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Abstract

Smart agriculture provides an opportunity for a step-change in agricultural productivity.
When it comes to crop yield, weed management is the most important aspect. They are the
most impacting factors which act as a hindrance in overall crop productivity and causes
important yield loss worldwide. Use of technology in the field of agriculture can help
automate the process of weed detection. This will not only be highly efficient but also
good for the environment. Our project provides one such solution in the form of Crop
health monitoring system. In this project, images are processed and transferred to a deep
learning model where the identification of weeds is performed using Yolov5. This model
presents an alternative to the old traditional methods of weed detection and help the local
communities improve their crop production and revenue.
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“We think someone else, someone smarter than us,
someone more capable, someone with more resources will solve that problem.

But there isn’t anyone else.”

Regina Dugan
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Chapter 1

Introduction

Agriculture plays a significant role in overall GDP of any country[3]. Pakistan being an
agricultural country is highly dependent on its crop yield. But unfortunately, factors such as
weed infestation doesn’t let the yield to be as much as it should be. Weeds are basically the
unwanted plants that grow on the same space as crops. They not only occupy space which
could otherwise be used for growing crops, but also affect the health of crops. Moreover,
the population of Pakistan is increasing at a rapid rate. Pakistan is already ranked as 6th
most populous country. An increase in population means an obvious increase in the need
of food. Pakistan must increase its crop production. Agriculturists are continuously finding
ways to increase the production and improve the yield. They are stressing on finding areas
which have a room for improvement. Weed infestation is one of those areas. If weeds
are managed, the production loss of crops can be saved meeting the food need as well as
improving the GDP.

1.1 Background

The annual economic losses in the world caused by weeds infestation in the field of
agriculture is estimated to be more than $18.2 billion. $12 billion of this amount is
associated with the loss of production, $3.6 billion is associated with the spendings on
chemicals and $2.6 billion is spent on other methods to control weeds[4]. The average
crop loss due to weed in Pakistan is 11.5% which is greater than the loss of 9.5% in the
world and estimated cost of potential crop losses is 300 million per annum. 265 weed
species have been known to be blamed for causing economic loss worth 3 billion USD
annually[5].

1
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Figure 1.1: Division of Annual monetary loss

Agricultural experts have estimated the annual losses in grain yields of some of the main
crops in Pakistan[4]. Their results which showed 18-25% loss in wheat, 20-65% in rice,
20-45% in maize etc Figure A.3.

Figure 1.2: Average yield loss of crops due to weeds.
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1.2 Problem Description

Weed presence reduces overall agricultural output by reducing total crop productivity as
weed competes with other crops in terms of space, water, and nutrients.

Figure 1.3: Weeds competing with crops in terms of nutrients[1].

Weeds also act as hosts for pests and cause many crop diseases. Apart from competing
with crops, weed causes an increased risk of fire hazards. Moreover, they also make
cultivation difficult because some of the weeds get entangled in machinery and act as a
hurdle. Weed control is necessary to avoid all the problems caused by it. The three steps in
weed management are:

• Prevention

• Eradication

• Control

Many different weed removal methods are being practiced from many years. They include
cultural methods such as deep ploughing in summers and irrigation, physical methods
such as the manual removal of weeds by hand pulling, cutting, and burning etc. moreover,
chemical methods and biological methods are also practiced. Chemical methods include
the spray of herbicides on the farm and the biological methods include the placement of
natural enemies of weeds. Weeds are the greatest threat to agricultural production, causing
a 45% loss compared to 25% loss due to diseases and 20% due to insects and pests with
10% by other factors [6]. Managing weeds has always been the biggest concern because it
is quite an expensive and difficult task. Almost 1/3 of the total cost of crops production is
taken over by weed management.
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Figure 1.4: conventional weed control methods.

All these methods have some disadvantages. For example, the cultural methods do not
control weeds they only provide a better environment for crop growth. These methods
can lead to increased soil erosion. The disadvantage of the physical methods is that they
are time consuming and labor intensive. Furthermore, by chemical methods the overall
health of crops is affected, they cause pollution and are expensive. We are already at a high
risk of Global warming and pollution index is also increasing day by day, so excessive
use of chemical methods is dangerous. It is not only a waste of herbicides but also has
health and environmental risks creating an imbalance in the ecosystem. Moreover, it also
results in some species of weeds being resistant to it. There too much use is a danger to the
health of all the living creatures. On the other hand, biological methods are very slow and
less effective. These methods are outdated and very less effective, resulting in abundant
problems in the field of agriculture.

We are in a dire need of smartly managing weeds. So, to prevent the risks and disadvan-
tages of the conventional approaches mentioned above, we need an integrated approach
that reduces the drawbacks. The use of precision technologies can serve as an asset in
improving the agricultural yield.

An automated weed detection system can be employed. This system must be accurate
enough to locate weed parts of the field. This use of computer vision in the agricultural
sector has changed the traditional ways to manage crops. It has proven that resources can
be saved at a large scale if utilized properly.

World is moving ahead in technology, and everything is moving towards automation.
Weed control is one of those areas that demand automation. Previously, work has been
done for using technology to solve agricultural problems. But there is still a gap that needs
to be filled. The previous methods used to avoid this loss had disadvantages which can be
improved by an automation in this field. An automated weed detection system for crop
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health monitoring using deep learning can come handy to improve the crop yield. The
proposed project is to develop an application that uses pictures to detect weeds so that
weed location in the fields can be identified as a result the whole farm can be saved from
herbicides while saving time and labor work for farmers.

Figure 1.5: Overview of how automated weed detection may work.

1.3 Objectives

The objectives of the proposed project are:

• To detect weed and crops.

• To classify weeds based on its species.

• To find the ratio of weeds to crops.

