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ABSTRACT

Malabar spinach (Basella alba) is a healthy vegetable that is actively grown in
Bangladesh and is a source of many vitamins, minerals and antioxidant. But the
productivity of leaf is greatly hit by diseases that lower yield and economic returns of
farmers. Quality crop production and sustainability requires early and correct disease
detection. This study provides a deep learning-based leaf disease detection model of
Malabar spinach with the following diseases; Anthracnose, Bacterial Spot, Downy
Mildew, Healthy Leaf and Pest Damage. We gathered 4,221 pictures, 1,215 of which
were field pictures and 3,006 online pictures. Background removal and cropping
followed, then the dataset was curated and 2,531 usable images were partitioned into
70% training, 20% validation and 10% testing. We adopted ViT-B/16 as the classifier
and YOLOv8n and YOLOvlln models in terms of classifying objects. Accuracy,
precision, recall, F1 score, and mAP at 0.5 were used as a measure of performance.
ViT model scored 79.53 percent accuracy, which was a highest result in the Healthy
Leaf classification. YOLOv8n with a mAP at 0.5 of 0.914 and a peak F1 of 0.83 was
the best at Pest Damage recall. YOLOv11n was better at precision with an mAP of
0.895 and F1 of 0.81 on Anthracnose. YOLOv8n is suitable in tasks based on recall,
YOLOv11n in precision and ViT in Healthy Leaf verification. The framework allows
detecting diseases in real time, which will contribute to sustainable agriculture by

minimizing the use of pesticide.
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Chapter 1

Introduction

The current chapter has outlined the problem background, the motivation behind the
problem, the purpose that is stated and the brief outline of the methodology and how

the report will be organized.

1.1 Introduction

Agriculture still remains the basis of food security and sustenance particularly in
rural areas; digital low-cost technologies can allow farmers to respond quickly to
indicators of peril to plant health. The existing study, in turn, reveals identification
with high reliability of the visual outbreak of diseases of leaves in crops of various
types by the deep learning systems, which preconditions the development of
automated support by the fields [1]. A curated data set of images has been collected
in Malabar spinach (Basella alba) that reflects relevant symptomatology in a realistic
environment and allows reproducible benchmarking of classifiers [2]. In addition to
its nutritional value, B. alba has remarkable bio properties, which supports the
agronomic and nutritional value of protecting crop against disease [3]. Even at the
farm level, manual inspection is still the mainstay of routine diagnosis; performance
is dependent upon the level of expertise of the operator, the quality of the light, and
the amount of background clutter, thus spurring strong computer vision-based
systems whose performance on uncontrolled settings is sufficient. There is the need
to balance accuracy, speed of processing and resource consumption in model design.
The lightweight, backbones of detectors and attention modules are the examples of
high throughput on edge devices without compromizing the performance of
recognition, making them able to be deployed in smallholder environments [4]. Recent
camera-specific applications in Spinach-based diagnosis also show that it is a viable
option with potential to achieve higher accuracy and control of diversity of symptoms
[5]. Standard CNN transfer learning baselines are competitive and can be easily fine-
tuned and provide a feasible initial starting point for most disease datasets [6]. It has
always been the norm to conduct comparative studies whereby the deep networks are
noticeably better than the classical feature-based approaches on the leaf imagery and

this elucidates the importance of modern architecture in the field of leaf segmentation
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[12]. These results are supported and validated by a larger body of work at scale, and
can be used to characterize feasible limits of performance under diverse imaging
scenarios [14]. This research will aim at designing and testing a robust operational
system that can classify Malabar spinach leaves into any of the five mutually
exclusive categories- Anthracnose, Bacterial Spot, Downy Mildew, Healthy Leaf and
Pest Damage using digitized images. To accomplish this objective, we compare a
transformer-based baseline, namely the vision transformer (ViT, vit base patchl6
224) to two lightweight models, namely, YOLOv8n and YOLOvlln, within a
standardized experimental setup that includes data clean-up, background
normalization, stratified split, and uniform preprocessing. In order to ensure
comparisons free of bias, models are trained and tested with the same experimental
setup. The main information about the performance is overall and macro averaged
precision, recall and F1, with confusion plots to give additional insights about each
class. Further, selection of operating points is easy through F1-confidence curves thus
making adjusting accuracy versus sensitivity limits effective. In choosing a crop of
local interest and developing the methodology to real life field-based compulsions, the
current work aims to effectively bridge the gap between research prototypes and field-

ready skills of decision support.

1.2 Motivation

It builds upon the growing body of work on a computational approach to vision-based
unsupervised visual scouting, using data-driven, reproducible rather than human-
influenced, slow manual image evaluation as well as expanding to a heterogeneous
farms and lighting conditions as well as making the pipeline accessible to deployment
on less powerful hardware. Modern deep learning networks have already manifested
higher representational powers on leaf images and are learning to absorb subtle
texture, colour and shape information that traditional descriptors usually fail to
capture [1]. Malabar spinach has been chosen as a focal crop to avoid excessively
optimistic results that could only be realized in laboratory conditions, it has allowed
crop-specific training and an efficient evaluation platform [2]. Addressing this exigent
real-world need, including latency and power limitations, the exploration focuses on
the lightweight, detector-integrated backbones with high throughput in edge servers
without undermining the quality of recognition [4]. Prototypes that concentrate on
spinach establish that the idea is viable, but at the same time demonstrate problems
in durability and calibration their usefulness demanding beyond test beds [5].

©Ddffodil International University 2



Transfer learning is a solid baseline in case of limited data, and the comparative
experiments repeatedly show that deep models surpass classical pipelines on plant
leaves, which confirm the quality of the architectural decisions and evaluation
procedures [12]. There also is a large-scale benchmark that provides expectations of
attainable accuracy, under different conditions [14]. The investigation of Malabar
spinach data-set is an important milestone based on crop phenotyping. The outcome
is a reproducible and expandable system with which to describe this species.
Methodologically, the workflow introduces best practices in data preparation,
training Transformer and YOLO convolutional neural network-based classifiers,
threshold selection with help of F1-confidence curves, and performance degradation
diagnosis. At the same time, the work questions the best transformer setting against
lightweight YOLO systems in Malabar spinach. These results guide it to future

protocols of augmentation, the design of the loss function, and on-device optimization.

1.3 Objectives

I. A high quality of Malabar spinach leaf images dataset has to be created
featuring a fine-grained categorization of at least five classes such as
Anthracnose, Bacterial Spot, Downy Mildew, and Pest Damage, and Healthy.

II. Develop and train deep learning models for image-based disease
detection/classification (ViT and YOLO alterations) to Malabar spinach's
leaves.

III. Compare outline performance and inference latency and model size when
choosing the most appropriate model to deploy.

IV. A deployable prototype containing an application programming interface
(API) and a minimal-scale web or mobile user interface (UI) that provides
real-time predictions and actionable guidelines (treatment/prevention)

specifically designed to be used on farms should be a deliverable.

1.4 Methodology

A carefully formulated end-to-end pipeline is used in the current experiment: Data
acquisition, manual exception handling, image pre-processing, randomized dataset
split, model training, and evaluation. To begin with, the Malabar spinach leaf pictures
were acquired by capturing in the field and online resources. These were then filtered

to eliminate duplicated images, blurred specimens, obscuration and label noise to
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achieve data quality. Colour channels were normalized and the input images were
resized to 224 x 224 in the case of the vision transformer and 640 x 640 (letterbox) in
the case of YOLO, without any additional augmentation. The data were randomly
stratified into 70/20/10 (train/validation/test) with a fixed random seed to ensure
reproducibility and elimination of information leakages. The same conditions of
experimentation were used to train all models. ViT (vit_base_patch16_224) AdamW
with cosine scheduling was used in fine-turning. YOLOv8n and YOLOv1lln were
trained in classification mode with split images and preprocessing protocols being
identical. Models were evaluated only on the held-out test set with accuracy, macro-
averaged precision, recall, and F1l-scores, per-class evaluation measures, and
confusion matrices being reported. In the YOLO case, we produced precision-recall
(PR) plots and mean average precision (mAP) at 0.5, followed by calculating the
operating thresholds through maximizing F1 -confidence curve to achieve a trade-off

between precision and recall.

1.5 Project Outcome

The current project proposes simple, deployment-oriented benchmark on the Malabar
spinach pest disease diagnosis. It then sets the baseline performance of five-class
classification using ViT, YOLOv8n, and YOLOv11n, stating the accuracy, macro P/R/F1
and related confusion matrices. Second, it creates calibrated operating points through F1-
confidence curves, enabling the user-controlled threshold selection as optimized to the
tailored needs of screening or precision-oriented tasks. Third, the project provides an
explicable reproduction pipeline that includes data cleaning, pre-processing without
augmentation and training/evaluation scripts, as well as artifacts that may be exported -
specifically, CSV tables, precision-recall curves, and confusion images. Fourth,
comparative illuminations clarify a pragmatics, default, model and expose per-class trade-
offs, including healthy versus pest-damaged leaves. Fifth, the report provides brief error
breakdown and specific suggestions on ways to enrich data and alter the training. The
last step in the work is a manuscript ready resource that is aligned with a template,
bringing an existent basis that can be piloted in both the field and on the device with
prototypes, and a subsequent approach to explainability, uncertainty estimation as well
as seeking larger and more diverse sets of databases. Much better directions are availed

to stakeholders on real life application deployment choices.
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1.6 Organization of the Report

Chapter 1 establishes the study, gives the motivation, defines the objectives, states
the methodology and previews the results and entire structure expected. Chapter 2
offers a thorough background on Malabar spinach and reports on available
investigations in a sufficiently optimised style in terms of citing sources, then a
summary of the gaps and brief chapter overview. Chapter 3 outlines the planned
methodology and design: data collection, manual exception, data pre-processing (both
without augmentation), stratified split of datasets, training of the model, (ViT,
YOLOvS8n, YOLOv11n), the protocol of all evaluations, and the project plan including
division of tasks. In chapter 4, the experimental situation is elaborated and the
performance is provided with its comparisons with figures (confusion matrices and
curves) and tables. Chapter 5 explains applicable engineering standards, and ethical
and societal implications, sustainability aspect, and project management/financial
issues, relating the work to engineering problem complexity dimensions. Chapter 6
ends by providing the major findings followed by limitations of the study together

with future work. The IEEE format lists the reference on its last section.
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Chapter 2

Background

The chapter provides a requisite general background, prior corpus of accurate studies,
logical tabular explanation of latter research, gap assessment, and conclusive

conclusion of the chapter.

