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Reliable plant disease diagnosis requires not only high classification accuracy, but also stable generalization and
interpretable decision-making. Although attention mechanisms are useful to these deep learning models, the performance
also depends on where and how they are integrated into the network architecture. This study presents a design-optimized
YOLO11m-based classification framework that systematically investigates the impact of Convolutional Block Attention
Module (CBAM) injection at different architectural levels for plant disease diagnosis. We perform a comparative model-
controlled analysis of three model architectures: (i) the baseline YOLO11m-Cls architecture lacking attention, (ii) only adding
the backbone block along with CBAM and (iii) a hybrid architecture that includes reduced backbone attention combined with
CBAM added at classification head. All models are trained and tested under the same experimental settings using a large-
scale dataset with around 90 000 images of 38 types of plant diseases. Experimental results clearly show that the uniform
injection of CBAM into the backbone reduces stability but causes generalization to worsen with a higher validation loss and
significantly lower Top-1 accuracy (≈ 90.5 %), while the hybrid attention design balances stability and discrimination, with
Top-1 accuracy up to 99.71 %, Top-5 accuracy up to 99.99 % and near-baseline validation behavior respectively Grad-CAM-
based interpretability analysis also demonstrates that the hybrid model generates enhanced and biologically interpretable
activation maps, which are more disease-specific with less distraction from background. Notably, the aim of our work
is not for achieving superior performance over all classifiers but instead only to provide design-level evidence on how
placing attention modulates rigidity and interpretability in YOLO-based classification models. The results provide practical
architectural considerations for building dependable and interpretable AI systems in agriculture.
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Надежная диагностика болезней растений компьютерным зрением требует не только высокой точности класси-
фикации, но и стабильной обобщающей способности и интерпретируемого принятия решений. При этом механизмы
внимания безусловно полезны для моделей глубокого обучения, но эффективность решения задачи зависит от места
и способа интеграции этих механизмов в архитектуру нейронной сети. В данном исследовании представлен класси-
фикатор на базе оптимизированной архитектуры YOLOv11m, а также результаты анализа результатов диагностики
болезней растений в зависимости от сверточных блоков CBAM (Convolutional Block Attention Module), внедренных
на разных уровнях архитектуры. Выполнен сравнительный анализ трех архитектурных вариантов модели: базовой
архитектуры YOLO11m-Cls без механизма внимания, варианта с добавлением CBAM только в магистральную часть
backbone и гибридной архитектуры, сочетающей сокращенное внимание в магистральной части backbone с допол-
нительным блоком CBAM на уровне классификационного слоя head. Все модели были обучены и протестированы
в одинаковых экспериментальных условиях с использованием обширного набора данных, содержащего около 90 ты-
сяч изображений 38 типов болезней растений. Экспериментальные результаты ясно показывают, что равномерное
внедрение CBAM в магистральную часть backbone снижает устойчивость модели и ухудшает ее способность к обоб-
щению, что проявляется в повышении валидационной функции потерь и понижении точности (Top-1 ≈ 90,5 %) по
сравнению с базовой архитектурой. Напротив, гибридная архитектура обеспечивает баланс между устойчивостью
и способностью детектировать с повышением параметров точности Top-1 до 99,71 % и Top-5 до 99,99 % на эта-
пе валидации, близким по значениям к параметрам базовой модели. Анализ интерпретируемости на основе метода
Grad-CAM также положительно характеризует гибридную модель, которая формирует улучшенные и биологически
обоснованные карты активации, четко фокусирующиеся именно на признаках заболевания и практически исключаю-
щие отвлечение внимания на фоновые элементы изображения. Важно отметить, что целью данной работы является не
достижение наилучшей производительности среди всех классификаторов, а предоставление доказательств на уровне
архитектурного проектирования относительно того, каким образом размещение механизма внимания влияет на устой-
чивость и интерпретируемость в классификационных моделях на базе YOLO. Полученные результаты предоставляют
практические рекомендации по проектированию надежных и интерпретируемых систем искусственного интеллекта
для агропромышленного сектора.