1.4 Project Scope

The scope of this project is to detect weed from images that contain both crops and weeds,
through deep learning model. Once the weed is identified it can be removed with the
required equipment. Our project should be able to adapt to any plant types and be spatially
accurate at sub-centimeter level, but its accuracy will be affected in dense areas where
weeds and crops overlap each other.
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Chapter 2

Literature Review

Automated weed detection is the need of the hour. The field on which our project is based
on has been researched before. To improve the accuracy of weed detection, solutions have
been proposed and many different methods have been observed. In this section we will
discuss the contributions of articles in the field of automated weed detection and analyze
them.

2.1 Traditional Computer Vision Techniques

In the past, many people researched on the use of machine learning algorithms to be
used with image processing techniques to detect weeds. The traditional Machine learning
methods can be used in agriculture for effective plant and weed identification. Use of
machine learning in weed detection can prove to be a helpful approach as it require short
training time and is less costly. A series of image processing procedures are used, and
weeds are detected based on texture, shape, color, and spectral features. For example, Le et
al. [7] discussed the difference in characteristics of corn and single species of weeds based
on local binary pattern, texture features and SVM. Chen et al. [8] proposed a method built
on multi-feature fusion and SVM for the detection of weeds. Experiments were conducted
to study the effects of different features.

Moreover, Yuan el at. [9] proposed an approach which was based on combining the
HOG features with SVM. In the proposed method HOG features of the leaf are taken
and then the classifier is trained by SVM. It is then used to detect the leaves from the images.

In another article, a method was proposed for comparing the effect of SVM and Arti-
ficial neural network on detecting weeds [10]. This method was based on three shape
features because sometimes it becomes impossible to be able to efficiently detect all the
weeds from crops based on just a single feature.

7
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Li et al. [11] projected a technique that used hyperspectral imaging data and machine learn-
ing. It was proposed to explore the fast and accurate detection of weeds in ryegrass and
clovers. The images from two grasses and two weed species were collected. Preprocessing
was done on them and then three classification models were used to train them. the three
classification models were partial least squares-discriminant analysis (PLS-DA) , SVM
and Multilayer perceptron (MLP) based on Sp model. All these showed fair amount of
detected weeds but MLP based on Sp method showed highest accuracy.

In 2018, an article [12] on early weed mapping using UAV imagery was published. In this
article, De Castro suggested an innovative approach OBIA, using RF algorithm to detect
weed in early growing period of herbaceous crops. This RF-OBIA algorithm was used to
create SSWM maps of early season herbaceous crops. This method basically linked UAV
images, DSM’s , Orthomosaics and created a random forest [RF] classifier exclusive of
user involvement. All these things combined helped the OBIA algorithm to self-train the
classifiers and select feature values and do the classification of weeds in both between crop
rows and within them. First, OBIA distinguished all the plants in the image and accurately
projected the plants height based on DSM. Next, a balanced training set was randomly
selected by RF classifier. This process didn’t require the exhaustive training process. This
made RF-OBIA algorithm time efficient and more reliable compared to the conventional
classifiers.

In another article the researchers proposed a different model for differentiating between
crops and weeds by using SVM with blob analysis to assess its functioning in an automated
weed control system [13]. Blob analysis is basically a machine vision technique built on
the analysis of consistent image regions. The goal of this algorithm was to identify crops
and weeds based on their features such as RGB, length and centroid. The methodology
proposed in this article was that image processing techniques were utilized to detect weeds
and then the processed images were to be given to robots. The processing of images
also required binarization. Threshold values were also calculated and by this was image
was separated from background. During this research the data was divided into two sets
which included a total of 72 samples for training and for testing it contained 8 samples.
The results showed variation with an accuracy laying from 50% to 95%. Images that had
separated weeds and crops had maximum accuracy while the images which contained
overlapping leaves didn’t give good accuracy. The three techniques (binarization, SVM
and blob analysis) used in this whole research were observed to be adaptive because two
completely different images with different size, weeds and backgrounds were used for the
test. However, the machine learning methods are easy to use and there has been a signifi-
cant improvement in their algorithms and usage but there are some problems associated
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with some of the traditional methods discussed above. They are unsuitable for large-scale
rapid detection or classification of images in a natural environment, cannot deal in complex
field environment and are a little slower. To overcome these, deep learning methods were
researched.

2.2 Deep Learning

In the process of weed detection, the techniques based on deep learning have obtained
good results. Deep learning methods are based on the involvement of spatial and semantic
feature differences. The accuracy of weed and crop identification has improved immensely
with the use of deep learning. In order to get an overview of the deep learning methods used
previously for weed detection ,deep learning based weed detection studies are summarized
below:
Allessandro et al. [11] explains in detail regarding Weed detection in soybean crops using
ConvNets. This research for the detection of weeds was divided into 5 different stages.
The first stage was the capturing of images of soybean crops and for this purpose UAVs
were used. Image acquisition was done with the help of visible light RGB camera, and
the images were captured at an approximate altitude of 4m above ground level to ensure
efficiency.

The next phase was of segmentation. In this research the algorithm of Superpixels was
used for this phase and the segments were extracted. In this research simple linear iterative
clustering (SLIC) superpixels algorithm was used for the segmentation purpose. This
algorithm basically works on grouping pixels of same color together. SLIC algorithm cre-
ates pixel groups with the help of k-means algorithm. This k-means algorithm was useful
because unlike traditional procedures it performs search in less space. Manual annotation
was then done on these segments. By this way an image dataset of soil, Soybean and weeds
was constructed. This dataset contained a total of 15336 segments out of which 3249 were
of soil, 3520 grass, 7376 soybean and 1191 weeds.

The next stage included the feature extraction. Extractors of color, shape etc. were
used. The fourth phase was of training the classifiers and in this case ConvNets were
used to do the job. Comparison of ConvNets was done with other classifiers to deduce its
performance. For the comparison test Adaboost- C4.5, Random Forests [RF] and Support
vector machine [SVM] algorithms were used. Two different cases were used, one with
balanced data and the other with unbalanced data. In the case of balanced data, the results
showed that ConvNets were better with a case consisting of few classes when a robust
training set is provided. Furthermore, in the unbalanced case all performance averages
increased for all algorithms. But in this case too, ConvNets presented superior results to
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all other classifiers.

