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Abstract

Tomato, as a globally vital economic crop, relies heavily on accurate disease recognition
to safeguard food security. However, tomato leaf disease identification constitutes a clas-
sic fine-grained visual classification task characterized by minimal inter-class variance,
spatially sparse lesion features, and complex background interference. These challenges
hinder conventional deep learning models from precisely localizing critical discriminative
regions. In response to the aforementioned challenges, we introduce EA-HFA, an innova-
tive framework based on deep neural networks that synergistically integrates an Entropy
Attention mechanism alongside a Hierarchical Feature Alignment component. Specifi-
cally, the Entropy Attention module leverages information-theoretic entropy to quantify
pixel-wise predictive uncertainty, adaptively selecting high-confidence pixels to automati-
cally focus the network on sparse yet highly discriminative lesion features. Concurrently,
the Hierarchical Feature Alignment module imposes KL-divergence constraints on the
temperature-scaled probability distributions across adjacent network layers, enforcing
cross-scale consistency in the localization of discriminative regions. Evaluations conducted
on the PlantVillage and Al Challenger 2018 benchmarks reveal that EA-HFA achieves
Top-1 accuracies of 99.29% and 97.82%, respectively, yielding performance comparable to
established deep learning architectures while maintaining a reasonable computational foot-
print. Furthermore, qualitative analyses indicate that the model tends to attend to minute
lesion-relevant areas, providing a certain level of interpretability for its decision-making
process. Thus, EA-HFA holds practical potential as an alternative solution for automated
plant disease monitoring in precision farming.

Keywords: tomato leaf disease; entropy attention; hierarchical feature alignment; fine-grained
visual classification; deep neural networks; KL divergence; plant disease recognition;
interpretability; precision farming

1. Introduction

Ranking only behind the potato in terms of global production volume, the tomato
is indispensable to worldwide food security and economies. However, tomatoes face
significant threats from diverse pathological conditions which severely compromise both
yield and quality. Consequently, the accurate identification of disease symptoms is critical
for ensuring sustainable tomato production [1]. Traditional methods for crop disease
recognition rely heavily on expert empirical judgment, which is not only labor-intensive
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but also prone to subjectivity [2,3]. Benefiting from advancements in computer vision,
deep neural networks have gained significant traction within agricultural pathology. Deep
learning models possess the capability to automatically learn and extract discriminative
features directly from raw image pixels, a capacity that serves as the cornerstone for efficient
and accurate crop disease diagnosis [4].

As illustrated in Figure 1, different categories of plant leaf pathologies, such as Early
and Late Blight, exhibit high similarity in their macroscopic morphology, often manifesting
generically as wilting or spotting. The discriminative differences are confined to subtle
local features, such as the texture of lesion margins or spore distribution patterns [3].
Conversely, environmental variations, including changes in illumination and viewing
angles, can induce significant intra-class variability. This characteristic—large intra-class
variance coupled with small inter-class differences—defines plant leaf disease recognition
as a classic fine-grained classification task [5]. Existing studies [6,7] indicate that in leaf
disease imagery, the discriminative signals truly determining the classification occupy
only a small fraction of the image, while the majority of the region consists of common
background or non-discriminative textures. Under such fine-grained conditions, it is
imperative for models to precisely localize these local discriminative regions to achieve
robust performance.

Early Blight Bacterial Spot

Late Blight Target Spot

Figure 1. Example images of four tomato leaf diseases with high inter-class similarity and intra-
class variation.

Traditional deep learning models, including ResNet, have demonstrated remarkable
success in feature extraction. However, they typically rely on mechanisms such as global
pooling, which aggregates information across the entire image [8]. While effective for
general classification, this holistic approach may inadvertently incorporate background
noise and non-discriminative regions when discriminative features are spatially sparse.
Consequently, although these models can achieve high overall accuracy, their decision-
making processes often lack interpretability, as they might rely on broader contextual
cues rather than exclusively focusing on subtle lesion characteristics. As illustrated by
the Grad-CAM visualizations in Figure 2, existing models sometimes focus heavily on
low-level textural details or surrounding environments in shallow layers, while in deeper
layers, they may struggle to maintain consistent spatial alignment strictly with the target
disease symptoms, occasionally attending to irrelevant background areas.

https://doi.org/10.3390/agriculture16131413


https://doi.org/10.3390/agriculture16131413

Agriculture 2026, 16, 1413

30f24

Block 2

Origin

Figure 2. Grad-CAM visualizations of a ResNet50 model on tomato leaf disease images. Shallow-
layer features predominantly activate on background textures, while deep-layer features exhibit
spatial misalignment with precise lesion boundaries. The heatmap overlays the original image, where
warmer colors (red) indicate higher activation, and cooler colors (blue) indicate lower activation.

The human visual system selectively allocates attention to salient regions and is highly
sensitive to distinct features. Inspired by the brain’s ability to efficiently compress and
represent raw redundant information, researchers have established the theory of sparse
coding [9,10]. Building on this inspiration, attention mechanisms have emerged as a
fundamental component within modern neural networks [11]. Drawing inspiration from
this paradigm, we posit that to address the spatially sparse distribution of discriminative
signals in tomato disease imagery, models must be equipped with the intrinsic capability
to automatically localize and focus on these critical regions, effectively mimicking the
representational efficiency of the brain.

To tackle the challenges of spatial sparsity in discriminative features and the difficulty
existing models face in precisely localizing subtle lesions within the fine-grained classi-
fication of tomato leaf diseases, this paper proposes an Information-Theoretic Entropy
Attention Mechanism. Entropy quantifies the degree of disorder or unpredictability of a
random variable [12]. Our mechanism leverages information entropy to measure pixel-wise
predictive uncertainty. Theoretically, low entropy values signify high model confidence
in the classification of a specific region, which typically corresponds to key discriminative
features such as characteristic lesion morphologies. By employing the Straight-Through
Estimator (STE) to binarize and select the Top-K low-entropy points, the model effectively
concentrates its computational resources on these sparse, high-value regions. Furthermore,
to address the issues whereby shallow networks are prone to textural noise interference
and deep networks may drift away from lesion regions, we designed a Hierarchical Feature
Alignment module. This module imposes a Kullback-Leibler (KL) divergence constraint
on the temperature-scaled probability distributions of adjacent layers, encouraging the dis-
criminative regions identified at different scales to maintain consistency. This strategy aims
to mitigate erroneous selections induced by noise, helping to preserve feature localization
across the network hierarchy.

The main contributions of this study are summarized as follows:

1.  We propose an information entropy-based discriminative feature selection attention
module. Addressing the challenge of sparsely distributed disease features, this mod-
ule utilizes information entropy to quantify pixel-wise uncertainty and adaptively
focuses on low-entropy, highly discriminative lesion regions. It effectively suppresses
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the dilution of critical signals by complex background noise, solving the problem that
traditional models struggle to precisely localize subtle disease spots.

2. We construct a Hierarchical Feature Alignment self-distillation module. By introduc-
ing a KL divergence constraint on the probability distributions of adjacent layers, this
module mitigates the inconsistency between shallow and deep networks in terms of
semantics and spatial localization.