2.1 Introduction

Malabar spinach (Basella alba) is a fast growing, localized leafy vegetable with
limited productivity and market quality due to foliage diseases like Anthracnose,
Bacterial Spot, and Downy Mildew and vegetable damage because of pests. Scouting
of these diseases is time consuming and subjective, thus it is hard to diagnose early
enough and reliably. One possible practical alternative is provided by the recent
computer vision breakthroughs such as deep-learning-based systems that are capable
of providing automated and scalable classification on off-the-shelf devices [1].
Synthetic Malabar spinach is now available in a curated dataset, which enables
benchmarking of realistic imaging conditions-specific classifiers in a reproducible
manner over a wide range of realistic tasks, thus facilitating reliable performance
assessment [2]. The nutritional and bioactive value of the crop also encourages its
strong disease surveillance and decision-making to farmers [3]. Modern lightweight
backbones in the agricultural context show that edge-friendly computational
requirements need not imply a compromise in classification accuracy and may provide
design guidance about architecture choices in deployment-centered performance
tradeoffs [4].

In this paper, disease identification is formulated as a five-class benchmark between
images and contrasts a ViT transformer baseline with YOLO family classifiers. In
order to promote agreement, results are expressed in terms of accuracy and macro-
averaged precision/recall/F1, per-class confusion matrix, and (where applicable)
precision recall curve and mean average precision at 0.5 recall threshold (mAP@0.5)
in the analysis preprocessing and data splits. The objective is to have a calibrated and
operationally effective base line that has the capacity to fill the gap between research

prototypes and practical on-farm decision support.
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2.2 Literature Review

Based on the study of Hridoy et al. [1] it is clear that ensemble deep-learning models
form a better solution to traditional machine-learning approaches to disease detection
in crops, having a higher predictive performance. The investigative corpus includes
multicrop imagery gathered by publicly available databases. The ensemble
convolutional neural networks (CNNs) produced resilient results on various
agricultural commodities, thus outperforming conventional modalities like support-
vector machines (SVMs) and k-nearest-neighbors (kNN). However, the authors also
emphasize the idea that the calibration should be crop-specific in the context of
fieldwork settings, which are naturally heterogeneous due to environmental variables
as well as imaging variables: a fact with direct implications on how the current study

of the Malabar spinach can be conducted.

Sayeem et al. [2] presented the IDDMSLD dataset: the first, fully labeled, collection
of Malabar spinach images of the leaves. The dataset includes over 3,000 portrayed
pictures of five categories of disease Anthracnose, Bacterial Spot, Downy Mildew, Pest
damage, and Healthy. Such a standardized data-pre-processing pipeline is suggested,
and the data item can be considered one of the most valuable assets in disease
classification studies using deep learning. However, the research is restrained to the
specific field conditions, and camera assembly; more research is necessary to expand

the findings of the research to the variety of cultivation settings.

Nur et al. [3] defined the bioactive ingredients of Basella alba, a popularly consumed
green vegetable that has already determined nutritional and therapeutic
propensities. By taking advantage of laboratory-based assays, the authors were able
to determine its antioxidant capacity, which further attested the topicality of Malabar
spinach to the public health. Despite the lack of explicit connection to the
classification of images, the findings stress the significance of the early disease
detection in order to retain the quality of crop and its health-promoting qualities.
Another important weakness of the research is the lack of visual data, which is

inevitably used in automated disease detection in farming.

Liu and Wang. [4] proposed an architecture of a lightweight detector that is more

applicable on a field level of detecting diseases in eggplants, which is called

EggplantDet. An experiment on an eggplant leaf image data set found that the model
©Ddffodil International University 7



with FasterNet backbone and Transformer-based Attention Modules (TAM) enabled
high accuracy. The experiment proved that it is possible to apply a deep-learning
model to edge devices with maintaining the capability of real-time. However, the
effectiveness of the model beyond eggplant is farfetched and additional analysis of

heterogeneous crop settings is needed to establish the strength of the model.

Using the research by Bose et al. [5] the authors proposed the use of Spinach Fungi
Guard, a CNN-detecting tool that can categorize spinach leaf images infected with
fungal diseases. With an accuracy of around 90 percent, the system is also
complemented with an intelligent graphical user interface that allows easy
implementation into practical scenario. These results indicate that the deep learning
approach is actually useful in the diagnostics of fields, but there is room to optimize
the results by increasing training the model and including larger, more diverse

datasets, which is indicated by the fact that the study used a rather small dataset.

Paymode and Malode. [6] recently attempted to use VGG-based transfer learning to
classify multi-crop diseases. The paper uses a similar example as PlantVillage with
the difference that it combines photos of different kinds of crops. The results
presented by them state that VGG transfer learning gives a strong baseline: the pre-
trained models fine-tuned on the specific datasets can be applied especially well,
though there are certain limitations regarding field diversity. The analysis hence
highlights that additional crop specific fine-tuning is needed to be fully applicable to

the real world.

Elumalai and Fernandez. [10] proposed a hybrid deep-learning model to classify
disease in spinach leaves using a convolutional-neural-network-based framework to
achieve resilient performance. The database size of the study, which included a total
of a relatively small 400 pictures, provided a reasonable portrait of prevalent spinach
pathogens, but despite its projected reputation of high-level inferences, the dense
model of CNN architecture demonstrated better accuracies than the independent
ones. The researchers did concede though, that due to the constraints of the study in
its use of limited data, it limited the extent of the model in extrapolating to real life

situations especially in terms of geographical differences and seasonal circumstances.

Orchi et al. [11] presented an empirical study comparing the traditional machine-
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learning (ML) methods with deep-transfer-learning (TL) frameworks in its
application to the problem of plant-disease classification. Using a multi-crop image
data set, they report that deep-TL architectures (especially the convolutional-neural-
network (CNN) architecture) achieved consistently better results than the classic
alternatives: support-vector-machines (SVM) and k-nearest-neighbors (kNN).
However, the classical approaches retained an advantage in smaller datasets, and the
implication that deep-learning models should be used when the size of dataset is large

and contains images representing a number of crops.

Tan et al. [12] performed the analysis of classical machine learning methods (SVM,
kNN) versus deep learning techniques (ResNet) for the purpose of tomato leaf disease
assessment. Her research performed on tomato leaf disease dataset demonstrated
that the deep learning models surpassed classical methods in all metrics. The catch
was that their experiment was only based on a one crop dataset and so deep learning’s

supremacy needs a repeated trial on varied crop datasets such as Malabar spinach .

Ferentinos et al. [14] set a standard in plant disease recognition because they trained
convolution neural networks (CNNs) with a generalized corpus of 87,000 scans of 58
kinds of plants. Their study proved that CNNs outperformed traditional classification
methodology in terms of diagnostic capability and identification of the discriminatory
data. Despite the impressive findings, results of the study were produced based on
laboratory conditions, thus, limiting their application to field disease surveillance and

detection.

The applicability of advanced classification methods to agricultural diagnostics was
further facilitated in a study by Nahiduzzaman et al. [15] that integrated a
Convolutional Neural Network (CNN) with an SHAP-based interpretability
framework as part of the study, an explainable deep learning model of Mulberry Leaf
Disease Detection. The article also highlights the importance of trust and
transparency in agritech and the model is particular to only mulberry leaves. Future
work could then be to concentrate on portability and scaling any given interpretable
approach to other crop classes, in particular Malabar spinach, to make the approach

more suitable to the real world deployment.

Abisha et al. [20] have utilized Shearlet transforms and convolutional neural
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networks in diagnosing brinjal (eggplant) diseases using digital images by combining
both transforms. The combination of classical image pre-processing; namely, Shearlet
features and deep-learning paradigms yielded high accuracy in the classification of
plant ailments by the researchers. As a result, this paper demonstrates that image
processing and deep learning can be synergistically coupled to the disease detection
advantage. All the same, the computational complexity of the method, as well as its
weak generalization potential beyond brinjal highlight the need of future
improvements that would allow these methods to be employed in other crops, like

Malabar spinach.

Zhang et al. [21] Health—promoting compounds in leafy vegetables with Malabar
spinach as an example showing the nutritional and medical value of the vegetable.
Their investigation of the bioactivity of Malabar spinach underscores the utility of
this crop for the society - and public health. Even though the study gives an important
background for the disease detection, it doesn't talk about the technical side of the

disease classification what we actually working on.

Xie et al. [22] propose YOLOv5s-BiPCNeXt, a lightweight variant of a neural network
that stands out at its ability to solve the problem of detecting disease in the leaves of
eggplants on edge devices. The model is associated with a high classification accuracy
and a fast inference time that is comparable with the modern convolutional networks,
qualifying it as a suitable real-time application in an agro-ecosystem. However, it
requires a wide range of testing to determine to what extent the model can extrapolate
to other crops such as Malabar spinach (whose leaf morphology and patterns of

disease symptoms are highly likely to vary to eggplant).

In Demilie. [24] a systematic review of plant disease detection methods, it is stated
that deep-learning-based methods are constantly more effective and scalable than
traditional techniques. The review confirms that we were right by using deep-
learning techniques, especially convolutional neural networks, within the scope of our
study. However, the results also outline one downside to practicality, as most deep-
learning models require widely-curated, high-quality data to perform to their full

potential, which can become a barrier in data-scarce agricultural environments.

Sutor-Swiezy et al. [26] investigated betacyanins that are found in the edible part of
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Basella alba fruits and checked their thermal stability and biological activity. The
results promote the importance of the maintenance of the Malabar spinach quality in
terms of their agricultural utilization and use in medicines. However, the study
overlooks detecting diseases using visual signals which is a critical attribute to our

research interest.

