
Comparative Evaluation of Classical, Convolutional, and
Transformer-Based Models for Crop Disease Classification

Rohan Kommareddy1

Received March 9, 2026
Accepted August 1, 2026
Electronic access September 15, 2026

Crop disease identification is critical for our global food security as crop diseases cost the global economy approximately $220
billion every year. While machine learning is a practical solution for classification, there has been a lack of research in comparing
different architectures. This study compares four architectures for 13-class crop disease classification across four crop types
using 16,323 images: logistic regression, a five-layer neural network, a custom five-block convolutional neural network (CNN),
and a downscaled vision transformer (ViT). All of the models were tested with a 5-fold stratified cross-validation framework
with the same data splits (80% training / 20% validation), AdamW optimization, and sample-inverse class weights. The CNN
had the highest performance with a weighted F1-score of 89.68% and a macro F1-score of 89.40%. It was also the most practical
for real-world use as it required a reasonable 3,702,541 parameters and had an inference speed of 47.29 ms per image. The
ViT performed competitively but slightly behind the CNN architecture. It achieved a weighted F1-score of 88.92% and a macro
F1-score of 88.26%. This difference in performance and the clear oscillations in our ViT’s validation loss curves suggest that
self-attention layers struggle with optimization instability when trained from scratch on medium-sized datasets. Simpler models
like the logistic regression and neural networks performed substantially worse with macro F1-scores of 30.31% and 59.62%
respectively. Overall, CNNs provide the most dependable and practical choice for resource-limited mobile deployment.

Keywords: Crop Disease Detection, Deep Learning, Convolutional Neural Networks, Vision Transformers, Agricultural
Computer Vision

Introduction

Crop disease identification is critical for ensuring our global
food security with plant diseases costing the global economy
approximately $220 billion annually1. Traditional methods
for diagnosing crop diseases are typically visual tests by expe-
rienced farmers or microscopic examinations that require spe-
cialized equipment. Both of these methods may be unavailable
or impractical for many people living in developing regions2.

Artificial intelligence is a strong and practical solution as it
can be both accessible and accurate for classifying crop dis-
eases. Convolutional Neural Networks (CNNs) have been the
main architecture used due to their ability for spatial feature
extraction. This allows these models to learn visual features
from the images themselves. CNNs have shown high perfor-
mance but are often more limited when dealing with com-
plex datasets where there is a lot of variation within a class
or similarities among different classes. Vision Transformers
(ViTs) have been developed as a promising alternative to ad-
dress these limitations through their use of both global and
local feature extraction. This allows them to better understand
more subtle differences and varying field conditions.
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Previous studies on the classification of crop diseases of-
ten focus on one architecture such as CNNs or ViTs and do
not include more classical models such as logistic regression
or fully connected neural networks. Evaluating these simpler
models is important as they establish a baseline performance
to prove if more complex models are necessary. Many of these
studies also focus on a single crop dataset or the PlantVillage
dataset3 that use controlled image conditions rather than true
field environments. There is also little research comparing not
only the performance of convolutional and transformer archi-
tectures but also the real-world applicability of these models.
Additionally, in studies that do compare different models, they
often use transfer learning inconsistently which can lead to un-
reliable comparisons.

Our study compares four machine learning architectures:
logistic regression, fully connected neural networks, CNNs,
and ViTs, under a consistent experimental setup. Our re-
search also discusses the trade-offs between these different
architectures in terms of accuracy, data efficiency and real-
world practicality. We hypothesize that the CNN will perform
better than the more traditional logistic regression and neural
network models due to its specialization for image classifi-
cation from its spatial feature extraction. The ViT will also
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likely achieve competitive but lower overall results than the
CNN. This is because training these models from scratch on
a mid-sized dataset of 16,323 images can greatly limit their
performance compared to models that use pre-training. To
help with the reproducibility of our experiment, our source
code, hyperparameters, and evaluation process are accessible
at: https://github.com/rohankomm-arch/crop
-disease-benchmarking.

Background

While CNNs have revolutionized the automation of crop dis-
ease detection through their use of spatial inductive bias
and translational invariance, their performance is still heav-
ily dependent on their specific architectural configurations.
Early multi-crop models such as the benchmark models on
the PlantVillage dataset showed that standard CNNs could
achieve validation accuracies up to 99.81% under uniform and
strict image conditions4. Even more recent models have fo-
cused on improving these results under more complex sce-
narios. Two major examples include the EfficientNet frame-
work5 that introduced compound scaling to balance network
depth, width, and resolution and the ConvNeXt architecture6

that modernized standard convolutional layers to mimic the
behaviors of transformers. CNN architectures still remain re-
stricted by their focus on localized windows despite these im-
provements. Because these models process images through
local kernel windows, they are far more susceptible to lower
performance when differentiating similar flaws on leaves7.

To address these restrictions of CNNs, Dosovitskiy et
al.8 introduced vision transformers that use multi-head self-
attention mechanisms to map global connections across an
entire image. ViTs are able to understand relationships be-
tween distant pixels which allows them to understand stronger
connections compared to localized CNNs. However, the pri-
mary issue with ViTs is the massive amount of data they need
for the self-attention layers9. This is because ViTs initially
lack the same spatial inductive biases of CNNs. This means
that they struggle to understand that neighboring pixels are
more relevant to each other than farther pixels. Therefore,
when ViTs are trained from scratch on mid-sized datasets,
such as the 16,323 image dataset utilized in this study, they
show lower data efficiency and lower performance compared
to pre-trained versions.