The fifth stage was based on segmentation and classification of images. The use of
ConvNets accomplished great results. In this set 99.5% accuracy was achieved. All the
other algorithms used for comparison also provided good results, but ConvNets had the
benefit of their results not conditional on selection of good feature extractors.

Jialin et al. [14] investigated the use of DCNN for weed detection and its feasibility
was showed . The experiment was divided in two stages, Image acquisition and training
& testing. Three different datasets E-maculata, G. hederacea and T.officinale were used
by the authors. DCNN was trained using images that had only one weed specie. Neural
networks were trained using both single weed specie and multiple weed specie. Multiple
specie neural networks AlexNet, GoogleNet and VGGNet were trained. In both cases
AlexNet and VGGNet showed better results compared to GoogleNet. It was deduced that
both image classification and object detection DCNN can be used in the machine vision
but training of image classification DCNN does not require the drawing of bounding boxes
so is time efficient.

In 2020, another article was published for deep weed detector for precision agriculture
[15] which emphasized on the need of precision agriculture and explained how deep
learning is becoming as the tactic for detecting weeds. Though, it also highlighted the
fact that training dataset with only deep learning classifiers doesn’t help much in precision
agriculture. It further explained that it does not point out the weed as it doesn’t separate
the background. So, an alternative method of using ResNet-50 and YOLO v2 object
detector was suggested. Basically, in this article an approach which used outcome of one
of the layers from ResNet-50 as an input to YOLOv2 was proposed. The given method
was useful for not only precisely detecting weeds but also for classifying the weeds on
their types. In this paper the aim was to detect 4 different classes of weeds: bluegrass,
chebopodium, circium and sedge. From the experimental results found it was justified that
fused ResNet-YOLO network was the best approach for precision agriculture.

In [16] another article the author proposed 3 different methods for weed detection which
helped them draw a comparison. The three methods used were HOG-SVM, CNN- YOLO
and Mask-R-CNN. In this article the steps described were as follows:

1. Vegetation detection

2. Crop detection

3. Weed identification and quantification.
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This study differentiated between one machine learning algorithm and two deep learning
algorithms based on their efficiency and effectiveness. However, the dataset used for
this experiment was created by the authors themselves. Pictures were captured from a
commercial lettuce crop farm. This capturing was first done 60 days after seeding and
then done twenty days after the manual weeding. A total of 100 images was selected 2219
lettuces with different levels of weed plants.

For the first method (HOG-SVM), HOG technique was used to get the features from
each image. A training process was carried on 1400 images to deduce the weed and lettuce
classes of object using masks designed through NDVI and the OTSU method. NDVI index
mask removes extra objects from the image such as ground etc. SVM is used to identify
the objects belonging to lettuce class and then are stored in a new mask known as crop
mask. Crop mask and NDVI index mask are multiplied to make sure that only weed plants
are left in the images.

In the second method (CNN- YOLO), bounding box co-ordinates were used to sepa-
rate crops from the images. Moreover, A green filter was used to binarize picture which
resulted in pixels without crops to be converted into black, while the others to be white.
The entire bounding box was considered instead of using edge detection. This affected the
weed calculation because the nearest weed to the crop got ignored.

In the third method (Mask R-CNN), a complete image was processed to do the approxima-
tion related to weeds. NDVI index was used to remove background, the image was then
mixed with masks provided by neural network. The % of weeds was then calculated.

According to this experiment, the author deduced that YOLO model was speedy and
didn’t have a significant effect on the evaluation although the closest weeds were ignored.
Whereas the R-CNN method was very precise in locating the edges. Since HOG-SVM
requires less processing capacity its results can also be said good.

Selvi et al. [17], carried out experiment for seasame crops with different weed species.
The proposed technique used RGB images and converted them into gray scale. Neural
network techniques (CNN) was used for feature extraction. Classifiers were first trained
than tested. The experiment shows 95% accuracy for classifying using CNN.

Gao et al. [18] presented an approach that develops deep CNN on Yolov3 architec-
ture. Variation is appearance of plants and different growth stages act as a hindrance when
detecting weeds, in this case, convolvulus sepium in sugar beet fields. Dataset was made
by capturing images from two sugar beet fields. Synthetic images were generated based on
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this training dataset and a deep neural network based on Yolo was designed. It presented
better results when compared to Yolov3 and yolo.

Jin et al. [19] suggested a method which involved CenterNet Model along with the
image processing techniques. A trained CenterNet model was used to draw bounding
boxes around vegetables. Anything that fell outside the bounding boxes was considered
weed. The proposed method focused on detecting the vegetables only so that all other
weeds no matter how many species could automatically be discriminated. Now to extract
weeds from background, color index-based segmentation was used. This technique can
reduce the complexity of weed detection.

Luiz et al. [15] proposed a real time weed detection system based on the Yolov5 in
2021. In this work, the focus was not only on identifying weeds but detecting the ones that
are resistant to the commercial herbicides. A custom dataset was used which consisted
of 5 weed species that were resistant to Glyphosate. The YOLOv5 architectures were
successful, and their detection was not conditional on light and background conditions.

The above discussed articles review the work of researchers and compare machine learn-
ing and deep learning methods for the detection of weeds. Deep learning seems to be a
favorable technique because of its accuracy. In conclusion, the needed information that
will be required for this project has been learned from these researches.