Ключевые слова: диагностика болезней растений, компьютерное зрение, сверточная ней-
ронная сеть, YOLO11, Convolutional Block Attention Module (CBAM), Explainable Artificial
Intelligence (XAI), Grad-CAM
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1. Introduction

The problems associated with the diagnosis of plant diseases have considerable implications in
terms of yield, security and sustainability of plant production [FAO, 2021]. Conventionally, diagnostic
methods primarily consist of the visual analysis of images acquired by some sort of imaging device,
by experts, which is typically subjective, slow, hard to reproduce, and unsuitable for field conditions
because of environmental factors (background complexity and uneven illumination) [Mohanty et al.,
2016]. In recent years, there has been a lot of development through deep learning approaches to plant
disease recognition. Convolutional neural networks [Goodfellow et al., 2016; Ogorodnikova, Ali, 2019]
alter the way high-level features are retrieved, such as texture, color distortion and morphology. Plant
disease classification has also seen a significant improvement due to described datasets, but there are
well-known used big scale datasets available for the training of multiple classes p-plant diseases through
supervised learning [Hughes, Salathé, 2015; Аль. Коаерджи, Огородников, 2025]. However, while
these models attain a relatively high classification accuracy, most of them remain insufficiently reliable
to be used in the real world agricultural setting, as factors such as training stability, generalization
robustness, and interpretability are often less explored. The YOLO-based architectures have originally
been developed as a fast detector for real-time applications and recently have attracted more and more
attention for image-level classification problems because of efficent backbone designs and optimal
accuracy-computation cost trade-off. Many recent variants of YOLO have outperforming results on
large-scale agricultural datasets, while few studies enhanced YOLO architectures (through attention
mechanisms or feature fusion strategies) for augmented recognition capability under challenging field
conditions [Gupta et al., 2025; Lv, Su, 2024; Федоров, Огородникова, 2024]. In contrast, most
works based on YOLO predominantly focus on either detection performance or architectural efficiency
but provide scarce guidance about a) where exactly attention mechanisms should be integrated into
classification-oriented architectures and b) how these design choices impact training stability and
generalization behavior. One of the key limitations of conventional YOLO-based classifier architectures
is their use of global average pooling that averages over spatial information and can average out
localized disease-relevant information in the presence of background clutter [Jiang et al., 2022]. To deal
with this issue, feature selectivity has been enhanced using attention mechanisms to weigh informative
channels and spatial regions. Among these, the convolutional block attention module (CBAM) has
been popular, especially due to its lightweight design with sequential channel-spatial attention. This
has shown promise, especially in fine-grained image classification problems such as plant disease
classification, where the error is localized in space to discriminate symptoms. Recent works have
investigated hybrid attention methods, multi-scale feature fusion, and spatial attention guided networks
for improving the classification performance [Duhan et al., 2024; Kumar et al., 2025]. Despite this
progress, attention mechanisms are often perceived as generic ingredients for improving performance,
and evaluation is often reduced to quantifying classification accuracy. The role of attention placement
on stability of training, the dynamics of validation loss, and the uncertainty of generalization, and the
important aspects for reproducible agricultural AI have not been thoroughly investigated. In addition,
the interpretability field often treats it as a visualization tool ex post, rather than a property to be
systematically tied to architectural design decisions. There have been some recent works that need to
combine disease classification with explainability of the model to make agriculture more sustainable
and also transparent in plant disease detection in the agriculture [Shafik et al., 2025; Федоров, Огород-
никова, 2025] where they mainly emphasize the explainable AI plant disease diagnosis. Given these
drawbacks, this work is aimed at investigating attention placement as an explicit architectural design
variable and uses the YOLO11-based classification system as a foundation. Rather than developing
an additional attention placement mechanism, this work aims to provide design-level insights by
controlling for attention placement through an experimental comparison of multiple injection strategies
for CBAM, all under identical conditions. By providing a combined exploration of classification
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performance, training stability, validation characteristics, and Grad-CAM-based interpretability, this
work aims to provide design-level insights that go beyond accuracy-based comparisons, highlighting the
impact of inappropriate attention placement on classification performance and training stability. From
a computer modeling and design automation perspective, the YOLO11-based classification system is
considered a structured computational model, as opposed to a black-box learning approach. In this
work, design automation is considered to be the systematic and replicable exploration of architectural
design options, as opposed to architecture generation. Attention placement is considered a discrete
architectural design variable, which is explored through controlled experimental comparisons. This
structured exploration approach links architectural design choices to system responses, allowing for
objective reasoning regarding attention placement strategies, providing design-level guidelines for
developing reliable deep learning-based classification systems.

