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Abstract

To address the problem of low recognition accuracy for apple leaf disease im-
ages under weak supervision with only image-level annotations, an improved
CBAM-ResNet algorithm is proposed for apple leaf disease recognition. Using
ResNet18 as the base model, the Multilayer Perceptron (MLP) in the chan-
nel attention module of the lightweight Convolutional Block Attention Module
(CBAM) attention mechanism is improved through dimensionality increase to
amplify disease feature details; the improved CBAM is integrated into residual
modules to enhance extraction of key detail features; AlphaDropout combined
with SeLU (Scaled Exponential Linear Units) is integrated into the network to
prevent overfitting and accelerate model convergence; finally, a one-cycle cosine
annealing algorithm is employed to adjust the learning rate to obtain the disease
recognition model. Training is conducted under weak supervision where sample
images are only annotated at the image level, significantly reducing annotation
costs. Through ablation experiments, the optimal dimensionality increase fac-
tor for the MLP in the improved CBAM is determined to be 2, which improves
accuracy by 0.32% compared to the original CBAM, and reduces training time
per epoch by 8 seconds despite a 17.59% increase in parameters. Experimental
testing was conducted on a dataset of 6185 images covering five diseases includ-
ing apple Alternaria blotch, brown spot, mosaic disease, grey spot, and rust.
The results show that under weak supervision, the model achieves an average
recognition accuracy of 98.44% for the five apple diseases, with the improved
CBAM-ResNet18 achieving a 1.47% improvement over the original ResNet18,
and outperforming the comparison models VGG16, DenseNet121, ResNet50,
ResNeXt50, EfficientNet-B0O, and Xception. In terms of learning efficiency,
the improved CBAM-ResNet18 reduces training time per epoch by 6 seconds
compared to ResNet18 despite a 24.9% increase in parameters, and completes
model training at the fastest speed of 137 seconds per epoch among the com-
parison models VGG16, DenseNet121, ResNet50, ResNeXt50, EfficientNet-BO,
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and Xception. Based on confusion matrix results, the model’s average precision,
average recall, and average F1-score reach 98.43%, 98.46%, and 0.9845, respec-
tively. These results demonstrate that the improved CBAM-ResNet model can
perform apple leaf disease recognition with favorable results, providing technical
support for intelligent apple leaf disease recognition.
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Abstract: To address the problem of low recognition accuracy for apple leaf
disease images under weak supervision with only image-level annotations, this
paper proposes an improved CBAM-ResNet algorithm for apple leaf disease iden-
tification. Using ResNet18 as the base model, the multilayer perceptron (MLP)
in the channel attention module of the lightweight Convolutional Block Atten-
tion Module (CBAM) attention mechanism is improved through dimensionality
expansion to amplify the feature details of apple leaf diseases. The improved
CBAM is integrated into the residual modules to enhance key detailed features,
while AlphaDropout and Scaled Exponential Linear Units (SeLU) are incorpo-
rated into the network to prevent overfitting and accelerate model convergence.
Finally, a single-cycle cosine annealing algorithm is employed to adjust the learn-
ing rate, yielding the disease recognition model. Training is conducted under
weak supervision where all sample images are only annotated with image-level
labels, significantly reducing annotation costs. Through ablation experiments,
the optimal dimensionality expansion ratio for the improved MLP is determined
to be 2x. Compared with the original CBAM, this achieves a 0.32% accuracy im-
provement while reducing per-epoch training time by 8 seconds, despite a 17.59%
increase in parameters. Tests were conducted on a dataset of 6,185 images con-
taining five diseases: apple alternaria leaf spot, brown spot, mosaic, gray spot,
and rust. The results demonstrate that under weakly supervised learning, the
model achieves an average recognition accuracy of 98.44% for the five diseases.
In terms of recognition accuracy, the model outperforms ResNetl18 by 1.47%
and surpasses VGG16, DenseNet121, ResNet50, ResNeXt50, EfficientNet-B0,
and Xception. Regarding learning efficiency, the improved CBAM-ResNet18 re-
duces per-epoch training time by 6 seconds compared to the original ResNet18,
despite a 24.9% parameter increase, and completes training faster than all con-
trol models at 137 seconds per epoch. Analysis of the confusion matrix reveals
that the model’s average precision, average recall, and average F1-score reach
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98.43%, 98.46%, and 0.9845, respectively. These results indicate that the im-
proved CBAM-ResNet model can effectively identify apple leaf diseases with
high accuracy and provide technical support for intelligent apple leaf disease
recognition.