2.3 Literature Review Table

SL
No

Title of paper Author
Tools and
Technology

Methods

1

Effective plant
discrimination
based on the
combination of
local binary
pattern.(2018)

Vi Nguyen
et.al[7]

Xilinx Zynq
ZC702 ,
VITA 2000
camera

LBP with
SVM
classifier
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Table 2.1 continued from previous page

SL
No

Title of paper Author
Tools and
Technology

Methods

2

Weed and Corn
Seedling Detection
in Field Based on
Multi-Feature
Fusion and Support
Vector Machine.
(2020)

Yajun Chen
et.al [8]

MATLAB ,
Core i7
GeForce
RTX
206

Multi
feature
fusion
with
SVM

3
Detection of wine
grape leaves based
on HOG.(2016)

MA Yuan
et.al[9]

Not
mentioned.

HOG-
SVM

4

Evaluation of
support vector
machine and
artificial neural
networks in weed
detection using
shape feature.
(2018)

Abdolabbas
et.al[10]

Not
mentioned.

SVM or
Artificial
Neural
Network
(ANN)

5

Identification of
Weeds Based on
Hyperspectral
Imaging and
Machine Learning.
(2018)

Yanjie Li1
et.al[11]

Not
mentioned.

PLS-DA
SVM
MLP

6

An Automatic
Random Forest
-OBIA Algorithm
for Early Weed
Mapping between
and within
Crop Rows Using
UAV Imagery.
(2018)

I.De Castro
et.al[12]

Not
mentioned.

RF-OBIA
algorithm
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Table 2.1 continued from previous page

SL
No

Title of paper Author
Tools and
Technology

Methods

7
Weed Detection
Using SVMs.(2018)

Murawwat
et.al[13]

Not
mentioned.

SVM
with
blob
analysis

8

Weed detection
in soybean crops
using ConvNets.
(2017)

Allessandro
dos Santos
Ferreira
et.al[20]

Weka
software
version
3.6.6,

Research
proposed
the use of
ConvNets
also known
as CNN.

9

Weed Detection
in Perennial
Ryegrass With
Deep Learning
Convolutional
Neural Network.
(2019)

Jialin Yu
et.al[21]

Not
mentioned.

DCNN
was used.

10

Deep Weed
Detector classifier
Network for
Precision
Agriculture.
(2020)

Abdulsalam
et.al[22]

Not
mentioned.

Layers
from
ResNet
as an
input to
YOLOv2

11

A Deep Learning
Approach for
Weed Detection
in Lettuce Crops
Using Multi
spectral Images.
(2020)

Kavir
et.al[23]

Mavic Pro
Camera
GTX 1060

HOG
-SVM,
CNN-
YOLO,
Mask
R-CNN
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Table 2.1 continued from previous page

SL
No

Title of paper Author
Tools and
Technology

Methods

12

Weed Detection
in Agricultural
fields using
Deep Learning
Process.
(2021)

Thirumarai
et.al[17]

High-Res
camera,
Python

RGB to
gray
scale, then
CNN used.

13

Deep convoluti
onal neural
networks for
image-based
Convolvulus
sepium detection
in sugar beet
fields.(2020)

Junfeng
et.al[18]

Nikon
D7200
pyTorch

Deep CNN
based on
Yolov3
architecture.

14

Weed identification
using deep
learning and image
processing in
vegetable
plantation.
(2021)

Xiaojun Jin
et.al[19]

PyTorch ,
Python
Open CV
GeForce
RTX 2080

CenterNet
model
was used.

15

Real-Time Weed
Detection using
Computer Vision
and Deep Learning.
(2021)

Luiz Carlos

et.al[24]

Google
Colab,
Pytorch

YoloV5
was used.
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Chapter 3

Requirement Specifications

3.1 Existing System

In this section, we will take a look at existing research done in this area. A lot of work has
been done on precision agriculture but software applications are lagging behind. Local
markets contains huge void in this area while international agricultural markets have
bloomed using these methods. In existing systems sliding window object detection was
used like RCNN and faster RCNNS which are not up to toady’s standards but then came
algorithm yolo (you only look once) which revolutionised the computer vision and became
the standard of object detection.

3.2 Proposed System

The proposed system is to develop an application on the principal of deep learning. Dataset
containing images of crops and weed. We are Pre-Processing the data with auto orientation
stretching to 416 x 416. Then use object detection model for a custom data set. We chose a
model which will achieves high accuracy and is able to achieve detection on higher frame
rates . System will be web application which will communicate an object detection API.
System will be able to provide data for crops and information about pesticides.

3.3 Intended Audience

The target audience for our project will be agricultural community. Our project will help
them by bringing automation in this field. Our project idea is to help the local communities
which are lagging behind due to the use of old traditional methods by bringing technology
to improve their yield.

17
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3.4 Requirement Specifications

3.4.1 Functional Requirements

Functional requirements are given below.

• System should be able to read images.

• System should be able to detect weeds and crops.

• System should be able to generate an output based on detection.

• System should be able to provide information about crops and weeds.

• System should be able to send output based report to third party.

• System should be able to show recommendations.

• System should be able to pass recommended actions to third party.

3.4.2 Non-Functional Requirements

Non-functional requirements are given below.

• Availability: After the deployment of the web application. It will be available for
use.

• Reliable: System should be accurate and reliable in detecting weeds.

• Efficiency: System should be efficient in performing all the tasks.

• Re-usability: System components should be reuse able in other modules and appli-
cations.

• Performance: Response time for object detection should be minimal.

3.4.3 Software Requirements

This application will use following software.

• React: React.js is framework of JavaScript used to develop front end of the web
applications by using different libraries.

• Node: Node.js is framework of JavaScript used to develop web applications.

• Python: Pytorch is a machine learning library which uses python and fastapi will be
used to access object detection model over the web.

• Dockers: Docker is used to strip all the unnecessary parts of the application so the
performance can be increased.
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3.4.4 Hardware Requirements

To use this application hardware requirements are following

• Internet Connection: As this application is a web application user must have a
stable internet connection.

• Device: Any device which can run browser which supports web applications.

3.5 Sequence Diagram

Sequence diagram illustrates the sequence of different processes in the project.