3. The proposed EA-HFA achieves Top-1 accuracies of 99.29% and 97.82% on the PlantVil-
lage and AI Challenger datasets, respectively, yielding performance comparable to
mainstream deep learning architectures while maintaining a reasonable computa-
tional footprint. Furthermore, qualitative analysis suggests that this method tends to
concentrate on subtle pathological features in disease images rather than attending to
irrelevant backgrounds, offering a practical and interpretable alternative for future
monitoring tools in smart agriculture.

2. Related Work

Early approaches to computer-based plant leaf disease recognition primarily relied
on multi-stage traditional methods, including techniques like K-means, Support Vector
Machines, and the Otsu method [13-15]. However, these methods suffered from suboptimal
performance due to their reliance on manually engineered descriptors and their inability
to extract sufficiently representative characteristics [5,16]. Following the introduction of
AlexNet [17], Deep Convolutional Neural Networks have been extensively applied to plant
disease recognition. Architectures such as VGG [18], ResNet [19], and DenseNet [20] can
automatically learn features directly from data, achieving significantly higher accuracy [21].

In the specific domain of tomato disease recognition, deep learning has rapidly become
the mainstream paradigm. Brahimi et al. [22] proposed a CNN-based classification method
for tomato diseases, achieving a classification accuracy of 99.185% on large-scale datasets
via transfer learning. Sardogan et al. [23] developed a fused framework integrating CNNs
with Learning Vector Quantization; by extracting color features and feeding them into an
LVQ classifier, they attained an average accuracy of 86% across five tomato leaf categories.
Furthermore, Rangarajan et al. [24] and Maeda-Gutiérrez et al. [25] conducted systematic
comparisons of various CNN architectures for tomato disease recognition. These studies
collectively validate the superior performance of CNN models, highlighting the superior
efficacy of DL-based approaches compared to conventional techniques.

In recent years, researchers have sought to further enhance model performance
through more powerful feature extraction and fusion mechanisms. Borhani et al. [21]
proposed a hybrid Vision Transformer and CNN-Transformer architecture for real-time
plant disease classification, demonstrating that attention mechanisms can substantially
improve accuracy. Sanida et al. [26] developed a hybrid CNN model fusing VGG and
Inception modules, achieving a test accuracy of 99.17% on the PlantVillage dataset. Attallah
et al. [27] proposed a method that fuses deep features from three distinct CNNs (ResNet-18,
ShuffleNet, and MobileNet) and employs a hybrid feature selection strategy, realizing
a remarkable 99.92% accuracy in tomato disease classification. Addressing the issue of
insufficient generalization to Out-of-Distribution samples, Li et al. [16] proposed MLFAnet.
This method utilizes the Discrete Cosine Transform to extract multi-low-frequency compo-
nents from feature maps and designs a corresponding attention mechanism to effectively
suppress high-frequency perturbations. Sun et al. [28] introduced Eff-Swin, a dual-stream
network that fuses an improved EfficientNetV2 with a Swin Transformer, achieving 99.70%
accuracy on a fused dataset. Additionally, Chen et al. [29] proposed a hybrid model com-
bining Transformers and CNNSs, leveraging Generative Adversarial Networks for data
augmentation to achieve high-precision, lightweight detection of tomato leaf diseases.
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Research on automatically focusing on discriminative regions has also advanced sig-
nificantly within the field of fine-grained recognition [6]. Ji et al. [30] proposed ACNet,
which integrates convolutional kernels along the boundary nodes of a fixed-height binary
tree and employs a soft routing decision mechanism to achieve coarse-to-fine hierarchical
feature learning and discriminative region localization. Lu et al. [31] introduced a frame-
work for learning local structural information based on multi-directional filters, effectively
extracting local image features without requiring bounding boxes or part annotations.
Chou et al. [32] proposed the HERBS method, which employs dual components for back-
ground suppression and high-temperature refinement to inhibit background noise and
focus on fine-grained features. These methodologies provide valuable insights and a strong
foundation for advancing tomato disease recognition.

Distinctions from Existing Methods. There are fundamental differences between our
proposed modules and existing methods. Traditional attention mechanisms typically learn
a soft weight map multiplied onto features, which often retains a substantial amount of
background noise. In contrast, our Entropy Attention directly discards non-discriminative
regions through hard selection, facilitating more effective sparse feature focusing. Fur-
thermore, while traditional uncertainty estimation is generally used to evaluate overall
model confidence, our approach spatializes uncertainty, transforming it into an “attention
map” that guides network training towards lesion localization. Unlike standard knowledge
distillation that transfers global class probabilities, our Hierarchical Feature Alignment
functions as a spatial self-distillation mechanism. It distills temperature-scaled probability
distributions to encourage consistency between shallow and deep layers regarding “where
to look.” Moreover, while traditional feature alignment primarily addresses resolution
and semantic fusion, our Hierarchical Feature Alignment explicitly constrains cross-layer
attention consistency without altering the inherent semantics of the features.

3. Materials and Methods

3.1. Proposed Method
3.1.1. EA-HFA Framework Overview

As illustrated in Figure 3, the proposed EA-HFA is a synergistic framework composed
of two core modules: Entropy Attention (EA) and Hierarchical Feature Alignment (HFA).
This architecture is specifically designed to address the challenge of sparsely distributed
discriminative features in tomato leaf disease images. By leveraging these modules, the
framework enables the model to automatically localize critical lesion regions across multiple
scales, even when such features are sparse and subtle within the input image.

After the raw images are fed into the network, they first pass through the backbone
network. To this end, the backbone of the proposed EA-HFA extracts feature maps at
multiple hierarchical levels, each corresponding to distinct spatial resolutions and semantic
hierarchies. Subsequently, the multi-level feature maps are fed into our EA module, where
the generated entropy maps are mainly used for low-entropy region selection to guide
the model’s focus. Concurrently, our HFA module imposes consistency constraints on
the temperature-scaled class probability distributions across adjacent layers. Finally, the
collaboratively optimized features are fed into a Graph Convolutional Network (GCN) for
the final classification.

3.1.2. Entropy Attention

As illustrated in Figure 3, the proposed EA module operates on feature maps at every
hierarchical level, serving as the core component responsible for distinguishing subtle local
feature variations across multi-scale representations.
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Figure 3. Overview of the proposed EA-HFA framework for tomato leaf disease identification. The
architecture consists of four main components: (1) a backbone network (e.g., ResNet) that extracts
multi-scale feature maps from input images; (2) a PANet-based feature pyramid module with position
embedding to enhance spatial context; (3) the core EA-HFA module, which includes an EA branch
that generates pixel-wise uncertainty maps and selects high-confidence discriminative features, and
a HFA branch that imposes KL-divergence constraints across adjacent layers to ensure cross-scale
consistency; and (4) a Graph Convolutional Network classifier that leverages structured relationships
among selected features for final prediction.

In tomato disease imagery, the lesion regions that truly determine the category—such
as small disease spots—are localized fine-grained features. These regions typically occupy
only a minor fraction of the entire image and often exhibit visual appearances highly similar
to non-discriminative areas, such as healthy tissue. In traditional CNNs, features from a
vast number of these non-discriminative regions are inadvertently incorporated into the
classification decision process, thereby diluting the critical discriminative signals.

Given the sparsity of discriminative signals, we require a mechanism to quantify
the uncertainty of each pixel—specifically, through entropy. From the perspective of
information theory, as shown in Equation (1), the discriminability of a feature point at (i, f)
is equivalent to the amount of information it provides regarding the class label, defined as
the mutual information I(X;Y; ;).

