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Abstract

Since abnormalities at an early stage of prostate cancer may be hard to spot from
manual examination of MRI images, timely and accurate detection is essential. The aim
of this thesis was to create an Al-based system for the real-time detection of prostate
cancer from MRI images using a deep learning model based on YOLOvI1 and a
comprehensive clinical workflow. The proposed system will also allow suspicious cancer
regions to be detected as well as providing a practical patient-to-physician review process.

The framework starts by preparing the MRI images, re-structuring the MRI datasets,
annotations handling and image pre-processing for object detection. A model called
YOLOV11 is used to detect cancerous areas in prostate MRI images and output bounding
boxes and confidence scores. The trained model is deployed using a FastAPI backend,
where uploaded MRI images are processed, validated, fed into the inference pipeline and
transformed into clinically relevant output like annotated images and data for the
diagnostic report.

For the system to be more practical, there are a separate patient portal and a separate
physician portal. Patients register and login to the system, upload an MRI report, or a
physician can log in and view the patient's uploaded MRI report, activate the Al model,
review the annotated reports, approve and send the MRI report to the patient. The safe
access of users is enabled using Firebase Authentication, users, cases, images, results of
the detections and report records are stored using MongoDB and the final report delivery
is automated using n8n after the physician has given his approval via email.

The framework developed shows how all these technologies deep learning, backend
services, authentication, database storage, workflow automation, and clinical review can
be integrated into a single Al-powered diagnostic system. Real time detection, explainable
visual output, doctor control over when reports are released, and deployment readiness
are the key highlights of the project. The system aims to assist radiologists and physicians
in minimizing manual workload, optimizing workflow, and creating a structured
environment for the Al-driven prostate cancer screening process.

Keywords: Prostate cancer, MRI, YOLOvV11, object detection, ONNX, FastAPI,
Firebase Authentication, MongoDB, n8n, clinical workflow automation.
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Chapter 1

Introduction

1.1 Background

Prostate cancer is a major cancer in men and is a common cancer associated with aging
[1, 2]. It can progress gradually and be asymptomatic in early stages, making possible
early detection challenging without screening and the support of imaging. Common routes
for diagnosis include prostate specific antigen (PSA) screening, digital rectal examination,
biopsy, ultrasound, and magnetic resonance imaging (MRI) [3, 4]. Of these techniques,
MRI plays an important part as it can provide information on the detailed prostate anatomy
and possibly the suspicious soft tissue areas before an invasive confirmation is carried
out. Medical imaging generates high dimensional visual data.

There can be many slices, different contrast within a single prostate exam, and changes
in prostate tissue that might not be obvious. Such images will take trained expertise to be
manually reviewed. Although expert review may be available, it can be time-consuming
and the diagnosis might be based on experience, image quality, visibility of the lesion and
clinical setting. These challenges provide the computer-aided systems with the potential
to identify suspicious regions and to help physicians when reviewing the image.

To analyze medical images, deep learning has been a key technology that can learn
visual patterns directly from image data [5, 6]. The previous systems tended to view
prostate cancer analysis as an image classification problem. A classifier determines if an
image is normal or abnormal, but it may not identify the area of interest. Localization is
crucial for clinical review. A physician has to be informed about the location, size and
certainty of the suspicious region in the model. Therefore, object detection models are
more appropriate for the current task than just simple image classifiers.
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YOLO (You Only Look Once) is a type of single-stage object detection model [7].
YOLO models make predictions in one pass of a forward process, which consist of
bounding boxes and confidence scores. This means that they can be beneficial in locations
where rapid detection is needed. The goal of this thesis is to get suspicious prostate cancer
regions using YOLOvI11 from MRI images. The model is not used as a final diagnostic
authority. Rather, it is embedded within a patient and physician workflow and the
physician is still responsible for reading and approving the report.

1.2 Clinical and Engineering Motivation

Al medical system is more than just an accurate model. It also needs to be compatible
with the clinical pathway to which the model will be applied. Research works typically
only present the accuracy of the models, confusion matrix or training curves. From an
engineering point of view such results are useful, but short of the answers one might seek
on how the image enters the system, how the output is evaluated, how the patient receives
the result and how access is controlled.

This research can therefore be motivated by two reasons. The first one is technical and
is to train and evaluate a YOLOvI11 detector for suspicious cancer region localization in
MRI images. The second is a pragmatic: to provide a working framework that will link
patient upload, physician review, Al inference, report approval, and report emailing in a
controlled workflow. This is more of a prototype of a deployable decision support system
and less of a proof-of-concept machine learning experiment.

1.3 Problem Statement

Manual analysis of prostate MRI is very labor intensive and reliant on a trained specialist.
Current Al-based approaches can help in prostate cancer analysis, but numerous of them are
classification models or are just experimental scripts. They may not offer the option to
deliver reviewed reports automatically, physician-controlled report approval or provide
localized bounding boxes. In order to make this possible, there is a need for a practical Al
system to identify suspicious prostate cancer areas in MRI scans, to funnel cases through a
review process with a physician, to securely store the results, and to automatically generate
reports once approval.

1.4 Research Aim

This study proposes, builds, and tests an Al-based system for real-time detection of
prostate cancer from MR images using the YOLOv11 model and integrates the detector
into a secure system communicating with a patient and a physician using FastAPI,
Firebase Authentication, MongoDB, n8n, and email-based reporting.



1.5 Research Objectives 3

1.5

Research Objectives

Specific aims of the present thesis are presented below.

1.

10.

1.6

To create prostate MRI object detection data set, including images with prostate
cancer and images with background without cancer.

. To record the split of the dataset for training, validation and testing following the

standards of research.

. To Train and test a YOLOv11 object detector for single class medical localization

of cancer in MRI images.

To design an image preprocessing and post-processing pipeline for YOLOv11 infer-
ence, including resizing, normalization, tensor preparation, confidence filtering, and
bounding box annotation.

. To export the trained model into ONNX format for practical backend inference.

Implementing a FastAPI backend to verify Firebase tokens, handle user roles, store
patient cases, trigger the inference, create reports and communicate with n8n.

. To develop a patient portal for account registration, login, MRI upload, and report

viewing.

. To create a physician portal for case review, Al triggering, result inspection, report

approval and final release to the patient.
To integrate n8n automation for physician approved report emailing.

To test the system implemented from the model metrics and qualitative detection
examples and end-to-end workflow testing.

Research Questions

The following research questions will guide this thesis.

RQI.

Is it possible to achieve reasonable accuracy and sensitivity in identifying abnormal
areas of prostate cancer in MRI scans using a YOLOv11 object detector?

RQ2. what value in the inclusion of negative MRI images do they provide to detection

RQ3.

behavior that is more safe and why does this help to decrease over-detection risk?

Can a trained YOLOv11 model be integrated into a complete patient and physician
workflow using modern backend and automation tools?
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RQ4. How to integrate physician approval so the Al answer can be reviewed prior to it
being given to the patient?

RQ5. What are the main implementation challenges when combining model inference,
authentication, database storage, workflow automation, and email delivery?

1.7 Hypothesis

The main idea behind the presented work is that a YOLOv11 detector trained on an
adequately-prepared prostate MRI dataset, which is subsequently embedded in a physician-
driven workflow, could facilitate rapid localization of suspicious regions of prostate cancer
and a more streamlined reporting process compared to an automated model-only system,
which would significantly benefit the safety of medical practice and reporting.

1.8 Research Contributions

The main contributions of this thesis are as follows.

1. A YOLOvI11 based prostate MRI object detection pipeline that outputs bounding
boxes and confidence values instead of only image-level labels.

2. A dataset preparation strategy that includes 415 negative MRI images to reduce false
positive behavior in detection.

3. A detailed YOLOV11 preprocessing and post-processing pipeline for deployment-
oriented inference.

4. A complete patient and physician workflow where the patient submits the MRI, the
physician triggers the model, and the report is sent only after physician approval.

5. A working implementation using FastAPI, Firebase Authentication, MongoDB, n8n,
and SMTP email delivery.

6. A structured evaluation using precision, recall, F1-score, mAP, confusion matrix,
precision-recall curve, Fl-confidence curve, qualitative detections, and workflow
testing.

1.9 Scope of the Study

The scope of the study is limited to MRI image based detection of suspicious prostate
cancer regions. The implemented model uses a single class named cancer. The work does
not perform cancer grading, staging, survival prediction, recurrence prediction, or
treatment recommendation. The project also does not replace radiologists or urologists. It
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is designed as a research prototype and decision support system. The physician remains
responsible for reviewing and approving any result before it is released to the patient.

1.10 Project Workflow Summary

The workflow implemented is a controlled workflow sequence. Patient registers and
uploads an MRI image using patient portal. Firebase Authentication authenticates the user
and returns an identity token. FastAPI checks the identity of the token, saves the case in
MongoDB, and exposes it to the physician portal. The doctor logs in, reads the case
submitted, and initiates the inference of YOLOv11. The backend processes the image, runs
the ONNX model, filters detections, creates the annotated output, and stores the report
data. The physician reviews the output and approves the report. After approval, FastAPI
triggers an n8n workflow. n8n validates the internal request, fetches the PDF report,
emails it to the patient, and updates the case status.

1.11 Thesis Organization

Chapter 2 presents the literature review, including prostate cancer diagnosis, medical
imaging, deep learning, object detection, YOLO based detection, workflow automation,
and the identified research gap. Chapter 3 explains the methodology, dataset preparation,
YOLOvVI11 processing pipeline, system design, database design, API design, and imple-
mentation tools. Chapter 4 presents the experimental results, training outputs, evaluation
metrics, qualitative examples, portal implementation, report workflow, and discussion.
Chapter 5 concludes the thesis, explains limitations, and presents future work. The ap-
pendices provide setup commands, API details, environment configuration, n8n workflow
configuration, testing checklist, and supporting implementation material.



Chapter 2

Literature Review

2.1 Introduction

This chapter reviews the background literature related to prostate cancer detection, MRI-
based diagnosis, deep learning in medical image analysis, object detection, YOLO-based
models, and clinical workflow automation. The purpose of the review is not only to show
that deep learning can detect cancer from images, but also to identify the need for an
integrated system that moves from image upload to physician review and report delivery.

2.2 Prostate Cancer as a Diagnostic Challenge

Prostate cancer develops in the prostate gland and is commonly associated with older age.
It may remain asymptomatic in the early stage, which makes screening and early detection
important. The Clinical diagnosis process typically starts with patient symptoms, PSA
level or DRE. Imaging and biopsy can be used to assist in the diagnosis if there is any
doubt. MRI is especially useful due to its high soft tissue contrast, which allowing the
visualization of prostate anatomy and suspicion areas of prostate gland [3, 4]. One of the
biggest problems with prostate cancer detection is that it may be very hard to find. The
presence of a lesion can be influenced by scanner setting, image sequence, anatomical
variation and lesion size. One of the difficulties is that of expert interpretation. Images
must be scrutinised by a trained radiologist or physician and in busy clinical settings, the
process can be time consuming. Al systems are thus appealing for use as decision support
as they offer a second reading, can identify suspicious areas, and eliminate repetitive
workload.
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2.3 Conventional Diagnostic Methods

There are several tests that are utilized to assess prostate cancer. PSA blood levels are
used as a screening indicator and are measured by PSAT. Digital rectal examination:
physical exam to look for any abnormalities that can be felt. Biopsy is the definitive
diagnostic technique, giving a tissue diagnosis. Imaging methods such as ultrasound, CT,
and MRI provide visual information about the prostate gland and surrounding structures.
Among these, MRI is widely used for lesion visualization and pre-biopsy decision support.
Table 2.1 summarizes common diagnostic methods and their relevance to this thesis.