3.5.1 Open Application

In figure A.2 it shows the complete sequence of how user will open the application through
browser and how web browser will interact will application.

Figure 3.1: Sequence Diagram Open Application
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3.5.2 Select Service

In figure A.3 It shows the complete sequence selecting service when the landing page will
appear on the browser user will have to select which service or module user wants to work
with this diagram show how user will interact with the application while selecting a service.

Figure 3.2: Sequence Diagram Select Service



3.5 Sequence Diagram 21

3.5.3 Upload Image

In figure A.4 it shows the complete sequence of uploading image when user has selected a
service system will not do any thing until user uploads an image this diagram shows how
user will interact with the application while uploading the picture.

Figure 3.3: Sequence Diagram Upload Image
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3.5.4 Weed Detection

In figure A.5 it shows the complete sequence of weed detection module this is our core
module how the system will react when the image has been uploaded to the server. After
successfully uploading how the image will intract with the core module of weed detection
where with the help of object detection algorithm.

Figure 3.4: Sequence Diagram Weed Detection

3.5.5 Email Service

In figure A.6 it shows the complete sequence of passing the reports and recommendation
to third party or lower staff.
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Figure 3.5: Sequence Diagram Email Service

3.5.6 Recommend List

In figure A.7 it shows the complete sequence of recommendation based on the service user
selected and the detection results.

Figure 3.6: Sequence Diagram Recommend List
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3.6 Activity Diagram

Activity diagram illustrates flow of activities from start to the end. This includes the flow
of activity from user to the system and from system to components of the system.

Figure 3.7: Activity Diagram
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3.7 Use Cases

The goal of the user will be to monitor crops health by keeping a check on the weed count.
User will be able to detect weed and crops. User will be able to gather information about
the crops and weed. General use case diagram is shown in figure 4.8

Figure 3.8: Use Case
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Figure 3.9: Use case open application

Open Application
Title Open Application.
Actor User
Description This use case represents the interaction between user

and the web browser to start the application. User must
have a working browser so that application can be run
properly and smoothly.

Pre-Condition Stable internet connection and web browser.
Post-Condition Application landing page should display.

Table 3.1: Use case open application.

Figure 3.10: Use case select service
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Select Service
Title Select Service.
Actor User
Description This use case represents the interaction between user

and the application to select a service. landing page will
have multiple options such as weed detection so user
must select the a service in order to proceed.

Pre-Condition Running application.
Post-Condition New page according to the service.

Table 3.2: Use case select service.

Figure 3.11: Use case upload image for selected service

Upload Image for Selected Service
Title Upload Image for Selected Service.
Actor User
Description This use case represents the interaction between user

and the app to select the image file from the system.
User must upload a picture in order to get the results.
Upon successful or failed upload user will get a pop-up
message.

Pre-Condition Image file and internet connection.
Post-Condition A successfully upload to application.

Table 3.3: Use Case upload image for selected service.
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Figure 3.12: Use case view output of selected service

View Output of Selected Service
Title View output of selected service.
Actor User
Description This use case represents the interaction between user

and the app to show output the image file after running
it through detection model. Based on the service user
will get to see results in images as well as some textual
results.

Pre-Condition Successful post request to backend.
Post-Condition Output detection and bounding boxes.

Table 3.4: Use case view output of selected service

Figure 3.13: Use case share results
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Share Results
Title View Report.
Actor User
Description This use case represents the interaction between user

and the application to show report of crop health which
has an option to send report to some third person.

Pre-Condition Results from detection model.
Post-Condition An email of crop report sent.

Table 3.5: Use case share results.

Figure 3.14: Use case view recommend list

View Recommend List
Title View recommend list .
Actor User
Description This use case represents the interaction between user

and the application to Recommend some solutions with
proper detailed description on the basses of detection
results. Which has option to share recommendation to
third person via email.

Pre-Condition Detection Results.
Post-Condition Output Recommendation list.

Table 3.6: Use case view recommend list.
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Chapter 4

System Design

In this chapter, we have discussed the development phase of our weed detection and crop
health system. The objective of this chapter is to get information about the basic flow of our
application to convert the proposed design into a working solution. This chapter includes
the proposed system architecture, used to describe the abstract view and conceptual model
of our application. The design methodology and interface of our system are discussed
in detail to get the idea of interaction between user and system interface. We have also
provided information about our system components, modules, interfaces, and data to satisfy
specified requirements in earlier sections. The chapter’s detail discussed below:

4.1 System Architecture

The developed system is a web application which is based on 3-tier application architecture.
User can only send input data to the application, all the processing is done on the server
side for Weed detection. Each input image is divided into cells and each cell makes a
bounding box and the confidence score then it predicts to which class it belongs. After
processing data is transferred to database which is accessed and hosted by the server. The

Figure 4.1: System Architecture

31
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architectural view of the system is shown below. The illustration describes about the
architectural design of the system.3.10

Figure 4.2: System Design

4.2 Design Constraints

The developed system depends highly on the quality of images if in some case weeds
are densely populated in some areas or weeds and crops are overlapping, on each other
systems efficiency can go down depending on the input image. By the quality of image it
means that because the data is trained for land based data set solution it will not work for
aerial data.
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4.3 Design Methodology

The development of the project is directly linked to the software development model
we are using. In this case, we are using iterative incremental model. Development of
the project requires reassessment of the planning and implementation. After that we are
designing the basic layout of the application and its features. After having a good idea of
the requirements and specifications of the proposed project. Every iteration depends on the
previous version of the iteration with each iteration there is a new module or better version
of the product.

