for some
deformations as compared to others. Nonetheless, the outcomes of both scenarios highlight the
effectiveness of our proposed methodology in terms of reliability and robustness and support its
potential for providing a solid basis for relevant end-to-end systems that can easily be integrated
into the mainstream clinical settings to facilitate practitioners in diagnostic decision making.
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Chapter 1

Introduction

1.1 Background and Motivation

Artificial Intelligence (AI) has gradually paved its way into the healthcare industry over the past

few decades due to its potential advantages [1]. AI-based solutions can provide efficient retrieval

of relevant information from large volumes of electronic healthcare data [2]. It can facilitate

proactive public health surveillance like epidemic prediction by formulating real-time inferences

from social networks [3]. Currently, researchers are focusing on the development of reliable

intelligent diagnostic systems to assist doctors in the interpretation of various test samples [4]. The

primary objective of such a system is to provide optimization and standardization of conventional

medical practices by reducing time, cost, and diagnostic errors [5]. This can benefit domains like

neuropsychology that are facing an increasing stress on the traditional one-to-one clinical contact

time-based services [6]. Consequently, neuropsychologists are becoming less skeptical towards

adapting emerging technologies in an attempt to provide cost-effective and time-efficient services

to masses [7].

Neuropsychology is an established discipline that investigates the brain–behavior relation-

ships [8]. A neuropsychologist attempts to determine the presence of brain dysfunctions by

examining abnormal behavioral patterns exhibited by a potential at-risk individual [9]. Dysfunc-

tional processing of brain can either result from an underlying neurological disorder (e.g. traumatic

brain injuries, dementia, Alzheimer’s or Parkinson’s disease, etc.) or a psychiatric imbalance (e.g.

Schizophrenia, Attention deficit hyperactivity disorder (ADHD) or learning disability, etc.). In

both cases, early detection and regular progression monitoring during treatment has a significant

impact on the rehabilitation process. Invasive methods like ‘Single Photon Emission Computed

Tomography (SPECT)’ [10] or ‘Functional Magnetic Resonance Imaging (fMRI)’ [11] are mostly

costly and may cause discomfort to the patient. Due to this reason, clinical neuropsychologists

employ several non-invasive test batteries to screen indications of a particular disorder before

recommending for further assessment.

Neuropsychological test batteries [12] comprise a number of performance-based tests that

require individuals to perform various verbal and non-verbal tasks. These tests are non-intrusive,
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easy to administer and are designed to assess various cognitive, perceptual and motor skills

of an individual. A comprehensive neuropsychological assessment like the ‘Halstead-Reitan

Neuropsychological Test Battery (HRB)’ [13] and ‘Luria-Nebraska Neuropsychological Battery

(LNNB)’ [14], can prove effective in explaining the consequential changes in an individual’s

behavior, emotions and executive functioning due to an underlying dysfunction. By employing

specific methodological procedures sensitive to specific functional changes, a neuropsychologist

can correlate a particular cognitive or behavioral impairment and suggest proper rehabilitation

needs. Similar procedures can also be used to measure treatment efficacy [12]. In this regard, a

neuropsychologist provides consultancy services to both neurologists and psychiatrists.

1.1.1 Graphomotor Based Neuropsychological Assessments

A popular category of neuropsychological assessments comprises the ‘Pen-and-Paper’ tests. Most of

these tests include certain graphomotor-based tasks involving drawing or handwriting. Drawing is a

process of producing a graphic plan, while handwriting is a procedure of forming letters and numeric

symbols. Both are widely employed means for recording thoughts or conveying experiences.

Nevertheless, according to experts like occupational therapists, developmental psychologists, and

neuropsychologists, drawing and handwriting are much more than mere tools of self expression [12].

Instead, these are complex multi-componential activities that require necessary graphomotor skills

like visual-perceptual maturity, orthographic coding, motor planning and execution, kinesthetic

feedback, and visual-motor coordination [15]. Studies [16, 17], support that dysfunction of any of

these skills due to associated brain disorders affects the drawing and handwriting performance of

an individual. Based on this assumption, graphomotor impressions (i.e. drawing and handwriting)

have been employed as psychometric tools for the detection of a variety of neuropsychological

and neurological disorders such as apraxia, visuo-spatial neglect (VSN), dysgraphia, and dementia

etc. [18]. The impact of a writer’s emotional state on his/her handwriting has also been established

in some studies [19]. Some of the popularly employed graphomotor tests include the following:

• Rey-Osterrieth Complex Figure (ROCF) Drawing Test (Figure 1.1-a), is used for the assess-

ment of visuo-spatial abilities, executive planning, working memory, effects of brain injury,

dementia, and to study the degree of cognitive development in children [20].

• Clock Draw Test (CDT) (Figure 1.1-b), is popularly employed to assess stages of dementia

in Alzheimer’s disease (AD) [21].

• Bender Gestalt Test (BGT) (Figure 1.1-c), is used for assessing the visuo-perceptual maturity

in children and the secondary effects of brain lesions due to trauma and injury in adults [22].

• Archimedean Spiral (Figure 1.1-d), is a commonly used screening test for early detection of

Parkinson’s disease (PD) in potential at-risk individuals [23].

• Draw-A-Person (DAP) (Figure 1.1-e), is a popular projective test for the assessment of the

intellectual and emotional health of a child [24].
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Figure 1.1: Samples of graphomotor-based neuropsychological tests: (a) ROCF drawing sam-
ple [25], (b) CDT drawing sample [26], (c) BGT drawing sample [27], (d) Spiral drawing sam-
ple [28], (e) DAP drawing sample [29]

1.1.2 Conventional Test Conduction and Scoring Protocol

Conventional test conduction protocol requires the subjects to draw or write on a page using a pen

or a pencil as a medium. The test may include copying or recalling a visual stimuli (reproducing

method), completing a partially drawn/written task (completion method) , or projecting a concept

in words or graphics (projective method). These tests can be conducted individually or in a group

setting. Once the subjects produce a response, these are then visually examined by the domain

expert with the objective to identify indicators of specific brain dysfunctions, using standard scoring

manuals [30–32]. The results obtained from these assessments are further correlated with other

clinical findings to diagnose associated disorders and then suggest adequate rehabilitation.

The scoring manuals designed to interpret these tests can be quantitative [33] or qualitative [32]

in nature. Quantitative methods assess the graphomotor response for the presence/absence of

particular deformation(s), while qualitative ones attempt to describe the degree of deformation(s).

Quantitative methods are mostly psychometric in nature while qualitative are inductive [34]. Due

to their strong psychometric characteristics, quantitative methods are usually preferred for the

initial screening purposes. The outcome of a quantitative method is usually a numeric score that is

considered to have some intrinsic meaning upon which assumptions are made as to the existence of

a brain lesion, its location, and associated deficits [12].

Deformations are determined by measuring the extent of deviation(s) from the standard tem-

plate(s). High degree of deformation indicates various motor, perceptual and cognitive disorders.

For instance, to assess signs of motor deficits like ‘Micrographia’ (tightness) [35] and ‘Tremor’

(irregularity) [36], potential PD patients are instructed to copy/trace spirals and repetitive loops, as

shown in Figure 1.2-a, b, respectively. Similarly, visual-perceptual development of an individual is
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Figure 1.2: Irregularity and tightness of loops and spirals as biomarker for motor dysfunctions

measured by instructing him/her to draw geometrically inspired shapes that include components

of linearity, circularity, curvilinearity and angularity, as shown in Figure 1.3. Common defor-

Figure 1.3: Examples of shapes used in various Visual-Perceptual assessments; (a) 2-D rings (b)
Wertheimer’s hexagons (c) Tapered box (d) 8-dot circle

.

mations considered by clinical practitioners while assessing drawn responses to these stimuli for

visual-perceptual disorders include rotation, fragmentation, cohesion and perseveration etc. For

instance, drawings of individuals suffering from frontal lobe injury are prone to perseveration which

means that such individuals may repeat a particular pattern over and over again. Closure difficulty

or inability to meet the joining parts of a shape is linked with an indication of constructional

apraxia [37] and VSN [38]. Similarly, rotation of a complete figure through 80◦ to 180◦, has been

associated with signs of focal brain lesions and dementia in elderly [39].

1.1.3 Need for Computerized Analysis of Graphomotor-Based Tasks

Despite the significance of graphomotor-based neuropsychological assessments, there has been a

gradual decline in their use over the last decade [40]. Several factors contribute to this scenario.

Nonetheless, two main contributing factors are listed below:

• Extensive Scoring: Scoring of graphomotor-based tasks is extensive and time-consuming

due to lengthy scoring standards. An average scoring manual consists of approximately 30 to

50 scoring points against which the graphomotor response is to be evaluated. For instance,

the Goodenough-Harris scoring system [30] assesses a DAP [29] response against 51 point

criteria. In case a test consists of multiple templates, like in BGT [22], then the scoring
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complexity further increases. According to Lacks’ scoring system [31], each of the nine BGT

responses are assessed for multiple deformations. The same deformation can also be assessed

differently for different templates. In a typical clinical setting, assessment of a patient’s

response may take hours [41].

• Inter-Scorer Variability and Test-Retest Reliability: Interpretation of these tests requires

extensive training and clinical experience. Nevertheless, at times a scorer’s experience and

bias, and a patient’s profile can introduce undesirable factors like inter-scorer variability and

test-retest reliability [42], leading to the lack of precision, accuracy and standardization.

Increased availability of commercial scanners and high resolution cameras has enabled digitiza-

tion of pen-and-paper samples. This has facilitated the AI community to process such digitized

samples for the purposes of automated analysis. An automated analysis of a complete test or

portions of a test battery can address the above mentioned problems to much extent. Several

commercial and research associated benefits can be attained by realization of such a system. Some

of these are outlined below:

• Time-Efficiency: A computerized system that can score deformations in the graphomotor

samples of potential patients can provide efficiency by reducing load of psychologists. Non-

experts can be trained to use such system, who can then compile results for the clinician to

interpret. In this way, psychologists can focus more on the patient and treatment instead of

scoring and report formulation.

• Score Reliability and Standardization: Based on a basic premise that a screening device

should not have an adverse impact on the overall assessment of the patient due to extrinsic

factors like human biasness, an automated system can provide standardization. It can also

help to reduce issues like inter-scorer variability.

• Distance Treatment: Such automated systems can also facilitate distance treatment where

psychologists can recommend screening tests of a potential patient prior to conducting an

actual face-to-face session. During the current pandemic situation, we have seen a tremendous

need for such systems to ensure safety of both the doctors and the general public.

• Test Validation and Improvisation: Automation of such tests can not only preserve their

usability but also encourage the practitioners to improve them. It can provide the collection

of normative data that can later be compared with existing normative databases.

1.1.4 Existing Systems and Open Issues

Motivated by the advantages of computerized analysis of graphomotor-based tasks, several attempts

have been made in this regard by researchers from the AI and more specifically pattern recognition

community. Categorization of the existing systems can be done based on several criteria. For

instance, these can be grouped together based on their objectives (i.e. ‘feature validation’ or

‘disease diagnosis’), or their mode of data acquisition (i.e. ‘offline’ or ‘online’). However, we have
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opted for a categorization criterion based on the mode of analysis i.e. whether the system analyzes

the visual feedback of the completed graphomotor response or assesses the procedure involved

during its creation. Thus, terming them as ‘Visual analysis based techniques’ [27, 43–52] and

‘Procedural analysis based techniques’ [53–62, 62–81].

The visual analysis based techniques encompass studies that attempt to analyze completed

responses of neuropsychological graphomotor-based tasks like the Necker’s cube [43], ROCF [44],

BGT [27], CDT [47] and Archimedean Spiral [49]. These systems rely on static geometric and

spatial features (like size, angle, orientation or pixel-wise distance) extracted from digitized offline

samples (and in some cases online samples [43, 52], as well) of drawings or handwriting responses.

These features are then compared with those of the expected templates either by means of template-

matching [43] or extensive domain-specific heuristics [52]. Due to the insufficiency of static

features, researchers are now exploring potential alternatives like dynamic analysis of handwriting

and drawing by means of specialized electronic devices (e.g. digitizer tablets and smart pens etc.).

This has led to a shift in paradigm from visual analysis based techniques to procedural analysis

based techniques. Novel biomarkers like kinematic, pressure and temporal features are being

evaluated for discriminating between samples of patients and healthy subjects [78, 82, 83]. Despite

its apparent advantage over static visual analysis, lack of clinical standards for dynamic analysis can

lead to ambiguity. For instance, a number of studies [50, 84] have already suggested modifications

of traditional templates to enhance feature representation. Both approaches have their inherent

strengths and weaknesses, that has led to the identification of several open issues that need to be

considered while designing an effective system. Some of these are outlined below to provide a

basic perspective:

• Mode of Sample Acquisition: Techniques relying on the analysis of traditional paper-based

samples require digitization by means of a scanner or a digital camera. The digitized images

are then preprocessed to make them suitable for an automated analysis. Similar to any

handwritten document analysis system, preliminary tasks of localization, segmentation and

recognition must be performed before analysis. On the other hand techniques advocating

online sample acquisition require the modification of conventional sample acquisition modal-

ity. Due to this reason, such systems may face hesitancy from the target users i.e. clinical

practitioners and patients.

• Data Paucity: Like most health related problems, the lack of sufficient training data is a

major limiting factor in the design of a computerized analysis system for any neuropsycho-

logical test. Being a highly domain-specific problem, sample acquisition and ground truth

labeling has to be performed by a domain expert. Inability to do so may question the validity

of the system.

• Component-Level versus Gestalt-Level Analysis: While handwriting is based on stroke

formations, drawing-based tests are inspired by the ‘Gestalt theory’ [85]. The gestalt school of

thought suggests that ‘the whole is greater than the sum of its parts’. Based on this assumption,

the shapes of the neuropsychological drawing tests like CDT and BGT are analyzed not only
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based on independent shape-based deformations but also based on the spatial organization of

primitive shape components with respect to the neighbouring components. This is one of the

fundamental design concerns involved.

• Domain Knowledge Representation: Each test has a distinct and in most cases, an exten-

sive scoring criteria that requires effective translation of clinical manifestations (domain

knowledge) into computable features to make an inference similar to the clinical practitioner.

Two common approaches are adopted in the literature, these include hand-crafted heuristics

and supervised machine learning. Heuristics are mostly exhaustive and rigid, and may not

prove sufficient in most real life applications due to highly unconstrained nature of the

responses. On the contrary machine learning-based approaches can generalize a wide variety

of situations but require a large amount of training data that is already an issue in this domain.

Keeping this in view, deeper exploration of both approaches is required before application

for the problem under consideration.

1.2 Problem Statement

This research targets the problem of deformation estimation and classification for computerized

analysis of graphomotor-based neuropsychological tasks. More specifically, two types of defor-

mations that are commonly assessed by practitioners while studying cognitive dysfunctions are

considered in our study. These include visual-motor and visual-perceptual deformations. Visual-

motor deformations are early indicators of several neurodegenerative diseases that affect the nerve

cells controlling the motor coordination and executive planning. Visual-perceptual disorders, on the

other hand, result from trauma, injury or underdeveloped cognitive skills. The study on visual-motor

deformations is carried out using samples of Parkinson’s disease patients while for identification of

visual-perceptual deformations, samples of BGT responses drawn by children are employed.

The current state-of-the-art for identification of visual-motor deformations is primarily domi-

nated by procedural analysis based techniques. Such methods rely on procedural attributes (like

kinematics, pressure, and time) which not only require specialized hardware but also result in

modification of the conventional test conduction and scoring protocols. This in turn leads to a

hesitancy of domain experts in accepting computerized solutions in their daily practices. There is

a need for rich visual features that can sufficiently represent the target deformations and assist in

early disease detection without modifying the sample acquisition modality. Unlike visual-motor

dysfunctions, visual-perceptual skills cannot be modeled by kinematic or temporal features and

require spatial and shape-based features for representation. Furthermore, their scoring typically

relies on extensive heuristics that may prove insufficient to represent all possible deviations. Conse-

quently, investigation of rich visual representations that can generalize a wide variety of deviations

without the reliance on extensive heuristics remains a challenging research problem.
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1.3 Research Objectives

Our research is primarily aimed at designing an algorithmic approach that can effectively translate

relevant domain knowledge into computational features. More specifically, we target two types

of deformations which are commonly employed in neuropsychological clinical practices. These

include visual-motor and visual-perceptual deformations. Keeping in view the problem at hand, we

have outlined some major objectives of this research as listed in the following.

• To develop computational methods to model and estimate graphomotor deformations assessed

by clinical practitioners while analyzing neuropsychological test responses

• To explore effective and efficient computational representation of neuropsychological domain

knowledge in the context of visual-motor and visual-perceptual deformations

• To investigate the potential of visual information in graphomotor impression in discriminating

samples of diseased subjects and healthy controls

• To study the impact of various conventional and non-conventional graphomotor tasks on

the performance of the proposed visual-motor deformation estimation and classification

methodology

• To identify common visual-perceptual deformations across multiple shapes and multiple

deformations co-existing in a single shape without extensive heuristics

1.4 Significance of Research

The findings of this research are expected to contribute towards the application of artificial intel-

ligence techniques in the health care industry in general and neuropsychological assessments in

particular. Research and development in health care systems and access to easy and affordable

medical facilities for everyone is one of the major focuses of the Sustainable Development Goals

(SDGs) outlined by the United Nations. From the perspective of developing countries like ours

with limited facilities and opportunities for diagnosis, treatment and rehabilitation of patients with

neuropsychological disorders, developing intelligent systems which can perform early screening

can significantly reduce the load of clinical practitioners. Such computerized solutions will not

only facilitate domain experts in assessing larger population in significantly less amount of time but

can also be used to train non-medical experts to carry out initial screening and refer the suspected

cases to the experts. For third world countries like Pakistan, where importance of mental health is

relatively undermined and public support systems are near non-existent, the proposed system can

prove useful for providing public level awareness and effective rehabilitation at an early stage.

From the perspective of visual-perceptual disorders, identifying such problems at an early age

can lead to effective and timely rehabilitation and can serve to prevent further escalation of mental

health deterioration in children. In this regard, academic institutes are the direct beneficiaries as
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they can easily integrate our proposed system for early screening of their students. Since intellectual

development is directly related with academic performance, potential ID students can be given

special treatment like extra tutoring session, modified curriculum and regular counselling sessions,

to nurture their learning and social skills.

1.5 Thesis Contributions

In pursuit of the aforementioned objectives, several contributions have been made in this thesis.

The prominent ones are outlined as follows:

• An important contribution of this research is the adaptation of deep learning methods, more

specifically, the Convolutional Neural Networks (CNNs), for the computational representation

of neuropsychological domain knowledge, despite the scarcity of data. By employing cross-

domain transfer learning and deformation-specific augmentation, we are able to model

a number of visual-motor and visual-perceptual deformations from limited graphomotor

samples. We evaluated the performance of several ConvNet architectures pre-trained on

ImageNet [86] for feature extraction. The impact of depth and width of the model on the

predictive potential of the extracted features is analyzed. Various combinations of ConvNet

feature extractors and supervised machine learning algorithms are also evaluated. It is an

important exploratory contribution for future studies as such analysis has not been reported

previously. In this way, the results of our experiments can serve as a baseline for future

researchers interested in this area.

• We presented a robust and generic framework to model and classify a wide variety of

deformations in samples that are acquired by both online and offline means. For this purpose,

we designed two case studies (explained in Section 1.6). In the first case study, we employed

an online dataset comprising of eight graphomotor tasks performed by Parkinson’s patients

and healthy controls. A technique is presented for generating offline images from the online

signals captured by a digitizer tablet. The proposed technique not only enabled us to extract

visual features from the samples but also provides means of combining static and dynamic

attributes to generate dynamically enhanced images for future analysis. The second case study

employs offline samples of a multi-template BGT test, that is scored using Lacks’ scoring

manual. The samples required segmentation of individual shapes for analysis for which

two segmentation techniques are presented. The first technique comprises three steps where

perceptually grouped shapes are segmented hierarchically to allow de-cluttering. The second

technique proposes the application of convolutional object detectors for the localization

and segmentation of the nine BGT shapes. To the best of our knowledge, convolutional

object detectors have not been employed on handwriting or drawing samples previously.

Once prepared, the samples in both scenarios are then used to extract deep visual features

that are then used to train deformation-specific classifiers. Extensive empirical analysis
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validates the effectiveness of both methodologies in estimating and classifying the target

deformations. It is important to mention that modeling human perception is a challenging

task and therefore, has not been attempted extensively in the relevant literature. However, in

this thesis we attempt to model eleven visual perceptual deformations, that is a unique effort

in this direction.

• Several deformation-specific augmentation techniques are presented for enriching feature

representation in both scenarios. For visual-motor deformations two non-linear transforma-

tions of raw data are suggested to capture fine imperfections caused by associated motor

dysfunctions. Both empirical and statistical analysis validates the success of the proposed

representations. This enables early detection of Parkinson’s disease, where motor deficit

symptoms are not yet severe. For visual-perceptual deformations several techniques are

proposed to generate near-realistic data that was validated by the domain expert. Empirical

results demonstrate that the features extracted from augmented data can effectively represent

the specific deformation. This can help facilitate future integration of deep learning based

solutions in this domain.

• Our proposed visual-motor deformation estimation and classification methodology performs

effectively on conventional graphomotor tasks. This is contrary to the popular procedural

analysis based techniques presented in the literature, that do not perform well on conventional

templates and suggest non-conventional tasks. Our proposed approach does not require

original template modifications.

• Our proposed visual-perceptual deformation estimation and classification methodology

can effectively identify a particular deformation across multiple templates. It can also

identify deformations with in the same shape class. This enables shape-invariant deformation

modeling, that has not been attempted before, since CNNs have primarily been used as

explicit shape recognizers only.

• By training independent deformation-specific classifiers, we introduce a method to identify

multiple deformations present in the same task independently. This avoids the need for

extensive heuristics that are otherwise commonly used in such scenarios.

1.6 Visual-Motor and Visual-Perceptual Deformation Identification–
Case Studies

As discussed earlier, we target two types of graphomotor deformations in our study, visual-motor

and visual-perceptual. Visual-motor deformations are studied using Parkinson’s disease as a case

study while for visual-perceptual deformations, we employ the BGT responses of children. For

completeness, we provide preliminary details of each of these case studies in the following.
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1.6.1 Overview of Parkinson’s Disease Associated Disorders

Parkinson’s disease (PD) is a neurodegenerative disorder that affects the coordinated movements

of a person due to loss of dopamine producing neurons in substantia nigra [87]. According to

studies [88, 89], it is one of the most prevalent neurological diseases after Alzheimer’s, with an

average onset age of 60-65. The term ‘Parkinsonism’ encompasses common cardinal symptoms

(mostly experienced by PD patients), such as tremor, slow movement, and muscle stiffness [90].

Handwriting abnormalities represent one of the major symptoms in PD and thus can be employed as

an objective screening tool [91, 92]. Three most established clinical manifestations of PD targeted

in these studies are ‘Micrographia’, ‘Bradykinesia’ and ‘Tremor’.

• ‘Microgrphia’ or abnormal reduction in writing size, is a commonly observed event associated

with PD. According to studies [35, 93, 94], it becomes difficult for a patient to maintain

the size and alignment of the produced graphomotor impression (handwriting and drawing)

due to the impaired control of the extension of the wrist. Consequently, templates that

involve wrist movements in all four directions, such as the Archimedean spiral [95] and Luria

loops [14] (as shown in Figure 1.4-a and Figure 1.4-b respectively), are best suited to capture

micrographic effects. In handwriting based tasks, it is observed [96], that reduction of letter

size is not much explicit in languages consisting of words with variable sized letters. On

the contrary, reduction of length of a longer sentence or a long string of repetitive letters

or characters (as shown in Figure 1.4-c and Figure 1.4-d respectively), can provide a better

insight into the micrographic tendencies.

• ‘Bradykinesia’ or slowness of movement (either due to motor or cognitive dysfunction) [97,

98], causes a potential PD patient to complete a graphomotor task in more time than usually

required. Dual tasking based tests, like copying an unfamiliar pattern, helps in identification

of bradykinesia resulting from cognitive dysfunctions [99]. This is due to the fact that

individuals with potential PD symptoms exhibit difficulties in anticipation capability (i.e.

to plan forthcoming strokes while writing current sequences). This can be observed by

measuring the pauses between writing characters [100] and drawing the upcoming component

of a complex pattern [101].

• ‘Tremors’ are involuntary to and fro movements that can result from a PD associated condition

called ‘Akinesia’ (i.e. loss of voluntary muscular movements) [36]. This can result in an

irregular formation of characters and drawings due to the jerking movements of hands while

following a smooth pattern in a particular direction.

The aforementioned visual-motor deformations can either coexist or are present independently,

depending upon the type and progression of the disease. Recently a term ‘PD Dysgraphia’ has been

suggested to summarize many of the behavioral, clinical and physiological impacts of PD [103].

Successful identification of any one of these indicators from the graphomotor samples of patients

can assist in early prediction of the disease. However, automatic quantification of visual-motor
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Figure 1.4: Original Templates and their responses drawn by PD patients demonstrating micro-
graphia; (a) Archimedean Spiral [102] (b) Luria Loop [93] (c) Handwritten sentence [35] (d)
Repetitive ‘l’s [102]

.

features associated with PD is a challenging task, that is highly dependent on the choice of

sample acquisition mode, selection of template and attribute representation. In the literature, both

static (spatial and geometric) [49, 50] and dynamic (kinematic, pressure, temporal, non-linear

dynamics and neuromotor) [69, 75, 78, 81–83, 104, 105] features have been extracted from various

graphomotor tasks (spirals, meanders and handwriting etc.) produced by PD patients to characterize

one or more associated visual-motor deformations. It is important to mention that a significant

number of studies rely on dynamic features for the characterization of PD-related deformations. As

mentioned earlier, capturing dynamic information requires specialized hardware and also results in

modifying the data acquisition protocols. We, consequently, aim to seek enriched static (visual)

representations that can perform comparatively to these dynamic features.

1.6.2 Overview of Bender Gestalt Test (BGT)

Bender Gestalt Test (BGT) is a popular drawing based psychometric test employed by clinical

psychologists for the screening and differential diagnosis of various neuropsychological and

neurological disorders [106–110]. The test comprises a set of nine different templates or gestalts

as shown in Figure 1.5-a. The test conduction protocol requires the subject to copy each template

on a single sheet of paper using a pen/pencil (Figure 1.5-b). Since BGT is primarily a visual-

perceptual assessment test, therefore focus is on the outcome rather than the procedural strategy

involved. Several scoring systems [22, 32, 111–113] have been proposed for the estimation of the

deformations in BGT drawings, however, ‘Lacks’ scoring system’ [31] is popularly employed by

practitioners and is being considered in this study as well.

Lacks’ scoring system is based on eleven perceptual discriminators of brain dysfunction inspired

by the Gestalt psychology. It determines the presence/absence of these deformations using some or

all of the nine BGT templates. The deformations and the templates on which they are applicable
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Figure 1.5: BGT test protocol (a) Each card is shown individually (b) Subjects draw samples on a
single sheet of paper

are presented in Table 1.1, followed by a brief description of each. Figure 1.6 shows some of the

examples of Lacks’ deformations, scored in different BGT shapes.

Table 1.1: Scoring Sheet using Lacks’ Scoring System

BGT Shape Class
Deformations A 1 2 3 4 5 6 7 8
Rotation X X X X X X X X X
Overlap X X X X X X X X X
Simplification X X X X X X X X X
Fragmentation X X X X X X X X X
Retrogression X X X X X X X X X
Perseveration X X X X X X X X X
Collision X X X X X X X X X
Closure X X X X X X X X X
Motor Incoordination X X X X X X X X X
Angulation X X X X X X X X X
Cohesion X X X X X X X X X

1. Rotation: Lacks suggests that if a subject introduces rotation beyond a certain degree (i.e.

more than 80◦ and less than 180◦) in the reconstructed drawing, then it is marked as rotation

error. It is observed across all nine BGT templates, however, two examples of rotation in

BGT template A are shown in Figure 1.6-a.

2. Overlap: One major indicator of perceptual disorder is the inability to overlap portions of a

shape correctly (Figure 1.6-b.). Lacks’ scoring manual terms it as overlapping difficulty. It

includes various conditions like overlapping at wrong places, the omission of portions which

overlap, simplification, reworking, and distortion at points of overlap. It is only marked in

BGT shapes 6 and 7.
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3. Simplification: Although marked across all nine BGT shapes, yet simplification is highly

shape dependent. For instance, for BGT template 1, a substitution of circles for dots is

considered as simplification (Figure 1.6-c.), whereas in BGT templates 6 and 7, significant

separation of overlapping portions is considered as simplification. Similarly, significant

gaps between the two joining parts of BGT templates A, 4 and 8, are also considered as

simplification errors. In BGT template 5, it is the joining of dots into continuous connected

strokes.

4. Fragmentation: If the subject misses primitive components of a shape or changes their

organization in a way that destroys the original template, then it is classified as fragmentation,

as shown in Figure 1.6-d. This error is also scored for all BGT shapes.

5. Retrogression: Retrogression is marked when a primitive shape is substituted in place of an

original one. For instance, in BGT shape 2, if circles are substituted with persistent loops or

if dashes are substituted for dots, in shapes 1 and 5, it is considered as retrogression. In BGT

shapes (like A, 7 and 8), which involve polygons, the substitution of a primitive polygon for

an advanced one (e.g. triangle or square for diamond or triangle or rectangle for hexagon, as

shown in Figure 1.6-e), is also considered as retrogression.

6. Perseveration: Perseveration is marked if the number of dots in BGT template 1 exceeds

14 or number of columns of BGT template 2 exceeds 13 (Figure 1.6-f) or if another row is

added in BGT shapes 2 and 3 respectively. It is also marked if dots of BGT templates 3 and

5 are replaced by circles or, circles of BGT template 2 are replaced by dots.

7. Collision: As discussed earlier, BGT test responses are drawn randomly, by subjects, on a

single sheet of paper. Although we are considering individual segmented drawings, neverthe-

less, at times the drawn shapes are either colliding (Figure 1.6-g) or are extremely close to

each other. This condition is termed as collision and it is considered in this study i.e. after

the drawing is segmented, if it still contains parts of a neighboring shape then it is marked as

collision error.