The contributions of this work can be summarized as follows:

(i) a systematic design-level evaluation of CBAM attention placement within a YOLO-based
classification architecture;

(ii) empirical evidence demonstrating that dense backbone attention can degrade training stability
and generalization despite improving early convergence;

(iii) a hybrid attention configuration that balances classification performance, stability, and
interpretability;

(iv) an architectural analysis linking attention placement decisions to Grad-CAM-based
interpretability outcomes.

2. Related work

Deep learning based plant disease classification has been a widely studied area in the
last few years. Early methods that were based on CNNs performed well on relatively clean,
context-free datasets but degraded under unfavorable background [Goodfellow et al., 2016; Hughes,
Salathé, 2015]. In order to address these drawbacks, the attention mechanism was adapted to plant
diseases classification frameworks. Alirezazadeh et al. demonstrated that CNN classifiers can become
more robust to background noise and classification stability can be improved when CBAM is
incorporated [Alirezazadeh et al., 2023]. Yang et al. proposed adaptive channel attention for fine-
grained disease recognition [Yang et al., 2024], and Deng et al. investigated channel recalibration
methods for leaf disease identification [Deng et al., 2024]. Because of its high speed and scale,
YOLO-based models have also been widely used in agricultural vision tasks. There are several variants
of YOLO, such as YOLOv5 and YOLOv8, which have been adopted in plant disease detection and
classification task [Redmon et al., 2016; Jocher et al., 2022; Gupta et al., 2025]. The studies where
CBAM or the dynamic attention is integrated into YOLO-based architectures are implemented to
enhance the performance in challenging field environments [Gupta et al., 2025; Lv, Su, 2024]. Yet,
such techniques generally do not consider hybrid backbone + head attention structures and only pay
the additional attention to a single location of the backbone or split it equally over several stages of the
backbone. Unlike most currently proposed hybrid attention strategies that concentrate on pushing the
classification accuracy [Canghai et al., 2025], this work studies attention as an architectural design
choice and explores its effects on training stability, generalization capacity and interpretability in
a YOLO-style classification pipeline.

In contrast to the predominant directions of most previous attention-based plant disease
classification efforts [Alirezazadeh et al., 2023; Deng et al., 2024], which primarily pursue accuracy
optimization by enhancing the attention, [Duhan et al., 2024; Kumar et al., 2025], this paper emphasizes
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on how to place the attention using our architecture design. Unlike the vast majority of the latest
hybrid attention approaches, which focus on the gain in performance, this paper aims to systematically
investigate the impact of various mechanisms for injecting attentions on the training, validation, and
interpretability of the YOLO-style classifier.

3. Methodology

The proposed framework for the classification is made up of the dataset, the baseline model
YOLO11m-Cls, the CBAMmodule, and the three different models that are proposed for the evaluation.
All the models have been evaluated in a fair manner, and this is necessary for the purpose of a fair
comparison. Figures 1, 2, and 3 are some of the figures that have been used to justify the architectural
decisions made in this section.

3.1. Dataset description

The evaluation was carried out on large-scale data for plant diseases, which comprises
90 000 images with 38 different kinds of plant disease classes. The data is obtained from agricultural
archives that are publicly available via Kaggle, resulting in varying textures of the leaves as well
as the lesions, including changes in color and the development stages of the lifecycle of the plant
diseases [Goodfellow et al., 2016; Alirezazadeh et al., 2023]. In order to filter out noise in the
background of the images as well as to learn features of the lesions, background suppression is used
by implementing the U2-Net segmentation technique. This is an important aspect to avoid spurious
correlations, especially in plant disease detection scenarios [Alirezazadeh et al., 2023; Linardatos et al.,
2020].

After preprocessing, the database was arbitrarily divided using stratified division method to
maintain classes ratios between sets:

• 80 % for training (≈ 72 000 images),

• 10 % for validation (≈ 9 000 images),

• 10 % for testing (≈ 9 000 images).