Since the prior entropy of the class labels, H(X), is constant, maximizing mutual
information is mathematically equivalent to minimizing the conditional entropy H (X { l/i,j).
Consequently, entropy serves as an exact measure of predictive uncertainty: lower entropy
indicates higher classification confidence by the model at that specific point. While low-
entropy regions may occasionally originate from leaf edges or stable background textures,
they are more likely, in most cases, to contain high-confidence discriminative information,
such as characteristic lesion morphologies.

Here, X denotes the ground truth class label of the image, and Y; ; represents the
feature representation at spatial location (i, j). Given a specific feature Value Yij = yij, th
conditional entropy is defined as shown in Equation (2).

Ck
H(X|Yi; =yij) = =) P(X = c|Y;j = yij)logP (X = ¢|Yi; = yiy) 2)

c=1

Here, P(X = C{Yi,j = y/; j) represents the true conditional probability distribution. In
practical model implementation, by minimizing the cross-entropy loss, we drive the classi-
fier’s output probabilities, denoted as P;[i, j, c|, to approximate the true posterior distribu-

https:/ /doi.org/10.3390/agriculture16131413


https://doi.org/10.3390/agriculture16131413

Agriculture 2026, 16, 1413

7 of 24

tion. Consequently, the entropy map E;[i, j| derived from the converged model serves as an
effective estimator of the theoretical conditional entropy H (X|Y;;).

As demonstrated in Equation (3), even in the presence of minor estimation deviations,
the relative ordinal relationship of entropy values between any two feature points (e.g.,
point A and point B) remains stable.

Eft < E} = H(X|Ya = ya) < H(X|Yz = y3) (3)

In summary, we can conclude that lower entropy at a feature point generally cor-
responds to stronger discriminability. To prevent the network from being distracted by
non-lesion low-entropy regions, cross-layer semantic guidance is required, which moti-
vates our subsequent HFA module. Guided by this insight, the Entropy Attention module
employs information entropy as a quantitative metric for discriminability. By automatically
selecting low-entropy points, the module achieves effective focusing on lesion regions,
effectively filtering out non-discriminative areas.

Specifically, for the I-th layer, let F; € R&*H1*Wi denote the feature map after feature
aggregation and positional embedding, where H; and W, represent the spatial height
and width, and C; denotes the number of channels. As formulated in Equation (4), each
layer is equipped with a dedicated 1 x 1 convolutional classifier. The feature map F
sequentially passes through a feature transformation convolution, batch normalization
(BN), an activation function, and a class projection convolution to generate a pixel-wise
score map Z;:

zi=w" - ReLu(BN(w}" - F)) @)

Here, Z; € R&%*H*Wi where C; represents the number of classes in the classification
task. Wl(l) and WZ(I) correspond to the learnable parameters of the first and second con-
volutional layers, respectively. As shown in Equations (5) and (6), Z; is processed by a
Softmax function to obtain a pixel-wise probability map P;, from which the entropy map E;
is subsequently calculated:

P, = Softmax(Z;) ®)
Ck

Elli,j] = =) Bili,jc]-log(Pili,j,c] +e) (6)
c=1

We perform a Top-K selection on Ej i, j] (selecting points with the lowest entropy) and
employ the Straight-Through Estimator (STE) to ensure gradient backpropagation. The
specific operations are defined as follows:

K
WSOft:(j'f - E;) - _ 7
1 ( ,B l) Zi,ja(_ﬁ ] El[l,]D ( )
hard;s o ) 1if selected
M) = {O otherwise (8)
My =M™ + (Wlsoft — detach (Wlsoft)) )

In these equations, o denotes the Sigmoid function. During the forward pass, the mask
is determined by the hard selection (M; = M?’”d). The STE strategy not only guarantees
gradient flow but also exerts a certain degree of suppression on unselected points. This
mechanism aids the Entropy Attention module in automatically and effectively focusing
on the most discriminative features.
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3.1.3. Hierarchical Feature Alignment

As illustrated in Figure 3, the proposed HFA module encourages consistency between
the predictive attention distributions of adjacent layers. Rather than directly aligning
the scalar entropy maps, we utilize the temperature-scaled class probability distributions,
generated from the pixel-wise score maps of feature maps F; and F;_1, as our proxy for
spatial attention. To further mitigate the impact of abundant irrelevant features, this
module introduces a self-distillation mechanism to facilitate effective information flow
across hierarchies [33-35]. Specifically, it addresses the potential challenges depicted in
Figure 2: shallow networks are prone to interference from textural noise, while deep
networks may occasionally lose spatial alignment with the precise lesion regions. By
aligning these probability distributions across layers, our approach aims to preserve and
refine the model’s focus on discriminative signals is preserved and refined throughout the
network depth.

As illustrated in Figure 4, both F; and F;_; are processed by 1 x 1 convolutional
classifiers identical to those used in the Entropy Attention module. This design offers
flexibility: the classifiers can be shared with the existing Entropy Attention modules to
minimize parameter overhead, or implemented as independent components depending on
the specific architectural requirements.

Hierarchical Feature Alignment

Entropy Attention m ﬂ / @' selected feature points

E l concatenate
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Figure 4. Detailed architecture of the EA and HFA modules. The EA module (top) processes a refined
feature map (F;) through a convolutional classifier and entropy calculation to select discriminative
feature points by filtering for low-entropy regions. The HFA module (bottom) enforces consistency
by applying a KL-divergence constraint between the probability distributions of adjacent feature
maps (Q; and Q;_1), aligning the attention focus across different hierarchical levels.

Upon obtaining the score maps Z; and Z;_;, we introduce a temperature-scaled
knowledge distillation strategy to refine these representations. As formulated below, the
score maps undergo temperature scaling to soften the probability distributions, facilitating
more effective knowledge transfer between layers:

Q) = Softmax(Z;/T) (10)

Q-1 = LogSoftmax(Z;_1/T) (11)

https:/ /doi.org/10.3390/agriculture16131413


https://doi.org/10.3390/agriculture16131413

Agriculture 2026, 16, 1413

9 of 24

Here, T denotes the temperature parameter, which governs the smoothness of the
probability distributions. Initially, a higher temperature is employed to generate smoother
distributions, facilitating the transfer of richer structured information (often referred to
as “dark knowledge”) between layers. As training progresses, T is gradually annealed,
prompting each layer to increasingly focus on the most discriminative features.

Given the discrepancy in spatial resolutions across different hierarchical levels, we
apply downsampling to the shallow feature maps to align their dimensions with those of
the deeper layers. Finally, the KL divergence is utilized to enforce the shallow layers to
learn the temperature-scaled class probability distribution of the deeper layer. The overall
loss function for the HFA module is formulated as follows:

Lo=Y )  T2KL(Q11]|Q) (12)

3.1.4. Implementation Details

The Feature Aggregation component employs a Path Aggregation Network (PAN)
architecture [36], incorporating both top-down and bottom-up feature pathways. In our
implementation, we utilize only the feature maps generated by the final pathway at each
hierarchical level. Notably, this design choice underscores the flexibility of the proposed EA-
HFA framework, as the aggregation module can be seamlessly substituted with alternative
feature fusion mechanisms without compromising the core logic of the subsequent modules.