8. Closure: Difficulty in reconstruction (e.g. open ends, gaps, overlapping, pressure difference,

distortion, etc.) of closed shapes like circles, diamond, and polygons, of BGT shapes A, 7

and 8 or, inability to join adjacent parts of BGT shape 4, is considered as closure difficulty.

Some examples are shown in Figure 1.6-h.

9. Motor Incoordination: Motor incoordination is indicated by irregular, tremored lines with

increased pressure as shown in Figure 1.6-i. It is marked across all templates.

10. Angulation: BGT shapes 2 and 3 are specifically designed to assess the angulation maturity

of a subject. The inability to produce angulation of parts of the templates (Figure 1.6-j) or

reconstruction of the whole shape at angles greater than 45◦ but less than 80◦, is considered

as angulation error.
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11. Cohesion: Significant size disparity between different parts of a template (Figure 1.6-k), is

scored as cohesion. Generally the size difference of one-third between parts is considered

as deformation. Cohesion is also marked when there is a one-third increase or decrease

in the size of a whole shape as compared to the dimensions used to draw the other shapes.

Nevertheless, considering conditions where relevance with other shapes is made to mark the

presence or absence of an error, is beyond the scope of this study.

Figure 1.6: Examples of deformations (a) Rotation in BGT template 4 (b) Overlap difficulty in BGT
template 6 and 7 (c) Simplification error in BGT template 5 and 1 (d) Fragmentation in BGT shapes
4 and 5 (e) Retrogression in BGT shapes 7 and 8 (f) Perseveration in BGT template 2 (g) Collision
of BGT shapes 5 and 4 (h) Closure difficulty in BGT shape 4 and A (i) Motor Incoordination in
BGT template A and 7 (j) Angulation in BGT shapes 2 and 3 (k) Cohesion in BGT templates A
and 4

A detailed study of the scoring system under consideration reveals the complexity of the

problem at hand. Some of these are outlined below.

• Several conditions determine the presence or absence of a particular deformation in a shape.

• Deformations are highly shape dependent and may be measured differently across different

templates. For instance, in BGT shape 1, retrogression error is scored when a subject

substitutes circles with loops, whereas in shape 2, it is scored when there is a substitution

of dashes for dots. Similarly, in BGT shape A, substitution of triangle or square in place of

diamond is marked as retrogression, whereas in shape 8, it is the substitution of rectangle for

hexagon.

• Some conditions may be considered as an error in one shape while normal in another. For

instance, if BGT shape 2 and 3 are rotated at an angle greater than 45◦ but less than 80◦, it is

considered as angulation, whereas, in all other BGT shapes any rotation which is less than

80◦ is considered normal.
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• Same characteristics may be considered as one type of error in one shape while another type

of error in a different shape. For instance, substitution of circles for dots in BGT shape 1 is

considered as simplification, while the same condition when applied on BGT shapes 3 and 5

is considered as perseveration.

• Multiple deformations can co-exist in a single shape.

Based on these observations, it is evident that modeling the BGT deformations is a highly

challenging task. Image analysis based techniques would require extensive heuristics which will

still be insufficient to cover the large variety of possible scenarios. Consequently, richer feature

representations need to be sought which could generalize across multiple shapes and a variety of

errors.

1.7 Thesis Organization

Brief description of the main chapters of the thesis is provided as follows.

• Chapter 2 reviews the existing techniques employed in the domain of computerized analysis

of neuropsychological drawings and handwriting. Based on the literature survey, it proposes a

taxonomy to categorize the state-of-the-art. It also identifies the gaps in the existing literature,

that need to be addressed.

• Chapter 3 provides a detailed description of the proposed methodology for deformation

modeling and estimation using CNNs. The chapter first provides the theoretical support

for employing CNNs. It then highlights the challenges that have hampered the use of deep

learning-based solutions for the problem under consideration till now. Finally, it explains

how we have addressed these challenges and adapted deep-learning based algorithms to

model graphomotor-based deformations.

• Chapter 4 presents the application of our proposed deformation estimation and classification

process for the identification of visual-motor deformations associated with Parkinson’s

disease. A benchmark dataset is employed for this purpose. Several experimental scenarios

are described and the results and their detailed analysis are also reported. Key findings

and comparison with the state-of-art are also provided in the chapter. Some interesting

observations regarding the impact of different templates on the performance of the computed

features are also discussed.

• Chapter 5 assesses the performance of the proposed method when applied to identify visual-

perceptual deformations. A case study of automatic scoring of the Bender Gestalt Test (BGT)

based on the Lack’s scoring manual is presented in this chapter. This chapter is significant

as it attempts to model human perception computationally. This is a challenging task and

the proposed technique shows promising results. Due to non availability of relevant dataset,

scored BGT samples are collected from the Department of Professional Psychology, Bahria
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University, Islamabad, Pakistan. The samples are then employed to evaluate the proposed

methodology. Details of the samples and demographics of the participants are also presented

in this chapter.

• Chapter 6 concludes the thesis with a comprehensive analysis of the research under taken

during the PhD. It lists the key findings and the limitations of the research. Furthermore, it

provides directions for future endeavors as well.

• A list of relevant research published during the PhD is provided in the Appendix section.

Most of the published research contributions constitute the main chapters of the thesis.

However, some publications are exploratory in nature and could not provide meaningful

insight in the main flow of the thesis. Nonetheless, the exploratory studies and experiments

were significant for selecting appropriate directions and to derive important conclusions

during the research. Due to this reason, the results of these experiments have also been

reported in the Appendix section. The Appendix section also provides brief details of the

relevant funded projects and research grants acquired during this period.
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Chapter 2

Review of Computerized Methods for
Graphomotor Deformation Analysis

2.1 Introduction

Characterization of graphomotor deformations is a relatively new area of research in the domain of

computerized analysis of handwriting and drawings. This chapter aims to provide a comprehensive

review of the related work with the objective to highlight the contributions of relevant studies and

to outline the challenges discussed. An introductory overview is presented in Section 2.2, followed

by the categorization of the work done in this domain. The state-of-the-art has been grouped

into ‘Visual Analysis Based Techniques’ and ‘Procedural Analysis Based Techniques’, based on

the mode of analysis employed. Section 2.3 discusses the visual analysis based techniques that

assess a graphomotor response after completion. It also highlights some of the limitations of the

existing methods. Section 2.4 discusses the techniques that focus on the procedure involved in

producing a graphomotor response rather than the completed outcome. The section also highlights

the challenges faced by such systems. Since the prime objective of both techniques (visual and

procedural) is to represent domain knowledge effectively, therefore, Section 2.5 outlines the

popularly employed deformation representation and estimation methods presented in the literature

and discusses their strengths and weaknesses. Lastly, we conclude the chapter by outlining the

overall research concerns this thesis aims to address.

2.2 Characterization of Handwriting and Drawing as Biomarkers
for Brain Dysfunctions

Over the past few decades, computerized analysis of handwriting and hand drawn shapes has

remained an active area of research in the AI and pattern recognition community. Consequently, re-

search in domains like handwriting recognition [114–118], binarization [119], segmentation [120],

keyword spotting [121], manuscript dating [122], signature verification [123, 124], writer iden-

tification [125] and writer demographics prediction [126–128], has matured considerably and is
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being practically applied in fields like Forensic investigations [129], Document preservation [130]

and Information retrieval [131]. Contrary to these popular applications (Figure 2.1), automatic

analysis of handwriting and hand drawn shapes for the assessment of mental health of an individual

or for the prediction of different neurological disorders calls for further attention from the relevant

community.

Figure 2.1: (a) Handwriting recognition [132], (b) Keyword spotting [133], (c) Writer demograph-
ics [134], (d) Binarization [135], (e) Historical manuscript dating [136], (f) Signature verifica-
tion [137]

Despite its significance, there are limited contributions is this direction. The highly domain-

specific nature of the problem is a major contributing factor in this regard. Therefore, the first

step towards developing an effective solution, is the comprehension of the relevant fundamentals.

Experts believe that a skilled graphomotor task such as handwriting or drawing, is an interplay

among the individual, the task and the environment (as shown in Figure 2.2) [138]. The subsequent

sections briefly explain the role of each.

2.2.1 Role of the Individual

The nature of the produced graphomotor impression varies depending upon the developmental

maturity, motor-learning and experience of an individual [16]. An individual must possess essential

graphomotor skills to produce a complex response like drawing or handwriting. These skills include

mature cognitive, perceptual and motor abilities. Motor theorists describe the brain controlled

coordinated movements involved in handwriting or drawing as a two-phased loop system [139]. The

first phase consists of a closed-loop, where the central nervous system receives afferent feedback

from vision and other sensory perceptions (finger pressure, hand and wrist movement), regarding

the control of subsequent actions required to complete a graphomotor task. During early school
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Figure 2.2: Relationship between individual, task and environment [138]

years, children acquire handwriting and drawing skills in a similar manner. However, once the

skills are acquired, the control of these coordinated movements shifts to an open-loop system,

where the central nervous system no longer relies on the afferent feedback [140]. The movements

then get pre-programmed in the memory and predominate while producing a familiar graphomotor

impression [141]. The transition of motor-learning from closed-loop to open-loop in children with

learning difficulties is slower than their peers [142]. This results in different movement patterns

between both groups due to an increased reliance of the former on visual feedback [143]. Same can

be observed in elderly with dementia while trying to perform a functional task [144].

In addition to visual feedback, the role of kinesthetic information received from muscles, joints,

and skin while performing a graphomotor task, is also widely discussed in the literature [145, 146].

An impairment of kinesthesis may influence the refinement of fine motor skills, as observed in

patients with neurodegenerative diseases that affect the peripheral nervous system like Parkinson’s

disease [87]. Consequently, the reduced capability of the brain to coordinate the fingers, wrist and

wrist flexion, adversely affects the graphomotor task performance [147]. Another factor impacting

the quality of a graphomotor product is the grasp of the writer on the writing tool [148]. Grasp is

measured by the nature of contact between the finger or palm with the writing tool and consequently,

the movement of the tool on the writing surface. Based on research [149], experts have identified

several patterns of grasp suitable for proficient handwriting and drawing. Most popular amongst
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these is the ‘Dynamic Tripod’ grasp [150]. All these attributes impact the quality of a graphomotor

impression, and can be assessed independently by employing specific tasks and tools.

2.2.2 Role of The Task

Based on the nature of the underlying graphomotor skill to be assessed, several methods have been

designed over the decades. One of the earliest methods employed to measure the developmental

level of the drawer/writer, is by means of visual reproduction. For instance, BGT [22] that assesses

the visual-motor, visual-perceptual and visual-spatial abilities of an individual [31], requires the

participants to reproduce a number of visual stimuli. Reproduction can be performed under two

modes i.e. copying or recalling. Another category of tasks belongs to the completion method,

where parts of the tasks are deliberately left missing and the participants are instructed to complete

it. CDT [21], is one of the prominent examples, where the clock circumference is pre-drawn and

the participants are required to draw numbers and clock hands. Such tests are usually employed to

assess memory and cognition. A recent approach is the projective method that attempts to unveil

the emotional and perceptual insight of the drawer. One of the frequently employed tests used

in this category of tasks is Draw-A-Person (DAP) test [30], that characterizes the intelligence of

children based on the Goodenough scoring criteria.

Drawing-based templates are a popular tool for the assessment of various developmental and

graphomotor skills. Drawings are well tolerated (among individuals from all age groups) and

are not limited by linguistic barriers or educational background. Simple to complex geometric

shapes have frequently been used to study various motor and cognitive impairments based on

the study objective. Shapes like spirals have been employed to assess motor control deficits like

tremors (irregularities due to involuntary mascular movements) [36, 95], in PD patients. Similarly,

studies like [94], suggest that templates like spirals and repetitive loops [14] that involve wrist

movements in all four directions, can better capture conditions like micrographia (another common

PD manifestation linked with the control of the extension of the wrist) [35, 93]. Pentagons are

employed to assess apraxia in patients suffering from Mild Cognitive Impairment (MCI) and

AD [151]. Similarly, in projective tests like House-Tree-Person (HTP) [152] and DAP, children feel

more comfortable in expressing than in a verbal assessment. In addition to drawings, handwriting

is also a commonly employed tool in neuropsychology. Clinical practitioners rate the legibility

and speed of handwriting in school children to assess learning difficulties [153]. In potential PD

patients, handwriting is also employed to capture micrographia by analyzing the abnormal reduction

in letter or sentence size. Bradykinesia (slowness of movement due to motor deficits) [97, 98], has

also been assessed using handwriting templates like long words and sentences [70, 92]. In MCI

and AD, handwriting based functional tasks like signature and writing a grocery list are commonly

employed to assess the underlying cognitive impairments like memory loss, attention deficits and

poor executive planning [58].

Selection of the task requires careful consideration as it can lead to ambiguity of results. For

instance, due to the extensive use of signature, it often requires a minimal conscious effort to

reproduce, and therefore, can prove to be a weak indicator of cognitive impairment. Similarly,

21



studies like [96] suggest that micrographia is best captured by a spiral or loop template than a

word-based template with variable sized letters.

2.2.3 Role of The Environment

Demographic attributes (like age and gender and educational background etc.) of an individual,

severity of the disease and duration of treatment (if any) are important factors that can impact the

quality of a graphomotor response [58, 154, 155]. For instance, researchers in [43] have highlighted

the difference in the graphomotor skills of children under the age of 11 years and those older than

11 (both without any developmental disorders). Similarly, authors in [155] have discussed the

handwriting changes in the adult population exclusive of neurodegenerative diseases. This suggests

a need for baseline results (or control groups) for excluding the impact of environment related

extraneous factors, while assessing the handwriting or drawings of a potential at-risk group. Also

in PD, patients under the influence of L-Dopa medication, have known to show difference in some

motor aspects of a graphomotor task as compared to those without medication [96].

The nature of the writing implement and the writing surface are also significant influences. With

the advent of latest technology, a multitude of devices are now available for sample acquisition. An

increasing demand of dynamic handwriting analysis has shifted paradigm towards acquiring data

by using digitizing tablets with electronic pens. These devices record handwriting and drawing

signals in terms of x- and y-coordinates in different time stamps. Pen trajectories, and pen pressure

are also recorded by such devices. An interesting aspect of these devices is the capture of in-air

trajectories, where pen is not touching the surface. Despite their apparent advantages, these devices

may face reluctance from some groups, especially the elderly subjects. One of the reason is that in

some cases, these devices may not provide an immediate visual feedback to the writer and require

fixing a sheet of paper on the screen to facilitate users [58]. In cases, where visual feedback is

available, getting used to the feel and texture of the writing surface may require some pre-test

practice [91]. Some studies [105, 156] have also employed a sensor-based electronic pen called

Biometric Smart Pen (BiSP) to measure grip on the writing tool. The pen has sensors that record

various pressure-based signals. Some practice might be required to hold the pen correctly in order

to stimulate the target sensors while writing.

Graphomotor tasks coupled with secondary tasks like tone counting [157], increase the cognitive

load of the writer/drawer. In such cases, individuals with certain cognitive impairments, tend

to perform poorly due to increased cognitive load and poor executive planning [91, 99]. All

these factors must be taken into consideration while designing a research plan. An unintentional

extraneous factor can adversely impact the outcome of the experiments and can weaken the

confidence of the proposed solution.

2.2.4 Characterizing Graphomotor Deformations in Neurodegenerative Diseases

Neurodegenerative diseases (NGD) affect the peripheral nervous system which controls the mus-

cular movements [158]. Lack of healthy nerve cells causes various movement dysfunctions due
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to impaired muscle control. Most neurodegenerative diseases are incurable, but early screening

and identification can reduce this ‘diagnostic odyssey’ to a great extent [159]. Due to the inherent

properties of a skilled graphomotor task like handwriting and drawing, it can be employed to assess

various cognitive consequences of age-related neurodegenerative diseases [80, 92]. As a result, a

significant portion of the work done [43, 47–52, 58, 61, 69, 70, 75, 77–79, 81, 82, 104, 105, 160–

162] in computerized analysis of graphomotor tasks targets at finding effective biomarkers for

neurodegenerative diseases (like Parkinson’s and Alzheimer’s disease), with the objective to

develop an automatic tool for discriminating between the samples of healthy controls and dis-

eased subjects. Such a tool can provide a low-cost, non-intrusive complementary approach

to pathological evaluation performed by the expert clinicians. An extensive amount of work

done in this direction is the characterization of visuo-motor deformations in samples of PD pa-

tients [49, 50, 61, 69, 70, 75, 78, 79, 81, 82, 104, 105, 160]. PD (Parkinson’s Disease) is a

neurodegenerative disorder that affects the coordinated movements of a person due to loss of

dopamine producing neurons in substantia nigra [87]. Traditional diagnostic methods for PD

include invasive procedures like ‘Single Photon Emission Computed Tomography (SPECT)’ and

‘Positron Emission Tomography (PET)’ scans, which measure low dopamine levels in the brain [10].

Other diagnostic procedures like ‘Magnetic Resonance Imaging (MRI)’ and ‘Functional Magnetic

Resonance Imaging (fMRI)’ have also been employed to observe changes in various regions of

brain resulting from the impact of PD [11]. However, sophisticated procedures like these require

expensive equipment and trained practitioners, facilities that are neither omnipresent nor easily

accessible. In addition to cost and accessibility issues, another aspect that is common with most

invasive procedures, is the discomfort to patients which consequently leads to diagnostic delays,

due to patient hesitancy and resistance. Since early detection is vital for rehabilitation, therefore

finding low-cost, easy to administer, and non-invasive alternatives to avoid unnecessary delays, is a

worthy research contribution. Any indication of parkinsonian symptoms in these non-invasive tests

can then further be verified by invasive ones, if required.

Another neurodegenerative disease addressed in the relevant literature, is Alzheimer’s disease

(AD). Several graphomotor-based tests have been designed to assess the cognitive dysfunctions

indicating AD. The popularly employed ones include the pentagon drawing task in ‘Mini Mental

Status Examination (MMSE)’ [163, 164], the clock drawing task (CDT) [26] and functional writing

tasks. The objectives of these tests are to assess the degradation of memory and visuo-spatial

abilities of an individual at risk of developing AD. Since neurodegenerative diseases progress

with time, the severity of the underlying symptoms may change too, for instance, during the

early stages of AD, an individual can develop several Mild Cognitive Impairments (MCI). Studies

like [47, 48, 51, 52, 58, 77, 161, 162] attempt to characterize these early indicators of AD from

different handwriting samples.

2.2.5 Characterizing Graphomotor Deformations in Neurodevelopmental Disorders

Studies in developmental psychology [165], reveal that the periodic progression of drawing ability

in children can give useful insight regarding their physiological and psychological growth and
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development. The performance of a child in a drawing task can be linked with his academic

capabilities and social skills, that are common characteristics of his developmental age [166]. Based

on these assumptions, several drawing based tasks like BGT [22] and DAP [30], have been designed

to assess the perceptual-motor abilities and emotional state of children and adolescents. These

tests can be integrated into mainstream academic systems for regular assessment of children’s

mental and emotional health and development. Nevertheless, such integration requires trained

professionals and lengthy one-to-one sessions with each and every child. This protocol is both cost

and time inefficient. A computerized assessment of children’s drawings can increase the efficiency

of such programs. In an attempt to provide an automated tool for the analysis of children’s drawings

(and handwriting), several studies [43, 46, 56, 57, 60, 62, 68, 74] have proposed techniques to

characterize the related graphomotor difficulties. However, characterizing human perception is

more challenging than characterizing motor difficulties and therefore, requires attention from the

relevant community.

2.3 Visual Analysis Based Techniques

This section discusses prominent studies that analyze a graphomotor response after completion,

either to discriminate samples of healthy and diseased subjects, or to characterize certain grapho-

motor deformations. As discussed earlier, we have termed such techniques as the visual analysis

based techniques. The inspiration of analyzing a graphomotor task after its completion is derived

from the conventional clinical procedures of scoring a graphomotor-based test. Such techniques

attempt to classify a given sample (as healthy/diseased or error/no-error) by estimating the extent of

deviation(s) from the expected visual template(s). For instance, Figure 2.3 shows two responses of

templates drawn by a healthy subject and a patient suffering from visuo-spatial neglect (VSN). As

expected, the samples drawn by the patient are severely deformed as compared to the ones drawn

by the healthy subject.

Figure 2.3: (a) Intended templates (b) Response samples drawn by a patient suffering from VSN,
(c) Response samples drawn by a healthy subject [46]
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Although an easy task for a human expert, it is a significantly difficult one for the machine to

determine the degree of deformation based on visual analysis. Nevertheless, in an attempt to design

a system to achieve this, two common approaches have been employed in the literature.

• Techniques that assess the deviations at the local level (i.e. primitive component level)

• Techniques that assess the response as a whole by extracting shape-based global features

We will be discussing some of the prominent works carried out in these directions in the

subsequent sections.

2.3.1 Component-Level Analysis

The basic notion of such techniques is to assess the quality of the whole figure by estimating the

deformations in its constituent parts independently. In one of the pioneering works by Smith and

Hiller [43], authors employ analysis of simple cube drawings in an attempt to characterize grapho-

motor performance of subjects with visuo-spatial dysfunctions. The study participants are grouped

into Healthy controls (32), Elderly suffering from stroke (6) and Children with under-developed

graphomotor abilities (30). Authors propose a number of static visual features to characterize the

samples of the three groups. These include Line segment distortion (LSD), Parallelism of oblique

sides (POS), Angle of oblique lines (AOL) and Front panel disproportion (FPD). To compute these

features, components (like sides and corners) of the drawn cubes are first localized and geometric

attributes like pixel-by-pixel distance, angle and orientation are extracted from them, as shown in

Figure 2.4. Template matching is then applied to estimate the deviations from the expected stimulus.

The effectiveness of the proposed features is then evaluated independently. Preliminary results of

the experiments show that POL and LSD outperform the other two in successfully discriminating

between the control group and the one with visuo-spatial difficulties (i.e. young children and stroke

patients).

Figure 2.4: (a) Measuring parallelism (b) Measuring oblique angles [43]

In a series of related studies [44, 45], Canham et al. employ a similar technique to score

the responses of the Rey-Osterrieth Complex Figure (ROCF) drawing test. According to the
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defined clinical standards, there are eighteen scoring sections in an ROCF drawing as shown in

Figure 2.5. This requires the system to first localize these sections in the drawing, however, due

to the unconstrained nature of the drawn responses, localization, and segmentation of individual

scoring sections becomes a highly challenging task. Authors employ fuzzy logic-based metrics

based on the Gestalt theory, to localize three out of eighteen ROCF scoring sections. An accuracy

of 99.3% is reported in localization of the three regions when tested on a dataset of 31 drawings

made by children attending an institute of child health. Once localized, static geometric and spatial

features (like size, orientation and position) are extracted from the localized regions. The features

are then matched with standard baselines to determine the extent of deviation(s). Authors report

an average accuracy of 75% in grading of the ROCF regions under consideration. However, the

complete scoring of the ROCF drawing test is not achieved due to localization difficulties of regions

of interest.

Figure 2.5: (a) ROCF scoring sections (b) Localization of scoring sections [44]

2.3.2 Complete Drawing Analysis

Recently, there have been attempts to analyze and interpret drawing samples of the Clock Draw Test

(CDT), popularly employed for the screening of cognitive disorders like dementia [26]. Similar to

ROCF, the CDT drawings have a complex scoring criterion. However, unlike ROCF, CDT scoring is

focused on the spatial organization of its components rather than the assessment of their independent

shape quality. This requires the deduction of inferences not only from the presence/absence of

essential shape components but also from their organization (i.e. correct placement of the digits

and clock hands). Consequently, an independent assessment of the individual components cannot

aid in the complete interpretation of the CDT drawing. In an attempt to score offline CDT samples

of dementia patients, authors in [47, 48] present an automated diagnostic tool. Based on a clinical

presumption that dementia patients tend to write digits farther from the clock circumference and
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tend to increase the size of the digits as well, authors attempt to characterize this notion. 648 CDT

samples made by individuals suffering from different forms of dementia are collected from a local

institute as part of their regular screening examination. To ease localization of digits, authors map

a pre-defined layout on the digitized CDT drawings to divide them into eight different regions as

shown in Figure 2.6. A set of 47 geometric and spatial features is then extracted from these regions,

some of these are listed in Table 2.1.

Figure 2.6: Mapped layout on CDT sample to facilitate localization of components [48]

Due to the insufficiency of a heuristic-based approach, statistical analysis is employed by the

authors to assess the discriminating ability of the extracted features. A network of cascaded machine

learning-based classifiers (i.e. Support Vector Machine (SVM) with a linear kernel, Random Forest

(RF) and K-Nearest Neighbours (KNN)) is trained, where the first classifier discriminates between

the normal and abnormal drawing samples and the subsequent classifiers are to further classify

the different stages of dementia. The authors report best accuracies achieved using RF with 500

subtrees. Mean accuracies of 77.78% and 74.38% are reported for the two stages of dementia

samples employed in the experimentation.

Table 2.1: Features Extracted from CDT Drawings [47, 48]

Number Features
1. Number of digits within area 1 (outer area).
2. Number of digits within area 2 (middle area).
3. Number of digits within area 3 (inner area).
4. Number of digits within quadrant 1.
5. Number of digits within quadrant 2.
6. Number of digits within quadrant 3.
7. Number of digits within quadrant 4.
8. Minimum size of the digits mm2.
9. Ratio between the maximum digit size and minimum size.

10. Number of digits outside the contour.
11. Minimum angle between digits.
12. Maximum angles between digits.
13. Number of digits whose orientation is over 25 degree.
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An alternative to post-mapping of template, as proposed in [47, 48], Harbi et al. [51, 52],

suggest a pre-drawn template to restrict the subjects while drawing. The template is printed on a

piece of paper that is then attached to the surface of a digitizer tablet. 65 healthy subjects (aged

between 25 to 87) are instructed to draw on the templates. For the patient data, existing offline

samples of 100 patients with MCI, Alzheimer’s dementia and Vascular dementia are collected from

the Llandough Hospital in Cardiff, UK, which originally collected the samples as part of their

routine examination. To convert the offline samples into online, each sample is attached to a digitizer

tablet and traced by a volunteer. Authors avoid digitizing by means of scanning to overcome the

difficulties of localization. Once online samples are obtained for both groups (healthy/diseased),

authors formulate an extensive ontology (Figure 2.7) to represent clinical manifestations observed

while scoring a CDT sample. The ontology is then converted into fuzzy logic-based heuristics,

which are then employed to assess the CDT samples. The authors report a sensitivity value of 99%

and a specificity of 95.7% in their experimental study. Although a promising approach, nevertheless,

the validity of the samples is questionable and thus requires further investigation in a real life

scenario.

Figure 2.7: Clock ontology employed in [52]

In an attempt to characterize motor deficits like tremor from the spiral drawings of PD patients,

Pereira et al. [49], employ offline samples of 55 subjects (37 PD patients and 18 healthy controls).

Each participant is instructed to trace a spiral template. The offline samples are scanned and

pre-processed to separate the printed template and the drawn trace as shown in Figure 2.8-a.

Skeletonization and thinning is then performed and nine spatial features are extracted from each of
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Figure 2.8: (a) Separating spiral template and drawn trace, (b) Computing Mean Relative
Tremor [49]

the templates and the corresponding traces as outlined in Table 2.2. The most significant feature

extracted is described as the ‘Mean Relative Tremor (MRT)’. It is defined as the mean difference

between the radius of a given sample and its left-nearest neighbours (Figure 2.8-b). The static

features are then used to train three classifiers (i.e. Naïve Bayes (NB), Optimum-Path Forest (OPF),

and SVM with a radial basis function (rbf) kernel). Authors report classification rates of 78.9%,

77.1% and 75.8% respectively, with each of the three classifiers.

Table 2.2: Features Extracted from Spiral and Meander Drawings [49, 50, 81]

Number Features
1. Root Mean Square of the difference between the template and trace radius
2. Maximum difference between the template and trace radius
3. Minimum difference between the template and trace radius
4. Standard Deviation of the difference between the template and trace radius
5. Mean Relative Tremor
6. Maximum trace radius
7. Minimum trace radius
8. Standard Deviation of trace radius
9. Number of times the difference between trace and template radius changes sign

The authors later extended their work in [50], where a new template Meander is introduced

(Figure 2.9). More samples from PD patients were added to the original dataset ‘HandPD’, proposed

earlier in [49], increasing its size to 92 samples (74 PD and 18 healthy). The study is exploratory

in nature as it assesses the performance of spiral versus meander and reports slight improvement

in results. The study also suggests that combining both tasks degrades the performance. A high

sensitivity rate is achieved, however, it is attributed to the fact that 80% of the dataset comprises

PD samples, resulting in a much low specificity. This imbalance is improved in the latest version of
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dataset called ‘NewHandPD’, proposed in [105]. In [81], authors assessed the performance of same

features described in Table 2.2 using a ‘Cartesian Genetic Programming (CGP)’ [167] approach

and reported similar results.

Figure 2.9: Extracting hand-drawn meander from printed template [50]

2.3.3 Limitations/Challenges in Visual Analysis Based Techniques

Prominent works that analyze a graphomotor task after its completion, discussed in the preced-

ing section are summarized in Table 2.3. A critical analysis of the such techniques reveals that

studies [43–45] that assess the quality of primitive components or analyze their spatial organiza-

tion [51, 52], are characterized by the challenges of localization and segmentation. Localization

of the intended segment is mostly affected due to the inherent imprecision and ambiguity of a

freehand drawing. To overcome the challenges of localization, studies like [51], suggest mapping

of a layout on top of the image or to restrict drawers/writers by printing a pre-drawn template. Such

constraints may ease localization, however, these modifications can add further complexities to the

analysis by introducing a pre-processing step to separate the drawn response from the pre-drawn

trace. To address all these issues, a holistic approach of analysis is required, that can identify local

deformations without the complex phase of primitive extraction.

