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Abstract Plant leaf diseases threaten crop yield and quality, while manual diagnosis requires considerable
time and expert knowledge. This paper proposes a lightweight plant leaf disease classification
framework combining Contrast Limited Adaptive Histogram Equalization (CLAHE), EfficientNet-B0O, and
the Convolutional Block Attention Module (CBAM). CLAHE enhances lesion contrast, EfficientNet-B0O
extracts hierarchical features, and CBAM emphasizes disease-relevant features. The proposed
framework was evaluated using 20,638 images from 15 PlantVillage classes through repeated
experiments with three random seeds (42, 52, and 62) and compared with MobileNetV2, ShuffleNetV2,
and SqueezeNetl.l. Experimental results showed that the proposed model achieved the highest
classification performance, with a mean accuracy of 99.860 * 0.019% and a macro-F1 score of 99.868
+ 0.036%. These findings suggest that the proposed framework has potential as a lightweight model for

plant leaf disease classification in resource-constrained computing environments.
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1. Introduction

Plant diseases threaten agricultural productivity,
while expert inspection is slow and difficult to
scale. Image-based diagnosis offers a practical
alternative, and the PlantVillage collection provided
more than 50,000 curated images of healthy and
diseased leaves and established a widely used
benchmark for plant disease recognition[1,2].

CNNs and transfer learning achieve strong
performance on controlled leaf images, but accuracy
may decrease under changes in illumination,
background, camera, or field conditions. In the
original PlantVillage study, performance dropped
substantially when models were evaluated on
images collected outside the controlled dataset,
highlighting the need for robustness[2,3]. Practical
deployment also requires lightweight models that
balance accuracy, model size, latency, and power
consumption. Large CNN and transformer models
improve representation but their memory, latency,
and power requirements hinder deployment on
smartphones, embedded computers, or edge devices.
Lightweight architectures such as EfficientNet-BO,
MobileNetV2, ShuffleNetV2,

reduce computation through compound scaling,

and SqueezeNet

depthwise separable convolution, channel
shuffling, or compact fire modules[5,8,9].

Input enhancement and attention can further
improve recognition. CLAHE enhances local lesion
contrast, while CBAM emphasizes informative
channels and spatial regions[4,6]. Biomedical Al
studies also support domain-aware preprocessing
[15], local-global and lesion-focused attention
[16], [17], and explainable data augmentation [18].
These principles motivate the proposed lightweight
combination of CLAHE, EfficientNet-BO, and

CBAM.

2. Related work

2.1 Deep Learning for Plant Disease Recognition

Early automated plant-disease systems relied
on manually designed color, texture, and shape
descriptors followed by conventional classifiers.
Deep CNNs replaced this multi-stage process
with end-to-end feature learning. Mohanty et al.
trained AlexNet and GoogLeNet on PlantVillage
and showed that deep representations could separate
many crop—disease combinations under controlled
acquisition conditions. Ferentinos subsequently
evaluated multiple deep architectures across a
broad disease dataset and further demonstrated
the effectiveness of CNN-based diagnosis. These
studies established deep learning as the
dominant approach, but they also exposed a
laboratory-like

generalization gap between

images and real agricultural scenes. [2,3]

2.2 Lightweight CNNs and Edge-Oriented
Models

Lightweight CNN research attempts to preserve
discriminative power while reducing parameters
and multiply—accumulate operations. EfficientNet
uses compound scaling to balance depth, width,
and input resolution, providing a strong accuracy
—efficiency trade-off. MobileNetV2 uses inverted
residual blocks and linear bottlenecks; ShuffleNetV2
emphasizes memory-access efficiency through
channel splitting and shuffling; and SqueezeNet
reduces parameters through fire modules composed
of squeeze and expand operations[5,12,13,14].

In agricultural applications, Guan et al. proposed
Dise-Efficient for mobile and embedded recognition,
while Khan et al. used MobileNetV3-small and
post-training quantization for edge deployment.
Chang and Lai applied RegNetY-400MF to potato
disease recognition, illustrating the growing
interest in compact backbones. These studies
show that lightweight models can achieve strong
controlled-dataset accuracy, but different papers
often use different crops, data splits, image
resolutions, and optimization settings, making

direct comparison difficult[8,9,10].
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2.3 Attention Mechanisms and Image
Enhancement

CBAM is a lightweight attention module that
sequentially emphasizes informative feature channels
and discriminative spatial regions. In plant
disease classification, EfficientNet-BO with CBAM
improved pear leaf symptom recognition with
limited computational overhead, while Grad-CAM
showed greater focus on diseased regionsl6,7,11].