Keywords: disease identification; residual network; attention mechanism; co-
sine annealing learning rate; transfer learning; convolutional block attention
module; multilayer perceptron

1 Introduction

Disease is a critical factor causing apple yield reduction, quality degradation,
and decreased commercial value. Timely and accurate disease identification is
essential for prompt prevention and control to minimize economic losses. Early
disease identification primarily relied on manual field inspection, which is time-
consuming, labor-intensive, and susceptible to subjective influences, resulting
in low accuracy and efliciency. Digital image processing and machine learning-
based disease recognition technologies have significantly advanced disease detec-
tion, identification, and diagnosis levels. However, traditional machine learning
techniques face difficulties in image feature extraction and exhibit insufficient
robustness and accuracy when dealing with complex backgrounds.

In recent years, deep learning technology has been extensively studied for crop
disease identification and has achieved excellent results. Zhu et al. [?] utilized
Inception V2 with Batch Normalization (BN) to provide multi-scale image fea-
tures for a Region Proposal Network (RPN), achieving good performance in
plant leaf recognition under complex background conditions. Ding et al. [?]
constructed a convolutional capsule network based on the VGG-16 model, im-
proving the noise resistance of lily disease diagnosis models. Li et al. [?] proposed
a deep learning-based custom backbone for constructing a plant pest video de-
tection system, highlighting information regions to enhance model recognition
capability with good robustness. Zhou et al. [?] proposed a tomato leaf disease
classification and recognition method based on improved MobileNetV3, enabling
real-time non-destructive detection of tomato diseases. Although deep learning
has achieved obvious advantages in recognition accuracy, it requires a large
number of precisely annotated images as a foundation. In disease identification
tasks, annotation costs are extremely high due to factors such as specialized do-
main knowledge requirements, complex backgrounds, and target diversity [?].
Unsupervised learning often struggles to achieve good results under complex
backgrounds [?]. How to utilize the large number of imprecisely annotated sam-
ples that exist in practice for model learning while achieving sufficiently high
recognition performance is an urgent problem to be solved [?]. In this context,
weakly supervised learning [?, ?] has attracted significant attention. In image
recognition tasks, weakly supervised learning only requires image-level informa-
tion annotation—i.e., labeling image categories without marking the specific
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location of targets in images—to train models for recognition. Durand et al. [?]
proposed a weakly supervised learning method for deep convolutional neural
networks (WILDCAT), which learns multi-level locally enhanced features under
spatial invariance constraints, achieving good results in three visual recognition
tasks: image classification, weakly supervised object localization, and semantic
segmentation.

The key challenge in weakly supervised learning is how to effectively focus on
features in images without pixel-level annotations. Since attention mechanisms
can automatically focus learning on important regions in images by assigning
different weights to each channel, making model learning more flexible, they
are widely used in weakly supervised learning. Choe and Shim [?] proposed
an Attention-Based Dropout Layer (ADL) that utilizes self-attention mecha-
nisms to process model feature maps, highlighting information regions to im-
prove model recognition capability. Regarding deep features for determining
localization, Zhou et al. [?] proposed adjustments to the global average pooling
layer to enable convolutional neural networks to retain excellent localization
properties.