Studies that attempt to discriminate between the samples of healthy controls and diseased

subjects by employing simple geometric shapes like cubes [43], spirals [49] and meanders [50],

rely on the analysis of static geometric features to assess the quality of the drawn template. Feature

analysis is performed either by employing template matching or statistical approaches. While

these features may prove effective for such shapes, they are insufficient to characterize complex

graphomotor deformations scored in tasks like CDT, ROCF and BGT. Due to the insufficiency

of static features, such studies [51, 52] have to employ extensive heuristics to estimate the extent

of deviation(s). Despite being exhaustive a heuristic-based approach lacks the robustness of a

statistical-based approach. Machine learned features and their statistical analysis can overcome the

limitations of feature insufficiency and lack of robustness, especially in case of tasks with complex

scoring criteria like BGT.
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Table 2.3: Summary of Prominent Studies Employing Visual Analysis Based Techniques

Study Tasks Samples Analysis Findings

Smith and
Hiller [43] (1996)

Necker’s
Cube

32/36
(Online)

Four static geometric fea-
tures extracted from draw-
ings of patients with VSN
are compared with those
of healthy controls

Two out of four features
prove more successful dis-
criminators than others

Canham et al. [45]
(2005)

ROCF 31
(Offline)

Localization of 3/18 scor-
ing regions using fuzzy-
logic based heuristics fol-
lowed by extraction and
matching of static geomet-
ric features

Average accuracy of 75%
in grading of the ROCF re-
gions under consideration
is reported

Bennasar et al. [48]
(2014)

CDT 648
(Offline)

Geometric features for
digit quality and spatial
features for organization
are classified using cas-
caded RFs

77.78% and 74.38% classi-
fication accuracies for dif-
ferent stages of dementia
are achieved respectively

Pereira et al. [49]
(2015)

Spiral 37/18
(Offline)

A set of nine static fea-
tures including Mean Rel-
ative Tremor is computed
and used to train three clas-
sifiers (NB, OPF and SVM
(rbf))

78.9%, 77.1% and 75.8%
accuracies are reported
with NB, OPF and SVM
respectively

Pereira et al. [50]
(2016)

Spiral
and

Meander

74/18
(Offline)

A set of nine static fea-
tures including Mean Rel-
ative Tremor is computed
and used to train three clas-
sifiers (NB, OPF and SVM
(rbf))

Meander template pro-
duces better results than
spiral, however, combin-
ing both adversely affects
it

Harbi et al. [52]
(2017)

CDT 65/100
(Online)

Ontology-based domain
knowledge representation
and fuzzy logic-based
heuristic analysis of geo-
metric features extracted
from clock components

99% and 95.7% classifica-
tion rates are reported for
identifying samples of pa-
tients and control subjects
respectively

Senatore et al. [81]
(2019)

Spiral
and

Meander

74/18
(Offline)

Same set of nine static
features are extracted as
in [50] and evaluated us-
ing Cartesian Genetic Pro-
gramming

76.60% accuracy is re-
ported on Meander dataset
by employing the best
evolved classifier

2.4 Procedural Analysis Based Techniques

Until recently, researchers were focused on extracting effective biomarkers from graphomotor

samples after their completion. However, the advent of technology (i.e. digitizer tablets, electronic

pens, and wearable sensors), has made it convenient to incorporate the assessment of underlying

processes involved in the production of the graphomotor impressions as well. The most prominent
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of these are the motor and the executive planning skills of a subject. Commonly employed devices

for online sample acquisition include digitizer tablets and electronic pens. As discussed earlier,

the functional attributes captured by these devices are x- and y-coordinates of the pen position

alongwith their time stamps. In addition to position, pen trajectories and orientation (azimuth and

altitude) and pressure, both on-surface and in-air, are also recorded. These functional attributes

are then employed to compute several kinematic and cognitive features that are difficult (and in

some cases impossible) to compute by visual analysis of the offline graphomotor sample. Since the

inception of dynamic handwriting/drawing analysis, research in this domain shifted towards the

following two directions:

• Analysis of hand movement during writing or drawing

• Analysis of executive planning involved in the completion of a graphomotor-based task

Details of each type of analysis are discussed in the subsequent sections.

2.4.1 Hand Movement Analysis

For a long time developmental psychologists believed that motor and cognitive skills are two

distinct brain functionalities. However, recent theories [168] suggest a strong correlation between

them due to the commonality of their underlying processes such as sequencing, monitoring, and

planning. Due to this reason kinematic features are one of the most popularly employed attributes

of drawing and handwriting for discriminating between the samples of healthy subjects and patients

of various cognitive diseases. In a series of related studies [53–55], authors assess the performance

of various temporal and kinematic features in comparison to several static features discussed in [43],

in an attempt to identify drawings of patients with conditions like VSN and Dyspraxia. Simple

geometric shapes like the Necker’s cube [169], are used as templates to capture both static and

dynamic features. Principal Component Analysis (PCA) is employed to select the most effective

features outlined in Table 2.4. The studies [54, 55] suggest that a combination of both static and

dynamic features further improves analysis.

Table 2.4: Dynamic Features Extracted from Necker’s Cube Drawings [54]

Number Features
1. Ratio of pen-down state time w.r.t the total drawing time
2. Ratio of deceleration time w.r.t drawing time
3. Ratio of the number of peaks w.r.t drawing time
4. Ratio of the time to reach maximum peak speed w.r.t drawing time
5. Average speed during pen-up state

In another study [61], Heinik et al. propose a combination of different static and dynamic

features captured from the online CDT samples of 20 healthy individuals and 20 subjects suffering

from ‘Major Depressive Disorder (MDD)’. The extracted features comprise pen pressure, azimuth
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and a number of spatio-temporal attributes. Statistical analysis is employed to assess different

combinations of the extracted features and an accuracy of 81.1% is achieved by employing pressure,

segment dimensions and time. The study is exploratory in nature and is designed to assess the

effectiveness of CDT drawings in identifying MDD. In a similar attempt, authors in [79] analyze the

visual and procedural information obtained from the CDT drawings of healthy controls, PD patients

and individuals with MCI. Visual analysis of the sample shown in Figure 2.10-b, indicates that PD

patients degrade the quality of the clock components due to motor deficits, but show no signs of

poor cognition. On the contrary, drawings of MCI patients (Figure 2.10-c) are quality-wise similar

to healthy controls, but incorrect placement of clock hands indicates a difficulty in cognition. In

case of procedural analysis based on plotting kinematic features like velocity and pressure, samples

of PD and MCI patients show more peaks than samples of healthy controls, depicting irregularities

due to underlying impairments. While these attributes are successful in discriminating between

healthy and diseased samples, they appear to be inconclusive in differentiating between PD and

MCI samples. However, the difference is more evident in the visual analysis due to the wrong

placement of clock components by MCI patients.

Figure 2.10: (a) Healthy CDT sample, (b) PD CDT sample (c) MCI CDT sample (d) Healthy
velocity (e) PD velocity (f) MCI velocity (g) Healthy pressure (h) PD pressure (i) MCI pressure [79]

Initially, online sample acquisition aimed to facilitate localization of scoring regions [43, 51] in

33



various graphomotor tasks. However, soon the PR researchers realized the potential of kinematic

and pressure features in the analysis of motor deficits resulting from various cognitive diseases, and

shifted their focus from traditional visual analysis to kinematic analysis. Most popularly employed

assessments include the handwriting and drawing samples of elderly population suffering from

various neurodegenerative diseases like PD and AD. While motor deficits become obvious in later

stages of AD, these are one of the earliest symptoms of PD. Graphomotor-based parkinsonian

conditions include bradykinesia (slowness of movement), tremor (irregularity) and micrographia

(shrinking of letters). Visual analysis-based techniques [49, 50], discussed in the previous section,

primarily focused on computing tremor and micrographia from offline spiral drawings. Due

to the insufficiency of static geometric features in characterization of bradykinesia and related

conditions, authors in [105], capture dynamic pressure signals by means of a BiSP smart pen

from online spiral drawings of PD patients and healthy controls. The signals are transformed

into 2-dimensional images as shown in Figure 2.11. The images are then used to train a shallow

3-layered Convolutional Neural Network (CNN). Samples of 224 PD patients and 84 healthy

controls are employed and an accuracy of 87.14% is reported. An interesting aspect revealed by the

study is that the meander task which outperformed spirals while evaluating MRT, performs poorly

on pressure-based discrimination. This suggests that the choice of template has an impact on the

effectiveness of the extracted features.

Figure 2.11: (a) Spiral drawing of a healthy subject, (b) Spiral drawing of a PD subject (c) Time
series-based image of healthy subject (d) Time series-based image of PD subject [105]

In an attempt to study the impact of templates on the performance of kinematic features, authors

in [69], present a template consisting of seven handwriting tasks as shown in Figure 2.12. Several

kinematic features (outlined in Table 2.5) are extracted from each task. An SVM classifier with rbf

kernel is employed to determine their effectiveness. Some features are single-valued while others

consist of multiple-values combined in a vector. The vector values are then converted into five
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single values by using different statistical measures (mean, median, 1st percentile, 99th percentile,

standard deviation) to represent them.

Figure 2.12: Handwriting tasks proposed in PaHaw database [69]

Table 2.5: Dynamic Features Extracted from Handwriting Tasks [69]

Number Features
1. Trajectory during stroke divided by stroke duration
2. Trajectory during handwriting divided by handwriting duration
3. Rate at which the position of a pen changes with time
4. Rate at which the velocity of a pen changes with time
5. Rate at which the acceleration of a pen changes with time
6. Velocity/acceleration/jerk in horizontal direction
7. Velocity/acceleration/jerk in vertical direction
8. Mean number of local extrema of velocity
9. Mean number of local extrema of acceleration
10. Number of changes in velocity (NCV) relative to writing duration
11. Number of changes in acceleration (NCA) relative to writing duration
12. Time duration (in seconds)/ length (in points) of writing
13. Width and height of stroke

All values are further normalized before training the classifier. Authors first find the most

effective features for each task (e.g. standard deviation of stroke speed for task 7) and then report the

accuracies of all tasks using all features. The highest accuracy with combined features is obtained

on the sentence task i.e. 78.7%. The authors also extract the same features from the popular spiral

task and report an accuracy of 65.4%. An accuracy of 79.4% is reported by combining all 8 tasks.
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Authors suggest that given kinematic features are more effective on handwriting tasks than on the

conventional spiral task.

Drotár et al. further extended their work in [70], where they introduce a new modality called

the ‘In-air Movement’ for the quantitative evaluation of PD samples. The original set of features

presented in [69] alongwith some additional features, are now computed from both the on-surface

(pen-down) and in-air (pen-up) mode. The highest classification accuracy of 80.09% is reported by

using 16 in-air features extracted from combined 8 tasks. By increasing the features in [82], authors

report an increased accuracy of 85.61% using a combination of both modalities. In [71], authors

added new features based on energy and entropy, in the existing set of kinematic features described

in [69, 70]. All features are extracted from the seven handwriting tasks shown in Figure 2.12.

The authors report an accuracy of 88.1% by employing a feature set of size 162. In an attempt

to find the most contributing modality of dynamic handwriting, Drotár et al. in [104] compare

the performance of on-surface, in-air and pressure features. An area under the curve (AUC) of

89.09 is reported for on-surface features, while those of 74.16 and 83.83 are reported for in-air

and pressure features respectively. In [75], the effectiveness of kinematic and pressure features

extracted from the handwriting tasks discussed earlier, is compared. The authors report an accuracy

of 82.5% using only pressure features extracted from all 8 tasks (spiral and 7 handwriting). As

compared to pressure features, kinematic features produced an accuracy of 75.4%, while combining

both achieved an average accuracy of 81.3%. Authors evaluated the performance of two additional

classifiers (AdaBoost and K-NN) as well. Nevertheless, highest accuracies are obtained using SVM

with rbf kernel.

The main contribution of Drotár et al. is the compilation of the benchmark dataset ‘Parkinson’s

Disease Handwriting Database (PaHaW)’ [69, 75], comprising several handwriting tasks alongwith

the conventional Archimedean spiral. It is popularly being employed by studies that intend to

assess the effectiveness of novel handwriting features for evaluating PD samples. Recently, authors

in [78] presented an optimization of current modalities (on-surface/in-air) by employing ‘Fractional

Order Derivatives’ on the spiral drawings of PaHaW database. In another study [83], Impedevo et

al. evaluate various task combinations of PaHaW dataset for the best classification of PD samples.

Authors report the highest accuracy of 74.76% by employing tasks 3, 6 and 8 (i.e. bigram, word

and sentence).

Although much work has been performed on PaHaW dataset, yet other efforts have also been

made in this direction. In [76], authors employ a smaller (and not so popular) dataset ‘PDMultiMC’

consisting of online samples of 32 subjects (16 PD and 16 controls), to evaluate the performance of

various dynamic features described by earlier studies like [69–71, 75, 82, 84, 104]. The PDMultiMC

dataset comprises 7 handwriting tasks including repetitive ‘lll’ like PaHaW and additional single

word functional tasks (names, days etc.). By combining all features and tasks, authors report an

accuracy of 90.63% using an SVM with rbf kernel. Similarly, authors in [160] employ online

samples of 24 PD patients and 20 healthy controls. All subjects are instructed to draw horizontal

lines. Kinematic features are extracted from the samples and are analyzed by employing Naïve

Bayes (NB) classifier. The authors report an accuracy of 91%. Another study [170] employs four
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sentence writing tasks of 33 PD patients and 10 healthy controls to ascertain the predictive potential

of in-air modality. The authors report an accuracy of 86.05% by combining kinematic features

measured from both in-air and on-surface modalities.

In addition to PD, in-air features have demonstrated efficacy in detection of other age related de-

formations as well [171]. Werner et al. [58] evaluated the performance of various dynamic features

(including kinematic, pressure and temporal) in characterizing AD related graphomotor difficulties.

Discriminant analysis is performed to determine the best predictor of AD. In-air temporal measures

for AD patients were higher as compared to healthy controls, while the mean pressure was lower.

The in-air temporal values for AD increased as the complexity of the task increased. Velocity-

based features based on the kinematic theory of rapid human movement [172] (Sigma-Lognormal

model [173]) have also been adopted [174]. With a Bagging CART (classification and regression

tree) approach, authors were able to achieve an equal error rate of 3%. Other than handwriting-

based tasks, authors in [77] employ drawing tasks including two- and three-dimensional figures and

CDT, to extract kinematic and pressure features. Discriminant analysis is used in order to classify

participants into healthy controls, subjects with MCI and those with mild AD. The authors report

high dependency on the choice of task employed as functional tasks outperformed motor ones.

Similar observations are reported in [161, 162].

Review of the relevant literature suggests that the focus of most hand movement analysis

based techniques is to explore effective discriminators between the samples of healthy controls and

diseased individuals. In order to extract meaningful attributes from graphomotor-based tasks various

conventional and non-conventional templates have been employed. Both drawing and handwriting

tasks have been evaluated and it has been observed that the effectiveness of a procedural attribute

is highly dependant on the nature of the task. Studies that extracted such features from drawing-

based templates are listed in Table 2.6. While those that extracted features from handwriting are

summarized in Table 2.7. To highlight the impact of the task involved, a number of studies have

compared the performance of same features extracted from both drawing and handwriting samples.

Table 2.8 summarizes the findings of these studies.

2.4.2 Drawing Strategy Analysis

Another trend in the computerized analysis of graphomotor tasks involves observation of the

executive planning adopted by the subject while drawing/writing. For instance, some subjects

trace the contours of the figure to be copied, others put points first and then connect them with

segments, and so on. Although the idea is not so recent, it has gained renewed popularity due to

the availability of online data capturing systems. Such an analysis focuses on the behavior and

preferred drawing/writing strategy of the subject while producing a response, rather than analyzing

the end product or the hand movement. This is also termed as the ‘grammar of action’ [62]. Based

on the same assumption, Remi et al. assess the hand-drawn samples of children with learning

difficulties in [56]. A template consisting of handwritten sentences and a set of geometrical shapes

is used. The constituent parts of each drawn stimulus are localized using shape-based clustering

and a collection of drawing sequences are extracted to determine the signs of learning and writing
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Table 2.6: Summary of Prominent Studies Employing Procedural Analysis Based Techniques Using
Drawing-Based Tasks

Study Tasks Samples Analysis Findings

Garbi et al. [55]
(1999)

Necker’s
Cube

32/36
(Online)

Various temporal and kine-
matic features are com-
bined with static geomet-
ric features extracted from
drawings of patients with
VSN and are compared
with those of healthy con-
trols

Discriminating potential
increases by combining all
features

Heinik et al. [61]
(2010)

CDT 20/20
(Online)

A combination of kine-
matic, pressure and spatio-
temporal features are ex-
tracted from drawings of
healthy controls and MDD
patients

81.1% accuracy is
achieved in classifying
samples of MDD patients

Periera et al. [105]
(2016)

Spiral
and

Meander

224/84
(Online)

Pressure signals captured
by BiSP are converted into
2D images and are clas-
sified using a 3-layered
CNN model

87.14% accuracy is
achieved in classifying
samples of PD patients

kotsavasiloglou et
al. [160] (2017)

Horizontal
lines

24/20
(Online)

Kinematic features are ex-
tracted and analyzed using
NB

91% accuracy is achieved
in classifying samples of
PD patients

Müller et al. [161]
(2017)

3D house
drawing

20/20
(Online)

In-air, on-surface and total
time-based features are as-
sessed using linear regres-
sion

92.5% accuracy is
achieved in classifying
samples of AD patients

Müller et al. [162]
(2017)

CDT 20/20
(Online)

In-air, on-surface and total
time-based features are as-
sessed using linear regres-
sion

87.2% accuracy is
achieved in classifying
samples of AD patients

Mucha et al. [78]
(2018)

Spiral 37/38
(Online)

Fractional order deriva-
tives of kinematic features
are used to train RF and
SVM

72.38% accuracy is
achieved in classifying
samples of PD patients

difficulties. In a similar attempt, authors in [57] employ syntax analysis on the online samples of

children’s drawings. A combination of selective patterns from different drawing-based tests is used

as the set of templates to determine the gender and handwriting ability of each participant.

In an attempt to model the acceleration sequences captured by a digitizer tablet while performing

the ‘Cube Drawing Test’ (Figure 2.13), multiple classifiers and a graph-based genetic programming

technique is employed in [60]. A multi-class AUC score of 0.70 on both the training and the test

data is obtained by the best-evolved classifier. A total of 120 drawings from 40 subjects (multiple

drawings from each subject) are used to conduct the analysis.

A more comprehensive technique of modeling the sketching gestures of subjects is proposed
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Table 2.7: Summary of Prominent Studies Employing Procedural Analysis Based Techniques Using
Handwriting-Based Tasks

Study Tasks Samples Analysis Findings

Werner et al. [58]
(2006)

5 func-
tional

writing
tasks

22/41
(Online)

Spatio-temporal, kine-
matic and pressure
features extracted from
tasks are assessed using
discriminant analysis

72% accuracy is achieved
in classifying samples of
AD patients using pressure
and temporal features

Drotár et al. [71]
(2014)

7 writing
tasks

37/38
(Online)

Energy and entropy fea-
tures extracted from tasks
are combined with kine-
matic and temporal fea-
tures and classified using
SVM (rbf)

88.1% accuracy is
achieved in classifying
samples of PD patients

Pirlo et al. [174]
(2015)

Signature 29/30
(Online)

Velocity-based features
modeled on Kinematic
theory of rapid hand
movement are assessed
using a bagging cart
approach

Equal error rate (EER) of
3% is achieved in identify-
ing samples of PD patients

Taleb et al. [76]
(2017)

7 hand-
writing
tasks

16/16
(Online)

A combination of several
kinematic, temporal, pres-
sure, energy and entropy
features extracted from all
tasks are classified using
SVM (rbf)

96.88% accuracy is
achieved in classifying
samples of PD patients
using combined decision
of 3 tasks

Jerkovic et
al. [170] (2019)

4 hand-
writing
tasks

33/10
(Online)

A combination of in-air
and on-surface kinematic
features from all tasks are
classified using LDA

86.05% accuracy is
achieved in classifying
samples of PD patients

Figure 2.13: Samples of Cube Drawing Test drawn by subjects described in [60]

in [64]. The drawing order of the shape primitives is observed in addition to their organizational

relation with the neighboring primitives (Figure 2.14). Based on predefined rules (like specific

angle, sequence and the number of primitives required for each shape class etc.), the quality of
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Table 2.8: Summary of Prominent Studies Employing Procedural Analysis Based Techniques Using
Drawing and Handwriting-Based Tasks

Study Tasks Samples Analysis Findings

Drotár et al. [69]
(2013)

Spiral
and 7

writing
tasks

37/38
(Online)

On-surface kinematic and
temporal features from all
tasks are combined and
classified using SVM (rbf)

79.4% accuracy is
achieved in classifying
samples of PD patients

Drotár et al. [70]
(2013)

Spiral
and 7

writing
tasks

37/38
(Online)

In-air features extracted
from tasks are combined
and classified using SVM
(rbf)

80.09% accuracy is
achieved in classifying
samples of PD patients

Drotár et al. [82]
(2014)

Spiral
and 7

writing
tasks

37/38
(Online)

On-surface and in-air fea-
tures extracted from all
tasks are combined and
classified using SVM (rbf)

85.61% accuracy is
achieved in classifying
samples of PD patients

Drotár et al. [75]
(2016)

Spiral
and 7

writing
tasks

37/38
(Online)

Pressure and kinematic
features are extracted from
all tasks and classified us-
ing SVM (rbf), K-NN and
AdaBoost

81.3% accuracy is
achieved in classifying
samples of PD patients
using SVM classifiers

Garre-Olmo et
al. [77] (2018)

2D and
3D Cubes

and 2
handwrit-

ing
tasks

23/17
(Online)

A combination of kine-
matic, temporal, pressure,
energy and entropy fea-
tures are analyzed using
discriminant analysis

63.5% to 100% accuracy
is reported on different
tasks while classifying
MCI samples

Impedevo et
al. [83] (2018)

Spiral
and 7

handwrit-
ing

tasks

37/38
(Online)

Task-wise performance is
evaluated for a combina-
tion of kinematic, tempo-
ral, pressure, energy and
entropy features using RF,
SVM, K-NN, NB, LDA
and AdaBoost

74.76% accuracy is
achieved in classifying
samples of PD patients
using combined decision
of 3 tasks

the produced sketch is evaluated. The system is tested on both hand-drawn samples and synthetic

shapes from HHreco [175] dataset. The drawing gestures of patients with disabilities are also

analyzed in a series of related studies [63, 65–67], using an optoelectronic system. In another

series of related works [68, 74], authors attempt to determine the correlation between the preferred

polygon drawing strategy of school children with their handwriting skill development. Drawing

sequences of 178 school children (ages 6-7 years), captured using a digitizer tablet are employed.

A 63.48% success rate is reported in correlating the estimated drawing strategy and the predicted

handwriting performance by using an SVM classifier. A similar approach is previously reported

in [62].

Table 2.9 enlists the popular studies that attempt to assess the executive planning and construc-

tional sequencing of the drawer/writer to determine any indicators of dysfunction.
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Figure 2.14: A free-hand drawn square with corresponding spatio-graphs [64]

Table 2.9: Summary of Prominent Studies Analyzing Drawing Strategy

Study Tasks Samples Analysis Findings

Remi et al. [56]
(2002)

geometric
shapes

and
writing

10/153
(Online)

Drawing sequences of
children with 5 different
levels of learning diffi-
culties are assessed using
LDA

76.92%, 80%, 67.57%,
61.11% and 70.27% ac-
curacies are reported for
each level respectively

Chindaro et al. [57]
(2004)

Square
and Cross
templates

120
(Online)

A set of static and dy-
namic features is extracted
to model stroke sequences
which are then analyzed
using HMMs

55.9% and 69.5% classi-
fication rates are reported
for square and cross re-
spectively

Smith and
Lones. [60] (2009)

Cube
drawings

120
(Online)

Acceleration sequences
are analyzed using
graph-based genetic
programming

An AUC of 0.70 is re-
ported in identifying sam-
ples of individuals with
VSN

Khalid et al. [62]
(2010)

Simple
geomet-

ric
shapes

631
(Online)

Drawing sequences of
children with learning
difficulties are compared
with those of regular
children

The study is exploratory
and suggests further inves-
tigation

Renau et al. [64]
(2011)

Simple
geomet-

ric
shapes

1800
(Synthetic)

Based on sketching ges-
tures analysis, accordance
between human and syn-
thetic shapes is deter-
mined

91.1% accordance is ob-
served

Tabatabaey et
al. [74] (2015)

Polygon 178
(Online)

Drawing sequences are
classified using SVM to
find correlation between
preferred strategy and ex-
pected outcome

63.48% accuracy is
achieved in classifying
correlation between draw-
ing strategy and drawn
response
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2.4.3 Limitations/Challenges in Procedural Analysis Based Techniques

An extensive review of the procedural analysis based techniques has been presented in this section.

Two types of procedural analysis have been employed in the literature, those that analyze the hand

movement and others that assess the preferred drawing strategy. Both techniques do not depend on

the visual feedback of the final response, but rather rely on the features that represent the motor and

cognitive functionalities employed during the process. Although, additional information provided

by procedural analysis can give better insight regarding disease associated pathophysiological

changes, nonetheless, the research in this direction requires more interdisciplinary correspondence

to establish norms. For instance, studies like [69, 83, 161, 162] that extract various hand movement-

based features, have shown that the nature of task employed for the capture of these novel features

has a significant impact on their predictive performance. Same features when extracted from

two different templates can result in a different outcome regarding the same disease. Due to this

reason, authors in [75], suggest employing non-conventional handwriting based tasks instead of

the conventional spiral drawing, for discriminating between samples of PD patients and healthy

controls. However, in [105], spiral drawings outperform a non-conventional meander task, when

pressure signals are employed. This prompts a careful consideration of feature-task relation to

avoid feature validity issues. Modification of conventional test templates can lead to resistance

from the target users i.e. clinical practitioners. To bridge the gap between clinical practices and

AI-based solutions, the proposed technique must firstly improve results on conventional templates

and subsequently suggest modifications for the practitioner to decide.

Dynamic handwriting analysis provides an opportunity to assess various attributes including

kinematic, temporal and pressure measures. Nevertheless, almost all studies reviewed in the litera-

ture, indicate the insufficiency of these features when employed independently. As a consequence,

a combined high dimensional feature vector approach is adopted, as shown in [71, 76, 77, 83, 170].

In some cases [55, 60, 61], these additional features are combined with the static visual features

to enhance their performance. An early fusion-based approach can perform adversely due to the

different nature of features being combined. Consequently, feature selection has to be employed to

select the most effective feature combinations [55]. Due to this reason, a hand-crafted feature de-

signing attempt can increase human effort to much extent. On the contrary, machine learning-based

feature extraction can significantly reduce this effort and provide an efficient solution. Therefore,

efforts must be made in this direction.

Despite realizing the impact of template selection on feature performance, most of these studies

combine the features extracted from multiple templates due to the scarcity of data. This can lead to

a degradation in overall performance as suggested in [83]. Instead of combining features extracted

from all tasks before training a single classifier, a late fusion-based approach like majority voting

should be adopted where decision of every task is taken into consideration separately.

Studies like [70, 82, 161, 162, 170] advocate the effectiveness of a novel modality called

‘in-air’, where kinematic and temporal features can be computed while the pen is not touching

the surface. Authors attribute the success of this modality to the fact that the extent of pause
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between writing/drawing strokes increases due to underlying motor (in case of PD) or cognitive (in

case of AD) dysfunction [100, 101]. Although the rationale is sound and the performance of the

modality in discriminating between healthy and diseased samples is promising, nonetheless, it is

inconclusive whether same modality can distinguish between samples of diseases with overlapping

conditions. This concern has been discussed in [79], where visual analysis-based discrimination

of CDT samples drawn by a PD and an AD patient proved more successful than the procedural

analysis. A major contributing reason for this is that hand movement based procedural analysis

techniques are not designed to characterize visuo-spatial and visuo-perceptual deformations, that

are necessary assessments in most cognition-based dysfunctions. Further exploration is required

in this direction, until then a strong visual analysis based technique can prove more effective in

differential diagnosis.

Techniques that assess the quality of a graphomotor response by analyzing the preferred

drawing/writing strategy, present a promising approach as well [56, 57, 60, 62, 64, 74]. Nev-

ertheless, models for correct strategy need to be developed before such techniques can mature.

While these techniques are more suitable for rehabilitation purposes, their success in deformation

characterization is not yet conclusive and calls for deeper research investigations.

2.5 Deformation Representation and Estimation for Graphomotor
Analysis

An in depth review of the techniques presented in both Section 2.3 and Section 2.4 highlights several

open issues that require attention from the relevant community. However, the most significant

one is the domain knowledge representation. In an attempt to effectively represent the clinical

manifestations and graphomotor deformations being assessed, a number of computable feature

classes have been proposed in the literature. These include various static and dynamic features

specific to the objective of the study. Popularly employed features have been categorized and

outlined in Table 2.10.

