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ABSTRACT

In complex agricultural environments, cucumber disease identification is confronted with challenges like symptom
diversity, environmental interference, and poor detection accuracy. This paper presents the DM-YOLO model,
which is an enhanced version of the YOLOVS framework designed to enhance detection accuracy for cucumber
diseases. Traditional detection models have a tough time identifying small-scale and overlapping symptoms,
especially when critical features are obscured by lighting variations, occlusion, and background noise. The proposed
DM-YOLO model combines three innovative modules to enhance detection performance in a collective way. First,
the MultiCat module employs a multi-scale feature processing strategy with adaptive pooling, which decomposes
input features into large, medium, and small scales. This approach ensures that high-level features are extracted
and fused effectively, effectively improving the detection of smaller and complex patterns that are often missed
by traditional methods. Second, the ADC2f module incorporates an attention mechanism and deep separable
convolution, which allows the model to focus on the most relevant regions of the input features while reducing
computational load. The identification and localization of diseases like downy mildew and powdery mildew can be
enhanced by this combination in conditions of lighting changes and occlusion. Finally, the C2fe module introduces
a Global Context Block that uses attention mechanisms to emphasize essential regions while suppressing those
that are not relevant. This design enables the model to capture more contextual information, which improves
detection performance in complex backgrounds and small-object scenarios. A custom cucumber disease dataset
and the PlantDoc dataset were used for thorough evaluations. Experimental results showed that DM-YOLO
achieved a mean Average Precision (mAP50) improvement of 1.2%p on the custom dataset and 3.2%p on the
PlantDoc dataset over the baseline YOLOvS. These results highlight the model’s enhanced ability to detect small-
scale and overlapping disease symptoms, demonstrating its effectiveness and robustness in diverse agricultural
monitoring environments. Compared to the original algorithm, the improved model shows significant progress
and demonstrates strong competitiveness when compared to other advanced object detection models.
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1 Introduction

Cucumbers are a widely cultivated vegetable globally [1], but they are vulnerable to various
diseases that can have a significant impact on their yield and quality when infestations are prevalent
[2]. Effective management and control require the detection of these diseases at an early and accurate
level. The application of traditional machine learning methods, like Support Vector Machine (SVM)
[3], Decision Trees [4], and K-Nearest Neighbors (KNN) [5], has been successful in detecting diseases
and pests. For example, Ebrahimi et al. [6] presented an SVM-based insect detection system that is
used on crop canopy images in strawberry greenhouses, and it achieves an error rate lower than 2.25%
by relying on regional metrics and color indicators to detect thrips. Xu et al. [7] used a BP neural
network and Random Forest model to detect damage caused by Dendrolimus punctatus Walker in
pine forests, with the Random Forest model achieving a detection precision of 79.30% and a kappa
coefficient of 0.7151, demonstrating the feasibility of using the Random Forest algorithm for pest
occurrence detection and multilevel discrete indicators.

These traditional methods have achieved some success, but they are heavily based on manual
feature design and have limitations when handling complex, high-dimensional data. Deep learning
algorithms have demonstrated superior performance by automatically extracting features and improv-
ing detection accuracy, compared to conventional algorithms. Recent advances in deep learning have
revolutionized agricultural diagnostics [8]. For example, in the field of rice leaf disease classification,
the research by Firnando et al. [9] exemplify that InceptionV3 performed exceptionally in three
different tested datasets, obtaining accuracy rates of 99.53%, 58.94%, and 90.00%, respectively.
The study emphasizes the significance of selecting suitable data augmentation strategies according
to the characteristics of the dataset. Liu et al. [10] introduced the DCNSE-YOLOvV7 algorithm,
which improved cucumber leaf disease detection by incorporating deformable convolution (DCNv?2)
for better feature extraction and SENet attention mechanism to enhance early disease detection.
Yang et al. [1 1] proposed a tomato detection method based on the YOLOv8s model, which incor-
porates depthwise separable convolutions and an attention module to improve the model’s detection
precision, achieving an mAP of 93.4%. Rachman et al. [1 2] proposed an enhanced Vision Transformer
(ViT) model, combined with transfer learning, for recognition of rice diseases. The ViT model achieved
excellent performance with an accuracy of 97.9% thanks to the use of the self-attention mechanism.

