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Abstract: Agriculture remains a cornerstone of Namibia’s
economy, yet small-scale crop farmers continue to face significant
productivity losses due to late or inaccurate diagnosis of plant
diseases. Tomato, a major crop in the country’s semi-arid regions,
is highly susceptible to fungal and bacterial infections that spread
rapidly under local climatic conditions. Manual inspection is
labour-intensive, subjective, and ineffective for large-scale
monitoring. In the literature, many studies have used high-quality
datasets to train deep learning models. However, these datasets are
not real-time and rarely reflect Namibia’s specific atmospheric
and climatic conditions. To address this challenge, this study uses
a blended dataset combining the Plant Village Tomato Leaf
Dataset from Kaggle with real-time images collected from small
farms in Namibia. The study further investigates a resource-
efficient and reliable deep learning model, namely MobileNetV2,
for multiclass classification of plant diseases. The proposed
framework using the MobileNetV2 model is benchmarked against
the VGG16 and ResNet50 models, both trained and fine-tuned on
the blended dataset. The models are compared in terms of the
overall prediction accuracy from the multiclass confusion matrix
and their computational cost. The results indicate that the
proposed multiclass classification model based on the
MobileNetV?2 architecture has achieved the best performance near
to 90% accuracy, compared to VGG16 (88.33%) and ResNet50
(58.02%), while incurring minimal computational cost. The model
achieved fast predictions with reasonable accuracy, enabling
mobile deployment to monitor crop health in the field. The results
show that MobileNetV?2 offers a low-cost way to assess tomato crop
health and support farmers in Namibia using digital technologies.
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Nomenclature:

DL: Deep Learning

CNNs: Convolutional Neural Networks
ML: Machine Learning

FC: Fully Connected

GAP: Global Average Pooling

AUC: Area Under the Curve
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AP: Average Precision
PR: Precision-Recall
ROC: Receiver Operating Characteristic

I. INTRODUCTION

The agricultural sector is confronted with many new

challenges in the 21st century, with climate change, pest
invasions, and plant diseases together endangering security
and economic stability in Namibia [1, 2]. Of the many crops
farmed in the country, tomato (Solanum lycopersicum) is the
most popular vegetable because of its massive consumer base
in local markets. But several plant diseases plague tomato
cultivation in Namibia, and late blight is a major threat to
production if left untreated. Disease diagnosis in practice is
largely based on visual inspection, which is time-consuming
and requires expert knowledge [3]. This can result in late or
incorrect diagnosis, leading to overuse of pesticides,
compromised crop quality, and monetary losses for
smallholder farmers. Inrecent years, digital technologies and
Artificial Intelligence (AI) models have transformed plant
disease diagnosis [4, 5]. In particular, computer vision with
deep learning (DL), such as pre-trained convolutional neural
networks (CNNs), is effective for the automatic detection of
leaf diseases, compared to machine learning (ML)
approaches using hand-crafted features [6]. By employing
transfer learning with a pretrained CNN, models can be
trained even with limited data, leveraging knowledge learned
from large datasets such as ImageNet.

While significant advancements have been made in plant
disease recognition globally, little work has been done to
tailor these approaches to Namibia's local environmental and
agricultural practices, where leaf texture and disease patterns
may not align with datasets from other regions. This is largely
due to differences in climate, especially high temperature
variability and limited irrigation water [2]. Although CNN-
based techniques have been successful in detecting diseases
with high accuracy worldwide, there are some research gaps
in developing lightweight CNN models, particularly for
Namibian plant datasets. Published research mainly relies on
data from non-African countries, which may not translate
well to the tomato leaf textures and diseases found in the
Namibian region.