CLAHE complements attention by enhancing
local contrast under uneven illumination. Because
excessive enhancement may create artificial
textures, this study applies CLAHE only to the
luminance channel and uses the same settings for

all compared backbones[4].

2.4 Transferable Strategies from Biomedical
Deep Learning

Although biomedical diagnosis and plant disease
recognition involve different domains, both require
identifying subtle and localized abnormalities.
Biomedical studies provide methodological insights
rather than direct performance baselines.
Previous research demonstrated the benefits of
domain-aware preprocessing in ECG analysis [15]
and lesion-focused attention in ocular disease
recognition [16, 17]. Similarly, CLAHE enhances
low-contrast lesion features in plant leaves, while
CBAM emphasizes disease-relevant channels and
spatial regions. Explainability and data augmentation
approaches from biomedical studies [18] also offer
directions for future research. Based on these principles,
this study integrates CLAHE, EfficientNet-B0, and
CBAM into a lightweight plant disease classification
framework and compares its accuracy and
computational efficiency with MobileNetV2,
ShuffleNetV2 x1.0,

identical experimental conditions.

and SqueezeNetl.l under

3. Dataset

3.1 Dataset Source and Composition

The Kaggle PlantVillage archive contains 20,638
readable RGB images from 15 healthy and diseased
classes of pepper, potato, and tomato leaves.
Class sizes range from 152 to 3,208 images,
indicating substantial imbalance. No unreadable
images were found[1,2]. Table 1 summarizes the

composition of the dataset used in this study.

(Table 1> Summary of the dataset used in this study

Images Classes Crops Min class | Max class | Unreadable

20,638 15 3 152 3,208 0

3.2 Disease Classes

The dataset includes 15 classes representing
healthy leaves and bacterial, fungal, viral, and
and

pest-related diseases of pepper, potato,

tomato, as listed in Table 2.

(Table 2) Fifteen PlantVillage leaf disease and
healthy classes used in this study

Pepper bell-Bacterial
spot

Pepper bell-Healthy

Potato-Early blight

Potato-Late blight

Potato—-Healthy

Tomato—Bacterial spot

Tomato-Early blight

Tomato-Late blight

Tomato-Leaf mold

Tomato-Septoria leaf
spot

Tomato-Spider mites

Tomato-Target spot

Tomato-Yellow leaf

curl virus

Tomato-Mosaic virus

Tomato—Healthy

3.3 Representative Leaf Images

Figure 1 presents separate representative leaf

appearances

used to

explain

the

visual

differences learned by the classifier.

Tomato Late Bilgnt

[Fig. 1] Separate representative examples of healthy
tissue and common disease-symptom
appearances
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Healthy leaves contain relatively uniform green
texture, while diseased leaves may show yellow
spots, dark lesions, necrotic regions, or broad
discoloration. These examples are included for
visual explanation; the training procedure uses

all images in the corresponding class directories.

3.4 Data Splitting and Preparation

Images were resized to 224 x 224 pixels and
stratified into training, validation, and test sets at
a 70/15/15 ratio. Since the PlantVillage dataset
lacks verified plant or leaf identifiers, image-level
stratification was adopted to preserve class
distributions and ensure consistent model
comparisons. To improve evaluation reliability,
experiments were repeated using three random

seeds (42, 52, and 62)

preprocessing and training conditions. Results

under identical

are reported as mean = standard deviation

across the three runs. However, image-level
splitting may introduce bias due to visually
similar images from the same plant appearing in
different potentially

subsets, overestimating

performance. Future work will address this
limitation through plant/leaf-level partitioning

and independent field-image evaluation.

4. Proposed Methodology

4.1 Framework Overview

The proposed framework consists of five
stages. input preparation, CLAHE enhancement,
EfficientNet-BO CBAM
refinement, and Softmax classification.

The proposed EfficientNet-BO model is
compared with MobileNetV2, ShuffleNetV2 x1.0,
and SqueezeNetl.1. To isolate the effect of the

feature  extraction,

backbone, each comparison model receives the
same CLAHE-enhanced images and the same
CBAM module. Figure 2 summarizes the complete

experimental workflow.

EfficientNet-B0 + CBAM

CBAM (Attention Module)

o Input Dataset
e

t
fimages

o Preprocessing

15

Fully Connected Output Probabilities.