Due to the trade-offs between CNNs and ViTs, many more
modern models have shifted towards a hybrid system be-
tween these two architectures. Modern frameworks have com-
bined these architectures using parallel networks that merge
local and global feature paths through tensor concatenation10.
Some frameworks also use sequential architectures that utilize
shallow convolutional stems to extract local textures before
passing them to transformer layers11.

Additionally, to support practical in-field deployment, re-
cent hybrid models have also incorporated layer-wise Explain-
able AI (XAI) diagnostics. These diagnostics use gradient-
weighted class activation mapping (Grad-CAM) to match
transformer attention matrices with expert-annotated disease
symptoms to make sure that the model focuses on the cor-
rect plant features12. While these complex models achieve
high performances, they hide a flaw in current research in
that they are rarely compared against simpler baseline mod-
els under strict, controlled training conditions. Current liter-
ature also uses a lot of inconsistent transfer learning which
makes it difficult to truly compare CNNs and ViTs in their ef-
ficiency with data. In addition, for practical use on low-cost
hardware, it is important to understand trade-offs such as to-
tal trainable parameter counts and inference latencies13. This
lack of benchmark measurements shaped the experimental de-
sign of our study. An overview of architectural milestones,
dataset complexity and limitations are given in Table 1.

Dataset

The dataset we used in our research is the Dataset for Crop
Pest and Disease Detection by the University of Energy and
Natural Resources in Ghana22. The dataset includes 24,881
images of four main crops: cashew, cassava, maize, and
tomato. Within those classes, there are 22 subclasses with
each crop having sub-datasets for various diseases and pests
along with healthy versions of each crop. For our study, we
used 13 sub-datasets, consisting of 9 disease and 4 healthy
classes. We also discarded pest subclasses due to the funda-
mental differences between the visual characteristics of pest
damage and disease damage. From a computer vision per-
spective, pest damage in crops is usually shown by bite marks,
holes or surface residue from insect activity. In contrast,
disease-related changes often come in different forms such as
lesions, discoloration, dots, streaks or wilting. Mixing these
two different issues into a single classification task can cause
our models to perform worse since the training targets con-
flict. The final classes we chose are shown in Table 2. The
total number of images in these remaining classes was 16,362
which came from 8,519 pest images being removed from the
original 24,881 image total. This number was reduced even
more to 16,323 because of 39 corrupted images. We filtered
out these corrupted images during preprocessing to protect the
stability of our training. Figure 1 also shows some sample im-
ages from the dataset.

We used a 5-fold stratified cross-validation setup to prevent
any bias from a single train-test split and to better handle class
imbalances in the dataset. The 16,323 images were split into
5 groups with the same class distribution as shown in Table
2. For each fold, one fold was used as the validation set and
the other four folds were used for training. This was repeated
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Table 1 Summary of previous literature in crop disease detection.

Study Dataset Model Accuracy Gaps
Saleem et al.
(2020)4

54,306 images covering
38 classes from the
PlantVillage dataset.
Contains 14 plant
species (including
Tomato, Cassava, and
Maize).

18 CNN variants across
6 deep learning optimiz-
ers.

Xception backbone
with the Adam opti-
mizer got a validation
accuracy of 99.81%
and F1-score of 0.9978.

The Xception model re-
quired a long training
time of around 3,400
seconds per epoch.

Sharma et
al. (2022)14

7,432 leaf images for
Rice and Potato crops.

A custom CNN Archi-
tecture tested against tra-
ditional classifiers.

Custom CNN got
99.58% accuracy
on rice diseases and
97.66% accuracy on
potato diseases.

Had a narrow scope of
only two crops.

Ahad et al.
(2023)15

Dataset covers 9 re-
gional leaf diseases for
Rice. Each disease class
contains 100 images
and augmentations were
used to increase the
dataset to 42,876 total
images.

6 standard CNN mod-
els: DenseNet121,
InceptionV3, Mo-
bileNetV2, ResNext101,
ResNet152V, and
SEResNext101.

SEResNext101 com-
bined with Transfer
Learning got an accu-
racy of 98.00%.

It was restricted to a sin-
gle crop in rice.

Batchuluun
et al.
(2022)16

4,720 custom thermal
images of Rice (includ-
ing paddies) combined
with an open database.

CNN integrated with Ex-
plainable AI (XAI) to
interpret blurry thermal
features.

Achieved an accuracy
of 98.55% on the
custom dataset and
90.04% on the Paddy
dataset.

The model struggled
with low quality and
blurriness from the ther-
mal images. The model
was also sensitive to
factors like temperature
and humidity.

Sachdeva et
al. (2021)17

20,639 images from
PlantVillage across
15 balanced classes.
Includes Potato, Tomato,
and Bell Pepper crops.

A deep Residual CNN
with a Bayesian learning
framework.

Achieved an accuracy
of 98.90%.