Different approaches and their classification accuracies,
along with the datasets used in the study, are listed in Table
L

The present study investigates the application of the
MobileNet model to a blended
dataset [7].
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Table I: Literature Review on the Recent Performance
of a Multi-Class Disease Model on the Tomato Crop

Authors Experimenta Dataset Used / Major Findings /
(Year) 1 Setup Source Contribution
0/ .
Wajid et | CapsNet for | Standard tomato Accuracy 96.4%;
. demonstrates
al. (2023) | 10 disease | dataset
[6] classes (PlantVillage) | C2PSNet
g effectiveness
1 + 0/ .
Sun et al. CSWmT Custom dataset mAP§0 97.2%;
multi-kernel effective under
(2025) (field-collected
8] local/global fomato leaves) complex
fusion backgrounds
BEZ};ZZ? Transformer DenseNetl121
ot al and CNN | PlantVillage accuracy 99%; ViT
(2023) " | model dataset shows  competitive
comparison results
[9]
Inception v4 +
Sowmya YOLOv8 for Accuracy 96%,
et al | tomato Custom-curated | mAP@0.5 86%;
(2025) disease tomato dataset supports  real-time
[10] classification/ detection
localization
Howard | 1 hiteNetv2 | Public Lightweight,
et al. . . explainable ~ CNN;
+ residual | PlantVillage . .
(2025) suitable for mobile
CNN dataset
[11] deployment
Lightweight
Zhong et | CNN for Custom  field High accuracy with
dataset (9,000 e
al (2023) | embedded/mo minimal parameters;
. annotated . .
[13] bile . edge-device friendly
images)
deployment
Prama et Comparative PlantVillage +
study on Tomato accuracy
al. (2023) custom comn
tomato & corn 95.1%;
[14] dataset
datasets
Achieved 99%
Gulzar Custqmlzed 40 Fruit data for | 2°CUracy: However, it
MobileNetV2 . is not applied to
(2023) . multi-class .
is developed . . Tomato leaf disease
[15] . classification . .
and applied classification
accuracy.
IFI:(V)SCIS Clirli Achieved  98.8%
R Potato Leaves | accuracy. But the
trained  and . .
.. . Dataset  taken | classification
Adebisi implemented .
ctal [16] in an FPGA from the Public | problem has only
PlantVillage three classes, and the
for Potato
. dataset models are  not
disease .
. resource-efficient.
detection.
Public Addresses class
Zhang et | Dual attention | PlantVillage imbalance; strong
al (2024) | (channel + | dataset recognition in
[17] spatial) CNN (imbalanced complex
classes) backgrounds
Attention-
mechanism + | Roboflow Precision 92.9%,
Wang et .
al. (2024) multi-scale dataset Recall 95.2%, mAP
[1.8] fusion (PlantVillage + | 93.8%; effective for
(YOLOv6 field images) small lesions
backbone)
VGG16, Mob}iledNet;IZt o0
ResNet50, reached abou ’
and accuracy with very
. Blended dataset: | low  computational
MobileNetV2 . . .
. . PlantVillage cost, making it
This were trained . .
(Kaggle) + real- | suitable for real-time,
Work and fine- | . o .
time Namibian | mobile-based  crop
tuned for . . . .
farm images disease detection in
tomato  leaf e
disease Namibia’s
. smallholder farming
detection
systems.

Here, the Plant Village tomato leaf dataset from Kaggle is
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combined with real-time images captured from small farms
in Namibia, and its performance is compared with highly
used DL models in the literature, such as VGGI1 and
ResNet50 [8]. This research focuses on developing a
resource-efficient and reliable tool for early disease detection
to help smallholder farmers improve crop management
practices and reduce crop losses. Hence, we studied and
applied MobileNetV2 and compared its performance with
that of VGG16 and ResNet50. The MobileNetV2 model is
lightweight because it uses a special type of convolution
called depth-wise separable convolution, which reduces the
number of computations compared to standard convolutions.
This operation decouples filtering and combining, making the
network faster and lighter. In addition, MobileNetV2 uses a
linear bottleneck, which retains relevant features while
reducing memory usage. These features enable MobileNetV2
for real-time applications and make it easy to implement on
edge and mobile devices [12].

The following are the main aims of the study:

(1) to verify the effects of the pre-trained MobileNetV2 CNN
model by blending the dataset for tomato disease types in
real-time.