The authors of the article by Sapkota et al. [27] systematically compared both
YOLOv8 and Mask R-CNN in the context of instance segmentation of orchard. These
findings show that YOLOvVS is less computationally expensive in terms of inference
and with relatively similar performance in precision and recall compared to Mask R-
CNN. This paper identifies a critical trade-off in real-time deployment in agricultural
environments between speed and accuracy and is critical in scalable agricultural
disease detection workflows.

In below, Table 2.1 shows the summary of literature review.

Table 2.1: Summary of Literature Reviewed.

Author (s) Title Dataset | Methodology Key
and Year Description Findings
and
Limitations
Improved Robust
vision-based| Multi-crop across Cropss;
diagnosis of | leaf images outperforms
Hridoy et multi-plant | from public| Ensemble of | classical ML;
al., 2023 [1] | disease sources deep CNN needs
using an (lab-style classifiers crop-specific
ensemble of | imaging) tuning for
deep field
learning variability
methods
IDDMSLD: | =3k labeled Enables
An image Malabar spinach-spec
dataset for | spinach Dataset ific
Sayeem et detecting images (4 curation and| benchmarki
al., 2025 [2] | Malabar diseases + | labeling ng; limited
spinach leaf| healthy), protocol to available
diseases Banglades conditions/ca
h context meras
Bioactivitie Confirms
s of Basella | Lab Experimenta| bioactivity:
Nur et al., alba fruit extracts; no| 1 assays + not a vision
2023 [3] extracts imaging molecular study
and docking| dataset docking (indirect
against motivation
COX-II only)
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EggplantDe High
t: An FasterNet accuracy and
efficient Eggplant backbone speed;
Liu & lightweight | leaf disease| with crop-specific
Wang, 2025 | model for images attention architecture;
[4] eggplant (field and | (TAM), generalizatio
disease controlled) | detector-styl | n beyond
detection e design eggplant
untested
Spinach
Fungi . Spinach CNN Usable tool;
Guard: leaf classifier | feported
Bose et al., | DL-based i MmAases: with ~90%
2023 [5] software for ges . accuracy;
fungal end-user
fungal modest
. classes GUI
disease dataset scale
detection
Transfer
: Strong
learning for b line:
multi-crop . . aselne,
Paymode & . PlantVillag| VGG-family | lab-style
leaf disease | ~_ .
Malode, i mase e-type leaf | transfer images may
2022 [6] 8%, .. | datasets learning inflate
classificatio
: performance
n using field
VGG vs fie
Health risk | Leafy . .
assessment | vegetables | Risk gﬂgﬁgi}gznt
S. Ahmed et| for Heavy from assessment,
- i . al/health
al., 2022 [7] | metal in tannery chemical . B
. . risks; not
leafy contaminat| analysis imase-based
vegetables | ed fields g
Hybrid
R. Kursun Eigsig};;nt E lant CNN + approach
& M. Koklu, classificatio lega%li)mages Random effective; not
2025 [8] Forest spinach-
n specific
CNN works
on spinach;
Spinach leaf] Local dataset
M. Islam et aly,ssificatio spinach CNN- unpublished,
n.d. [9] n leaf images based limited
reproducibili
ty
High
| lnemaed [opinaon || reported
Elumalai & model for leaf images| Hybrid deep limited
Fernandez, nach leaf (small-to-m| fusion details on
2024 [10] spinach leall .y ate architecture | S 218 ©
classificatio field
scale) ..
n generalizatio
n
Automation . Classical M1 Deep TL
. Multi-crop S
Orchi et al., | of crop loaf vs deep superior;
2023 [11] disease transfer dataset
. datasets . . ..
detection learning sizes/conditi
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via ML and comparison | ons vary
deep TL across
sources
Tomato leaf Color/textur | Deep models
diseases Tomato e features dominate;
Tan et al., classificatio loaf i with single-crop
2021 [12] n: classical | 2 (1m§£ge) SVM/kNN/R | scope;
ML vs deep set {(public F vs ResNet | controlled
learning CNN conditions
Leaf Small
H. Ajra et Leaf disease| images Image dataset;
al., 2020 detection from processing + | limited
[13] using CNN | multiple CNN generalizatio
plants n
Deep ~88k .
learning ; / 58 CNN Very high
models for 1r1nages architecture | accuracy:
Ferentinos, | plant ((:1 aSSes s benchmark
2018 [14] disease af)%e trained/eval | norms;
detection Egnci:mark uated at limited field
and ) scale diversity
diagnosis
High
accuracy
Explainable Lightweight | with
Nahiduzza | deep Mulberr CNN interpretabil
man et al., | learning for leaf i Y (PDS-CNN) | ity;
2023 [15] mulberry ceal1mages| with SHAP | crop-specific;
leaf disease explanations| explainabilit
y adds user
trust
Phytochemi Highlights
G. J. Reddy e¢adlreview Literature | Secondary nutritional
2023 [16] on Malabar | review analysis value; not
spinach image-based
Pesticide Food safet
D. Banerjee ebigﬁgc.umul Lab-based Chemifzal risks: not Y
2024 [17] ation in study analysis image-based
spinach
Trends in
A B Literature ML/DL for
. Bonkra . .
Apple leaf & Scientometricplant
et al., 2023 AT losi bibli . ) d .
[18] analysis 1lbhiometrl | gnalysis lseases; no
c original
dataset
i Explains
IS,{‘ .Su.tor Betacyanin | Lab-based pigment
wiezy et structure in | chemical Spectroscopy| chemistry;
al., 2022 . .
[19’] spinach study not image-
based
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Competitive

Brinjal leaf Hvbrid accuracy;
Abisha et | diseases via| Brinjal Y hybrid
. features : -
al., 2023 discrete (eggplant) (Sh pipeline
: earlet) + S
[20] Shearlet + | leaf images complexity;
deep CNN .
CNN Cross-crop
relevance
Variation in Analvtical Nutritional
health-prom| Chemical na-ytica motivation
Zhang et ca p chemistry :
al. 2023 oting assays; no | __ 4 for spinach
[2'1’] compounds | imaging antioxidant focus; not a
in leafy dataset vision
vegetables assays method
Strong AP
) with
}%IIA\I%‘}I(E;S B Eggplant YQLOV5S edge-fri.endl
Xie et al., | lightweight | 1€af with y speed;
images; MobileNeXt/| tuned for
2024 [22] model for deo-devicel BiPCNeoXt- lant:
eggplant edge-device| BiPCNeXt-st| eggp anfu
1eg§f disease context yle modules | generality to
other crops
unverified
R. Frankes Imace Early
& C. S. Spinach leaf] Spinach ge | detection;
: . . processing + | 1. .
Christopher| disease ID | leaf images ANN limited
, 2019 [23] dataset
Plant
3:;%??011 Concludes
Survey of DL >
Demilie, 21r;1cisificatio published | Systematic classical ML;
2024 [24] n datasets/st | review secondary
techniques: udies evidence; no
ques- new dataset
comparative
study
M. S. Islam Attention- Hybrid
Tomato leaf| Tomato . method
et al., 2022 . . dilated CNN S .
[25] hybrid DL leaf images + LR effective;

crop-specific

Basella alba

. . .| betacyanins Pigmept C(?lol:/stabilit

Sutor-Swiez| . analysis LC-MS/anal | y insights
y et al., :d tificati datasets:; ytical relevant to
2024 [26] ! eI; lbl.(lzi 191 ho leaf workflows imaging; not

]I;i’osacatiifilt;” images a CS method

Comparing

YOLOvS8 . YOLOvVS8 vs YOLOVS.

and Mask Frult/leaf Mask faster Vy1jch
Sapkota et R-CNN for instances R-CNN competitive
al., 2024 st in complex Gnst precision/rec
[27] mns anci tio| Orchard mns ancte tio | @l

fleignmen a9l scenes fsgmen atio pychard-spec

orchards ific setup
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A. Hassan Wheat leaf Localization Segmentatio
. | Wheat leaf | + .
et al., 2024 | segmentatio| . . n methods:;
1mages segmentatio .
[28] n n not spinach
A. Picon et ulti_C].COp . Semantic GOOd.
a1. 2025 semantic Multi-crop secmentatio baseline; not
[2§] segmentatio| leaf dataset n g spinach-
n specific
IPiéashanth Disease Multi-cro ask/Casca Eee%allet?ggglg'
segmentatio P | de Mask R- . ’
et al., n.d. dataset not spinach-
n networks CNN o
[30] specific

2.3 Gap Analysis

The available literature review clearly indicates that there are some glaring gaps in
it. First, there are few datasets devoted to a specific crop about Malabar spinach,
which is not possible to create customized disease-detection models. As a result, most
of the available datasets contain multi-crop scenes where the occurrence of spinach is
an incidental. Second, there is a general lack of integration of the complementary
capabilities between vision transformers and YOLO, in segmentation and
classification. And third even though doing so is typically never less than desirable,
the ability to be deployed in real-time on edge devices, especially when applied to a
field setting, can be taken as secondary at best. Lastly, explainability is a relatively
unexplored research area within deep-learning architectures, and a criterion of strong
value in building the trust of other non-technical end-users such as farmers. This
paper aims to address these deficiencies by designing, and testing Malabar-spinach-
centered datasets and a hybrid ViT-YOLO deep-learning pipeline optimized to run on
edge devices and prioritizing model explainability. Table 2.2 shows the gaps and

features of our proposed system.

Table 2.2: Gap Analysis Table.

