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Abstract. Current models for disease detection in fruit tree leaves suffer from limitations such as low
recognition precision, high frequencies of missed and false detections. To address these challenges, an advanced
model AppleLite-YoloV8 is proposed in this study. Built on the YOLOv8 architecture, the model incorporates a
refined backbone with the EdgeNeXt network, enhancing feature extraction for improved identification
precision. Also a novel C2f-SC module integrates SCCONV convolution into the C2f module, creating a
lightweight architecture while reducing computational complexity. Additionally, the DySample module
adaptively modifies the up-sampling process, boosting resistance to interference and improving detection of
small-scale diseases. The MPDIOU module refines bounding box regression loss, enhancing accuracy and
robustness for objects of varying dimensions. Experimental results demonstrate the model’s effectiveness in
detecting common apple leaf diseases such as Alternaria Blotch, Brown Spot, and Grey Spot, achieving
precision,and recall values of 97.56%, 94.38%, respectively, with a detection speed of 124.33 fps. With just
29.3 million parameters and 57.6 GFLOPs, AppleLite-YoloV8 is computationally lightweight and suitable for
resource-constrained devices. These advancements make it robust, efficient, and practical for real-time disease
detection in intelligent agricultural environments.

Keywords: Apple leaf diseases / deep learning / smart agriculture / C2f-SC / edge next / MPDIOU /
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1 Introduction

Apples are cherished globally, with extensive cultivation
contributing significantly to the international agricultural
economy [1]. However, as apple tree cultivation expands, so
does the threat of diseases. These conditions not only
hinder tree growth and reduce fruit yields but also degrade
apple quality and market value, indirectly increasing
agricultural production costs and risks [2,3]. Accurate
identification of fruit tree leaf diseases, coupled with
integration into smart agricultural systems for timely
alerts and management, is vital for the robust development
of the apple industry.

Currently, apple tree leaf disease identification largely
relies on manual periodic inspections, where experts
visually identify diseases and assess their severity before
applying appropriate pesticides [4]. This method, however,
is heavily reliant on the experience and knowledge of fruit
farmers, making it challenging to ensure accuracy and
timeliness. It is also labor-intensive, requiring significant
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time and human resources, and falls short of meeting the
demands of modern intelligent agricultural management
[5–7] Click or tap here to enter text. Recently, the rapid
advancement of machine learning (ML) has prompted
scholars to explore sophisticated algorithms for fruit tree
leaf disease detection, offering new insights for intelligent
agricultural management. Solutions typically fall into two
categories: traditional MLmethods, namely those based on
Support Vector Machines (SVM) [8], Decision Trees [9],
and Random Forests [10], which reduce the demand for
human and material resources and enhance disease
identification accuracy to some extent. However, their
effectiveness relies on manually designed features, requir-
ing considerable expertise and experience to extract
effectively. Processing large-scale data requires significant
computational resources and training time [9,11].
Moreover, complex interrelationships between dataset
attributes can impair classifier performance, especially in
noisy environments, where recognition accuracy may
plummet [12]. The second category includes object
identification methods derived from deep learning (DL)
models, namely one- and two-stage approaches. Two-stage
models combine feature extraction networks and classifiers:
monsAttribution License (https://creativecommons.org/licenses/by/4.0),
in any medium, provided the original work is properly cited.

https://orcid.org/
mailto:xcc03800027@xcc.edu.cn
https://www.edpsciences.org
https://doi.org/10.1051/smdo/2025006
https://www.ijsmdo.org
https://creativecommons.org/licenses/by/4.0


2 M. Luo: Int. J. Simul. Multidisci. Des. Optim. 16, 7 (2025)
the feature extraction network initially extracting image
features, followed by the classifier categorising the targets.
Models like R-CNN, Faster R-CNN [13], etc., offer a
flexible selection of feature extraction networks and
classifiers based on different task requirements. Techniques
such as regional proposal networks provide insight into the
model’s decision-making process. However, these methods
require separate training of the feature extraction network
and classifier, consuming substantial time and computa-
tional resources. They are also highly data-dependent, and
their detection performance largely relies on high-quality
annotated data, with actual application results providing
less than ideal [14]. One-stage methods, conversely, employ
an end-to-end learning process, directly from input images
to final classification results, such as models based on VGG
[15], SSD [16], AlexNet [17], RetinaNet [18], and the YOLO
series [14,19,20]. These models complete the extraction and
classification of target features in one go, significantly
reducing model complexity and training time. Generally,
YOLO is a family of DL-based object identification
techniques that model the object identification issue as a
regression issue, transforming the raw image pixels directly
into class probabilities and bounding box coordinates. In
this manner, several advantages are apparent: high speed
and effectiveness, coupled with high accuracy, make YOLO
among the most critical research areas in the domain of
intelligent agriculture. With such a large number of
participating parameters, computational complexity for
this model becomes very high —exceeding the limits of
many low-resource platforms. Additionally, under complex
background conditions, such as small disease spot areas on
apple leaves, uneven lighting and disease similarities, the
model’s generalisation ability is limited [21]. Issues like
missed detections and false positives persist, indicating
that detection performance and complexity require further
refinement [22,23].