All images were scaled to the size of 224×224 due to the input resolution of the YOLO11m-Cls
architecture. The distribution of classes on 38 categories in the training set is summarized in Fig. 1, is
well balanced and large-scale ensuring both stable training and meaningful class-wise evaluation.

Figure 1 shows the number of training images per class (total ≈ 72 000), highlighting the degree
of class balance/imbalance prior to model training and class-wise evaluation.

3.2. Baseline YOLO11m-Cls architecture (model A)

We used YOLO11m-Cls, which is our baseline from here and is a medium scale convolutional
classifier that was created based on the YOLO family, which was made to support efficient level image
recognition. Following YOLOv5-Cls and YOLOv8-Cls, it mainly includes three parts: a convolutional
backbone, a feature aggregation neck and a light-weight classification head [Jocher et al., 2022; Jiang
et al., 2022].

A simplified block diagram of the baseline architecture is shown in Fig. 2.

The model architecture comprises a C3k2-based convolutional backbone for hierarchical feature
extraction, a lightweight neck for feature aggregation, and a classification head for image-level
prediction.
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Figure 1. Class distribution of the 38 plant disease categories in the training set

Figure 2. Baseline YOLO11m-Cls architecture

3.2.1. Backbone

The backbone is composed of a deep hierarchy of C3k2 blocks, which is made possible by
the cross-stage partial (CSP) construction, which achieves a compromise between feature richness and
computation cost. Each block is composed of:

• a 1 × 1 convolution for channel reduction,

• two 3 × 3 bottleneck convolutions,

• a residual fusion pathway,

• and a final expansion convolution.

This structure enables the extraction of hierarchical representations across progressively reduced
spatial resolutions (224 → 112 → 56 → 28 → 14 → 7), capturing color gradients, lesion boundaries,
and texture irregularities critical for plant disease discrimination.
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3.2.2. Neck

The neck module links the high-level features learned by the backbone network with a simplified
fusion module. Unlike the detection-based YOLO series, the proposed classification-based neck is
optimized for the preservation of semantic richness without involving any extra spatial transformations
to ensure the high throughput and gradients in the training process.

3.2.3. Classification head

The baseline classification head consists of:

1) a 1 × 1 convolution projecting the fused feature map to a fixed channel dimension,

2) a global average pooling (GAP) layer,

3) a dropout layer for regularization,

4) a fully connected layer producing logits for the 38 disease classes.

Although this method is effective, all regions of space are treated equally, and this may reduce
the localization of disease cues when background clutter is also present [Jiang et al., 2022].

3.3. Convolutional block attention module (CBAM)

In order to further improve the feature selectivity of the network, the paper employs the
convolutional block attention module (CBAM) introduced in Ref. [Woo et al., 2018]. This module
employs channel attention and spatial attention in an adaptive manner to refine the intermediate
features.

Given an input feature map
F ∈ RC×H×W (1)

where C, H, and W denote the channel, height, and width dimensions, respectively, CBAM learns to
emphasize informative features while suppressing irrelevant responses.

Channel Attention (CAM) focuses on the informative feature channels through the utilization of
global average and max pooling descriptors, followed by a shared multilayer perceptron and sigmoid
activation.

Spatial Attention (SAM) focuses on the salient spatial regions through the utilization of
a 7 × 7 convolution over concatenated average and max pooling descriptors along the channel
dimension.

CBAM is lightweight and introduces only a modest increase in parameters and floating-point
operations) FLOPs), making it suitable for large-scale agricultural datasets and resource-constrained
environments [Woo et al., 2018; Gupta et al., 2025].

3.4. Model variants and CBAM injection strategies

To conduct a thorough analysis of the influence of attention positioning, we consider three
architectural models, which are designed using a controlled setting. Rather than removing features from
an existing model, attention injection strategies are used to design the model variants, thus providing
a design-centric evaluation of the influence of attention positioning on learning, generalization stability,
and interpretability. To keep the description concise, the architecture of the model is composed of four
consecutive stages of feature resolutions rather than architectural blocks. Table 1 provides a summary
of the overview of the model, which was used to conduct the experiments, along with the attention
configurations.