For apple disease identification problems, although strongly supervised learning
networks achieve good recognition results [?], they suffer from high annotation
costs and limited disease samples. Existing weakly supervised learning methods
still cannot quickly and effectively learn leaf disease detail features from apple
disease images with complex backgrounds, resulting in low learning efficiency
and unstable convergence. To address the lack of high-precision pixel-level an-
notated datasets and the inability of current weakly supervised methods to ef-
fectively focus on dense, small-target apple leaf diseases—leading to low model
learning efficiency and unstable convergence—this paper proposes an improved
CBAM-ResNet18 model. This model employs dimensionality-expanded multi-
layer perceptron (MLP) to improve the channel attention mechanism in the
Convolutional Block Attention Module (CBAM) and integrates the improved
CBAM into the ResNet18 model. AlphaDropout modules are introduced into
the model along with the Scaled Exponential Linear Units (SeLU) activation
function to prevent overfitting, and a single-cycle cosine annealing algorithm is
used to adjust the learning rate. Trained under weak supervision using only
image-level category labels, the model achieves accurate identification of apple
leaf diseases.

2.1 Apple Leaf Disease Image Acquisition

Alternaria leaf spot, brown spot, mosaic, gray spot, and rust occur in large
numbers and have wide distribution ranges on apple leaves. These diseases
appear as small, densely distributed lesions that require high detail feature
extraction, making them difficult to identify. Therefore, this study selected
these five apple leaf diseases as recognition targets. The image data used
in this study were partly collected from 2019 by Zhou Minmin [?] at three
experimental stations: Baishui Apple Experimental Station (109°33 32 N,

chinarxiv.org/items/chinaxiv-202305.00205 Machine Translation


https://chinarxiv.org/items/chinaxiv-202305.00205

ChinaRxiv [$X]

35°12 45 E), Luochuan Apple Experimental Station (109°22 35 N, 35°47 25 E),

and Qingcheng Apple Experimental Station (107°5536 N, 36°0 30 E) of

Northwest A&F University. A total of 3,217 images were collected un-

der different weather conditions (sunny, cloudy, rainy) with a resolution of

5128 x512pizels. T heotherpartwascollected fromJulytoOctober2022inanappleorchardinQianCounty, Shaanx
pixels. Both datasets contain the five common diseases—alternaria leaf spot,

brown spot, mosaic, gray spot, and rust—under both simple and complex

backgrounds, as shown in Figure 1 [Figure 1: see original paper].

2.2.1 Data Augmentation

To improve model generalization capability, anti-interference ability under com-
plex backgrounds, and avoid training overfitting, image samples were augmented
[?]. In the pre-training dataset collected by Zhou Minmin [?], 11 data augmen-
tation methods were applied: two image rotations, one horizontal and vertical
flip, two sharpness adjustments, two brightness adjustments, two contrast ad-
justments, and one Gaussian blur, resulting in 24,348 disease images in the final
pre-training set. For images captured in the Qian County orchard, four aug-
mentation types—rotation, shift, flip, and brightness variation—were used to
expand the dataset, yielding 6,185 disease photos. In this study, only image-level
category annotations were performed without pixel-level labeling, significantly
reducing annotation costs.

3.1 ResNet Model

To address gradient vanishing and explosion problems in deep networks, He et
al. [?] proposed the Residual Network (ResNet) based on skip connections and
identity mapping in 2015, as shown in Figure 2 [Figure 2: see original paper].
Let x be the input signal, which undergoes two linear transformations to obtain
H(z). During model learning, the output signal H(x) tends to stabilize, and the
originally weighted x becomes an identity mapping, making the output signal
H(z) equal to the input signal x [?]. For apple leaf disease identification, since
most scenarios require rapid and correct disease recognition on mobile devices,
a residual network model with fewer parameters should be adopted. Therefore,
this study employs ResNet18.