Table 2.1: Common prostate cancer diagnostic methods and their relevance.

Method

Purpose

Relevance to this thesis

PSA test

Digital rectal examina-
tion

Biopsy

MRI

Ultrasound

Blood-based screening indicator

Physical examination of prostate
abnormalities

Tissue sampling and confirmation

Non-invasive visualization of
prostate anatomy

Imaging support, often used with
biopsy

Provides clinical suspicion but
does not localize lesions in im-
ages.

Depends on clinical examination
and does not provide image local-
ization.

Important for final diagnosis, but
invasive and outside the scope of
this prototype.

Main input modality used for Al-
assisted detection in this research.
Not the selected modality in the
implemented system.

2.4 MRI in Prostate Cancer Detection

MRI provides detailed soft tissue information and can help identify suspicious prostate
regions. In prostate imaging, different sequences can provide complementary information
about tissue appearance. A practical Al system can use image slices converted into PNG
or JPEG format for model training. The thesis implementation uses MRI image frames
prepared for object detection training. The image-based approach is suitable for YOLOv11
because the model expects a two-dimensional image and corresponding bounding box
annotations.

The Al detection using MRI should be carefully preprocessed. Images should be in the
correct size for the model input, be recognizable, be normalized, and be in the correct
training format. The detector is trained to recognize the distribution and structure of the
image in the pixels; any errors in the preprocessing may impact the performance of the
model.
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Therefore, image processing is not only considered as a minor step in the implementation
of the proposed system but it is also considered an important part of the methodology.

2.5 Machine Learning and Deep Learning for Medical Images

Traditional machine learning approaches like support vector machines, decision trees,
random forests and k-nearest neighbors can achieve a high accuracy when features are
provided manually. But medical images are high-dimensional and with complex spatial
patterns. Manual feature engineering could be time-consuming and may not include subtle
lesion appearance. Deep learning overcomes this by learning the hierarchical visual
features directly from the images themselves.

In medicine, convolutional neural networks (CNNs) have been extensively applied in
classification and segmentation of medical images [5, 6, 9]. Some of the architectures
used in medical imaging tasks include VGG, ResNet, EfficientNet, U-Net, Faster R-CNN
and Mask R-CNN. These models can be used for classification, localization and
segmentation. But the choice of a model will be dependent upon the task. The goal of a
classification model is to predict a class label for the entire image. A segmentation model
is used to predict the masks for individual pixels. An object detector predicts object
bounding boxes and object class scores. The bounding box output is acceptable for this
thesis because it provides a visualization of the region for which the physician has to
review the image without needing masks at the pixel level.

2.6 Classification, Segmentation, and Object Detection

Medical image Al tasks can be divided into three broad categories. Classification answers
whether a condition is present in an image. Segmentation outlines the exact region at pixel
level. Object detection identifies approximate object locations using bounding boxes. Each
approach has advantages and limitations.

Table 2.2: Comparison of common medical image Al tasks.

Task Output Strength Limitation
Classification Image-level label Simple and efficient Does not show le-
sion location.
Segmentation Pixel-level mask Highly detailed localiza- Requires  dense
tion annotations  and

more effort.
Object detection ~ Bounding box and confi- Localizes suspicious re- Boundary is ap-
dence gions efficiently proximate rather
than pixel-perfect.

The selected problem requires localization of suspicious cancer regions in MRI images.
Object detection is therefore appropriate because it provides a region of interest that can
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be reviewed by the physician. This also supports report generation because bounding box
coordinates and confidence values can be included in the report.

2.7 YOLO-Based Object Detection

YOLO models are single-stage object detectors designed for fast inference [7, 10]. Instead
of generating region proposals in one stage and classifying them in another stage, YOLO
predicts object boxes and class probabilities in a unified pass. This makes YOLO suitable
for real-time systems and deployment scenarios where latency matters. The ability to
output bounding boxes, class labels, and confidence values makes YOLO useful for lesion
localization tasks.

In medical imaging, YOLO-based models have been used for lesion detection, cell
detection, tumor localization, and anatomical abnormality detection [8, 10, 11]. And the
reference work inspiring this thesis reported the use of YOLOvI11 for prostate cancer
detection and diagnosis [1]. The present work adopts the YOLOvI11 framing but extends
the contribution by implementing a patient and physician application around the model.

2.8 Why YOLOV11 for This Study

YOLOv1lis chosen due to the need for local detection, quick inference, and seamless
integration into a backend service. When the objective is to enable a physician dashboard,
a real-time object detector is preferable over a heavy multi-stage pipeline. YOLOv11 is
able to process an image and return the bounding boxes with a confidence score that is
easy to display in the physician portal and put into a PDF report.
The model is exported to ONNX for its inference on the backend [12]. ONNX is designed
to deploy to other environments and enable the trained model to be deployed without
keep-ing the entire training infrastructure within the production deployment. This makes
the model more portable, and makes it easier to use the model in a web application.

2.9 Importance of Negative Samples

One of the typical issues in medical detection datasets is class imbalance. Positive images
only can cause a model to believe that all images should have a lesion. This can result in
false positive, which is an issue in medical screening as it can cause concern and extra
workload for review. Empty label files are used for negative images, to teach the
background appearance. The proposed dataset has 415 negative images added in 3 sets of
training, validation and testing. As a result of this design, the model will learn to behave
more safely, recognizing a valid MRI image to any detection area for cancer.
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2.10 Evaluation Metrics in Object Detection

Object detection evaluation differs from simple classification because both class prediction
and localization must be considered. A detection is considered correct only when the
predicted bounding box sufficiently overlaps with the ground truth box and the class is
correct. Intersection over union is used to measure overlap. Precision measures the fraction
of predicted detections that are correct. Recall measures the fraction of true objects
that were detected. Fl-score combines precision and recall. Mean average precision
summarizes detection quality across confidence thresholds and IoU thresholds.

Table 2.3: Evaluation metrics used in this thesis.

Metric Meaning Use in this thesis

Precision Correct detections divided by Measures false positive control.
all predicted detections

Recall Correct detections divided by Measures missed lesion control.
all true objects

Fl-score Harmonic mean of precision = Summarizes balance between preci-
and recall sion and recall.

mAP@50 Mean average precision at loU  Measures detection quality at a com-
0.50 mon overlap threshold.

mAP@50-95 Mean average precision across  Provides stricter localization assess-
multiple IoU thresholds ment.

Confusion matrix Counts correct and incorrect de-  Provides interpretable error break-
tection outcomes down.

PR curve Precision-recall trade-off across ~ Supports threshold understanding.
thresholds

Fl-confidence curve  Fl-score across confidence Supports confidence threshold selec-
thresholds tion.

2.11 Clinical Workflow Automation

A model alone is not enough for a useful healthcare prototype. A clinical workflow must
support user roles, case submission, review, approval, reporting, and communication. In
many Al papers, workflow integration is not considered. This creates a gap between
experimental performance and practical deployment. The proposed system addresses this
gap by including a patient portal, a physician portal, backend APIs, database storage, and
n8n workflow automation.

The main use of n8n is it allows visual workflow orchestration. In this study, n8n receives
an approved report trigger from FastAPI, validates the internal request, fetches report data,
sends the report through email, and updates the case state. This separates email automation
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from the main inference backend and makes the reporting workflow easier to test and
modify.

2.12 Authentication and Role Based Access

Security access control is a necessity in healthcare applications. Access to patients' cases
and reports should be limited to patients themselves. Doctors should review or access
cases which have been assigned or are available for review. Thus, Firebase Authentication
is employed for user identity and role information is stored in the MongoDB [13, 14]
database. With FastAPI, you can verify the Firebase token and protect endpoints with role
based behavior. This is important because the results of models and medical images are
sensitive data.

2.13 Research Gap Identified

The reviewed literature and project requirements show the following research gaps.

1. Many prostate cancer Al studies focus on classification and do not provide clear
lesion localization.

2. Some detection studies report model metrics but do not implement a full patient-to-
physician workflow.

3. Few systems combine Al detection with physician-controlled approval before patient
report release.

4. Workflow automation with tools such as n8n is rarely integrated into prostate cancer
detection prototypes.

5. Dataset imbalance and lack of negative images can increase false positive risk, but
this issue is not always addressed in implementation-focused projects.

6. Deployment-oriented model serving using ONNX, FastAPI, authentication, storage,
and report delivery is often missing from model-only studies.

2.14 Comparison with Related Approaches

Table 2.4 compares the present work with common categories of related systems.
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Table 2.4: Comparison of related approaches and the proposed framework.

Approach Main output Strength Limitation addressed
by this thesis
CNN classifier  Image-level normal Efficient classifica- This  thesis  adds

U-Net segmen-
tation

Faster R-CNN
or Mask R-
CNN
Model-only
YOLO study

Manual clinical
workflow

Proposed frame-
work

or abnormal label

Pixel-level lesion

mask

Region proposals or
instance masks
Detection  metrics
and plots

Physician  review

without Al support

Detection plus work-
flow automation

tion

Detailed boundary
output

Strong localization
capability

Demonstrates detec-
tion capability

Human  judgment

and clinical context

Localization, secure
roles, physician re-
view, report delivery

bounding box localiza-
tion.

This thesis uses ob-
ject detection to re-
duce annotation com-
plexity and improve

implementation sim-
plicity.
This  thesis  uses

YOLOvI11 for faster
single-stage inference.
This adds
patient portal, physi-

thesis
cian portal, storage,
approval, and email
workflow.

This thesis adds Al as-
sistance and automa-
tion while preserving
physician approval.
Provides an end-to-
end prototype for clini-
cal decision support re-
search.

2.15 Summary

The literature supports the use of deep learning and YOLO-style detectors for fast medical

image analysis. However, there remains a practical need for a complete workflow that

connects the model with secure user access, case management, physician review, and

report delivery. This thesis responds to that need by implementing a YOLOv11-based

prostate MRI detection framework with a physician-controlled workflow and n8n-based

automation.



Chapter 3

Research Methodology and System
Design

3.1 Introduction

This chapter describes the research methodology followed to design, train, evaluate and
implement the proposed prostate cancer detection framework. The methodology features
data preparation, image preprocessing, training and exporting the YOLOvI11 model,
backend implementation, database design, frontend design, n8n automation and end-to-
end testing. This study is an experimental and implementation study. The experimental
part compares the results of the YOLOvV11 detections. The implementation part shows the
use of the trained model in a realistic patient/physician workflow.

3.2 Research Design

The research method is an applied experimental research. The input to the project is an
MRI image dataset and the problem is reduced to a single-class object detection problem.
The class name is cancer. The standard object detection metrics are used to train and
evaluate the model. The trained detector is integrated in web based software prototype
after model evaluation. This lets us also compare the performance of the model and its
usability to the usability of the system.