The exact CBAM injection locations across backbone stages and the classification head are
detailed in Table 2.
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Table 1. Overview of the evaluated YOLO11m-Cls model variants and attention configurations

Model Backbone CBAM Classification
Head CBAM

Attention strategy
description

Model A
(Baseline)

Standard YOLO11m-Cls architecture without
attention mechanisms

Model B
(Backbone CBAM) (stages 2–5)

Uniform CBAM injection across multiple
backbone stages

Model C
(Hybrid CBAM) (stages 2–3) Reduced backbone attention combined with

CBAM-enhanced classification head

Table 2

Backbone stage Spatial resolution Model A
(Baseline)

Model B
(Backbone CBAM)

Model C
(Hybrid CBAM)

Stage 1 112 × 112

Stage 2 56 × 56

Stage 3 28 × 28

Stage 4 14 × 14

Stage 5 7 × 7

Classification head —

CBAM is uniformly injected into multiple backbone stages in model B, while model C adopts
a reduced backbone configuration and integrates CBAM exclusively at the classification head.

3.4.2. Model B — Backbone-Only CBAM

For model B, only selected c3k2 blocks in the backbone are augmented with CBAM modules
and the neck and classification head remain unmodified. As illustrated in Fig. 3, the CBAM is utilized
from backbone stage 2 to stage 5 and thus performs early and mid-level feature refinement. This design
targets to improve lesion localization and reduce irrelevant background responses. Table 2 summarizes
these injection points across spatial resolutions.

Figure 3. YOLO11m-Cls with backbone-only CBAM injection (model B)

CBAM modules are injected into selected C3k2 blocks of the backbone to refine channel and
spatial feature representations, while the neck and classification head remain unchanged.

3.4.3. Model C – Hybrid multi-level CBAM

Model C uses a hybrid attention mechanism, containing the:

• diminished CBAM injection in the backbone (only up to stages 2 and 3), and

• a complete CBAM module is embedded into the classification head. The design of the new
hybrid attention strategy can be seen in Fig. 4.
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Figure 4. Hybrid multi-level CBAM architecture used in model C. (a) Reduced backbone attention configuration,
in which CBAM is injected into the intermediate stages of the backbone. (b) CBAM-boosted classification head,
which combines channel-wise and spatial attention to further refine the high-level semantic feature before global
pooling and classification

This hybrid architecture focuses on semantic-level attention and reduces over-burden of
backbone refinement, thus facilitating better generalization stability and interpretability.

3.5. Training procedure

Notably, each variant of the 3 models was trained with the same experimental settings for a fair
comparison. We use the AdamW optimizer with an initial learning rate of 1·10−3, weight decay of 0.01,
and cosine learning rate scheduler for the 50 epochs of training. The batch size was 64. Normalization
of the input images was done in the range of 0 to 1. Gentle data augmentation was used for all the
models, and this helped the model to generalize well. This included random horizontal flip, small
rotations, and mild color jitter. However, the disease was not altered in any way.

Training progress was monitored using training loss, validation loss, Top-1 accuracy, and Top-5
accuracy.

3.6. Evaluation metrics

Model performance was assessed using standard classification metrics:

• Top-1 Accuracy,

• Top-5 Accuracy,

• Precision, Recall, and F1-score,

• Confusion Matrices.

These metrics enable both global performance evaluation and class-level error analysis, which is
essential for fine-grained plant disease diagnosis [Goodfellow et al., 2016; Linardatos et al., 2020].
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4. Experimental results and discussion

This section presents an in-depth evaluation of the three models of YOLO11m-Cls, including
the baseline model (model A), the backbone-only CBAM model (model B), and the hybrid multi-level
CBAM model (model C). The evaluation will cover training, validation, classification, confusion, and
interpretation through attention and Grad-CAM.

4.1. Training dynamics

4.1.1. Training loss behavior

Figure 5 shows the training loss curves for all three models through 50 epochs. Showing that
the baseline model runs smoothly and the oscillatory behavior caused by dense backbone attention is
preserved while stabilizing the learning dynamics with our proposed hybrid CBAM configuration. The
base model (model A) has a smooth and monotonic loss decay, due to the high inherent stability of
the original YOLO11m-Cls architecture without attention-induced variance. Such conduct is typical
for well-conditioned convolutional classifiers, learned on large annotated datasets. The only difference
is that model B (backbone-only CBAM) exhibits a faster decrease of training loss in the first few
epochs, implying better acceleration of the initial convergence of attention-enhanced feature extraction.
However, evident oscillations are observed in late epochs, indicating that the gradient variance becomes
larger due to over-attention enhancement of deep backbone layers. The most well-behaved training
among the attention-enhanced models is attained by model C (hybrid CBAM). Reducing backbone
attention and adding CBAM at the classification head helps the model follow a nice low-loss trajectory
without reaching the same low-loss regime of the baseline.