(2) to evaluate the accuracy vs model size of the
MobileNetV2 model, compared to the VGG16 and ResNet50
models, to achieve an economical deep learning model.

The findings of this research will support the creation of a
resource-efficient, automated and precise multiclass plant
disease prediction for Namibian tomato crop farmers.

The rest of this paper is structured as follows. In Section 2,
we describe the problem, including the use of a multiclass
classification model to assess tomato plant health using a
merged dataset. Section 3 details the proposed approach, data
preprocessing, and the application of resource-efficient CNN
models. Section 4 outlines the experimental setup and results
from using common multi-class metrics. Finally, Section 5
concludes the paper, discussing the results, limitations and
future work.

II. PROBLEM STATEMENT

The tomato crop is susceptible to bacterial and fungal
diseases that can reduce yield if not detected early. Manual
inspection of tomato leaves is labour-intensive, subjective,
and impractical for large-scale monitoring [19]. This
motivates the development of automated disease-detection
frameworks that accurately classify leaf images into multiple
disease categories. The problem is inherently a multi-class
classification problem, where each leaf image belongs to one
of K disease classes, including a healthy class.

Let the tomato leaf dataset be represented as [20]:

D ={(X,y) | X; € RFW3 vy, € {1,2,...,K}}L,,

where X;is the | ~{Th} input image of size H X W X 3,
y; is the corresponding ground truth label representing one of
K disease classes, and N is the total number of images [21].
The objective is to learn a function

fg: ]RHXW><3 N [O,l]K,
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parameterized by 6, which outputs a probability distribution
over all classes for a given input image:

K
Vi=fo(X), 9 € RK:Z ik =1,
k=1

where J; is the predicted probability that image X;belongs
to the class k. The model parameters are optimized by
minimizing the categorical cross-entropy loss:

1 K
£6) =~ E > 1y = Klog G,
k=1

where 1{-}is the indicator function. The optimal parameters
O*are obtained as:

6" = arg magn L(6).

This problem can be represented through the following null
and alternative hypotheses:

Hy: fo(X) cannot correctly classify the specific disease
present in a given leaf image.

H,: fg(X) can accurately classify the disease class of a given
input leaf image.

To discriminate above hypothesis, pre-trained CNNs
(VGGI16, ResNet50, and MobileNetV2) are used to obtain the
hypothesis function f, , leveraging transfer learning for
efficient feature extraction [22].

III. METHODOLOGY

A. Data Preprocessing

The preprocessing steps for the tomato leaf dataset are
defined mathematically as follows [23].

All images were resized to the same dimensions to keep the
dataset uniform:

Xi — R(Xi)')?i € [R224%224x3 (1)

where R(-)is the resize operator and X; This is the original
image.

Then, the pixel intensities of the resized images are scaled
within the range [0’1] to accelerate model convergence
during training:

X;
255’

ynorm _—_
Xi -

[0 1]224><224—><3 (2)

Data augmentation is applied to the normalised images to
improve model generalisation and reduce overfitting. This
process involves a combination of geometric and photometric
transformations [24]:

)?L.aug = A()Z'inorm),)?iaug € [0,1]224x224x3 3)
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where the augmentation operator A(+)is expressed as:
AXPOT™) = B o F o Z o Ry (XT™) 4)
Here, R,,; represents rotation, Z denotes zoom,
F corresponds to flipping, and B adjusts brightness.
The augmented dataset is subsequently partitioned into

training and validation sets using a stratified approach, which
preserves the class proportions across both sets:

Daug = {(X'iaug‘ Yi)}livzl )

(Dtrain Dyar) = StratSplit(Dyyg,p),p = 0.8 (6)
where

| Dergin 1= [P+ N|,1 Dygy 1= N=I| Dirgin | (7

and the stratified split ensures that for each class k, the
proportion in the training and validation sets remains
approximately the same:

count(y=K€D;q;)
[Dyqil

count(y=k€D¢rain) _

,Vk€{1,2,..,K} (8) ®)

IDtrain!