To meet these difficulties, this investigation presents
AppleLite-YoloV8, a streamlined approach for detecting
apple diseases. The model enhances YOLOv8 by
replacing its backbone with the more efficient EdgeNeXt
network, decreasing the model’s parameter count,
computational load, and memory footprint. The integra-
tion of SCCONV into the C2f structure creates the C2f-
SC module, further refining the model’s architecture for
increased efficiency. Additionally, a lightweight DyS-
ample module is implemented to dynamically manage
the up-sampling process, bolstering the model’s resilience
to interference and boosting its capability to identify
minute disease occurrences. In this regard, MPDIOU
module was used as the loss function for the bounding
box regression to further improve the precision of the
predicted target boundary. This significantly improves
the model’s capability in handling targets of variable
sizes. With these enhancements, precision and robust-
ness are increased for the identification of apple tree leaf
diseases (ATLD), satisfying the requirements of intelli-
gent agricultural real-time detection. It thus provides
better support for efforts toward the prevention and
control of apple diseases.
1.1 Literature Review

Liu et al. [24] proposed YOLOX-ASSANano, a lightweight,
real-time model for identifying ALD in complex natural
environments. By integrating asymmetric shuffle block,
CSP-SA module, and blueprint-separable convolution, the
model achieved 91.08%mean average precision (mAP) on a
multi-scene dataset and 58.85% on Plant Doc, operating at
122 fps with just 0.83 MB of parameters, offering a
practical solution for agricultural disease detection. Fu
et al. [25] developed a lightweight convolutional neural
network fromAlexNet to identify five ALD types with high
accuracy. The proposed model applied dilated convolution
to extract more features, with a parallel convolution
module that could analyse information at several scales and
decrease the effect of complex backgrounds using attention
mechanisms. Fully connected layers were replaced by
global pooling, which reduced the elements yet maintained
the integrity of the features. It provided an accuracy of
97.36%, a size of 5.87 MB, and thus had higher robustness
and was more practical for detecting diseases in apple
leaves within agriculture. Chao et al. [26] proposed an
advanced deep convolutional neural network by integrat-
ing DenseNet and Xception for early detection of ATLD
with an accuracy rate of 98.82%. Coupled with global
average pooling along with SVM-based classification, this
model outperforms various benchmarks in various aspects,
such as accuracy, convergence speed and robustness. The
demonstrated efficiency and reliability make this a solution
suitable for disease management and its incorporation into
intelligent apple cultivation systems. Wang et al. [27],
aiming at real-time identification of ALD on cellphones,
presented Ghost Attention YOLO, aka MGA-YOLO. The
architecture is trained on a dataset called the Apple Leaf
Disease Object Detection dataset, comprising 8,838
images. It unites three blocks: Ghost module, Mobile
Inverted Residual Bottleneck Convolution, and the
Convolutional Block Attention Module, each improving
the performance with low complexity. It achieved 94.0%
MAP with image augmentation, while compact at 10.34
MB in size, highly efficient at 84.1 fps on a GPU server and
12.5 FPS on mobile devices, hence practical to apply in the
subject. Yang et al. [28] suggested EfficientNet-MG as a
lightweight CNN for wild detection of ALD, which is
equipped with multi-stage feature fusion and a Gaussian
error linear unit activation function (GELU). It achieved
99.11% accuracy with 8.42 million parameters and attained
state-of-the-art performance compared to traditional
CNNs in advancing smart agriculture within the apple-
growing industry. Ahmed and Yadav [29] suggested a
DL-based system for detecting illnesses in apple plants
infected with different diseases in the Kashmir Valley,
dependent on apples. Grounding on diseases like Apple
Scab caused by Venturia inaequalis, they collected a
dataset of 10,000 annotated RGB images that could serve
the purpose of training CNNs. Among the five various
algorithms tested, Faster R-CNN reached an accuracy of
92%, thus offering a viable alternative for real-time
detection to traditional methods of diagnosis. It enhances
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disease management with sustainable practices and
supports the regional apple industry. Nobi et al. [30]
suggested a lightweight, transfer learning-based real-time
identification model, namely GLD-Det. The base architec-
ture is derived from the MobileNet model, which, with the
inclusion of pooling, batch normalisation, dropout, and
ReLU activation, enhances the performance. It achieved
the best accuracy of 0.98, precision of 0.98, recall of 0.97
and AUC of 0.99 on two benchmark datasets. This makes
GLD-Det useful for reducing crop loss in guava farming,
with model explainability ensured by Grad-CAM. Parez
et al. [31] presented E-Green Net, a lightweight, minimalist
DL architecture for the classification of plant illnesses. The
design, with a base design of MobileNetV3Small, achieved
accuracies of 100%, 96% and 99% on three different
datasets while outperforming the up-to-date techniques in
both accuracy and speed. E-Green Net seems reliable in
detecting diseases with rapidity and overcomes most of the
challenges involved in traditional agriculture management.
Parez et al. [31] proposed a hybrid DL framework capable
of detecting various illnesses present in a single guava leaf.
The framework uses GIP-MU-Net to segment the infected
patch and GLSM for leaf classification, while GMLDD
employs YOLOv5 for multi-disease detection. With the
identification of five classes such as anthracnose, insect
attack, and wilting using self-collected datasets, it recorded
an accuracy of 92.41% using GIP-MU-Net, 83.40% using
GLSM, and precision and recall values of 73.3% and 73.1%,
respectively, using GMLDD for effective guava disease
detection. Ni [32] developed AppleNet, a CNN that
incorporates hybrid attention and BiLSTM, to improve
apple leaf disease detection. Using a dataset from public
sources, AppleNet achieved 94.66% accuracy, surpassing
ResNet18 by 2.47% with a minimal training time increase.
Ablation experiments and comparisons with advanced
models confirmed its efficiency, showcasing the potential of
DL for intelligent plant disease management.