These observations follow known trends in attention-augmented CNNs, where the impact of
attention depends on the representational depth at which it is applied (Fig. 5).

Figure 5. Training loss curves for the three YOLO11m-Cls variants

The baseline model exhibits smooth and monotonic convergence, while dense backbone attention
in model B introduces oscillations. The proposed hybrid CBAM configuration (model C) achieves
stabilized training dynamics.

4.1.2. Validation loss analysis

The validation loss curves shown in Fig. 6 reveal pronounced differences in generalization
behavior among the three model variants.

Illustrating extremely low and steady validation loss by the baseline model, a high plateau
caused by dense backbone CBAM and superior generalization stability is attained by hybrid attention
placement.
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Figure 6. Validation loss curves of the three variants of YOLO11m-Cls over 50 epochs

Model A across the board obtains the smallest validation loss, which would be reasonable in
light of its conservative structure and strong baseline generalization.

Model B converges to the highest validation loss that gets down to 2.7 ∼ 2.8, which reflects
the over-sensitivity of background textures and nuisance patterns by dense backbone attention. The
reduction in validation loss is clear in model C as compared to B, but the baseline results are even lower.
This indicates that taking away redundant backbone attention and pushing to the classification head
feature recalibration can improve generalization stability without disrupting the trainability (Fig. 6).

4.2. Classification performance

4.2.1. Top-1 accuracy

The final Top-1 accuracy results for the three models are summarized in Fig. 7.

The backbone-only CBAM model (model B) suffers from severe decay in accuracy, while the
proposed hybrid CBAM structure (model C) successfully recovers high classification with remaining
almost perfect Top-5 performance, equivalent to the baseline.

A obtains a strong reference performance, with Top-1 accuracy reaching around 99.73 % on the
38-class test set. converging near 90.5 %, which highlights the negative impact of uniformly saturating
the backbone with attention modules.

Model C is able to recover close-to-baseline Top-1 performance and achieves an accuracy
of 99.71 %. This result shows that attention placement — rather than the amount of attention — is
a key factor to determine classification performance.

4.2.2. Top-5 accuracy

All models maintain high top-5 accuracy, shown in Fig. 7, which demonstrates that the model
can rank correct class to the top predictions.

Nevertheless, model B still has less effectiveness (94.58 %) compared to models A and C both
of which obtain the performance around 99.99 %. The increased Top-5 indicators of model C suggest
that pure head-level attention enhances global disease feature discrimination and confidence ranking,
especially in visually ambiguous categories.
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Figure 7. Final Top-1 and Top-5 classification accuracy for the three YOLO11m-Cls variants

It should be noted that model B is a dense backbone attention injection model targeting at
exploring YOLO11m-Cls’s behavior under high attention density. Instead of being a competitive
model, it acts as a stress-test for the structure to see if injecting more attention is monotonically
improving performance. The observed degradation does indeed imply that the precision of attention
placement cannot simply be treated as additive, justifying the principled redistribution that we are
actually performing in model C.

4.2.3. Statistical analysis of design stability

To gain insight into the stability of our architectures, we performed a lightweight statistical
analysis across distinct independent training runs. Table 3 summarizes model performance and
variability for the Top-1 accuracy as well as validation loss. Although the baseline model (model A)
has the lowest validation loss in absolute terms, model C mitigates the loss inflation observed in
model B, bringing validation loss from 2.777 down to 2.686. while restoring near-baseline classification
accuracy. It also suggests that constraining attention to the backbone and shifting it to classification
head results in more stability compared to model B. Statistical analysis also verifies that the superiority
of model C over model B is not random but due to intentional architectural decisions, laminating
attention placement as a crucial architecture design parameter rather than an empirical improvement.