B. Multiclass Classification using VGG16

Fig. 1 shows the proposed framework for tomato leaf
multiclass prediction using the VGG16 model. The
architecture processes 224x224x3 leaf images through an
initial 7x7 convolution and max-pooling layer. The backbone
comprises four stages with [3, 4, 6, 3] bottleneck blocks, each
using [1X1—3x3 —1x1] convolution patterns and residual
connections, progressively increasing feature dimensions
from 64 to 2048 channels. Global average pooling produces
a 2048-dimensional vector, which is fed to a classification
head with fully connected (FC) layers (2048 — 1024 — 512
— 256 — 10), using batch normalisation, dropout
regularisation, and SoftMax activation for multi-class disease
probability prediction across 10 tomato disease categories.

Kaggel
Database

Integration

l

Data
Preprocessing

Data collected from
Namibian farms

Output

Healthy
Bacterial spots

T Testing
dataset

Lste blight

[Fig.1: Proposed Framework for Tomato Leaf Multiclass
Prediction using VGG16 Architecture]

The algorithm begins with the preprocessed and augmented
training
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day_hat_iy_hat_itaset Dy qi;m = {(X]" ug.yi)}livztiai" and the
validation dataset D,q; = {(X™%, )}, The goal is to

predict the class labels y;for the validation (test) images.

Let fyse16 denote the VGG16 network pre-trained on
ImageNet, configured without the top (fully connected)
layers, and designed to process RGB images of size
224 % 224

This can be expressed as [24]:

fveeie < VGG16(_tOp)

Imagenet (224,224,3)

The convolutional base is frozen to perform feature
extraction. For each augmented input image )?la Y the
corresponding feature representation is obtained as:

F; = freei6(Xi™), F; € R7*7*512
To transform the feature maps into a one-dimensional (1D)
vector, a global average pooling (GAP) layer is applied:
F/' = GAP(F),  F/'* eRr®?
The flat features are processed by fully connected (FC)

layers, followed by a Softmax function to obtain the
classification output. This process can be expressed as:

ZL = W]_F‘iflat + bl’

Ai = RCLU(ZL),
A?mp = Dropout(4;,p = 0.5),

9; = Softmax(W,A" + b,),9; € RX,

where, K represents the number of output/target classes,
considered as 10.
The weights (model parameters) are optimized using cross-

entropy loss L.g, which can be expressed as:
Nt

10
Lo=—a Y Y ylog(5,%), ©)

T k=1

i=1

where, Nyis the number of training samples.

The weights of the model are updated using the Adam
optimizer, given by:

8, « 0,(t — 1) — VL, (10)

where 1 denotes the learning rate in the Adam optimizer.

After initial training, the top convolutional blocks of
VGG16 are unfrozen and fine-tuned with a smaller learning
rate to adapt the pre-trained weights to the tomato disease
dataset. The final prediction on the validation dataset is
obtained as:
S 2)val'

an

Yyar = argmaxy;,
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The overall accuracy using the VGG16 model is expressed

as:
Nyal

- Z
1(y: = o).
Nval =1 ' '

C. Multiclass Classification using ResNet50

Fig. 2 shows the architecture of ResNet50 considered for
multi-class tomato plant disease prediction [25]. The
ResNet50 architecture processes 224 X 224 X 3 leaf images
through an initial 7 X 7 convolution and max pooling layers.
The backbone employs four stages with [3’ 4» 62 3] bottleneck
blocks using [1 X 1 - 3 X 3 - 1 X 1] convolution patterns
and residual connections (RC), progressively increasing
feature dimensions from 64 to 2048 channels. Global average
pooling produces a 2048-dimensional vector, which is fed to
a classification head with fully connected layers.
(2048 - 1024 - 512 - 256 - 10) , using Dbatch
normalization, dropout regularization, and softmax activation
for multi-class disease probability prediction across ten
tomato disease categories.