The methodology is arranged into the following phases.

1. Dataset preparation and final split definition.
2. Image preprocessing and annotation format verification.
3. Training and validation of YOLOv11.

4. Test evaluation using curves, confusion matrix, and qualitative images.

13
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5. ONNX export for backend inference.
6. FastAPI backend implementation.
7. Firebase Authentication integration.
8. MongoDB storage integration.
9. Patient and physician frontend implementation.
10. n8n workflow automation for approved report emailing.

11. End-to-end workflow testing.

3.3 Dataset Description

The Prostate MRI images that have been preprocessed for object detection are included in
the data set used in this study. Cancer annotated images are considered positive images.
The images that don't have a cancer annotation are called negative images. There are 3,930
images in the final dataset. Out of these, 3,515 are positive and 415 are negative. The
negative images are also critical as they will help the model understand that some MR
images are not cancerous. This decreases the likelihood of making predictions of cancer

in every image.

3.4 Final Dataset Split

In this thesis, the final split of the dataset is presented in Table 3.1. Most images are included
in the training subset and are used to update weights of the model. The validation subset is
used to check out the behavior of the model during training and determine the best
checkpoint. A test set is reserved for testing at the end of the training.

Table 3.1: the Final dataset split use in this study.

Split Positive Negative Total Splitshare Negative share
Train 2,454 300 2,754 70.1% 10.9%
Validation 514 55 569 14.5% 9.7%
Test 547 60 607 15.4% 9.9%

Total 3,515 415 3,930 100% 10.6%
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Final Dataset Split

Validatior-:| 569 images
Test -] 607 images

. Positive images Negative images

Figure 3.1: Final dataset distribution across training, validation, and test subsets.

3.5 Rationale for the Split

The The data split was optimized for model learning and to ensure good evaluation. The
training set consists of 70.1 percent of the data which is sufficient to have enough samples
for the detector to learn the appearance of the lesions and the patterns of the background.
The validation set is included as The data amount of 14.5 percent is enough to be used for
training progress monitoring and overtraining detection. The test set includes 15.4 per cent
of the data and is used for final evaluation on new data.

The split also maintains the negative samples in each of the three subsets. This is
significant because one should not only have negative data in training. When there are no
negative images in the validation and test sets, the evaluation might not reflect the false
positive behavior. Incorporating negative images with the validation and test sets makes
the validation and test more realistic.

3.6 YOLO Annotation Format

YOLO object detection uses text files where each line represents one bounding box. In
this study, the class ID 0 is used for cancer. Each annotation line contains the class 1D,
normalized x-center, normalized y-center, normalized width, and normalized height. The

values are normalized by image width and height.
0 x center y center width height

For negative images, the label file exists but remains empty. This tells the model that
the image is valid but contains no annotated object. Maintaining empty label files for
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negative images is important because missing labels may be interpreted as a dataset error
by some training pipelines.

3.7 Data Quality Considerations

Dataset quality is critical in medical imaging. The following quality checks were consid-
ered during preparation.

1. Each image must have a corresponding label file.

2. Positive images must contain at least one bounding box annotation.

3. Negative images must contain an empty label file.

4. Images must be readable and convertible into the expected RGB or grayscale format.
5. Bounding boxes must remain inside image boundaries.

6. Train, validation, and test images must not be duplicated across splits.

7. Augmentation must be applied only to the training process, not by duplicating
validation or test images.

3.8 DICOM to PNG Conversion

Mostly MRI scans can be saved as DICOM files. Typically, YOLO training pipelines use
common image formats like PNG or JPEG. Thus, it is possible to convert the DICOM
images in PNG format prior to training. The conversion process will read the DICOM
pixel array, normalize the intensity, convert it to 8-bit representation, and save the image
as a PNG. This step is crucial, since the range of the raw DICOM intensity values can be
too large to be contained within the typical range (0 to 255) of common computer vision
models.

For this thesis, the data for training was already available in image format. The
methodology of the project is, however, conducive to future extension of the DICOM
conversion. The DICOM conversion process should maintain the image quality and not
alter the geometry of the lesions. Atypical conversion pipeline is presented in Appendix
B.

3.9 Preprocessing Pipeline

The preprocessing pipeline transforms an uploaded MRI image into an image format
suitable for inference using YOLOvll. It includes validation, decoding, resizing,
normalization, dimension reordering, and tensor preparation. The purpose of
preprocessing is to ensure that every input image has a consistent format before being
passed into the model.
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Table 3.2: Preprocessing steps used before YOLOv11 inference.

Step Description

Input validation Confirms that the uploaded file is an image and can be decoded.

Color handling Converts the image into the expected channel format.

Resizing Resizes the image to 416 x 416 pixels for model input.

Normalization Scales pixel values to a numeric range suitable for neural network
inference.

Tensor conversion Converts the image into batch, channel, height, and width format.

ONNX input mapping Sends the tensor to the ONNX Runtime session using the correct
input name.

3.10 Training Augmentation Strategy

By using augmentation, the detector is given some variation in the image appearance, thus
making it more general. Augmentation is a procedure that needs to be carefully chosen
since MRI images depict anatomical structures. Overrotation or distortion may alter
anatomical orientation and decrease realism. So, an augmentation of moderate intensity
is presented.

Table 3.3: Augmentation strategy for training use.

Augmentation Setting Reason
Horizontal flip Moderate probabil- Helps the model learn symmetrical anatomical
ity variations.

Small rotation Limited angle Simulates minor patient positioning variation
without distorting anatomy.

Brightness adjustment ~ Controlled range Simulates scanner intensity variation.

Scale variation Small range Supports robustness to lesion size differences.

Mosaic Training only Improves multi-scale generalization during
training.

Heavy rotation Disabled Avoids unrealistic prostate orientation.
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Figure 3.2: Label distribution and bounding box patterns generated from the training run.

3.11 Training Sample Visualization

Training batch visualization is used to ensure the dataset is being read properly, and that
the bounding boxes match up with the suspicious areas. During the YOLO training run,
some representative training batches are generated and shown in figure 3.3. These pictures
will be helpful in the identification of annotation errors prior to use of numerical metrics.

(a) Batch 0 (b) Batch 1 (c) Batch 2

Figure 3.3: Representative training batches used to visually inspect image and label loading.
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3.12 YOLOv11 Model Selection

YOLOVI1 is chosen because the project does not aim to classify images, but to detect
them locally in real time. The model identifies a "suspicious" area and provides a
bounding box with a confidence score. This output can easily be shown in the doctor's
portal and be added to the PDF report. A segmentation model might give finer-grained
boundaries, though it would involve more fine-grained annotations, and a different
evaluation process. YOLOvI1 is a good balance between speed, localization and

simplicity of implementation.

3.13 Training Configuration

The model was trained on the basis of one class. The resolution of input was 416 X 416
pixels. This resolution was chosen as a compromise for the delivery of inference speed
and visibility. The higher the resolution, the better will be the localization of small lesions,
but the amount of computation goes up. A lower resolution can lead to faster speeds, but
may compromise the detection quality.

Table 3.4: YOLOv11 training configuration.

Parameter Value

Task Object detection

Class count 1

Class name cancer

Input image size 416 x 416

Training images 2,754

Validation images 569

Test images 607

Confidence threshold 0.50

Export format ONNX

Inference provider CPUExecutionProvider
Primary backend framework FastAPI

Workflow automation ndn

Authentication Firebase Authentication
Database MongoDB Atlas

3.14 YOLOvV11 Processing and Inference Pipeline

The processing pipeline, YOLOvVI11, is at the heart of the project. It converts a user
uploaded MRI to an annotated result that can be shown to a physician. The pipeline is
depicted in Fig.3.4.
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YOLOv11 MRI Data Processing and Inference Pipeline

47 Uploaded MRI DICOM to JPG Conversion Resize to Normalize and YOLOv11 ONNX Confidence filter Annotated MRI
DICOM & Image Validation 416 x 416 create tensor inference and NMS and report data
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Figure 3.4: YOLOv11 data-processing and inference pipeline used in the proposed Design.

The pipeline madeuo of the following steps.
1. The patient uploads the MRI image and it becomes a case record.
2. The physician/Expert opens the case and punch the Al model.
3. The backend check the image format and decodes the image.
4. The image is resized to the model input resolution.
5. Pixel values are normalized and converted into an input tensor.
6. ONNX Runtime executes the YOLOv11 model.
7. Raw outputs are converted into bounding boxes, confidence scores, and class labels.
8. Low confidence predictions are filterd out using the selected confidence threshold.
9. The original image is annotated with bounding boxes.

10. The detection information and the annotated image are saved for the physician to
review and report.

3.15 Post-Processing Strategy

Post-processing transforms raw outputs from the model to meaningful detections. It filters
out boxes with confidence values which are below the threshold, maps back the predicted
coordinates to the original image space, and eliminates overlapping and redundant boxes.
The confidence threshold chosen is $0.50 for prototype implemented. This threshold is a
compromise between sensitivity and false positive control. Lowering the threshold in
medical screening can result in higher number of recalls and false-positive results. A
higher threshold will decrease the number of false positives but may not detect subtle
lesions. The model output is not automatically shared with the patient, the physician
review stage helps with this trade-off.
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3.16 ONNX Export and Inference

The trained model is converted to ONNX after training. The ONNX model can be served
in its own environment in addition to the training environment. The ONNX Runtime loads
the model file and infers on the CPU Execution Provider in the backend. This allows the
local testing without using a GPU server. If the real-time throughput requirements are
going to increase at deployment time, GPU acceleration can be added to the solution.

3.17 System Architecture

The proposed system consists of user, authentication, front end, back end, Al inference,
database, automation and email layers. The overall architecture is depicted in Figure 3.5
shows the high-level architecture.

Users Layer Frontend Layer
HTML, CSS, ipt 5
v -~ Patient Portal “ES .:vaScnp Physician Portal
I “ s A Slgnup and Patient Upload Prostate E L& & || signupand ;;‘g:gg::‘ y Trigger Al Review Al Approve &
Patients  Physici Login Dashboard MRI Image Login 16 View caseh) Model Report Send Report
| Authentication Layer Firebase Authentication
« Token Verification
* Role-Based Access Control (RBAC) in patient, physician account
L4 [ )
o Backend Layer Patient Case Physician Case Review Internal nén Webhook | e
e Management APIs APls Report Approval AFls Trigger API S
(Runmng locally on port 8000)
‘ a Database and Storage Layer Al Inference Layer ¢]€']
MongoDB Atlas database + GridFS storage . YOLO11 model
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Figure 3.5: System architecture of the patient and physician prostate cancer detection workflow.

3.18 Technology Stack

The implementation uses a lightweight but complete technology stack. Table 3.5 summa-
rizes the main tools.

Table 3.5: Technology stack used in the implementation.

Layer Technology Purpose

Frontend HTML, CSS, Provides patient and physician portals.
JavaScript
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Layer Technology Purpose

Authentication Firebase Authenti- Handles signup, login, and identity token
cation generation.