Prior to entering the Entropy Attention and Hierarchical Feature Alignment modules,
the feature maps undergo positional embedding. Theoretically, higher-level embeddings
facilitate the learning of object-level relative positions and inter-part spatial relationships,
thereby enriching semantic information, while lower-level embeddings encode absolute
pixel coordinates to enhance geometric feature representation.

For the ultimate prediction phase, the model aggregates the chosen representative
features via concatenation. The subsequent GCN [37] leverages the spatial relationships
encoded by the positional embeddings to derive the final classification results.

Following the multi-level entropy-based filtering, the selected sparse feature points
from all hierarchical layers are concatenated and fed into a GCN classifier. Instead of
treating the massive number of selected points individually, we employ a learnable para-
metric pooling layer to aggregate them into a compact set of representative graph nodes.
Specifically, the total number of points is reduced by a factor of 64 to form the graph nodes.
The core of our single-layer GCN lies in its dynamically constructed adjacency matrix,
which governs the message passing between nodes. Specifically, we first project the node
features into query and key vectors with reduced dimensions (C/4). To capture the global
activation response of each node and reduce computational overhead, we apply a channel-
wise mean pooling to compress these multi-channel vectors into scalar representations.
Subsequently, we compute the pairwise scalar differences between all node pairs via a
broadcasting mechanism, followed by a hyperbolic tangent (Tanh) activation, to capture
the intrinsic relative affinities. This dynamic affinity matrix is then adaptively fused with a
learnable prior adjacency matrix (initialized as a slightly perturbed identity matrix). Unlike
traditional graph normalization strategies (e.g., symmetric normalized Laplacian), our
adjacency matrix is entirely data-driven and adaptively scaled by a learnable parameter «.
Traditional Global Average Pooling treats multi-scale features as unordered sets, inevitably
discarding their structural relationships. Our GCN addresses this by performing structured
message passing (viaa 1 x 1 convolution for feature transformation, Batch Normalization,
and matrix multiplication with the adjacency matrix) over the dynamically constructed
graph. Finally, another learnable pooling layer aggregates the node features into a global
representation, followed by a dropout layer (p = 0.1) and a fully connected layer for the
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final classification. The detailed forward pass and hyperparameter settings of the GCN
classifier are summarized in Algorithm 1.

Algorithm 1. Forward Pass of the Proposed GCN Classifier

Input: Concatenated sparse features X € REXC*Nsctect
Output: Classification logits Y € RE*K

1. Initial Parametric Pooling;:

Reduce node count by a factor of 64: H ¢ Linear(X), where H € RE*¢*
Njoints = Naelect / 64-

2. Dynamic Adjacency Matrix Construction:

Project features to queries and keys: Q <— Convld(H), K < Convld(H).
Channel-wise mean pooling: g,k <~ Mean(Q, K, dim = channel) € RE*N.

Njoints and

Compute pairwise scalar affinity (via broadcasting): Agy, < tanh(q17 — 1k7).

Fuse with learnable prior A_prior: A < Aoy + ot Agynwhere o is a learnable scalar.
3. Graph Convolution & Message Passing;:

Feature transformation: H' «+ Convld(H).

Graph aggregation: Hggo <— H xA.

Normalization: Hyorm < BatchNorm (Hgy) .

4. Global Pooling & Classification:

Aggregate to global vector: hgjopa < Linear(Hyorm) -

Regularization: hgjop, <— Dropout (hglohal/ p= 0.1) .

Final prediction: Y <« Linear (hglobal) .
Return Y

The classification loss, denoted as Ly, is computed using the standard cross-entropy
loss function. The total loss function £ of the model, which combines the classification loss
with the alignment loss, is formulated as follows:

1Y &
Eb = _Nz Zyi,clog(pi,c) (13)
i=1c=1
L=oLly+ L, (14)

where N denotes the total number of samples utilized for classification, y; . represents the
ground truth label for sample i in class ¢, and p; . signifies the predicted probability that
sample i belongs to class c.

3.2. Datasets

To evaluate the performance of the proposed model, we conducted experiments on
two open-source datasets: tomato images from the PlantVillage dataset [38] (year 2015)
and the 2018 AI Challenger dataset [39] (year 2018), from December 2025 to June 2026.
After filtering for the tomato category, the PlantVillage dataset comprises 16,012 images
spanning 9 disease classes and 1 healthy class. Similarly, the 2018 Al Challenger dataset
contains 12,968 images across the 10 categories (9 diseases and 1 healthy). Both datasets
were split into training, validation, and test sets following a 7:1:2 ratio. As detailed in
Table 1 and Figure 5, both datasets exhibit varying degrees of class imbalance. Notably,
while the PlantVillage dataset features relatively controlled backgrounds, the AI Challenger
dataset presents highly complex, unstructured natural backgrounds. Consequently, the Al
Challenger dataset serves as the primary benchmark for our in-depth ablation studies and

https:/ /doi.org/10.3390/agriculture16131413


https://doi.org/10.3390/agriculture16131413

Agriculture 2026, 16, 1413 11 of 24

sensitivity analyses to rigorously validate the robustness of the proposed framework under
challenging real-world conditions.

Table 1. Dataset Composition and Class Distribution.

PlantVillage 2018 AI Challenger
Category : :
Train Val Test Train Val Test
Bacterial Spot 1488 213 426 -

Early Blight 699 101 200 555 79 158

Healthy 1113 160 318 967 138 276

Late Blight 1336 191 382 1074 153 307

Leaf Mold 666 96 190 528 76 151

Septoria Leaf Spot 1239 178 354 982 140 281

Two-spotted Spider Mite 1173 168 335 650 93 186

Target Spot 982 141 281 52 7 15
Tomato Mosaic Virus 261 38 74 208 30 60
Tomato Yellow Leaf Curl Virus 2246 321 642 3033 433 867
Powdery Mildew - 1028 147 294
Total 16,012 12,968
W PlantVillage
Al Challenger
4000
3000
‘g 2000
1000 A
(i . N
. c,“‘\\l.\w a@_\ 3\69" \:,,@%\\Q“ . \’8&690 5\).\695 g;\xe% " a\q\\! <3<Qe‘690 @M%\.\Qv ea&‘w\ g\&d\c\[\(\s &d\li\\‘\a

Figure 5. Distribution of image samples across different disease categories in the PlantVillage and
2018 AI Challenger datasets.

3.3. Experimental Setup

In our model, the parameter K is set to {256, 128, 64, 32} to capture key points at
different layers. The weighting factor o in the loss function is set to 0.4. The temperature
parameter T, used for feature alignment, is annealed linearly from 10 to 1 during training.

The aforementioned hyperparameter settings are initially determined based on grid
search on the validation set and task-specific priors regarding the spatial sparsity of tomato
lesions. A comprehensive sensitivity analysis and granular ablation study regarding the
impact of these parameters, as well as the individual contributions of other architectural
components, are deeply investigated and discussed in Section 4.2.

Regarding data preprocessing, all input images undergo a standardized augmentation
pipeline. Specifically, images are first resized such that the shorter side measures 256 pixels
while preserving the original aspect ratio. Subsequently, a 224 x 224 region is randomly
cropped. To enhance data diversity, horizontal flipping is applied with a probability of
0.5. Lastly, pixel arrays are transformed into tensor format and subjected to normalization
based on the channel-wise statistics (mean and std) of the respective datasets.
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All models were developed within the PyTorch 2.8.0 ecosystem and executed on a
workstation equipped with an NVIDIA RTX 3080 Ti (12 GB) GPU. We employed the Adam
optimizer with an initial learning rate of 1 x 10~ and a weight decay of 1 x 10~%. A batch
size of 128 was achieved via gradient accumulation. A Cosine Annealing scheduler was
utilized to dynamically adjust the learning rate, with a minimum threshold of 1 x 10>,
The models were trained for a total of 150 epochs.