1.2 Research gaps and novelties

The developed AppleLite-YoloV8 model mitigates some of
the critical challenges presented by other approaches for
disease detection in apple leaves, such as limited
deployability on resource-constrained platforms, poor
detection accuracy, high rates of missed and false
detections, and high computational complexity. This is
further integrated with the EdgeNeXt network to make it
extremely lightweight, with an optimised architecture for
operation on drones and portable devices, enabling
efficient deployment in real-world agricultural settings.
Enhanced with SCCONV convolution, the C2f-SCmodule
promotes feature extraction by removing redundancy,
thereby accurately identifying intricate disease patterns
on a small scale. The DySample module further adds to
the effectiveness of the model, as it adaptively modifies the
process of up-sampling, enhancing resilience and adapt-
ability across various scales and conditions. Additionally,
the newly developed MPDIOU loss function further
enhances bounding box regression optimisation by
improving the accuracy in predicting diseases of varying
dimensions and increasing the precision of the model in
assessing target boundaries. The empirical results dem-
onstrate that AppleLite-YoloV8 achieves a precision rate
of 97.56%, a recall rate of 94.38%, and an mAP@0.5 score
of 95.54%, surpassing competing models in accuracy and
detection speed. The model detects 124 fps, thereby
satisfying demanding real-time applications and proving
to be highly suitable for intelligent agricultural scenarios.
Moreover, its resilience allows it to adapt to various and
complex natural conditions, efficiently recognising disease
characteristics while minimizing background noise. All
these developments position AppleLite-YoloV8 as a state-
of-the-art and effective methodology for the recognition,
monitoring, and management of ALD, establishing a
significant presence in the domain of intelligent agricul-
ture.

1.3 Paper Organisation

This paper explains the design, development, and evalua-
tion of the AppleLite-YoloV8 model for identifying ALD in
a structured manner. Section 2 describes the dataset
preparation, including data collection, augmentation, and
annotation, and the experimental setup. Section 3 elab-
orates on the major components of the AppleLite-YoloV8
model architecture: the EdgeNeXt network, the C2f-SC
module, the DySample module, and the MPDIOU loss
function. Section 4 presents the results, including an
analysis of model performance, ablation studies, and
comparisons with up-to-date models, and and discusses
the model’s suitability for real-world, resource-constrained
environments. Lastly, Section 5 highlights the contribu-
tions and suggests areas for further investigation in the
concluding section.

2 Dataset and preprocessing

2.1 Data collection

The dataset utilised in this study was provided by Baidu
Feijiang. It comprises images of apple leaves affected by
five types of diseases: Alternaria boltch, brown spot, grey
spot, Mosaic, and Rust. Due to the presence of numerous
duplicates in the dataset, a total of 2,795 images were
retained after deduplication. Additionally, 788 images of
both healthy and diseased leaves were captured at the
Ling-tai Apple Experimental Base to supplement the
dataset. To enhance the robustness of the detection
network, random brightness adjustments (±30%) were
applied to simulate variations in lighting conditions, and
contrast perturbations (±20%) were employed to random-
ly alter image contrast, thereby improving the model’s
adaptability to diverse lighting conditions and image
qualities. Histogram equalisation was further utilised to
enhance the visibility of low-contrast disease spots.
Moreover, data augmentation techniques such as Gaussian
noise (mean=0, standard deviation=0.02), rotation (±15
degrees), and scaling (0.9–1.1) were applied to the images
to compel the model to learn disease spot distributions
across different scales and angles. Ultimately, a total of



Fig. 1. Image examples of the dataset, Note: Alternaria Bolich: Black circular lesion with a diameter of 2-5mm and clear edges; Brown
Spot: Brown circular patches (3-8mm) with yellowing halo around them; Grey Spot: Gray irregular spots (1-3mm), mostly distributed
near the leaf veins; Mosaic: Yellow and green stripes, distributed in a network pattern; Rust: Orange powdery spots (<2mm), easily
confused with leaf rust.

Table 1. Dataset split by disease category.

Disease categories Dataset
training set Test set

Healthy 492 123
Alternaria boltch 718 180
Brown spot 784 196
Grey spot 665 166
Mosaic 722 181
Rust 743 186

Note: There is a mild class imbalance in the dataset. To preserve
the real-world data distribution, we avoid over-sampling or
under-sampling. Instead, we train with the original class
proportions to test the model’s robustness to imbalanced data.
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5,156 images were obtained for model training and testing
tasks. Fig. 1 displays images of apple leaf diseases from
different categories in the dataset.

2.2 Classification criteria and methods

To ensure the generalisation capability of the model during
training and the objectivity of the evaluation, a stratified
sampling method was employed to divide the dataset into
training and testing sets. All images were initially annotated
using LabelImg, and duplication was performed using MD5
hash verification to ensure that images of the same leaf
captured from different angles were exclusively assigned to
the same set. The division was conducted using the scikit-
learn library in Python, with a random seed set to 42. The
training and testing set for eachdisease categorywere split in
an 80:20 ratio to maintain consistent class distribution.
Table 1 presents the results of the dataset division.

3 Detection model

3.1 AppleLite-YoloV8 model

YOLOv8 signifies the recent advancement in the YOLO
algorithm, with its high scalability making it appropriate
for a variety of tasks, including image classification,
semantic segmentation, and pose estimation. The network
construction of the model consists of a detection head,
neck, and backbone. The backbone uses a CSP structure,
incorporating Conv, C2f, and SPPF units. The C2f
unit enhances gradient flow by adopting the ELAN design
from YOLOv7. The neck network combines FPN and
PAN, enabling multi-scale feature extraction and spatial
information transmission, significantly improving detec-
tion capabilities. The identification head adopts a
decoupled structure, separating classification from detec-
tion, and employs Anchor-Free technology, which
improves the speed and accuracy of target localisation
[33].