(Softmax)
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[Fig. 2] Proposed CLAHE-Efficient-BO-CBAM methodology
and controlled lightweight-backbone comparison

4.2 CLAHE-Based Contrast Enhancement

Each RGB image is first converted to the
CIELAB color space. CLAHE is applied only to the
L (luminance) channel using a clip limit of 2.0
and an 8 x 8 tile grid. The enhanced luminance
channel is then recombined with the original a
and b chromatic channels and converted back to
RGB. Applying CLAHE to luminance instead of

independently processing red, green, and blue

channels reduces color distortion while
improving the visibility of weak lesions[4].
L—1 Lz,y) _ )
Tepani(x,y) = N Z h(7) (1)
b im0

In (1), L is the number of intensity levels, N is

the number of pixels in a local tile, and ]Z(l) is
the clipped and redistributed tiles is used to
reduce boundary artifacts. After enhancement,
the image is resized and normalized before

entering the CNN.

4.3 Efficient-BO Feature Extractor

EfficientNet-BO is selected as the proposed
backbone because it provides a strong balance
between representation quality and computational
cost. Its mobile inverted bottleneck convolution
(MBConv) blocks use

convolution, squeeze-and-excitation, and projection

expansion, depthwise

operations. The network’s original classification
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layer is removed, and the final convolutional feature
map is passed to CBAM. ImageNet-pretrained
weights provide a stable initialization, while all
layers are fine-tuned on the leaf dataset[5].

Let Fe RO ™ denote final backbone feature
map, where C, H and W are the channel,
height, and width dimensions. EfficientNet-BO
encodes local lesion boundaries in shallow layers
and increasingly abstract disease patterns in
deeper layers. Because these features still contain
background and non-discriminative responses,

attention is applied before global pooling.

4.4 CBAM Attention Refinement

CBAM sequentially applies channel attention
and spatial attention. Channel attention aggregates

each feature map using global average pooling

and global max pooling, then passes both
descriptors  through a shared multi-layer
perceptron. Spatial attention aggregates the

channel-refined feature map along the channel
dimension and applies a 7X7 convolution to
estimate a location-sensitive attention mapl6].

F=M(F)OF F.=M(F)OF, 2

¢

In (2), M, and M, denote the channel and spatial

attention maps, respectively, and odot operation

represents element-wise multiplication with
broadcasting. The first operation emphasizes useful
feature types, such as color variation or lesion
texture; the second emphasizes their most
informative image regions. The resulting feature

map F, is forwarded to global average pooling.

4.5 Classification Layer and Objective

The refined feature map is compressed by
global average pooling, followed by dropout and
a fully connected layer with C outputs, where
C=15 for the present dataset, The logits are

converted to class probabilities using Softmax:

exp(z,)

S exp() 3)

7=1

Dy

In (3), z, is the logit for class & and p, is its
predicted probability. Training minimizes weighted
cross-entropy with label smoothing. Class weights
are calculated from the training distribution so
that small classes contribute more strongly to the
loss. The checkpoint with the hightes validation

macro-F1 is retained for final testing.

4.6 Lightweight Comparison Models

Three lightweight CNNs are used as controlled
comparison backbones. MobileNetV2 relies on
inverted residuals and linear bottlenecks; ShuffleNetV2
x1.0 uses channel splitting and shuffling to reduce
practical computation; and SqueezeNetl.1 uses
compact fire modules. The same preprocessing,
CBAM block, classifier, augmentation, optimizer,
learning rate, batch size, early stopping rule,
split, and random seed are used for all models.
Consequently,  differences in  performance
primarily reflect backbone behavior rather than

inconsistent experimental settings[12,13,14].

(Table 3) Backbones included in the controlled

comparison
Backbone Core design Pipeline Study role
- _ Compound scaling| CLAHE +

EfficientNet-BO and MBConv CBAM Proposed model

Inverted residual
MobileNetV2 and linear CLAHE + Comparison 1
CBAM
bottleneck
Channel split and CLAHE + )
IShuffleNetV2 x1.0 channel shuffle CBAM Comparison 2

Squeeze—expand CLAHE + )

SqueezeNet1.1 fire modules CBAM Comparison 3

4.7 Training and Evaluation Protocol
Model are trained with AdamW using an initial
learning rate of 3x10 % weight decay of

1x10"*, a batch size of 32, and maximum of 30
epochs. Early stopping is applied with a patience
of eight epochs, and the checkpoint with the
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highest validation macro-F1 is retained. Mixed-
precision computation is enabled when CUDA is
available. All results reported in this paper use
the shared seed-42 split. The primary predictive
metrics are accuracy, balanced accuracy, macro-
precision, macro-recall, macro-F1, weighted-F1,
and test loss. Macro-F1 is used for checkpoint
selection because the dataset is imbalanced.
Efficiency is assessed using trainable parameters,
multiply-accumulate operations (MACs), approximate
floating-point operations (FLOPs), checkpoint
size, and batch-one inference latency. Latency
values are hardware dependent and are therefore
with model complexity

interpreted together

rather than as an architecture-only property.