Had poor performance
on datasets with more
complex backgrounds.

Lilhore et al.
(2022)18

6,256 images spanning 5
classes for Cassava.

Enhanced CNN (ECNN)
that uses depth-wise sep-
arable convolutions.

The ECNN architecture
got a 99.30% accuracy
rate on the balanced
subset.

The architecture is lim-
ited to a single crop and
the dataset size is fairly
restricted.

Timothy et
al. (2022)19

1,050 Cashew images
consisting of healthy and
diseased leaf, stem, and
nut images. 1750 to-
tal images including aug-
mentations.

A standard ResNet-50
CNN tested with 5-fold
cross-validation.

Achieved classification
accuracy of 97.76%.

It was limited by a small,
restricted dataset. It also
heavily relied on high-
quality, uniform images.

Karthik et
al. (2024)10

Utilizes the CCMT
dataset that contains
102,976 images and
22 classes for Cashew,
Cassava, Maize, Tomato.

Dual-Track Architecture
with a Convolutional
block and a global Swin
Transformer (DAMFN).

Achieved a multi-class
classification accuracy
of 95.68%.

The massive parameter
size causes processing
delays which can make it
harder to run on low-cost
mobile devices.
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Study Dataset Model Accuracy Gaps
Shandilya et
al. (2025)11

Maize Leaf Disease
datasets from Kaggle
and Mendeley.

A custom hybrid CNN-
ViT framework.

Achieved validation ac-
curacy of 99.15%.

The focus was restricted
to a single crop in maize.

Paul et al.
(2026)12

Mendeley Papaya Leaf
Disease Dataset contain-
ing 2,500 images across
5 classes.

A hybrid CNN-
Transformer frame-
work. It also includes
Grad-CAM analysis for
multi-level interpretabil-
ity.

Achieved 87.3%
accuracy on expert-
annotated disease
patches.

Lack of real-world test-
ing in true in-field con-
ditions. Did not out-
perform CNN or trans-
former baselines.

Srinivasan et
al. (2026)20

Two publicly available
Kaggle datasets contain-
ing a combined total of
104,768 RGB leaf im-
ages across 18 disease
classes for Corn (Maize),
Potato and Tomato.

ResViT-152 which is
a hybrid CNN-Vision
Transformer architec-
ture. It was compared
against InceptionNetV3,
ResNet152V2, ViT, and
BERT models.

IntraTest accuracy:
99.12% (corn), 98.94%
(tomato), 99.06%
(potato); CrossTest ac-
curacy: 96.27% (corn),
96.22% (tomato),
96.15% (potato).

The model was mainly
evaluated under bal-
anced conditions. It
needs more real-world
testing before practical
use.

Noor et al.
(2026)21

Large-scale dataset con-
taining 32 plant dis-
ease classes. Crops are
Coffee, Cotton, Cucum-
ber, Olive, Tomato and
Wheat.

YOLOv8 framework
optimized by Transfer
Learning.

Achieved a recall rate
of 0.94 and an overall
accuracy of 92.57%.

There was limited
dataset diversity. The
high-computational cost
may also limit its use
in resource-constrained
regions.

5 times so that every image could be used in the validation
set. We also implemented z-score normalization inside each
cross-validation loop. We did this to prevent data leakage,
meaning that the pixel mean and standard deviation were cal-
culated only based on the unchanged training images for each
specific fold before adding any transformations. This makes
sure that no pixel distributions from the validation set leak
into the normalization process. The validation set was also
kept completely untouched and unseen in order to provide an
accurate and unbiased evaluation of the models. The dataset
overall also exhibits severe class imbalance as the highest rep-
resented class, Tomato Septoria Leaf Spot, contains 2,743 im-
ages while the lowest represented, Maize Healthy, contains
only 204 images. This resulted in a fairly large Imbalance
Ratio of 13.45:1, which we mitigate by using sample-inverse
class weighting during training.

We also chose different input sizes and data augmentations
based on the different architectures of the models to allow each
model to perform to the best of its capabilities. For the Logis-
tic Regression and Neural Network models, we set the pixel
resolution to 64 × 64 and did not include augmentations. This
is due to how larger image resolutions would lead to larger
feature vectors, causing these simpler models to easily overfit.
Random rotations, shears and other augmentations could also
hinder the pixel relationships that these models need to learn.
For our CNN and ViT models, we used a 128 × 128 pixel
resolution and data augmentation like horizontal and vertical

flips, rotations and shears on the training set. These architec-
tures require a larger image resolution as ViTs need enough
pixels to create patch embeddings and CNNs need more pix-
els so that convolutional filters do not blur important features.
Data augmentation was also necessary because both models
were trained from scratch and needed increased data variety
to prevent them from overfitting to the background noise in
the images23.

Methods

Training Procedure and Implementation

We used the PyTorch framework across all the models due to
its flexibility and the greater control it allows for model ar-
chitectures and the training process. Our training was per-
formed using Google Colab with GPU acceleration (NVIDIA
T4) when available, as well as on a Windows machine using
a CPU for the smaller models. To help with consistency, we
used a random seed of 42 for all of the data splits and weight
initializations. Each individual fold also isolated 20% of the
data for validation and 80% for training. The specific hyper-
parameter configurations are outlined below in Table 3.