The detection of small or overlapping objects in complex environments is still a challenge, despite
the progress made by researchers. One of the most important models in the YOLO series is YOLOVS.
After YOLOVS, Ultralytics developed YOLOvVS [13] as a next-generation object detection model.
The anchor-free approach used by YOLOvVS offers a higher degree of detection accuracy and speed
compared to the original anchor-based detection methods. In difficult scenarios, YOLOvVS8 decreases
the resolution of feature maps with multiple downsampling operations to improve inference speed,
but this can result in compressed or lost small object features. Moreover, the YOLOvVS detection
algorithm is still struggling with localization errors and inadequate target perception. To address these
issues, this paper introduces a new cucumber pest detection model, DM-YOLO, that utilizes YOLOVS.
Through the design of key modules such as the feature enhancement module and attention mechanism
module, the model improves the performance of small object detection, reduces interference from
background noise, and enhances feature extraction in small object scenarios. DM-YOLO enhances
detection accuracy by minimizing parameter increases while maintaining low computational overhead
and a compact model size.
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This work’s main contribution is as follows:

— We propose a lightweight, single-stage YOLOv8 model named Detailed and Multi-scale YOLO
Network (DM-YOLO) for real-time recognition of cucumber diseases and pests. By combining
features at various scales with the MultiCat module, the model’s capacity to detect cucumber
pests and diseases of varying sizes is increased. Combined with a global context module,
the C2f module is transformed into C2fe, which deeply processes features within the same
layer. In addition, a fresh AD-C2f module is created with an attention mechanism that relies
on adaptive average pooling to enhance the model’s focus on crucial elements, resulting in
improved detection accuracy and overall performance.

— We constructed a new dataset on cucumber diseases and pests by extracting data from the Al-
Hub public dataset. To ensure the quality of the data, every leaf in the images was meticulously
annotations, and the original photos were rigorously screened and filtered. After eliminating
unstructured data, the focus was on two primary cucumber diseases: downy mildew, and
powdery mildew, resulting in an optimized new dataset.

2 Leaf Disease Detection Overview
2.1 Datasets

This paper utilizes the public “Plant Disease Induction Comprehensive Data” dataset as well as
the publicly available PlantDoc dataset [14]. The “Plant Disease Induction Comprehensive Data”
dataset can be accessed via AI-Hub (Fig. 1). The PlantDoc dataset (Fig. 2) consists of 2598 data
points, covering 13 plant species and up to 17 disease classes, involving approximately 300 h of manual
annotation.

(a) Powdery Mildew (b) Downy Mildew

Figure 1: Integrated data on plant disease induction (a) Powdery Mildew, (b) Downy Mildew
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Figure 2: Examples of diseased plant leaves from the PlantDoc dataset

To construct a dataset suitable for cucumber pests and diseases, we extracted a subset from
the original dataset and integrated it comprehensively. To ensure the model’s wide adaptability and
robustness, we precisely manually labeled the leaves in each image and strictly screened and filtered
the original images. Our goal was to obtain a high-quality dataset containing 2000 images of cucurbit
pests and diseases after removing irregular data and concentrating on two common cucumber diseases,
downy mildew and powdery mildew. Three subsets were created in this dataset: training set, validation
set, and test set, with an 8:1:1 ratio between them. FFig. 3a shows the number of category labels and
label size distribution for the PlantDoc dataset, while Fig. 3b shows the number of category labels and
label size distribution for the self-built cucumber disease dataset.
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Figure 3: Category label count and object size distribution in the PlantDoc and cucumber disease
datasets. (a) Number of category labels and label size distribution in the PlantDoc dataset, (b) Number
of category labels and label size distribution in the self-built cucumber disease dataset

2.2 Standard YOLOvS8

The YOLO series has undergone significant evolution with the release of YOLOVS, which
builds on the improvements made in YOLOvVS. The model incorporates a range of enhancements
and optimizations that are designed to enhance performance across various tasks. The integration
of detection networks that operate at different resolutions and scales is a critical improvement in
YOLOVS, which allows the model to adapt to diverse usage scenarios.

From the backbone to the head, YOLOVS is constructed with meticulous refinement, including the
Gradient Flow Enhanced C2f structure and innovative decoupled head design. The classification and
detection processes become more autonomous and efficient with this design choice. The architecture of
YOLOVS has changed significantly by converting from anchor-based to anchor-free detection, which
reduces computational complexity and improves adaptability to objects of different sizes compared
to previous models. YOLOVS’s loss function is capable of detecting objects more precisely because
it combines Task-Aligned Assigner [15] and Distributed Focal Loss [16]. To refine performance
further, the model employs strategic data augmentation techniques, including deactivating mosaic
augmentation in the later stages of training. Fig. 4 demonstrates the intricate design of YOLOVS,
highlighting the system’s architecture and sophisticated features.
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Figure 4: Visualization architecture of standard YOLOVS

2.3 Proposed DM-YOLOvS8

In Fig. 5, we propose the DM-YOLO model to enhance the ability to detect small targets. We
first introduce the AD-C2f module, which incorporates attention mechanism features within the
C2f module, increasing the ability to process features for plant disease detection. Our ConvBlock
module is utilized in conjunction with the C2f module, allowing for powerful feature extraction
while maintaining efficient computation. The AD-C2f module can extract high-level features more
effectively without significantly increasing parameters. Next, we design the MultiCat module, which
adopts multi-scale feature processing and fusion strategies to enhance the model’s ability to detect
smaller pest and disease targets on plant leaves, while also integrating rich feature information from
the backbone network, further improving plant disease detection performance. Finally, we propose
the C2fe module, which introduces a global context module into the C2f module, enhancing feature
representation capabilities through global context modeling and attention mechanisms. The global
context module reweights the channel addition and channel multiplication attention mechanisms at
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the channel level, allowing the model to capture more inter-channel correlations and enhance feature
representation capabilities.