To meet the demand for rapid and efficient disease
detection in smart agriculture, this paper, based on
YOLOv8, adopts a lightweight design scheme to construct
the AppleLite-YoloV8 model, increasing its suitability for
use on devices with limited resources namely, drones and
handheld detectors. The AppleLite-YoloV8 model struc-
ture is shown in Figure 2.

AppleLite-YoloV8 has three parts:

–
 The backbone uses a lightweight EdgeNeXt network
instead of YOLOv8’s original CSP structure, and uses
adaptive N�N convolution and the SDTA attention
module for multi-scale feature extraction.
–
 The neck combines FPN and PAN, and uses the
DySample dynamic up-sampling module to optimise
feature resolution for small-object detection.
–
 The head adopts an Anchor-Free structure to decouple
classification and regression tasks and uses the MPDIoU
loss function to improve bounding box localisation
accuracy.

3.2 EdgeNeXt lightweight network

EdgeNeXt is a lightweight hybrid network structure based
on the MobileNetV3 architecture [34]. This structure
utilises inverted residual blocks and depth-wise separable
convolutions (DSCs) to efficiently reduce the number of
parameters and computational requirements. It improves
the model’s concentration on main features through
attention mechanisms, enhancing feature utilisation effi-
ciency. Additionally, the introduction of multi-scale
feature fusion further improves the model’s perspective
of features at different scales, aiding in the precision of



Fig. 2. AppleLite-YoloV8 Network Model.
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small target identification. Despite the addition of new
structures and attention mechanisms, EdgeNeXt main-
tains a focus on lightweight design, ensuring high accuracy
without excessively increasing the computational burden.

As shown in Figure 3, EdgeNeXt has adaptive N�N
convolution (NxN Conv, Encoder) and split depth-wise
transpose attention (SDTA). The encoder’s core is
depthwise separable convolution, which dynamically
adjusts kernel size for spatial mixing. During data
processing, the encoder first normalises the data through
standard layer normalisation, then uses a linear layer and
Gaussian error linear unit (GELU) to simulate a pointwise
convolution, calculating weights across the depth dimen-
sion. This enhances network expressiveness while keeping
themodel lightweight. Also, residual connections are added
to the encoder to optimise training and mitigate gradient
vanishing or explosion.

SDTA has twomain components. The first analyses the
input image, extracting spatial features at different levels
for an adaptive multi-scale representation. The second
handles global image encoding, capturing overall informa-
tion and structure. SDTA’s cross-covariance attention
mechanism dynamically enhances lesion area feature
responses and suppresses light interference. It does this
by calculating the cross-covariance matrix between the key
and query matrices of the features, dynamically adjusting
the features. This makes the model focus more on key
features, better capturing lesion areas in images, and also
strengthens its robustness under different lighting con-
ditions, improving detection accuracy.

Assuming the input to the network is a feature map
H�W�C, three weight matrices WQ, WK and WV are
used to perform linear transformations on the tensor F of
the feature map, resulting in three new feature map tensors
Q, K, and V. Each tensor is obtained by multiplying the
corresponding weight matrix with F: Q=FWQ, K=FWK,
V=FWV. Based on the transformed feature maps, a cross-
covariance attention function CAt (Q, K, V) can be
defined for feature computation along the channel dimen-
sion, as in

CAt Q;K;Vð Þ ¼ VhR K;Qð Þ ð1Þ



Fig. 3. EdgeNeXt Structure.

Fig. 4. C2f-SC Module.
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hR K;Qð Þ ¼ softmax
K
ˆ

R

Q
ˆ

t

0
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1
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Here, the attention weights hR (K, Q) are derived from
the cross-covariance matrix. t represents a trainable
temperature parameter used to adjust the scale of K̂

R
Q̂

before the softmax function, balancing the apportionment
of attention weights. The yield tensor F̂ of the network can
be defined as:

F̂ ¼ CAt Q;K;Vð Þ þ F : ð3Þ

3.3 Improved C2f module

In YOLOv8, the C2f module is computationally resource-
intensive. During convolution, it extracts key features but
may also capture less informative or irrelevant features,



Fig. 5. Sampling-Based DySample Up-Sampling.
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consuming computing resources and reducing feature
extraction efficiency. To solve this, SCConv convolution
is introduced to optimise C2f, forming the C2f-SC module,
as shown in Figure 4. By replacing the Bottleneck structure
in the C2f module with a BottleneckC structure composed
of SCConv convolution and changing the original model’s
convolution module to a two-dimensional convolution, we
maintain model performance while reducing computation-
al resource requirements.

In object detection models, the C2f-SC module
improves feature representation through feature recon-
struction, which involves spatial redundancy compression
(SRU) and channel redundancy optimisation (CRU).
SCConv has two main parts: the spatial reconstruction
unit (SRU) and the channel reconstruction unit (CRU)
[35]. The SRU first conducts feature discrimination,
separating less informative features from information-rich
ones, then performs spatial-domain feature reconstruction.
The SRU in the spatial domain compresses redundant
background responses and similar disease features, reduc-
ing spatial redundancy. The CRU reduces redundant
feature extraction in the channel dimension through
splitting, transformation, and fusion steps. The feature
fusion formula is as follows:

Fout ¼ CRU SRU Finð Þð Þ: ð4Þ
Here, Fin is the input feature, and Fout is the output

feature.

3.4 DySample dynamic up-sampling module

In object detection, upsampling is crucial for restoring low-
resolution feature maps to high-resolution for accurate
target localisation. Traditional methods like nearest-
neighbour or bilinear interpolation struggle with targets
of varying scales and shapes. Kernel-based dynamic up-
samplers (e.g., CARAFE, FADE, SAPA) boost detection
but need fixed kernel parameters, limiting adaptability and
causing small-lesion feature loss in complex backgrounds,
leading to missed detections or bounding-box shifts, and
compromising detection for small targets or in complex
backgrounds [36]. To address these issues, the DySample
module is introduced in YOLOv8’s neck part. It dynami-
cally adjusts the upsampling process, enhancing the
model’s anti-interference and small-lesion detection, en-
suring real-time and accurate disease detection. The
DySample up-sampling procedure is demonstrated in
Figure 5.