We utilized the AdamW optimizer24 along with weighted
cross-entropy loss for all the models to maintain fair and con-
sistent optimization for each architecture. This loss function
includes sample-inverse class weighting coefficients that are
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Table 2 Total image distribution across all 13 crop disease classes
after removing corrupted images.

Crop Disease Crop Category Number of
Images

Cashew Anthracnose Cashew 1729
Cashew Gummosis Cashew 392
Cashew Red Rust Cashew 1682
Cashew Healthy Cashew 1368
Cassava Bacterial
Blight

Cassava 2614

Cassava Mosaic Cassava 1205
Cassava Healthy Cassava 1193
Maize Leaf Blight Maize 990
Maize Streak Virus Maize 965
Maize Healthy Maize 204
Tomato Septoria
Leaf Spot

Tomato 2743

Tomato Verticillium
Wilt

Tomato 772

Tomato Healthy Tomato 466

calculated from the training splits. This penalizes the mod-
els for misclassifications in the minority classes more heavily
due to the dataset’s strong class imbalance. As demonstrated
by Huang et al.25, using class-adaptive weighting schedules
in the loss function helps stabilize the model on imbalanced
data which mitigates it from consistently favoring the majority
classes. While the optimizer, cross-validation boundaries, and
loss frameworks were consistent for all of the models, we ad-
justed the other hyperparameters such as learning rate, number
of epochs, image resolution and model depth for each archi-
tecture individually. We tuned these parameters based on their
validation performance and to account for how these models
are all very structurally different. To prevent overfitting and
any unnecessary processing time during the training process,
we also included an early stopping mechanism with a patience
of 8 epochs across all of the models. If the validation loss
did not show any improvement for eight consecutive epochs,
the training was ended early. The model weights were also
changed back to their best-performing state. For example, the
CNN and ViT typically require lower learning rates and more
training epochs than the regression model due to the increased
parameters and higher complexity in deeper layers. Keeping
the same, identical hyperparameters for all of these different
architectures would also likely hurt certain models with dif-
fering learning patterns and structural designs. Therefore, we
kept the experimental control consistent for data splits, opti-
mizer choice, loss function and evaluation metrics to maintain
fair and effective training.

Figure. 1 Sample images from dataset include: Cashew Gummo-
sis (top-left), Tomato Septoria Leaf Spot (top-right), Cassava Mosaic
Virus (bottom-left), Maize Leaf Blight (bottom-right).

Logistic Regression

We first implemented a multi-class logistic regression model
to establish a performance floor for this crop disease classifi-
cation task. We chose an input resolution of 64 × 64 × 3 to
account for the risk of overfitting with flat, high-dimensional
spaces. These inputs are flattened into a feature vector x of
12,288 dimensions. This vector is then given directly into a
single fully connected linear layer that computes the raw class
logits based on this equation:

Logits = xW +b

where W represents the learnable parameter weights matrix,
and b represents the class bias vector. These logits are then
passed into the cross-entropy loss function. This computes the
softmax probability distribution to update the weights using
AdamW .

Neural Network

After the regression model, we implemented a deep neural
network to evaluate a model with multiple layers that can un-
derstand non-linear relationships. For the neural network, we
kept the image resolution at 64 × 64 × 3 pixels in order to
stay consistent with the logistic regression model and reduce
the risk of overfitting. These inputs are flattened into a feature
vector x of 12,288 values. The data is then passed through
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Table 3 Values for image sizes, epochs, learning rate and batch size for all 4 architectures.

Model Image Size Epochs Learning Rate Batch Size
Logistic Regression 64 × 64 30 0.001 32
Neural Network 64 × 64 60 0.001 32
CNN 128 × 128 60 0.0001 32
Vision Transformer 128 × 128 60 0.0001 32

five hidden layers to gradually shrink the feature dimensions
(1024 → 768 → 512 → 256 → 128). To prevent the model
from overfitting and just memorizing the training images, we
added batch normalization to stabilize training and dropout
layers to limit the neurons from being too dependent on each
other. The architectural progression and feature transforma-
tions are shown by the following sequence:

H1 = Dropout0.4 (ReLU(BatchNorm(xW1 +b1)))

H2 = Dropout0.4 (ReLU(BatchNorm(H1W2 +b2)))

H3 = Dropout0.3 (ReLU(BatchNorm(H2W3 +b3)))

H4 = Dropout0.3 (ReLU(BatchNorm(H3W4 +b4)))

H5 = Dropout0.2 (ReLU(BatchNorm(H4W5 +b5)))

Z = H5W6 +b6

W1 through W6 are the learnable weight matrices that con-
nect the different layers while b1 through b6 represent the bias
vectors. The size of the weight matrices also matches the
shrinking structure of the network. A Rectified Linear Unit
(ReLU) activation function is also used after each linear layer
to help the model learn non-linear patterns. The final output
layer turns the 128-dimensional embedding from H5 into raw
class logits across the 13 classes. These scores are then passed
into the cross-entropy loss function to evaluate the probability
distribution.