Backend FastAPI Provides APIs for cases, roles, inference,

Al inference

Runtime

Image processing

Database

File storage

Automation

Email

YOLOv11l ONNX
model
ONNZX Runtime

OpenCV and
Python utilities
MongoDB Atlas

GridFS or binary
storage
n&n

SMTP or Gmail
App Password

reports, and internal workflow triggers.
Detects suspicious cancer regions from
MRI images.

Executes exported model for backend in-
ference.

Validates, resizes, normalizes, annotates,
and encodes images.

Stores user profiles, case records, detec-
tions, and report metadata.

Stores original images, annotated images,
and PDF reports.

Sends approved reports to patients and
updates case state.

Delivers reviewed PDF reports.

3.19 Backend API Design

FastAPI is used because it supports modern Python APIs, automatic documentation, request

validation, and integration with machine learning code [15]. The backend verifies Firebase

tokens and checks user roles before allowing actions. Table 3.6 summarizes the major API

groups.
Table 3.6: Main API groups implemented in the backend.

Group Example endpoint Purpose

Health /health Confirms model loading, Firebase readi-
ness, MongoDB status, and workflow
configuration.

Authentication /auth/register-p r o S tiolres user role profile after Firebase
signup.

Patient /patient/cases Allows patient case upload and case his-

tory retrieval.
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Group Example endpoint Purpose

Physician /physician/cases Allows physician case listing, claim, in-
ference, approval, and sending actions.

Image /image/. .. Streams original or annotated case im-
ages.

Report /report/.../pdf  Generates or serves PDF reports.

Internal /internal/cases/ . .Allows n8n to fetch report payloads and

mark cases as sent using an internal API
key.

3.20 Database Design

MongoDB stores the operational data required by the workflow [14]. The database design
separates users, cases, detections, and report information. Binary data such as images and
PDFs can be stored through GridFS or an equivalent binary storage strategy. Table 3.7
presents the key collections.

Table 3.7: MongoDB collection design.

Collection Important fields Purpose

users uid, email, role, display  Stores Firebase user profile and ap-
name, created at plication role.

cases case id, patient id, physi- Tracks patient MRI cases and work-
cian id, status, timestamps  flow state.

images original image id, anno-  Stores or references uploaded and
tated image id annotated images.

detections class, confidence, bbox, Stores model output for physician
model version review.

reports pdf id, approval status, Stores generated report metadata
email status and delivery state.

logs event type, user id, case id, Supports audit and debugging.

timestamp

3.21 Case State Model

The workflow uses a state model to prevent uncontrolled report release. The case begins as
submitted, then moves to claimed or under review, then Al completed, then approved, and
finally sent to patient. Table 3.8 describes the states.
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Table 3.8: Case status model used in the physician controlled workflow.

Status Meaning

submitted Patient uploaded the MRI image and the case is waiting for physician
review.

claimed Physician opened or accepted the case for review.

ai_completed YOLOV11 inference was executed and detection results are available.

approved Physician reviewed the result and approved the report for release.

sent_to_patient n8n delivered the approved PDF report to the patient email address.

rejected Physician rejected the Al result or report and did not release it.

3.22 Frontend Design

The front-end is created using HTML, CSS and JavaScript. It is enough to have a simple
static frontend, as the system is based on Firebase as an authentication service and FastAPI
as a backend logic service. Registration, logon to the patient portal, upload of MRI, and
viewing of MRI report. Allows physician to view submitted cases, trigger models, review
Al results, approve case, and send a report.

3.23 Patient Portal Workflow

The main goal of the patient portal is to maintain a simple patient interaction. The patient
logs in, uploads MRI image and sees case status. The patient does not activate the Al
model and the report is only sent out when the physician approves. This will not display
the final result from Al that hasn't been reviewed.

3.24 Physician Portal Workflow

The physician portal is the control center for the diagnostic review process. The physician
reviews cases submitted, makes inferences, reads annotated images, reads the detection
confidence values, amends the report with clinical notes (if necessary), approves the
report and forwards it to the patient. Such a role separation enables a safer Al-assisted
workflow.

3.25 n8n Automation Design

After a physician's approval, n8n will used. The process starts with a webhook called
send-approved-report. The case identifier and internal key are sent to the webhook by
FastAPI. The validation node performs its own key validation. Then n8n takes the email
content and PDF report from FastAPI, sends it via SMTP and marks the case as sent
through FastAPI. Figure 3.6 shows the implemented n8n workflow.
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Figure 3.6: n8n automation workflow used for physician approved report delivery.

3.26 Security Design

It has internal API key protection, role based authorization, and Firebase authentication.
Firebase offers user identity [13]. MongoDB stores the roles of the users. n8n internal
endpoints are protected by an API key, and access to the report payloads is restricted by
fastAPI. In the production environment, additional requirements would include HTTPS,
more robust secrets management, audit logs, encryption at rest, and limited network access.

3.27 Ethical Considerations

The system is designed for decision support and research. It does not provide an indepen-
dent medical diagnosis. The physician is responsible for interpretation and report
approval. The data set comprises image data, which is prepared for research purposes.
Proper data governance, patient consent (where appropriate), institutional approval and
clinical validation would be needed for future clinical use.

3.28 Testing Methodology

Testing was performed at model and system levels. Model testing included training curve
inspection, validation metrics, test confusion matrix, PR curve, F1-confidence curve, and
qualitative prediction visualization. System testing included Firebase login, patient signup,
physician signup, MRI upload, case visibility, Al inference, report approval, n8n trigger,
email delivery, and final case status update. This two-level testing approach ensures that
the model works and that the surrounding application can execute the complete workflow.
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3.29 Summary

This chapter described the full methodology used to build the proposed framework. The
method combines dataset design, YOLOv11 detection, ONNX inference, FastAPI services,
Firebase authentication, MongoDB storage, frontend portals, and n8n automation. The
next chapter presents the implementation outputs, model results, workflow validation, and
discussion.



Chapter 4

Implementation, Results, and Discussion

4.1 Introduction

This chapter presents the implementation of the proposed prostate cancer detection frame-
work and discusses the experimental results. The chapter covers backend implementation,
frontend implementation, n8n automation, model training behavior, validation metrics,
test evaluation, qualitative outputs, and workflow testing. The purpose is to show both the
performance of the YOLOv11 detector and the working behavior of the complete patient
and physician system.

4.2 Implementation Overview

The system was implemented as a local prototype with three main running services. The
FastAPI backend runs on port 8000, the frontend runs on port 5500, and n8n runs on port
5678. The YOLOvI1 model is loaded as an ONNX file from models/best.onnx.
Firebase Authentication is enabled for login and token verification. MongoDB stores users,
cases, reports, and detection metadata. n8n performs report email delivery after physician
approval.

The local service endpoints are summarized in Table 4.1.

Table 4.1: Local service endpoints used during implementation and testing.

Service  URL Purpose

FastAPI http://127.0.0.1:8000 Backend APIs and model inference
Frontend http://127.0.0.1:5500 Patient and physician portals
n8n http://127.0.0.1:5678 Workflow automation and email delivery
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4.3 Implemented End-to-End Workflow

Thefinal workflow is physician controlled, which was intentional to prevent the automatic
release of Al-generated results to patients without medical review. This system starts with
patient creating an account using Firebase Authentication which is then followed by
uploading a prostate MRI image using the patient portal. The backend is created using
FastAPI and verifies the authentication token and securely stores the case in MongoDB.
Once the data is saved, a doctor logs into the doctor portal and accesses the submitted case.
The doctor then manually activates the inference based on the YOLOv11 model for
analysis.

After being triggered, the back-end will undertake a series of operations such as MRI image
preprocessing, model prediction with ONNX and post-processing and annotation of the
predicted regions. The detection outputs generated are then presented in the physician portal
for the physician to review. The doctor checks the outcome and either accepts or rejects the
report that is generated. Once this report is approved, FastAPI will trigger an n8n webhook
that will start a workflow that will pull the report down and send it to the patient's email
address. Lastly, the system changes the case status to “sent_to patient”, and tracks the case
through a completed workflow.

Patient uploads a prostate MRI image from the patient portal.
4.4 Backend Health Verification

The back-end has a health check endpoint to validate major integration. The health
response checks if the model is loaded, authentication is enabled, MongoDB is
configured, Firebase is ready, and if the n8n workflow settings are present. It was helpful
during development as it enabled fast identification of the missing model files, incorrect
Firebase credentials, missing MongoDB connection, and n8n webhook configuration
problems..
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Table 4.2: Backend health checks used during implementation.

Health field Expected meaning

model loaded Confirms that the ONNX model file is loaded successfully.
auth enabled Confirms that protected endpoints require Firebase verification.
firebase.ready Confirms that Firebase Admin credentials are valid.
mongo_enabled Confirms that MongoDB support is enabled in configuration.
mongodb. connected Confirms that the backend can connect to MongoDB Atlas.

n8n_send report confi&wnErms that the approved report webhook URL is configured.
internal api key confConfems that internal n8n communication is protected.

4.5 Model Training Results

The training results display the model's progress in training. The training loss reduced over
time and validation precision, recall, and mean average precision (mAP) increased. The
export training curves are shown in figure 4.1. The curves show evidence of the model
learning useful features and stable validation performance.

train/box_loss train/cls_loss train/dfl_loss metrics/precision(B) metrics/recall(B)
2.00 ]
1.51 —e— results 0.012 0.94 08
1751 smooth ’
1.4 0.81
1.50 4 0.0114 0.8
1.3 il 0.71
1.25 0.010 4
0.7 1
1.2 1.00 A 0.6
0.009 1
114 0.751 0.6 4 0.5
o500 0.008 -
1.01 0.5 0.4
0 50 100 0 50 100 0 50 100 0 50 100 0 50 100
val/box_loss val/cls_loss val/dfl_loss metrics/mAP50(B) metrics/mAP50-95(B)
1.7 2.5 0.026 i
0.94
1.6 2.0 0:024 1 o4 0.5
1.5+ 0.022
o 0.7 0.41
L4 0.020 0.6
34 1.04 0.31
' 0.018 4 %2
124 0.5 0.4+ -2
0 50 100 0 50 100 0 50 100 0 50 100 0 50 100

Figure 4.1: YOLOvI11 training and validation curves generated during model training.

4.6 Best Validation Metrics

The Table 4.3. presents the best validation metrics obtained during the training process.
These values are a summary of the performance of the model on the validation set.
Precision means the number of cancer diagnoses that are identified correctly. Recall:
Number of true cancer objects detected. The detection quality is measured by mAP@50,
with IoU threshold set as 0.50. mAP@50-95 is a stricter criterion as it is an average of
several loU thresholds.
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Table 4.3: Best validation metrics observed during YOLOv11 training.

Metric Best value
Precision 93.79%
Recall 89.68%
mAP@50 94.43%

mAP@50-95 59.36%

The precision value is high, indicating that the model has high accuracy in identifying
false positive detections. Most of the lesions are detected as shown in the recall value with
some missed detections. The difference between mAP@50 and mAP@50-95 indicates
the model has good ability to locate the overall lesion area but is less efficient at
localization when the condition is set to be more stringent. This is normal in medical
images where there can be variations in annotations and subtle boundaries between
lesions.