2.5.1 Spatial and Geometric Features

Most visual analysis based techniques [43–45, 47–53, 60] discussed in Section 2.3 rely on spatial

and geometric features. These features are either extracted at component-level or globally. Spa-

tial and geometric features have also been employed in a number of procedural analysis based

techniques [58, 76, 81] to enhance the performance of dynamic features. Commonly employed

spatial and geometric features include height, width, tangential angle, size, dimension, orientation

etc. Spatial features are useful in characterization of visuo-spatial or visuo-perceptual deforma-

tions, however, due to limitation of definition and unconstrained nature of the free-hand responses,

traditional hand-crafted features prove insufficient for a complete analysis.
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Table 2.10: Summary of Deformation Representation Methods Employed In Related Studies

Feature Class Study Features

Spatial and Geometric
Features

[43–45, 47–53, 58, 60, 76,
81]

Number of strokes/components,
stroke/component size, stroke
height/width, angles, orientation,
radius, MRT

Statistical Features [69, 70, 78, 83, 104, 104] Mean, mode, median, 1st percentile,
99th percentile, 99th–1st percentile,
standard deviation, first and second
derivatives, fractional order derivatives,
ratio

Kinematic Features [55, 58, 61, 69, 76–78, 83,
104, 160, 170]

Horizontal/vertical velocity, hori-
zontal/vertical acceleration, horizon-
tal/vertical jerk, horizontal/vertical
displacement, velocity, acceleration,
jerk, displacement, stroke speed,
number of changes in the velocity
per stroke (NCV), number of changes
in acceleration per stroke, relative
NCV/NCA

Pen and Pressure Features [58, 61, 75–77, 83, 104,
105]

Position, azimuth, tilt, pressure sig-
nals, number of changes in velocity
pressure per stroke (NCP), correlation
between stroke pressure and veloc-
ity/acceleration, relative NCP

Temporal Features [55, 58, 61, 76, 77, 83,
104, 161, 162]

In-air time, on-surface time, to-
tal time, stroke duration, stroke
speed/displacement

Non-linear Dynamic Fea-
tures

[71, 76, 77, 82, 83, 104] Shannon entropy of x and y position,
Renyi entropy second and third order of
x and y position, conventional energy
of x and y position, first order Teager-
Kaiser energy of x and y position, signal
to noise ratio calculated from the con-
ventional energy, signal to noise ratio
calculated from the teager-kaiser energy,
empirical mode decomposition

Neuromotor Features [174, 176, 177] sigma-lognormal, delta-lognormal,
number of lognormal components

2.5.2 Statistical Features

Handwriting and pressure signals captured by a digitizer tablet or a smart pen have been employed

to provide additional information regarding the fine motor skills of an individual. Raw signals

are converted into dynamic features by applying certain statistical functions. As a result some

single valued features (e.g. number of strokes, speed and time) and some feature vectors (velocity,
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acceleration, jerk) are obtained. Several statistical features are then computed from such feature

vectors that include median, mean, percentiles, moment and standard deviation etc. [69, 70, 83,

104, 104]. All features are normalized before classification. It is worth noting that the main purpose

of these statistical features is to map a time-series based sequential information into a single

value. However, vital information may be lost by condensing a sequence into a single parameter.

Nonetheless, several representations have been proposed in the literature, most recent being the

fractional derivatives of dynamic features [78].

2.5.3 Kinematic Features

The Cartesian coordinates of the pen position captured by the device while completing a grapho-

motor task, can be employed to compute the pen trajectories in horizontal, vertical and tangential

directions with respect to pen-up and down states. A single connected trace of the handwritten or

drawn pattern on the surface is considered as a stroke. In some studies [70, 82, 83], in-air strokes

have also been segmented based on pen trajectories captured during pen-up state. The cartesian

distance between the two consecutive strokes is called displacement and is used to compute a

number of kinematic features [55, 58, 61, 69, 76–78, 83, 104, 160, 170]. Due to the high sampling

frequency of these devices, a good approximation of the rate of change of position with respect to

time (velocity) can be calculated. Velocity can then be used to estimate acceleration and jerk. As

discussed in the preceeding sections, the resultant features are vectors of variable lengths depending

upon the time taken by the subject to complete a task. In monst cases, these vector values cannot

be used directly to train a machine learning classifier and therefore, several statistical features are

computed from these, such as the number of changes of velocity or acceleration (NCV/NCA).

These kinematic features are used to characterize the fine motor skills and handwriting fluency of

an individual, that can be affected by an underlying impairement like PD. Kinematic features are

highly dependent on the task being employed and can result in poor performance if extracted from

a non-relevant task [69, 104].

2.5.4 Pen and Pressure Features

In an attempt to evaluate different modalities, pressure signals have also been employed in several

studies [58, 61, 75–77, 83, 104, 105]. Two types of pressure units are mostly evaluated i.e. pen

pressure exerted on the surface while writing [104] and the grip of the fingers on the writing

instrument (usually a smart pen) [105]. Statistics like average pressure over on-surface strokes,

number of changes of pressure (NCP) and relative NCP, are computed and used in combination

with other dynamic features to enhance the performance of the system. In a similar attempt,

pressure signals captured by a smart pen have been transformed into 2D images to extract visual

features from them [105]. Other pen-based features include the angle and the altitude between

the pen tip and the writing surface. These are recorded as azimuth and tilt values by means of

a digitizer tablet with a smart pen [61]. Although pen and pressure based features demonstrate
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potential in a combined approach, their effectiveness in isolation is still debatable and requires

further investigation.

2.5.5 Temporal Features

Time-based assessments have been employed in several studies [55, 58, 61, 76, 77, 83, 104, 161,

162], to indicate several cognitive impairments. Popular temporal features include on-surface

stroke duration, in-air pauses and total time required to complete a task. Amongst the given

temporal measures, in-air time has shown promising results especially in identification of cognitive

impairments resulting from neurodegenerative diseases like PD and AD. Despite the promising

results presented in studies like [161, 162], temporal features may not prove effective for differential

diagnosis of diseases with overlapping conditions. For instance, time delay in PD can be due to

motor impairments while in AD and MCI, this can be attributed to deterioration of memory or

executive planning.

2.5.6 Non-linear Dynamic Features

Signal-based features like entropy and energy can capture randomness and irregularities in a

given signal. In a handwriting signal, these irregularities can highlight impairements of fine

movements, which are otherwise difficult to analyze using only the kinematic features. Based on

this assumption, studies like [71, 76, 77, 82, 83, 104] have extracted several non-linear dynamic

features from handwriting/drawing signals captured by a smart pen. These include Shannon

and Rényi entropy [178], signal-to-noise ratio (SNR) and empirical mode decomposition (EMD).

Enery-based features are also computed to observe fluctuations in the continuous time series based

handwriting. A popular example is the Teager-Kaiser energy [179]. As with all other dynamic

feature vectors, some statistical functions of the feature vectors are computed before classifying.

2.5.7 Neuromotor Features

Stroke velocity profiles have also be employed to extract the intrinsic properties of the neuromuscu-

lar system and the control strategy of an individual performing a graphomotor task. Inspired by the

Kinematic Theory of Rapid Human Movement [172], different parameters that characterize a stroke

velocity profile, are computed. A popular approach is called the Sigma-Lognormal model [180],

that decomposes the stroke velocity signals with lognormal shape. Another technique employed is

the Delta-lognormal model [181]. These features have been adopted by studies like [174, 176, 177]

to discriminate between normal and abnormal age related changes in handwriting. Although lognor-

mal models of neuromotor abilities of an individual have extensively been evaluated in the domain

of online signature analysis, nonetheless, their potential to characterize graphomotor deformations

for neurological/neuropsychological assessment is still in its infancy. Further analysis is required to

establish its effectiveness.

To assess the effectiveness of the proposed deformation representations, several approaches

have been employed in the literature. These include template matching [43, 76], heuristics [44, 45,

46



51, 52, 81], statistical analysis [82, 104] and machine learning [48–50, 55, 56, 58, 61, 69, 71, 76,

78, 82, 83, 104, 160–162, 170]. Table 2.11 summarizes the popular estimation techniques discussed

in the literature.

Table 2.11: Summary of Deformation Estimation Methods Employed In Related Studies

Estimation Method Study Techniques

Template Matching [43, 76] Pixel-wise distance
Heuristics [44, 45, 51, 52, 81] Ontology-based, fuzzy logic-based, ge-

netic programming-based
Statistical Analysis [82, 104] Mann-Whitney U test, t- test, Pearson’s

correlation, Spearman’s correlation
Machine Learning [48–50, 55, 56, 58, 61,

69, 71, 76, 78, 82, 83, 104,
160–162, 170]

SVM with (rbf/linear) kernel, NB, K-
NN, LDA, RF, linear regression, OPF,
AdaBoost, XGBoost, CART, DT

Template matching techniques prove beneficial in estimating primitive component-level de-

formations. Pixel-wise distance is computed between the drawn component and the expected

stimulus. Although some techniques [43, 76] in literature have employed a template matching

based approach, nevertheless, such approaches have limited applicability in this domain due to

the unconstrained nature of the free hand drawings. Heuristic based techniques have also been

employed in the literature [44, 45, 51, 52, 81]. Their prime objective is to provide explainable

solutions for the target users i.e. the clinical practitioners. Due to the inherent superiority of fuzzy

logic over a strict rule-based approach, it is a preferred design strategy in this domain. However,

despite being advantageous in modeling clinical manifestations, heuristics are difficult to design

and lack scalablity.

Due to the limitations of template matching and heuristic-based approaches, recent works in

the literature are attempting to employ statistical [82, 104] and machine learning algorithms [48–

50, 55, 56, 58, 61, 69, 71, 76, 78, 82, 83, 104, 160–162, 170, 174] to model deformations. Statistical

methods are mostly applied to determine the strength of association between the computed features

and the clinical scores. These methods determine the effectiveness of a feature to represent the target

deformation. One of the popularly employed methods is the Pearson’s correlation test [182]. Since

different features are combined in a high-dimensional feature set, to reduce issues of cardinality

some form of statistical ranking is performed. Spearman’s correlation test [183] is employed in

most cases to select the most significant features for the final model training. Depending upon the

distribution of the feature set, methods like t-tests [184] and Mann-Whitney U tests [185] are also

employed.

The most popular approach in the literature for assessing the predictive potential of the proposed

feature representations, is by mean of machine learning algorithms. Graphomotor-based analysis

can be addressed as a regression [161, 162, 174] or a classification [48–50, 55, 56, 58, 61, 69,

71, 76, 78, 82, 83, 104, 160, 170] problem. Popularly employed classifiers include Support

Vector Machines (SVM) [186, 187] with linear/rbf kernels, K-Nearest Neighbour (K-NN) [188],
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Decision Trees (DT) [189], Random Forests (RF) [190], Optimum-Path Forest (OPF) [191], Linear

Discriminant Analysis (LDA) [192]. Ensemble approaches like Boosting (AdaBoost [193] and

XGBoost [194]) and Bagging (Classification and Regression Tree (CART)) [195] have also been

employed. An interesting aspect revealed from the literature suggests that no single classifier

alone performs best in all scenarios. Due to this reason, most studies [75, 78, 83] evaluate the

performance of their proposed features on several classifiers before selecting the best.

2.6 Critical Analysis and Research Gaps

A critical review of the literature presented in the previous sections reveals that defining repre-

sentations for graphomotor deformations is a highly challenging task from the perspective of

computerized analysis. The difficulty of finding an effective representation for deformations reflects

on the performance of the estimation method and ultimately, on the outcome of the analysis. Both

static and dynamic features can be extracted to represent visuo-motor and visuo-perceptual defor-

mations resulting due to some cognitive disorder. In an attempt to do so, several features have been

proposed from both offline (scanned images of paper-based responses) and online (acquired by

digitizer tablet) samples. A summary of limitations and challenges in these techniques is outlined

in the following.

• Online (dynamic) features which are employed in procedural analysis carry rich information

however, as mentioned previously, they not only require specialized devices but also result in

modification of the standard test protocols. This, in some cases, may not be acceptable by

the practitioners. There is a need to propose solutions that employ conventional templates

and standard acquisition modalities so that the gap between clinical practices and intelligent

solutions can be bridged.

• Visual analysis based techniques that employ primitive components of a drawing for analysis

are marked by challenges of localization and segmentation. It is common to address these

challenges by restricting the subject to provide data on pre-printed templates which can

limit the expressiveness of the individual in free-hand drawing. This advocates the develop-

ment of holistic approaches which can trace local deformations without segmentation into

components.

• Deformation analysis with template matching or statistical features is characterized by a

large set of heuristics. Since the deviation of the graphomotor impression from expected

prototype can exhibit large variation, robust deformation representations must be investigated

which are able to generalize well to unseen examples.

• The problem of deformation modeling is different from the conventional classification frame-

work where solutions are sought which minimize the intra-shape variations and maximize

the inter-shape variations. In the problem at hand, the same deformation is required to be
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measured across multiple shape classes and there is a need to develop methods which are

able to learn the deviation rather than the shape.

The insufficiency of conventional features - deformation estimation advocate the investigation

of machine learned features for this problem. Machine learned and more specifically deep learned

features have emerged as a robust alternative to classic hand-crafted approaches. However, their

applicability in the domain of graphomotor deformation representation and estimation has not been

thoroughly investigated. Such features, though not always intuitive to correlate/or interpret, they

may provide useful information regarding the intrinsic properties of the writer/drawer.

2.7 Summary

This chapter presented a detailed literature review of the various trends and approaches employed

for the analysis of graphomotor tasks for the purposes of deformation estimation and disease

diagnosis. A contextual categorization of the relevant works based on the mode of analysis is

presented. Popularly employed features and estimation methods have also been discussed. Critical

gaps in the state-of-the-art are outlined, that this thesis intends to address.
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Chapter 3

Deformation Representation and
Estimation Using Convolutional Neural
Networks

3.1 Introduction

Typical steps in computerized analysis of neuropsychological graphomotor tasks include Data

Acquisition, Pre-processing, Feature Extraction and Analysis. Based on the method of acquisition

employed, both offline and online samples can be obtained. The offline samples are digitized

and may require pre-processing tasks like noise removal, binarization or segmentation. On the

contrary, online samples are mostly represented by functional measures like Cartesian coordinates

and time stamps, and require plotting or normalization before application. Once the data is prepared,

various features (static or dynamic) can be extracted to characterize deformations. These features

are then assessed to estimate the extent of deviation(s) from a target response. Based on the

outcome of assessment, a decision regarding analysis is made. From the literature review it is

evident that the most critical step in the computerized analysis of neuropsychological graphomotor

tasks is the identification of those discriminating features that can effectively characterize clinical

deformations and thus enhance learning. A number of hand-crafted features extracted from

offline [43–45, 49, 50, 105] and online [58, 60, 69–71, 75, 78, 81, 104, 161] samples are discussed

in the literature, which are then used to train a machine learning-based classifier (e.g. SVM, LDA,

DT etc.). However, the potential of automatically learned features is relatively less investigated in

this domain.

Deep learning-based methods [196], have recently gained immense popularity in the domain

of feature representation and classification. Convolutional Neural Networks (CNNs) [197–199],

a branch of deep learning, has urged researchers to revisit many popular computer vision and

pattern recognition problems including ‘Writer identification’ [200] and ‘Sketch recognition’ [201,

202]. In this chapter, we propose a novel formulation of the problem of neuropsychological

graphomotor-based deformation representation by employing Convolutional Neural Networks
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(CNNs) as feature extractors. The basic motivation behind the use of CNNs is that they can

extract discriminating features from various regions of the complete drawing without localization or

segmentation. Convolutional filters employed on different layers of a CNN produce activations for

specific discriminating patterns. CNNs can generalize features across a wide variety of deviations

and thus the need to explicitly define heuristics for each deviation is no longer necessary. In

this regard, CNN-based features can overcome the insufficiency of hand-crafted features and also

provide robustness.

CNNs can be trained to extract both intrinsic and extrinsic information from a drawn/handwritten

sample, thus providing a mean to effectively analyze various aspects (motor or perceptual) of the

same sample. Finally, CNNs provide a strong visual analysis based alternative that can be utilized to

assess existing offline samples collected by the clinical experts. In this way, the proposed approach

can resolve the need for any modifications in the original test conduction and sample acquisition

protocol.

Nonetheless, despite the apparent advantages of deep learning-based methods for feature

representation, their direct application in the domain of neuropsychological graphomotor task

analysis, is challenging due to several reasons. One of the key challenges is the scarcity of training

data that is a common scenario in this domain (commonly around 20-60 samples). Furthermore, in

a conventional setting most CNNs are designed as shape recognizers (as shown in Figure 3.1) and

achieve this by minimizing the intra-shape class variations and by enhancing the inter-shape class

variations. However, we expect the CNN model to learn deformation-specific intra-shape variations

(Figure 3.2), as well as generalize deformation-specific similarities across various shapes (i.e. same

deformation across different tasks).

Figure 3.1: Shape recognizers intend to diminish intra-shape variations [201]

In this thesis, we have addressed these key challenges and consequently employed CNNs

to characterize various motor and perceptual deformations from both offline, as well as online
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Figure 3.2: Our proposed methodology intends to identify deformation-specific intra-shape varia-
tions (three deformations scored during manual assessment of a standard BGT test)

graphomotor samples. In the forthcoming sections of this chapter, we discuss the proposed approach

in detail. Section 3.2 provides the relevant theoretical background. Section 3.3 describes the main

steps of the proposed graphomotor-based deformation modeling and classification scheme. Lastly,

Section 3.4 summarizes the chapter.

3.2 Theoretical Background

A Convolutional Neural Network (popularly known as ConvNet) is inspired by the natural visual

perception mechanism of the living creatures and can obtain effective representations of image

directly from raw pixels with little-to-none preprocessing. It is a non-linear model capable of

learning non-linear features [197]. A typical CNN architecture primarily comprises a series of

convolutional layers followed by some intermediate layers (known as the convolutional base) [199],

as shown in Figure 3.3. The connectivity between a pair of consecutive layers in a convolutional

base is designed to facilitate the detection of distinctive local patterns in an input image. These

patterns can then be employed for various visual classification tasks including the one being

addressed in this thesis. To effectively employ CNNs for the problem under consideration, we must

first understand the processing of the fundamental constituent layers.

3.2.1 Convolutional Base

The convolutional base consists of the three basic components of a CNN model i.e. convolutional

layer, activation function and pooling layer. The first basic constituent i.e. the convolutional layer,

is designed to take a tensor as an input and transform it into feature maps. A feature map is obtained

by applying convolution with a matrix of weights (or kernel), followed by the addition of bias. Each

convolutional layer has a number of kernels that replicate the process to generate a set of feature
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Figure 3.3: Typical structure of a sequential ConvNet

maps as an output. The processing of a particular convolutional layer l in a deep CNN consisting of

L layers can be generalized by Equation 3.1, where l = 1, ...,L.

X (m)
l = f (

N

∑
n=1

W (n,m)
l ∗X (n)

l−1 +B(m)
l ) (3.1)

X (n)
l−1 represents one of the N input feature maps from the previous layer, while X (m)

l represents an

output feature map of the current layer, where m = 1, ...,M. Each input feature map is convolved

with the kernels W (n,m)
l of the layer l, resulting in a sum of N two-dimensional convolutions denoted

by ∑
N
n=1W (n,m)

l ∗X (n)
l−1. Each feature map has its own bias which is presented by B(m)

l .

A subsequent feature map is obtained by applying convolution on the input with a learned

kernel followed by the application of an element-wise nonlinear activation function. The activation

function introduces the desired non-linearity to a multi-layered CNN network. Three basic activation

functions commonly employed in a CNN model are sigmoid, tanh and ReLU. In most cases, the

Rectified Linear Unit (ReLU) [203], is the preferred activation function. ReLU activation preserves

all the positive values from the resultant feature map and eliminates the negative ones by converting

them to zeros. This enhances the mapping capability of a ConvNet for the desired attributes. Studies

like [204] suggest that ReLU allows efficient training of deep networks as compared to sigmoid

or tanh. Let f (.) represent an activation function that is applied on the result x, then ReLU can be

expressed as Equation 3.2.

f (x) = max(x,0) (3.2)

A convolutional layer is paramterized by a large number of features. In order to reduce the

resolution of the resultant feature maps, a sub-sampling (or pooling) layer is commonly introduced

before the next convolutional layers. The feature maps of a pooling layer are connected to the

corresponding feature maps of the preceding convolutional layer. The pooling layer applies a

function (typically Average-pool or Max-pool) on the input maps to select a subset of the values from

the local sub-regions. It also allows shift-invariance, furthermore, by stacking several convolutional

and pooling layers, higher-level feature representations can be extracted.

The convolutional, ReLU and pooling layers together serve as a feature extraction convolutional
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base. Deep ConvNets exploit the combined benefits of the regional convolutions and a layered

hierarchy to learn effective representations for specific visual recognition tasks. The depth of a CNN

architecture depends on the level of abstraction required. The intermediate convolutional layers are

designed to extract distributed representations from the input data. After several convolutional and

pooling layers, there exist one or more fully-connected layers similar to a conventional ‘Multi-layer

Perceptron (MLP)’. A fully connected layer employs all the features extracted by the previous

layers in order to amplify the selected distinctive patterns. The features extracted from a fully

connected layer are then employed for classification.

3.2.2 CNN Architectures

As the popularity of ConvNets increased, several architectures were proposed. These include series

models like AlexNet [199] and VGGNet (16 and 19) [205], Inception models like GoogLeNet [206]

and InceptionV3 [207], and residual models like ResNet (50 and 101) [208]. AlexNet, VGG16

and VGG19 architectures consist of a series of alternating blocks of convolutional (with ReLU

activation) and pooling layers. Each of these has three fully connected layers, out of which, the last

layer is used for the classification purposes. The Inception architectures introduced the concept of

Inception blocks, in which different convolutional filters and pooling layers are concatenated to

enhance learning. ResNet architectures (ResNet50 and ResNet101) represent the residual networks,

where the layers contain direct, additive connections referred to as Skip connections to the next

layers.

Several variations of the existing architectures have also been proposed. For instance, SqueezeNet

[209], is a CNN micro-architecture with compressed filter sizes. It attempts to optimize learning

without compromising on performance and reports an accuracy comparable to that of AlexNet. The

architecture employs Fire modules comprising of a squeezed convolutional layer (with 1x1 filters)

feeding into an expanded layer (with a combination of 1x1 and 3x3 filters). The fire modules allow

network learning with a comparatively lesser number of parameters than the AlexNet architecture.

Similarly, the idea of skip connections has been extended to connect the subsequent blocks of

densely connected layers in DenseNet architectures. The dense blocks alternately comprise of 1x1

convolutional filters and max-pooling layers in order to reduce the number of tunable parameters.

Contrary to the skip connections in the residual networks, the output of the dense blocks are not

added but instead concatenated.

A typical trend that can be seen from the evolution of the ConvNet architectures is the increase in

depth. For instance, ResNet is approximately 20x deeper than AlexNet and 8x deeper than VGGNet.

The basic notion behind the increased depth is to increase non-linearity to enhance approximation

of the target function and thus, achieve improved feature representations. Nonetheless, increasing

depth can also increase the complexity of the network making it more difficult to optimize and

prone to overfitting. Therefore, selecting a ConvNet architecture for feature representation is a

crucial decision.
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3.2.3 Transfer Learning

A forward run in a CNN model is employed for the prediction of probabilities, nevertheless, before

a CNN model is ready to predict, it requires an extensive training. The training process involves

running the CNN network in both directions i.e. forward (Feed Forward) and backward (Back

Propagation) [197], as shown in Figure 3.4. Let us consider a forward run first, where N number

Figure 3.4: Network learning in forward and backward direction

of training samples are employed. For a given training sample (xn,yn), where n ∈ [1, ...,N], (xn

denotes the input and yn denotes its corresponding label), the network produces an output on. This

on is then used to estimate the error and compute the loss z, i.e. the difference between the output

on and target ground-truth yn. The loss is then used to update the network parameters by employing

back propagation. The objective is to optimize parameter learning by minimizing the loss. To

achieve this objective the training process is repeated several times until a minimum value for loss

is achieved.

Training a CNN model relies on the tuning of a large number of parameters, which is only

possible in the case of sufficiently large amount of annotated data. As discussed earlier, the lack

of sufficient training samples has been one of the major limiting factors in the use of CNNs

for neuropsychological drawing analysis. Nevertheless, recent advances in machine learning

have proposed several solutions to overcome this limitation. Transfer learning [210] is one such

alternative, which allows a CNN architecture to transfer learned weights across different source

and target datasets.

Leveraging on the idea that the convolutional base of a CNN model learns hierarchical feature

representations, it is common to train a CNN on a different task with a larger dataset (e.g. Im-

ageNet [86] etc.) and exploit the learned features to characterize a smaller dataset. A common

practice in transfer learning is to employ a pre-trained model and continue back propagation with

the target dataset either on all or a subset of layers, concept known as fine-tuning. Since the initial

layers of a CNN are known to learn low level, task-independent features, it is common to freeze
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their weights and tune the subsequent convolutional and fully connected layers on the task-specific

dataset. Another popular approach is to employ a pre-trained ConvNet as a feature extractor only

where the convolutional base of a trained model is used to convert the samples under study into

robust feature representations (learned on another lager dataset). The extracted features can then be

fed to train a separate classifier to learn to discriminate between the classes under study. Exploiting

pre-trained CNNs not only reduces the time and computational complexities, it also allows use of

deep CNNs for problems with smaller datasets making it an ideal solution for scenarios like ours.

3.3 Proposed Deformation Modeling Using Pre-Trained ConvNets

Based on the theoretical support of employing a pre-trained ConvNet for deformation-specific

feature representation, we have designed a framework to empirically assess its effectiveness in the

domain of neuropsychological graphomotor task analysis, where specific intra-class variances and

inter-class similarities need to be modeled to determine the presence of a cognitive impairment.

Figure 3.5 presents the schematic pipeline of the proposed method for deformation modeling and

classification. Each step is explained in the subsequent subsections.

Figure 3.5: Overview of proposed methodology for deformation modeling and classification
.

3.3.1 Data Preparation

Data preparation is an essential preliminary step in any pattern recognition and computer vision

task. Depending on the mode of sample acquisition (offline or online), the data is first converted

into an appropriate representation for the convolutional base. CNNs generally take image data

in the form of a tensor (most commonly 4D array) containing the size of the image (in terms of

height, width and depth) and input batch size. Depth corresponds to the type of the image (i.e.

grayscale or RGB). Most ConvNets process three channel images, therefore, input data, if binary or
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grayscale, is first extended to three channels. Batch size can vary based on the size of the training

data, however, image size (height and width) must correspond to the size of the input layer of the

model being employed. This is usually achieved by means of scaling or resizing, nonetheless,

care must be taken to mitigate the loss of important information. An important assumption in our

proposed methodology is that a single task is being analyzed at a time. However, in most real life

cases, a graphomotor test comprises multiple tasks on a single sheet of paper (e.g. BGT), therefore,

segmentation of individual tasks is required prior to input, in such scenarios.

3.3.2 Feature Extraction Using Pre-Trained ConvNets

As discussed in the previous section, training a deep CNN model from scratch requires considerably

large amount of training examples which is not possible in the current scenario. Consequently, a

transfer learning based approach is adopted, where ConvNets pre-trained on ImageNet are employed

as feature extractors. ImageNet [86] is a very large dataset consisting of approximately 1.2 million

annotated images belonging to 1000 categories. Although, the target images (handwritten characters

and hand drawn shapes), in the problem under consideration are different from the source dataset,

nonetheless, ConvNets pre-trained on such huge collections of images are able to extract robust

feature representations that could prove effective in characterization of relatively less complex hand

drawn shapes or handwriting. Furthermore, in our case the size of the target dataset is relatively very

small as compared to feature dimension, hence fine-tuning of ConvNets may result in overfitting.

Consequently, we opt to freeze the entire convolutional base of the pre-trained models and employ

them only as feature extractors. Samples under study are passed through the trained models and the

output of the convolutional base is extracted as the feature representation of the input sample (as

shown in Figure 3.6). These features are subsequently fed to a classifier to learn the discrimination

between classes of interest.

Figure 3.6: Transfer learning from source data to target data
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3.3.3 Feature Representation for Deformed and Non-Deformed Data

While extracting features, we have considered deformed and non-deformed data as two separate

classes, same formulation is considered for diseased and healthy samples. For instance, let Dd be a

dataset consisting of samples from a specific deformation class YDd , while Dc is a dataset consisting

of all samples without the particular deformation YDc . The objective is to project graphomotor

samples X onto a representation space φ(X) where deformed and non-deformed samples are better

separated. The intuition is that in order to classify between erroneous and non-erroneous samples,

the ConvNet will extract visual cues that are particular to each class. Formally, we consider a

training set composed of representatives from both classes. To extract representations, we perform

feedforward propagation with the training tuples (x,y) where x is the input image, and y is the class

label (y ∈ YDd ∨ y ∈ YDc), until the last layer before softmax. The activations at that layer are used

as a n-dimensional feature vector (Fn
i=1,y) for the given training image x. Similarly, labeled feature

vectors for all images are obtained.

In a real application scenario, deformed samples are comparatively harder to get than non-

deformed ones. To address this issue, we employ augmentation, whenever required. Several

techniques have been proposed in the literature to augment images [211]. Some techniques (e.g.

Geometric transformations) augment images in the data space, while others (e.g. Synthetic Minority

Over-Sampling Technique (SMOTE) [212]) augment data in the feature space. Recently, Generative

Adversarial Networks (GANs) [213] have also gained popularity for generating augmented data. In

a domain-specific problem like clinical deformation modeling, the preservation of class labels after

augmentation is a critical concern. In most cases, the augmented data also requires to be labeled

by the domain-expert. This indicates a need for human intervention and control while generating

near-realistic examples especially for a specific deformation class. Based on this notion, we have

employed various image processing based generic and deformation-specific procedures on the

existing samples to generate relevant examples. Post-augmentation cleaning is then employed to

ensure class label preservation. As mentioned earlier, the main objective of data augmentation

in the present scenario is to ensure adequate representation of each class by complementing the

original samples rather than producing extensive synthetic data that might not be able to capture

properties of actual real life examples.

3.3.4 Deformation Classification

Feature vectors extracted by the pre-trained ConvNet model from both deformed and non-deformed

classes are then used to train a deformation-specific binary classifier. A training set consisting of N

tuples of form (Fn
i=1,y) is created, where Np tuples with y ∈YDd are considered as positive examples

and NN tuples with y ∈ YDc are considered as negative samples. For each type of deformation, a

separate classifier is trained. During the testing phase, a disjoint set of positive and negative samples

of the particular deformation is employed that is not used for training. Features extracted from a test

image are fed to the specific classifier to determine the presence or absence of that particular error

(deformation). The classifier then outputs the probabilities for the input feature vector to belong
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to either of the two classes i.e. YDd or YDc . This approach has several benefits, some of which are

outlined below.

• Same formulation can be used to discriminate between samples of healthy and diseased

subjects.

• Same deformation can be identified across multiple tasks, especially if task-wise examples of

that deformation are scarce. In such a case, deformation-specific generic features extracted

from other tasks can be employed to facilitate classification.

• In case multiple deformations exist in a single image, then each deformation can be identified

by testing the same image by separate deformation-specific classifiers. This is a significant

contribution of this thesis, as it provides a robust alternative to a heuristic based analysis,

while providing similar explainability to the end users.