Figure 4.3: Iterative Incremental[2]

4.4 Context Diagram

Context diagram shows interaction of system and its actors. The illustration below shows
the contextual view of the system. It provides boundaries between the system entities.
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Figure 4.4: Contextual Diagram

4.5 GUI Design

System provides a easy to use graphical user interface over the web browser user can
access the application from anywhere around the world with just internet connection. The
application is Weed detection system and health monitoring system so GUI is built around
in such a manner that the user can use the application without getting it self into the
complications of technologies the user will have to upload an image and press a single
button and the system will do its work. Interface of the application will be developed using
JavaScript web frameworks.
Users should always be informed of system operations with easy to understand and highly
visible status displayed on the screen within a reasonable amount of time. Interface
designers should ensure that both the graphic elements and terminology are maintained
across similar platforms. For example, an icon that represents one category or concept
should not represent a different concept when used on a different screen.

• User will have to open web app through browser.

• User will then arrive at home screen.

• User will now have the access of various option regarding our application.

• Input is in the for of picture which can be accessed though the user’s device.

• After pressing the detect button user will see an out put image of processed image.

• Under that user interface will provide stats of the image.
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When the user presses detect button the client side sends a request to server side carrying
that picture which will then processed by the detection model and in response server sends
URL of the saved image.

Figure 4.5: Back end Server

Figure 4.6: Detection page
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Figure 4.7: Recommendation page

4.6 Production Environment Design

In this section application’s structure is explained how different technologies work together
and how they are put together. In the following diagram. All the services run on the docker
container because it has become a standard unit of deploying any server based application.

Figure 4.8: Production Environment
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System Implementation

System implementation includes all the stages involved in the deployment of our logical
designs into a physical with the help of defined procedures and framework. In this phase,
we develop system design to cope with requirements specified by the system as well as
stakeholders and customers. In this chapter, we are going to discuss in detail all the tools,
techniques, and procedures we have used for the implementation of prototypes, developed
according to the system requirement in the system architecture phase.

5.1 Implementation Overview

Firstly we need a data set to train our model. We applied pre-processing techniques like
auto orientation and we made all the images in the format of 416 x 416 and to increase the
accuracy of the model we used the data augmentation techniques flipped vertically and
horizontally.

To train our object detection model we used yolov5 object detection algorithm. Yolo
is one of the most effective object detection algorithm which plays a crucial role in au-
tonomous vehicle technology. Yolo works on CNN architecture which is extremely fast
and achieves high efficiency. The architecture of yolo algorithm consists of three parts as
shown in figure6.6. First is CSPDarknet which is a convolutional neural network used for
feature extraction. Then it passes the output to PANET which is the second part which
is used for feature fusion it is the combination of features from different layers so the
proposed model can consume all the features. Then comes the final layer yolo layer which
is also called the head shows the output of the detection result like classes and confidence
score etc [25].

To pass our data to web we created a rest framework api so this weed detection api

37
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can be used in any application around the world. In application interface consumes the api
so it can show results over the web.

Figure 5.1: YOLO Network Architecture

5.1.1 Detailed Training Strategies of Model

We have trained a deep learning model using Yolov5. Two versions dataset were created
one with augmentation and one without divided into 70% for training 20% for validation
and 10% for testing. Annotations were converted from XMl to Yolo format. Images were
resized into 416 x 416 stretched because it makes training much faster. We used google
colabs which provided resources. Model was trained using NVIDIA tesla K80 & tesla T4.

Model Train Test Optimizer Batch Size Epoch mAP

Yolov5s 1900 118 SGD 8 500 0.702
Yolov5s 2500 118 SGD 16 500 0.790

Table 5.1: training strategies.
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5.2 Data Description

Data set used in this project was of images of corps and weeds in their early stages of
growth because system must be able to differentiate between crops and weed in early
stages in order to control it. The data set used for this project is publicly available on
mendeley data it consists of 1176 raw images in which 6 food corps and 8 weed types
where identified and around 7853 annotations were there in XML format [26].

Figure 5.2: Crops and weed types in dataset

5.3 Application Backend

This weed detection backend is developed with Fastapi this framework is the fastest python
web framework. User sends server an image over the web using restapi which accepts and
performs detection algorithm then returns image over the web. Package used with fastapi.
This api consists of eight api each returns some information.
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1. /notify/v1/health (Returns api’s health).

2. /object-to-json-weed (Returns weed detection results in json format).

3. /object-to-img-weed (Returns weed detection results in image format).

4. /object-to-img-pest (Returns pest detection results in image format).

5. /object-to-json-pest (Returns pest detection results in json format).

6. /products/insecticides (Returns recommendation list of insecticides).

7. /products/herbicides (Returns recommendation list of herbicides).

8. /img/filename (Returns image from local storage).

5.4 Interface of The Application

For the implementation of Graphical user interface we have used react.js it is very popular
open-source JavaScript framework for development of web applications. Packages used
with react.

1. Material-Ui this is one of the best UI libraries for react.

2. Axios package is used to make api calls efficiently.

3. React-Router this is used to setup virtual URL links.

5.5 Additional Functionality

Our project has the capacity to incorporate new modules as required. For instance, we
added an additional functionality of Pest detection and pesticide recommendation system
in our crop health monitoring system. Pest infestation has been a problem for our crops
from a long time. There is no perfect system to avoid pest infestation or save crops from
the losses. Our system may help detect pests and may help in precision agriculture by
locating pests efficiently and effectively and highlighting the areas which need immediate
action. This way only necessary amounts of insecticides and pesticides will be consumed.
This will not only save cost, time and labor but also help maintain healthy crops.

5.5.1 Working of Pest Detection

Dataset used during the implementation of pest detection module was not publicly available.
It consists of 1300 images. Preprocessing was done the same way as for weed detection.
Images were employed on YOLOv5 for training and object detection. YOLOv5 was
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successful in detecting pests from the images used. It had almost similar implementation as
weed detection. This shows that our project is completely generic and can be very useful.

5.6 Tools and Technology

5.6.1 ReactJs

React makes it very easy to create web applications. it is very efficient and most commonly
used library of JavaScript. It is very easy to build encapsulated components which can be
rendered and re-rendered efficiently using state and stateless components. It can help in
creating new functions without having to rewrite code again.