3.2 CBAM Attention Mechanism and Its Improvement

Traditional convolutional neural networks transmit features indiscriminately to
the next layer, making it impossible to focus on effective information, especially
under weak supervision conditions. To address this issue, this paper integrates
an attention mechanism into the convolutional neural network. CBAM [?] con-
sists of a Channel Attention Module (CAM) [?] combined with a Spatial Atten-
tion Module (SAM) [?]. Tt first applies average pooling and global pooling to the
feature map U, compressing it to 1 x 1 x C' format. The two compressed feature
maps are then fed into an MLP with a two-layer neural network containing a
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hidden layer in the middle, which reduces the dimensionality of the compressed
1 x 1 x C feature map to 1 x 1 x C/r. The MLP outputs undergo element-wise
addition, and finally, a Sigmoid function generates channel attention feature
weights that act on the feature map U to produce a new feature map. The
spatial attention mechanism complements channel attention by extracting key
feature information in the image space.

Since apple leaf diseases are small in size and densely distributed, accurate
and rapid recognition requires high detail feature extraction. To enable the
shared neural network in the CBAM channel attention module to better capture
disease details, this paper proposes an improved structure, as shown in Figure 3
[Figure 3: see original paper|. The original shared neural network first reduced
the 1 x 1 x C feature map to 1 x 1 x C'/r and then expanded it to 1 x 1 X
C. However, dimensionality reduction causes significant detail loss, affecting
the final generated channel attention weights and failing to emphasize detailed
features. The improved CBAM attention mechanism reverses this process by
first expanding to 1 x 1 x rC and then reducing to 1 x 1 x C, thereby enhancing
CBAM'’s ability to distinguish apple leaf disease features.

3.3 SeLLU Activation Function

When models are large with numerous parameters, training is prone to overfit-
ting. To address this, Dropout is introduced to achieve regularization effects.
Dropout deactivates some neurons to improve model generalization, but the
distribution of activation values may change after each Dropout operation. In
response, Klambauer et al. [?] proposed AlphaDropout and a new activation
function SeLLU that can maintain consistent mean and standard deviation be-
tween input and output. Compared to the ReLU (Rectified Linear Activation
Function) [?], SeLU has no dead zone, as shown in Equation (1), and its influ-
ence exists in a saturation region at negative infinity. After SeLU activation, the
sample distribution is automatically normalized to zero mean and unit variance,
ensuring that gradients do not explode or vanish during training.

if
SeLU — ) T ifx >0
ae® —a ifxr <0

where A and « are hyperparameters, with A & 1.05 and aA ~ 1.67; x is the input
value. This study combines AlphaDropout with SeLLU to keep the feature map
input distribution unchanged, enabling the model to better prevent overfitting
and improve convergence speed and effectiveness.

3.4 Cosine Annealing Algorithm for Learning Rate Adjust-
ment

This study employs a single-cycle cosine annealing algorithm [?] to decay the
learning rate, as shown in Equation (2). Since this study uses a single cycle, i
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is set to 1. 7"®* and n;™'" represent the maximum and minimum learning rates,
respectively, defining the learning rate range. T, denotes the current epoch
number, updated after each batch in every epoch, and 7 is the total number of
epochs (100 for pre-training and 50 for the training stage in this study). The
learning rate begins with a warmup phase at a very small value to prevent large
learning rates from causing model instability. After the warmup phase, cosine
annealing optimizes the learning rate.

. 1 ) T
e =m0 =) | 14 cos | =
2 T,
MiN jg the minimum learning rate, 7i"®* is the maximum learning rate,
is the current epoch number, and T is the total number of epochs.

where 7
T,

cur

3.5 Improved ResNetl18 Disease Recognition Model

Based on the above improvements, this study proposes an apple leaf disease
recognition model called CBAM-ResNet18, with the structure shown in Figure
4 [Figure 4: see original paper]. The improved CBAM attention mechanism is
integrated into each Res module of the network to better capture disease detail
information and reduce complex background interference. ReLU is replaced
with SeLU and combined with AlphaDropout to avoid neuron “death,” prevent
model overfitting, and maintain consistent input-output distributions. A single-
cycle cosine annealing algorithm optimizes the learning rate to maintain stability
during convergence and avoid fluctuations.