Convolutional Neural Network

The next model we developed was a Convolutional Neural
Network, which uses local convolutional filters to recognize
features like edges, lesions, and color changes. The model
processes the input images at a resolution of 128 × 128 ×
3 through 5 convolutional blocks, and then a dense, multi-
layer classification head. Each convolutional block includes
a 2D convolutional layer with a 3 × 3 kernel (and a stride
and padding of 1), a 2D batch normalization layer to stabi-
lize data distributions, a ReLU activation function to introduce
non-linearity, and a 2 × 2 max pooling layer with a stride of 2.
The layers, feature map dimensions, and parameter counts for
the architecture are shown in Table 4.

After the final max pooling layer in Block 5, the 512 × 4
× 4 feature map is flattened into an 8,192-dimensional vec-

tor. This vector is then turned into a 256-dimensional hid-
den layer, which is reduced down to a 128-dimensional hidden
layer. Each hidden layer is also followed by a ReLU activation
and a dropout layer of p = 0.5 to prevent overfitting. The final
layer turns the 128-dimensional embedding to the 13 raw class
logits. These are then optimized by cross-entropy loss and the
AdamW optimizer.

For our CNN, we made multiple critical architectural de-
sign choices to optimize this network for crop disease classi-
fication. We chose smaller 3 × 3 filters instead of larger ker-
nels, like 5 × 5 or 7 × 7 because they reduce the total parame-
ter count while also keeping the same visual field. We also
set the padding parameter to 1 to prevent the feature maps
from shrinking. Our network depth of five blocks also lets
the architecture learn increasingly complex features through
the deeper layers. This means that the early layers learn more
simple ideas like edges and textures, while the deeper layers
turn these concepts into more high-level ideas like leaf shapes,
spot patterns, and lesions. Finally, the 2 × 2 max pooling al-
lows the network to understand features no matter where their
pixel coordinates are on the leaf. The pooling layer also limits
the computational footprint by balancing the increased depth.

Vision Transformer

We then implemented a Vision Transformer to compare
global, self-attention-based architectures to localized convolu-
tional neural networks. We gave the ViT the same image reso-
lution as the CNN of 128 × 128 × 3. ViTs process these image
inputs by dividing them into non-overlapping patches. Stan-
dard larger-scale ViTs traditionally use 16 × 16 patches on 224
× 224 inputs. However, we structured our model using a patch
size of 8 × 8 on the 128 × 128 resolution which creates 256
distinct patches. Following Dosovitskiy et al.8, reducing the
patch dimensions for more compact input resolutions allows
the model to capture finer details in the image. Each individual
patch is flattened and mapped by a linear projection layer into
the 256-dimensional embedding space. Because transformers
lack the inherent inductive bias that is needed to understand
the spatial relationships between pixels, a trainable positional
embedding of shape (1, 257, 256) is added to the projected
tokens. This includes the 256 patch tokens plus the additional
classification (CLS) token that summarizes the overall context
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Table 4 Breakdown of the 5-Block CNN Model

Stage / Layer Component Type Kernel Size / Configu-
ration

Output Shape
(Batch, C, H, W)

Activation / Regularization

Input Raw Image Tensor — (Batch, 3, 128, 128) —
Block 1 2D Convolution 3 × 3, Stride 1, Padding

1
(Batch, 32, 128, 128) Batch Normalization, ReLU

Max Pooling 2 × 2, Stride 2 (Batch, 32, 64, 64) —
Block 2 2D Convolution 3 × 3, Stride 1, Padding

1
(Batch, 64, 64, 64) Batch Normalization, ReLU

Max Pooling 2 × 2, Stride 2 (Batch, 64, 32, 32) —
Block 3 2D Convolution 3 × 3, Stride 1, Padding

1
(Batch, 128, 32, 32) Batch Normalization, ReLU

Max Pooling 2 × 2, Stride 2 (Batch, 128, 16, 16) —
Block 4 2D Convolution 3 × 3, Stride 1, Padding

1
(Batch, 256, 16, 16) Batch Normalization, ReLU

Max Pooling 2 × 2, Stride 2 (Batch, 256, 8, 8) —
Block 5 2D Convolution 3 × 3, Stride 1, Padding

1
(Batch, 512, 8, 8) Batch Normalization, ReLU

Max Pooling 2 × 2, Stride 2 (Batch, 512, 4, 4) —
Flatten Tensor Reshaping Flatten (dim = 1) (Batch, 8192) —
Dense 1 Fully Connected 8192 → 256 (Batch, 256) ReLU, Dropout (p=0.5)
Dense 2 Fully Connected 256 → 128 (Batch, 128) ReLU, Dropout (p=0.5)
Output Head Fully Connected 128 → 13 (Batch, 13) Softmax (via Loss Function)

of the image.
This token sequence is then processed through an encoder

that has a depth of six layers and four attention heads. Each
encoder layer contains Multi-Head Self-Attention to compute
the global relationships between the patches. Each layer
is also paired with a Multi-layer Perceptron (MLP) block
that contains GELU activations, pre-layer normalization, and
dropout to help stabilize training. Standard ViT architec-
tures typically use much larger dimensions, such as the 768-
dimensional embedding used in the original ViT model8.
However, vision transformers do not have the inductive bi-
ases of convolutional models which causes them to have lower
accuracies when trained on limited datasets26. It has also
been demonstrated that larger transformer networks inherently
struggle under limited data conditions27. Due to these limi-
tations with our restricted dataset, we purposefully downsized
the model to a hidden dimension of 256 along with lower layer
and head counts. These changes follow the design principles
outlined in recent data-efficient transformer literature.