DySample up-sampling steps:
Input Feature Map Analysis: Let us look at the input

feature map, which is represented by the notation
F∈RH�W�C, where H stands for height, W for width,
and C for the number of channels.

Generation of Point Sampling Set: The DySample
module generates a Sampling Point generator
P∈RH0 �W 0 � 2u, where W’ and H’ are the width and height
of the target up-sampling feature map, and the third
dimension of 2u represents the x and y coordinates of each
point.

Up-Sampling Function: The grid sample function G is
used to carry out up-sampling on the input featuremap and
coordinates, thereby generating a novel feature map [37].
Eq. (4) represents the up-sampling process.

R x; yð Þ ¼ G F ;P x; yð Þð Þ: ð5Þ
Here, R∈RH0 �W 0 �C represents the up-sampled feature

map, (x, y) is a coordinate point in the up-sampled feature
map R, and P (x, y) is the coordinate of the corresponding
point in the point sampling set.

Feature Fusion: The up-sampled feature mapR is fused
with the original feature map F through element-wise
addition, resulting in a feature map F’ with rich contextual
information, whose resolution is a multiple of that of the
input feature map.

3.5 MPDIOU loss

In the YOLOv8 model, the loss function mainly consists of
the classification loss for object categories and the
regression loss for bounding boxes.The bounding box
regression loss combines DFL loss and CIoU Loss. DFL loss
uses linear interpolation to get weights for distances to
neighbouring integer coordinates and predicts regression
probabilities via cross-entropy. Figure 6. illustrates the



Table 2. Initial Elements of AppleLite-YoloV8.

Initial parameters Set

Image input size 256�256 pixels
Momentum factor 0.95
Initial learning rate 0.001
Number of training epochs 300e pochs
Network training SGD
Weight decay coefficient 0.001
Learning rate decay method Step decay

Fig. 6. The MPDIOU loss function.
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MPDIOU loss function. The CIoU loss function, based on
IoU, adds a centre-point distance and an aspect-ratio
penalty. Its formula is:

LCIoU ¼ 1� IoU þ r2

c2
þ av

Here, r is the Euclidean distance between the centre
points of the predicted and ground-truth boxes. c is the
diagonal length of the smallest enclosing region of the two
boxes. v is the aspect-ratio consistency coefficient. a is the
balancing weight factor.

In disease detection, small-sized or long-boundary-sized
disease targets may cross multiple grids and have many
overlapping annotation boxes. When the predicted and
ground-truth boxes’ centers overlap (r = 0), the aspect-
ratio penalty v fails. This makes different-sized boxes have
the same LCIoU loss, lowering prediction accuracy. Also,
since CIoU’s penalties don’t consider absolute target size,
large targets’ center-point distances (r2/c2) can dominate
loss calculations, reducing sensitivity in small-target
regression.

The MPDIOU loss function is stated below:

l21 ¼ xprd
1 � xgt

1

� �2
þ yprd1 � ygt1

� �2
ð7Þ

l22 ¼ xprd
2 � xgt

2

� �
þ yprd2 � ygt2

� �2
ð8Þ

MPDIoU ¼ IOU � l21
w2 þ h2

� l22
w2 þ h2

: ð9Þ

Here, l21 and l22 represent the squared separation among
the top-left and bottom-right points of the predicted and
the true box, respectively. w and h signifies the width and
height of the input image, and IOU is the IoU between the
predicted and the true box.

Compared with CIoU, MPDIoU improves localisation
accuracy for small objects by optimizing two pairs of
corner-point distances. Even when centers coincide, it can
distinguish prediction-box size deviations. Its scale factor
normalises distance deviations to balance weight allocation
for different-sized targets. Additionally, MPDIoU avoids
CIoU’s complex aspect-ratio calculations, requiring only
two Euclidean-distance computations, which reduces per
iteration time by 12%.

4 Experiments

4.1 Environment and parameters

Hardware environment for the disease detection model:
CPU: Intel i7-14700KF 2.5Ghz; GPU: NVIDIA RTX
3080TI 12G; RAM: DDR5 6000 32GB�2; OS: Ubuntu
20.04 LTS; Deep learning framework: PyTorch 1.11.0,
CUDA 11.3; Software environment: Python 3.8; Depen-
dency libraries: NumPy, Pillow, and Matplotlib. For the
experiment on edge-deployment feasibility, PyTorch was
set to disable GPU acceleration and run in single-thread
mode with a batch size of 1.The end-to-end inference time
per frame was recorded using time.perf_counter (), and the
average of 800 runs was taken. Table 2 details the initial
elements of the AppleLite-YoloV8 model.

The momentum factor accelerates gradient of conver-
gence and reduces the oscillation of the bounding box
coordinates (x, y). The initial learning rate controls the
update step in the early stages of model training,
preventing instability or slow convergence caused by an
excessively large or small learning rate. Network training
uses stochastic gradient descent (SGD), which is simple
and stable with small-batch data. Step decay gradually
reduces the learning rate as training epochs progress, which
helps the model to refine weight adjustments in the later
stages of training and improve generalisation.

The experiment evaluates the performance of the
disease detection model using evaluation metrics, namely
precision, recall, mAP, FPS, and GFLOPs. Higher values
across these metrics indicate superior detection perfor-
mance of the model.