4.7 Training Loss Interpretation

There are several loss components to YOLO training. The localization error is measured
by box loss. The classification loss is a measure of class prediction error. Bounding box
quality is affected by distribution focal loss. A training model that is useful should have a
decrease in loss values and an increase in validation metrics over time. The training and
the validation curves in this study show that the model did not just fall apart and make
random predictions and thus learned the task.

Table 4.4: Interpretation of YOLO training outputs.

Output Interpretation

Box loss Lower value indicates improved bounding box localization.
Class loss Lower value indicates improved cancer class prediction.
DFL loss Supports more accurate bounding box distribution learning.
Precision curve Shows how correct predictions improve during training.
Recall curve Shows how missed detections reduce during training.
mAP curve Shows detection quality across confidence thresholds.

4.8 Confusion Matrix Analysis

The confusion matrix provides an interpretable summary of correct and incorrect predic-
tions. Figure 4.2 shows the test confusion matrix. The model produced 842 true cancer
detections, 91 false positive cancer detections, and 118 false negative missed detections.
These values were used to calculate object-level precision, recall, and F1-score.
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4.9 Object-Level Test Metrics

Using the test confusion matrix values, object-level performance was calculated as follows.

TP

Precision = _ 4.1)
TP + FP
TP
Recall = 4.2)
TP + FN
o X
Fl=2x Precision X Recall 3)

Precision + Recall

Where TP = 842, FP = 91, and FN = 118. The resulting metrics are shown in
Table 4.5.

Table 4.5: Object-level test metrics computed from the confusion matrix.

Metric Value
True positive detections 842
False positive detections 91
False negative detections 118
Precision 90.25%
Recall 87.71%
Fl-score 88.96%

Results from the test indicate that the detector is not perfect, but it is a good detector.
A false positive is something that occurs when the model classifies a region as cancer
when it is actually not. With a false negative, there are portions of the annotated cancer
area that are not detected. In cases of clinical decision support system, both errors are of
significance. Physician review is therefore necessary as it checks the reports prior to their
release, ensuring they are verified by humans..

4.10 Precision-Recall Curve

The precision-recall curve depicts the relationship between precision and recall for various
confi-dence thresholds. It has proved to be useful for imbalanced detection tasks, as it
highlights the balance between the number of lesions detected and the number of false
alarms. Figure 4.4 shows the precision-recall curve for the test evaluation.
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Figure 4.4: Precision-recall curve for test evaluation.

A model that has high precision and high recall for a variety of thresholds is desired.
The curve helps in the selection of thresholds. A 0.50 was chosen for this prototype as a
compromise between sensitivity and precision. This threshold may be modified according
to the clinical validation preferences and screening goals in future clinical validation.

4.11 F1-Confidence Curve

Fl-confidence curve is the curve that illustrates the evolution of F1 scores with the
increase of confidence. It assists in establishing a threshold that is balanced with false
positives and false negatives. Figure 4.5 shows the F1-confidence curve.
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Figure 4.5: F1-confidence curve generated during test evaluation.

The F1 curve is helpful because the precision and recall are usually inversely related.
Lower confidence threshold tends to be associated with a higher level of recall, but may
also result in more false positives. A higher threshold tends to decrease recall and increase
precision. The chosen threshold should correspond to the purpose for which the sensor
will be used. If there is a need for screening support, then sensitivity would be the criterion
that is important. Physician review is an extra safety net for report release.

4.12 Precision and Recall Confidence Curves

Precision and recall confidence curves show a more detailed picture of the behavior of the
thresholds. The precision and recall curves of the test evaluation are displayed in Figure
4.6. These curves are used to understand the change in model behavior with varying
confidence thresholds.
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(a) Precision curve (b) Recall curve

Figure 4.6: Precision and recall confidence curves for test evaluation.
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4.13 Qualitative Detection Results

While quantitative metrics are required, there are also qualitative examples that are of
importance for medical image detection. It is important that the doctor be able to visually
check the predicted box and make sure that it is clinically sensible. Figure 4.7 presents
sample predictions from the test set. Here are some predictions of how model is able to

draw bounding boxes over suspicious areas.
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Figure 4.7: Sample test predictions generated by the YOLOv11 detector.

4.14 Ground Truth and Prediction Comparison

Compare the ground truth data with the predictions.Compare the predicted to the ground
truth data. One way to check the behavior of a model is to compare the ground truth labels
with the model's outputs. Figures 4.8, 4.9, and 4.10 show test batch label and prediction
comparisons. These numbers provide information on the model's ability to match detections
to annotated regions, as well as to see if additional false detection events are occurring.

(a) Ground truth labels (b) Model predictions

Figure 4.8: Ground truth and prediction comparison for test batch 0.
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(a) Ground truth labels (b) Model predictions

Figure 4.9: Ground truth and prediction comparison for test batch 1.

(a) Ground truth labels (b) Model predictions

Figure 4.10: Ground truth and prediction comparison for test batch 2.

4.15 Validation Batch Inspection

During training, the validation batch inspection was also employed. The results of the
training run and the validation labels are presented in Figure 4.11 This inspection assisted
in ensuring that the model was learning meaningful localization, not spurious detections.

(a) Validation labels (b) Validation predictions

Figure 4.11: Validation label and prediction comparison from the training run.
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4.16 Patient Portal Implementation

The patient portal enables users to sign up, log in, upload MRI pictures and observe case
status. It's deliberately stripped down as the patient shouldn't have to deal with the model
parameters or trigger the diagnosis. Patient uploads case, the physician assumes
responsibility for review. Figure 4.12 shows the implemented patient portal.

Patient dashboard an Abdu Ahad Razzaq
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Figure 4.12: Patient portal used for MRI upload and case status viewing.

4.17 Physician Portal Implementation

The physician portal is for clinical review. It enables the doctor to check submitted cases,
launch Al inference, check on the annotated image, view the detection values, approve
the report, reject the report, and send the final report to the patient. Figure 4.13 shows the
implemented physician portal.
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Figure 4.13: Physician portal used for case review, Al triggering, and report approval.

4.18 Report Generation Output

The report is generated after Al inference and physician review. The report includes
patient details, timestamp, annotated MRI image, confidence values, model information,
and a disclaimer stating that the result is Al-assisted and requires clinical interpretation.
Figure 4.14 shows a sample report output.
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Prostate Cancer Screening Report

Al-assisted detection — for clinical review only

Report ID 8c699784-01fb-4885-ab61-fc515cae1a0b
Patient Asad Zeeshan
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Figure 4.14: Sample PDF report generated by the implemented framework.
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After obtaining physician approval, the n8n workflow was tested. n8n validates the
request and retrieves the report payload, it then downloads the PDF from FastAPI, sends
the email with configured SMTP credentials, and marks the case as sent. When using a
personal Gmail SMTP account, the email could end up in spam in local testing. This is a
deliverability problem in the email and is not a problem with the workflow. It should be

deployed using a verified domain and a transactional email service.

4.20 Workflow Test Cases

The tested workflow with using the cases listed in Table 4.6. These tests ensure that the

system is a complete application, and not just a trained model..
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Table 4.6: End-to-end workflow test cases.

Test case Action Expected result

Patient signup Create account with patient role Firebase user and Mon-
goDB profile are created.

Physician signup Create account with physician role  Physician profile is created
and routed to physician por-
tal.

Patient upload Upload MRI image Case appears with submit-
ted status.

Physician case list ~ Open physician portal Submitted case is visible
for review.

Run Al model Physician triggers inference Annotated image and de-
tection table are generated.

Approve report Physician approves case Case status becomes ap-
proved.

Send report Physician clicks send report n8n workflow sends email
and marks case as sent.

Patient report view  Patient checks portal Approved report is visible
or downloadable.

Invalid role test Patient attempts physician action ~ Request is rejected by role
based access control.

Invalid internal key = n8n or client uses wrong key Internal endpoint is re-
jected.

4.21 Discussion of Results

The quantitative results demonstrate that the YOLOvI11 detector has a good performance
in the prepared prostate MRI dataset. The model has a validation mAP@50 value of
94.43%, which means there is a high overlap at loU 0.50 with suspicious regions. The test
precision of 90.25% and test recall of 87.71% indicate a balanced detection behavior. The
F1 score of 88.96 percent further validates the model's performance, ensuring a that there
1S a reasonable balance between detection accuracy and false alarms.
There are also limitations in the results. The mAP@50-95 value is also below the
mAP@50 value, indicating that higher localization is still a challenge. This could be due
to the fact that the boundary of lesions in MRI images are not always clearly defined as
objects in natural images. It can also be due to the variability in annotations and a lack of
diversity in the dataset. Localization accuracy can be enhanced with future segmentation-
based methods or by using higher resolution training.
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Addressing the operational usability is a strong aspect of the project by the
implementation of the workflow. The model does not come in direct contact with the
patient. Rather, the physician checks the Al-generated text prior to approval. The design
prevents misinterpretation and promotes the concept of using Al to enhance, rather than
supplant, clinical judgment.

4.22 Impact of Negative Samples

It was a key design decision to include negative samples. If no negative samples were
provided, the model would primarily learn the positive lesion patterns, and could give
detections even if a lesion was not present. Final data set comprises 300 negatives in
training, 55 negatives in validation and 60 in testing. This enables the model to 'learn’
valid background examples and give a realistic assessment of false positives.

4.23 System Strengths

The proposed system has several strengths.

[1]1t performs localized detection using bounding boxes rather than only image classifi-
cation.

[2]1t includes a complete patient and physician workflow.

[3]1t uses Firebase Authentication and role based access control.

[4]1t stores cases and results in MongoDB for persistent tracking.

[5]1t uses n8n automation to reduce manual report delivery work.

[6]1t preserves physician responsibility by requiring approval before report release.

[7]1t uses ONNX inference, which supports deployment outside the training environ-
ment.

4.24 System Limitations

The current implementation also has limitations.
1. The dataset is limited to one class and does not classify tumor grade or stage.
2. The model has not been validated using a large multi-center clinical dataset.
3. The prototype uses image uploads rather than a full DICOM viewer.

4. The PDF report is a research prototype and not a legally certified medical report.
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5. Local testing uses simple service hosting and does not include full hospital-grade

security.

6. Email deliverability through personal SMTP can be affected by spam filtering.

4.25 Threats to Validity

The main threats to validity are dataset bias, variability in annotations, variability in image
quality, and limited external validation. The model might not be generalizable for other
MRI scanners, hospitals or patient populations if the data is from a small sample. The
quality of the annotation also is a factor in the model. Bounding boxes are noisy if they
do not agree. In the future, multi-institutional data, expert reviewed annotations and
prospective testing should be used to mitigate these threats..

4.26 Comparison with the Reference Direction

The reference direction supports YOLOv11 for prostate cancer detection and presents
model evaluation using precision, recall, F1-score, and AUC. The present thesis follows the
same general direction of real-time object detection but extends it in implementation depth.
The main additional contribution is the complete workflow: patient upload, physician
review, model triggering, report approval, n8n email delivery, and case status tracking.
Therefore, the thesis contributes both model evaluation and software system integration.