The final classification head takes the transformed CLS to-
ken and converts it into logits across the 13 classes. This is
also optimized with cross-entropy loss and the AdamW opti-
mizer.

A major architectural challenge highlighted by the founda-
tional ViT literature is that ViTs lack the translational invari-

ance and spatial locality of CNNs8. Due to this, ViTs usually
require pre-training on massive datasets, such as ImageNet-
21k28, in order to achieve competitive performances with
CNNs. In our study, the ViT model was trained completely
from scratch with a dataset of around 16,000 images. Train-
ing our model from scratch on a constrained dataset like this
can limit its ability to fully converge to top performances. This
means that this specific architecture is not intended to compete

Figure. 2 Model of the ViT Architecture.
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with the top modern standards, but rather serves an important
purpose in our experiment. It acts as a controlled benchmark
in studying how self-attention mechanisms perform under lim-
ited data circumstances when compared to CNNs and other
traditional models under the same training conditions.

Results

The metrics across our 5-fold stratified cross-validation
demonstrate that a model’s classification accuracy depends
heavily on its architectural strengths rather than simply pa-
rameter size. Table 5 summarizes macro and weighted metrics
along with the total parameters and inference speeds for each
of our models.

The logistic regression model set the performance floor as it
finished with a low weighted F1-score of 30.88% and a macro
F1-score of 30.31% (Table 5). The deep Neural Network
showed solid improvement, achieving 61.39% weighted F1-
score and 59.62% macro F1-score (Table 5). This gap in per-
formance shows that adding deep hidden layers and ReLU ac-
tivations allows the model to learn non-linear patterns. How-
ever, flattening these pixels into a single vector limits the
model’s ability to understand the spatial context that is needed
to classify crop diseases.

Our more complex models in the CNN and ViT performed
significantly better than the simpler logistic regression and
neural network models. These two models also achieved very
similar results. Our CNN had the highest overall performance
with a weighted F1-score of 89.68% and a macro F1-score

of 89.40% (Table 5). The ViT also performed competitively,
yet slightly behind the CNN with an 88.92% weighted F1-
score and an 88.26% macro F1-score (Table 5). A paired t-
test on the macro F1-scores across the cross-validation folds
also confirmed that the small 1.14% performance gap between
the CNN and ViT is statistically significant (p < 0.05) even
though they had very similar performances.

Our comparison between the macro-averaged metrics and
the weighted averages shows how severely the class imbal-
ances in the dataset impacted model training. Looking at
the confusion matrices (Figure 3), our Logistic Regression
and Neural Network models developed strong biases toward
the heavily represented majority classes. Specifically, 1,349
true Tomato Septoria Leaf Spot instances were misclassified
as Tomato Verticillium Wilt. There were also 551 true Cas-
sava Mosaic samples that were incorrectly classified as Maize
Healthy. The Neural Network lessened these distribution er-
rors but still demonstrated issues when dealing with similar
leaves. For example, it incorrectly predicted 729 true Tomato
Septoria Leaf Spot samples as Tomato Verticillium Wilt.

The CNN and ViT architectures reduced this imbalance
better because of their specialization for image classification.
However, they still struggled with differentiating visual simi-
larities between certain leaves. For the CNN, Tomato Verticil-
lium Wilt was very problematic as 160 out of 772 true Tomato
Verticillium Wilt samples were misclassified as Tomato Septo-
ria Leaf Spot (Figure 4). This pattern suggests that local con-
volutional filters struggle to tell the difference between smaller
leaf spots and broader wilting. Our ViT architecture (Figure

Figure. 3 Confusion Matrices for Logistic Regression (Left) and Neural Network (Right)

8 | © The National High School Journal of Science 2026



Table 5 Cross-validation performance metrics and structural efficiency breakdown for all four architectures. Performance values represent the
mean metrics aggregated across all 5 stratified folds.

Model Architec-
ture

Macro F1-
Score (%)

Weighted F1-
Score (%)

Macro Preci-
sion (%)

Macro Recall
(%)

Total Pa-
rameters

Avg. CPU In-
ference Speed
(ms/img)

Logistic Regression 30.31% 30.88% 35.97% 42.40% 159,757 0.04
Neural Network 59.62% 61.39% 58.20% 64.06% 13,936,141 10.23
Convolutional Neu-
ral Network

89.40% 89.68% 88.32% 91.26% 3,702,541 47.29

Vision Transformer 88.26% 88.92% 89.26% 88.79% 3,219,853 89.19

4) on the other hand showed an opposite error pattern. Us-
ing global self-attention, the ViT was able to achieve higher
distinctions for the wilt class as it only misclassified 133 sam-
ples as Septoria Leaf Spot. This represents a 16.88% reduc-
tion in this specific error compared to the CNN. However, the
ViT also showed a reduced performance in macro-precision
for Septoria Leaf Spot as it had 348 total false positive predic-
tions within that category. This shows how ViTs are effective
in understanding larger leaf changes but struggle with more
precise details, especially when trained from scratch on mid-
sized datasets.