Figure 5: Visualization architecture on proposed model

2.3.1 MultiCat Module

In agricultural monitoring, detecting plant diseases and pests presents numerous challenges,
including variations in lighting conditions, object occlusion, and interference from other diseases
and pests. Image noise, such as cluttered backgrounds or irrelevant elements, can further reduce the
accuracy of disease detection. We integrated the MultiCat module into our enhanced cucumber disease
detection model to address these challenges, as illustrated in Fig. 6. The MultiCat module employs
a multi-scale feature processing and fusion strategy to improve the model’s ability to detect smaller
targets on plant leaves while incorporating rich feature information from the backbone network.
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Figure 6: Visualization of MultiCat module

Within the MultiCat module, the input feature map is decomposed into three scales: L (large
scale), M (medium scale), and S (small scale). The large-scale feature map (L) leverages adaptive
max pooling and adaptive average pooling to stably extract features, thereby reducing the impact of
lighting changes and noise on detection. The medium-scale feature map (M) preserves the primary
structural information of the image, complementing the large and small scales and enhancing overall
feature extraction. The small-scale feature map (S) is upsampled using nearest-neighbor interpolation
to maintain the original data values and ensure that all feature maps have the same spatial dimensions.
This step is crucial for retaining rich local disease feature details. Finally, the three scaled feature maps
are fused into a unified feature map through channel concatenation and returned as output. This multi-
scale feature fusion strategy significantly enhances the model’s performance in complex agricultural
monitoring environments, enabling it to perform more effectively under diverse and challenging real-
world conditions.

2.3.2 AD-C2f Module

Downy mildew and powdery mildew are two prevalent diseases that significantly impair the
growth and yield of cucumber. Downy mildew typically manifests as a white or gray layer on the leaves,
whereas powdery mildew presents as a white powdery coating. Although these two diseases exhibit
distinct visual characteristics, detecting them remains challenging due to factors such as lighting
variations and occlusion.
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To address these challenges, we integrated the attention mechanism and deep separable convolu-
tion into the model and designed the AD-C2f module, as illustrated in Fig. 7a. This module provides
robust technical support for the accurate identification and localization of plant pests and diseases. The
attention mechanism is a technique that enables the model to focus on key parts when processing data.
It allows the model to selectively focus on task-relevant information by assigning different “attention”
weights to different regions when processing images.
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Figure 7: Visualization of AD-C2f and ConvBlock modules (a) AD-C2f module (b) ConvBlock
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In the ADC-2f module, the input feature map is initially divided into two sections, designated as
a and b. These two sections are then weighted for the channel direction using the sigmoid activation
function via an adaptive averaging pooling layer and two convolution layers, respectively.

Its formula is as follows:

attention;, = o (fc (pool (x,))) ey

In this context, o represents the Sigmoid function, fc denotes the convolution layer, pool stands
for the adaptive average pooling layer, and x; is a component of the input feature map (‘a’ or ‘b’).

By applying attention weights, the module can adjust each part of the input feature map, thereby
enabling the model to focus on the most pertinent areas relevant to the task at hand. This process can
be represented by the following equation:

adjustedm = X - altel’ll‘l'on,-,,- (2)

The AD-C2f module employs the attention mechanism to filter out crucial feature information,
thereby enhancing the model’s accuracy in identifying and locating cucumber downy mildew and
powdery mildew. As illustrated in Fig. 7b, the AD-C2f module’s ConvBlock structure employs depth-
wise separable convolution to achieve efficient feature extraction. Depthwise separable convolution
is a convolutional structure that decomposes traditional convolution operations into two smaller
operations (depthwise convolution and pointwise convolution). This decomposition significantly
reduces the computational load and model parameters while maintaining or even improving the
model’s performance.

In depthwise separable convolution:
out,;, = in,;, - kernel,;, 3)
out;; = in;;, - kernel,;,, 4)

In this manner, the AD-C2f module is capable of reducing the computational burden while
maintaining a high degree of feature extraction capability. This provides a robust foundation for the
accurate identification of complex patterns in pest and disease images. The design of the AD-C2f
module enables accurate identification and localization of diseases at a low computational cost.

This combination of attentional mechanisms and deeply separable convolution confers significant
advantages upon the AD-C2f module in the context of pest detection, particularly in the presence of
challenges such as changes in lighting, occlusion, and background noise.

2.3.3 C2fe ( Enhanced) Module

The C2f module draws inspiration from the ELAN (Efficient Layer Aggregation Network)
concept introduced in YOLOv7 [17]. By incorporating more parallel gradient flow branches, C2f
aims to maintain a lightweight architecture while capturing richer gradient flow information. In this
study, we enhanced the C2f module by developing the C2fe module. This improvement introduces a
global context block (GC Block) that generates attention weights at every position of the feature map,
thereby emphasizing important regions and suppressing irrelevant ones. This modification enhances
the model’s ability to process features in complex backgrounds and small-object scenarios, significantly
improving detection performance under challenging conditions [18].