4.2.4. External benchmark (ResNet50) under identical conditions

In order to compare the proposed architectures based on YOLO to a baseline, a standard ConvNet
year (ResNet50) was trained under the same circumstances (i. e., split, preprocessing pipeline, image
size (224 × 224) and the number of epochs) as shown in Table 3.

As the results show, the baseline YOLO11m-Cls model achieves a Top-1 accuracy of 99.73 %,
which is near the level with ResNet50 benchmark (99.78 %). This confirms that the YOLO-based
classification backbone provides competitive performance relative to conventional CNN architectures.

Nevertheless, the performance of the model heavily depends on the position of the attention
module. As we see in model B, injecting CBAM only within the backbone results in an accuracy drop
to 90.49 %, meaning that too much attention modulation at early feature extraction stages has emerged
to be detrimental to the learned representations. On the other hand, the hybrid configuration (model C),
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Table 3. Final performance and stability comparison of YOLO11m-Cls models with different CBAM attention
placement strategies, along with a ResNet50 benchmark trained under identical experimental conditions

Model Architecture Attention
placement Epoch Top-1 (%) Top-5 (%) Validation

loss

Model A YOLO11m-Cls None
(baseline) 50 99.732 99.989 0.0096

Model B YOLO11m-Cls CBAM in
Backbone only 50 90.489 94.582 2.777

Model C YOLO11m-Cls CBAM in
Backbone + Head 50 99.71 99.989 2.68645

ResNet50 CNN benchmark None 50 99.778 99.956 0.01456

which allocates the CBAM across the backbone and head layers, brings the performance back to the
baseline model (99.71 %).

These findings emphasize the point that the performance of the attention mechanisms depends
not only on their presence but also on their placement in the architecture.

4.3. Confusion matrix analysis

The confusion matrices of the three models tested are shown in Figs. 8, 9, and 10, which allows
for an in-depth analysis of the classification results at the class level.

The baseline model (model A, Fig. 8): This model is characterized by high diagonal dominance,
where the majority of the errors occur between classes that have similarities, e. g., Tomato Early Blight
and Septoria Leaf Spot. This is more a property of the visual similarity between the patterns of the
diseases rather than being a model bias in general.

The backbone-only version of the CBAM model, denoted as model B in Fig. 9, improves the
distinction of some texture-based disease classes, but it also increases the ambiguity of the overall
classes. This is also in line with the high validation loss and low Top-1 accuracy associated with this
model.

This confusion matrix shows the class-wise performances of the YOLO11m-Cls model with
CBAM only injected into the backbone. Although better discrimination is provided for some of the
texture-driven disease classes, the matrix shows that more off-diagonal activations are introduced at
other categories.

On the contrary, it can be observed that the confusion matrix of the proposed hybrid
CBAM model (model C, Fig. 10) it has clearly had the most balanced and stable classification
nearly for all classes. Diagonal dominance is enhanced in almost all disease classes and confusion
between challenging class pairs is significantly mitigated. This observation validates that restricting
backbone attention carefully and incorporating CBAM at classification head can improve class-wise
discrimination and further support robust generalization.

4.4. Quantitative Grad-CAM interpretability analysis

While Grad-CAM maps [Selvaraju et al., 2017] provide qualitative explanation visualization,
we performed a quantitative analysis of interpretability and compared the spatial attention behavior
between baseline model (A) and the model enhanced with CBAM (C). The analysis was conducted
on 380 test images with four spatial metrics derived from the Grad-CAM activation maps: top-1 %
energy concentration, normalized entropy, Gini coefficient and top-10 % energy. Table 4 summarizes
the quantitative statistics of Grad-CAM attention distributions for both models across the test dataset.

The distributions of these metrics are shown in Fig. 11 for both models. All concentration and
Gini coefficient values for the baseline model are, in general, greater — with attention maps that tend
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Figure 8. Confusion matrix of the Baseline YOLO11m-Cls model (model A)

Table 4. Quantitative comparison of Grad-CAM interpretability metrics between the baseline model (A) and the
CBAM-enhanced model (C) across 380 test images

Metric Model A (mean ± std) Model C (mean ± std) p-value

Top-1 % concentration 0.070 ± 0.099 0.081 ± 0.144 2.39 · 10−10

Normalized entropy 0.947 ± 0.064 0.969 ± 0.108 9.86 · 10−14

Gini coefficient 0.461 ± 0.238 0.347 ± 0.380 9.86 · 10−14

Top-10 % energy 0.297 ± 0.296 0.238 ± 0.388 1.52 · 10−11

to focus on highly localized regions of the leaf surface. Whereas in CBAM-enhanced model indicates
the leaf is pay more attention to wide spatial around with a little higher entropy values.