Features Sayeem | Liu & | Boseet | Xie et al. | Nahiduzzaman| Proposed
etal. [2] | Wang |al. [5] | [22] et al. [15] system
[4]

Malabar Yes No No No No Yes
spinach
Specific focus
Malabar Yes No No No No Yes (5
spinach Multi- classes)
classes
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Background No No Yes No No Yes

normalization

Use of No No No No No Yes

Transformer

models

Use of YOLO No No No Yes No Yes

Models (YOLOvV5s) (YOLOvS8n

and

YOLOvlln)

Confidence No No No Yes No Yes

threshold

calibration

Real-time No No No Yes No Yes

deployment on

edge devices

2.4 Summary

The section examined previous works on plant disease diagnosis, specifically Malabar
spinach, highlighting major gaps such as inscribed crop specific datasets, lack of
hybrids models approaches and lack of deployment real-time solutions. Progressive
works showed effectiveness of deep learning models such as CNNs for multi-crop
disease detection but had poorly fit strategies for Malabar spinach. Our work directly
fills these research gaps by offering a specially created dataset for Malabar spinach,
using models ViT and YOLO'’s for evaluation and prediction, and targeting the real-
time testing on the edge devices. This research presents a scalable, field-deployable
system that achieves a near balance of accuracy, speed, and practical deployability,

which make it suitable for practical agricultural field deployment.

©Ddffodil International University 16



Chapter 3
Research Methodology

The chapter analyzes the whole research pipeline, stipulates preprocessing
procedures and models of analysis, presents the project map, and generalizes the

methodological approach.

3.1 Methodology

3.1.1 Overview

The study at hand reflects the development of a Malabar spinach disease recognition
system based on using a specially designed customised dataset including five types of
diseases. The framework has ViT and YOLO used in classification and segmentation tasks
respectively, but in a standardised preprocessing procedure. The data is divided into
training, validation and test. Assessment is conducted using accuracy measurements,
precision/recall/F1-scores, and further threshold adjustment using F1-confidence curves,
and the aim is to create a scalable real-time deployment model that can identify malabar

spinach diseases on time and at scale.

3.1.2 Proposed Methodology

The overall end to end types of the detection of Malabar spinach pathogens are highlighted
in Figure 3.1. The pipeline starts with imagery capture of field data and open access
archives, thus ensuring skew coverage in five classes, namely, Anthracnose, Bacterial
Spot, Downy Mildew, Healthy Leaf, and Pest Damage. Pictures go through an intensive
manual review that is aimed at removing repetitions, improperly labeled examples or
examples of too low a resolution to protect the existing integrity of the dataset. A second
preprocessing step will include background stripping, chroma normalization, and the
resizing of high and low resolutions based on the needs of the two considered detection
architectures 224x224 provided by Vision Transformer (ViT), namely, the vit base patch
16 224 variant, and 640x640 to be used by two versions of Yolo, namely, YOLOv8n and
YOLOv11n, in classification mode. Model fitting and performance evaluation can be done
by splitting the dataset into 70 percent training, 20 percent validation, and 10 percent
test. The ViT classifier is finetuned in training with AdamW as optimizer, together with

a cosine learning-rate decay schedule. At the same time, with the same preprocessing
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pipeline, the YOLO models are trained. The evaluation involves a reporting on overall
accuracy and the macro-averaged precision, recall, and F-score along with individual per-
class statistics as well as confusion matrices to analogously compare. Mean average
precision (mAP) is provided at the 0.5 level in the case of the YOLO frameworks, and
precision-recall curves are provided. A final adjustment of the detection threshold is made

by inspecting F1-confidence curves.

The approach will be carefully designed in such a way so as to enable scaling and in situ

applicability in Malabar spinach farming.

Data Gathering

Leaf
Collection

v
Capturing
Images

J|
¥ ¥

Collected Leaf Online Data Sources
Images (Mendeley)

Exception Handling
(Cleaning Dataset)
v
Image
Pre-Processing
(Resize, Remove
Background)

!
1

Dataset Split

Y Y

Test Dataset Train Dataset

Model Training
(VIiT, YOLOVS8n,
YOLOv11n)

]

—  »( Result

i ' r } |

Bacterial Downy Pest
Spot Mildew Damage

Anthracnosg | Healthy

Figure 3.1: Proposed Methodology diagram
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3.2 Detailed Methodology and Design

3.2.1 Data Pre-processing

Before the training of the models, the intensive data pre-processing pipeline is run to
make the dataset fit-to-purpose. The first step involves refinements in the data quality by
eliminating duplicate observations, severely under-exposed and over-exposed images and
mislabeled instances. Background cutting is then done to individualize the leaf and to
limit scene ambiguity externally. Background normalization is done to ensure that the
remaining leaf areas occupy a fixed spatial region in all images; resizing operations are
used to normalize the dimensions of input: Vision Transformers: 224x224, object-detection
YOLO models: 640x640 (letterboxed). The brightness and contrast are then corrected
through color normalization producing uniformity over the image. The data is lastly split
into 70 % training, 20 % validation and 10 % test subsets, the latter ensures a good
distribution of the representation of the classes and at the same time, the possibility of
overfitting is minimal. The combination of these processing steps are core approaches to
create high-quality datasets that optimally power models and stimulate the

reproducibility of subsequent experimental results.

3.2.2 Vision Transformer (ViT)

The Figure 3.2 ViT is a transformer-based network architecturally designed to work with
sequential groups of patches. The image is analyzed into squared fixed size, each square
is flattened and projected into a high dimensional space. The output patronizations of the
patches are simply interconnected with positional encodings and further fed through
several multi-head attention layers. With the help of these layers, inter-dependencies
between the patches can be extracted, even those between distant parts of the picture.
The resulting representations produced by giving attention to deriving information are
passed to a MLP to carry out the last step of the classification, that is, classifying the
input sample to one of the five categories, viz. Anthracnose, Bacterial Spot, Downy
Mildew, Healthy Leaf, Pest Damage. A combination of the model to capture the long-
spatiotemporal relationships and the ability to capture the complex patterns places the
model in a good position to aid in detecting diseases. The use of training by AdamW
optimization with cosine-based learning-rate scheduling works empirically well to achieve

a high classification accuracy.
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Figure 3.2: Vision Transformer (ViT) Model Architecture [31]

3.2.3 YOLOv8n

The Figure 3.3 YOLOvV8n represents the simplified version of the YOLO, designed to
have a running speed. Its architecture is inspired by a backbone-neck-head design:
the backbone learns features using a cascade of convolutional layers, the neck
processes the features by upsampling and fusing feature representations using the
C2F modules, and the head makes the classification and localization decisions, thus
supporting both classifying the disease and localizing the object. The most important
goal of the model is to provide high accuracy and rapidly use inference, which makes
it appropriate to deploy on low-resource edge devices. YOLOv8n was trained on a
large dataset (augmented by multi-scale transformations to cover objects at different
scales). In our exploration, YOLOvS8n allows real-time detection of diseases on mobile
or embedded equipments, the situation where the speed and effectiveness are of
utmost importance. Its high classification accuracy and its low inference latency make

the model a viable model to be adopted in a practical situation.

©Ddffodil International University 20




Backbone Neck Head

Detect

Concat

Upsample

Figure 3.3: YOLOv8n Model Architecture [32]

3.2.4 YOLOvliln

The Figure 3.4 YOLOv11n architecture is an improved version of the YOLO architecture,
and it is designed to improve predictive performance; along with enhancement of
segmentation effectiveness. Similar to YOLOvS8n, it is prepared with a backbone-neck-
head structure, but incorporates a cavalcade of cutting-edge feature extraction
techniques. The backbone uses computational convolutional blocks to collect initial visual
information that is subsequently modified in the neck by C2F modular formations that
establish resilient feature integration across several scale layers. A detection output is
then generated by the head module. Experiment performance reveals that YOLOv11ln
effectively enhances the accuracy of detection, especially of lesions of small sizes or of little
manifestations that were of scarce discriminating power in the earlier course. In addition,
its segmentation effectiveness improves its usefulness in activities that integrate
classification with localisation. Designed to be real-time and feasible on edge-computing
systems, the model takes advantage of concurrent efficiency and predictive precision,
which qualifies it as an on-site performance model, and it could be used to detect and

identify plant diseases in chilies or Malabar spinach leaves.

©Ddffodil International University 21



3.1

II.

III.

Iv.

VL

VII.

VIII.

Cony

3200320 (minj6d,mc|xw)

Conv
160x160 (min]1 28,mc|xw)

C3K2
Shortcut=False n=3xd

Conv

BOx80 (min|256.mc|xw)
C3K2

Shortcut=False n=6xd
Conv

40x40 (min|S12mcjxw)

C3K2
Shortcut=True n=6xd

Conv -
20x20 (min]1024,me|xw) Upsample
20x20 (minf1024.mc|xw)
C3K2
Shortcut=True n=3xd C2PSA

C3K2
Shortcut=False n=3xd

Conv

SOxB0 (min 256 ancjxw)
Concat

40x40 (min|512,mchxw)
C3K2

Shortcut=False n=3xd

Conv
20%20 (min]1024,mec]xw)

Upsample

40x40 (min|S12mcfxw)

C3K2
Shortcut=False n=3xd

Concat
40x40 (min|S12.mcjxw)

cat
20x20 (min|1024.mcjxw)

C3K2
Shortcut=False n=3xd

Backbone Neck Head

Figure 3.4: YOLOv11n Model Architecture [33]

Project Plan

Scope & requirements: Determine problem, classes (Anthracnose, Bacterial Spot,
Downy Mildew, Healthy, Pest Damage), success criteria, and budget estimate;
seed random state for reproducibility.

Data collection & governance: Load field images and labeled online data; cache
provenance, licenses, and class labels in a versioned manifest.

Curation & quality control: Removal of duplicate, blur, and mislabel; record
exclusion criteria; inter-rater review of suspicious samples.

Pre-processing: The background was removed and color normalized; the image
was resized to 224 x 224 (ViT) and 640 x 640 (YOLO). No geometric/ photometric
enhancements were used.

Dataset splitting: A regular 70/20/10 train/validation/test split and the test set
frozen during all experiments is also a commonly held standard within machine
learning literature.

Modeling: Fine-tune ViT-B/16; train YOLOv8n and YOLOv11n in classification
mode with the same inputs and preprocessing.

Training protocol: AdamW (ViT) and standard YOLO training schedules; early
stopping on validation macro-F1; checkpoint best weights.

Evaluation protocol: Report accuracy, macro precision/recall/F1, per-class scores,
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and confusion matrices; report YOLO mAP@0.5 and PR/precision/recall—

confidence curves.