We also tracked the training and validation trajectories for
loss and accuracy across all epochs (Figures 5 and 6) to eval-
uate the optimization and stability of each model.

Our Logistic Regression model reached an early flatline as
the training loss and accuracy graphs completely stalled within
5 epochs. The unstable validation folds and how the model
struggled to stabilize suggests that it was grossly underfitting.
This reflects how these simple models lack the ability to han-
dle a 13-class crop disease distribution. The Neural Network
model maintained steady convergence between its training and
validation paths. However, it faced a clear limit around epoch
15. This suggests that its dense layers can decrease overfit-
ting, but struggle with accuracy because they do not have any
spatial context for classifying images.

The optimization trends for the CNN and ViT clearly dis-
play their structural differences. The CNN converged very
smoothly for all 5 independent folds and its validation curves
closely matched the training curves as it reached steady op-
timization by epoch 60. This underscores how reliable con-
volutional layers are in stabilizing training. In contrast, the
ViT displayed a clear learning lag during the first 15 epochs
as shown by its slow decay in validation loss. The ViT valida-
tion paths also oscillate throughout the run, exposing the opti-
mization instability of self-attention mechanisms when learn-
ing spatial relationships from scratch on limited data. This
also directly explains why the ViT’s final macro performance
is slightly below the localized CNN.

We measured parameter counts and inference speeds for

each architecture (Table 5) to gauge their practicality for
low-cost devices in developing regions. While the Logis-
tic Regression model has the smallest computational foot-
print at 159,757 parameters, its poor performance makes it
functionally unusable. The Neural Network required a large
13,936,141 parameters because every input pixel maps to a
dense linear connection. Due to this, the model requires a
very large memory footprint while also giving poor classifi-
cation results. These models also exhibited low average CPU
inference speeds of 0.04 ms and 10.23 ms for the Logistic Re-
gression and Neural Network models respectively. However,
their low classification performances make these fast process-
ing speeds impractical for actual field deployment.

The parameter counts and inference speeds for our CNN
and the Vision Transformer models show their distinct trade-
offs for deployment. The CNN achieved the highest accuracy
while also having an efficient parameter count of 3,702,541
and an inference latency of 47.29 ms per image. This sug-
gests that our CNN is highly suitable for low-cost mobile
use. In comparison, our custom Vision Transformer was very
comparable in size as it required a slightly lower footprint of
3,219,853 parameters. However, despite having fewer param-
eters, the dense matrix operations needed for multi-head self-
attention led to a significant decrease in inference speeds for
the ViT at 89.19 ms per image. This image processing delay
along with its volatile optimization highlights that while trans-
formers can match CNN’s accuracy on mid-sized datasets,
CNNs still seem to remain the optimal choice for classifica-
tion on fast, resource-limited devices.

Discussion

The 1.14% performance difference between our CNN at
89.68% weighted F1 and our ViT at 88.92% weighted F1 il-
lustrates how architectural design impacts the performance of
these models when trained on mid-sized datasets. The CNN’s
higher overall metrics highlight the advantage they have due
to their built-in spatial biases. Their sliding kernels allow the
CNN to better understand leaf structures and more local, de-
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Figure. 4 Confusion Matrices for CNN (Left) and ViT (Right).

tailed textures. Their design also allows them to be very ef-
fective without needing extremely large datasets to learn basic
shapes. In contrast, the ViT has no built-in understanding of
spatial recognition in images. Because ViTs think of images as
split up patches, they need to learn spatial relationships purely
from scratch. Our ViT getting a weighted F1-score of 88.92
also proves that our hyperparameter optimization of shrinking
the embedding dimension to 256 and using 4 attention heads
successfully curbed any massive overfitting. However, the ViT
validation loss curve’s wild oscillations confirm its sensitiv-
ity during optimization. Additionally, without large-scale pre-
training, a from scratch-trained ViT struggles to fully stabilize
on a limited dataset which explains its slight difference in per-
formance compared to the CNN.

Looking at the confusion matrices for our CNN and ViT
highlights the clear trade-offs between their attributes and
structures. Our CNN’s main weakness was confusing Tomato
Verticillium Wilt for Tomato Septoria Leaf Spot. This mistake
commonly occurred because of its localized filters that usu-
ally prioritize local pixel textures and fine edge differences.
This means that the CNN’s limited field of view struggled to
capture the larger structural variations of the leaf wilting or
drooping caused by Verticillium Wilt. On the other hand, our
ViT reduced this specific error by 16.88% and showed a clear
advantage in understanding more global changes in the leaves.
By calculating global self-attention across all non-overlapping
patches at the same time, the ViT is able to understand the
overall shape of the leaf. However, this focus on the entire im-
age also led the ViT to lose some of its precision on Septoria

Leaf Spot by incorrectly categorizing 348 wilt samples within
that category. This indicates that it lacks the CNN’s finer pre-
cision for repeated, localized textures. This finding shows that
the two models have clear complementary strengths which
suggests that future agricultural frameworks could benefit sig-
nificantly from hybrid CNN-ViT architectures that can utilize
both localized and global features together.