5. Experimental Results

5.1 Predictive Performance
Table 4

performance across three independent runs using

Seeds 42, 52, and 62.

summarizes the mean predictive

(Table 4> Single-seed predictive performance on
the 15-class test set (seed 42)

Backbone Accuracy (%) Macro-F1 (%)
EfficientNet-BO 99.860 + 0.019 99.868 + 0.036
MobileNetV2 99.742 + 0.056 99.748 + 0.045

ShuffleNetV2 x1.0
SqueezeNet1.1

99.742 + 0.065
99.031 £ 0.065

99.707 + 0.109
99.002 + 0.076

Among the evaluated models, EfficientNet-BO
achieved the best overall performance, with an
average accuracy of 99.860 = 0.019% and a
macro-F1 score of 99.868 + 0.036% indicating
stable  results different random seeds.
MobileNetV2 and ShuffleNetV2 delivered similarly

high accuracy, whereas SqueezeNetl.1 showed

across

comparatively lower predictive performance.
Figure 3 visualizes the small but consistent
differences in accuracy, balanced accuracy, and

macro-F1 across the four backbones.

Score (%)

[Fig. 3] Comparison of accuracy, balanced accuracy,
and macro-F1 for the four lightweight
backbones. The y-axis begins at 98.5% to
make the small score differences visible

5.2 Computational Efficiency

The accuracy advantage of EfficientNet-BO is

accompanied by the largest computational
footprint: 4.23 million parameters, 828.60 million
approximate FLOPs, 6.62 ms batch-one latency,

and a 16.43 MB checkpoint.

(Table 5) Model complexity and batch-one
inference efficiency

Backbone Parameters| MACs FLOPS | Latency Size
(M) (M) (M) (ms) (MB)

EfficientNet-BO| 4.23 | 41430 | 82860 | 6.62 | 16.43
MobileNetv2 | 245 | 32670 | 65341 | 446 | 9.58
Sh“fi'f'getvz 140 | 15202 | 30404 | 630 | 551
SqueezeNet1.1| 076 | 26280 | 52560 | 196 | 2.93

MobileNetV2 provides the strongest speed-
accuracy compromise, reaching 99.71% accuracy
with 4.46 ms latency. ShuffleNetV2 has the
lowest operation count at 304.04 million FLOPs
and only 1.40 million parameters, although its
measured latency remains 6.30 ms, illustrating
that FLOPs

execution time. SqueezeNetl.1 is the smallest

do not fully predict practical

and fastest model at 0.76 million parameters,
2.93 MB, and 1.96 ms, but it yields the lowest

predictive performance.

6. Discussion

EfficientNet-BO achieved
performance, although the margin over MobileNetV2
and ShuffleNetV2 was Thus,

the best overall

small. model
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selection should consider deployment needs:
EfficientNet-BO for accuracy, MobileNetV2 for
balanced speed and accuracy, ShuffleNetV2 for
lower computation, and SqueezeNetl.1 for minimal
storage and latency. The three-seed evaluation
improved result reliability, while limitations
remain due to the controlled PlantVillage setting,
image-level partitioning, and unavailable leaf
Future work should include
and field-based validation. The

biomedical connection is methodological: CLAHE

identifiers.

leaf-disjoint

enhances subtle lesion patterns, while CBAM

emphasizes informative spatial and channel
features [15-17]. Explainability and augmentation

also remain important future directions [18].

7. Conclusion

Across three independent cases, the proposed
method, CLAHE-EfficientNet-BO-CBAM framework
achieved 99.860 + 0.019% accuracy and 99.868
+ 0.036% macro-F1, consistently outperforming
the lightweight comparison models. The results
indicate that the proposed framework offers an
effective balance between predictive performance
and computational efficiency for resource-
constrained plant disease diagnosis, while future
work will further evaluate its generalization on

leaf-disjoint and field-acquired datasets.
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