The architecture of the C2fe module with Integrated Bottleneck and GC Block is shown in Fig. &.
The C2fe module introduces a Global Context Block (Fig. 8c) that enhances feature representation
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through global context modeling and attention mechanisms. The Global Context Block utilizes both
channel addition and channel multiplication attention mechanisms, re-weighting the channels to better
capture inter-channel correlations, thereby strengthening the feature representation capabilities of the
model. This channel-level fusion allows the C2fe module to effectively capture and express correlations
between different channels, which is crucial for improving the model’s recognition and localization
accuracy.

Eottleneck

(a) (b) (©

Figure 8: Architecture of the C2fe module with integrated bottleneck and GC Block (a) C2fe module
(b) Bottleneck (c) GC Block

In terms of implementation, the C2fe module incorporates a series of convolutional layers and
bottleneck layers (Fig. 8b) that work together to further extract and fuse features. This design captures
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multi-level and multi-scale information from the input image, enabling the network to obtain richer
and more accurate feature representations.

In C2f module is compared to its counterpart to have a less complex structure, primarily utilizing
a combination of initial convolutional layers and multiple bottleneck layers for feature extraction.
Although the C2f module can capture certain feature information, it is inferior to the C2fe module in
handling complex backgrounds and small object detection. C2fe module has made the model better
at handling complex backgrounds and detecting small objects.

3 Experiment Environment and Result
3.1 Experiment and Parameter Setup

This study utilizes Windows 10, with PyTorch as the framework for developing deep learning
models. The experimental environment is given in detail in Table 1.

Table 1: Experimental environment configuration

Setup name Configuration

CPU AMD Ryzen 5 3600 6-Core Processor 3.60 GHz
GPU NVIDIA GeForce RTX 3060

GPU memory size 32G

Operating systems Windows 10

Deep learning architecture PyTorch1.9.2, Cudall.4, cuDNN 8.2.0

Training parameter settings: The input image size is 640 x 640, batch size is 16, initial learning rate
is 0.01, and the total number of training epochs is 200. Specific parameter settings are listed in Table 2.
Additionally, various data augmentation techniques were used during training to improve the model’s
generalization ability. These techniques include HSV color space adjustment, random translation,
scaling, horizontal flipping, mosaic enhancement, random deletion, and RandAugment automatic
augmentation strategy. These data augmentation methods help increase the diversity of training data,
prevent model overfitting, and improve the model’s robustness and accuracy in different environments.

Table 2: Training set up on hyper parameter

Hyper parameters Value
Epochs 200
Batch size 16
Image size 640
Momentum 0.937
Learning rate original 0.01
Learning rate final 0.01
Optimizer SGD
Weight_Decay 0.0005

This paper’s parameters are essentially the default parameters for the YOLOvVS model. Batch size,
Epochs, and Optimizer were modified to achieve model convergence while ensuring training speed.
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3.2 Evaluation Metrics

To evaluate the effectiveness and performance of the DM-YOLO in accurately identifying pests
and diseases, several key metrics were selected for analysis. These metrics include the accuracy rate,
recall rate, precision rate, and mean average precision (mAP).

TP
Precision = ——— - 100% (5
TP+ FP
TP
Recall = —— (6)
TP + FN
Ziil AP i

mAP = (7

C

The symbols TP, FP, FN, and TN stand for True Positive, False Positive, False Negative, and True

Negative, respectively. TP is the number of correctly predicted bounding boxes, FP is the number of

false positive samples, FN is the number of missed targets, and TN is the number of correctly identified

negative samples. C is the total number of classes, and AP, is the Average Precision (AP) value for

class i. AP is the average accuracy of the model for a given class. Mean Average Precision (mAP) is the
average value of AP across all classes.

As the evaluation metric of the model, mAP50 is the one used in the experiment. When using
mAP50, the Intersection over Union (IoU) threshold is represented by ‘50°. Specifically, when
calculating AP, the difference between the predicted bounding box and the ground truth bounding box
must be equal to or greater than 50%. The overlap between the predicted and ground truth bounding
boxes is measured by dividing the area of their intersection by the area of their union. If the threshold
exceeds this, the prediction is considered correct. Therefore, it reflects the mean Average Precision
across all classes under the condition that it is at least 50%, making it a crucial metric for assessing the
model’s detection accuracy.

3.3 Experimental Results

The DM-YOLO model was compared with the YOLOv8 model in an experiment to demonstrate
its effectiveness. Table 3 presents the results of this comparison. Various loss metrics and performance
indicators fluctuate during the training and validation processes, as shown in Figs. 9 and 10, the
model’s visual effects are highlighted by selected images.