4.2 Model performance

Figure 7 illustrates the precision–recall (P–R) curves for
the standard YOLOv8 and AppleLite-YoloV8 models.

In the coordinate system of Figure 7, the x-axis signifies
recall, and the y-axis donates precision. By calculating the
area under the P-R curve, the average precision for



Fig. 7. P-R Curves.

Fig. 8. Confusion Matrix.
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different disease categories can be obtained. For the five
disease types of Alternaria boltch, Brown Spot, Grey
Spot, Mosaic, and Rust, the detection accuracy of the
standard YOLOv8 is 85.69%, 87.73%, 83.54%, 79.66%,
and 75.06%, respectively. The mAP@0.5 is 82.34%. For
the AppleLite-YoloV8, the detection accuracy is 98.73%,
97.84%, 97.15%, 90.45%, and 93.51%, respectively,
resulting in an mAP@0.5 of 95.54%, which is an an
increase of 13.2 percentage points compared with the
standard YOLOv8.
In order to comprehensively evaluate the performance
of AppleLite YOLOV8 in multi-class disease detection, a
confusion matrix was constructed using training set data to
illustrate the classification performance across the five
disease categories. As shown in Figure 8.

As shown in Figure 8, the detection accuracy for
Alternaria blotch is 98.73%, with very low false-positive
rates (0.54% for brown spot, 0.36% for Grey Spot).
EdgeNeXt efficiently extracts lesion edge features via
depthwise separable convolution and SDTA attention



Table 3. Ablation experiment results.

Model Improved items mAP@0.5/% FPS IoU
mean

single frame
time/ms

missed detection
rate/%

EdgeNeXt C2f-SC DySample MPDIOU

A � � � � 82.34 82 75.25 8.24 13.59
B

p � � � 86.25 117 76.82 8.06 11.76
C

p p � � 91.67 121 79.19 8.27 11.04
D

p p p � 92.91 124 81.33 8.28 9.85
E

p p p p
95.54 124 84.52 8.35 8.82

Note: “�”means the experimental group does not include the improvement item, while “
p
”means it does.Models withoutMPDIoU loss

use CIoU loss by default. FPS tests are based on the NVIDIA RTX 3080Ti GPU.
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mechanism, enhancing core lesion focus and suppressing
leaf background interference. MPDIoU loss optimises the
coordinates of the top-left and bottom-right corners of
prediction boxes, ensuring tightly bound lesion areas and
reducing misclassification from partial detection.

Brown spot and rust share similar colours (brown and
orange), causing misidentification in traditional models.
The SRU in C2f-SC distinguishes brown spot’s uniform
round patches from rust’s powdery lesions, reducing
overreliance on colour features. Only 0.35% of Brown
Spot is misidentified as Rust, a 6.8% drop from the baseline
model. For small-sized Rust lesions, DySample’s adaptive
sampling point generation retains high-resolution feature
details, boosting accuracy to 93.51%. However, 1.02% of
rust lesions are still misclassified as Mosaic, indicating the
need for integration of near-infrared spectral features in
low-contrast scenarios.

Grey Spot detection accuracy is 97.15%, an increase of
13.61% over YOLOv8. DySample’s dynamic adjustment of
up-sampling kernel parameters prevents small-lesion
feature loss. C2f-SC’s channel reconstruction unit (CRU)
compresses redundant vein-background channel responses,
reducing false positives (grey spot ! mosaic misdiagnosis
rate is just 0.53%), confirming its robustness in complex
backgrounds.

Mosaic detection accuracy is 90.45%, with misdiagnosis
mainly due to similar irregular texture and healthy-leaf
transition zones. The integration of FPN and PAN of
shallow high-resolution and deep semantic features enables
the model to capture Mosaic’s global, mesh-like texture.
However, some fine-grained textures (like yellow–green
patch junctions) may still be misclassified as Grey Spot
(0.92%) or Rust (1.15%).

4.3 Ablation experiments

To assess the influence of every advancement on the apple
leaf disease detection model, five experimental groups were
constructed for an ablation study. The results of the
ablation study are presented in Table 3. In the table, “�”
indicates that the improvement is not included in the
experimental group, while “

p
” indicates that it is included.

As indicated in Table 3, Model B raises mAP@0.5 from
82.34% (Baseline Model A) to 86.25% (+3.91%) and FPS
from 82.69 to 117.95 (+42.6%). This shows the lightweight
EdgeNeXt structure reduces computation (FLOPs down
by 37%) while keeping key feature expression (mean IoU
increased from 75.25% to 76.82%), meeting deployment
needs of resource-constrained devices.

Model C achieves an mAP@0.5 of 91.67% (+5.42% vs.
Model B to 91.67% (+5.42% vs. Model B), with a 0.72%
drop in missed detection rate (11.76% ! 11.04%). This
indicates C2f-SC’s SRU and CRU separate redundant
features, enhancing lesion shape and texture modeling
(mean IoU up by 2.37%, 76.82% ! 79.19%).

Model D’s mAP@0.5 Improved to 92.91% (+1.24%),
the missed detection rate decreased to 9.85% (-1.19%), and
the FPS remained stable at 124.09. This indicates that
DySample enhances the feature expression ability of small
targets (such as Grey spot, diameter ≈ 12 pixels) through
adaptive sampling point generation, with an IoU mean
increase of 2.14% (79.19% ! 81.33%). In addition, the
single frame time of the model only increased by 0.01ms
(8.27ms ! 8.28ms), effectively avoiding computational
redundancy overhead.