5.6.2 Recharts

Recharts is react library which makes creating different types of graphs very easy and
unlike other graphical libraries which recharts is very lightweight as compared to other
libraries.

5.6.3 Fastapi

FastAPI is a modern, high performance framework for developing API’s it is the fastest
python framework for web applications. It reduces development time by 100% to 200%.

5.6.4 EmailJs

Emailjs makes it very easy to send emails from JavaScript which otherwise require a very
long process of sending and receiving emails and integrating email templates for every
emailing service. This framework works very well with react and makes it very simple to
create email templates.

5.6.5 Docker

Docker is a container that provides us the facility to run our application in a secure
and loosely isolated environment. This secure application can run multiple containers
simultaneously on the same host. Docker separates our application from its setup, which
helps us in reducing the development time and deploying our project more quickly. It means
that we can reduce the gap between the writing and running of code in the development
phase. While using the docker application, we can use the same Linux kernel, like that of
the system on which the application is running. Hence, we can run more containers on our
system hardware as compared to the virtual machine.
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Chapter 6

System Testing and Evaluation

In this chapter, we will discuss the system testing and evaluation.

6.1 Introduction

System testing is a level of testing that validates the complete and fully integrated software
product [27]. System testing is mainly a series of different tests to ensure the proper
working of our product and evaluate system specifications. In this part of the development
our aim is to verify whether our project is working up to our needs or not. We do this
testing to check for errors and to find out where fault and failures lie. Error is basically a
mistake by the programmer that leads to a fault. A fault is a defect or a bug that further
leads to failure. A failure occurs when the given requirements are not fulfilled. The
following figure shows the relation between error, fault, and failure in system testing.

Figure 6.1: Relation between error, fault, and failure

6.2 Reasons for Testing

Testing is performed to ensure two very important tasks in the world of software develop-
ment. They are verification and validation.
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6.2.1 Verification

Verification is the testing of items to ensure that whether the software is in accordance with
the specifications or not. It falls under static testing.

6.2.2 Validation

Validation is the evaluation done to determine that the specified requirements are satisfied.
In other words, it is simply the testing to check that the software meets the customer
expectations.

6.3 System Testing

6.3.1 Graphical User Interface Testing

GUI testing is an important component is any developed project. A good GUI allows the
user to have a smooth interaction with the system using graphical components such as
icons and buttons. For this purpose, we tested our screens, and all the feature’s buttons,
images, icons, and camera. The purpose of using graphical user interface was to present
such a way that may allow the farmers to understand the results and use it without facing
difficulties.

6.3.2 Usability Testing

Usability testing was carried out to ensure that the product is of exceptional quality and
is highly user friendly so that there are no usability issues faced. Our developed system
is very easy to use, as it requires very little user interactions. It was designed in such a
simple way that the user with minimum technical knowledge can also use it. Our developed
system was tested many times to check for any usability issues by loading pictures many
times and checking for weeds. The interaction with the system was considered smooth
with no issues found.

6.3.3 Compatibility Testing

Compatibility testing is done to check compatibility of our developed system. Essen-
tially, to test that our developed system works fine on different browsers and fulfills user
expectations.

6.3.4 Software Performance Testing

We have used software performance testing to access response time, resource usage and
stability of our developed system. According to the tests our system is quite responsive
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and smooth. It takes a little longer once the images are being loaded but later the time
decreases.

6.3.5 Exception Handling

There are two exceptions in our developed system. First is that the image should be clear
and the second is that weeds should not be hidden under crops.

6.4 Test Cases

6.4.1 Startup Test Case

System starts correctly when launched.

Test case
Test case ID 01
Description Test the starting of system
Applicable for Run on all browser systems
Requirement REQ01
Initial condition none
Step Task and its expected results
1 Open web application
2 Verify startup on multiple systems
3 Verify the proper display of main screen
Status Pass

Table 6.1: Test case 01.

6.4.2 Image Loading Test Case

To ensure that image loads successfully.

Test case
Test case ID 02
Description Test image loading.
Applicable for Run on all browser systems.
Requirements REQ02
Initial conditions Startup test case successful.
Step Tasks and expected result
1 Select option for uploading image.
2 Verify that it lets you select the image.
3 Verify that it is being uploaded.
Status Pass

Table 6.2: Test case 02.
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6.4.3 Weed Detection Test Case

To ensure that weeds are detected successfully.

Test case
Test case ID 03
Description Test weed detection
Applicable for Run on all browser systems
Requirements REQ03
Initial conditions Image loaded successfully
Step Tasks and expected result
1 Image is processing
2 Verify that detected weed is being displayed

on the screen.
3 Verify that weed to crop ratio result is gener-

ated.
Status Pass

Table 6.3: Test Case 03.

6.4.4 Report Generation Test Case

To ensure that report is generated successfully.

Test case
Test case ID 04
Description Test report generation
Applicable for All browser systems
Requirements REQ04
Initial conditions Result generated successfully.
Step Tasks and expected result
1 Select option for report generating.
2 Verify that it lets you send report.
3 Verify that report is being received via email.
Status Pass

Table 6.4: Test Case 04.

6.5 Dataset

That dataset we used is Ronin_open_db. Our dataset contains images of weeds and crops
captured in different light conditions. It contains around 1200 images of crop and weed
in various environments closed, open and different lighting’s we divided our data set into
85% for training 10% for validation 5% for testing.
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6.5.1 Testing for Weed Under Natural Light

We used images from our dataset to test our developed system and its accuracy of weed
detection in natural light. The detection was successful. Most of the pictures form the
dataset are taken in natural light in natural light the results were very accurate.

Figure 6.2: Shows input image and detected weed under natural light.

6.5.2 Testing for Weed Under Different Lighting

We used images from our dataset to test our developed system and its accuracy of weed
detection in Different Lighting. The detection was successful.