4.27 Summary

This chapter presented the implementation and results of the proposed framework. The
YOLOv11 model achieved strong detection metrics, and the system successfully demon-
strates a physician controlled workflow from patient MRI upload to approved report
delivery. The next chapter concludes the thesis and presents future work.



Chapter 5

Conclusion and Future Work

5.1 Conclusion

This thesis presented an Al-powered framework for real-time detection of prostate cancer
from MRI scans using YOLOv11. The work addressed both model development and system
implementation. The model component focused on localizing suspicious cancer regions in
MRI images using bounding boxes and confidence scores. The system component focused
on integrating the model into a secure patient and physician workflow with Firebase
Authentication, FastAPI, MongoDB, n8n, and email-based report delivery.

The final dataset contained 3,930 MRI images. It included 3,515 positive images and
415 negative images. The dataset was divided into 2,754 training images, 569 validation
images, and 607 test images. Negative images were included in all splits so that the model
could learn background patterns and evaluation could measure false positive behavior. This
dataset preparation step was important because a cancer detector trained only on positive
images may learn to predict cancer too frequently.

The YOLOV11 detector achieved strong validation and test results. The best validation
precision was 93.79 percent, recall was 89.68 percent, mAP@50 was 94.43 percent, and
mAP@50-95 was 59.36 percent. Test evaluation showed 842 true cancer detections, 91
false positive detections, and 118 missed detections. These values produced an object-level
precision of 90.25 percent, recall of 87.71 percent, and F1-score of 88.96 percent. These
results indicate that the model can support localized prostate MRI review, although clinical
validation is still required.

The implementation showed that Al detection can be integrated into a practical work-
flow. The patient portal allows patients to upload MRI images. The physician portal allows
physicians to review submitted cases, trigger the Al model, inspect annotated images,
approve reports, and send final reports. n8n handles the approved report emailing process.
This design ensures that Al output is not directly released to patients without physician
review.

43

5.2 Achievement of Objectives
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5.3 Research Contributions Revisited

Presents the achievement status of the research objectives established for this study. All
proposed objectives were successfully completed, demonstrating the successful
implementation of the proposed Al-powered framework for prostate cancer detection.
Initially, a comprehensive prostate MRI dataset comprising 3,930 annotated images was
prepared with an appropriate distribution of positive and negative samples to ensure
effective model training and evaluation. The YOLOvI1 model was then successfully
trained to perform localized prostate cancer detection, enabling the identification of
suspicious regions within MRI images in real time. To validate the effectiveness of the
proposed model, its performance was evaluated using widely accepted metrics, including
precision, recall, F1-score, mean Average Precision (mAP), confusion matrix, precision-
recall (PR) curve, and F1-confidence curve, providing a comprehensive assessment of its
detection capability.

In addition to model development, a complete preprocessing and inference pipeline was
implemented to support reliable prediction. This pipeline performs image validation,
resizing, normalization, ONNX-based inference, and post-processing before generating
the final detection results. A robust FastAPI backend was developed to manage
authentication, patient cases, physician operations, report generation, and internal
workflow services. Secure user authentication and database management were achieved
through the integration of Firebase Authentication and MongoDB. Furthermore,
dedicated patient and physician portals were developed and connected to the backend
APIs, allowing users to interact with the system efficiently. The workflow was further
enhanced by integrating the n8n automation platform to automatically deliver physician-
approved reports via email using SMTP services. Finally, a physician-in-the-loop
mechanism was incorporated to ensure that all Al-generated results are reviewed and
approved by a qualified physician before being released to patients, thereby improving
the safety, reliability, and clinical applicability of the proposed framework.

The thesis contributes a complete Al-assisted diagnostic workflow rather than only a
trained detection model. The first contribution is the YOLOvI11 detection pipeline for
prostate MRI images. The second contribution is the dataset strategy that includes negative
samples. The third contribution is the backend and portal implementation that support
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patient and physician roles.The fourth contribution is the delivery of reports with n8n

automation. The fifth is the physician approval system, which enhances safety and ensures
that Al-generated information isn't shared with patients without a physician's verification..

5.4 Practical Implications

The aim of the system is to showcase the potential of deep learning in the context of a
larger healthcare workflow. The physician may use the model output to help with a visual
support tool. The bounding box identifies a potential area of interest and the model's
confidence score gives feedback on how confident the model is. The physician can then
either approve or reject the report or request further review. This is a much more feasible
than sending the Al predictions to patients directly.

The design is also modular. The model may be refined, or changed without redeveloping
the application. The front end can be customized and completely redesigned without
altering the model. Without having to rewrite FastAPI, the email workflow can be
modified in n8n. The modularity is beneficial for future research efforts and deployment.

5.5 Limitations

There are a number of limitations in the proposed study that should be taken into
consideration when interpreting the results. The first limitation of the dataset is that it
includes data from only one cancer class, and does not include information on tumour
stage, tumour grading or severity classification. Moreover, the model has not been tested
with a large-scale multi-institutional clinical dataset, and thus the model's generalizability
to various healthcare settings remains uncertain. The current system handles individual
image files instead of complete DICOM studies and performs the sequence-level analysis,
which is also limited by the accuracy of the annotations and the variety of the training
data.

Moreover, the developed framework is research prototype and hasn't been subjected to
formal feedback sessions with radiologists or to extensive clinical usability testing. The
evaluation environment does not represent a production environment for a hospital, and is
not in the form of a hospital infrastructure or operational control. Furthermore, the system
lacks enhanced security and compliance capabilities like data encryption for storage, audit
dashboards, and healthcare certifications. The results obtained should therefore not be
used as a basis for the final medical diagnosis, but merely as supporting information for
decision making.
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5.6 Future Work

Future The proposed framework can be further improved with the incorporation of the
possibility of working with direct DICOM support, which will allow to study MRI images
without manual image conversion. The system can also be expanded to include a clinical
viewing module for physicians to view multiple MRI slices and to compare various
imaging sequences. Future studies could also potentially include multi-center MRI data
sets and expert radiologist annotations to increase model robustness and generalization.
Furthermore, segmentation models can be used to generate lesion boundaries at the pixel
level along with object detection results. Comparing YOLOV11 with other detectors such
as Faster R-CNN, Mask R-CNN, U-Net, nnU-Net, transformer-based detectors and hybrid
detection-segmentation architectures can also yield insights into performance and clinical
applicability.

Further improvements can be directed towards improving the reliability, deployment and
security aspects of the system. Techniques for uncertainty estimation can be used to
distinguish predictions with low confidence and mark those for further clinical review.
The framework can be deployed using Docker Compose and Nginx and could utilize cloud
infrastructure to achieve large-scale usage and replace the SMTP testing with a verified
transactional email service using HTTPS. Audit logging, encrypted storage, role-based
access control and administrator monitoring can help to bolster security. Furthermore,
physician usability studies can be carried out to assess the effectiveness of the dashboard,
the quality of reporting and clinical trust. Last but not least, active learning methods are
added to continually refine the performance of the model, and the system could be
extended to other patient-level study analyses, such as all images in a patient.

5.7 Final Remarks

The proposed framework shows that Al-assisted prostate cancer detection can be made
more useful when combined with secure workflow design. YOLOvI1 provides fast
localized detection, while the patient and physician portals provide controlled interaction.
Firebase and MongoDB support identity and persistence. n8n automates approved report
delivery. Most importantly, the physician remains in control of the final report release.
This combination makes the project a strong foundation for future research in Al-assisted
clinical decision support.



Appendix A

System Setup Commands

A.1 FastAPI Backend

The backend is started from the FastAPI project directory.

cd C:\Users\pc\Downloads\Thesis Project\Backend\fastapi
.venv\Scripts\activate

uvicorn main:app —--reload --host 127.0.0.1 --port 8000

A.2 Frontend

The frontend is served through a custom local server so that JavaScript modules are
returned with the correct MIME type.

cd C:\Users\pc\Downloads\Thesis Project\Backend\frontend
python server.py

A.3 n8n Workflow

n8n is started from PowerShell with the internal API key environment variable.

Senv:INTERNAL API KEY="prostate internal secret key"
$env:N8N SECURE COOKIE="false"

Senv:N8N HOST="127.0.0.1"

Senv:N8N PORT="5678"

n8n.cmd start

A.4 Local Service URLSs
FastAPI health: http://127.0.0.1:8000/health
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FastAPI docs: http://127.0.0.1:8000/docs
Frontend: http://127.0.0.1:5500/index.html
n8n: http://127.0.0.1:5678

A.5 Required Environment Variables

Table A.1: Important environment variables.

Variable Purpose

MODEL_PATH Path to the ONNX model file.

CONF_THRESHOLD Minimum detection confidence used by the back-
end.

AUTH ENABLED Enables Firebase token verification.

MONGO ENABLED Enables MongoDB storage.

FIREBASE CREDENTIALS Path to Firebase Admin service account file.

FIREBASE PROJECT ID Firebase project identifier.

MONGO URI MongoDB Atlas connection string.

MONGO DB MongoDB database name.

INTERNAL API KEY Shared key used between FastAPI and n8n.

N8N SEND REPORT WEBHOOKn&mRproduction webhook used to send approved
reports.

CORS_ORIGINS Frontend origins allowed to call the backend.
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Appendix B

DICOM Conversion Support

B.1 Purpose

DICOM images are commonly used in clinical imaging systems, while YOLO training
uses standard image files such as PNG or JPEG. The following Python script shows how
DICOM MRI images can be converted into PNG format for future dataset preparation.

B.2 Python Conversion Script

import os
import numpy as np
import pydicom

from PIL import Image

input folder = "dicom images"
output folder = "png images"

os.makedirs (output folder, exist ok=True)

def normalize to uint8(pixel array):
pixel array = pixel array.astype (np.float32)
min val = np.min(pixel array)
max val = np.max(pixel array)
if max val - min val == 0:
return np.zeros (pixel array.shape, dtype=np.uint$§)
normalized = (pixel array - min val) / (max val - min val)

return (normalized * 255) .astype(np.uint8)

for file name in os.listdir (input folder):
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if file name.lower () .endswith (".dcm") :
path = os.path.join(input folder, file name)
ds = pydicom.dcmread (path)
image array = normalize to uint8(ds.pixel array)
image = Image.fromarray (image array)
output name = os.path.splitext (file name) [0] + ".png"

image.save (os.path.join (output folder, output name))



Appendix C

API Endpoint Summary

C.1 Patient Endpoints

Table C.1: Patient-related API endpoints.

Method Endpoint Purpose

POST /auth/register-profile Creates role profile after Firebase
signup.

GET /auth/me Returns the authenticated user pro-
file.

POST /patient/cases Uploads a new MRI case.

GET /patient/cases Lists cases owned by the patient.

GET /patient/cases/{id} Returns one patient case.

GET /patient/cases/{id}/pdfDownloads approved report if avail-

able.

C.2 Physician Endpoints

Table C.2: Physician-related API endpoints.

Method Endpoint Purpose

GET /physician/cases Lists submitted and assigned
cases.

POST /physician/cases/{id}/claimClaims a case for review.

POST /physician/cases/{id}/run-iRufiesr¥OEOv11 inference.