A pre-trained ResNet50 model is loaded as:

Fresnaiso — ResNet30(P) (224,224,3)

ImageNet

Accuracy = (12)

Input Leat Image
2242243

RasNet - 50 Backbone

1

an 141 {128, 343 125,343 |
s> | | 1280, 11 (5125 ’J (2500, 1x1 e
1 RC 1 {10243+RC —

Convoluion1 (7X7)  paaxoooi
64 +RelU peere (Convz_x) (Conva_x):

(Conva_x):
6 blocks

4 blocks

Classification Head

Flatten
foatures

o2

110 25}

[Fig.2: Architecture of ResNet50 Considered for
Multiclass Disease Prediction]

Each residual block in the network computes its output as:

FFfr=Fl+F(FLwY), 1=1,.,L,
where F () represents the residual mapping composed of

convolution, batch normalization, and ReL U activation, and

L denotes the total number of residual blocks [25].

After passing through all residual blocks, the feature

representation of the i — {Th} augmented image is obtained

as:
_ aug 7X7%2048
Fi = frenaso(Xi™9),  F,€R :

GAP operation is applied to get the 1D flat features:

F/'% = GAP(F),
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The flattened feature vector is then fed into fully connected
layers, followed by a Softmax
output layer:

Z;=WiF; ™ + by,

A; = ReLU(Z)),

flat

AP = Dropout(4;,p = 0.5),
~ drop ~ K
V= Softmax(WzAi + bz),yi € R%,
where K = 10 corresponds to the number of tomato disease
classes.

The loss function is minimised during training according
to Eq. (9), and the model parameters are updated using Eq.
(10). After the initial training, the top residual blocks of
ResNet50 are unfrozen and fine-tuned with a lower learning
rate to adapt the pre-trained features to the tomato leaf
dataset. The final predictions on the validation set are

computed using the overall accuracy obtained with the
ResNet50.

D. Proposed Multiclass Classification using MobileNetV2

The architecture of MobileNetV2 used for multiclass
prediction is shown in Fig. 3. The proposed tomato disease
classification system uses a MobileNetV2 model for leaf
images [26]. The architecture takes images of size 224 x 224
x 3 using a first convolutional layer with 32 filters of size 3 x
3 and stride 2 to capture initial spatial features. The main
feature extraction is based on the bottleneck residual blocks
with inverted residuals and linear bottlenecks, where each
block is a sequence of pointwise convolution for channel
expansion, depth-wise convolution for spatial feature
processing, and pointwise convolution for channel expansion.
This efficient design allows the network to learn hierarchical
representations while being computationally efficient. After
18 such bottleneck blocks, a final 1 x 1 convolution layer
increases the channels to 1280, which are then aggregated via
global average pooling.

The classification head consists of three fully connected
layers with ReLU6 activations and dropout regularization,
progressively reducing dimensionality from 1280 to 512, then
to 256, and finally to K output neurons corresponding to
disease classes, with softmax activation producing final
probability distributions for multi-class tomato disease
prediction [20].

Tnput Leal Image
224x224x3

MobileNetV2 Backbone

||

[Fig.3: Architecture of MobileNetV2 Considered for
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Multiclass Prediction [26]]

The input leaf image is represented as:
Xe R224X224X3

where each pixel has RGB channels normalized to [0,1].

A pre-trained MobileNetV2 model is initialized as:

FtobileNetv2 < MobileNetV2{, o

ImageNet

(224,224,3)
The initial convolution layer operates as [20]:

Zy = Conv2D(X; Wy, by),Yy = BatchNorm(Z,), H,
= ReLU6(Y,)

where W, € R3*3%3%32 gre convolutional filters, b, €
R32 are bias terms, and output H, € R112x112x32 = The
ReLU6 activation function is defined as:

ReLU6(x) = min(max(0,x),6)
Providing bounded activation to improve quantisation

performance.
For each bottleneck block i = 1,2,...,17:

Expansion phase with pointwise convolution:

Z7P =W« Hi_y + b, H™®
= ReLU6(BatchNorm(Z;""))

Depthwise convolution:

Z{ = W O H + b, Hi
= ReLU6(BatchNorm(Z{™))

where © denotes depthwise convolution.
Projection phase with pointwise convolution:

Ziproj — VViproj " Hl-dw + biproj,Hiproj
= BatchNorm(Z L.p )
Residual connection:

u {Hl.p ") 4 H,_,if stride = 1 and same dimensions
i =

0] .
H f Jotherwise

Final convolution and global pooling:

Zrinar = Wrinar * Hig + brinan Heinal
= ReLU6(BatchNorm(Zinq))
7

1
g = GAP(Hfinal) = 7Tx7
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g € R1280
Custom classification head for K = 10classes:
First dense layer:

z, = Wy g + by, hy = ReLU6(z,), h{" " = Dropout(hy;p
=0.2)

where W, € R512%1280 ' e R512,

Second dense layer:

z, = Wb + by, h, = ReLU6(z,), ha™°"
= Dropout(h,;p = 0.2)

where W, € R256x512 p, € R256,
Final output layer:

z3 = W5h$™P + b,

where W; € R10%25¢ p, € R10,
SoftMax activation for multi-class classification:

exp (z : )
PO =k|X)=—g ——2—
ijlexp (Z3,j)

fork =1,2,...,10

The loss function uses categorical cross-entropy:
N

10
1
L@ ==% ) D vulog(Pyi =k X))
k=1

i=1

where N is the batch size, y; is the ground truth indicator,
and 6 represents all trainable parameters.

IV. SIMULATION RESULTS

The experimental simulations are carried out using a
blended dataset, comprising the PlantVillage tomato leaf
dataset and images captured from Namibian farms in the
Oshana region. The dataset contains 14,529 labelled images
spanning 10 disease classes, including tomato mosaic virus,
leaf mould, healthy leaves, early blight, spider mite
infestation, septoria leaf spot, late blight, tomato yellow leaf
curl virus, target spot, and bacterial spot. The dataset was
divided into training and validation sets in a 4:1 ratio, with
11,623 samples for training (80%) and 2,906 for validation
(20%), using stratified sampling to preserve the class
distribution. Image preprocessing was performed using an
image data generator that applied normalisation, rotation,
flipping, and zooming augmentations to improve model
generalisation. Three transfer learning architectures, such as
VGG16, ResNet50, and MobileNetV2, which are pre-trained
on ImageNet, are evaluated. Each model undergoes a two-
phase training process: first, the convolutional base is frozen
to extract features from the input images, and subsequently,
the top layers are unfrozen and fine-tuned to adapt the pre-
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trained weights to the target tomato leaf dataset. The models
are optimised using the widely used Adam optimiser (Eq.
(10), and class weights are applied to mitigate class
imbalance across disease categories. The following standard
performance metrics are used to evaluate the trained models.

The overall Accuracy (Acc) measures the proportion of
correctly predicted samples and is defined as [27],

KiTP
> (TP +FP +FN; + TN’

Acc =

(13)

where TP;, FP;, FN;, and TN; represent the true positives,
false positives, false negatives, and true negatives for class i,
and K = 10 is the total number of classes.
Precision ( P; ) quantifies the proportion of correctly
identified instances among all predictions for class i:
TP;

P = (14)

L7 Tp+FP;”

Recall (R;), also known as sensitivity, measures the fraction
of correctly predicted positive samples for each class:

TP;

R, = (15)

U TPi+FN; "

The Fl-score, a harmonic mean of precision and recall,
provides a balanced measure of performance:

_ 2PiR;
P;+R; !

F1, (16)

For the multiclass case, the macro-averaged F1-score,
precision, and recall are calculated as [25],

1 1
Flpgero = X {{=1F1i’ Bracro = X §{=1Pi'
_1lyx
Rmacro ~x i=1RL' (17)

Additionally, the Area Under the Curve (AUC) and
Average Precision (AP) are macro-averaged across all classes
to measure overall discriminative performance and resilience
to class imbalance. The performance metrics are used in the
experimental evaluation (see Results) and in the
interpretation of the results and comparative analyses in this
study.