To ensure a strictly fair and reproducible comparison, all classic baseline mod-
els (including VGG19, ResNet50, ResNet101, MobileNetV2, and DenseNet121) were re-
implemented and trained under identical experimental conditions, utilizing the exact same
data splits, augmentation pipelines, input resolutions, and optimization protocols. Further-
more, to guarantee statistical reliability and mitigate the variance introduced by random
initialization, all main experiments and ablation studies were independently executed three
times with different random seeds (42, 123, and 456). The final performance metrics are
reported as the mean and standard deviation across these three runs.

3.4. Evaluation Metrics

Top-1 Accuracy is the most prevalent metric for classification tasks, defined as the
proportion of samples where the predicted class with the highest probability matches the
ground truth label. This metric provides an intuitive reflection of the model’s overall
performance in single-label classification scenarios.

Correct
Total

Top-1 Accuracy = (15)

Precision quantifies the accuracy of positive predictions. It represents the ratio of
true positives to all samples predicted as positive. A higher precision indicates a lower
rate of false positives (i.e., fewer non-diseased samples misclassified as diseased). Recall
measures the model’s coverage capability, defined as the proportion of actual positive
samples that are correctly identified. A higher recall signifies a stronger ability to detect
positive instances (i.e., fewer missed disease cases).

TP
Precision = ——— 1
recision TP + EP (16)
TP
R = 17
ccall = T5FN (17)

Here, True Positives (TP), True Negatives (TN), False Positives (FP), and False Nega-
tives (FN) are calculated individually for each class. Specifically, TP denotes the count of
samples that belong to a specific class and are correctly predicted as such; TN represents
samples neither belonging to nor predicted as that class; FP corresponds to instances falsely
classified as members of the target category, whereas FN denotes ground-truth positives
that are misclassified as negative.

Defined as the harmonic average of Precision and Recall, the F1-Score provides a
unified measure of diagnostic accuracy. By reconciling the inherent conflict between
these two indicators, it proves especially effective for handling skewed class distributions,
which are prevalent in agricultural pathology. Notably, this score remains low unless both
precision and recall achieve substantial values.

Precision x Recall

F1- =2 1
Score % Precision + Recall (18)

In this study, the F1-Score for each class is first computed based on its respective
confusion matrix values (TP, TN, FP, FN). The final reported F1-Score is then derived as
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the weighted average of individual class F1-Scores, where the weights correspond to the
support (number of samples) of each class.

4. Results and Discussion
4.1. Comparison with State-of-the-Art Models

The primary evaluation of the proposed EA-HFA model was conducted on the PlantVil-
lage tomato dataset.

To benchmark performance, we compared our approach against five classic deep
learning architectures: VGG19 [18], ResNet50 [19], ResNet101 [19], MobileNetV2 [40],
and DenseNet121 [20]. Furthermore, we extended the comparison to include existing
state-of-the-art models specifically designed for tomato disease classification.

As shown in Tables 2 and 3, the proposed EA-HFA model achieves highly competitive
performance, attaining a Top-1 accuracy of 99.29% and an F1-Score of 0.992. Notably, these
results surpass those of most classical models and existing specialized models. The experi-
mental results on the PlantVillage dataset demonstrate that our model exhibits exceptional
robustness and discriminative capability in classifying tomato diseases characterized by
extremely high inter-class visual similarity.

Table 2. Performance Comparison with Classic Models on the PlantVillage Dataset.

o . Macro Model Size

Model Top-1 (%) Macro F1 Weighted F1 Precision Macro Recall (MB)
VGG19 99.85+0.15 0987 +£0.002 0999 +0.002 0.987 £0.001  0.987 £ 0.001 532
MobileNetV2 ~ 98.61 + 0.11 0.985 +0.002 0.986 £0.001 0.985+0.001 0.985 =+ 0.001 9
DenseNet121 ~ 99.17 £0.23  0.991 £0.002 0991 £0.002 0991 +£0.002  0.991 £ 0.002 27
ResNet50 99.43+0.07 0993 +£0.001 0994 4+0.001 0.993 £0.001  0.994 £ 0.001 90
ResNet101 99.45+0.14  0.994+0.002 0994 +0.002 0994+0.001 0.994 4+ 0.001 162
Ours 9929 £0.19  0.992+£0.002 0987 £0.002 0.993 +0.002 0.992 + 0.002 124

Table 3. Performance Comparison with SOTA Models on the PlantVillage Dataset.

Model Top-1 (%) Model Size (MB)
Tm et al. [29] 94.85 156.78
Ahmed et al. [41] 99.30 9.6
Agarwal et al. [42] 98.40 0.208
Abbas et al. [43] 97.11 27.58
Zhichao Chen et al. [29] 99.45 29
Ours 99.29 + 0.19 124

However, it is worth noting that our EA-HFA model yields a slightly lower Top-1
accuracy on the PlantVillage dataset compared to ResNet50 and ResNet101. This marginal
performance gap can be primarily attributed to the inherent characteristics of the PlantVil-
lage dataset, which features overly simple and homogeneous laboratory-controlled back-
grounds. The core assumption of our Entropy Attention mechanism is that sparse lesion
regions yield the lowest entropy. However, in highly controlled environments with uniform
backgrounds, the background pixels may also exhibit extremely low entropy, occasionally
misleading the attention mechanism or causing the Top-K hard selection to over-filter
useful global context. In contrast, traditional architectures like ResNet50 and ResNet101,
which rely on global pooling, can effortlessly capture holistic features without the risk of
information loss in such simplified scenarios. Nevertheless, the primary design motivation
of our proposed framework is to address the spatial sparsity of discriminative features
and severe background interference in complex, unstructured real-world environments.
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Therefore, while incurring a minor accuracy trade-off in overly simplified scenarios, its
practical utility and effectiveness in filtering background noise are further evaluated on the
significantly more challenging AI Challenger dataset in the following.

Table 4 presents the Macro Precision, Recall, and F1-Score for each class on the PlantVil-
lage dataset. Notably, the Precision and F1-Score for the vast majority of categories exceed
0.99. This consistent high performance across all classes underscores the model’s robustness
and reliability, particularly in class-imbalanced scenarios. It demonstrates that the proposed
method maintains exceptional accuracy and generalization capability, effectively mitigating
the bias towards majority classes often observed in imbalanced datasets.

Table 4. Per-Class Performance Metrics on the PlantVillage Dataset.