IX.  Operating-point calibration: Select deployment thresholds from Fl—confidence

curves; report class-wise trade-offs.

X. Comparative analysis: Create side-by-side tables (ViT vs YOLOv8n vs

YOLOv11n); note strengths, weaknesses, and dominant confusions.

3.2 Task Allocation

Table 3.1 offers the overview of the major activities performed during the project and

ranging between week 1 and week 33.

Table 3.1: Task Allocation Timeline

Tasks Weeks
5171901 |1 [1 |1 |1 |21 [23]25(27 |29 |31 |33
1 3 5 7 9

Project setup,
scoping

Data
acquisition
(field + online)

Manual
curation &
Pre-processing

Train Models
(ViT vs Y8n vs
Y1ln)

Comparative
analysis,
Figures/tables

Web interface
and hosting

Report Writing
Internal
review &
revisions
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3.3 Summary

In this chapter, an end-to-end pipeline of Malabar spinach disease detection is outlined.
Being a mix of Anthracnose, Bacterial Spot, Downy Mildew, Healthy Leaf, and Pest
Damage diversely gathered, the data set was screened subjectively; afterward, the
background was extracted and the color generalized, later resized to the limits of 224x224
(ViT) and 640x640 (YOLO). Nevertheless, no geometric or photometric data augmentation
was used, and a 70/20/10 training/validation/testing split was used to promote equal
assessment. The ViT (vit_base_patch16_224) YOLOv8n-cls, and YOLOvlln-cls were
trained in three models. Scoring metrics included accuracy, and the macro-level
precision/recall/F1, per-class statistics, and confusion matrices, and, in the case of the
YOLO ensemble, the mean average precision (mAP) at 0.5 confidence and
PR/precision/recall-confidence curves. Deployment thresholds were calculated using F1 -
confidence analysis. Diagrams detailing the network architectures and a week-1, 33
project plan was metadata that gave context around the design decisions, milestones, and
reproducibility artifacts (code, configuration files, trained weights and performance

metrics).
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Chapter 4
Implementation and Results

This chapter displays an environmental overview, comparative results and addresses the

key findings, and in the end provide summary section on the key points.

4.1 Environment Setup

This research experiment used a mixture of both local and cloud computing resources to
facilitate the reproducibility, efficiency, and real-time performance of the experiment. The
environment was tuned to support deep learning pipelines to classify images, in this case,
Malabar spinach leaf diseases, with ViT-B/16, YOLOv8n, and YOLOv11n. The computers
had powerful GPUs, sufficient memory, and the corresponding software packages to
handle deep learning and data analysis and evaluation. Each of the configurations was

noted down to enable repeatability of the experiment and run it on edge devices in the

field.

4.1.1 Hardware

The hardware components consisted of a local workstation, and a cloud-based allocation
of GPUs to successfully train and make inferences of deep learning models. An AMD
Ryzen 5 5600 6-core processor, 16 GB of DDR5 RAM, and an NVIDIA RTX 3050 graphics
card with 6 GB of GDDR6 memory were installed to the local system. This setup enabled
rapid experimentation of image preprocessing, training and evaluation of models on
smaller batches and early testing. To conduct model training and testing on large-scale
models, Kaggle Notebooks were utilized that offered access to two NVIDIA T4 GPUs in a
cloud platform with enough VRAM to effectively run YOLO and ViT architectures. The
local and cloud hardware combination allowed flexibility, speed, and scalability to test
real inference and evaluate under field-relevant constraints. The dual environment
method was also reproducible, meaning that the same training conditions were obtained

with different hardware configurations.

4.1.2 Core software & frameworks

The inference layer was designed as a software platform to help with deep learning
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pipelines on classification and evaluation. The main programming language was Python
3.13.5 and PyTorch was used as the deep learning platform in the implementation of both
ViT and YOLO. It accessed the pre-trained ViT-B/16 backbone by timm library and used
Ultralytics YOLO which offers a simple implementation of YOLOv8n and YOLOv11n.
OpenCV and Pillow were used to perform data preprocessing and augmentation, NumPy
and Pandas were used to perform array operations and work with datasets. Confusion
matrices, PR curves and F1-confidence curves were plotted using matplotlib and Seaborn.
CUDA and cuDNN were also specified as the environment to accelerate on the GPU.
Dependencies were pinned in a requirements.txt with great care to make them
reproducible, and version-controlled all scripts, trained weights, and metrics. The
software stack allowed training, evaluation, and deployment to be performed effectively

and allowed reproducibility of the results locally and on the Kaggle cloud GPUs.

4.2 Comparative Analysis

We compared three classifiers on the held-out test set (5 classes; 254 images) ViT
(vit_base_patch16_224), YOLOv8n-cls, and YOLOv11n-cls. Results and figure callouts
per model are below, followed by a cross-model discussion.

4.2.1 ViT (vit_base_patch16_224)

79.53% (202/254) Accuracy, 0.796 macro-Precision, 0.794 macro-Recall, 0.795 macro-F1.
Per-class F1 (P/R/F1, support)-

Table 4.1: Test Results of ViT Model

Precision Recall F1-score Support

Anthracnose 0.854 0.854 0.854 41

Bacterial Spot 0.765 0.785 0.775 79

Downy 0.778 0.833 0.805 42
Mildew

Healthy Leaf 0.863 0.830 0.846 53

Pest Damage 0.722 0.667 0.693 39

Accuracy 0.7953 254

Macro avg 0.7964 0.7937 0.7945 254

Weighted avg 0.7954 0.7953 0.7949 254

From the Table 4.1 we can see, The Anthracnose and Healthy (F1 0.85) model has a
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relative robustness across tomato pathogens since the model was best fit on Anthracnose
and showed moderate performance on Bacterial Spot. The main weakness of the model is
confusing Pest Damage with Bacterial Spot (9 cases) and, to a lesser degree, assuming
that Healthy is Bacterial Spot (7). These erring patterns are probably due to textural
overlap of the latter two classes. In general, the mediocre recall scores within each class
(0.667-0.854) suggest a pretty balanced performance profile, and there is not a particular

class-specific bias.

4.2.2 YOLOv8n

Precision and recall were stated to be 0.801 and 0.855 respectively. The model
accomplished a mAP at 0.5 intersection-over-union threshold of 0.914. The F1-confidence
curve analysis results showed that the ideal F1 score with confidence level combination
was about 0.83 when confidence value was 0.409. The mean processing time is about 6.2
ms per image (160 frames per second , 4.0 ms in inference , 1.1 ms pre-processing, 1.1 ms
post-processing). Granular performance assessments in various classes are shown as

Table 4.2 in below.

Table 4.2: Illustrating the testing result of YOLOv8n Model.

Precision Recall F1-Score mAP@0.5
Anthracnose 0.873 0.951 0.910 0.951
Bacterial Spot | 0.805 0.834 0.819 0.904
Downy Mildew | 0.824 0.781 0.802 0.888
Healthy Leaf 0.782 0.811 0.796 0.893
Pest Damage 0.722 0.897 0.801 0.935
o F1-Confidence Curve 0 Precision-Confidence Curve
R R i )
— all classes 0.83 at 0.409 ///\ L I — — all classes 0,99 at 1000
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Figure 4.1: F1-Confidence Curve and Precision-Confidence Curve (YOLOvSn)
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Figure 4.1 F1- Confidence Curve and Precision-Confidence curve has the highest overall
F1-score of 0.83 with a confidence threshold of 0.409 with Anthracnose being the most
stable factor at different confidence levels. The maximum precision is steadily rises to

close to 0.99 indicating excellent control of false positives at higher confidence levels.

Precision-Recall Curve Recall-Confidence Curve
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Bacterial Spat
—— Downy Mildew
—— Healthy Leaf
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Figure 4.2: Precision-Recall Curve and Recall-Confidence Curve (YOLOvS8n)

As observed in Figure 4.2 Precision- Recall Curve and Recall- Confidence Curve, Strong
balance is represented by a high Anthracnose value of 0.951, and the overall mAP at 0.5
1s 0.914 which indicates a good performance by the classifier. Recall begins around 1.0 at
low thresholds, and then decreases with confidence, particularly with Downy Mildew.
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Figure 4.3: Confusion Matrix (YOLOvS8n)

Figure 4.3 confusion matrix reveals that Anthracnose made 37 right predictions with
some wrongly classified as Pest Damage and Bacterial Spot. Bacterial Spot scored well at
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63 correct, although a few of the samples were mixed-up with Pest Damage. Downy
Mildew had 31 correct and Healthy Leaf had 44 correct classifications. Pest Damage
registered 34 correct though there was some overlap with Bacterial Spot and Downy
Mildew.

Confusion Matrix Normalized
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0.34

Bacterial Spot-

Downy Mildew -
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background -
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Healthy Leaf
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background

True

Figure 4.4: Confusion Matrix Normalized (YOLOv8n)

Figure 4.4 normalized version of confusion matrix indicates that Anthracnose had a 0.90
accuracy, most of the errors were classified as Pest Damage. Bacterial Spot was 0.80
accurate, although there was some confusion between Pest Damage and Downy Mildew.
Downy Mildew had 0.74 percentage accuracy and Healthy Leaf had the highest
percentage accuracy of 0.83. Pest Damage was doing very good at 0.87 accuracy yet still
Burgesses with Bacterial Spot and Downy Mildew.

YOLOvS8n exhibits the best recall on Pest Damage and it boasts the highest macro-F1
score among all architectures ever tested. The primary residual confusions include Pest
Damage and Bacterial Spot and the some Downy Mildew and Bacterial Spot, as shown in

the respective confusion matrices.

4.2.3 YOLOvlln

The tested YOLOv11n is more effective in labeling Anthracnose, as it demonstrated the
following precision and soon recall values of 0.803 and 0.824 respectively, whereas
mAP50-95 shares the value of 0.895. The recommended operating point, chosen based on

the F1-confidence curve is one, which has an F1 score value of around 0.81 at a confidence
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of around 0.481. The duration to perform inference per image is estimated as about 6.5

ms (0.9 ms preprocessing, 4.3 ms inference, and 1.3 ms postprocessing). Granular class-

wise metrics are provided as Table 4.3 follows:

Table 4.3: Illustrating the testing result of YOLOv11n Model.