Model E (AppleLite-YoloV8), with MPDIoU, achieves
an mAP@0.5 of 95.54% (+2.63% vs. Model D), lowering
the missed detection rate to 8.82% (-1.03%) and raising the
mean IoU by 3.19% (81.33% ! 84.52%). MPDIoU’s joint
optimisation of prediction-box diagonal-point distances
improves bounding-box fitting, particularly for low-
contrast diseases (mean IoU up by 5.9%). per-frame time
increases by 0.07ms (8.28ms! 8.35ms), with FPS stable at
124.33, further confirming the model’s lightweight design.

To further compare the detection performance of each
improvement, heatmaps are utilised to visualise the part of
the picture that the model pays the most attention to
during prediction. This aids interpretation of the model’s
working mechanism and diagnose performance issues when
the model detects targets of different sizes or shapes.
Figure 9 provides the heatmap visualisation results for
model A-E.

As shown in Figure 9, the model’s attention to and
localisation of diseased regions improve with module
introduction. Model A has a relatively scattered focus,
with detection boxes often encompass healthy tissue
around lesions and weak activation in low-contrast disease
regions, leading to many missed detections. Model E
demonstrates strong focus on core lesion areas, clear edges,
and enhanced attention to small targets. Its heatmap



Fig. 9. Heatmaps of Each Model.
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distribution in complex-texture regions corresponds closely
with actual lesion morphology, indicating effective extrac-
tion of local-texture differences and high robustness.

4.4 Comparison of different models’ performance

To assess the performance and effectiveness of the
AppleLite-YoloV8 model in detecting apple tree leaf
diseases (ATLD), this study conducted comparative
experiments with several recent and widely used object
detection algorithms. These algorithms include Faster
R-CNN, SSD, AlexNet, RetinaNet, YOLOX, and several
improved models as described in References 14, 19, and 20.
Figure 10 illustrates the performance of various models on
the test set.

As shown in Figure 10, the AppleLite-YoloV8 model
demonstrates clear advantages in complex agricultural
scenes. For light-related interference, dynamic illumina-
tion normalisation during preprocessing and the SDTA
attention mechanism suppress overexposure and shadow
interference. This results in a low missed detection rate for
Grey Spot lesions in strong light. For small-target
detection of mosaic diseases, DySample’s dynamic
up-sampling preserves details of tiny lesions approximately
12 pixels in diameter, and the C2f-SC module’s spatial–
channel reconstruction separates redundant features,
significantly reducing misclassification between visually
similar lesions (e.g., Brown Spot and Rust).

Also, when facing complex textures and blurred edges,
the FPN–PAN multi-scale fusion and MPDIoU loss
function work together. This leads to a significant increase
in mean IoU for Alternaria blotch, Grey Spot, etc., with
prediction boxes matching actual disease regions and
complete bounding-box coverage. Although there are
limitations in extreme backlight scenes and generalisation
to rare disease variants (confidence variation of±0.07), the
model still achieves the optimal balance of accuracy, speed,
and robustness with high precision and recall.



Fig. 10. Comparison of Detection Effects of Various Models.
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Table 4. Performance evaluation of different models.

Model Precision/% Recall /% mAP@0.5 /% FPS Parameters/M GFLOPs GPU
single
frame
time /ms

CPU single
frame
time /ms

Faster-CNN 70.25 67.12 71.64 32.61 324.4 787.4 30.29 67.48
SSD 74.32 61.45 68.33 27.46 117.8 501.8 25.46 39.09
Alex Net 75.74 72.08 72.78 54.75 187.3 663.2 27.78 42.38
Retina Net 77.09 73.72 71.49 56.94 132.3 510.3 27.21 44.25
YOLOX 76.93 71.58 77.53 61.77 49.7 105.8 14.53 25.94
Reference 14 83.05 75.42 81.65 82.13 44.6 139.5 16.42 37.61
Reference 19 84.77 74.55 78.59 92.23 57.8 98.5 10.11 24.19
Reference 20 86.24 80.17 80.94 86.07 94.4 307.9 21.67 40.28
AppleLite-YoloV8 97.56 94.38 95.54 124 29.3 57.6 8.35 15.22
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Table 4 presents the performance evaluation results of
nine identification models.

Evaluation results of various models are as follows:
– AppleLite-YoloV8 takes the lead with a precision of
92.56% and a recall of 87.38%, outperforming other
models. It an improvement of 6.32 percentage points
over the next-best model (Reference 20, precision
86.24%). This is mainly due to the MPDIoU loss
function, which optimises bounding box regression
via multi-path distance constraints, reducing local-
isation errors for low-contrast diseases (e.g., Rust).
This leads to a 15.8% increase in recall compared to
YOLOX (71.58%). The C2f-SC module also reduces
misclassification rates for similar diseases (brown
spot and Rust) to 5.6% (Reference 19: 12.3%),
proving its ability to distinguish complex textures.

– AppleLite-YoloV8 has significant advantages in
computational efficiency and inference speed. It
has only 29.3M parameters, a 34.3% reduction
compared to Reference 14 (44.6M), and a GFLOPs
of 57.6 (Reference 17: 98.5), reducing computational
complexity by 41.5%. On the GPU end, it takes
8.35ms per frame (FPS=124.33), a 103.3% speed
improvement over YOLOX (14.53ms, FPS=61.77).
On the CPU end, it takes 15.22ms (FPS ≈ 65.7),
meeting real-time detection needs for edge devices.
DySample generates adaptive upsampling kernel
parameters to avoid redundant calculations, im-
proving GPU efficiency by 67.2% over SSD.

– The CPU end’s 15.22ms per-frame time is much lower
than Reference 20’s 40.28ms, enabling real-time
detection (>30 FPS) on low-power devices and strong
applicability for edge deployment. The GPU end’s
high throughput (124.33 FPS) allows for parallel
monitoring of large-scale orchards, increasing re-
source utilisation by 281% compared to Faster R-
CNN (32.61 FPS).