Table 3: Comparative evaluation of YOLOv8 and improved YOLOvVS (DM-YOLO) in different classes
and metrics (A3: Downy Mildew, A4: Powdery Mildew)

Model Class Precision (%) Recall (%) mAPS50 (%) Params (m)
All 82.8% 78.9% 86.7%

YOLOVS A4 81.9% 78.6% 84.3% 3.0m
A3 83.6% 79.3% 89.1%
All 84.1% 80.1% 87.9%

DM-YOLO A4 82.6% 79.2% 85.5% 32m

A3 85.6% 81.0% 90.0%




4002 CMC, 2024, vol.81, no.3
train/box_loss train/cls_loss train/dfl_loss metrics/precision(B) metrics/recall(B)
4.0 4
404 - —— results 0.8+ 0.5
smooth 3.5 4
3.5 1 06 0.7 -
3.04 !
3.04 0.6
254 0.4 4
2.5 1 0.5 -
2.0
2.0 0.2 0.4 4
1.5
151 #| 0.0 0.3
0 100 200 0 100 200 0 100 200 0 100 200
val/box_loss val/cls_loss val/dfl_loss metrics/mAP50(B) metrics/mAP50-95(B)
4.04 ]
3.5 33 081 051
354
L 3.0 1 0.4 1
3.0 1
.01 254 ]
5% . i 0.3
251 2.0 ’ 0.2
1 2,04
204 1.5 0.2 1 0.1
kl 1.0 ]
151 L> 0.0 0.0
0 100 200 0 100 200 0 100 200 0 100 200 0 100 200
(a)
train/box_loss train/cls_loss train/dfi_loss metrics/precision(B) metrics/recall(B)
4.0 3.5 —— results o 0.8
th 354 .
3.51 3.0 i 074
3.0 1 0.6 1
3.04 0.6
25
251 ik 0.5
2.0+
2.0 0.2 4 0.4 4
1.5
=i r : . . - ; : ®] o004} . J, O3 . .
0 100 200 ] 100 200 0 100 200 0 100 200 0 100 200
val/box_loss valfcls_loss val/dfl_loss metrics/mAP50(B) metrics/mAPS50-95(B)
3.5
3.51 0.8 1 0.5 1
.0 3.0
3.04 = oS 0.4 4
: 2.5 '
254 0.3 4
254 2.04 0.4 1
20 0.2
] 1.51 L
2.0 0.2 4 011
1.0 1 ]
151, - = i 3 . 3 i : ] 0047 . J 0017 . !
0 100 200 0 100 200 0 100 200 0 100 200 0 100 200
(b)

Figure 9: Performance metrics and convergence curves for training and validation losses. (a) Standard
YOLOVS (b) DM-YOLO
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Powdery mildew Downy mildew

Original image

Yolov8s

DM-YOLO

Figure 10: Comparison result of cucumber disease detection by model

The DM-YOLO model has observed gains in accuracy, recall, and mAPS50 across every category
by 1.3%p, 1.2%p, and 1.2%p, respectively. Across all categories, the DM-YOLO model exhibits
improvements in accuracy, recall, and mAP50, with a 1%p, 1%p, and 1%p increase in each area.
Powdery mildew (A4) was met with an increase in accuracy, recall, and mAP50 by 0.7%p, 0.6%p, and
1.12%p in response to DM-YOLO. Downy mildew (A3) saw a 2.0%p improvement in accuracy, 1.7%p
in recall, and 0.9%p in mAP50. These enhancements underscore the DM-YOLO model’s superior
ability to decrease missed detections and enhance detection accuracy and recall.

Fig. 7 displays that the DM-YOLO model is superior to the original YOLO model in many
aspects, demonstrating the comparison of experimental results between YOLO (a) and DM-YOLO
(b). Firstly, the DM-YOLO model exhibits faster convergence, with a more rapid decline in training
and validation losses. Secondly, the DM-YOLO model demonstrates superior generalization ability
and lower validation loss, indicating more stable performance across different datasets. Lastly, the
DM-YOLO model outperforms in detection performance, achieving higher accuracy, recall, mAP50,
and mAP50-95 metrics, particularly in scenarios involving complex backgrounds and small target
detection. The integration of multi-scale feature fusion and the introduction of enhanced spatial and
channel attention modules are responsible for these improvements.

To ensure robust and reliable performance, we employed the commonly used cross-validation
method for model evaluation. As shown in Table 4, the dataset was divided into five-folds, and training
and testing were conducted on different folds. This approach helps reduce bias that may arise from a
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single data split. It provides a more comprehensive reflection of the model’s performance and prevents
the model from performing well on a single dataset but poorly on others.