Fig. 4 shows the training and validation Loss vs epochs
for VGG16, MobileNetV2 and ResNet50. A steady decline in
loss (training and validation) is observed in the VGG16
model (indicating good convergence) and in the
MobileNetV2 model (moderate convergence). ResNet50, on
the other hand, exhibited slower convergence and a higher
loss value, suggesting that the model may have under-fitted
the tomato leaf dataset due to its
deeper architecture and larger
parameter count. This
behaviour is in line with the
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loss term, where a best-performing model should minimise
the number of misclassifications across all classes, thereby
reducing the denominator term for false alarms.

Fig. 5 illustrates the progression of accuracy (training and
validation). VGG16 achieved the highest validation accuracy
of approximately 90%, followed by MobileNetV2, whereas
ResNet50 underperformed with an accuracy below 30% after
fine-tuning. The accuracy behaviour matches Equation (1),
where a higher ratio of true positives to total predictions
yields improved performance. This trend indicates that
VGG16 effectively captured discriminative spatial features
for disease classification, whereas deeper models struggled to
adapt due to the limited dataset size relative to their depth.

Training and Validation Loss

VGG16 Train
VGG16 Val
ResNet50 Train
ResNet50 Val
MobileNetv2 Train
MobileNetV2 Val

15

Loss

10

05

o 2 s 6 s 10 i 1
Epoch

[Fig.4: Training and Validation Error curves for
VGG16, ResNet50 and MobileNetV2 Over Epochs]

The evolution of accuracy (training and validation) is
shown in Fig. 5. VGG16, followed by MobileNetV2,
achieved the highest validation accuracy (around 90%), while
ResNet50 performed poorly (accuracy below 30%) after fine-
tuning. The accuracy trend is consistent with Equation (13):
a higher true positive rate leads to higher accuracy. This
suggests that VGG16 learned discriminative spatial features
for disease classification, whereas deeper models struggled to
adapt because the dataset was too small relative to their
complexity. The VGG16 accuracy curve is more linear than
the others, indicating a stable learning process with high
P_macro and R_macro values. Figs. 6, 7, and 8 show the
Confusion Matrices for each model, showing class-wise
prediction accuracy. The VGG16 matrix, with strong
diagonal elements, indicates it can identify most disease
classes, especially the yellow leaf curl virus and healthy
plants. ResNet50 was more likely to misclassify visually
similar classes, such as Early Blight and Target Spot,
confirming its poorer generalisation. The lower F1-scores in
certain classes are due to high false positives or false
negatives, leading to lower precision and recall. As a result,
the macro-average F1 scores of VGGI16 reveal its strong
classification performance across all classes.

Retrieval Number: 100.1/ijrte.A836315010526
DOI: 10.35940/ijrte.A8363.15010526

Journal Website: www.ijrte.org 14

International Journal of Recent Technology and Engineering (IJRTE)

ISSN: 2277-3878 (Online), Volume-15 Issue-1, May 2026
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[Fig.5: Training and Validation Accuracy Curves of
VGG16, ResNet50, and MobileNetV2]

Table II: Performance Comparison of CNN Models for
Tomato Leaf Disease Classification

Acc

ura Precisi | Reca | F1- Param Tral‘n n
Model eters g Time
cy on 1l Score ™) )
(%)
VGG16 28'3 0.8965 2'388 0.8845 | 14.782 | 2639.94
ResNet50 28'0 0.6926 8258 0.5976 | 23.851 2374.35
MobileNe | 89.8 0.89
V2 3 0.9005 33 0.8937 | 2.423 2262.20