3.3.5 Application to Visual-Motor and Visual-Perceptual Deformation Identifica-
tion

In order to assess the efficacy of our proposed method in identifying different graphomotor-based

deformations, we have considered two predominantly analyzed deformations during drawing and

handwriting analysis. These include the visual-motor and visual-perceptual deformations. Visual-

motor deformations are mostly associated with Parkinsonism, while visual-perceptual deformations

can indicate a wide range of underlying dysfunctions including dementia, brain injuries and

developmental issues. Literature review suggests two scenarios in which these deformations are

most frequently assessed and thus are considered as our case-studies as well. These two scenarios

are:

• Identification of visual-motor deformations in the graphomotor samples of Parkinson’s

patients

• Identification of visual-perceptual deformations in the graphomotor samples of school chil-

dren (with or without learning difficulties)

Visual-motor deformations like tremor [36], micrographia [35, 93], and bradykinesia [97, 98]

are commonly observed in graphomotor tasks performed by individuals with neurological diseases

like Parkinson’s disease [103, 214, 215]. Characterization of visual-motor deformations in grapho-

motor samples of patients suffering from (or at-risk of onset of) such diseases can facilitate early

detection and disease progression monitoring [91]. It can also be employed to assess the efficacy

of the treatment. As discussed in the introductory chapters, due to the insufficiency of existing

visual analysis based techniques to characterize visual-motor deformations, researchers have shifted

their focus to procedural analysis based methods that require modifications in conventional test

conduction and analysis protocols [71, 75]. If by applying the proposed visual analysis based

method, we can produce comparable results, it would be a worthwhile contribution. To identify

visual-motor deformations (more specifically tremor and micrographia) in the graphomotor samples
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of PD patients, we have employed some conventional and non-conventional templates comprising

of simple drawings (Archimedean spiral) and handwriting tasks (repetitive letters, bigrams, long

words and sentences). Task-wise analysis is also performed to assess the impact of tasks on the

effectiveness of the proposed formulation. Details of the application of our proposed approach in

the identification of visual-motor deformations in graphomotor samples of PD patients are discussed

in Chapter 4.

The second scenario in which we have applied our proposed formulation is the identification

of visual-perceptual deformations (like rotation, perseveration, simplification etc.) in drawing

samples of children. As discussed earlier, children’s drawings can give useful insight regarding their

emotional state and perceptual maturity [165]. Both these factors can impact the social skills and

the academic performance of children. Poor performance in drawing tasks can indicate underlying

developmental issues resulting in learning difficulties [166]. By identifying the extent of visual-

perceptual deformations in the drawing samples of children, timely intervention can be provided.

Nevertheless, despite its advantages, computational modeling of human perception is a challenging

task and usually requires an extensive heuristic-based approach to overcome the insufficiency of

existing visual features. As mentioned earlier, CNNs are inspired by the human visual perception

mechanism and are known to outperform other computational models in characterizing perceptual

data [216]. Consequently, our hypothesis is that CNN-based features can effectively represent

perceptual deformations. To assess our hypothesis, we have employed the samples of a popular

neuropsychological test called the Bender Gestalt Test (BGT) [22], that comprises nine geometric

shapes. Each shape is carefully selected to assess eleven visual-perceptual deformations based on

the Lacks’ scoring system [31]. Previously, such a large number of visual-perceptual deformations

have not been analysed in the literature. Details of the application of our proposed approach in the

identification of Lacks’ visual-perceptual deformations in BGT samples of children are discussed

in Chapter 5.

3.4 Summary

In this chapter, we introduced our research hypothesis that features extracted from pre-trained

ConvNets can provide an effective and robust representation of graphomotor-based deformations,

despite the scarcity of data. This is in contrast to the conventional exploitation of CNNs for

classification tasks where features enhancing the inter-class variations are sought. We presented

the theoretical support to our hypothesis and described the proposed formulation in detail. We

then discussed the application of the proposed scheme in two scenarios i.e. to characterize visual-

motor and visual-perceptual deformations, to assess its performance. Due to the different nature

of deformations, both scenarios require specific methodologies, nonetheless, the basic pipeline

remains generic. The forthcoming chapters describe the application methodologies and analyze the

findings.
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Chapter 4

Identification of Visual-Motor
Deformations - An Application to
Detection of Parkinson’s Disease

4.1 Introduction

In this chapter, we present the detailed application of our proposed deformation modeling scheme for

the detection of Parkinson’s disease (PD) from the graphomotor samples of patients. Computerized

handwriting analysis for the screening of PD is a well established research problem and has attracted

the attention of a significant proportion of the PR research community, as evident from the literature

review. For instance, studies including [49, 50, 61, 69, 70, 75, 78, 79, 81, 82, 104, 105, 160]

have targeted the identification of effective visual or procedural attributes to discriminate between

samples of PD patients and healthy subjects. In an attempt to promote further exploration in this

direction, some of these studies have introduced publicly available datasets (like PaHaW [75] and

HandPD [49]) as well, a practice that is usually scarce in this domain. Motivated by the interest

of the relevant research community in this area, we too have selected it as a case-study to assess

the effectiveness of our proposed approach. Furthermore, the availability of benchmark datasets

has provided us an opportunity to compare the performance of our proposed scheme with the

state-of-the-art, which is otherwise difficult in this domain.

We present the technical details of the proposed methodology for the identification of visual-

motor deformations in the graphomotor samples of PD patients in Section 4.2. Details of the dataset

employed for algorithmic development and evaluation are also presented in the same section. The

experimental protocol is described in Section 4.3, while the results along with their detailed analysis

are provided in Section 4.4. Finally, Section 4.5 summarizes the chapter.
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4.2 Proposed Methodology

As discussed in the previous chapter, due to the inherent differences in the nature of deformations

and the samples being employed in both case-studies (PD and BGT), specific methodologies

are required for each, nonetheless, the basic pipeline remains generic. For the application of

our proposed deformation estimation and classification approach in the current scenario, we

have primarily selected the benchmark database, ‘Parkinson’s Disease Handwriting Database

(PaHaW)’ [75]. PaHaW is an established database and has been employed in a large number of

studies [69–71, 75, 78, 81–84, 104] (discussed in the literature review), targeting the identification

of PD. This allows us to compare the performance of our proposed scheme with the state-of-the-art.

Another reason for selecting the PaHaW database is that it comprises a number of graphomotor

samples (drawing, as well as handwriting) of PD patients, thus providing means to carry out in

depth analysis of the impact of different tasks on the performance of CNN-based features. This is a

vital analysis in this domain as studies have shown varying impact of tasks on the effectiveness of

the proposed features.

Since our proposed scheme is visually analyzing the completed response, we expect it to

discriminate between the samples of PD and healthy subjects based on the identification of two

visual-motor deformations i.e. tremors and micrographia. As discussed earlier, tremors are

irregularities resulting from involuntary muscular movements. As a consequence, PD samples are

characterized by non-smooth, irregular formations as shown in Figure 4.1-b. Similarly, micrographia

or abnormal reduction in size, is mainly attributed to impaired wrist control. As a result, a reduction

in horizontal/vertical strokes is usually observed. In a spiral drawing, it often results in a failure

to maintain the angle versus radial distance relation, thus small overlapping spirals with tightly

bunched turns are observed in samples of PD patients (also visible in Figure 4.1-b). Visual

feature extraction has always been a challenging aspect in graphomotor analysis due to limited

representation. Due to this reason, we have hypothesized the use of CNN-based features for

the characterization of discriminating visual attributes between healthy and diseased samples.

Nonetheless, before explaining the proposed methodology, we will first elaborate on the database

(PaHaW), in the subsequent section.

Figure 4.1: Spiral drawings from PaHaW database of (a) Healthy subject (b) PD patient
.
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4.2.1 Parkinson’s Disease Handwriting Database (PaHaW)

PaHaW dataset comprises samples collected from 75 subjects (37 PD patients and 38 (age and

gender comparable) healthy controls (HC)). All participants are Czech citizens and were enrolled at

the First Department of Neurology, Masaryk University and at the St. Anne’s University Hospital, in

Brno, Czech Republic, at the time of data acquisition. The subjects are predominantly right-handed

and literates of Czech language. Prior to sample acquisition, PD patients were evaluated by a

neurologist using UPDRS-Part V, (Modified Hoehn and Yahr staging score [217]), for the inclusion

purposes. On the contrary, the HC group was examined to ascertain that there was no movement

disorder that could affect handwriting. It is important to mention that the PD group attempted the

test in their ‘ON-state’ (dopaminergic medication (L-Dopa)). Demographics and clinical details

of test participants are summarized in Table 4.1. It contains the number of subjects in each group,

gender, mean and standard deviations of ages, disease durations and levedopa equivalent dosages

(LED). The table also contains an average UPDRS-Part V score of disease severity for the PD

group. Three subjects (1 PD, 2 HC) did not complete all tasks, hence their samples were excluded

during our evaluation, reducing the total number of samples to 72.

Table 4.1: Participants’ Demographics and Pre-test Clinical Diagnosis

Gender Number Age Duration UPDRS-V L-Dopa
Score Dosage

(Years) (Years) (mg/day)
Parkinson’s Disease Patients

Females 18 71.76±10.93 9.88±5.27 2.18±0.86 1146.03±543.89
Males 18 66.50±13.44 7.44±4.04 2.31±0.75 1673.38±616.66
All 36 69.21±11.10 8.70±4.82 2.24±0.80 1401.72±630.71

Healthy Controls
Females 17 61.59±10.17 - - -
Males 19 63.32±13.14 - - -
All 36 62.50±11.70 - - -

All subjects were instructed to attempt 8 graphomotor tasks as shown in Figure 4.2. The

template includes the conventional Archimedean spiral drawing alongwith seven handwriting based

tasks, all written in Czech language. The handwriting tasks include simple cursive letters like

repetitive l, a bigram le, and a trigram les. In addition to these, long words like lektorka, porovnat,

and nepopadnout are also employed. The attribute of a simple orthography is the contributing reason

for the selection of these words. All these tasks are without breaks and require long continuous

strokes on the writing surface, that are more suitable to capture effects like tremor and micrographia.

Lastly, a whole sentence task is also included (i.e. Tramvaj dnes uz̆ nepo-jede). By employing a

long sentence comprising of multiple words, analysis of pen-up measurements during the transitions

(breaks) between the words of the sentence, is made possible.

An Intuos 4M digitizing tablet (Wacom technology) was used to record signals of handwriting

samples. The tablet was overlaid with a white template paper and a conventional ink pen was used.

63



Figure 4.2: Graphomotor tasks employed in PaWaH database [75]
.

The raw data captured by the device includes the x- and y-coordinates of the pen position and their

time stamps at a sampling rate of 150 Hz. The device also recorded the units of pen pressure exerted

over the writing surface and angles (i.e., azimuth and altitude), representing the pen inclination.

Another value recorded by the device is the button status, which is a binary variable depicting

the pen-up and pen-down states. The status is 1 when the pen is on the surface, and 0 when the

pen is not touching the surface (which allows the acquisition of ‘in-air movements’, if required).

Figure 4.3 shows the recorded values of a sample task (i.e. Archimedean Spiral).

Figure 4.3: Signal values captured by the device while performing Task 1 (i.e. Archimedean Spiral).
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4.2.2 Data Preparation

The original PaHaW database does not include images, but separate files containing signal-based

measurements (mentioned in the previous section) for each task performed by a subject (PD/HC).

Since, we intend to exploit the visual features from these samples, the given information is used

to reconstruct static images of the completed responses for each task. Reconstruction of offline

samples from online signals is a common practice with datasets belonging to forensic writings [218–

221] and same can be employed in case of health related writing samples. To reconstruct a visual

image of the sample produced by the subject, x- and y-coordinates corresponding to all positions

where the pen is touching the writing surface are rendered. The coordinates are then normalized, the

x-coordinate is normalized to 0 (by subtracting the minimum value from every coordinate) while

the y-coordinate is normalized by subtracting the mean from each value, and plotted. Since the

sampling frequency is sufficiently high (i.e. 150 Hz), therefore connecting the plots of coordinates

of pen trajectories produces near realistic drawing traces (Dr), as shown in Figure 4.4.

Figure 4.4: Reconstructed images of templates produced by (a) a Healthy subject and (b) a PD
patient

.

Once the offline images are generated, we employ these to generate additional representations.

The prime objective of generating multiple representations of the raw input data is to enrich the
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resultant feature set. Multiple representations of raw images have several benefits in our proposed

technique. Some of these are listed below:

• Multiple representations enable us to highlight imperfections resulting from subtle muscular

dysfunctions, like tiny jerks and other irregularities, captured by the device while the tasks

are being performed.

• As discussed earlier, supervised machine learning methods require a large number training

examples which are usually not available in this domain. Multiple representations can provide

extra information regarding the input data that can be employed to enhance learning.

• Transforming raw data by applying different non-linear transformations can enrich represen-

tation of the data and consequently, enhances learning of rich features.

In light of the aforementioned benefits, we employ two representations in addition to raw data

i.e. ‘Median Filter Residual’ and ‘Edge Detection Filter Resultant’, as illustrated in Figure 4.5.

Selection of effective representation is vital for better classification. Both these representations

are selected keeping the prime objective in view, i.e. to capture better attributes for modeling

visual-motor deformations like tremor and micrographia. Brief details of the two representations

are discussed below.

Figure 4.5: Multiple representations of input data (a) Raw generated image (b) Median filter
Residual (Pixel values inverted for better visualization) (c) Edge detection filter resultant image
(Pixel values inverted for better visualization))

• Median filter residual (Dm): To compute the median filter residual, we apply a 3x3 median

filter on the raw image and then subtracted the raw image from the resultant filtered image.

The idea is to preserve high frequency imperfections that can model tremor-like irregularities.

• Edge detection filter resultant (De): Edges are known to contain useful information in most

cases. By applying linear convolutional filters in both vertical and horizontal directions, the

magnitude of the gradient is computed in a non-linear way. As a result, we obtain emphasized

edge information of the shapes.

Similarly, for each of the 8 tasks performed by every subject, corresponding three representa-

tions (Dr, Dm, De) are generated. It is worth mentioning that since signal values for each task are
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provided in separate files and thus after reconstruction, separate images for each task are available.

Therefore, segmentation is not required in this scenario.

4.2.3 Feature Extraction Using Pre-Trained ConvNets

As discussed in the previous chapter, feature extraction for deformation modeling is performed

by employing pre-trained ConvNets. Leveraging on the ability of a CNN to extract highly dis-

criminating features, we assume that CNN-based attributes will be able to characterize intra-shape

deformations (tremor and micrographia), required for PD diagnosis. Although the internal repre-

sentations of CNN layers are hard to decode, an intuitive guess can be made by visualizing the

output of various layers of the network. Figure 4.6, shows outputs of a random activation channel

after convolutional layer 3 on two input images of a spiral drawn by a healthy subject and a PD

patient. It is clearly seen that neurons of the same activation channel react differently to smoothly

drawn spiral edges and to irregular ones. This gives some indication that the network is capable of

learning discriminating features required for this problem.

Figure 4.6: Visualization of CNN based features (a) Input image drawn by a healthy subject
(b) Output of convolutional layer 3 (c) Corresponding activation channel showing neurons with
maximum activity (d) Input image drawn by a PD patient (b) Output of convolutional layer 3 (c)
Same corresponding activation channel showing neurons with very little activity

Figure 4.7 shows the proposed feature extraction and enhancement methodology. CNN-based

features are extracted from each of the three representations (Dr, Dm, De) of the input data,

independently. For this purpose, raw images and their corresponding multiple representations are

fed to three independent pre-trained CNN models (e.g. AlexNet). The basic notion behind the

independent extraction is to reduce combined feature noise, since all three representations are

inherently different. The original images are binary, while CNN models usually expect a three
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channel image as input. Therefore, we replicate the same image into all three channels before

feeding it to the ConvNet. The features extracted by the three independent pre-trained models are

then fused into a high dimensional combined feature vector. This is a kind of early fusion technique.

It is worth mentioning that in all our experiments, features extracted from the last layer before

softmax are employed. Therefore, the size of the feature vectors depends on the number of neurons

of the last fully connected layer (e.g. 4096 for fc7 layer of AlexNet). Same is repeated for each of

the 8 tasks performed by all subjects belonging to both groups (PD/HC).

Figure 4.7: Proposed feature extraction and enhancement methodology

4.2.4 Classification and Disease Prediction

As discussed earlier, due to the scarcity of training examples for both (PD/HC) groups, we did not

train the CNN models over these data, but rather used them only as feature extractors. The combined

feature vector of each task is therefore, used to train a dedicated machine learning classifier. As

discussed earlier, one of the incentives of selecting PaHaW database is that it contains multiple

graphomotor samples of an individual. This gives us an opportunity to train task-specific classifiers.

For instance, the resultant feature vectors of all spiral tasks of PD subjects and healthy controls are

employed to train a spiral classifier. Similarly, seven handwriting task-specific classifiers are also

trained. The proposed approach is different from the state-of-the-art, where features extracted from

all tasks are combined to train a classifier. The proposed approach has two major benefits:
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• Firstly, it allows us to study the impact of each graphomotor task on the classification

performance.

• Secondly, it enables our system to make the final decision based on majority voting.

Each classifier performs a binary classification (since there are two output classes (PD/HC)). It

is vital to mention that, despite training independent classifiers for each task, the entire sample of a

subject (PD/HC) is employed for training, as well as, testing. For instance, if spiral drawing of a

subject is employed to train a spiral classifier then the handwriting samples of the same subject are

employed to train the handwriting classifiers as well. Same is considered for a test sample. This

is necessary for the final decision regarding a subject. The objective at hand is to take task-level

decisions from multiple samples of the same subject. The outputs of the 8 classifiers in our system

form the decision vector d defined as d = [d1,d2,d3, ....,d8]
T , where di ∈ {c1,c2} and ci denotes

label of either of the class (i.e. PD/HC). In the next step, we apply voting based late fusion. This

strategy is suitable for a multiple classifier system, where each classifier gives a single class label

as an output, as considered in our proposed system. By varying parameters, we can adjust the

weightage given to number of tasks used for final diagnosis. The complete working of the system is

illustrated in Figure 4.8.

Figure 4.8: Complete schematic flow of the proposed methodology
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4.3 Experimental Protocol

In this section, we describe the experimental protocol designed to assess the effectiveness of our

proposed scheme for the identification of PD-related deformations from the graphomotor tasks of a

subject. The prime objectives intended from the validation are as follows:

• To determine the impact of multiple representations of the input data on the classification

performance

• To validate the effectiveness of our combined feature vector-based early fusion approach

• To observe the impact of individual graphomotor tasks on the proposed methodology

• To establish the effectiveness of our voting-based late fusion approach

• To compare the performance of CNN-based visual features with procedural features outlined

in state-of-the-art

• To compare the predictive performance of our proposed scheme in comparison with the

state-of-the-art

To achieve each of the aforementioned objectives, we employ 10-fold cross validation. This is a

common practice employed with small datasets, (such as PaHaW), to estimate model performance

and to determine the impact of overfitting. Distribution for each task considered in our study is pre-

sented in Table 4.2. Stratified sampling is employed to split the data to ensure equal representation

Table 4.2: Task-Wise Distribution of Samples for Each Class (PD/HC) in PaHaW

Task Description PD HC Total
1 Archimedean Spiral 36 36 72
2 Letter l 36 36 72
3 Bigram le 36 36 72
4 Trigram les 36 36 72
5 Word lektorka 36 36 72
6 Word porovnat 36 36 72
7 Word nepopadnout 36 36 72
8 Sentence Tramvaj dnes uz̆ nepo-jede 36 36 72

of each class in every fold. All experiments are conducted on a CUDA-enabled NVIDIA GPU.

4.3.1 ConvNet Model Architecture

It is important to establish that our prime concern is not to assess the impact of different pre-trained

models but to assess the applicability of CNN-based features to characterize PD associated visual-

motor deformations. Consequently, we have employed the convolutional base of AlexNet [199]

model as feature extractor in our experiments. AlexNet is one the earliest and popularly employed
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ConvNet model. AlexNet architecture consists of 5 convolution layers and 3 fully connected layers.

The input layer accepts an image of size (227 x 227 x 3). The first convolutional layer applies

convolution on the input images with 96 kernels of size (11 x 11 x 3). A stride size of 4 is employed

during convolution. The subsequent convolutional layer accepts the response-normalized and

pooled output of the previous layer as an input and applies convolution with 256 kernels of size

(5 x 5 x 48). Maxpooling is then applied on the output of the second layer and fed to the third

convolutional layer. This layer has 384 kernels of filter size (3 x 3 x 256). The output of this layer

is then fed to the fourth and subsequently fifth convolutional layer without an intermediate pooling

layer. The number of kernels in convolutional layers four and five are 384 and 256, respectively.

Fully connected layers fc6 and fc7 contain 4096 neurons each. The detailed architecture of AlexNet

model (till last layer before softmax) is described in Table 4.3.

Table 4.3: Detailed AlexNet Architecture Employed in The Experiment

Layer Type Input Filter Size & Number Stride Output
Data Input Data 227 x 227 x 3 - - 3 x 227 x 227
Conv1 Convolution 227 x 227 x 3 11 x 11 and 96 4 55 x 55 x 96
pool1 Max Pooling 55 x 55 x 96 3 x 3 2 96 x 27 x 27
Conv2 Convolution 27 x 27 x 96 5 x 5 and 256 2 27 x 27 x 256
pool2 Max Pooling 27 x 27 x 256 3 x 3 2 256 x 13 x 13
Conv3 Convolution 13 x 13 x 256 3 x 3 and 384 1 13 x 13 x 384
Conv4 Convolution 13 x 13 x 384 3 x 3 and 384 1 13 x 13 x 384
Conv5 Convolution 13 x 13 x 384 3 x 3 and 256 1 13 x 13 x 256
pool5 Max Pooling 13 x 13 x 256 3 x 3 2 256 x 6 x 6
Fc6 Fully Connected 6 x 6 x 256 - - 4096 x 1
Fc7 Fully Connected 4096 x 1 - - 4096 x 1

As mentioned earlier, AlexNet is originally trained on 1.2 Million images (with 1000 different

classes) of the ImageNet database. The network constructs a hierarchical representation of input

images. Deeper layers contain higher-level features, constructed using the lower-level features of

earlier layers. Together, the convolutional and down sampling layers serve as feature extractors

while the fully connected layers represent a trainable classifier similar to a standard multi-layer

neural network. For feature extraction, the softmax (classification) layer is removed and the

output of the last layer before the softmax layer (i.e. fc7) is extracted. This produces a 4096-

dimensional feature vector. Independently extracted 4096-D feature vectors from each of the three

representations (Dr, Dm, De) are then concatenated to form a 3x4096-D fused feature vector CF

for each task performed by a subject. CF is formulated by Equation 4.1, where C fr is the feature

vector extracted from raw image Dr, C fm is extracted from median residual image Dm and C fe is the

feature vector extracted from the edge image De.
⊕

is the concatenation symbol.

CF =
⊕

[C fr ,C fm ,C fe ] (4.1)
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4.3.2 Classifier Employed

The resultant feature vectors CN
Fi=1 extracted from N training samples of a task are then fed to the

task-specific machine learning classifier. In our experimentation, we use Support Vector Machine

(SVM) [186] for the purpose of classification. In general SVMs, work by constructing a separating

hyperplane between the two classes so that the minimal distance from the closest data points of

either class (PD/HC) is the largest. Test examples are predicted to belong to a class based on which

side of the hyperplane they fall. Since we are already employing high-dimensional non-linear data,

it is practical to use a linear kernel instead of a radial basis function (rbf) kernel, while training an

SVM. Radial basis function (rbf) is commonly employed to map features to a high dimensional

space to enhance learning, however, we believe that this may cause overfitting in our scenario.

Consequently, a linear kernel is employed in all our experiments.

4.3.3 Performance Metrics

The effectiveness of the proposed scheme is evaluated by computing the system accuracy for each

of the tasks separately and against each representation. Accuracy is also reported by combining the

feature vectors of the three representations (early fusion) as well as by combining the predictions

of the eight modalities through majority vote (late fusion). Furthermore, class-wise precision,

specificity and sensitivity values are also reported. Equations 4.2, 4.3, 4.4, and 4.5 define the

respective performance metrics in terms of True Positives (tp), False Positives ( fp), True Negatives

(tn) and False Negatives ( fn).

Accuracy =
tp + tn

tp + tn + fp + fn
(4.2)

Sensitivity =
tp

tp + fn
(4.3)

Speci f icity =
tn

tn + fp
(4.4)

Precision =
tp

tp + fp
(4.5)

4.4 Results and Analysis

In this section we present and analyze the empirical results obtained from our experimentation. As

discussed earlier, the main objectives of our experimentation are: (i) to determine the impact of

multiple representations independently and in fused form, (ii) to determine the impact of templates

(tasks) on the performance of the extracted features, (iii) to ascertain the effectiveness of the

voting-based decision method in our scenario, (iv) to assess the performance of CNN-based features

as compared to procedural features, and lastly, (v) to compare the performance of our complete

proposed scheme for PD identification with the state-of-the-art.
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4.4.1 Impact of Multiple Representations and Early Fusion Based Approach

Our first set of experiments is conducted to investigate the impact of each of the three input data

representations on the classification accuracy of a task-specific classifier. Table 4.4 reports the

accuracy of the system against individual representations for each of the 8 tasks. The values

reported represent average accuracy of ten runs with standard deviations. Independent comparison

of the performances of the three image representations under consideration suggests that median

filter residual images (Dm) and edge detector filter resultant images (De) outperform the raw

generated image representation (Dr), in all 8 tasks. This suggests that our hypothesis that both

transformations can characterize fine irregularities caused due to movement impairments is correct.

However, it is not conclusive which representation is better than the other. In some tasks median

filter residual outperforms edge detector resultant while in others edge detector resultant performs

better. For instance, in the spiral task both representations produce relatively same accuracies (i.e.

approximately 65%). In tasks l and le, (De) outperforms (Dm). In all the remaining tasks i.e. trigram

(les), words and sentence, (Dm) performs better than (De).

Table 4.4: Task-wise System Accuracies for Different Data Representations

Data Representation
Task Dr Dm De
Archimedean Spiral 0.57±0.05 0.65±0.06 0.65±0.09
Letter ‘l’ 0.53±0.09 0.55±0.10 0.57±0.09
Bigram ‘le’ 0.48±0.09 0.51±0.09 0.54±0.08
Trigram ‘les’ 0.50±0.11 0.57±0.09 0.55±0.07
Word ‘lektorka’ 0.49±0.10 0.58±0.07 0.52±0.11
Word ‘porovnat’ 0.46±0.08 0.49±0.09 0.48±0.08
Word ‘nepopadnout’ 0.54±0.07 0.64±0.07 0.60±0.05
Sentence 0.48±0.08 0.49±0.09 0.48±0.09

After determining the impact of all representations (Dr, Dm and De) independently, we now

present the results of the experiments carried out to validate the proposed early fusion-based

technique to enrich feature sets for training purposes. Different combinations of the three repre-

sentations are evaluated to select the best combination for the fusion vector CF . Four possible

combinations that can be formulated with the given three representations are expressed in Equa-

tions 4.6, Equations 4.7, Equations 4.8, and Equations 4.9, respectively. Experiments were carried

out by employing all these combinations and the results are summarized in Table 4.5. All experi-

ments were conducted following the 10-fold cross validation protocol.

CFr,m =
⊕

[C fr ,C fm ] (4.6)

CFr,e =
⊕

[C fr ,C fe ] (4.7)

CFm,e =
⊕

[C fm ,C fe ] (4.8)

CFr,m,e =
⊕

[C fr ,C fm , ,C fe ] (4.9)
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Table 4.5: Task-wise System Accuracies for Different Combinations of Data Representations

Data Representation
Task Dr +Dm Dr +De Dm +De Dr +Dm +De
Archimedean Spiral 0.67±0.08 0.70±0.05 0.65±0.08 0.76±0.08
Letter ‘l’ 0.55±0.12 0.52±0.08 0.50±0.09 0.62±0.08
Bigram ‘le’ 0.51±0.09 0.52±0.11 0.55±0.07 0.57±0.09
Trigram ‘les’ 0.54±0.07 0.52±0.08 0.57±0.05 0.60±0.08
Word ‘lektorka’ 0.54±0.08 0.52±0.11 0.51±0.09 0.60±0.07
Word ‘porovnat’ 0.50±0.09 0.49±0.09 0.47±0.06 0.51±0.09
Word ‘nepopadnout’ 0.65±0.06 0.59±0.06 0.63±0.08 0.68±0.07
Sentence 0.50±0.09 0.49±0.10 0.49±0.06 0.51±0.08

We first discuss the results of the combination of Dr and Dm on all tasks. In comparison to the

results presented in Table 4.4, it is evident that the combined feature vectors CFr,m extracted from all

8 tasks outperform individual Dr-only results. This reconfirms our prime hypothesis that multiple

representations provide additional information as compared to raw data, in this scenario. On the

contrary, the comparison of the results with Dm-only and De-only experiments show a mixed trend.

An overall improvement in classification results is observed in tasks like the Archimedean spiral,

words (porovnat and nepopadnout), and the sentence, when compared with both Dm-only and

De-only outcomes. However, in case of the trigram les task, CFr,m observes a drop in the accuracy as

compared to the ones obtained by the Dm-only and De-only experiments. The results of the given

combination in letter l and bigram le remain approximately the same as Dm-only, however, when

compared with the outcomes of De-only, a decrease in accuracy is observed. For the word lektorka,

the combination outperforms De-only but observes a decrease as compared to Dm-only outcomes.

For the second combination (Dr +De) represented by CFr,e , it is observed that accuracies in all

tasks improve when compared with Dr-only, except for letter l. While comparing with the results of

Dm-only, we observe a decrease in accuracies of tasks letter l, trigram les, and words (lektorka and

nepopadnout) and an increase in the Archimedean spiral and bigram le. No effect is observed on the

outcomes of word porovnat and the sentence task. Finally, we compare the outcomes of CFr,e with

De-only results and observe an increase in the Archimedean spiral, word porovnat and the sentence

task. A degradation in performance is observed in all other tasks except for the word lektorka

which shows no significant difference. While comparing the results of the two combinations CFr,m

and CFr,e , we notice that CFr,m outperforms CFr,e in all tasks except the Archimedean spiral and the

bigram le task.