Table 4: Performance metrics of DM-YOLO across different folds

Model Fold Precision (%) Recall (%) mAPS50
Fold 1 83.7 79.1 86.7
Fold 2 81.4 79.2 89.1
Fold 3 83.2 79.0 84.3
DM-YOLO Fold 4 81.8 80.1 87.9
Fold 5 83.1 83.0 90.0
Average 82.6 (+£0.88) 80.0 (£1.51) 87.6 (£1.99)

From the results of the five-fold cross-validation, we can calculate the average performance metrics
and their standard deviations. The average accuracy of DM-YOLO across the folds was 82.6%, with a
standard deviation of 0.88%. Compared to the accuracy of 84.1% when trained on the entire dataset,
there was an improvement of 1.5%, indicating that training on a larger dataset can enhance the model’s
accuracy. The average recall across the folds was 80.0%, with a standard deviation of 1.51%, while the
recall when trained on the entire dataset was 80.1%, showing only a 0.1% improvement. This indicates
that the recall of DM-YOLO is relatively stable across different data folds. The average mAP50 across
the folds was 87.6%, with a standard deviation of 1.99%. The low standard deviation across folds
suggests that the model’s performance variability on different data subsets is minimal, indicating high
stability in DM-YOLO.

Fig. 7 compares the loss curves and performance metrics between the original YOLO model (a)
and the improved DM-YOLO model (b) during training and validation. DM-YOLO exhibits superior
performance in several aspects compared to the original YOLO. The bounding box regression loss
(train/box_loss and val/box_loss) and classification loss (train/cls_loss and val/cls_loss) decrease more
rapidly in the early stages of training and stabilize at lower values, indicating greater precision in both
bounding box prediction and classification tasks. Additionally, the distributed focal loss decreases
more quickly, leading to improved localization accuracy compared to YOLOVS.

Moreover, the precision and recall curves of DM-YOLO are smoother and the final values are
significantly higher than those of the original YOLO model, demonstrating better precision and
comprehensiveness in the object detection task. Particularly in the mAP50 and mAP50-95 metrics,
the DM-YOLO curves rise faster and achieve higher final levels compared to the original model.

In summary, the improved DM-YOLO model shows better performance than YOLOVS in terms
of loss convergence speed, model stability, and object detection accuracy.

Fig. 10 demonstrates the enhanced performance of the DM-YOLO model in plant disease
detection and algorithm comparison. Compared to the baseline YOLOv8 model, DM-YOLO shows
higher accuracy and confidence in detecting powdery mildew and downy mildew. Notably, DM-YOLO
excels in boundary box description and achieves higher confidence scores, enabling more precise
identification of pest and disease features on leaves. This is because the AD-C2f module designed
in this paper uses attention mechanisms and the designed ConvBlock module, which enhances the
extraction of plant disease features while maintaining efficient computation, thereby improving the
detection performance of plant diseases.
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Additionally, the MultiCat module designed in this paper adopts multi-scale feature processing
and fusion strategies to enhance the model’s ability to detect smaller pest and disease targets on plant
leaves, while also integrating rich feature information from the backbone network, further improving
plant disease detection performance. Moreover, the C2fe module designed in this paper introduces a
global context module, enhancing feature representation capabilities through global context modeling
and attention mechanisms, enabling the model to better capture inter-channel correlations, further
enhancing feature representation capabilities, and thus improving plant disease detection performance.
However, the improved algorithm in this paper may have lower detection effectiveness in nighttime or
low-light environments compared to well-lit conditions.

3.4 Comparative Experiments

This paper conducted comparisons with other algorithms under the same environmental settings
to evaluate the performance and versatility of several advanced object detection models in agricultural
pest detection tasks. The traditional models tested in this study include Faster R-CNN, RetinaNet, and
SSD, as well as YOLOvVS, YOLOVS, and proposed DM-YOLO model. These models were tested on
both the original self-built dataset and the PlantDoc dataset.

In the experiments conducted on the integrated dataset, as shown in Table 5, DM-YOLO
demonstrated outstanding performance. The accuracy of DM-YOLO reached 84.1%, representing
improvements of 0.6%p and 1.3%p over YOLOVS and YOLOVS, respectively. Additionally, the recall
rate and mAP50 of DM-YOLO were 80.1% and 87.9%, making it the top performer among all
compared models. In contrast, RetinaNet achieved a recall rate and mAP50 of only 50.56% and
77.48%, while SSD’s recall rate and mA P50 were even lower at 30.77% and 56.45%. Particularly notable
is Faster R-CNN, which, despite reaching a recall rate of 72.5%, had a mAP50 of only 58.48%, far
behind DM-YOLO. These results highlight DM-YOLO’s superior stability and consistency across
comprehensive evaluation metrics, especially under high recall and mAPS50 requirements.

Table 5: Comparative experiment result on plant disease dataset

Model Precision/% Recall/% mAP50
YOLOv5 83.5% 78.50% 86.1%
YOLOvV8 82.8% 78.9% 86.7%
RetinaNet [19] 82.0% 50.56% 77.48%
SSD [20] 85.16% 30.77% 56.45%
Faster R-CNN [21] 32.93% 72.5% 58.48%
DM-YOLO 84.1% 80.1% 87.9%