Table Il compares VGG16, ResNet50, and MobileNetV2,
which were used to classify diseases on tomato leaves. The
table provides various measures of model performance in
terms of accuracy, precision, recall, and F1 score, in addition
to model complexity expressed as the number of parameters
(millions) and training time in seconds. Among the models,
MobileNetV2 achieved the highest accuracy of 89.83%,
followed by VGG16 (88.33%) and ResNet50 (58.02%). As
for precision and recall, MobileNetV2 also performed better,
with values of 0.9005 and 0.8933, respectively. VGG16
ranked second on both performance measures, while
ResNet50 lagged on both. As regards computational
resources, MobileNetV2 used fewer parameters (2.423 M)
than both VGG16 (14.782 M) and ResNet50 (23.851 M).
Moreover, the latter model took significantly less time to train
than VGG16 and ResNet50, slightly faster than the other two
models. Furthermore, MobileNetV?2 trained much faster than
the other two models, making it a lightweight yet accurate
model for real-time detection of tomato leaf diseases in the
Namibian field.
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[Fig.6: Confusion Matrix of VGG16 on the Validation
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[Fig.7: ResNet50 Confusion Matrix on the Validation Set]
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[Fig.8: MobileNetV2 Confusion Matrix on the Validation Set]
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Fig. 9 shows the Receiver Operating Characteristic (ROC)
curves, in which the AUC values under micro-averaging
quantify the models' discriminative power. VGG16 obtained
the highest AUC (= 0.97), followed by MobileNetV2 (=
0.94), while ResNet50 had a significantly lower AUC (=
0.65), illustrating that ResNet50 was not very discriminative,
and its sensitivity-specificity trade-off was very low. The
AUC metric measures the model's discriminative power by
optimising the True Positive rate (TPi) and minimising the
false positive rate (FPi).

Therefore, a higher AUC indicates an optimal Precision-
Recall balance, which is vital for disease classification in

plant pathology.

Multiclass ROC Curves (Micro-average)
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[Fig.9: ROC Curve Comparison Between VGG16,
ResNet50, and MobileNetV2]

Fig. 10 below shows the Precision-Recall (PR) curves,
especially helpful when there is an imbalance between data
classes. Model VGG16 achieved the best average precision
(AP = 0.96), indicating that it can effectively detect diseases
from minority classes. The improvement in precision at
higher recall indicates that the model is effective in reducing
false positives without sacrificing recall.

Precision-Recall Curves (Micro-average)

Precision

|

0.2
VGG16 (AP = 0.953)
ResNet50 (AP = 0.627)
MobileNetv2 (AP = 0.964)

0.0 02 04 0.6 0.8

Recall

[Fig.10: Precision-Recall (PR) Curves for VGG16,
ResNet50, and MobileNetV2]
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In this research, three pre-trained lightweight CNNs
(VGGL16, ResNet50, and MobileNetV2) were evaluated for
multiclass classification of tomato plant disecases by
combining the Plant Village tomato leaf database with image
data collected from farms in Namibia. This experiment was
an attempt to address some problems in the rapid
identification of diseases based on local conditions. Three
models were fine-tuned on a blended dataset. Experimental
results showed that the proposed MobileNetV2 achieved the
highest wvalidation accuracy of approximately 90%,
outperforming VGG16 (88.33%) and ResNet50 (58.02%),
while also being computationally efficient with only 2.42
million parameters. Whereas VGG16, though slightly less
accurate, demonstrated stable convergence and excellent
class-wise discrimination, as evidenced by ROC and
Precision-Recall curves. ResNet50 underperformed due to its
deeper architecture, which was less adaptable to the dataset
size, leading to higher misclassification rates among visually
similar disease classes. Table 2 shows that VGG16 (14.78
million parameters) and ResNet50 (23.81 million parameters)
are not efficient enough, which limits their suitability for edge
devices. Comparative metrics confirmed that lightweight
architectures such as MobileNetV2 are well-suited for
resource-constrained environments while maintaining robust
disease-classification performance. The performance of the
considered DL models is slightly lower (approximately 5%)
than in the literature. This is due to the blended dataset, which
contains real-time tomato leaf images from farms in the
Oshana region. Overall, the findings highlight that transfer
learning with lightweight CNN models can effectively enable
real-time, scalable, and cost-effective tomato disease
monitoring. In particular, MobileNetV2 offers a practical
solution for deployment on mobile or embedded devices,
empowering Namibian farmers through digital technologies.
Future work could explore advanced YOLO based models for
faster and more efficient disease classification in real-world
field settings.
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