Precision Recall F1-Score mAP@0.5
Anthracnose 0.908 0.951 0.929 0.963
Bacterial Spot 0.784 0.876 0.827 0.879
Downy Mildew 0.794 0.738 0.765 0.869
Healthy Leaf 0.691 0.811 0.746 0.875
Pest Damage 0.839 0.744 0.789 0.890

F1-Confidence Curve

1.0

Too

0.2 0.4

Confidence

—— Anthracnose
Bacterial Spot
—— Downy Mildew
— Healthy Leaf
—— Pest Damage

=— all classes 0.81 at 0.481

10

0.8

Precision-Confidence Curve

— Anthracnose
Baclerial Spot
—— Downy Mildew
—— Healthy Leaf
—— Pest Damage
=l classes 1.00 at 1,000

0.4 0.6
Confidence

1.0

Figure 4.5: F1-Confidence Curve and Precision-Confidence Curve (YOLOv11n)

Figure 4.5 F1- Confidence Curve and Precision-Confidence curve reveals the highest
overall Fl-score of 0.81 at a confidence level at 0.481, and Anthracnose has the best
stability at the various levels. The accuracy increases with higher thresholds reaching

almost 1.0 with highest confidence, with low values on strong predictions.
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Figure 4.6: Precision-Recall Curve and Recall-Confidence Curve (YOLOv11n)
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In Figure 4.6 Precision-Recall Curve and Recall- Confidence Curve shows even
performance with Anthracnose showing the highest at 0.963 and the overall mAP at 0.895
across all classes. Recall begins near to 1.0 at low thresholds, picking nearly all the

positives, but tends to diminish as confidence increases, particularly with Downy Mildew.
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Figure 4.7: Confusion Matrix (YOLOv11n)

In Figure 4.7 Anthracnose only made 31 correct predictions, but some were confused with
Pest Damage (11). Bacterial Spot has done very well at 59 correct, although there was a
significant change to Pest Damage (26). Downy Mildew had 31 correct and the errors were
all primarily against Anthracnose. Healthy Leaf scored 43 correct and Pest Damage

scored 29 correct with some overlap into Bacterial Spot.
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Figure 4.8: Confusion Matrix Normalized (YOLOv11n)
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The accuracy of Anthracnose in Figure 4.8 was 0.76 and most of the errors were in Pest
Damage (0.19). Bacteria Spot was accurate 0.75, but it was confused with Pest Damage
(0.44). Downy Mildew had the highest correct rate of 0.74 and Healthy Leaf had the
highest correct rate of 0.81. Pest Damage scored 0.74 precision, but was often overlapping

with Bacterial Spot.

As seen in the confusion matrices, Pest Damage and Bacterial Spot were often similar,
reducing the classification separation. Despite remaining powerful, YOLOv11n had some

categories with more inter-class confusion than YOLOvS8n.

4.3 Results and Discussion

Terminology and formulae have to be defined explicitly: multi-class and one-vs-rest per
class; macro averaging is the mean of class wise outcomes. Following symbols have not
been changed: TP, FP, TN, and FN are true/false positives/negatives calculated based on

the confusion matrix.

I.  Accuracy: The proportion of correctly classified instances divided by the total

samples is called accuracy.

TP + TN o)
TP + TN + FP + FN

Acc =

Accuracy (i) reflects overall correctness, Lightweight vision transformer ViT
provides a validation rate of 79.53 percent with 254 image training. The YOLO
detection log reporting is adjusted to show P/ R/ mAP scores instead of the default

accuracy parameter.

II.  Precision (P): In classificational terms, precision (P) is the point at which

successfully classified positives are split by the total number of positives.

p_ TP (i)
TP + FP
Precision (i1) is important in an agricultural setting because false positive can
trigger unwarranted treatments. YOLOv11n achieved the greatest accuracy in
Anthracnose (0.908) and Pest Damage (0.839) and YOLOvS8n achieved an average
accuracy of 0.801 maintained balanced precision across all classes. Pest Damage
(0.722) was the only example where ViT precision reduced considerably, and thus

could not be relied upon in practice.

ITII.  Recall (R): How many actual positives did we find.
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o TP (i)

TP+ FN
Based on (iii) the YOLOv8n model, it shows the best recall (0.855) that is
significantly higher than the YOLOv11n (0.824) and ViT (macro-recall 0.794). An
inspection of the Recall Confidence curve also helps highlight this strength
further taking place that YOLOv8n has demonstrated a relatively higher

sensitivity over a wide variation of confidence thresholds.

IV.  Fl-score: Harmonic mean has shown its best trade-off results and accuracy in
terms of precision and recall and thus it makes a sensible theoretical framework

to represent multi-criteria decision-making problems.

2 XPXR i
F1=="""-"— iv)
P+R
From the F1-score (iv) with the F1-Confidence Curve, YOLOv8n maximizes F1 =

0.83 around conf = 0.409, and YOLOv11n at F1 = 0.81 near 481. Macro-F1 of ViT
1s 0.795. Therefore, YOLOv8n calibrated to display the highest F1.

V.  Mean Average Precision (mAP): The average precision is a calculation of the area
under the precision-recall curve on a class-wise basis. It is defined at an IoU
threshold of 0.5 as- (AP; is the average precision of class i and N is the overall
number of classes).

Gv)
mAP@0.5 =

2|

N
Z AP
i=1

mAP or mAP@0.5 (v), which is an object detection standard, validated YOLO architectures
as more robust. YOLOvS8n achieved 0.914 mAP 0.5, whereas YOLOv11n attained 0.895,
ViT achieved relatively lower results. The precision-recall curves also aligned with the

results obtained, and the area of the curves is greater in all the five classes in YOLOv8n.

In short, according to formula (i), YOLOv11ln had the highest class-wise precision in
Anthracnose, whereas YOLOvS8n, with the help of equations (iii)-(v), had a higher recall,
higher F1-scores, and a higher mAP. These overall outcomes suggest the strength and
stability of YOLOv8n to be useful in a real-world agricultural setting, where overall
control of various disease types is feasible rather than one disease being particularly well-

detected.
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4.3.1 Web Application Implementation

Malabar Spinach Di

Figure 4.9: Web interface for uploading Malabar spinach leaf images.

Malabar Spinach Disease Detection

Figure 4.10: Display the Predicted Disease result.

A web-based Malabar spinach disease detection application was created to offer a
convenient service to farmers and researchers. The system allows uploading leaf photos
in JPEG or PNG format and gets them instant predictions using the YOLOv8 model.
Figure 4.9 indicates the first interface in which users can select or copy and drop an image
to be analyzed. After uploading an image, the system works and shows the results, such
as the predicted disease, confidence score, level of severity, treatment, prevention and the
actions to be taken. To provide an example, Figure 4.10 shows the detection result with
the confidence of 98.9, in which the severity has been identified as high, and the system
recommends fungicides application and removing infectious plants.This web-based

implementation proves that the sophisticated deep learning models can be turned into a
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useful tool to be used in the real world. The system fills the gap between theory and
practice by ensuring the precise identification of the disease and give a concrete

recommendation.

4.4 Summary

Three models (ViT (Table 4.1), YOLOvS8n (Table 4.2), and YOLOv1ln (Table 4.3))
were evaluated in this chapter through a highly controlled experiment based on the
usual performance indicators such as accuracy, precision, recall, F1-score, and mean
average precision (mAP). These measures are mathematically defined by equations
(1)-(v), are based on various dimensions of classification performance. A measure of
total correctness, a measure of reliability of positive prediction, a measure of
sensitivity, a tradeoff between precision and recall, and a tradeoff between the two
measures of precision and recall are all called accuracy (i), precision (i), recall (iii),
F1-score (iv), and mAP (v). ViT model achieved the general accuracy of 79.5% and
achieved a good result on Anthracnose (F1 = 0.854) and Healthy Leaf (F1 = 0.846)
and poor on Pest Damage (F1 =0.693). YOLOvS8n had better overall detection quality,
Precision = 0.801, Recall = 0.855 and mAP@0.5 = 0.914. It was the most precise and
recalled equally across the classes, although Anthracnose (F1 = 0.910) and Pest
Damage (Recall = 0.897) were much higher. The best results on Anthracnose were
YOLOv1ln (F1 = 0.929, mAP 0.5 = 0.963), Pest Damage (F1 = 0.789) and Healthy
Leaf (F1 = 0.746) all showed a poorer result. Analyses of curves also confirmed these.
The F1-Confidence curve of YOLOv8n peaked at 0.83 over a threshold of 0.409
whereas the F1-Confidence curve of YOLOv11n peaked on 0.81 over a threshold of
0.481. We observed that the YOLOv8n was generally more stable than YOLOv1ln
with mAP 0.5 = 0.914 and 0.895, respectively. Confusion Matrices were used to
express the overlaps between the classes, with particular focus on Bacterial Spot
versus Pest Damage, whereas the Yeol.o models demonstrated more prominent
diagonal results than ViT. In general, although ViT had more mediocre performance,
both YOLO designs had better detection reliability. Balanced precision, recall, and
mAP YOLOv8n were reported to be the most consistent across the diseases, and

therefore the simplest to apply to the real world in agricultural tasks.
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Chapter 5

Engineering Standards and
Design Challenges

This chapter covers applicable standards, impacts, and project management

considerations, including complex engineering mappings.

5.1 Compliance with the Standards
5.1.1 Software Standards

1. Programming style Python Enforcement Guidelines (PEP 8) and Python
Documentation Standards (PEP 257). Alternatives - Python Style Guide- Google.
Advantages/disadvantages - PEP 8/257 has the greatest linter/formatter
compatibility (Black, Flake8), and are quite familiar; Google style has
compatibility but less widely adhered-to. Rationale - This combination will ensure
notebooks and scripts will be readable and maintainable regardless of being run

either locally on the author machine (and never hitting Kaggle) or on Kaggle.