Another important factor in evaluating these findings is the
ecological validity of our dataset. The 16,323-image dataset
we used in this study blends isolated leaves on clean back-
grounds under stable lighting and true in-field agricultural im-
ages. This combination helps our models learn more basic
disease characteristics while also training them on real-world
variables like varying lighting, shadows, and chaotic back-
grounds. However, because a major portion of the dataset uses
clear, isolated leaves, the accuracy metrics in Table 5 likely
represent an upper bound in performance. In actual real-world
use, background noise might confuse local convolutional fil-
ters, while global self-attention mechanisms can get distracted
by different scenery. While including in-field data helps sup-
port the real-world relevance of our findings, it is still a very
important next step to validate these architectures on a 100%
untouched, field dataset before these systems can be reliably
used.

The computational efficiency of our models is just as im-
portant as their performance metrics for true in-field practical-
ity. The CNN stands out as the most viable architecture for
low-cost mobile devices in developing regions. It achieved
the highest accuracies while also only requiring 3.7 million
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Figure. 5 Training and Validation Accuracy Graphs. Logistic Regression (Top-Left), Neural Network (Top-Right), CNN (Bottom-Left) and
ViT (Bottom-Right).

parameters, saving storage space and allowing for fast, real-
time inference speeds. Our Vision Transformer on the other
hand presents a more complex trade-off. Through our down-
scaling, the ViT had a final parameter footprint of 3,219,853
parameters, which is less than the CNN’s footprint. This dis-
proves the assumption that transformers are too large for mo-
bile storage. However, parameter counts do not directly cor-
relate to the classification speed. The many matrix operations
that are required for multi-head self-attention for every image
patch causes a large computational requirement which slows
its inference speeds. Overall, the CNN offers more consistent
and immediate results, while the ViT’s increased processing
time may limit its real-time usability. Therefore, while down-
scaled transformers can be very capable in terms of classifica-
tion accuracy, CNNs are still the more optimal and dependable

choice for resource-limited use.

Conclusion

Our study benchmarks the performance and computational re-
quirements between classical, convolutional, and transformer-
based crop disease architectures. Our results counter the
common assumption that greater structural complexity auto-
matically results in higher accuracies in data-restricted en-
vironments. Instead, our study shows that localized spa-
tial inductive biases have a significant advantage over global
self-attention mechanisms when training architectures from
scratch on a medium-scale dataset. The CNN model achieved
the highest overall classification accuracy with a macro-recall
of 91.26% and a weighted F1-score of 89.68%. It also only
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Figure. 6 Training and Validation Loss Graphs. Logistic Regression (Top-Left), Neural Network (Top-Right), CNN (Bottom-Left) and ViT
(Bottom-Right).

needed an efficient footprint of 3,702,541 parameters. Our
downscaled Vision Transformer on the other hand was capa-
ble of understanding broad structural changes, but its volatile
validation loss oscillations highlight its optimization sensitiv-
ity caused by a lack of massive training data. The Logistic
Regression and Neural Network architectures also clearly con-
firmed that the models lacking inherent spatial context strug-
gle to handle image-based disease classification. Overall, the
CNN was the strongest practical choice for real-world use
among the models we evaluated for resource-constrained re-
gions.

To build on these findings, future research should focus on
two main steps to improve the ecological and practical util-
ity of our image classification tools. First, the models in this
study should be validated on untouched images from fields.

This is necessary in order to test their performance in varying
environments such as chaotic backgrounds, shifting light, and
harsh shadows. Second, future research should utilize trans-
fer learning with architectures pre-trained on massive image
datasets. Specifically, architectures such as ResNet5029 can
give important architectural baselines that will help stabilize
optimization and reduce the performance ceiling that these
complex networks face. Additionally, using efficient trans-
former frameworks like DeiT-Small30 that introduce a spe-
cialized distillation token which allows the multi-head self-
attention mechanisms of ViTs to gain strong inductive biases
from a teacher network. These specific frameworks will help
stabilize training, handle class imbalances, and increase clas-
sification capabilities further than the limits of our scratch-
trained models.

12 | © The National High School Journal of Science 2026



Acknowledgements

I would like to thank my mentor, Erick Siavichay, for his guid-
ance and support throughout my research. His mentorship re-
ally deepened my knowledge of machine learning and further
inspired my desire to learn more in the field.

References
1 Food and Agriculture Organization (FAO). Climate change fans spread of

pests and threatens plants and crops, new FAO study. FAO Newsroom.
2021, https://www.fao.org/newsroom/detail/Climat
e-change-fans-spread-of-pests-and-threatens-pla
nts-and-crops-new-FAO-study/en.

2 S. A. Miller, F. D. Beed, C. L. Harmon. Plant disease diagnostic capabili-
ties and networks. Annual Review of Phytopathology. Vol. 47, pg. 15–38,
2009, https://doi.org/10.1146/annurev-phyto-08050
8-081743.

3 S. P. Mohanty, D. P. Hughes, M. Salathé. Using deep learning for image-
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