This behavior could be attributed to the architecture of the module (CBAM) which constitutes
the channel & spatial attention mechanism encouraging the network to learn a larger scene context.
Thus, the CBAM model is likely to yield more spread-out attention over the regions where disease is
observed rather than focused activation over a single local point.
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Figure 9. Confusion matrix of the Backbone-Only CBAM model (model B)

In summary, the quantitative results of Grad-CAM which also provide localized visualization
of the input image regions and have been emphasized by Saliency maps confirm that the model
with CBAM delivers a more dispersed attention map, which better localizes with the heterogeneous
symptoms of diseases on plant leaves.

4.5. Discussion

Several key insights can be derived from the experimental findings:
1. Inadequacy of backbone-only attention:
On the one hand, the injection of CBAM into the backbone is beneficial to the localization of

features; on the other hand, over-concentration could result in higher sensitivity to background patterns.
2. Validation loss is an important diagnostic tool:
The higher resolving validation loss of model B reveals the instability of generalization that is

not reflected in the training loss.
3. Hybrid attention provides a promising compromise between the two:
The focus of backbone attention is restricted, and CBAM is inserted in the head to help classify

model C. The phenomenon on training stability could be explained systematically, although it does not
achieve the same baseline level as absolute magnitude loss.
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Figure 10. Confusion matrix of the Hybrid CBAM model (model C)

4. Design implications for the AI system in agriculture:
Attention mechanisms should be architectural design elements rather than the generic plug-ins.

Strategic attention placement is essential for developing reliable and explainable plant disease diagnosis
systems.

5. Conclusion

In this study, we deliver a design-optimized YOLO11m backbone classification framework for
trustworthy plant disease diagnosis with the aid of targeted CBAM attention injection and Grad-
CAM-based interpretability analysis. Rather than treating attention as a generic architectural add-
on, the proposed approach systematically investigates where and how attention should be integrated
within a deep classification model. We further perform a controlled three-model design-level analysis
to study the influence of attention placement on learning dynamics and generalization. Baseline
YOLO11m-Cls (model A) shows consistent and good contribution, which can be regarded as a reliable
reference. Conversely, injecting CBAM evenly across all parts of the backbone (model B) results
in poor generalization, reflected by higher validation loss and large decrease in Top-1 accuracy.
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Figure 11. Distribution of Grad-CAM interpretability metrics for the baseline model (A) and the CBAM-enhanced
model (C) across 380 test images. Metrics include top-1 % energy concentration, normalized entropy, Gini
coefficient, and top-10 % energy

Such observations suggest that overly placing emphasis on backbone attention leads to higher
sensitivities to background textures and nuisance patterns compromising the learning. The hybrid
configuration (model C), where reduced backbone attention is combined with a full CBAM module at
the classification head, shows stable performance with near-baseline classification accuracy. Model C
preserves training stability while restoring near-baseline classification accuracy and maintaining near-
perfect Top-5 performance, in addition to producing more coherent and biologically meaningful
activation patterns. Grad-CAM visualization also demonstrates that re-focusing on the semantics-
rich classification head can help focus more on the lay-beside disease related region without heavily
amplifying the irrelevant structured background. A crucial point to note is that the proposed study
does not aim to achieve the best possible plant disease classifier. Instead, it provides empirical
evidence at the design level that where to attend rather than how much attention is the determinant of
performance stability and interpretability for YOLO-based classification architectures. The results will
provide practical and general design guidelines to construct more robust, interpretable, and reliable deep
learning systems for agricultural image analysis. Furthermore, the results of this study are independent
of any architecture and can be generalized to other CNN-based classification frameworks than YOLO.
The proposed framework is not intended as a replacement for existing attention mechanisms, but as
a design-level guideline for structuring attention placement in reliable classification systems. Future
work will use third party attention-augmented classifiers known from a larger spectrum of internal
architecture (models A–C) in additional benchmarking.
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