Figure 6.3: Weed Under Different Lighting Conditions.
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6.5.3 Batch Testing

We used images from our dataset to test our developed system and its accuracy of weed
detection in batches.

Figure 6.4: Batch test

6.6 Evaluation

The following figure shows the evaluation of trained model.

Figure 6.5: Shows graphical representation of evaluation of trained model.
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6.6.1 Confusion Matrix

Confusion matrix is a metric to measure performance and accuracy of classification
algorithm. It uses recall, precision, accuracy and visualises them in a manner which can
provide values for true positives and false negatives etc.

Figure 6.6: Confusion Matrix

6.6.2 Mean Average Precision

Mean average precision is a benchmark for object detection algorithms. It is average
precision of all the classes as shown in the equation. It is denoted as mAp@[0.5 ,0.95]
which indicates mean average precision over different intersection over union thresholds.

mAP = 1/N
N

∑
i=1

APi
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Class Precision Recall mAP@.5

All 0.729 0.772 0.789
Crop 0.754 0.827 0.845
Weed 0.704 0.718 0.733

Table 6.5: Mean average precision of different classes

6.6.3 F1 Score

F1 score is a metric to measure performance using only precision recall and confidence. It
combines two factors both precision and recall into one. It is used to find most optimal
confidence score so that if any bounding box with the confidence score more than threshold
is considered a detection.

Figure 6.7: PR & F1 curve



Chapter 7

Conclusions

The identification of weeds and pests in natural environment is a crucial task and is of great
importance to crop yield. Fast and efficient detection requires improved computational
methods. We have built a system that will prove significant in this regard because of higher
accuracy compared to the existing systems. In this system we have developed a method
for weed detection and pest detection using image processing for crop health monitoring
system based on yolov5. We can detect and separate out the unwanted plants from the
useful crop plants and timely identify pests’ infestation. The reason for developing such a
system is to bring automation in this field which may help in precision agriculture.
Our idea is to help the local communities which are lagging due to the use of old traditional
methods by bringing technology to improve their yield. With a rise in the use of IOT
devices in the recent years it has become the need to link technology with agriculture to
compete with the world. Loss of crop yield in the past few years stresses on the need to
update our outdated methods used in agriculture. Our system provides on such solution
by making use of the deep learning for the efficient and accurate detection of weeds and
pests. It gives user the freedom to detect weeds or pests. It also generates a report showing
the results of detected weeds and pests. We used email system to notify the crop manager
regarding the current situation of the field.
There were limited online resources and research paper available about CNN- based weed
detection system. One of the most difficult tasks in the making of this project was finding
the required dataset which contained both crops and weeds in a single image. Moreover,
training and implementing the system was a bit challenging but, in the end, we successfully
completed our project and is working competently.
Our system can be used by any agriculture related company. They can provide timely
reports to the farmers and in return get paid for each report generated. Our system is
generic and can be integrated into any other mobile, web or desktop application because
we used APIs such as object detection API for this job. The methodology employed in our
system can be extended to other similar problems with very little adaptations.
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7.1 Improvements for the Future

As far as future work is concerned it would be interesting to calculate accuracy and
precision with images that are more complex and contains all sizes of crops and weeds
that too in clusters and different sort of images with pests. There are also some features
that can be later added to improve the functionality of our system.

1. A countdown or a timer that tells the time remaining in the crops to completely grow.

2. A predictor for the right time to water the crops.

3. We have used a dataset but to get more accurate results we can make our own custom
dataset containing images taken in different seasons, different lightings, and different
crops.

4. Weed recognition and labelling can also be added.

5. Extra modules such as crop diagnosis and rain prediction can be added.

6. Performance of application can be tuned using more advance technology.



Appendix A

User Manual

A.1 Introduction

User manual guide users about the way application can be used. We have provided
description about the purpose of the screens. The screens of our application "Crop health
monitoring system" are as follows:

A.2 Landing page

When user opens the URL for our application it is directed towards this landing page which
has only one button which says "Try it out" which is referring towards weed detection
page.

Figure A.1: Graphical user interface of landing page
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A.3 Weed Detection Page

User is directed towards weed detection page then again another similar button upload
picture for input.

Figure A.2: Graphical user interface of weed detection page

After giving it an input this screen shows output and another button appears "Send report"
this button notifies crop manger via email about the current situation of the field.

Figure A.3: Output of weed detection page
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A.4 View Recommendation

On the output card there is a link "See Recommendation !" After clicking this link user is
redirected to another screen.

Figure A.4: Graphical user interface of recommendation page

After viewing recommendations list user can view detailed description of the product and
in which crops it is used. Manager or an expert can then prescribe a product which can
then shared via email.

Figure A.5: Output of weed detection page
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A.5 View Email

This screen shows the output of an email sent by the system to the manager. According to a
set value of 40% threshold is crossed by the weed objects an email is sent notifying manager
to take actions to prevent further growth of weed. if weed is less than 40% an email is sent
notifying manager no actions are needed. In the second email crop recommendations are
sent by manager.

Figure A.6: Shows emails sent by the system
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A.6 API Documentation

This screen shows the Swagger-UI of the api provided by fastapi framework. Admins or
development teams can use it for basic functionality and testing.

Figure A.7: Shows API’s user interface

A.7 How to Use the Code

In this section it is described how to deploy the source code to a local server. Open terminal
and follow these commands:

1. Clone this Repository on local machine.
https://github.com/Pineapple-1/weed-detection

2. cd ./client/

3. npm install && start

4. cd ./yolov5-fastapi/

5. pip install -r requirements.txt

6. uvicorn main:app –host 0.0.0.0 –port 8000

These commands are only for the first time to setup all the packages and libraries
necessary for the project. After that use only "npm start" to start the client and "uvicorn
main:app –host 0.0.0.0 –port 8000" to start the server.

https://github.com/Pineapple-1/weed-detection
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