The input to the improved model is a 224$ x 224pixzel RG Bimage. A fterinitialconvolutionalandpoolinglayers fo
convolution. After Batch Normalization (BN), a CBAM module generates

feature weights. In the improved CBAM channel attention mechanism,

feature maps undergo channel expansion first, then reduction to 1 x 1 x 64,

1 x1x128, 1 x 1 x 256, and 1 x 1 x 512 in the four Res modules,

respectively, to obtain feature coefficients that are multiplied with the

input feature map to produce new feature maps. All four Res modules use

3$x 3convolutionkernelswithquantitieso f64, 128, 256, and512, producing featuremapsizeso f56 x 56, 28 x 28, 14
pixels, respectively.

Global Average Pooling (GAP) and Fully Connected (FC) layers are followed
by an AlphaDropout module to prevent overfitting. The Softmax function is
used for classification, as shown in Equation (3), with the maximum probability
value output as the result to complete apple leaf disease identification.

evi

= Z] 61]'

Softmax(z;)

where z; is the input signal, e”: is the exponential function of input signal z;,
and Zj €% is the sum of exponential functions for all input signals z;.
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4.1 Model Training Environment and Parameter Settings

Model training was conducted on a CPU configured as Intel® CoreTM i7-
11800H @ 2.30 GHz, with an RTX 3060 Laptop GPU (6 GB VRAM) and
16 GB RAM, based on the Windows 10 operating system. The deep learning
algorithm training platform was built using the TensorFlow framework (Python
version 3.9.7, TensorFlow version 2.8.0).

Following transfer learning principles, model training in this study is divided
into pre-training and training stages. The pre-training stage learns on Zhou
Minmin’s [?] dataset and saves the best model, which is then fine-tuned using
the Qian County dataset. In the pre-training stage, the input image resolution is
2248 % $224 pixels, batch size is 16, and one iteration through all training samples
constitutes one epoch with 100 total epochs. The Adaptive Moment Estimation
(ADAM) algorithm optimizes the model with cross-entropy loss function. To
maintain stable training while accelerating convergence, the initial learning rate
is set to 10™* and rises to 0.001 after the warmup phase, then adjusted using
cosine annealing and finally decayed to 0. The training stage sets epochs to 50
and warmup epochs to 10, with other parameters identical to pre-training.

4.2 Ablation Experiments

To investigate the effects of the improved CBAM, AlphaDropout, and single-
cycle cosine annealing optimization algorithm under weakly supervised learning
conditions, three groups of ablation experiments were conducted.

4.2.1 Impact of Improved CBAM

To explore the impact of improved CBAM on the ResNet18 network and de-
termine the optimal dimensionality expansion ratio for the channel attention
mechanism’s shared neural network, four different MLP settings were tested
on the original ResNet18 network: (1) original ResNet18 with original CBAM,
(2)-(4) improved CBAM with shared neural networks expanded to 1 x 1 x 2C,
1x1x3C,and 1 x 1 x 5C before reduction to 1 x 1 x C'. Training and testing
were performed on the same dataset, with results shown in Table 2 .

Table 2. Model Performance Under Different Dimension-Up Strate-
gies of the Shared Neural Network in CBAM

Strategy Feature Map Size Accuracy (%) Parameters Training Time (s/epoch)
Original CBAM 1x1x C/2 97.02% 11,889,885 145
1x1x2C 1x1x2C 98.44% 13,981,725 137
1x1x3C 1x1x3C 97.14% 15,376,285 142
1x1x5C 1x1x5C 97.99% 18,165,405 140
No CBAM - 96.70% 11,189,893 143
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As shown in Table 2, expanding the feature map to 1 x 1 x 2C yields the best
performance, with accuracy 1.3% and 0.45% higher than the other two expan-
sion methods, respectively, and 0.32% higher than the original CBAM attention
mechanism. Moreover, the 1 X 1 x 2C expansion has 9.97% fewer parameters
than group (3) and 29.92% fewer than group (4), while being 17.59% higher
than the original CBAM. It also achieves the fastest learning speed, reducing
training time by 8 s, 5 s, and 3 s compared to groups (1), (3), and (4), respec-
tively. These results indicate that expanding instead of compressing feature
maps can amplify disease details and effectively extract image features, but
excessive expansion also amplifies complex background noise, affecting recogni-
tion. Therefore, considering accuracy, parameters, and learning efficiency, this
study selects the improved attention mechanism with 1 x 1 x 2C' expansion.