2. The current experimentation was performed using dependency-management
pipeline built over a pinned requirements.txt file. An alternate formulation, such
as a conda environment.yml file or a pyproject.toml (conforming to PEP 517/518)
may be provided. Both choices have different tradeoff. Requirements.txt variant
is least-invasive and works perfectly within a Kaggle Notebooks environment,
whereas conda specification is more suitable to a local environment of native
dependencies (which has an impact on build times), and the pyproject.toml format
1s more structurally coherent at the expense of a more complex setup. Considering
the requirements, the requirements.txt specification was chosen to be faster and
to be compatible both, on the dedicated T4x2 instance on Kaggle as well as on a

privately managed RTX 3050 workstation.

3. The Pytorch deep learning tooling, including extensions timm and ultralytics, has
currently become the most popular framework when training large scale models,

whether ViT or the state of the art YOLOv8/YOLOv11. Pytorch provides the
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5.1.2

5.2

5.2.1

native environment to all these models, but similar frameworks, such as
TensorFlow would require recoding or an application of converters. To these ends,

it is highly used in studies and in practice.

Hardware Standards

GPU computational landscape NVIDIA CUDA + cuDNN. The other alternatives
present are AMD ROCm and OpenCL. Pros and cons: CUDA/cuDNN provides
broad Python compatibility via PyTorch and packaged installations on modern
GPU devices, whereas ROCm and OpenCL have incomplete compatibility at best
with deep-learning libraries like ultralytics and timm at present. Rationale: The
choice aligns with the local hardware workstation, an NVIDIA RTX 3050 with 6
GB of dedicated video memory, and the cloud compute instance, which is a Kaggle

T4x2 node that has four NVIDIA T4 GPUs.

The chosen execution environments were the following: Local Personal Computer
(run with T4x2 GPU Kaggle), and Kaggle (“Kaggle T4x2”). Other possibilities
were Google Colab and other cloud providers. They had both advantages and
disadvantages: Kaggle included preconfigured T4*2 GPUs and persistent
notebooks- in Google Colab, the quotas and the GPU assignments were flexible.
The T4x2 kaggle environment was selected due to the availability of the sufficient
GPU resources, as well as ease of reproducing a run. To confirm that the findings
were comparable, the experiments had to be achieved using Kaggle and then done
locally in order to find that matches, using a consumer RTX 3050 to provide

matching of the two targets.
Impact on Society, Environment and Sustainability

Impact on Life

The early and accurate diagnosis of Malabar spinach leaf diseases helps farmers mitigate

against the irreversible progressive yield decline and preserve household income, and

overall market supply stability as well as access to a nutrient-rich, affordable and

nutritious vegetable. Similarly, consumers stand to gain due to these healthier leaves by

eating better food, and a reduced level of spoilt produce. A disciplined working process

involving the curation of data, ViT/YOLO classification, and threshold calibration is also

exposed to students and practitioners, and can easily be applied to similar crops and hence
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fosters skills in digital farming.

5.2.2 Impact on Society & Environment

Proper diagnosis of disease leads to precise treatment where the chemicals are applied to
specific areas that need it. Targeting that lowers the overall application rate tightens the
biocide load in the soil and the nearby water locations. The subsequent maintenance of
the local agronomic systems promotes crop productivity and maintains food security to
smallholder farmers and the society at large. Model-based prioritisation by extension
service members can then be used to maximise intervention at the field level, bringing a
more equal distribution of expertise and resources. The growing use of precision
diagnostics is expected to contribute to stable surveillance of disease, which, in its turn,
will enhance farm record-keeping and help cooperatives and NGOs to make decisions
regarding input supply and structure training programs according to identified needs.
Lastly, the expanded foundation of sound phenotypic data should aid retailers to achieve

uniform quality across the whole supply chain.

5.2.3 Ethical Aspects

The data considered should comply with all terms of the licensing and clearly state sources
of information. In addition all field pictures should be edited in order to blur any
identifying faces or personal places. Class imbalance and domain biases (such as lighting
conditions, background characteristics, and cultivar diversity) may contribute to false
positives or false negatives, and, thus, should be described. The models, when deployed,
must give confidence scores and allow human supervision of weed predication procedure
in order to avoid complete automation of produce rejection. Any recommendations based
on the incorporations of the model outputs should be non-coercive and in agreement with
agronomic procedures that have already received acceptance by the local authorities.
Last, performance claims should always be subjected to a full qualification to describe the
test conditions under which results were measured and, where the results may be limited,
should describe the limitations clearly, including non-laboratory light sources, damaged

camera sensors and out-of-distribution disease phenotypes.

5.2.4 Sustainability Plan

The body of knowledge on efficient object detection notes that robust architectures, like
specific families of YOLO, especially YOLO-n, and transformer-based models, like ViT-B,

should be selected in order to reduce computational and energy requirements. What is
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more, mixed-precision inference was empirically demonstrated to perform significant
energy savings without any significant effects on its performance. Recommendations on
how to implement continuous improvement include creating a versioned dataset and
model registry, as well setting a time schedule to re-evaluate at critical moments (e.g.
annually seasons, emergent domains, or camera setups). Instead of re-bringing the models
many times, re-calibrating of thresholds would be better applied to minimize the total
carbon imprint of the system. The architecture must be modularized, i.e. divided into data
ingestion, preprocessing component, training operations, and evaluation phases, in a way
that allowing individual modules to be replaced without necessarily being rebuilt. They
should have clear documentation and the lightweight deployment designs between local
desktops, Kaggle exportable services to edge-supported GPU environments, to guarantee
continuity, especially when contributors leave the project. Lastly, incorporating feedback
loop feedback mechanisms that allow reporting of errors and refinement of data in the

wider community is critical to long run progress.

5.3 Project Management and Financial Analysis

In Figure 5.1 shows that the given project is based on a systematic organization of work
and time frame consisting of 33 weeks of the period between January and the middle of
August 2025. The activities have been sequenced into clear phases in a bid to facilitate
flow of the activities and the eventual scheduled completion Experiments ran on a PC

(Ryzen 5600, 16 GB, RTX 3050 6 GB) and Kaggle Notebooks (T4x2) The Table 5.1 shows
the cost in the project.

Project Management Gantt Chart (Jan - Aug 2025)

Project setup, scoping, repo & seed -

Data acquisition (field + online) 4

Manual curation & Pre-processing -

Train Models (V4t vs Y8n vs Y11n)

Comparative analysis, Figures/tables 4

Web interface & Internal review/testing 4

¥ @ ot vo! ¥ » o
Timeline (2025)

Figure 5.1: Project Management Gantt Chart
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Table 5.1:Financial Analysis table.

SN Item or Component’s Cost in BDT
01 Tools & Equipment AMD Ryzen 5 5600 (6- 75,300
core), 16 GB DDR5 RAM, NVIDIA RTX 3050
6 GB, Kaggle Notebook T4x2 GPU runtime
and Others
02 Power consumption for GPU computing 10,000
03 Field data collection 5,000
04 Web domain 6,600
05 Miscellaneous 5,000
Total Cost 101,900 BTD

5.4 Complex Engineering Problem

5.4.1 Complex Problem Solving

In this section the 5.2 Table, provide a mapping with problem solving categories.

Table 5.2: Mapping with Complex Engineering Problem.

EP1 EP2 EP3 EP4 EP5 EP6 EP7
Depth of | Range Depth | Familiari| Extent Extent Interdepende
Knowled | Of of ty of of Of Stake- | nce
ge Conflicting | Analys | Issues Applica | holder
Requireme | is ble Involveme
nts Codes nt
v v v

EP1: This study proves the Depth of Knowledge as it combines modern deep learning,
data engineering, and domain knowledge. We used ViT-B/16 and YOLOv8n/YOLOv11ln

classifiers and needed to have a good grasp of transformer architectures, convolutional

feature extraction and model optimization. To ensure sound and reproducible training, a

curated set of Malabar spinach images (2,531) was processed to remove backgrounds,

resize 1mages and normalize color. Stratified 70/20/10 splits were employed in

experiments and assessed using accuracy, macro Precision/Recall/F1, mAP and F1-

confidence threshold calibration. Class labeling and interpretation were based on

knowledge of spinach diseases. In relative model analysis and deployment considerations,

the strategic, applied expertise is reflected, as well as the requirements of EP1.
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EP3: The work reached Depth of Analysis by performing a thorough test of three high-
performance deep learning models ViT, YOLOv8n, and YOLOvlln in a variety of
performance metrics including accuracy, precision, recall, F1-score, and mAP. In addition
to numerical outcome, the analysis has explored confusion matrices and confidence-
precision-recall curves to determine the strength, weaknesses and inter-class
misclassification. The theoretical analysis has been carried to the practical application by
a web-based application which made it practical. Not only did this multi layered approach
verify model performance but it also indicated their usefulness in early disease detection,

providing a theoretical benefit as well as a practical one to agricultural decision-making.

EP4: Malabar spinach is less-researched crop and minimal prior image-based research
existed, thus to understand disease patterns and image changes, there was the need to
adjust methods in other crops. We were exposed to heterogeneous field conditions,
including different light, different leaf positions, torn or partially blocked leaves, and
irregular backgrounds, so preprocessing was necessary. To deal with this, we used
background remover, color normalizer and resizer to standardize the inputs.
Furthermore, the spinach-specific features required in tuning ViT-B/16 and YOLO models
required iterative trial and error. Such practical acquaintances show the practical
acquaintances with the issues within the domain and the adjustment of the general

approaches to the less-documented problems.

Mapping with Knowledge Profile

Table 5.3: Mapping with knowledge Profile.

K1 K2 K3 K4 K5 K6 K7 K8
Natu Engineeri | Special Encinee | Eneinee Resear
ral Mathem | ng ist ring ring Comprehe | ch

Scien | atics Fundame | Knowle & g . nsion Literat

Design Practice
ce ntals dge ure
v v v v v v
K2: We derived and applied multi-class metrics ( precision, recall, F1 = % , macro-

averaging, confusion-matrix counts, and area-under PR (mAP@0.5 for YOLO reports). In
modern computer vision-related publication, operating points of the bounding-box
detectors (YOLOvSn: 0.41, YOLOv11n: 0.48) are chosen through curve-based tuning (F1-

confidence). It is an analytical framework that forms the basis of sound comparison and
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threshold setting via a principled measure of trade-offs between accuracy and recall.