Class Macro Precision (%) Macro Recall (%) Macro F1-Score (%)
Bacterial Spot 99.07 £0.23 99.61 £0.14 99.34 £ 0.07
Early Blight 98.99 + 0.85 97.50 + 1.73 98.23 + 0.77
Healthy 99.90 + 0.18 99.16 4+ 0.48 99.53 4+ 0.16
Late Blight 99.14 + 0.65 99.74 £+ 0.26 99.44 + 0.40
Leaf Mold 99.31 £ 0.79 99.82 £+ 0.30 99.56 £ 0.30
Septoria Leaf Spot 99.53 £+ 0.58 99.34 £ 0.71 99.43 £ 0.37
Two-spotted Spider Mite 98.14 £ 0.66 99.40 £+ 0.30 98.76 &+ 0.22
Target Spot 99.52 4 0.54 98.34 4= 0.41 98.93 4 0.31
Tomato Mosaic Virus 100.00 £ 0.00 100.00 £ 0.00 100.00 £ 0.00
Tomato Yellow Leaf Curl Virus 99.64 + 0.09 99.53 £ 0.16 99.58 £ 0.09

Figure 6 depicts the classification performance via a confusion matrix for the PlantVil-
lage benchmark. It is evident that the vast majority of samples are correctly classified along
the diagonal corresponding to their ground truth labels, with negligible misclassification
errors. This near-perfect alignment further substantiates the model’s robust generalization
capability, demonstrating its effectiveness in handling multi-class plant disease recognition

tasks across varying data distributions.

Seed 42 | Acc = 99.16% Seed 123 | Acc = 99.22% Seed 456 | Acc = 99.50%

‘‘‘‘‘‘‘‘‘ Predicted predicted

Figure 6. Normalized confusion matrix of the proposed EA-HFA model’s classification performance
on the PlantVillage dataset.

To fully evaluate the performance of our method, we conducted the main experiments
on the 2018 AI Challenger tomato dataset. Compared to the controlled environment of
PlantVillage, this dataset features more complex and realistic backgrounds, enabling a more
accurate reflection of our method’s performance. We benchmarked the proposed EA-HFA
against five classic deep learning architectures: VGG19 [18], ResNet50 [19], ResNet101 [19],
MobileNetV2 [40] and DenseNet121 [20].
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As shown in Table 5, EA-HFA achieves a Top-1 accuracy of 97.82% = 0.29, yielding
performance statistically comparable to established deep learning architectures such as
ResNet50 (97.96% =+ 0.41) and ResNet101 (97.96% = 0.29), with the mean difference (0.14%)
falling well within the margin of standard deviation. This result indicates that, under
complex natural backgrounds, our framework maintains discriminative capability on par
with mainstream CNNs while pursuing a more interpretable feature selection mechanism.
Notably, our method maintains a Macro Precision of 0.961 &+ 0.007 and a Macro F1-Score of
0.959 £ 0.002, suggesting balanced performance across categories with varying sample sizes.
These metrics, together with the relatively lower standard deviation observed in our model,
imply a certain degree of training stability under stochastic initialization, highlighting its
practical utility for future field-oriented applications in unstructured agricultural scenarios.

Table 5. Performance Comparison on the 2018 Al Challenger Dataset.

Model Top-1 (%) Macro F1 Weighted F1 Pll'\;[cézii(:i‘(())n Macro Recall Mo(cil\ilB?lze
VGG19 9751 £0.26  0.957£0.001 0.975£0.003 0.9604+0.010 0.955+ 0.008 532
MobileNetV2 9723 +0.04 0941 £0.005 0972 +0.001 0.943 £0.011  0.941 £ 0.002 9
DenseNet121  97.80 £0.15  0.956 £0.010 0978 £0.001 0.958 +0.006  0.955 & 0.014 27
ResNet50 97.96 £ 0.41 0.956 £0.007  0.979 £0.004 0.958 +0.009  0.956 + 0.003 90
ResNet101 9796 £0.33  0.961 £0.007 0979 £0.003 0.964 +0.006  0.958 £ 0.008 162
Ours 9782 +£0.29 0.959+0.002 0978 £0.003 0.96140.007 0.957 + 0.003 124
Table 6 details the per-class Macro Precision, Recall, and F1 metrics evaluated on
the 2018 AI Challenger dataset. Notably, the F1-Score for the majority of categories re-
mains above 0.95, contributing to a balanced Macro F1-Score of 0.959. However, for the
most challenging small-sample category, Target Spot (with only 15 test images), the model
yields a relatively lower F1-Score of 0.846 (similarly, Early Blight achieves 0.905). This
performance drop transparently reflects the inherent difficulty of learning robust feature
representations for extremely rare classes under severe class imbalance and complex back-
ground interference. Nevertheless, the overall per-class metrics indicate that the proposed
framework maintains reliable discriminative capability across most categories, providing
a practical baseline for real-world agricultural monitoring where data distributions are
inherently skewed.
Table 6. Per-Class Performance Metrics on the 2018 Al Challenger Dataset.
Class Macro Precision (%) Macro Recall (%) Macro F1-Score (%)
Early Blight 93.38 +1.91 87.84 +4.76 90.46 £+ 2.26
Healthy 99.39 £ 0.41 98.31 £ 1.11 98.84 £+ 0.43
Late Blight 94.95 +£1.91 97.50 £ 0.68 96.20 £1.18
Leaf Mold 98.21 £ 0.37 96.91 £ 1.01 97.55 £ 0.40
Septoria Leaf Spot 9751 £1.61 9715 £ 0.71 97.33 £1.07
Two-spotted Spider Mite 95.75 4+ 2.39 95.88 - 1.73 95.80 4= 1.46
Target Spot 85.01 &+ 8.22 84.44 £+ 3.85 84.55 + 4.48
Tomato Mosaic Virus 97.86 £2.42 99.44 + 0.96 98.63 £1.25
Tomato Yellow Leaf Curl Virus 99.20 £ 0.30 99.81 £0.18 99.50 £ 0.14
Powdery Mildew 99.77 £0.20 99.89 £0.20 99.83 £ 0.17

Figure 7 presents the corresponding confusion matrix. Consistent with the observa-
tions on PlantVillage, the vast majority of samples are correctly classified along the diagonal
representing ground truth labels, with only a negligible number of misclassifications.
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Figure 7. Normalized confusion matrix illustrating the classification results of the EA-HFA model on
the 2018 AI Challenger dataset. In the figure, “Septoria Leaf S...” stands for Septoria Leaf Spot, and
“Yellow Leaf Cur...” stands for Yellow Leaf Curl Virus.

To further evaluate the training dynamics and stability of the proposed EA-HFA
framework, Figure 8 illustrates the training loss curves on both the PlantVillage and
2018 Al Challenger datasets across three independent random seeds (42, 123, and 456).
As observed, the loss values exhibit a rapid and steady descent during the initial epochs,
followed by a smooth convergence to a stable minimum. The training trajectories for the
three distinct seeds show a high degree of overlap with negligible variance on both datasets.
This remarkable consistency not only corroborates the robustness of our architecture against
random initialization but also guarantees the statistical reliability and reproducibility of the
reported performance metrics, indicating that the model’s consistent performance stems
from its intrinsic structural design rather than stochastic variance.

PlantVillage Al Challenger

—— Seed 42 —— Seed 42
seed123 [ 1.2 Seed 123
—— Seed 456 —— Seed 456
1.0
0.8 1
0.6
0.4

v WY ) z

0.0

80 100 120 140 0 20 40 60 80 100 120 140
Epoch Epoch

Figure 8. Training loss curves of the EA-HFA model on two datasets. The solid line represents the
validation set loss, and the faded line represents the training set loss.