POST /physician/cases/{id}/approApproves the report.
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Method Endpoint Purpose
POST /physician/cases/{id}/rejeRejects the report.
POST /physician/cases/{id}/send-Trrd gogoerrst n8n report delivery.

C.3 Internal n8n Endpoints

Table C.3: Internal endpoints used by n8n.

Method Endpoint Purpose

GET /internal/cases/{id}/email-p a ¥ etoccha s patient email and
report metadata.

GET /internal/cases/{id}/pdf Fetches the reviewed PDF
report.

POST /internal/cases/{id}/email-seiMarks case as sent after

email delivery.




Appendix D

n8n Workflow Configuration

D.1 Webhook Node

The first n8n node is a webhook. It receives requests from FastAPI after physician approval.
The path is:

send-approved-report

The production webhook URL is:

http://127.0.0.1:5678/webhook/send-approved-report

D.2 Validation Node

The validation node checks the internal API key and confirms that a case identifier is
present. This prevents untrusted clients from triggering the report workflow.

const expected = "prostate internal secret key";
const body = $json.body || $json;
const headers = $json.headers || {};

const receivedKey = headers|["x-internal-api-key"] ||
headers ["X-Internal-API-Key"] ||
body.internal api key;

const caseld = body.case id || body.caseId || $json.case_id;

if (!receivedKey) { throw new Error ("Internal API key missing"); }

if (receivedKey !== expected) { throw new Error ("Invalid internal API key
if (!caselId) { throw new Error("case id is required"); }

return [{ Json: { case id: caseId } }];
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D.3 HTTP Request Nodes

When n8n runs on Windows, FastAPI should be called using http://127.0.0.1:8000.
The main nodes are:

1. Fetch Case Email Payload.
2. Fetch Reviewed PDF.
3. Mark Case Sent.

Each internal request includes the header X-Internal-API-Key.

D.4 Email Node

The email node uses SMTP credentials. During local testing, Gmail App Password can
be used. In production, a verified transactional email provider is recommended to reduce
spam filtering and improve deliverability.


http://127.0.0.0/

Appendix E

End-to-End Testing Checklist

E.1 Complete Test Procedure

1. Start FastAPI backend.
2. Start frontend server.
3. Start n8n.
4. Confirm backend health response.
5. Confirm frontend loads without JavaScript module errors.
6. Confirm n8n workflow is published.
7. Sign up as patient.
8. Sign up as physician.
9. Login as patient and upload MRI image.
10. Login as physician and open submitted case.
11. Run Al model.
12. Inspect annotated result and detection table.
13. Approve report.
14. Send report to patient.
15. Confirm n8n execution is successful.
16. Confirm patient receives report email.

17. Confirm case status becomes sent to patient.

55



End-to-End Testing Checklist

56

E.2 Common Issues and Fixes

Table E.1: Common implementation issues and troubleshooting steps.

Issue

Fix

Frontend JavaScript MIME
error

Firebase token used too early
n8n webhook returns 404

n8n internal key error

MongoDB TLS error

Email goes to spam

Use custom server.py instead of default Python
HTTP server.

Sync Windows system clock and login again.
Publish the n8n workflow and use production web-
hook URL.

Ensure FastAPI and n8n use the same internal API
key.

Install certifi, upgrade pymongo, and check At-
las network access.

Use matching sender address, proper subject, and
verified email provider for production.
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Deployment and Production Readiness

Notes

F1 Local Prototype Versus Production Deployment

The implemented system was tested as a local prototype. In local mode, FastAPI, the

frontend, and n8n run on the same computer. This is suitable for development and thesis

demonstration. A production deployment would require a more secure and reliable

environment. The same application can be migrated to a virtual private server or cloud

instance by containerizing each service and placing Nginx or a similar reverse proxy in
front of the backend and frontend.

Table F.1: Comparison of local and production deployment requirements.

Aspect

Local prototype

Production requirement

Network access

Authentication

Database

Email

Secrets

Logging

Model file

Localhost ports

Firebase token verification

HTTPS domain and firewall
rules

Firebase with stricter role poli-
cies and monitoring

MongoDB Atlas test ac- Restricted IP access and en-

cess
Gmail SMTP or test SMTP

Local environment file

Console and simple logs

Local ONNX file
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crypted backup policy
Verified transactional email
provider

Secret manager or protected
server variables

Centralized audit logs and er-
ror monitoring

Versioned model storage and
rollback strategy
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Aspect Local prototype Production requirement

Reports Prototype PDF generation  Controlled templates and re-
port audit trail

F2 Suggested Deployment Architecture

A production-ready deployment can use Docker Compose with the following services:
FastAPI backend, frontend static server, n8n automation, reverse proxy, and optional local
MongoDB if Atlas is not used. Nginx can route frontend traffic and backend API requests.
HTTPS should be configured using a trusted certificate. MongoDB Atlas can remain
external to simplify database administration.

F3 Production Security Checklist

1. Use HTTPS for all frontend, backend, and webhook traffic.

2. Do not store Firebase service account files in public repositories.

3. Do not commit environment files containing passwords or API keys.

4. Restrict MongoDB Atlas network access to trusted server IP addresses.
5. Rotate internal API keys periodically.

6. Add audit logging for report approval, rejection, and email sending.

7. Add role verification on every protected endpoint.

8. Store model version with every inference result.

9. Use a verified email domain with SPF, DKIM, and DMARC records.

10. Keep a backup policy for database and report artifacts.



Appendix G

Model Card for the YOLOvV11 Detector

G.1 Model Overview

The model used in this thesis is a YOLOvV11 object detector trained for single-class prostate
cancer region detection from MRI images. It outputs bounding boxes, confidence scores,
and the class label cancer. The model is intended for research and decision support only. It

is not a final diagnostic system.

Table G.1: Model card summary.

Field Description

Model family YOLOV11 object detection model

Task Suspicious prostate cancer region detection
Input modality MRI image converted to standard image format
Output Bounding box, confidence score, and class label

Class count
Training images
Validation images
Test images
Positive images
Negative images
Deployment format
Backend runtime
Intended user

Not intended for

One class named cancer

2,754 images

569 images

607 images

3,515 images

415 images

ONNX

ONNZX Runtime through FastAPI
Physician or trained reviewer

Autonomous medical diagnosis or treatment decision
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G.2 Expected Use

The model is expected to be used as an Al-assisted review tool. A physician uploads or
receives an MRI case, triggers model inference, reviews the annotated output, and decides
whether the report should be approved. The model should not be used to replace biopsy,
radiologist interpretation, or clinical judgment.

G.3 Known Limitations

The model may generate false positives or miss subtle lesions. It may be sensitive to
scanner differences, image quality, annotation style, and preprocessing choices. The model
has not been prospectively validated in a hospital environment. It should therefore be

treated as a research prototype.

G.4 Recommended Monitoring

Future deployments should monitor false positives, false negatives, average confidence,
inference time, physician overrides, rejected reports, and failed email deliveries. These
monitoring signals can guide model improvement and workflow refinement.



Appendix H

Clinical Safety and Risk Analysis

H.1 Risk Identification

Al-assisted healthcare systems must be designed with attention to patient safety. The
primary risks in this project are false positive detections, false negative detections, unautho-
rized access, unreviewed report release, and email delivery failure. Table H.1 summarizes
the main risks and mitigation strategies.

Table H.1: Risk analysis for the proposed framework.

Risk Possible impact Mitigation in this thesis

False positive detec- Unnecessary concernor ad- Physician reviews all Al output
tion ditional review before release.

False negative detec- Suspicious region may be  Physician remains responsible
tion missed for final interpretation.

Unauthorized access  Exposure of sensitive case Firebase authentication and role
data checks are used.
Unreviewed reportre- Patient receives raw Al out- n8n is triggered only after physi-

lease put cian approval.

Wrong email delivery ~ Report sent to incorrect re- Patient email is fetched from
cipient verified case payload.

Model drift Performance changes on  Future monitoring and retrain-
new data ing are recommended.

Database connection Case data cannot be stored Health endpoint and error han-
failure or retrieved dling support troubleshooting.
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H.2 Human-in-the-Loop Safety

The most important safety feature of the proposed workflow is human-in-the-loop review.
The patient cannot directly trigger a final Al report. The physician must open the case, run
the model, inspect the annotated image, and approve the report. This design reduces the
chance that a model error is communicated to the patient as an unverified conclusion.

H.3 Report Disclaimer

Every report should include a disclaimer explaining that the output is Al-assisted and
requires confirmation by a qualified physician or radiologist. This is essential because the
system is a research prototype. The disclaimer prevents the report from being interpreted

as an independent diagnosis.
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https://ir.unisa.ac.za/bitstream/handle/10500/20693/dissertation_mejaele_lf.pdf?isAllowed=y&sequence=1
https://doi.org/10.1201/9781003773504
https://bahria.edu.pk/bumdc/wp-content/uploads/2017/11/MS-MPhil-Rules-2017.pdf
https://doi.org/10.1007/978-3-031-40688-1
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Student papers

Indian Institute of Information Technology, Lucknow on 2026-06-25

Student papers

Munster Technological University (MTU) on 2026-05-10

Student papers

The University of Manchester on 2026-03-01

° Student papers

University of Ulster on 2026-05-03

o Internet

github.com

e Student papers

LKCFES on 2026-05-25

Internet

epubl.ktu.edu

a Student papers

October University for Modern Sciences and Arts (MSA) on 2026-06-15

o Student papers

University of New South Wales on 2026-04-25

Q Student papers

Vrije Universiteit Brussel on 2017-05-21

Student papers

Zambia Centre for Accountancy Studies on 2026-06-17

Student papers

The University of Manchester on 2024-04-26

Internet

www.e-iceblue.com

a Publication

Arvind Dagur, Sohit Agarwal, Dhirendra Kumar Shukla, Shabir Ali, Sandhya Sharm...
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https://github.com/Blackbirdf16/SCFCAv2
https://epubl.ktu.edu/object/elaba:249825768/249825768.pdf
https://www.e-iceblue.com/ru/doc/convert-word-to-xps.html
https://doi.org/10.1201/9781003731689
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Student papers

Midlands State University on 2026-06-04

Internet

dspace.unza.zm

Internet

repository.qu.edu.iq

a Publication

Jaskaran Singh, Meenu Gupta, Rakesh Kumar. "Smart Technologies and Intelligen...