We now evaluate the performance of the third combination (Dm +De) represented by CFm,e on

all tasks. As expected, the accuracies of the CFm,e combination increase as compared to Dr-only

results (except in letter l task). However, while comparing with Dm-only outcomes, a decrease in

performance is observed in the letter and word tasks. An improvement in bigram task is observed,

while no significant changes are seen in the spiral, trigram and sentence tasks. When compared with

the De-only outcomes, there is an improvement the performance of tasks like bigram, trigram, word

nepopadnout and the sentence task, while the spiral shows no difference. Classification accuracies
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decrease in task of letter and the two words lektorka and porovnat. When the results of CFm,e are

compared with CFr,m , it is noticed that the performance decreases in all tasks except the bigram and

the trigram. A similar trend is observed while comparing CFm,e and CFr,e , where only the results of

bigram, trigram and word nepopadnout improve and the rest decrease. The sentence task shows no

effect in this comparison.

Finally, we compare the performance of the last combination CFr,m,e , where the feature vectors

from all three representations (Dr, Dm, De) are combined. Contrary to the other combinations

discussed in this analysis, we observe a steady improvement in all tasks as compared to the

performance of the independent representations. Similar trends are observed while comparing the

results of the three combinations CFr,m , CFr,e , and CFm,e with the outcomes of CFr,m,e . This validates

the effectiveness of our proposed early fusion-based approach where we hypothesized that CNN-

features extracted from all three representations of the input data can be combined to achieve

enriched feature sets, that can enhance the learning of each task-specific classifier.

To establish the statistical significance of each of the three representations of input data and their

combined approach, we employed some statistical tests on our empirical results. We first employed

the non-parameteric ‘Friedman pre-test’ [222] to analyze the performance of each representation

independently and then in the combined form. The test ranks different scenarios based on their

performance, for instance the best performance is ranked 1 and so on. In case of a tie, the two

scenarios are assigned an average rank. The Friedman statistic is then computed as a function of

the average rank of all scenarios which is computed by means of the Equation 4.10.

X2
F =

12N
k(k+1)

(
k

∑
j=1

R2
j −

k(k+1)2

4
) (4.10)

Where R j is the average rank of scenario j, N is the number of experiments (i.e. N = 10 for

10-cross validation in our case) and k is the number of scenarios (i.e. k = 4 for three independent

representations and one combined state). An improved version of the Friedman statistic is generally

employed [223], which is given by Equation 4.11.

FF =
(N−1)X2

F

N(k−1)−X2
F

(4.11)

According to Friedman pre-test, our Null hypothesis stated that all scenarios have an identical

impact on the performance of the classifier. The alternate hypothesis suggested that at least one

scenario has a different impact on the classification than at least one other scenario. The results

of the Friedman pre-test rejected the null hypothesis that all scenarios are equally effective. As a

consequence, Nemenyi post-hoc test [224] was performed to determine the difference between the

impacts of the three representations independently and in a combined state. The test computes a

Critical Difference (CD) that is used to determine whether the distance between the average ranks

of a pair of scenarios is statistically significant. For instance, if the difference between the mean

ranks of two scenarios is greater than CD, there exists a significant performance difference between

the two. The results of the Nemenyi test are presented in Figure 4.9.
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Figure 4.9: Performance comparison of individual representations (Dr: Raw Image, Dm: Median
Residual Image, De: Edge Image) & combined CFr,m,e approach using Nemenyi pairwise statistical
test

We first discuss the results of independent representations. It is observed that by employing the

proposed non-linear transformations on the raw input data, significant improvement of classification

results is obtained. This further supports our original hypothesis that the proposed representations

can capture rich deformation-specific features across all tasks, as compared to raw-only data.

However, the test shows that the performance difference between the two non-linear transformations

is not significant. The statistical significance of the proposed early fusion-based technique is also

established by means of the Friedman pre-test and the Nemenyi post-hoc test in the same manner. It

can clearly be observed in Figure 4.9 that the combined approach achieves a statistically significant

improvement in the classification of all tasks as compared to individual approaches. Thus, validating

the effectiveness of the proposed early fusion technique.

4.4.2 Impact of Graphomotor Tasks and Ensemble Approach

Task-wise deformation classification has been an important consideration in our proposed method-

ology. As discussed in the literature review, the selection of task/template during feature extraction,

plays a vital role in the performance of the particular feature set during classification. Task-wise

performances achieved by features extracted from the three representations independently and in

the fused state are presented in Table 4.6.

Table 4.6: Task-Wise Performance using Individual & Combined Representations

Data Representations
Task Dr Dm De Dr +Dm +De
Archimedean Spiral 0.57±0.05 0.65±0.06 0.65±0.09 0.76±0.08
Letter ‘l’ 0.53±0.09 0.55±0.10 0.57±0.09 0.62±0.08
Bigram ‘le’ 0.48±0.09 0.51±0.09 0.54±0.08 0.57±0.09
Trigram ‘les’ 0.50±0.11 0.57±0.09 0.55±0.07 0.60±0.08
Word ‘lektorka’ 0.49±0.10 0.58±0.07 0.52±0.11 0.60±0.07
Word ‘porovnat’ 0.46±0.08 0.49±0.09 0.48±0.08 0.51±0.09
Word ‘nepopadnout’ 0.54±0.07 0.64±0.07 0.60±0.05 0.68±0.07
Sentence 0.48±0.08 0.49±0.09 0.48±0.09 0.51±0.08
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It can be observed that Archimedean spiral reports highest accuracies across all three data

representations (i.e. approximately 57% on raw images and 65% using median residual and edge

resultant images). Same trend can be observed with the fused feature approach as well, where

features extracted from all three representations of spiral task are combined to yield a classification

accuracy of approximately 76%. This shows that visual features extracted from samples of

Archimedean Spiral drawings provide better results than those extracted from handwriting tasks.

Effectiveness of the Archimedean spiral task in visual analysis can be attributed to the fact that

it is specifically designed to capture motor dysfunctions like tremor and micrographia. Amongst

the remaining 7 handwriting tasks, it is observed that visual features extracted from the word

nepopadnout, produce best classification accuracies. The length of the on-surface continuous

stroke/movement can attribute to the effectiveness of the long word task in capturing the relevant

features. Handwriting tasks with upward strokes or rising edges like l, le, les and lektorka produce

relatively similar results. However, the word porovnat produced least effective results like the

sentence task.

As expected from the literature review, varying impact of the tasks is observed in our proposed

method as well. To overcome this limitation, we proposed a voting-based ensemble approach where

decisions of each task-wise classifier contribute to the final prediction. As expected the classification

results in all scenarios (i.e. individual and combined input representations) improved by employing

the decisions of all tasks. This is contrary to the approach proposed in the state-of-the-art, where

features from all tasks are combined to train a single classifier. The combined feature approach

for all tasks can result in a detrimental performance due to the varying impact of graphomotor

tasks on the effectiveness of same features. Therefore, we believe that instead of combining the

features of all tasks, task-wise decisions may be employed to produce the final outcome. The

ensemble of all task-wise decisions using majority voting results in improved accuracies in all

scenarios (i.e. individual representations and combined), as shown in Table 4.7. We also carried out

Table 4.7: Performance Results of Voting Based Ensemble Approach

Data Representations
Metric Dr Dm De Combined
Accuracy 0.58 ± 0.07 0.68 ± 0.07 0.66 ± 0.07 0.83 ± 0.09
Precision 0.64 ± 0.13 0.67 ± 0.05 0.75 ± 0.19 0.89 ± 0.12
Sensitivity 0.55 ± 0.13 0.69 ± 0.14 0.72 ± 0.14 0.84 ± 0.14
Specificity 0.64 ± 0.07 0.65 ± 0.13 0.63 ± 0.24 0.82 ± 0.15

statistical investigations to evaluate the performance of our scheme on various tasks. The statistics

computed by the Friedman pre-test state that performance of our proposed scheme on individual

tasks is significantly different. As a result Nemenyi post-hoc test was performed. The results of

Nemenyi post-hoc test are summarized in Figure 4.10. It is clearly seen that fusing decisions of

all tasks based on majority voting significantly outperforms individual task-wise classification

(with an exception of Task 1). While considering effectiveness of individual tasks, it is seen

that classification performance of Task 1 (Archmidean Spiral) and Task 7 (word nepopadnout)

is statistically better than the rest of the handwriting tasks. Same observations were made while
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conducting the experiments suggesting that static visual features can capture effective information

from templates which support on-surface continuity. Task 8 and Task 6 have the least impact on the

performance of the system. Although Tasks (2, 4 & 5) perform significantly better than Task 8 and

Task 6, there is no significant difference between their own performances.

Figure 4.10: Performance comparison of tasks using Nemenyi pairwise statistical test

Since we are applying our proposed deformation estimation methodology to discriminate

between samples of healthy controls and PD patients, it is important to determine the sensitivity

and the specificity values in addition to overall classification accuracies. As discussed in the earlier

sections, sensitivity measures the ability of the proposed methodology to correctly identify PD

samples, while specificity measures the ability to correctly identify healthy controls. Both are

important parameters in any medical diagnostic system. Table 4.7 shows an 84% sensitivity rate of

the proposed scheme with early fusion of features from all three representations and a late fusion of

decisions from all tasks. Similarly, a specificity rate of 82% is achieved by the proposed scheme.

Since the dataset is balanced and has equal representations for each class in the training and test

groups, the results reveal equally effective performance for the identification of both classes. Our

proposed methodology also achieves an 89% precise identification results.

4.4.3 Comparative Analysis

The effectiveness of a proposed methodology is best established by a comparison with the state-

of-the-art. Due to this reason, we have also performed a performance comparison of our scheme

with the existing literature. Since we have employed the PaHaW database for the assessment of our

proposed deformation identification methodology, therefore a meaningful comparison can be made

with studies that employ the PaHaW database under similar experimental protocol (i.e. tasks, cross

validation and classifier). Table 4.8 enlists the prominent studies discussed in the literature review

that have also worked on the same dataset.
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Table 4.8: Performance Comparison with Studies Employing PaHaW Database

Study Features Analysis Accuracy
Drotar et al.
(2013) [69]

On-surface kinematic and temporal
features from all tasks are combined

Procedural 79.4%

Drotar et al.
(2013) [70]

In-air features from all tasks are
combined

Procedural 80.09%

Drotar et al.
(2014) [82]

Both On-surface and In-air features
from all tasks are combined

Procedural 85.61%

Drotar et al.
(2015) [84]

On-surface non-linear dynamic fea-
tures from all tasks are combined

Procedural 88.13%

Drotar et al.
(2015) [104]

Energy, entropy, NCP, writing
length, duration, writing length, du-
ration, stroke (height/width)

Procedural AUC
(89.09%)

Drotar et al.
(2016) [75]

Pressure and kinematic features
from all tasks are combined

Procedural 81.3%

Mucha et al.
(2018) [78]

Fractional derivative based kine-
matic features from Archimedean
spiral

Procedural 70.55%

Impedevo et. al
(2018) [83]

Kinematic, spatio-temporal and non-
linear dynamic features from all
tasks are combined

Procedural 71.33%

Proposed Tech-
nique

CNN-based visual features from
multiple representations of each
task are combined

Visual 83%

We first compare the performance of the proposed scheme against the common practice of

fusing features from multiple tasks. As discussed earlier, combining features from all tasks can

result in lower accuracies due to the varying impact of the tasks being employed. As a consequence,

we proposed an ensemble of combining decisions of different tasks rather than combining features.

It can be observed that with few exceptions ([82, 84, 104]) the proposed approach outperforms

most of the techniques that rely on fusion of features.

Another interesting observation is that in comparison to popular procedural analysis based

techniques, our proposed CNN-based enriched features provide comparable results. This is a

significant contribution, since the insufficiency of existing visual features was the reason that led

the researchers to explore the potential of new modalities. Although the reported performance is

some cases is higher than that of ours, these procedural features rely on online information in the

tasks which requires specialized hardware for sample acquisition. We, on the other hand, propose

visual features for this problem which can be extracted directly from images of various tasks.

Comparative review of the outlined studies also reveals some other interesting trends. For

instance, in almost all the studies that employ dynamic features (kinematic, pressure, non-linear

dynamics and neuromotor), the least effective classification results are reported with the spiral task.

Drotár et al. in [75] report that no statistically significant kinematic features could be extracted

from the Archimedean spiral. On the contrary, pressure features reported in [75] showed potential,

nonetheless, the performance was least effective as compared to other tasks. This is contrary to

the results reported in our experiments, where the spiral task outperformed the rest. As discussed
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earlier, Archimedean spirals are designed to capture visual-motor deformations like micrographia

and tremor which are better analyzed using visual analysis based techniques as compared to

procedural analysis based techniques. Another interesting observation is that in almost all these

studies, the sentence task produced the best results. This is again contradicting with the outcomes

of our experiments, where the sentence task produced the least effective results. The sentence

task does not represent continuous on-surface movements but rather measures intermediate pauses

between words. This is a procedural analysis-specific task where in-air movements produce the

most effective analysis. On the contrary, the relatively less effective performance of the CNN-based

features in the sentence task can be attributed to the fact that handwriting tasks comprising of

varying length characters or intermediate pauses between words are not suited to capture the effects

of micrographia. Due to this reason least effective accuracies are observed in the sentence task in

our experiments.

While most of the work done in PD identification comprises procedural analysis based tech-

niques, nonetheless, there are some attempts in the literature that address the problem from a

visual analysis based perspective. These include the works of Pereira et al. [49, 50, 105] and

others like [81] on the HandPD [49] dataset. The results reported in these studies are outlined

in Table 4.9. Though primarily all our experiments are conducted on the PaHaW dataset, for

comparison purposes, we also evaluated the performance of CNN-based visual features on the

samples in the HandPD dataset. It can be observed from Table 4.9 that our proposed technique

outperforms those employing hand-crafted visual features. The technique in [105] employs CNNs

but the authors do not analyze drawn tasks. Instead, the pen-based signals captured using a smart

pen are plotted and are fed to a 3-layered CNN model. Again, our proposed method reports better

performance as opposed to that of [105] validating the ideas put forward in this study.

Table 4.9: Performance Comparison with Visual Analysis Based Techniques (HandPD Dataset)

Study Subjects Task Technique Result
Pereira et al. Archimedean Nine static features including
(2015) [49] 55 spiral Mean Relative Tremor are computed 75.8%

and analyzed using SVM
Pereira et al. Archimedean Pen-based signals are
(2016) [105] 35 spiral converted into 2D images 87.14%

and used to train an 3-layered CNN
Senatore et al. Archimedean Same set of nine static features
(2019) [81] 92 Spiral are extracted as in [49] 76.6%

and analyzed using CGP
Proposed Archimedean CNN-based visual features from
Technique 92 Spiral multiple representation of each 92.47%

task are combined and analyzed
using ensemble SVM
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4.5 Summary

This chapter investigated the effectiveness of visual attributes in identification of visual-motor

dysfunctions associated with Parkinson’s Disease (PD). While the existing literature primarily

targets kinematic, pressure, spatio-temporal, non-linear dynamic and neuromotor features, we

exploit the visual attributes of handwriting. The idea is not to deny the effectiveness of the

rich online features but to manifest the fact that visual information in handwriting can still be

effectively employed for this problem. Due to this reason, we employed a popular database PaHaW

that is commonly used to assess the performance of various online features. To apply a visual

analysis based technique on the online samples, we first converted them into static images by

ploting on-surface pen positions captured by a digitizer tablet. Multiple representations of the

raw generated images are then produced by employing non-linear transformations sensitive to

minute imperfections. The feature set is enriched by combining resultant feature vectors of multiple

representations into a single vector. Enriched feature vectors are then used to train a dedicated binary

classifier (SVM in our case), which classifies the sample as healthy or PD. Multiple graphomotor

samples of a subject are employed and majority voting-based late fusion approach is used to

determine the final outcome. The proposed ensemble approach is different from the existing all

task feature fusion-based approach that can effect the performance of the combined features due to

the varying impact of different templates.

We designed an experimental protocol to first ascertain the effectiveness of multiple repre-

sentations and the combined early fusion-based approach. We then determined the impact of

various graphomotor tasks on the performance of our proposed features and validated the use of

a voting-based late fusion approach, where decisions of task-specific classifiers are combined to

predict the final outcome. The empirical results are also validated by means of statistical analysis.

Finally, we compared the performance of our proposed methodology with the state-of-the-art.

The comparative analysis not only validated the effectiveness of our proposed methodology but

also provided some interesting insights. It is evident that visual features can be enriched by the

use of multiple representations of raw data. Furthermore, various templates have significantly

different impact on the predictive performance of our methodology. Therefore, the choice of an

appropriate template is highly correlated with the type of features (offline/online) being extracted.

An interesting observation in this regard is the fact that our proposed technique performed best

on the standard template (Archimedean spiral) used by the practitioners as compared to the non-

conventional templates employed in most studies. This supports our initial hypothesis that our

proposed technique can reduce the gap between conventional practices and modern technologies.
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Chapter 5

Identification of Visual-Perceptual
Deformations - An Application to
Scoring of Bender Gestalt Test (BGT)

5.1 Introduction

In this chapter, we present the detailed application of our proposed deformation modeling scheme

for the identification of visual-perceptual deformations. Both handwriting and drawings can be

employed as psychometric tools for measuring the perceptual orientation of an individual. However,

studies [225, 226], suggest that drawing being a multi-componential process can be affected by

a wide variety of brain lesions. Furthermore, drawing-based tests are preferred amongst pre-

school and primary children. Unlike handwriting, drawings are not affected by linguistic barriers

and do not rely on literacy. Consequently, as discussed previously, we employ the analysis of a

popular drawing-based test, the Bender Gestalt Test (BGT) [22], as our case study to identify the

visual-perceptual deformations. Preliminary details on BGT test and the corresponding scoring

have already been introduced in Chapter 1. In the current chapter, we provide the details of

the proposed methodology and the samples being employed in Section 5.2. The experimental

protocol is described in Section 5.3 and the results alongwith their detailed analysis are presented

in Section 5.4. Finally, Section 5.5 summarizes the chapter.

5.2 Proposed Methodology

Challenges in computerized scoring of BGT samples (outlined in Chapter 1 reveal that hand-crafted

features and a heuristic-based analysis will prove to be insufficient in modeling the wide variety

of errors across multiple shapes. This observation was also validated by one of our pilot stud-

ies [27] where we strived to model the deformations using shape-specific geometric features. A

heuristic-based technique to analyze the clinical deformations led us to the conclusion that such

an approach is too tailored and despite being exhaustive, it will not be sufficient to model all
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possible deformations that are observed by clinical practitioners (Preliminary findings summarized

in Appendix C). Consequently, a deep learning-based approach is adopted for the analysis of BGT

responses, an overall schematic flow of the methodology being presented in Figure 5.1.

As described earlier, BGT samples comprise multiple shapes drawn on a single sheet of

paper. However, clinical analysis is performed on individual shapes. Due to this reason, our

proposed methodology also treats a single sample as comprising of nine independent tasks, (similar

assumption was made in the previous case-study). However, there are certain differences in

both scenarios due to the nature of the samples (online/offline) and the analysis criteria under

consideration. In the current study, offline BGT samples are being employed and hence, it requires

pre-analysis segmentation of individual shapes. Furthermore, since Lacks’ deformations are shape-

specific, therefore, shape recognition is also an important pre-processing step. Once recognized,

each BGT shape is then analyzed for a particular deformation, if applicable. All nine shapes

are assessed for multiple deformations, thus we train deformation-specific classifiers capable

of analyzing multiple shapes for the existence of a specific deformation. A decision vector is

maintained for each shape of a sample containing the outcomes (error (1)/no-error (0)) of each

deformation-specific classifier.

An interesting aspect of clinical BGT scoring is that the existence of a particular deformation

is counted only once despite of it being present in all nine shapes. In other words, the frequency

of the error is not important at sample level. The rationale behind this is the widespread use of

BGT across multiple age groups, and hence, drawing ability of subjects may vary due to extraneous

factors. Some shapes might be difficult for one subject to draw, while easy for another, simply due

to the difference of age. By including several templates designed to capture the same deformation,

chances of missing an indicator or counting redundant deformations is avoided. Based on the same

scoring criteria, our proposed scheme combines the decisions of all nine shapes of a sample by

employing logical OR, (i.e. even if the error exists in multiple shapes, it will still be considered as

one for the sample). The final score is computed by counting the number of deformations present

in the sample out of all eleven indicators. Generally, a cut-off value is employed by the practitioner

to determine the severity of a disorder. For instance, for a value of 5, if the number of deformations

is ≤ 5, the sample is considered ‘normal’, else otherwise. The threshold value can vary depending

upon the target group. To facilitate practitioners, we compute a score but leave the prognosis

for the expert. Consequently, we design our experimental protocol to evaluate the deformation

classification performance of our methodology, rather than disease diagnosis.

5.2.1 Sample Acquisition and Ground Truth Labeling

To the best of our knowledge, there is no publicly available dataset of BGT drawings. Due to

this reason, scored BGT drawing samples of 60 children (30 male / 30 age-matched females)

are collected from the Department of Professional Psychology at Bahria University Islamabad,

Pakistan. All participants were originally enrolled in a research study regarding learning disabilities

in children, being conducted by the Department of Professional Psychology, in collaboration with a
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Figure 5.1: Proposed system architecture for deformation modeling and classification of BGT
shapes: (a) Individual segmented shapes from each BGT sample are given as input, (b) Features
extracted from each shape are fed to a classifier to determine the shape class, (c) Recognized
image is then fed to each deformation network to determine the presence of the corresponding
deformation, (d) Decision vectors from each sample are used to generate the final score.
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local school. All participants were screened for learning disabilities using a test battery consisting of

three tests, i.e. Bangor Dyslexia Test (BDT) [227], Wide Range Achievement Test-4 (WRAT-4) [228],

and Bender Gestalt Test (BGT). Since in our study, we are only focusing on BGT test, therefore,

only the samples and the scores of BGT test are acquired. According to Lacks’ scoring criteria,

the maximum attainable score on a BGT test is eleven, while the minimum score is zero. An

accumulated score of 5 is commonly considered as a cut-off, while a higher score is an indication of

a possible dysfunction. The same criteria is considered for the inclusion of the subject population

into the patient group (i.e. BGT score >5). All participants with BGT scores ≤ 5 are included in

the control group.

As mentioned earlier, the objective of our study is not to diagnose learning disabilities or to

validate the effectiveness of the BGT test for its diagnosis. Instead, we are targeting the identification

of visual-perceptual deformations in the BGT samples of both healthy/diseased subjects. As evident

from the score ranges of both groups (i.e. range of the scores obtained in the control group is

[0-5], while that in the patient group is [6-11]), an overall healthy score (≤ 5) also contains some

deformations (unless BGT score = 0). Similarly, the samples of children with disabilities can also

contain some drawings without any perceptual deformation. Therefore, to achieve an overall score

we must first be able to identify the type of perceptual deformations across all the shapes of a

sample belonging to either group. Samples of children with learning disabilities were collected only

to increase the probability of obtaining maximum training examples for each type of deformation.

Table 5.1 outlines the demographic and education level data of the participant groups along with

their mean BGT test performance scores.

Table 5.1: Demographic, Education and BGT Performance Levels of the Participants

Gender Number Mean Age [Years] Education Level [Grade] Mean BGT Score
Patient Group

Males 15 13.2 ± 2.0 6-10 8.46 ± 1.98
Females 15 12.7 ± 2.2 6-10 8.20 ± 2.01

All 30 12.9 ± 2.1 6-10 8.33 ± 1.99
Control Group

Males 15 13.6 ± 2.1 6-10 2.26 ± 1.48
Females 15 12.9 ± 2.5 6-10 2.02 ± 1.40

All 30 13.2 ± 2.3 6-10 2.14 ± 1.44

The samples are digitized by means of a scanner, while the scores are recorded as well.

Both shape-specific deformation scores and the final sample-wise cumulative scores are provided.

Nevertheless, our prime concern is the former.

5.2.2 Data Preparation

In order to keep the original test conduction protocol, our proposed system is designed to take

offline scanned images of the test samples produced by the subjects (healthy/patient) as raw

input. An important consideration at this stage was to decide whether to give the complete image

containing multiple templates as an input or to provide each template response separately. As
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discussed in the previous section, deformations can be shape specific and therefore, analysis must

be performed shape-wise. Due to this reason, pre-segmented shapes of a sample are given as input

to the deformation-specific classifier. To achieve this, we attempted two automatic segmentation

techniques; one based on image processing and gestalt theory, while the other is based on deep

learning. A brief discussion of both is provided in the following sections.

5.2.2.1 Image Processing Based Segmentation

The proposed technique groups the original nine gestalt shapes into three groups based on their

perceptual similarities, as shown in Figure 5.2.

• Group A: This group consists of the BGT shapes A, 7, and 8. All three are closed shapes as

shown in Figure 5.2-a.

• Group B: This group consists of the BGT shapes 4 and 6. These shapes are formed by

continuous strokes of maximum length, as shown in Figure 5.2-b.

• Group C: This group consists of the BGT shapes 1, 2, 3, and 5. The primitive components

of these shapes are disconnected dots or small circles drawn close to each other, as shown in

Figure 5.2-c.

Figure 5.2: (a): Group A - Enclosed shapes (b): Group B - Shapes formed by solid lines (c): Group
C - Shapes formed by dots or small circles/lines [229]

Due to the inherent attributes of each group, separate segmentation approach is required. The

proposed technique has several benefits, firstly it allows us to segment each group separately

thus reducing the impact of cluttering and noise, secondly it enhances localization by removing

easier groups from the original sample in a hierarchical manner and leaving behind the most

complex group i.e. Group C (shapes formed by disconnected dots or small circles/lines) for the last.

Figure 5.3 shows the schematic order of the proposed segmentation technique. It can been seen in
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Figure 5.2-a that Group A consists of three BGT shapes (A, 7, 8), all having a common attribute

of enclosure. The area enclosed by these shapes is relatively greater than that enclosed by small

circles of Group C. Leveraging the difference of enclosed area, we first isolate the shapes of Group

A by applying various morphological procedures. After localization, we map the coordinates of the

bounding boxes onto the original image and extract the required shapes of Group A. These shapes

are then removed from the original image and we proceed to the extraction of the shapes in the next

two groups.

Figure 5.3: (a) Detection and segmentation of Group A shapes using morphological operations from
original sample (b) Detection and segmentation of Group B shapes using connected component
area (c) Detection and segmentation of Group C shapes using K-mean clustering

Group B consists of shapes which are formed by solid lines but are not enclosed, as shown

in Figure 5.2-b. After removal of Group A, these two shapes are characterized by a common

distinguishing attribute i.e. relatively much larger size than the remaining components. Therefore,

in order to segment this group, we first determine a threshold area so that all components greater
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than the threshold are localized while smaller ones are removed. For this purpose, areas of all the

connected components are computed and the median area is determined. It is observed that desired

(Group B) components are much larger in size than the rest. As a consequence, the threshold area

AT is determined by α ∗Am, where α is a constant value and Am is the median of all computed

areas. Once all components with area greater than the threshold are localized, we extract the shapes

from the original sample.

After removing the first two groups, only the shapes of Group C are left in the sample. Each

shape consists of a large number of small sized separate components. As a result, detection and

segmentation of this group is considerably more challenging than the previous two groups. It is

observed that in most cases a subject simplifies the shapes consisting of circles by replacing them

with dots or dashes and vice versa. Consequently, primitive shape features cannot be used to detect

any of these shapes. Moreover, counting the number of connected components in each shape is

not beneficial either, as different shapes may have approximately the same number of components

and subjects may not always draw the shapes correctly. An appropriate feature for the detection of

these shapes is the distance between its primitive components. Ideally, the connected components

within a particular shape must be closer to one another as compared to the components of other

shapes. Based on this hypothesis, we carry out k-means clustering on the spatial coordinates of

the center of gravity of the components with k = 4. In most cases, acceptably good clustering is

observed. The resulting clusters are then treated as shapes and are segmented from the image.

The details of the proposed technique are published in [229]. The technique proved effective in

segmenting Group A and Group B shapes, however did not perform well on Group C due to the

degree of deformations introduced by the subjects. The results of the experiments are reported in

Appendix D for reference.

5.2.2.2 Deep Learning Based Segmentation

Recently, convolutional object detectors like ‘Faster Region-based Convolutional Neural Networks

(Faster R-CNNs)’ [230], ‘Single Shot Multibox Detector (SSD)’ [231] and ‘Region Based Fully

Convolutional Networks (R-FCNs)’ [232], have gained much popularity in automatic object

localization and detection. Nevertheless, these meta-architectures have not yet been evaluated for

the localization of hand drawn shapes and sketches, especially in the domain of neuropsychological

drawings. To improve automatic segmentation of all BGT shapes, we evaluated the performance of

various convolutional object detectors on the BGT samples. Figure 5.4 shows the detection of BGT

shapes using convolutional object detectors. The details of the experimentation are reported in [233],

while results are presented in Appendix D. As expected, the convolutional object detectors are able

to detect target shapes (even with significant deformations) in a cluttered sample. Furthermore, an

apt combination of ConvNet detector and feature extractor is capable of detecting even the most

challenging shapes (i.e. shapes of Group C) which are otherwise difficult to localize as a whole

object.

Despite the success of either of the two segmentation techniques evaluated during our study, it

is important to avoid any mis-classification introduced due to segmentation errors. Therefore, all
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Figure 5.4: (a) Example of Multi-Object Sketch Detection Using Convolutional Object Detectors (a)
BGT Training Sample with Ground Truth Bounding Boxes (b) BGT Test Samples with Cluttering
and Shape Deformations

automatically segmented shapes are first manually inspected. In case of incorrect segmentation,

the sample or the particular shape is then manually cropped to ensure correct segmentation.

Consequently, the results of automatic segmentation of BGT shapes are not considered in overall

performance evaluation of the proposed deformation modeling and estimation methodology. Hence,

the input to the system are all the pre-segmented constituent shapes I1, I2, ..., IN where N = 9, of an

offline BGT sample.

5.2.3 Shape Recognition

Shape recognition is a vital step in the analysis of a multi-object test like BGT, as deformations are

highly shape specific (as discussed in Lacks’ scoring system). Although the BGT test comprises

of only nine shape classes, nevertheless, since the test is designed to screen visual-perceptual

dysfunctions, therefore, shapes drawn by subjects can range from mildly to highly deformed.