4.2.2 Impact of AlphaDropout Combined with SeLU

To verify the impact of AlphaDropout combined with SeLU on ResNet18 for
apple leaf disease recognition under weak supervision, the original ResNet18
network was tested with AlphaDropout+ReLU, AlphaDropout+SeLU, and the
original ReLLU. The performance of the three models under the same conditions
is shown in Table 3 .

Table 3. Model Performances with Different Activation Functions

Activation Function Accuracy (%) Training Time (s/epoch)

ReLU 97.21% 139
AlphaDropout+ReLU  97.21% 139
AlphaDropout+SeLU  97.34% 137

Compared with ReLU, AlphaDropout+SeLLU achieves the highest accuracy of
97.34%, an improvement of 0.13% over AlphaDropout+ReLU, while reducing
per-epoch training time by 2 seconds. This is because SeLLU effectively avoids
the “dead neuron” problem, enhances model expression capability, and its self-
normalizing property combined with AlphaDropout ensures zero-mean and unit-
standard-deviation outputs, accelerating model convergence.

4.2.3 Impact of Single-Cycle Cosine Annealing Optimization Algo-
rithm

To investigate the impact of the single-cycle cosine annealing optimization algo-
rithm, it was compared with dynamic exponential decay learning rate strategies.

As shown in Table 4 | the cosine annealing optimization algorithm stabilizes the
model during the initial warmup phase and later adjusts the learning rate to
enable better learning of disease features, achieving 0.09% higher accuracy than
dynamic decay. Figure 5 [Figure 5: see original paper| shows the validation
accuracy curves using different learning rate strategies. The cosine annealing
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optimized learning rate decays reasonably in the later stages, enabling rapid
convergence while maintaining high accuracy. In contrast, exponential decay
learning rate still exhibits large fluctuations after the same training epochs,
resulting in poor convergence.

Table 4. Model Performances with Different Learning Rate Adjust-
ment Methods

Learning Rate Method Accuracy (%) Training Time (s/epoch)
Single-cycle cosine annealing 98.44% 137
Dynamic exponential decay  98.35% 139
Fixed learning rate 96.70% 143

4.3 Pre-training Process Comparison Analysis

After determining the optimal parameters for the improved model, the perfor-
mance of the improved CBAM-ResNetl8 during pre-training was evaluated.
Under identical conditions, ResNet18, ResNet50, DenseNet121, VGG16, Xcep-
tion, ResNeXt50, EfficientNet-B0, and the improved CBAM-ResNet18 were pre-
trained. The accuracy and loss values of each model on the validation set after
pre-training are shown in Figure 6 [Figure 6: see original paper].

As seen in Figure 6, except for VGG16, the other seven models show an over-
all upward trend in validation accuracy and decreasing loss values to a rela-
tively stable range. VGGI16 accuracy remains around 21% and cannot con-
verge. Among converged models, EfficientNet-BO exhibits large fluctuations
with accuracy around 60% and poor convergence. ResNetl8 and ResNet50
oscillate significantly around 96% accuracy, with ResNet18 showing more pro-
nounced oscillations even dropping to 60-80%, while loss values fluctuate around
0.2. Multi-scale structures Xception and ResNeXt50 converge more stably with
accuracy around 96% and minor fluctuations, with loss values stable around
0.1. DenseNet121 achieves stable accuracy and loss values around 96% and
0.1, respectively, performing better than ResNet50. This is because under weak
supervision without pixel-level annotations, models have insufficient learning ca-
pability for effective disease features, resulting in unstable accuracy and loss val-
ues with large fluctuations. In contrast, the improved CBAM-ResNet18 model
demonstrates significantly more stable performance.