Student papers

Manchester Metropolitan University on 2025-09-15

Student papers

University of Malaya on 2026-06-22

Internet

ia803409.us.archive.org

Internet

rucforsk.ruc.dk

Internet

www.mdpi.com

Student papers

Guru Ghasidas Vishwavidyalaya, Bilaspur on 2026-05-04

Student papers

Islamia College, Peshawar on 2026-06-15

Student papers

Middlesex University on 2023-04-30

Student papers

Thesis 2026 on 2026-03-26

Internet

git.xpub.nl
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https://dspace.unza.zm/server/api/core/bitstreams/0a6b8b88-c712-46c7-aa7f-318d089348c8/content
https://repository.qu.edu.iq/wp-content/uploads/sites/31/2026/05/Comuter-Information-Researches-807-1815_compressed.pdf
https://doi.org/10.1201/9781003666929
https://ia803409.us.archive.org/18/items/machine-learning-collection-pdf/Machine%20Learning%20Paradigms%20-%20Theory%20and%20Application%20-%20Aboul%20Ella%20Hassanien%20%282019%29%20Springer%20International%20Publishing.pdf
https://rucforsk.ruc.dk/ws/files/111387685/A_smart_waste_sorting_ap
https://www.mdpi.com/2073-4395/15/4/796/xml
https://git.xpub.nl/kiara/GRS_prototypes/raw/branch/main/localWebring.js
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Student papers

Kingston University on 2026-05-07

m Student papers

Malta College of Arts,Science and Technology on 2026-06-05

Student papers

Tikrit University on 2025-07-09

Student papers

University of Leicester on 2014-08-28

e Student papers

Bahrain Polytechnic on 2025-04-22

m Student papers

Dublin Business School on 2026-01-06

e Student papers

University of Bristol on 2013-05-07

e Internet

api.inmateh.eu

Publication

Frank Philipp Schweikhard, Anika Kosanke, Sandra Lange, Marie-Luise Kromrey e...

m Student papers

The University of the West of Scotland on 2026-04-23

e Internet

indah.ump.edu.my

e Internet

palospublishing.com

Internet

core.ac.uk

Internet

digitalcollection.utem.edu.my
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https://api.inmateh.eu/public/uploads/75-39-N1486-Hu-GEJILETU0a4c96ce-e517-4c54-b599-3a67ce6dca5b.pdf
https://doi.org/10.3390/healthcare12070706
https://indah.ump.edu.my/ethesis/public/thesis/GMM/CD20062.pdf
https://palospublishing.com/batch-resize-and-compress-image-folders/
https://core.ac.uk/download/pdf/10897335.pdf
http://digitalcollection.utem.edu.my/5024/1/Design_And_Machining_Of_And_Cavity_For_Injection_Moulding_Mould_-_24_pages.pdf
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Student papers

Allama Igbal Open University on 2026-03-25

e Student papers

Bindura University of Science Education on 2026-04-25

e Student papers

The University of Manchester on 2026-04-26

a Student papers

University of Malta on 2018-04-03

Student papers

University of Strathclyde on 2020-11-27

e Internet

home.iitk.ac.in

e Student papers

Eotvos Lorand University on 2026-04-17

a Student papers

Turun yliopisto on 2023-04-26

Student papers

Universiti Teknologi Malaysia on 2025-01-16

Student papers

University of Oulu on 2025-06-05

6 Publication

Yogendra Narayan, Davinder Paul Singh, Tathagat Banerjee, Pawandeep Kour et ...

a Internet

bmcmedinformdecismak.biomedcentral.com

e Internet

mafiadoc.com

a Internet

mdpi-res.com
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http://home.iitk.ac.in/%7Eynsingh/phd/Y8104073.pdf
https://doi.org/10.1007/s11831-025-10411-8
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-024-02419-0
https://mafiadoc.com/doctor-thesis-bibsys-brage_59b3873f1723ddd5c61866ac.html
https://mdpi-res.com/d_attachment/ijms/ijms-27-04386/article_deploy/ijms-27-04386.pdf?version=1778765377
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Student papers

Massey University on 2026-06-06

a Internet

azresearchconsult.com.ng

e Internet

jatit.org

Student papers

City University on 2025-09-30

Student papers

Cranfield University on 2024-09-01

Student papers

Higher Education Commission Pakistan on 2017-10-04

Student papers

ICTS on 2026-06-26

Student papers

Midlands State University on 2025-06-16

Student papers

Thesis 2026 on 2026-04-15

Student papers

University of Edinburgh on 2020-01-10

Internet

www.coursehero.com

Publication

Anjan Bandyopadhyay, Tanvir Habib Sardar, Saurav Mallik, Ruhul Amin Hazarika, ...

Student papers

DeVry, Inc. on 2018-04-08

m Student papers

Hogeschool Utrecht - Tii on 2026-06-18
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https://azresearchconsult.com.ng/full-project-impact-of-pidgin-english-in-standard-english-usage-among-students-in-selected-secondary-schools/
https://jatit.org/volumes/Vol102No21/1Vol102No21.pdf
https://www.coursehero.com/file/51746763/Week-1-Welcome-Note-CAPpptx/
https://doi.org/10.1201/9781003600947
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Publication

Nazmul Siddique, Mohammad Shamsul Arefin, Ahmed Wasif Reza, Aminul Haque....

Publication

Oscar Leonardo Garcia-Navarrete, Aurora Arroyo Garcia, Luis Manuel Navas-Grac...

Student papers

Panjab University on 2015-12-19

m Student papers

The University of the West of Scotland on 2025-04-21

6 Student papers

Thesis 2026 on 2026-05-25

e Student papers

University of Teesside on 2026-06-26

Internet

ajomc.asianpubs.org

Internet

doaj.org

@ Internet

dspace.daffodilvarsity.edu.bd:8080

m Internet

dspace.vut.cz

Internet

eprints.qut.edu.au

Internet

iieta.org

Internet

ijjsrem.com

m Internet

open.library.ubc.ca
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https://doi.org/10.1201/9781003605508
https://doi.org/10.1007/978-981-96-0706-8_10
http://ajomc.asianpubs.org/Upload/Files/AJOMC%20Vol.%206%20No.%204%20October%20-%20December,%20Special%20Issue%20-%20II%202021.pdf
https://doaj.org/article/6484a466f31d4efc98f383f2dea56fd6
http://dspace.daffodilvarsity.edu.bd:8080/bitstream/handle/123456789/17157/29646.pdf?isAllowed=y&sequence=1
https://dspace.vut.cz/server/api/core/bitstreams/a77f092e-6cad-46ba-adb6-79dec125aa32/content
https://eprints.qut.edu.au/208261/1/Khamael%20Abbas%20Khudhair_Al-Dulaimi_Thesis.pdf
https://iieta.org/download/file/fid/136383
https://ijsrem.com/download/advanced-computer-vision-model-for-traffic-detection-and-vehicle-classification/?refresh=68ae27fdc81471756243965&wpdmdl=48336
https://open.library.ubc.ca/media/download/full-text/24/1.0388349/0.txt
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a Internet

researchrepository.ru.ac.za

e Student papers

universititeknologimara on 2026-06-21

Internet

www.firstacademics.com

@ Internet

www.ijraset.com

a Internet

www.researchgate.net

100 Publication

"International Congress and Workshop on Industrial AI and eMaintenance 2023", ...

101 Publication

Bhabani Prasanna Pattanaik, Dhirendra Kumar Shukla, Sambit Satpathy, Kamala...

102 Student papers

Deakin University on 2025-05-10

103 Student papers

Emilio Aguinaldo College Cavite on 2026-06-16

104 Student papers

Emilio Aguinaldo College Cavite on 2026-06-21

105 Student papers

Griffth University on 2025-02-17

106 Student papers

Indian Institute of Information Technology, Allahabad on 2026-05-21

107 Student papers

International University - VNUHCM on 2026-05-11

108 Student papers

King Abdulaziz University on 2026-06-04
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https://researchrepository.ru.ac.za/server/api/core/bitstreams/c27c28ab-86d1-4569-a6e9-72acc31a078b/content
https://www.firstacademics.com/article/10.26599/TST.2020.9010056
https://www.ijraset.com/best-journal/yolov7based-deep-learning-model-for-detecting-full-safety-gear-on-construction-workers
https://www.researchgate.net/profile/Rowshon-Jadid/publication/324832136_MODELLING_OF_PULLOUT_RESISTANCE_OF_CONCRETE_ANCHOR_BLOCK_EMBEDDED_IN_COHESIONLESS_SOIL/links/5ae64c3baca272ba5081e0d0/MODELLING-OF-PULLOUT-RESISTANCE-OF-CONCRETE-ANCHOR-BLOCK-EMBEDDED-IN-COHESIONLESS-SOIL.pdf
https://doi.org/10.1007/978-3-031-39619-9
https://doi.org/10.1201/9781003743774

zﬂ turnitin Page 11 of 94 - Integrity Overview

109 Student papers

Kumasi Polytechnic on 2025-09-10

110 Student papers

Kyambogo University on 2024-11-21

111 Publication

Manothini Palanisamy, Karthikumar Sennidurai. "Multi-scale attention and hyper...

112 Student papers

Monash University on 2026-06-07

113 Student papers

Queensland University of Technology on 2026-05-28

114 Publication

R. N. V. Jagan Mohan, B. H. V. S. Rama Krishnam Raju, V. Chandra Sekhar, T. V. K. P...

115 Student papers

SSBAS on 2026-04-15

116 Student papers

The University of Manchester on 2026-04-27

117 Student papers

The University of the West of Scotland on 2026-04-23

118 Student papers

UCL on 2025-09-08

119 Student papers

University of Derby on 2025-05-16

120 Student papers

University of Hertfordshire on 2026-04-26

121 Student papers

University of Portsmouth on 2011-12-14

122 Student papers

University of Sydney on 2026-06-12
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https://doi.org/10.1016/j.bspc.2025.108925
https://doi.org/10.1201/9781003641537
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123 Student papers

University of Teesside on 2022-05-04 <1%
124 Publication

V. Sharmila, S. Kannadhasan, A. Rajiv Kannan, P. Sivakumar, V. Vennila. "Challeng... <1%
125 Publication

V. Vidhya, U. Raghavendra, Anjan Gudigar, Sudipta Basak et al. "YOLOv5s-CAM: A ... <1%
126 Internet

gill.readingroo.ms <1%
127 Internet

kubanni-backend.abu.edu.ng <1%
128 Internet

repository.nwu.ac.za <1%
129 Internet

www.groupbearingla.es <1%
130 Internet

www.hindawi.com <1%
131 Student papers

Liverpool John Moores University on 2023-10-10 <1%
132 Student papers

SSBAS on 2026-04-11 <1%
133 Student papers

University of Westminster on 2026-06-24 <1%
134 Publication

Praful Hambarde, Sanjay Talbar, Abhishek Mahajan, Satishkumar Chavan, Meena... <1%
135 Student papers

Universiti Kuala Lumpur on 2026-06-24 <1%
136 Publication

William Daniel Colen de Moura Silva. "Aprimorando o corretor gramatical CoGrO... <1%
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https://doi.org/10.1201/9781003559092
https://doi.org/10.1109/ACCESS.2023.3339560
https://gill.readingroo.ms/ENTER/1%20ebook%20Collections/For%20Dummies%20Collection/Creating%20Web%20Pages%20All-in-One%20Desk%20Reference%20for%20Dummies%20(ISBN%20-%200470096292).pdf
https://kubanni-backend.abu.edu.ng/server/api/core/bitstreams/36a212cc-8faa-4742-aeea-0ffaadc05744/content
https://repository.nwu.ac.za/server/api/core/bitstreams/86f1dfea-9d8a-4700-a75b-f8c0b6d337a8/content
https://www.groupbearingla.es/blog/s3hm-machine-learning-in-concrete-science-applications-challenges-and-best/
https://www.hindawi.com/journals/pc/2024/1588891/
https://doi.org/10.1016/j.bbe.2020.07.011
https://doi.org/10.11606/D.45.2013.tde-02052013-135414