When evaluating the performance of the AppleLite-
YoloV8 model, we must not only focus on its ability to
successfully detect diseases but also conduct a thorough
analysis of its failure cases in specific situations. This
provides insights for future optimisation efforts.
Figure 11 illustrates failure cases in different disease
detection scenarios, including missed detections, false
positives, and incomplete detection-box coverage caused
by various disease characteristics and environmental
factors.

As shown in Figure 11, the The mosaic disease (Fig.a)
presents irregular yellow–green spots, highly similar to the
colour transition zones (RGB difference <15) of healthy
leaves. In low-contrast scenarios, the model struggles to
delineate lesion boundaries, mistakenly identifying dis-
eased areas as healthy tissue. This indicates the feature-
extraction network’s limited sensitivity to subtle colour
changes, with multi-scale fusion failing to fully capture
textural differences.

Early-stage Rust lesions (Fig. b) are tiny (≈8-pixel
diameter, 0.012% of image area). Their These weak signals
are frequently lost during down-sampling during down
sampling. Strong light overexposure, saturating the pixel
values and obscuring rust’s orange, powdery visual traits
(Fig. c) with highlights, saturating pixel values, and
preventing effective texture-information extraction. This
suggests the model’s attention mechanism is overly RGB-
space-dependent, lacking robustness against extreme
lighting changes.

Alternaria blotch lesions appear as dark circular spots
(Fig. d) are hard to distinguish from healthy-leaf shadow
areas (RGB difference <20), especially under uneven
lighting. The model often mistakes shadows for disease,
indicating excessive colour-feature dependence and insuf-
ficient modeling of shape and texture.

In Fig.e, leaf overlap causes lesions to be only partially
visible. The model’s regressed bounding boxes cover only
visible parts (IoU=0.62), failing to infer the full lesion
extent. This is because the detection head lacks contextual-
reasoning ability in occlusion scenes and fails to extrapolate
from adjacent visual information.

In strong-light environments, In Fig.f, under strong-
light conditions, grey spot lesions merge with leaf-surface
reflection areas. The model’s attention is concentrated on
non-lesion regions (64% of responses are in non-lesion



Fig.11. . Comparison of failure cases, Note: (a) Confusion between disease and background features; (b) Insufficient extraction of
early lesion features; (c) Difficulty in identifying lesions under sunlight conditions; (d) Difficulty in colour discrimination;
(e) Incomplete detection bsssss caused by occlusion; (f) Difficulty in feature recognition under strong light.
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areas, per heatmaps). This reflects the model’s inadequate
suppression of bright-signal interference and disruption in
feature-channel correlation calculation.

5 Conclusion
–
 In response to the demand for fast and accurate detection
of ATLD in smart agriculture in the context of smart
agriculture, the AppleLite-YoloV8 detection model has
been developed. Based on the YOLOv8 architecture,
with the addition of EdgeNeXt, C2f-SC, and DySample
up-sampling modules for optimisation, while the
MPDIOU loss function enhances the bounding box
regression process. These elements combine to improve
both accuracy and speed in detecting the best method for
identifying diseases in apple leaves.
–
 Visual heatmap analysis demonstrates that AppleLite-
YoloV8 can identify both significant disease features and
smaller, inconspicuous targets. Even with complex
natural image backgrounds, the model maintains strong
focus on lesion regions, efficiently suppressing back-
ground distractions. Resilience like this ensures the
model’s reliability in real-world agricultural applications
and meets the core requirements for deployment in
practical environments.
–
 AppleLite-YoloV8 presents a state-of-the-art solution for
apple-leaf disease detection. It has a precision of 92.56%
and a recall of 87.38% for five common diseases. Its
lightweight design (29.3M parameters, 57.6 GFLOPs)
cuts computational complexity; compared to reference
20, it reduces parameters by 68.9% and GFLOPs by
81.3%. This enables real-time detection on CPU at
15.22ms per frame (≈65.7 FPS), 165% faster than
reference 20 (40.28ms). Thus, it offers an efficient, low-
cost monitoring solution for agricultural edge devices.
–
 Future research will focus on four primary areas: multi-
modal data fusion, dynamic network design, self-
supervised pre-training, and hardware-software co-
optimisation. Multi-modal data fusion aims to integrate
near-infrared, hyperspectral, and other information to
capture disease features more fully and enhance detec-
tion precision. Dynamic network design will adaptively
adjust feature extraction paths based on environmental
lighting
conditions to preserve robust model performance. Self-
supervised pre-training will learn lighting-invariant
representations from unlabeled data to enhance the
model’s adaptability to lighting changes. Hardware-
software
co-optimisation will deploy FPGA-accelerated super-
resolution preprocessing modules. This will significantly
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boost inference speed and efficiency, meet real-time require-
ments, and reduce computational resource consumption.
These combined technologies will enhance agricultural
disease detection accuracy and efficiency, supporting the
advancement of intelligent, modern agriculture.
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 Complete Intersection over Union

CNN
 Convolutional Neural Network

CRU
 Channel Reconstruction Unit
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 Cross-Stage Partial
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 Mean Average Precision
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 Path Aggregation Network
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 Spatial Adaptive Parametric Attention
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 Spatial Pyramid Pooling-Fast

SRU
 Spatial Reconstruction Unit
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 Support Vector Machines

YOLO
 You Only Look Once

H
 Height of the feature map
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 Height of the upsampled feature map

W
 Width of the feature map

C
 Number of channels in the feature map

F
 Input feature map tensor
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 Output tensor of the network
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 Space of feature maps
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