Collectively, the experimental results across both the PlantVillage and 2018 AI Chal-
lenger datasets confirm the model’s ability to maintain reliable discriminative capability
and low misclassification rates across diverse plant disease data with distinct distribu-
tions. This stability underscores the model’s practical utility across varying scenarios
and highlights its significant potential as a reliable alternative for future field-oriented
agricultural applications.

To evaluate the computational efficiency and practical deployment potential of the pro-
posed framework, we conducted a comprehensive complexity analysis. The benchmarking
equipment, environment, and data preprocessing methods followed the same experimental
setup as in previous experiments. Latency measurement included only model forward
propagation, excluding image decoding, data loading, and preprocessing transforms, with
50 warm-up iterations and 300 timed repeats. We also measured the parameter count
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(Params), calculated floating-point operations (FLOPs) using the thop library, and recorded
peak GPU memory allocation.

As summarized in Table 7, our EA-HFA model requires 32.59 M parameters and 6.88 G
FLOPs. Notably, compared to the heavier ResNet101, our model achieves approximately a
23% reduction in parameters and around a 12% reduction in FLOPs, while maintaining
comparable inference latency and lower peak memory usage. This remarkable efficiency is
primarily attributed to the proposed Entropy Attention mechanism. By explicitly discard-
ing non-discriminative background regions via hard selection, it reduces the computational
burden on subsequent deeper layers and the Graph Convolutional Network (GCN) clas-
sifier. Although lightweight models like MobileNetV2 exhibit the lowest computational
cost, their accuracy on the challenging Al Challenger dataset is noticeably lower. Overall,
EA-HFA strikes a reasonable balance between high-precision fine-grained recognition and
computational efficiency.

Table 7. Computational Efficiency Comparison of Different Models.

Model Params (M) FLOPs (G) La:f;‘:/’i'nl:;' 1 P‘:‘:‘ﬁlg\ﬁfd
VGG19 139.611 19.628 3177 566.2
DenseNet121 6.964 2.896 16.642 46.1
ResNet101 42521 7.864 12.242 183.2
MobileNetV2 2237 0.326 5.342 275
Ours 32,588 6.88 12.103 161.8

4.2. Ablation Studies

To comprehensively evaluate the contribution of each proposed component, we con-
ducted a granular ablation study on the challenging Al Challenger dataset, as detailed
in Table 8. In the table, “Feature Fusion” explicitly refers to the PANet-based feature
aggregation module. Specifically, when only the Feature Fusion module is introduced to
the Backbone, the model’s accuracy drops noticeably from 97.96% to 97.51%. Furthermore,
adding the Hierarchical Feature Alignment (HFA) without Entropy Attention yields a
statistically comparable but still degraded accuracy of 97.51% = 0.34. This counter-intuitive
phenomenon reveals a critical insight: in complex, natural backgrounds, blindly fusing
multi-scale features or enforcing cross-layer alignment without explicit target guidance
forces the network to inadvertently align background noise and irrelevant textures.

Table 8. Ablation Study of Model Components.

Hierarchical

Backbone Fea:;:a;;?mn Iieature ftltlet;(;ipoyn TOP-1 (%)
Alignment

Vv X X X 97.96 + 0.41

vV vV X X 97.51 £ 0.19

Vv vV N4 X 97.51 £ 0.34

Vv vV X Vv 97.86 + 0.37

Vv v 4 Vv 97.82 £ 0.29

Symbol ‘y/” indicates module is included; “x” indicates it is excluded.

However, the introduction of the EA module (Feature Fusion + Entropy) dramatically
recovers the performance to 97.86% =+ 0.37 by explicitly filtering out background noise
and focusing on sparse discriminative lesions, which verifies the core effectiveness of our
information-theoretic hard selection mechanism. Finally, the Full Model achieves a Top-1
accuracy of 97.82% + 0.29. Although this mean accuracy is marginally lower than that of
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the EA-only variant, the difference falls well within the margin of standard deviation. This
indicates that the HFA module, while not yielding a further marginal gain in global Top-1
accuracy, functions as a supplementary constraint to encourage cross-scale consistency,
thereby helping to maintain training stability (reflected in a lower standard deviation) and
balanced category performance.

Table 9 further isolates the impact of structural designs and hyperparameters. Interest-
ingly, reducing the selection capacity K by half {128,64,32,16} yields a marginally higher
mean accuracy (97.88% =+ 0.21) compared to the full model (97.82% = 0.29). This result
aligns with our theoretical assumption that lower-entropy pixels contain more discrimi-
native information, demonstrating that the entropy-based hard selection can effectively
filter out background noise. However, overly aggressive selection may risk discarding
subtle spatial contexts. Therefore, the optimal determination of K for varying disease scales
remains a subject for our future investigation.

Table 9. Impact of Different Strategies on Model Performance.

Setting TOP-1 (%)
w/o Position Embedding 97.71 £ 0.35
Reduced K 97.88 + 0.21
w/0o GCN 97.57 £+ 0.07
T=1 97.80 £ 0.34
T=10 97.73 £ 0.13
Ours 97.82 £+ 0.29

Regarding positional embeddings, removing them results in a noticeable performance
decrease (dropping to 97.71% = 0.35). This confirms their theoretical necessity for construct-
ing the structured spatial relationships required by the subsequent GCN classifier. Without
explicit spatial priors, the GCN struggles to effectively model the intrinsic topological
dependencies among the sparse discriminative nodes, highlighting the effectiveness of
positional embeddings in our current architecture. Regarding the temperature T, fixing
it at constant extremes (T =1 or T = 10) yields statistically comparable mean accuracies
to our annealing strategy. However, the dynamic annealing is theoretically grounded to
prevent early-stage overconfidence and ensure a smooth transition from learning soft inter-
class relationships to focusing on hard discriminative boundaries, yielding more reliable
convergence dynamics.

As detailed in Table 9, notably, to isolate the specific impact of the GCN module, we
replaced it with a standard Fully Connected (FC) layer (denoted as “w/0o GCN”). The
results show that removing the GCN leads to a performance degradation (the average
accuracy drops to 97.57% =+ 0.07, compared to 97.82% =+ 0.29 of the full model). This
degradation occurs because standard FC layers treat the aggregated multi-scale features as a
flat, unordered vector, thereby discarding the intrinsic topological relationships and spatial
affinities among the sparse discriminative nodes. In contrast, the GCN effectively preserves
and reasons over these structural dependencies through dynamic message passing, proving
its indispensability in handling complex spatial structures.

Figure 9 visualizes the entropy maps across different hierarchical layers after training
the model with low-entropy and mean-entropy strategies, respectively. These results
demonstrate the capability of the proposed low-entropy attention mechanism to help
identify discriminative features across multiple scales.
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Figure 9. Visualization of entropy maps generated at different hierarchical layers of the model. Darker
regions correspond to lower entropy values. The ‘Low Entropy’ row demonstrates that the proposed
attention mechanism tends to identify and focus on discriminative lesion areas across multiple scales,
from layer 1 (56 x 56) to layer 4 (7 x 7).

4.3. Visualization

Figure 10 visualizes the attention maps generated by the Entropy Attention module
at each layer and compares them with the Grad-CAM results of various baseline models
across different blocks. These visualizations intuitively reveal the specific image regions
focused on by different layers of each model.