This makes automatic shape recognition a challenging task. Initially, in our pilot study [229], we

explored the potential of ‘Shape Context Descriptors’ [234] for shape recognition (Figure 5.5). The

detailed results are provided in Appendix E.

Later, in another pilot study [235], we evaluated the performance of CNN-based shape recogniz-

ers for the classification of the nine BGT shape classes. As expected, CNN-based features proved to

be more robust than the high-level shape descriptors, therefore, we employ the same in this study as

well. As discussed earlier, due to limited training samples, we use a pre-trained convolutional base

as a feature extractor for deformation modeling. Same is considered for shape recognition purposes

also. Each input image I1, I2, ..., IN of a given sample is fed to the feature extractor after resizing to

match the input layer of the respective ConvNet employed. The extracted features are then used

to train a machine learning classifier (e.g. SVM, LDA, etc.), which then predicts the shape class

label (L1,L2, ...,LN), where N = 9. We conduct an in-depth empirical analysis on the performance
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Figure 5.5: Matching of shapes (a) Original shapes (b) Sampling points (c) Correspondences [229]

of various pre-trained ConvNets in combination with a number of classifiers, to determine the

best CNN-classifier combination for the BGT shape recognition task. The architectural details of

the pre-trained ConvNets and the hyper-parameter specifications of the classifiers employed are

presented in the experimental protocol section.

5.2.4 Deformation Modeling and Classification

The conceptual model of our proposed deformation classification module is illustrated in Figure 5.1-

c. In order to model deformations, we again employ CNNs to extract deformation-specific features

which are then used to train a classifier. The outcome of the classifier is a binary decision regarding

the presence/absence of a particular deformation. The main design issue in this module was to

decide whether:

• To train a generic model for each deformation across all shapes, for instance, one network to

model the rotation error across all BGT shapes or,

• To train individual shape-specific deformation models (i.e. separate rotation models for each

of the nine BGT shapes)

However, to avoid similar customization that is criticized in tailored rule-based approaches,

a generic model for each deformation across all the shapes is designed to provide generality.

Another reason to avoid a shape-specific deformation modeling approach is the scarcity of training

data for a particular deformation across all templates. To overcome this issue and to further

enhance representations, we employ augmented data customized specifically to represent a certain
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deformation. The details of our deformation-specific augmentation techniques are discussed in

the subsequent sections. Once all the deformation models are trained, we feed the recognized

shapes with shape labels (from the shape-recognizer module) ((I1,L1),(I2,L2), ...,(IN ,LN)) to our

proposed deformation classification module. The module consists of all the deformation-specific

networks (N1,N2, ...,NM), where M = 11. Each input shape is assessed independently by all of the

applicable deformation networks. The decision from each deformation model is then stored in

a decision vector. Each decision vector consists of the results (error (1) / no-error (0)) of all the

deformation models applicable to the particular BGT shape.

5.2.5 Deformation-Specific Data Augmentation

Data augmentation is a common practice to overcome the data scarcity, over-fitting and class

imbalance issues. In our proposed methodology, deformation-specific augmentation is primarily

being performed to provide missing examples of some deformations across each shape class. It is

mentioned in the previous sections that the availability of shape-wise samples for each deformation

is not feasible in a real-life scenario. Due to this reason, some deformation classes do not have

considerable representation for each shape. Although shape-wise deformation modeling is not being

performed, nonetheless, to generate some samples of the missing shape-wise deformations, we

employ deformation-specific transformations on the non-erroneous shape samples. Our deformation-

specific transformations can be categorized as Generic and Shape-Specific.

5.2.5.1 Generic Augmentation

All deformations except simplification, retrogression and perseveration, have common characteris-

tics across all shapes on which they are applicable. Due to this reason, augmentation techniques for

these deformations are relatively generic. A brief description of the transformations applied for a

generic deformation across all BGT shapes is presented below:

• To generate data with rotation error, shapes from the original training samples, are rotated 2◦

apart to achieve rotated copies of the shape between 80◦ to 180◦ or mirror image (Figure 5.6-

a). Rotation is also performed on the already erroneous data with a caution to ensure that no

shape with original rotation error, becomes error-free. Also, for some BGT shapes, mirror

image produces the same shape as the original (e.g. BGT shape 1 and 8, etc.). For such

shapes, 180◦ rotation is not considered. Like rotation, the generation of angulation examples

is achieved by rotation of the original images of template 2 and 3, at the angles between 45◦

and 80◦.

• Samples for the spatial deformations like overlapping difficulty, collision and closure dif-

ficulty are generated by employing a controlled translation of the constituent parts of a

shape. For instance, the overlapping difficulty error for BGT shapes 6 and 7, is generated

by translating and merging the individual hand-drawn samples of their constituent parts in

a way to produce an incorrect or missing overlap. Similarly, translation is also applied to
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the separately drawn constituent parts of BGT shape A, 4 and 7, to join them at the wrong

points, to represent the closure difficulty as shown in Figure 5.6-f. In the case of collision,

different BGT shape templates are translated within proximity of one another. For some

scenarios, two shapes are translated as shown in Figure 5.6-e, while for others, three or more

BGT shapes are translated close to one another.

• Besides rotation and translation, other meaningful representations of the raw data are also

evaluated for our selective augmentation technique. For instance, the median residual of

the hand-drawn samples of PD patients has been employed in the previous case study,

to detect tremors by highlighting the fine irregularities present in the shape contours. A

similar technique is employed in our study to represent motor incoordination. After selecting

shapes representing the motor incoordination error, we generate their median residuals. Both

representations (i.e. raw and median residual) of the examples are used to generate relevant

features as training data. For illustration purposes, Figure 5.6-g demonstrates the inverted

image of the median residual of a sample of BGT shape A.

• As discussed earlier fragmentation error is represented by incomplete shapes or disconnected

strokes. To produce fragmentation data, a 0.25r×0.25c sized window is randomly placed

on the original shape image of size r× c. If the window contains foreground pixels, they

are converted into background and the image is saved. Consequently, several copies of the

original shape image with the missing details are created. Figure 5.6-c shows an example of

automatically introduced fragmentation error in BGT shape A.

• Size imbalance of the constituent parts of a shape represents cohesion error. Such shapes

whose parts are already separated or can easily be separated by applying morphological

operations, are used to generate the examples for cohesion. Some of the separated constituent

parts are scaled up while others are scaled down (Figure 5.6-h) and merged to generate a

shape with disproportionately sized components.

5.2.5.2 Shape-Specific Augmentation

As mentioned earlier, errors like simplification, retrogression and perseveration are marked by

different characteristics across different shapes. Due to this reason, their data generation is highly

shape-specific, as discussed below:

• To generate the perseveration examples, extra row(s) or column(s) of dots or circles in BGT

shapes 1, 2 and 3 are added by replicating and merging the constituent parts of the shapes.

In case of replacing circles with dots in BGT shapes 3 and 5, we apply morphological hole

filling followed by erosion with a disk-shaped structuring element of an appropriate size.

Both techniques represent perseveration data.

• Retrogression error is scored when a constituent part of a BGT shape is replaced by a

primitive shape i.e dots with dashes, circles with loops, triangle, square or rectangle for a
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Figure 5.6: Example of deformation-specific augmentation results for BGT Shape A (a) Mirror
image produced by rotation (b) Simplification of sharp angles of diamond into curves using
morphological operations (c) Fragmentation introduced by converting part of foreground image
into background (d) Replacement of constituent diamond with square to produce retrogression
example (e) Translation of BGT Shape A and 2 to produce collision (f) Significant separation of
circle and diamond for closure difficulty (g) Inverted median residual of original BGT Shape A for
motor incoordination (h) Resizing of diamond to produce cohesion

diamond or hexagon. One method to generate this error is to create synthetic geometric

shapes and merge them accordingly. However, synthetic shapes may not represent the

imperfections of a hand-drawn shape. Therefore, to generate a near-realistic data, we asked

some subjects to draw primitive geometric shapes like triangles, rectangles, squares, and

circles, etc., on separate sheets of paper. The individual shapes are then segmented and

merged as the deformed BGT shapes (e.g. Figure 5.6-d). Same augmentation technique is

applied to all other errors where another shape replaces the original constituent part.

• Generally, simplification is marked whenever the fine details of the drawing are distorted.

For instance, angles are curved, overlapping is missed by a great distance and fine dots

are replaced by tiny circles. For overlapping shapes, we applied the same technique which

was used for the overlapping difficulty i.e. the constituent parts are translated in a manner

to allow maximum separation between them. BGT shapes A, 4, 6 and 8 are simplified by

applying various morphological operations to convert their sharp angles into smooth curves

(Figure 5.6-b). For BGT shape 1, where simplification means the replacement of dots with

circles, we applied dilation with caution to avoid joining dots together. Once dilated and

enhanced, a boundary extraction technique is applied to form circles from blobs. We also

used hand-drawn samples of small circles to generate a row at different distances.

Figure 5.6 shows examples of deformation-specific augmented data generated for BGT template ‘A’

by employing some of the proposed techniques. The samples of the augmented data were verified

by domain experts from the Department of Professional Psychology. A ground truth labeling tool

was developed for similar purposes, (as shown in Appendix C).
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5.2.6 Scoring and Inference

As discussed in the previous sections, the decision vector for each shape template contains the

results of all the deformations applicable to it. These decision vectors (V1,V2, ...,VM) provide useful

information to the practitioner regarding the sample drawn by a particular subject. A practitioner

can use the decision vectors to validate his/her decision or can apply them to draw various statistics

regarding the frequency of a particular deformation as well. Nevertheless, for this case study, we

apply inference rules outlined in the Lacks’ scoring manual.

According to Lacks’ scoring, the occurrence of an error is more important than the frequency

of the error. As a result, for all the instances of a particular type of error across all BGT shapes, a

score of one is generated. For instance, if the rotation error exists in all of the nine BGT shapes, the

score for the rotation error will be considered as one, irrespective of its frequency of occurrence.

The same will be considered even if only one of the BGT shapes is rotated between 80◦ and 180◦.

Similarly, scores for other deformations are also generated. The final score of the sample will be

the sum of all the deformations which are independently scored. The practitioner then decides

a threshold value to determine whether the score lies above or below it. Any score above the

threshold indicates a sign of brain dysfunction. The flexibility of the threshold value is due to

the demographics of the subjects taking the test. To automate the generation of a final score, in

the same way, we apply ‘logical OR’ on each of the error decision present across all the decision

vectors and feed the results to an accumulator which then generates a final score of the test.

5.3 Experimental Protocol

In this section, we describe the experimental protocol employed in our study. As discussed

earlier, the prime objective of our study is to assess whether the CNN-based visual features can

represent visual-perceptual clinician deformations sufficiently to be employed for a high-level

domain knowledge representation problem like the computerized analysis of neuropsychological

drawings. To assess that, we evaluate the predictive potential of CNN-based features in following

two scenarios:

• To recognize the nine BGT shapes even with high degree of deformations and a limited

amount of training data

• To identify intra-class variations and inter-class similarities for deformation classification,

under similar constraints as above

In order to assess the performance of our proposed shape recognition and deformation classification

methodologies, we carried out separate experiments. All experiments are conducted on a CUDA-

enabled NVIDIA GPU.
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5.3.1 Data Distribution for Shape Recognition

For shape recognition, the pre-segmented drawing samples of all 60 subjects are employed, where

each sample consists of the nine BGT shape classes, resulting in a total of 540 shape samples (60

samples for each BGT shape class). 5-fold cross validation is employed and in each fold, the data

is divided into training and test sets accordingly, with each set containing an equal representation of

samples from the two subject groups (healthy/patient) under study. For fair evaluation, caution is

taken while dividing the data for training and testing. All the segmented shapes selected for training

belong to the samples originally selected for training and the same is done for the testing samples.

5.3.2 Data Distribution for Deformation Classification

Data distribution for deformation training and testing is not so straightforward. Despite an equal

number of samples of children from both groups, the individual deformation examples are highly

unbalanced. One reason for this is that not all deformations are applicable on all 9 BGT shapes.

For instance, angulation is scored only in BGT shape 2 and 3, thus, out of all 540 shape samples

angulation can only be scored on 120 samples. Same is the case with overlapping difficulty that

is only scored across BGT shape 6 and 7. The second reason of imbalance is due to the fact that,

despite being applicable on multiple shapes, examples of a particular deformation may not exist

with the same frequency across all. This can attribute to an unbalanced representation of same

deformation across multiple shapes. Due to this reason, the impact of different templates is difficult

to assess in this scenario, and therefore, task-wise deformation classification is not employed for

BGT. Instead, a deformation-specific classification approach is adopted, where features extracted

from all available samples of the deformation are employed to train a binary classifier. This enables

classification of all deformation classes independently from each other, thus reducing the impact

of class imbalance. After separating the classification for each deformation, the remaining data

scarcity issue for some of the classes is overcome by the data augmentation techniques already

discussed in the previous sections. After the data for each deformation class is sorted out into

equal number of deformation-positive and -negative samples, stratified sampling based on 5-fold

cross validation is employed for the experiments. Currently, our original dataset comprising of

540 individual shape samples drawn by all 60 (healthy/patient) subjects, contains a total of 299

deformation examples. The distribution of each deformation class is presented in Table 5.2. It

is worth mentioning that since multiple deformations can co-exist, therefore, amongst the 299

deformation samples, same examples have been employed to represent more than one deformation

classe.

5.3.3 Pre-Trained ConvNet Architectures Employed

As described earlier, the overall methodology consists of two steps i.e. shape recognition and

deformation classification. As explained in the introductory chapters, CNNs are conventionally

employed as a shape recognizers, where they extract shape-based features to enhance inter-shape

class variances. At the same time, shape recognizers attempt to diminish intra-shape class variances
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Table 5.2: Distribution of Deformation-Wise Samples in the Dataset

Deformation Applicable on BGT Shape # of Samples
Simplification All nine BGT shapes 275
Cohesion All nine BGT shapes 257
Fragmentation All nine BGT shapes 245
Collision All nine BGT shapes 209
Rotation All nine BGT shapes 96
Motor Incoordination All nine BGT shapes 66
Retrogression All shapes excpet 4 & 6 132
Perseveration 1, 2, 3, & 5 84
Closure Difficulty A, 4, & 7 144
Overlapping Difficulty 6 & 7 48
Angulation 2 & 3 66

that are common challenges of a free-hand sketch recognition system. In addition to shape

recognition, the second step of the proposed methodology requires CNNs to identify deformation-

specific similarities across different shapes, as well as, deformation-specific variances with in

the same shape class samples. Since we are using pre-trained ConvNets for feature extraction

in all scenarios, it is important to assess their performance in each. To achieve this purpose,

we investigate a number of pre-trained CNN architectures. All the networks employed in our

experiments have been pre-trained on ImageNet source data. Table 5.3 enlists the architectural

details of the pre-trained ConvNet models employed in the proposed experimental protocol. The

depth of the network, input image size, and layers from which the learned features have been

extracted are mentioned. Brief description of each is already presented in Chapter 3.

Table 5.3: Summary of Pre-Trained CNN Architectures Employed

Model Depth Input Image Size Feature Extraction Feature
Layer Dimensions

AlexNet 8 (227 x 227) fc7 4096
VGG16 16 (224 x 224) fc7 4096
VGG19 19 (224 x 224) fc7 4096
SqueezeNet 18 (227 x 227) pool10 1000
InceptionV3 22 (299 x 299) predictions 1000
GoogLeNet 48 (224 x 224) loss3-classifier 1000
ResNet50 50 (224 x 224) fc1000 1000
ResNet101 101 (224 x 224) fc1000 1000
DenseNet201 201 (224 x 224) fc1000 1000

5.3.4 Multi-Class and Binary Classifiers

To assess the potential of CNN-based features in both scenarios i.e. shape recognition and deforma-

tion classification, we have employed a number of popular supervised machine learning classifiers.

The features extracted from the pre-trained models are fed to train these classifiers independently
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to observe the impact of the classifiers on the performance. It is worth mentioning that shape

recognition is a multi-class (i.e. nine BGT shapes) classification problem, while deformation

classification is a binary class (i.e. error or no-error) problem. Therefore, each classifier is trained

accordingly. For shape recognition, four classifiers are employed. These include the Support Vector

Machine (SVM) [186], Linear Discriminant Analysis (LDA) [192], Naïve Bayes (NB) [236] and

Decision Trees (DT) [189]. Brief details of the classifiers and the respective hyperparameters

involved in training are given below.

• Discriminant analysis is a statistical method that facilitates decision making by employing

dimensionality reduction on the input data to rely on only the most discriminant values. A

linear discriminant model is applied on the extracted CNN-based features. An LDA attempts

to minimize the variance between the input features of a class in such a way that it maximizes

the distance between the means of the distinct classes. Ranking threshold is an important

hyperparameter while applying an LDA. It is the value that determines the inclusion and

exclusion of an instance in the feature space. A threshold value of 0.0001 is selected.

• SVM is a non-probabilistic classifier that models a hyperplane to separate the labeled classes.

A linear, one-versus-all SVM is trained for the shape recognition task. The tolerance value is

set to 0.0001 and cost parameter is set to 1.

• NB is a probabilistic classification technique. We trained a multinomial NB model on the

extracted CNN feature vectors. A Laplacian smoothing prior is applied to prevent the impact

of zero probabilities on the decision.

• DT is a predictive model that can be used for classification. An important parameter in a

classification tree is the number of splits (k) which controls the depth of the tree. The value

selected for the tree splits is k=50.

For the deformation classification task, we employed an LDA classifier with similar hyperpa-

rameter values.

5.4 Results and Analysis

This section discusses the results of our proposed empirical analysis for the BGT shape recognition

and deformation classification methodologies presented in this study.

5.4.1 Shape Recognition Results

To assess the effectiveness of pre-trained ConvNets in BGT shape recognition, we first evaluate the

overall classification accuracies achieved by the combination of each CNN architecture employed

with the aforementioned classifiers. As mentioned earlier, a total of 540 shape samples (with 60

samples of each shape) are divided into training and testing using 5-fold cross validation. For each

fold, the overall shape accuracy is computed as tp+tn
tp+tn+ fp+ fn

, where tp, tn, fp, and fn represent the
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total number of True Positives, True Negatives, False Positives, and False Negatives respectively,

for all nine classes. Mean classification accuracy is then computed from the accuracies achieved by

each of the 5 runs of experiments. Based on the mean accuracies, Figure 5.7 shows the performance

comparison for each (CNN-Classifier) combination, assessed in this study.

Figure 5.7: Overall shape classification accuracies achieved by each CNN architecture in combina-
tion with classifiers employed

It is observed that the performance of the features extracted from each pre-trained ConvNet

employed is comparable with one another when fed to the same classifier. This supports our initial

claim that the pre-trained CNN architectures can be successfully employed to a limited shape class

dataset, even without augmentation. Furthermore, it is observed that the highest classification

accuracy (i.e. 98.33%) is achieved by training an LDA with features extracted from AlexNet,

VGG19, ResNet50 and ResNet101, independently. This shows that shape classification is not

significantly affected by the choice of the CNN architecture employed. However, the choice of

the classifier is important as both LDA and SVM outperformed NB and DT, significantly. Both

LDA and SVM reported comparable accuracies across each CNN architecture, with LDA slightly

outperforming in most cases.

To get a deeper insight, shape-wise classification results of our proposed technique using

AlexNet-LDA combination, are reported as a confusion matrix in Table 5.4. From the confusion

matrix, it is evident that almost all shape classes are successfully recognized. Few instances of

mis-classification between BGT shape 1 & 2, 3 & 5, 7 & 8 and, 7 & ‘A’ are observed, which might

have resulted due to the deformations introduced by the subjects while drawing these shapes.
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Table 5.4: Confusion Matrix of Shape-Wise Classification Results Obtained By AlexNet-LDA
Combination

Class 1 2 3 4 5 6 7 8 A
1 60 0 0 0 0 0 0 0 0
2 1 59 0 0 0 0 0 0 0
3 0 1 58 0 1 0 0 0 0
4 0 0 0 60 0 0 0 0 0
5 0 0 1 0 59 0 0 0 0
6 0 0 0 1 0 59 0 0 0
7 0 0 0 0 0 0 60 0 0
8 0 0 0 0 0 0 2 58 0
A 0 0 0 0 0 1 1 0 58

5.4.2 Deformation Classification Results

In this section, we discuss the deformation classification results. It is important to mention that due

to the scarcity of examples of each deformation across all BGT shapes, shape-wise comparison

is not feasible. Therefore, the reported results of deformation classification are error specific.

Table 5.5 reports the mean classification accuracies of 5-folds for each deformation using the given

CNN architectures in combination with LDA classifier. Several important observations are made

while analyzing the outcomes reported in Table 5.5.

Table 5.5: Overall Deformation Classification Accuracies Achieved by each CNN Architecture in
combination with LDA Classifier

CNN Architecture
Deformation AlexNet VGG VGG Squeeze Inception GoogLe ResNet ResNet Dense

16 19 Net V3 Net 50 101 Net201
Rotation 90.47% 89.52% 92.38% 91.66% 89.52% 86.66% 89.52% 96.19% 95.23%
Overlap 70.83% 62.5% 79.16% 58.33% 54.16% 62.5% 66.66% 79.16% 75.0%
Simplification 85.84% 81.13% 87.73% 84.90% 86.79% 83.01% 86.79% 90.56% 87.73%
Fragmentation 78.50% 84.11% 85.04% 83.17% 79.43% 73.83% 81.30% 85.98% 81.37%
Retrogression 94.18% 96.51% 96.51% 95.34% 94.18% 95.34% 94.18% 97.61% 95.34%
Perseveration 79.16% 81.25% 81.25% 79.16% 82.05% 81.25% 79.16% 83.33% 81.25%
Collision 84.25% 86.11% 85.18% 79.62% 87.96% 85.18% 75.92% 90.74% 89.81%
Closure 58.06% 67.74% 61.29% 54.83% 58.06% 61.29% 70.96% 80.64% 74.19%
Motor 83.33% 80.55% 82.40% 79.62% 85.18% 84.54% 86.11% 87.96% 82.40%
Incoordination
Angulation 66.66% 70.83% 75.0% 79.16% 75.0% 62.5% 66.66% 83.33% 70.83%
Cohesion 61.45% 70.83% 73.95% 58.06% 67.74% 64.51% 70.96% 80.64% 75.0%

• Contrary to their conventional use, CNN-based features can also be employed to enhance

(rather than diminish) intra-class variations and inter-class similarities.

• CNN-based features extracted from the deformation-specific augmented data are capable of

representing the particular deformations sufficiently, as observed in cases like Overlapping

difficulty, Motor incoordination, Angulation and Rotation. Despite having comparatively

less amount of original data (as shown in Table 5.2), these deformation classes achieved
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comparable results with those (e.g. Fragmentation and Cohesion) having more amount of

original data.

• Unlike shape recognition, where the depth or the width of a ConvNet does not have a

significant impact on the classification, in deformation classification, the choice of a suitable

architecture can enhance performance.

• In general, deeper networks (i.e. ResNet101 and DenseNet201) appear to outperform wider

networks (i.e. GoogLeNet & InceptionV3). In most cases, it is observed that ResNet101 out-

performs other networks despite achieving variable accuracies across different deformations.

DenseNet201 also demonstrates comparable results. It is an expected outcome since wider

networks require more parameter tuning in each layer and thus require more training data to

ensure better approximation and to avoid overfitting [237]. In comparison to wider networks,

deeper networks (especially with skip-connections like ResNet), enhance approximation

with considerably less number of neurons. Thus, increasing depth improves performance

without increasing computational complexities. Since both the wider and the deeper networks

employed in our study are pre-trained on same source data (i.e. ImageNet), the weights of

ResNet101 and DenseNet201 provide a better generalization.

For a deeper insight, we also compute the ‘Specificity’, ‘Sensitivity’ and ‘Precision’ values

in addition to accuracy. As described in the previous chapter, Sensitivity is the measure of the

ability of a system to correctly classify the deformations and is calculated by the ratio tp
tp+ fn

, while

Specificity measures the ability of the system to correctly classify the non-erroneous samples and is

defined as tn
tn+ fp

. ‘Precision’ is the true positive relevance rate and is defined as tp
tp+ fp

. Table 5.6

details the sensitivity, specificity and precision values of the deformation classification module

using a ResNet101-LDA combination.

Table 5.6: Sensitivity, Specificity and Precision Achieved by ResNet101-LDA Combination

Metric
Deformation Sensitivity Specificity Precision
Rotation 90.0% 96.84% 90.0%
Overlap 73.33% 88.88% 73.33%
Simplification 82.60% 92.77% 82.60%
Fragmentation 80.0% 87.35% 59.25%
Retrogression 75.0% 98.75% 75.0%
Perseveration 72.72% 86.48% 72.72%
Collision 68.18% 96.51% 83.33%
Closure 75.0% 84.21% 75.0%
Motor Incoordination 81.25% 89.13% 56.52%
Angulation 80.0% 85.71% 80.0%
Cohesion 75.0% 84.21% 75.0%

It is observed that in most cases, our proposed deformation classification scheme achieves

promising results while considering the sensitivity of the system. However, in some cases, lower

values of sensitivity are also obtained. For instance, in the case of Collision, Perseveration and

Overlapping difficulty, the sensitivity of the system is below 75.0%. This can be attributed to

two reasons, i.e. fewer samples and nature of the deformation. To assess the impact of amount
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of sample data, we compare sensitivity values of the deformation class with the largest (i.e.

Simplification) and the smallest (i.e. Overlapping Difficulty) number of samples. It is observed

that simplification achieves a higher value of sensitivity (i.e. 82.60%) as compared to overlapping

difficulty (i.e. 73.33%). This supports the initial hypothesis that fewer original samples contribute

to the difference in performance. Nonetheless, when comparing the instances of the highest

(i.e. 90.0%) and the lowest sensitivity (i.e. 68.18%) values obtained by rotation and collision,

respectively, we observe that despite having fewer samples, rotation outperforms collision. This

indicates that the imbalance of training samples across different deformation classes is not a

conclusive reason for the varying performance. Furthermore, it also supports that the proposed

augmented data is sufficiently addressing data scarcity issues as well.

The other reason for varying performance across different deformation classes can be attributed

to the nature of the deformation itself. For instance, Figure 5.8-a, shows an example of a correctly

drawn BGT shape 7, while Figure 5.8-b and Figure 5.8-c, demonstrate examples of the BGT

shape 7 marked with ‘Overlapping Difficulty’ in the ground truth by trained psychologists. Visual

inspection of Figure 5.8-b reveals that it is very similar to Figure 5.8-a. Consequently, our system

identifies it as ‘Non-Erroneous’. On the contrary, Figure 5.8-c displays a more severe deformation

that is correctly identified by the system as ‘Erroneous’. This shows that the ability of the system to

identify deformations greatly depends on the challenging nature and severity of the deformation.

Figure 5.8: Three examples of BGT shape 7 assessed by our proposed system (a) Sample with no
overlapping difficulty, correctly identified as sample with no overlapping difficulty (b) Sample with
overlapping difficulty, incorrectly identified as sample with no overlapping difficulty (c) Sample
with overlapping difficulty, correctly identified as sample with overlapping difficulty

As mentioned earlier, Lack’s scoring standard emphasizes the importance of the occurrence

of the error rather than the frequency of the error, hence if a deformation is missed in one shape

template, it can be captured in another.

5.4.3 Comparative Analysis

A comparative analysis with the state-of-the-art gives a better insight into the effectiveness of any

proposed method. However, despite a rich and extensive literature review, it is observed that a

direct feature-wise comparison with previous studies cannot be carried out. The primary reason is

that there is a paradigm shift from visual-based analysis to signal-based procedural analysis, due to

the lack of better representation of the visual features and heavy reliance on extensive heuristics.
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Consequently, more work has been attempted on neuropsychological tests which involve the analysis

of motor impairments or delayed executive planning (e.g. Spiral tracing and Clock drawing). On

the contrary, tests like BGT which provide information about the visual-perceptual orientation of a

subject, received very little attention from the relevant pattern recognition community. Nonetheless,

from the perspective of completeness, we attempt to compare the performance of our proposed

drawing analysis methodology with some of the prominent works in this domain. A comparison

summary is outlined in Table 5.7. However, it is worth mentioning that the comparison is based on

addressing the challenges of the existing systems, rather than the outcome.

Table 5.7: Performance Comparison with Studies Employing Visual Analysis of Neuropsychologi-
cal Drawings

Study & year Task Samples Study Objective Analysis Outcomes
Smith and Hiller
1996 [43]

Necker’s
Cube

32/36 (On-

line)

To identify indi-
cators of visual-
spatial neglect

Four static geometric fea-
tures extracted from draw-
ings of patients with VSN
are compared with those
of healthy controls

Only two out of
four features prove
successful discrimi-
nators

Canham et al.
2005 [45]

ROCF 31 (Of-

fline)

To score 18 scoring
regions

Localization of scoring re-
gions is performed using
fuzzy-logic based heuris-
tics followed by extraction
and matching of static ge-
ometric features

Only 3/18 regions
are localized and an
average accuracy of
75% in grading of
the regions is re-
ported

Bennasar et al.
2014 [48]

CDT 648
(Offline)

Differential diag-
nosis of different
stages of dementia

A set of geometric and spa-
tial features are extracted
and used to train cascaded
classifiers

Acc. = 77.78% (for
stage 3) & Acc. =
74.38% (for stage
4)

Moetesum et al.
2015 [27] (A pilot

study)

BGT 18 (Of-

fline)

To classify 11
clinical defor-
mations for
visual-perceptual
dysfunctions

Shape-specific geometric
features are extracted and
assessed using a heuristic-
based approach

Only 6/11 defor-
mations are classi-
fied across a small
subset of shapes
with accuracy rang-
ing from 63.8% to
94.2%

Harbi et al.
2017 [52]

CDT 65/100
(Online)

To score CDT draw-
ings of healthy sub-
jects and dementia
patients

Ontology-based domain
knowledge representation
and fuzzy logic-based
heuristic analysis of geo-
metric features extracted
from clock components is
performed

99% and 95.7%
classification rates
are reported for
identifying samples
of patients and
control subjects
respectively.