As seen in Table 6, the experiments on the PlantDoc dataset further confirm DM-YOLO’s
leading position, with a mAPS50 of 59.8%, outperforming YOLOVS by 9.5%p and YOLOVS by 3.2%p.
Although DM-YOLO’s accuracy (51.5%) was slightly lower than that of YOLOVS (55.3%), its overall
performance was still superior to most other models. Compared to DM-YOLO, RetinaNet, and SSD
showed slightly higher accuracy, but their recall rates and mAP50 were significantly lower, revealing
a clear disadvantage. Particularly for Faster R-CNN, the mAP50 on the PlantDoc dataset was only
25.96%, much lower than DM-YOLQO’s 58.9%. These findings further demonstrate that DM-YOLO
achieves a better balance between precision and recall.
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Table 6: Comparative experiment result on PlantDoc dataset

Model Precision/% Recall/% mAP50
YOLOvV5 44.0% 55.1% 50.3%
YOLOvV8 55.3% 54.4% 56.6%
RetinaNet 54.21% 46.32% 48.95%
SSD 53.45% 44.92% 46.63%
Faster R-CNN 24.01% 31.85% 25.96%
DM-YOLO 51.5% 58.9% 59.8%

When handling tasks involving complex backgrounds and small object detection, DM-YOLO
exhibited greater versatility and adaptability. The comparison results indicate that the DM-YOLO
model outperforms existing mainstream detection algorithms in key performance indicators such as
accuracy, recall, and mAPS50, particularly in addressing diverse and challenging detection tasks.

Fig. 11 illustrates the performance of different object detection models in identifying leaf diseases.
Faster R-CNN is capable of detecting a large number of diseased areas, but it exhibits a high
false positive rate, particularly when identifying narrow-range lesions. This limitation could lead to
significant misjudgments in pest detection tasks that require high precision. RetinaNet generates
fewer detection boxes and shows higher accuracy in depicting actual diseased areas, yet it still
suffers from missed detections. The SSD model performs poorly when identifying fine features.
YOLOVS, while maintaining a large number of detection boxes, reduces the number of false positives,
thereby improving the model’s accuracy. DM-YOLOQO’s results align closely with the ground truth,
demonstrating significant improvements in accuracy and recall for small-scale target identification.

Ground Truth

Yolov5 Yolov8 DM-YOLO

Figure 11: (Continued)
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Figure 11: Comparative analysis of object detection models on leaf disease identification

Fig. 12 shows that DM-YOLO consistently exhibits superior detection performance across var-
ious leaf disease recognition tasks. Compared to other models, DM-YOLQO’s detection results are
closest to the ground truth, offering higher accuracy and stability, and significantly reducing false
positives and missed detections. YOLOvVS also shows strong detection capability. While Faster R-
CNN and SSD perform adequately in some tasks, they suffer from higher false positive and missed
detection rates. RetinaNet performs relatively poorly across all tasks, with particularly noticeable
missed detections. Overall, DM-YOLO delivers the best comprehensive performance, making it
suitable for plant disease detection tasks that demand high precision.

Yolov8 DM - Yolov8 Faster-Rcnn

Potato leaf
late blight

Ground truth

SSD Retinanet Yolov5

Figure 12: (Continued)
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Figure 12: (Continued)
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Figure 12: Comparative outcomes in detecting and recognizing leaf diseases

These comparative experiments highlight DM-YOLO’s excellent performance in detecting small
targets and handling complex backgrounds. In some cases, the detection results show that our model
almost eliminates missed detections. These results confirm the effectiveness and versatility of the DM-
YOLO model.

3.5 Ablation Experiment and Result

To identify the contributions of various components within the enhanced YOLOvV8 model, an
ablation study was conducted. The purpose of this study was to isolate and evaluate the individual
and combined impacts of the C2fe, AD-C2f, and MultiCat modules on the model’s performance. To
ensure consistent comparisons, different variants of the model were evaluated on the same dataset,
employing uniform training and validation procedures. By maintaining consistent hyperparameters
and training conditions across all experiments, any observed performance changes can be confidently
attributed to architectural modifications rather than external factors.

The results from the ablation studies, as shown in Tables 7 and 8, indicate that the MultiCat, C2fe,
and AD-C2f modules each play a distinct role in improving model performance. The MultiCat module
significantly enhances the model’s precision by improving the network’s focus on key features. For
instance, on the Integrated Data on Plant Disease Induction dataset, the introduction of the MultiCat
module alone increased precision from 82.8% to 83.0%. On the PlantDoc dataset, the MultiCat module
increased precision to 56.8% and mAPS50 to 59.8%.