K3: Disciplined pipeline data curation, background removal, color standardization,
70/20/10 simple stratified split and no augmentation guaranteed fair experiments. Same
input size (ViT 224x224, YOLO 640%x640) and fixed seeds helped ensure randomness run
by run and model by model.

K4: The convolutional architectures were used in this study, ViT-B/16 (patch embeddings,
transformer encoder, classification head) and YOLOv8n/YOLOv11n in classification mode
(backbone-neck-head). The choice of these models was guided by their relevance to the
task: the ViT outperforms on clean-leaf discrimination, whereas the YOLO variants

achieved high values of recall and real-time throughput and offered diagnostics of high
PR/mAP.

Kb5: It is realized through the research in the form of the well-structured and systematic
methodology created to suit Malabar spinach leaf disease detection. Our pipeline
combines the steps of dataset collection, preprocessing, model training and model
evaluation. All stages were well thought through to maintain the reproducibility,
robustness, and the applicability to real-life. Practical deployment constraints are also
taken into account in the design, which allows real-time inference on edge devices. Such
systematic work proves the engineering design principles as it transforms a research

problem into a functional operational system.

K6: The engineering practices applied in the project were the industry standard practices
and utilized recent tools and frameworks. Deep learning algorithms were run on PyTorch
and training and fine-tuning of the Vision Transformer (ViT) conducted with Hugging
Face Transformers. Ultralytics YOLO provided a dependable detection model and we
exploited our CPU hardware both on Kaggle T4x2 and local NVIDIA RTX 3050 computing
platforms to assure computational efficiency. The tools enabled the project to be viable
and scalable in such a manner that the models could be applied in actual farming setting

with minimal resources.

K8: A systematic literature review of 30 articles and a gap analysis resulted in the choice
of Malabar spinach as the target organism, YOLOv5-tiny-ViT as the deep-learning

system, and macro-F1 (mF1) & precision-recall curve metrics (P/R/mAP) as the evaluation
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values. The offered methodology and evaluation proximate complies with the strongest
applicable studies, thus, ensuring that the experimental construct of the present work
does not vary dramatically with recent featured literature as revealed by the extant

literature forecasted approach.

5.4.2 Engineering Activities

The investigated project can be summarised below in relation to the Complex
Engineering Activities framework and each of the below-provided activities is further

corroborated by the findings of the report.

Mapping with Complex Engineering Activities
Table 5.4: Mapping with Complex Engineering Activities.

EA1 EA2 EA3 EA4 EA5
Range of re- | Level of Innovation Consequences | Familiarity
sources Interaction for society
and
environment
v v v

EA1: The two GPU-enabled environments in the comparative experiment were desktop
system with AMD Ryzen 5600 CPU, 16 Gbyte RAM, and NVIDIA RTX 3050 6 Gbyte
graphics card (PC), the Kaggle T4*2x virtual server, with the same workflow conditions.
Each environment was trained using a single pipeline consisting of PyTorch and timm
(ViT-B/16) and Ultralytics (YOLOv8n and YOLOvlln) with the same per-image
preprocessing (background removal, color normalization, scale inputs to 224x224 ViT, and
640x640 YOLO). Training was performed on non-random 70/20/10 validation/testing
splits with frozen seeds and saved configurations/weights, therefore allowing reproducible
access to the hardware, data, and software. Prudent parameter selections, in terms of
scaled batch sizes and mixed-precision mode where possible (without any detrimental
effect on the computation too) allowed a coherent performance between both compute

platforms.

EA2: There was a success of this project due to the interdependence of various disciplines:
software (deep learning architectures), hardware (GPU accelerators), domain knowledge
(plant pathology) and the end-users (farmers). Co-operation between these elements was

critical in the successful data collection and data pre-processing and model deployment.
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Active involvement of the plant pathologists would have made the model ineffective since
they would have ensured proper labelling of the disease. Similarly, the practicality and
usefulness of the system in real-farming conditions was confirmed by the feedback

provided by the farmers at the validation stage, a complete feedback loop.

EA4: Proper and timely identification of plant pathogens is important to effective use of
integrated pest management tactics. This level of accuracy helps in the application of
pesticides to be specific hence a reduction in the use of pesticides thus limiting
environmental hazards on the soil and the water bodies. Early detecting by virtue of, the
diseases in the early stages makes the early detection improve the yield stability and
facilitates the vegetable quality however achieving an accurate threshold needs a cautious
trade-off between seemingly contradictory goals; to increase recall in order to capture the

disease and to retain precision so as to avoid false alerts.

5.5 Summary

This chapter summarized both profession-related and governance-related practices of the
project as well as the implications. The codebase was compliant with established software
standards: PEP 8/ PEP 257 (Python syntax and docstrings), pip + pinned requirements
(dependency management), and a modelling stack of PyTorch, timm and Ultralytics. The
assessment was based on macro- precision/recall/f1, confusion matrices, and mean
average precision (mAP) at 0.5. Hardware settings reflected actual run contexts:
CUDA/cuDNN on personal RTX-3050 PC, and Kaggle T4x2 instance with floating point
setting accounted to IEEE-754 with discretionary use of FP16 efficiencies. Ethical data
use, improved produce quality, and a pragmatic sustainability plan with periodic re-
examination and lightweight implementation were the grounds where societal and
environmental impact were slotted in earlier and targeted interventions. There was a lean
budget utilising existing hardware and free Kaggle GPUs, a scalable budget and a
straightforward revenue channel in project management and financial analysis. The used
complex problem-solving lens was aligned with EP1/EP3/EP4 and engineering activities
with EA1, EA2, EA4 (resources, interaction, consequences). The second last analysis of
the Knowledge profile showed depth in aggregate constructs in mathematics scores,
expert deep-learning application involvement, as well as manifestable engineering design

at K2, K3, K4, K5, K6 and K8 level.
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Chapter 6

Conclusion

The main findings are summarised, limitations defined, and the direction of future

study outlined in this part.

6.1 Summary

The proposed end-to-end architecture of malabar spinach (Basella alba) disease
monitoring uses deep learning in a classification task. In the evidence of the nutritional
importance of the crop and the demand on prompt, data-based solutions, a systematic
review of 30 previous studies was conducted to analyze the gaps in the knowledge that
were identified primarily in the lack of crop-specific datasets and in the restriction of
flexibility in the deployment of the means. This gap analysis was used to inform both the
design of a feasible system which can run efficiently on low-end hardware. The
supplementary data set is composed of five classes (Anthracnose, Bacterial Spot, Downy
Mildew, Healthy Leaf, Pest Damage) that have gone through a strict manual quality
assurance. Backgrounds were removed, the colour balanced and images resized to 224 x
224 (ViT) or 640 x 640 (lettered Yolov8n and Yolov11n, with a letterboxing stage added in
the latter case). Geometric or photometric augmentation was not done. The fixed seeds
and an even-handed stratified 70/20/10 train/validation/test split enabled reproduction.
Both architectures, transformer-based Vision Transformer (ViT, vit_base_patch16_224)
and anchor-based Yolov8n and Yolovlln classifiers were trained under the same input
condition. ViT achieved macro-F1 = 0.795 on the test set (254 images), producing the
highest accuracy (79.53 %) in the Healthy Leaf classification (F1 = 0.846). Overall,
Yolov8n had the best overall predictive performance (Precision 0.801, Recall 0.855,
mAP@0.5 0.914), had macro-F1 =~ 0.83 at an approximate confidence threshold of ~ 0.41,
and significantly increased Pest Damage recall. Yolov11n achieved Precision 0.803, Recall
0.824, mAP@0.5 0.895 and showed best results at Anthracnose (F1 = 0.929) with
maximum at macro-F1 = 0.81 at approximate confidence of 0.48. The residual overlap in
analysis of confusion would direct to Pest Damage and Bacterial Spot most prominently.
Comparative outcomes, therefore, advise deploys recipes: Yolov8n quiet enormous-scale
screening with maximal recollection demand; Yolovl1ln, when specificity of Anthracnose

/ Bacterial Spot is a sensitivity; ViT, a minor, versatile verifier of Healthy Leaf. The
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system was built on the platform of Ryzen 5600 16-GB PC and Kaggle T4 x2 GPUs and
complies with PEP 8/257 and pinned dependencies and leveraged on PyTorch, timm, and
ultralytics frameworks. Accuracy measures were macro-precision/recall, and F1-scores,
confusion matrices, and precision-recall/mean average precision curves.

The current debate includes the social and environmental advantages of less unnecessary
spraying and more stable yields as well as ethical discussions that involve licensing and
transparency in setting the boundaries of precise agriculture. A sustainability plan is also
suggested, where reassessment of the system is envisioned periodically and a modular
pipeline architecture is considered. Directions that will be pursued include the
incorporation of more data types, tightening up class boundaries, and the stress-testing

of thresholds across seasons and different capture conditions.

6.2 Limitation

1. The available data set is still limited in its extent and geographical basis and might

be biased towards unrepresentative symptom phenotypes.

2. The data in this work has a moderate imbalance in classes, the biggest one having
approximately 2 times more images than the smallest. The model will be skewed

towards majorities.

3. No annotation has been done on the dataset, though the quality of this dataset has
been verified. Also, some pictures might be inter-class ambiguous and this might

influence model training and evaluation.

4. There are chances the model when integrated into the website make false
predictions of the diseases when the input images are not within the domain of

Malabar spinach leaves.

6.3 Future Work

1. Increase data diversity (lighting, backgrounds, cultivars); add semi-supervised

labeling.

2. Investigate better ViT variations and finer grain transformer backbones ; rate

Mobile- friendly models.
3. Integrate XAI (e.g., Grad-CAM/SHAP) and uncertainty estimates in the UI.

4. Prototype an on-device/mobile app with offline inference and agronomy guidance.
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