Proposed
Methodology

BGT 60 (Of-
fline)

To classify 11
clinical defor-
mations for
visual-perceptual
dysfunctions

CNN based visual fea-
tures are extracted
from raw images and
augmented samples and
used to train an LDA
classifier

All 11/11 deforma-
tions are classified
across all shapes
with accuracies
ranging from
79.1%to 97.6%

We first discuss the work done by Smith and Hiller in [43], that aimed to assess the quality of

cubes drawn by subjects with potential VSN. Authors employed samples of children below the
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age of 11 years to represent the group with under-developed cognitive skills. Assuming that the

drawn cubes will be highly deformed, authors attempted to model deformations by measuring the

quality of oblique angles and paralellism of the sides. Two other geometric features were also

measured but failed to discriminate between the cubes of children with developed visual-spatial

skills and those with under-developed ones. Although the remaining two features showed promise,

however, in a later attempt [54], authors had to include several procedural features to enhance the

overall performance. The study only addressed one simple shape and highlighted the insufficiency

of hand-crafted visual features to assess its quality. On the contrary, we are addressing nine shapes

and assessing their quality to identify several indicators of impaired brain development in children.

Another comparison can be made with [45] where authors attempted to score the ROCF test. As

discussed in the literature review, ROCF is a complex drawing test with an extensive clinical scoring

criteria like BGT. To score a complete ROCF response, the authors proposed a component-based

assessment technique that first localized the intended scoring regions and then determined the

presence or absence of a particular component by employing heuristics. Nonetheless, due to the

highly unconstrained nature of the drawings, localization of only 3 out of 18 regions was performed

successfully. Within the localized regions, the authors reported a mean accuracy of 75% in scoring

of clinical errors. The study highlighted the challenges of localization in a component-level analysis

approach due to which only partial scoring was possible. Unlike component-level analysis, we are

performing the complete figure-based analysis. This avoids the challenges of localization and thus

enables complete scoring of BGT.

A popularly analyzed neuropsychological drawing in the literature is the clock drawing that

is assessed to determine presence (or progression) of dementia in the elderly. Similar to ROCF

and BGT, the clinical scoring of CDT is also extensive. However, CDT is designed to identify

impairments associated with memory and executive planning. This requires the system to assess the

spatial organization of the clock components (digits and hands) within a clock circumference. In an

attempt to score clock drawings of subjects suffering from different stages of dementia, authors

in [48] extracted various spatial features based on the distance between the clock components.

These distance-based features were then used to train a cascaded classification architecture, where

the first classifier distinguished between the healthy and diseased samples, while the second

and third classifiers differentiated between various stages (3 and 4) of dementia. The authors

reported classification accuracies of 77.78% and 74.38%, respectively for each type of dementia.

Nonetheless, extraction of distance-based features required the authors to map a layout on the

digitized clock drawings. To avoid the need for an additional layout mapping, Harbi et al. in [52],

proposed the use of online sample acquisition tools like a digitizer tablet while conducting tests.

To prove the effectiveness of online sample acquisition for easy localization of clock components,

authors acquired existing paper-based samples from the local hospital and traced all samples

manually by attaching them on the screen of the digitizer tablet. This was performed due to the

limitations of modifying the original test conduction protocol. On the contrary, in our proposed

deformation analysis methodology, existing paper-based samples can be digitized by scanning.

Furthermore, despite the ease of localization and feature extraction using online samples, CDT
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scoring required an extensive ontology-based heuristic approach. Our machine learning based

approach overcomes the limitations of heuristic dependencies.

Finally, we compare the current strategy with a pilot study conducted earlier in [27]. A

set of hand-crafted geometric features were extracted from some of the BGT shapes to model

deformations. However, it was observed that it required an exhaustive rule-based approach to

estimate all possible deviations across each BGT shape. As a result, a small set of BGT drawings

(18 samples) were employed to model 6 out of 11 deformations (i.e. simplification, overlap, rotation,

perseveration, closure and cohesion). On the contrary, in the present study, by employing deep

CNN-based features, we are able to classify all 11 deformations (simplification, fragmentation,

overlap, rotation, perseveration, closure, cohesion, angulation, collision, motor incoordination and

retrogression), on a relatively larger dataset (60 samples) with promising results. These findings

validate the robustness and scalability of the proposed method in estimating the challenging BGT

deformations.

5.5 Summary

In this case study, we applied our proposed deformation modeling strategy to identify visual-

perceptual deformations produced by subjects while drawing templates of a popular neuropsy-

chological test called BGT. Contrary to the conventional approaches that extract hand-crafted

shape based features at component-level and either employ feature matching or rely on extensive

heuristics, our proposed methodology models clinical manifestations using deep visual features and

assesses them by training machine learning classifiers. To effectively represent a wide variety of

clinical deformations without extensive heuristics, pre-trained CNN architectures are employed.

Feature representation is enhanced by using deformation-specific augmentation. In the present

study, we employed CNN-based features for two purposes i.e. to recognize the nine BGT shapes

and to classify eleven visual-perceptual deformations. Using pre-trained ConvNets as feature

extractors overcomes the issue of data scarcity which is commonly observed in health related

problems like the one under consideration.

To evaluate the effectiveness of our proposed methodology, a dataset of 60 subjects was

collected, the samples were digitized and individual BGT shapes were segmented before analysis

to reduce possibility of errors introduced by incorrect segmentation. Different ConvNet models

were employed to extract features for both shape recognition and deformation identification. Shape

recognition was treated as a multi-class problem while deformation identification was considered

as a binary classification problem. The experimental study validated our preliminary hypothesis

that CNN-based visual features can represent domain knowledge sufficiently without an extensive

rule-based approach.

Although direct comparison was not possible with any of the existing literature, nevertheless,

our proposed scheme addressed several challenges outlined. The prime objective of this study was

to create a benchmark for future studies in this direction. In the future extensions of this study,

impact of transfer learning using CNN architectures other than those trained on ImageNet can
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also be explored. Transfer learning using fine tuning has also been considered [238]. Impact of a

template on capturing of deformation-specific features is another interesting direction that must be

explored for better representation of deformation models. Shape-wise deformation classification

can also be pursued. Observing the frequency of a particular deformation can also provide an

important insight into the behaviour of the subjects with potential brain dysfunctions. This can

provide a very useful exploratory direction for researchers in clinical psychology. Other BGT

scoring manuals can also be modeled and evaluated as a future extension of this work.
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Chapter 6

Conclusion and Future Directions

The role of handwriting and drawings in the domain of neuropsychology is well established.

Similarly, handwriting analysis and sketch recognition have remained popular research areas among

the computer science and pattern recognition community. Nonetheless, despite its significance

limited efforts have been made to provide computerized solutions for the analysis and interpretation

of neuropsychological responses of patients for the identification of graphomotor deformations.

The main hindering factor in this regard has been the modeling of domain knowledge. Unlike

conventional handwriting analysis and sketch recognition applications, computerized analysis of

neuropsychological graphomotor impressions is highly domain specific. The sensitivity of the

outcome requires an explicit understanding of the clinical procedures, while the acceptance of

the assistive technology requires ease of use and limited modifications in conventional practices.

This thesis addressed the problem of domain knowledge representation and proposed a method to

provide an effective and robust solution while preserving the original clinical practices.

Despite the sporadic nature of the state-of-the-art in this area, the thesis categorized the proposed

techniques into two broad categories based on their mode of analysis. The first category includes

the techniques that analyze a graphomotor response after completion, in a manner similar to clinical

practitioners and thus is termed as ‘Visual Analysis based Techniques’. These techniques rely on

static geometric and spatial features and require extensive heuristics to overcome insufficiency. Due

to the ubiquity of modern technological devices for capturing handwriting signals, some researchers

proposed the analysis of dynamic attributes involved in the process of producing a graphomotor

impression. These techniques are termed as ‘Procedural Analysis based Techniques’. Despite

showing potential, such techniques may contradict with conventional test conduction protocols.

In this thesis, we addressed both the issues of feature insufficiency and perseverance of original

test conduction protocols by proposing a deep learning based solution. Convolutional neural

networks are employed to extract enriched visual features from graphomotor samples provided

by the domain experts. Feature enhancement is achieved by employing deformation-specific

augmentation. Enhance features are then used to train supervised machine learning algorithms to

estimate and classify various clinical deformations. The effectiveness of the proposed methodology

is evaluated by analyzing its performance in modeling and estimation of several visual-motor and
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visual-perceptual deformations that are commonly assessed by neuropsychological tests. Two case

studies have been employed for this purpose.

• Identification of visual-motor deformations (tremor and micrographia) in graphomotor sam-

ples of elderly in order to detect signs of Parkinson’s Disease (PD)

• Identification of visual-perceptual deformations (simplification, rotation, cohesion, persever-

ation, retrogression, fragmentation, motor incoordination, angulation, collision, overlapping

and closure difficulty) in Bender Gestalt Test (BGT) samples of children in order to measure

their visual-perceptual maturity

The analysis of the results in each scenario demonstrated the success of our proposed approach.

Research contributions and key findings in each scenario are described in the subsequent sections.

6.1 Identification of Visual-Motor Deformations for Detection of Parkin-
son’s Disease

In the first case study, we attempted to model visual-motor deformations associated with Parkinson’s

disease. As discussed earlier, the insufficiency of existing visual features for the characterization of

PD related graphomotor deformations has resulted in a paradigm shift towards dynamic feature

(kinematic, pressure, temporal, neuromotor and non-linear dynamics) analysis. This thesis proposed

a method to extract rich visual features that effectively modeled PD related manifestations and

provided comparable results to dynamic attributes. A popular benchmark database PaHaW [75]

was employed for the evaluation of the proposed methodology. PaHaW database consists of

multiple handwriting and drawing based tasks that enabled us to evaluate the impact of various

templates on our proposed scheme. A method was proposed to visually assess the online signals

by converting them into near-realistic offline images. The resultant images were then transformed

to produce multiple representations (i.e. median residual and edge enhanced images) sensitive

to fine imperfections resulting from handwriting influency and tremor (common Parkinsonian

symptoms). An eight layered ConvNet architecture pre-trained on ImageNet, was employed

for feature extraction from all three representations of input data. An early fusion technique

was proposed to enhance features extracted from the multiple representations of data. Feature

enhancement was evaluated both statistically and empirically. The enhanced features were then

employed to train a binary classifier. To further enhance classification, a late fusion based approach

was presented, where decisions from all task-wise classifiers were employed to predict the samples

of potential PD patients. The proposed methodology achieved an overall accuracy of 83% with a

precision of 89%. The proposed solution also achieved high sensitivity and specificity values of

84% and 82%, respectively. Key findings of the proposed case study are listed below:

• Extensive analysis of CNN-based visual features supports that they can effectively model

visual-motor deformations present in graphomotor samples of PD patients and therefore, can

be successfully employed for early detection of PD in elderly.
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• The results of our evaluation showed that different tasks have a varying impact on the

classification outcome. Due to this reason, the conventional approach adopted by the state-of-

the art, where features from all tasks were combined and then employed to train a classifier,

may result in degradation due to the negative impact of a particular task. On the contrary, our

task-wise decision combining approach resulted in mitigation of this limitation.

• The proposed non-linear transformations of raw images can effectively capture fine imperfec-

tions resulting from various motor dysfunctions.

• Combining features extracted from multiple representations of the raw data significantly

improved the classification results, thus indicating the success of our proposed feature

enhancement technique.

• It is observed that conventional tasks like the spiral drawings, produced better results as

compared to non-conventional handwriting tasks, supporting the fact that our proposed

methodology works effectively on existing tasks and templates used by the clinical experts.

6.2 Identification of Visual-Perceptual Deformations for Scoring of
Bender Gestalt Test

In the second case study, we attempted to model visual-perceptual deformations from drawing

samples of children with learning disabilities. We evaluated the effectiveness of our proposed

methodology by automating the scoring of an extensive neuropsychological test, Bender Gestalt

Test (BGT) [22]. BGT scores various visual-perceptual deformations across nine different templates.

Modeling human perception is a challenging task and techniques presented in the literature rely

heavily on extensive heuristics to achieve this. A heuristic-based approach lacks robustness and

is limited due to insufficiency to cover all possible scenarios. Consequently, we proposed an

alternative AI-based solution for this purpose. Pre-trained ConvNets were used to model each

deformation, while independent classifiers were employed for the classification purposes. The

deformation classifiers were trained to be shape-independent and proved effective in identifying

same deformations across multiple shapes (tasks). This is a noteworthy contribution of this thesis

as previously CNN-based features have mostly been employed for shape recognition purposes only.

Nonetheless, we not only employed CNNs to extract deformation-specific features across multiple

shape classes but also used them to extract deformation-specific features from with in the same

shape class. The proposed methodology was evaluated on samples provided by the domain experts.

To the best of our knowledge, this was the only study that has addressed the problem of visual-

perceptual deformation modeling and classification on such a scale. Previously, limited attempts

with very fewer shapes and deformations were addressed. Our thesis presented identification of

eleven indicators across nine different templates, (that has not been attempted previously). The

proposed scheme achieved classification accuracies ranging from 79.1% to 97.6%. Key findings

of the proposed case study are listed below:
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• Although modeling of human perception is challenging, CNN-based visual features effec-

tively modeled visual-perceptual deformations suggested by Lacks’ scoring standard [31]

across the nine BGT shapes.

• The proposed scheme was able to model deformation-specific intra-shape variations and

inter-shape similarities effectively. This enabled the classification of same deformation across

multiple shapes, as well as allowed the discrimination between deformed and non-deformed

responses of the same template.

• The proposed deformation-specific augmentation proved effective in overcoming the scarcity

of samples for a particular deformation, that is commonly observed in these scenarios.

• There is a need to create benchmark datasets for the evaluation of visual-perceptual deforma-

tions.

6.3 Limitations and Future Directions

This thesis presented a step towards an acceptable AI-based solution for the target domain experts.

Our proposed conceptual model can provide a solid basis for an end-to-end system for the analysis

of neuropsychological drawings that can be employed by clinical practitioners for standardization,

validation of results and other diagnostic purposes. Since the work done in this area is yet to mature,

there were several ideas that can be explored in future but have not been addressed in this thesis.

Some of these are outlined below:

• This research has paved way for the integration of deep learning-based solutions in the

domain of computerized analysis of neuropsychological tests, despite the scarcity of data.

This is an important contribution of this thesis. Nonetheless, further exploration in this

direction is required to assess the applicability of various deep learning models other than

CNNs. For instance, due to the availability of online handwriting datasets, models like

Recurrent Neural Networks (RNNs) [239] and their variants can be employed to characterize

dynamic handwriting sequences.

• Currently, we have employed architectures pre-trained on ImageNet only. Despite achieving

promising results, we can evaluate architectures that have been trained on datasets other than

ImageNet, (i.e. much similar to the target data at hand).

• We have employed pre-trained ConvNets as feature extractors only. In future, the impact of

fine-tuning can also be evaluated.

• The thesis exclusively evaluates the performance of static visual features. In future, the

effectiveness of the proposed visual features in combination with other dynamic features can

also be evaluated.
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• In this thesis, we focused on tests that required subjects to copy a visual stimuli. In future,

we intend to analyze projective tests like Draw-A-Person (DAP) [30] and House-Tree-Person

(HTP) [152], as well.

As evident from the literature, computerized analysis of graphomotor-based neuropsychological

tests is an emerging domain and requires more inter-disciplinary collaborations to provide improved

solutions. The proposed study presents a direction worth exploring for various inter-disciplinary

communities working to integrate technological solutions in health sector. Hence, we intend to

continue our work in this direction. While the current research focused on application of intelligent

techniques to identification of visual-motor and visual-perceptual disorders, the recent technological

advancements can also be employed for subsequent rehabilitation of the subjects with these and

related disorders. Augmented (virtual) reality systems, for instance, can be employed for learning

and therapy processes for children with special needs. Such systems are known to not only enhance

the motivation but also the learning experience of the subjects. In other words, AI-based systems

can be employed for the complete pipeline from initial screening, diagnosis and rehabilitation,

reducing the load on the domain experts.
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Appendix A

Research Publications

A.1 Journal Publications

Following Impact Factor (IF) journal publications resulted from this research.

1. M. Moetesum, I. Siddiqi, N. Vincent, and F. Cloppet, "Assessing visual attributes of hand-

writing for prediction of neurological disorders—a case study on Parkinson’s disease". Pattern

Recognition Letters, 121:19–27, 2019. (IF: 1.99)

2. M. Moetesum, I. Siddiqi, S. Ehsan, and N. Vincent, "Deformation Modeling and Classifica-

tion Using Deep Convolutional Neural Networks for Computerized Analysis of Neuropsy-

chological Drawings". Neural Computing and Applications, 2020. (IF: 4.66)

A.2 Conference Publications

Following conference publications resulted from this research.

1. M. Moetesum, I. Siddiqi, U. Masroor, and C. Djeddi, "Automated scoring of Bender Gestalt

test using image analysis techniques". In 13th International Conference on Document

Analysis and Recognition (ICDAR), pages 666–670. IEEE, 2015.

2. M. Moetesum, I. Siddiqi, U. Masroor, N. Vincent, and F. Cloppet, "Segmentation and

classification of offline hand drawn images for the bgt neuropsychological screening test". In

8th International Conference on Digital Image Processing (ICDIP), International Society for

Optics and Photonics, 2016.

3. H. Nazar, M. Moetesum, S. Ehsan, I. Siddiqi, K. Khurshid, and K. D. M. Maier, "Classi-

fication of graphomotor impressions using convolutional neural networks: An application

to automated neuro-psychological screening tests". In 14th International Conference on

Document Analysis and Recognition (ICDAR), pages 432-437. IEEE, 2017.
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4. M. Moetesum, O. Zeeshan, and I. Siddiqi, "Multi-object sketch segmentation using convolu-

tional object detectors". In 10th International Conference on Graphics and Image Processing

(ICGIP), International Society for Optics and Photonics, 2018.

5. M. Moetesum, I. Siddiqi, and N. Vincent, "Deformation Classification of Drawings for

Assessment of Visual-Motor Perceptual Maturity". In 15th International Conference on

Document Analysis and Recognition (ICDAR), IEEE, 2019.
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Appendix B

Grants and Awards

B.1 Grants

Due to it’s potential significance for the society in general and the research community in particular,

this research has resulted in being awarded the following two research grants.

B.1.1 PAK-FRANCE PERIDOT Research Program - (2015-2017)

The project titled Automated Detection of Neuropsychological Impairments from Image-Based
Visuo-constructive Screening Tests was awarded a research grant of PKR 1.4 Million by the

Higher Education Commission (HEC) Pakistan and the French Ministry of Foreign Affairs, under

the PERIDOT program. The project investigated the potential of hand-drawn shapes in early pre-

diction of neuropsychological disorders. Computerized solutions were developed for screening of

suspected cases using Bender Gestalt Test (BGT) as a case study. The project initiated in June 2015

in collaboration with LIPADE lab at Paris Descartes University, Paris, France. It was successfully

completed in May 2017.

B.1.2 National Research Program for Universities (NRPU) - (2019-2021)

Recently, a project titled Early Detection of Neurological Disorders through Computerized
Analysis of Handwriting – An Application to Parkinson’s Disease has been awarded a grant

of PKR 2.04 Million by the Higher Education Commission (HEC) under the National Research

Program for Universities (NRPU). The project is aimed at early prediction of Parkinson’s disease

through computerized analysis of online handwriting. The project initiated in June 2019 and is still

in progress.

B.1.3 Higher Education Commission Travel Grant - (2018)

The paper titled Multi-Object Sketch Segmentation Using Convolutional Object Detectors
was selected for Oral Presentation at the 10th International Conference on Graphics and Image
Processing (ICGIP), International Society for Optics and Photonics in Chengdu, China in
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November 2018. A travel grant of PKR 0.24 Million by the Higher Education Commission (HEC)

Pakistan was awarded.

B.2 Awards

This research has been presented at various national and international platforms. During a presenta-

tion at the Doctoral Consortium organized during the IAPR International Conference on Document

Analysis and Recognition (ICDAR), held in November 2017 in Kyoto, Japan, it was awarded the

‘Best Poster Award’ (certificate attached as Figure B.1). The research was declared ‘The most

innovative solution for addressing a major societal challenge’.

Figure B.1: Certificate of ‘Best Poster Award’ at Doctoral Consortium in ICDAR 2017
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Appendix C

Results of Pilot Study on BGT Scoring

C.1 Lacks’ Scoring Sheet

Standard Lacks’ scoring sheet is shown in Figure C.11.

BENDER-GESTALT TEST Scoring Based on Lacks’ Scoring System

Client:                                                                                                   

Date:                                Time to Complete:                                   

Error Description A 1 2 3 4 5 6 7 8 Present

Rotation Score if there is a rotation of 80º to 180º (including mirror-imaging) of the major axis of the whole figure (not a part
of the figure). Do not score if S shifts the position of the card or paper and then draws the figure accurately.

Overlapping Difficulty
Difficulty in reproducing the portions of the figures that should overlap. (a) Omission of the portions of the figure
which overlap. (b) Simplification of figures only at the point of over lap. (c) Marked sketching or reworking only at
the point of overlap. (d) Distortion of the figure at the point of overlap. (e) Figures overlap at the wrong place.
(f) Failure of figures to overlap. DO NOT SCORE – parts of figures more than 1/8 in. apart, score Simplification.

Simplification
Score if the figure is drawn in a simplified or easier from that is not more primitive from a maturational point of
view, from the stimulus. (a) Circles for dots on figure 1. (b) Nonoverlapping parts. (c) Joining parts of figures are
more than 1/8 inch apart. (d) Very simplified drawing. DO NOT SCORE –  (a) figures less than 1/8 inch apart,
score Close Difficulty. (b) Curves substituted for angles, not an error.

Fragmentation Score if the figure is broken up into parts destroying the gestalt or if the figure is incomplete (unless S refuses to
draw the entire figure).

Retrogression
Substitution of a more primitive gestalt form than the stimulus. (a) Loops for circles (if persistent). (b) Dashes for
dots (if extreme and persistent). (c) Triangle for diamond or hexagon. (d) Square for diamond. (e) Rectangle for
hexagon. DO NOT SCORE – Do not score if curves are substituted for angles or angulation of bottom of hexagon
on figure 7 is omitted.

Perseveration

There are 2 kinds of Perseveration errors. If both occur, this error is still only scored once. TYPE A: Inappropriate
substitution of the features of a preceding stimulus, such as replacing the circles of figure 2 with the dots of figure
1 (must have made dots, not circles on figure 1); replacing the dots of figures 3 & 5 with the circles of figure 2
(must have made circles on figure 2 and dots on 1). TYPE B: Intradesign perseveration on continuing to draw a
figure beyond the limits called for by the stimulus. For figure 1, 14 or more dots must be present, for figure 2, 13 or
more columns of circles.

Collision or
Collision Tendency

One figure is drawn as touching or overlapping another figure (collision) or is drawn within 1/4 inch or less of
another figure but does not touch (collision tendency).

Impotence
Behavioral or verbal expressions of inability to draw a figure correctly (often accompanied by statements such as “I
know this drawing is not right but I just can’t make it right”). (a) Repetitious drawings or numerous erasures of
figures with similar inaccuracies. (b) S realizes that an error has been made and tries to correct it unsuccessfully or
expresses inability to correct it. DO NOT SCORE – Second attempt that corrects an error.

Closure Difficulty Difficulty in getting the joining parts of figures together or getting adjacent parts of a figure to touch. If figures are
more than 1/8 inch apart at joining point, score Simplification.

Motor Incoordination
Irregular (tremor-like) lines, especially with heavy pressure. Behavioral observations are important for scoring this
error. Be sure S is drawing on a smooth surface. (a) Marked and persistent gasp, overlap, redrawing, sketching,
erasures, increased pressure at points where parts of the design join one another. DO NOT SCORE – Parts of
figures are more than 1/8 inch apart, score Simplification.

Angulation

Severe difficulty in reproducing the angulation of figures. (a) Failure to reproduce angulation of a figure. (b)
Angulation of the whole figure 45º to 80º rather than parts of a figure (but not greater than 80º, which would be
rotation). (c) Variability of the angulation of more than half the rows of circles of figure 2.
DO NOT SCORE – (a) Figure 3 should be scored leniently because its angulation is especially hard to reproduce.
(b) Reversal of angulation on figure 2, score Rotation.

Cohesion
Isolated decrease or increase in size of figures. Score very conservatively. This error is most frequently
overscored. (a) Decrease in the size of part of a figure by more than 1/3 of the dimensions used in the rest of the
figure. (b) Increase or decrease in the size of a figure by 1/3 of the dimensions used in the other drawings (not
compared to the size of the stimulus cards). Exclude parts of drawing that are larger due to Perseveration.

Time Score if total time is greater than 15 minutes.

Points:
1) Score presence of error, not frequency, and score conservatively. For example, even if Rotation is scored for each figure, score only 1 in the Present column.

Total Score

2) If the subject rotates the card or paper and then draws correctly, it is correct.
3) Generally, 3 or fewer errors indicates an absence of visuoconstructive deficits or brain impairment; 4 errors is a borderline score; and 5 or 6 errors provide some

evidence for brain impairment. The greater the number of errors, the greater the evidence for some type of brain impairment: strong evidence with 7 or 8 errors
and very strong evidence with 9 to 12 errors. Five or more errors is serious, but not if the subject is lazy, impulsive, unmotivated, or uncooperative.

Figure C.1: Lacks’ scoring sheet for BGT analysis

1http://www.labh.it/wp_sancipriano/wp-content/uploads/2016/03/4-BenderScore.pdf
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C.2 Ground Truth Labeling Tool

Scored samples acquired from the clinical practitioner were digitized by scanning. A ground truth

labeling tools was developed to score the digitized samples. The user friendly interface (Figure C.2)

of the tool enabled the domain expert to score the samples easily.

Figure C.2: Ground truth labeling tool

C.3 Results on Hand-Crafted Features and Heuristic-based Approach

Table C.1 presents the results of the experiments carried out in the pilot study (‘-’ refers to ‘not

applicable’ while ‘x’ refers to ‘not implemented’). The scores produced by the system for the

BGT shapes and corresponding errors considered in the study, were compared with the scores

assigned through human inspection (obtained via labeling tool). A total of 152 figures produced by

18 different subjects were used to evaluate the performance of the proposed system. Figure C.3

provides a visual illustration of the application of shape-based geometric features to score the

drawings.

Table C.1: Results of Automated Scoring

Figure Total Number of Correctly Scored Figures
Number Figures Simplification Overlap Rotation Presrvation Closure Cohesion

A 18 - - 15 - 15 17
1 18 14 - 18 16 - 15
2 18 16 - 18 17 - 15
3 18 15 - x - - 14
4 16 - - x - 15 14
5 18 16 - x - - 14
6 12 - 6 x - - 11
7 18 - 14 x - 16 16
8 16 - - 15 - - 14
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Figure C.3: Shape-based geometric features extracted from BGT (a) Shape 7 for overlapping
difficulty (b) Shape 6 for overlapping difficulty (c) Shape A for rotation (d) Shape 8 for rotation [27]

117



Appendix D

Results of Automated Segmentation of
BGT Shapes

D.1 Automated Segmentation Using Gestalt Theory based Heuristic
Approach

While testing the proposed heuristic-based technique, 43 out of 72 BGT figures were correctly

segmented. It was observed that the most challenging shapes for segmentation are the ones

consisting of disconnected primitive components like circles/dots/dashes. These shapes had been

grouped as Group-C and comprised of BGT shapes 1, 2, 3, and 5. Table D.1 gives the details of

segmentation rates for individual shapes.

Table D.1: Results of Automated Segmentation Using Gestalt Theory based Heuristic Technique

Figure Total Extracted Rate
A 18 18 100%
1 18 8 44%
2 18 6 33%
3 18 13 72%
4 18 15 83%
5 18 16 89%
6 18 17 94%
7 18 18 100%
8 18 18 100%

D.2 Automated Segmentation Using Convolutional Object Detectors

Automated segmentation of BGT shapes has also been performed by using state-of-the-art convolu-

tional object detectors. Three commonly used metrics i.e. ‘Precision’, ‘Recall’ and ‘F-Measure’ are

used to evaluate the performance of each network on a dataset of 405 shapes. Results are reported
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in Table D.2. To ensure a fair comparison, various parameters (like input image resolution, ground

truth encoding, matching function, training epochs, loss function and mini-batch size etc.) are kept

constant across each network.

Table D.2: Results of Automated Segmentation Using Convolutional Object Detectors

Meta-Architecture Feature Extractor Precision(%) Recall(%) F-Measure(%)
SSD InceptionV1 88.70% 37.33% 52.54%
SSD InceptionV2 91.71% 70.13% 79.48%

Faster R-CNN ResNet50 89.38% 95.03% 92.12%
Faster R-CNN ResNet101 92.93% 95.24% 94.07%

R-FCN ResNet101 89.52% 94.79% 92.08%
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Appendix E

Results of Automated Shape
Recognition of BGT Shapes

E.1 BGT Samples

As discussed earlier, BGT consists of nine shapes of varying degree of complexity. Figure E.1

shows two samples drawn by different subjects.

Figure E.1: Two drawn responses of BGT test

E.2 Automated Shape Recognition Using Shape Context Descriptors

18 samples of each shape class were employed to assess the effectiveness of the shape context-based

recognition scheme. One image of each of the 9 classes was used as reference set and the remaining
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17 images as the test set. Out of the 153 drawings presented to the system, 129 were correctly

recognized achieving an overall classification rate of 84.31%. The results are as summarized in

Table E.1 while the detailed confusion matrix is presented in Table E.2.

Table E.1: Classification rates on drawings from 17 subjects

Images Recognized Classification Rate
153 129 84.31%

Table E.2: Confusion matrix of 9 drawing classes for 17 test subjects

Class A 1 2 3 4 5 6 7 8
A 11 0 2 0 2 1 0 0 1
1 0 7 1 0 0 0 1 7 1
2 0 0 16 0 0 0 1 0 0
3 0 0 0 17 0 0 0 0 0
4 0 0 0 0 17 0 0 0 0
5 0 0 0 1 0 14 2 0 0
6 0 0 0 0 0 0 14 0 3
7 0 0 0 0 0 0 0 17 0
8 0 0 0 0 0 0 0 1 16
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