As observed in the sub-figures for ResNet50, most baseline models tend to focus
on low-level details such as textures in their shallow layers. However, these local fea-
tures often fail to concentrate on the discriminative regions or features critical for image
classification [44]. This observation corroborates the limitations of traditional image clas-
sification models when dealing with tasks characterized by sparse feature distributions.
Furthermore, in deeper layers, traditional models either drift away from the discriminative
regions entirely or attend to areas that are insufficiently comprehensive, as seen in the
ResNet101 sub-figures.

In contrast, benefiting from the Entropy Attention mechanism, our model tends to
concentrate on these critical features even in shallow layers. For instance, as shown in
the EA-HFA sub-figure, the model focuses predominantly on the upper-middle section
of the leaf, helping to mitigate interference from background noise. In the deeper layers
of our model, while the attention coverage becomes more extensive to capture global
context, the Hierarchical Feature Alignment module helps maintain the focus on regions.
This design aims to compensate for potential omissions in shallow-layer focusing while
providing rich global contextual information. Ultimately, our model’s architecture automat-
ically synthesizes features from all four hierarchical layers to make the final classification
decision. Rather than claiming a distinct superiority in overall accuracy, this multi-scale
feature synthesis offers an interpretable alternative perspective, illustrating how the model
explicitly prioritizes lesion-relevant areas throughout its decision-making process.

Figure 11 illustrates the distribution of features from the final layer of our model after
dimensionality reduction using t-SNE. In the learned feature space, the vast majority of
classes form distinct and compact clusters with clear intra-class cohesion. Notably, even for
confusable categories that exhibit high similarity in macroscopic morphology, the model
achieves well-defined decision boundaries.
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Figure 10. Comparative visualization of attention maps. Column (a) is the input image. Columns
(b—e) show Grad-CAM heatmaps for baseline models (VGG19, DenseNet121, ResNet50, ResNet101).
Column (f) displays the attention map from our proposed EA-HFA model. To intuitively highlight
the model’s focus regions, the heatmaps were generated by applying a value threshold based on
the proportion of selected feature points relative to the total feature map size at each layer. The
comparison reveals that baseline models often focus on irrelevant background or textures, while our
model (f) appears to better concentrate on lesion-relevant areas, demonstrating superior focus on
discriminative regions. The heatmap overlays the original image, where warmer colors (red) indicate
higher activation, and cooler colors (blue) indicate lower activation.

These observations suggest that the proposed model is capable of realizing inter-class
discriminability within the complex domain of tomato leaf pathology identification. This
structural clarity in the feature space aligns with the aforementioned quantitative metrics,
indicating that the model has learned highly discriminative feature representations. Specif-
ically, it suggests that the Entropy Attention mechanism helps filter out background noise
and non-discriminative texture interference, enabling the model to focus more consistently
on the genuine discriminative features of the disease lesions, thereby constructing a more
separable feature representation.

4.4. Discussion

While the proposed EA-HFA framework demonstrates strong performance and robust
feature representation, as evidenced by the quantitative and qualitative results above,
several critical aspects regarding its applicable conditions, limitations, and practical de-
ployment warrant in-depth discussion.

First, regarding the structural design, our ablation study confirms the necessity of
absolute positional embeddings for GCN-based spatial modeling. However, in highly
unstructured wild environments, absolute spatial priors may still be susceptible to complex
background interference. This suggests that exploring adaptive or relative positional
encoding mechanisms (e.g., Rotary Position Embedding) could be a valuable direction for
future research to further enhance robustness in real-field scenarios.
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Figure 11. Feature Visualization using t-SNE. Each colored cluster represents a distinct tomato
disease class.

Second, regarding the low-entropy attention mechanism, its core assumption is that
lesion regions yield the highest predictive confidence (i.e., the lowest entropy). However,
when lesions become excessively large (covering most of the leaf) or the background is
overly simple and homogeneous, failure cases may arise. In such extreme scenarios, the
entropy distribution may become uniform or biased, causing the mechanism to mistakenly
attend to non-discriminative regions.

Third, the model exhibits noticeable limitations on small-sample categories. For
instance, in the Al Challenger dataset, the recognition performance on the Target Spot
class, which has an extremely limited sample size (only 52 training and 15 test images),
is relatively lower (achieving an F1-Score of 0.846). The severe class imbalance and the
lack of diverse morphological variations hinder the model’s ability to learn robust feature
representations for these rare diseases, indicating that the current framework still relies
heavily on sufficient data support and underscoring the necessity of incorporating few-shot
learning or advanced data augmentation techniques in future work.

Fourth, a significant domain gap exists between public datasets and real-field environ-
ments. Datasets such as PlantVillage and Al Challenger primarily feature images captured
under controlled or semi-controlled conditions. In contrast, real-world agricultural deploy-
ment faces unpredictable challenges such as lighting changes and leaf occlusion [45], highly
complex backgrounds [46], and varying camera angles, which potentially amendable by
exposure-aware super-resolution, contrastive learning, and multi-scale convolution [47-50].
The current reliance on the ResNet50 backbone further constrains mobile deployment.

Finally, regarding practical deployment in smart agriculture, while our efficiency
analysis demonstrates that EA-HFA maintains a favorable computational footprint on
standard GPUs, we acknowledge a limitation regarding edge-device validation. Real-world
agricultural monitoring often relies on low-resource edge devices (e.g., UAVs or handheld
sensors) with strict power and latency constraints. Since our current benchmarking was
exclusively conducted on a high-performance desktop GPU, the actual inference speed
and memory footprint on edge hardware may vary due to different memory access costs
and hardware architectures. Therefore, adapting the framework to lightweight backbones
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(e.g., MobileNetV3), applying model quantization or pruning, and conducting rigorous
on-device testing in actual field conditions remain critical directions for our future work.

5. Conclusions

To address the core challenges of fine-grained tomato leaf disease classification—
namely, the spatial sparsity of discriminative features, severe background noise interference,
and multi-scale feature inconsistency—we introduce EA-HFA, an innovative framework
that couples an EA strategy and a HFA component in a unified manner.

The primary contributions of this work are twofold: (1) We introduce an information-
theoretic Entropy Attention mechanism that quantifies predictive uncertainty to adaptively
focus on sparse yet critical lesion regions. This helps mitigate irrelevant background inter-
ference and alleviates the signal dilution problem prevalent in conventional models. (2) We
design a Hierarchical Feature Alignment module that leverages knowledge distillation and
KL-divergence constraints to encourage semantic consistency across network depths, thereby
improving the model’s multi-scale perceptual stability for subtle pathological features.

Comprehensive experimental evaluations demonstrate that EA-HFA achieves superior
performance on both the PlantVillage and Al Challenger 2018 datasets, attaining Top-1
accuracies of 99.29% and 97.82%, respectively, and achieving results statistically comparable
to mainstream deep learning architectures while offering enhanced interpretability. Exten-
sive ablation studies and qualitative analyses further corroborate the individual efficacy
and synergistic interaction of the proposed modules, validating the practical utility and
architectural rationality of EA-HFA.

Future work will address these challenges by (1) exploring adaptive entropy thresholds
to mitigate failure cases under extreme lesion scales; (2) introducing few-shot learning
or advanced data augmentation strategies to alleviate the small-sample bottleneck; and
(3) adapting the framework to lightweight architectures (e.g., MobileNetV3) and validating
it on large-scale, in-the-wild field imagery to bridge the domain gap and support practical
smart agriculture systems.
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