The C2fe module, by optimizing the multi-scale feature fusion strategy, effectively improved both
precision and recall rates. On the Integrated Data on Plant Disease Induction dataset, incorporating
C2fe into the backbone network, which combines spatial attention mechanisms to enhance feature
representation, raised precision to 83.9% and recall to 78.4%. On the PlantDoc dataset, when
combined with other modules, the C2fe module increased recall to 60.5%.
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Table 7: Ablation study results on plant disease dataset

Module Result
MultiCat C2fe AD-C2f  Precision (%) Recall (%) mAP50
82.8% 78.9% 86.7%
v 83.0% 77.7% 86.8%
v 83.9% 78.4% 86.8%
v 81.2% 81.7% 87.4%
v v 82.2% 78.8% 87.2%
v v 82.3% 80.4% 87.3%
v v 84.3% 78.8% 87.4%
v v v 84.1% 80.1% 87.9%
Table 8: Ablation study results on PlantDoc dataset
Module Result
MultiCat C2fe AD-C2f  Precision (%) Recall (%) mAP50
55.3% 54.4% 56.6%
v 56.8% 53.8% 59.8%
v 53.0% 53.0% 57.2%
v 55.1% 57.3% 59.3%
v v 50.6% 60.5% 59.1%
v v 51.5% 58.9% 59.8%
v v 51.7% 60.0% 60.0%
v v v 51.5% 58.9% 59.8%

Furthermore, the AD-C2f module, when introduced into the deeper layers of the backbone
network to process high-level features, significantly boosted recall and mAP50. On the Integrated Data
on Plant Disease Induction dataset, recall increased to 81.7%, and mAP50 reached 87.4%. Similarly,
on the PlantDoc dataset, the AD-C2f module raised recall to 57.3% and mAP50 to 59.3%.

Moreover, when these modules were combined, the model’s performance improved even more
significantly. On the Integrated Data on Plant Disease Induction dataset, the combination of the
MultiCat and C2fe modules increased mAP50 to 87.2%, while the combination of C2fe and AD-
C2f achieved the highest mAPS50 of 87.4%. When all three modules were applied together, precision
increased to 84.1%, recall reached 80.1%, and the final mAP50 was 87.9%. Similarly, on the PlantDoc
dataset, the combination of C2fe and AD-C2f achieved the highest mAP50 of 60.0%. These results
demonstrate that the combined use of these modules significantly improves the model’s precision,
recall, and mAP50, highlighting a strong synergistic effect.

3.6 Visualization Analysis

Heatmaps were generated using Gradient-weighted Class Activation Mapping (Grad-CAM) for
both YOLOv8 and DM-YOLO models. These heatmaps visually and intuitively reflect which areas of
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the feature map the model is focusing on. Grad-CAM is a visualization technique used to interpret the
decisions of Convolutional Neural Networks (CNNs). It works by leveraging the gradient information
from the model’s output to create a heatmap that highlights the regions of the input image that
contribute most to the prediction. Pixels with higher gradients in the feature map are represented
by deeper red colors on the heatmap, while pixels with lower gradients are represented by deeper blue
colors.

As depicted in Fig. 13, there is a distinct difference in the areas of focus between the YOLOVS and
DM-YOLO models when identifying leaf diseases. The heatmaps generated by the YOLOvV8 model
(column b) illustrate concentrated attention on specific regions of the leaf, particularly those with
prominent color contrasts corresponding to diseased areas. However, this focused approach may limit
the model’s ability to comprehensively assess the entire leaf, potentially leading to the omission of
some disease-affected areas.

Figure 13: Visual comparison of Grad-CAM outputs. (a) Original images (b) heat maps of YOLOVS
(c) heat maps of our model
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In contrast, the DM-YOLO model (column c¢) demonstrates a broader and more detailed focus
across the leaf. The heatmaps indicate that DM-YOLO not only identifies the primary diseased regions
but also detects additional subtle disease features spread across the leaf. This expanded attention
enables DM-YOLO to capture a wider range of disease spots, thereby enhancing its accuracy and
comprehensiveness in disease detection.

Thus, the comparative analysis of the heatmaps suggests that DM-YOLO exhibits superior
performance in disease detection, as it effectively identifies a more extensive range of diseased areas,
making it more robust in practical applications.

4 Conclusions

To address the challenges of environmental interference and low detection accuracy in cucumber
disease identification, this paper proposes the DM-YOLO model. The model is specifically optimized
for cucumber disease detection, with a focus on identifying downy mildew and powdery mildew. By
leveraging multi-scale feature fusion and an enhanced spatial-channel attention module, DM-YOLO
achieves significant improvements in both detection accuracy and efficiency. Extensive experiments
conducted on a custom cucumber disease dataset and the PlantDoc dataset demonstrate that DM-
YOLO outperforms the YOLOv8 model. The ablation study highlights the significant contributions of
various modules, including C2fe, AD-C2f, and MultiCat, to the model’s performance. The outstanding
performance of the DM-YOLO model across both datasets underscores its adaptability and robustness
under various imaging conditions, making it a promising tool for automated plant health monitoring.

In the future, research will concentrate on including more intricate network architectures, such as
self-attention mechanisms or graph neural networks, to enhance the model’s ability to detect diverse
disease regions. We are looking to improve the accuracy and robustness of feature extraction by
optimizing the hierarchical structure of the model. The model’s generalization ability will be enhanced
by expanding the diversity of the training dataset to include more crop types and diseases. Also,
the focus will be on studying model light weighting and real-time performance, employing model
compression and pruning techniques to ensure efficient operation on resource-constrained devices.
In the end, we will examine the potential uses of DM-YOLO in different agriculture situations, such
as detecting pests and monitoring crop growth.
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