4.4 Disease Identification Experiments and Results Analy-
sis

To further compare model effectiveness for apple leaf disease identification, the
pre-trained models were saved and transferred to the training set for fine-tuning
to obtain target models. Disease identification experiments were then conducted
on the test set to evaluate classification performance. Model performance was
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evaluated using accuracy, parameter count, and training time, with accuracy
calculated as shown in Equation (4).

TP + TN
TP +FP + TN +FN

Accuracy =

where TP is the number of positive samples correctly predicted as positive, TN
is the number of negative samples correctly predicted as negative, FP is the
number of negative samples incorrectly predicted as positive, and FN is the
number of positive samples incorrectly predicted as negative.

Experimental results are shown in Table 5 .

Table 5. Performance Comparison of Different Classic Networks for
Apple Leaf Disease Recognition

Validation Test Accuracy Training Time
Model Accuracy (%) (%) Parameters (s/epoch)
VGG16 21.00 20.51 134,281,029 143
DenseNe36 20 98.12 7,042,629 156
ResNet506.00 98.18 23,597,957 156
ResNeX##)00 98.29 23,084,933 442
ResNet186.00 96.97 11,189,893 143
EfficientBeH0 90.12 4,055,969 139
BO
XceptiorD6.00 97.93 20,778,725 149
CBAM98.50 98.44 13,981,725137
ResNetl18

As shown in Table 5, the improved CBAM-ResNet18 proposed in this study
achieves test set accuracies 77.93%, 0.32%, 0.26%, 1.15%, 1.47%, 8.32%, and
0.51% higher than VGG16, DenseNet121, ResNet50, ResNeXt50, ResNet18,
EfficientNet-B0, and Xception, respectively. ResNet50 utilizes residual struc-
tures to ensure strong feature learning capability, achieving 98.18% accuracy.
DenseNet121’s fundamental Dense Block structure enhances feature propa-
gation and encourages feature reuse, enabling it to achieve similar accuracy
to ResNet50 with only one-third the parameters. ResNeXt50’s training time
reaches 442 s/epoch due to numerous parallel branches that significantly
reduce computational efficiency. Similar to ResNeXt50, Xception’s multi-scale
structure leads to cross-computation among model parameters, resulting in high
computational time. In contrast, the improved CBAM-ResNet1l8 maintains
ResNet18’s low parameter count while reducing per-epoch training time by 19
seconds compared to ResNet50 and achieving 0.26% higher accuracy, making
it suitable for deployment on hardware terminals with limited storage and
computational performance.
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Relative to ResNet18, despite a 24.9% parameter increase, the improved model
not only avoids the negative impact of increased parameters on learning effi-
ciency but actually improves both learning efficiency and speed, reducing per-
epoch training time by 6 seconds. This is because the improved attention mech-
anism enables convolutional layers to more quickly focus on disease features
in feature maps, enhancing feature learning rate and training efficiency while
reducing training time despite increased parameters.

4.5 Multi-Class Recognition Confusion Matrix

The confusion matrix is commonly used for multi-class performance evaluation.
This study involves five apple leaf diseases. The improved CBAM-ResNet18
model was used to classify the test set data, yielding the confusion matrix shown
in Figure 7 [Figure 7: see original paper].

Figure 7. Confusion Matrix of Apple Leaf Disease Test Set

The confusion matrix evaluation metrics typically include Precision, Recall, and
F1-score, calculated as shown in Equations (5)-(7).

TP
Precision = —— x 1
recision = 0 X 00%
TP
Recall = m X 100%

Fl—9x Precision x Recall

Precision + Recall

where TP and FN represent the numbers of disease samples correctly and in-
correctly identified as a certain class, respectively; FP and TN represent the
numbers of disease samples incorrectly and correctly identified as not belonging
to a certain class, respectively. Precision is the proportion of correctly pre-
dicted samples among all samples predicted as a certain class (%). Recall is
the proportion of correctly predicted samples among all samples of the true
class (%). Fl-score is the harmonic mean of precision and recall, providing a
comprehensive evaluation.

Based on the confusion matrix in Figure 7, the experimental results for the five
apple leaf disease types are shown in Table 6 .

Table 6. Experimental Results of Precision, Recall, and F1 Scores for
5 Types of Apple Leaf Diseases

Disease Class Precision (%) Recall (%) F1-Score
Alternaria Leaf Spot  98.41 98.00 0.9820
Brown Spot 98.51 99.00 0.9925
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Disease Class Precision (%) Recall (%) F1-Score
Mosaic 98.51 98.00 0.9825
Gray Spot 97.00 97.00 0.9700
Rust 98.51 99.00 0.9925
Average 98.43 98.46 0.9845

As shown in Table 6, the improved CBAM-ResNet model achieves good results
in precision, recall, and F1-score. From Figure 7, the most misclassifications oc-
cur between gray spot and alternaria leaf spot. Ten alternaria leaf spot images
were misidentified as gray spot, and seven gray spot images were misidentified
as alternaria leaf spot. This is because gray spot appears as yellow-brown cir-
cular dots on apple leaves while alternaria leaf spot appears as brown circular
dots, with very similar color, shape, and size distribution, making them easily
confused. The other three diseases achieve precision, recall, and F1-scores close
to 100% with good recognition performance. Four rust images were misidenti-
fied as mosaic and one mosaic image as rust due to their similar appearance
when densely distributed. Additionally, two gray spot images were misidenti-
fied as small-area brown spot because brown spot leaves have green surfaces
with brown spots. The overall number of misidentifications is small, indicating
that the improved CBAM-ResNet model performs well and can be applied to
real-world apple leaf disease identification.

5 Conclusion

To address the problems of low recognition accuracy and learning efficiency for
apple leaf disease images under weak supervision with only image-level labels,
this study proposes an apple leaf disease recognition model. Based on ResNet18
with inserted CBAM, the MLP in CBAM is improved by first expanding di-
mensions to better highlight apple leaf disease feature details before reduction,
enabling the model to more effectively learn disease features and details. Ad-
ditionally, improvements to the activation function and learning rate enhance
training efficiency with greater focus on disease detail learning. The following
conclusions are drawn:

1) Using ResNet18 as the base model, CBAM is inserted into each residual
block. The MLP in CBAM is improved by reversing the dimensionality
operation from “reduce-then-expand” to “expand-then-reduce,” which ef-
fectively amplifies disease feature details in apple images and enhances
convolutional layer efficiency for disease feature extraction.

2) Under weakly supervised learning conditions, the improved CBAM-
ResNet18 network model achieves an average recognition accuracy of
98.44% for five apple leaf diseases. This not only surpasses control models
(VGG16, DenseNet121, ResNet50, ResNeXt50, ResNetl8, EfficientNet-
B0, Xception) in accuracy but also, despite a 24.9% parameter increase
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over the original ResNetl8, avoids the negative impact of parameter
increase on learning efficiency and training time seen in traditional
convolutional neural networks. Instead, both learning efficiency and
speed are improved, reducing per-epoch training time by 6 seconds
compared to the original ResNet18 and outperforming all control models.

3) Through confusion matrix analysis of class-wise recognition results, the av-
erage precision, average recall, and average F1l-score for the five diseases
reach 98.43%, 98.46%, and 0.9845, respectively. Mosaic, brown spot, and
rust achieve precision, recall, and Fl-scores very close to 100%, verify-
ing the superior performance of the improved CBAM-ResNet18 model in
effectively distinguishing apple diseases.

4) Although the weakly supervised learning condition can effectively focus
on apple leaf disease feature details to achieve excellent accuracy and
learning efficiency, there remains room for improvement in model size and
parameter count. Future work will consider establishing a cloud-based
apple leaf disease recognition and diagnosis service system and developing
a mobile App to meet industrial application requirements.
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