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Abstract: Accurate citrus disease identification is essential for targeted orchard pesticide ap-

plication. Current models struggle with accuracy and efficiency due to diverse leaf lesion 

patterns and complex orchard environments. This study presents YOLOv8n-DE, an im-

proved lightweight YOLOv8-based model for enhanced citrus disease detection. It intro-

duces the DR module structure for effective feature enhancement and the Detect_Shared 

architecture for parameter efficiency. Evaluated on public and orchard-collected datasets, 

YOLOv8n-DE achieves 97.6% classification accuracy, 91.8% recall, and 97.3% mAP, with a 

90.4% mAP for challenging diseases. Compared to the original YOLOv8, it reduces param-

eters by 48.17%, computational load by 59.26%, and model size by 41.94%, while signifi-

cantly decreasing classification and regression errors, and false positives/negatives. 

YOLOv8n-DE offers outstanding performance and lightweight advantages for citrus dis-

ease detection, supporting precision agriculture development in orchards. 

Keywords: YOLOv8n-DE; dilated reparam feature enhancement; shared parameter head; 

citrus disease detection; real-time detection 

 

1. Introduction 

Disease prevention and control play a critical role in crop growth by mitigating eco-

nomic losses and enhancing crop quality [1]. Citrus plants are no exception, as they face 

various disease threats. Accurate and timely identification and management of these dis-

eases are essential to ensure environmentally sustainable citrus production [2]. 

Common citrus diseases, such as Huanglongbing (HLB) [3], anthracnose, and mela-

nose, are notoriously challenging to detect due to the variability in lesion shapes, complex 

orchard environments, disease interactions, and the dynamic angles of leaf growth [4]. 

The introduction of deep learning convolutional neural networks (CNNs) [5] in 2017 has 

significantly improved the generality and accuracy of pest and disease identification. 

Kurmi et al. [6] proposed a generalized deep convolutional neural network-based model 

for leaf disease detection, achieving 95.35% accuracy on the PlantVillage dataset. Accurate 

identification of citrus diseases is critical for precision pesticide management, yet existing 

detection models struggle to balance accuracy, computational efficiency, and adaptability 
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to complex orchard environments. While recent studies have achieved notable progress—

including CNN-based approaches achieving 95–98% accuracy in controlled se�ings [7–

11] and enhanced YOLO variants a�aining 93.2% AP for fruit detection [12]—three critical 

limitations persist. First, most methods rely on small-scale datasets (e.g., 751 images [7]) 

or simplified environments, limiting their robustness against diverse lesion pa�erns and 

field conditions. Second, the computational complexity of hybrid architectures like TRL-

GAN [13] and a�ention networks [11] hinders deployment on edge devices. Third, exist-

ing models exhibit significant performance degradation when detecting nutrition defi-

ciencies and morphologically similar diseases (e.g., Huanglongbing vs. mosaic yellowing 

[13]), with reported false negative rates exceeding 16% in multi-class scenarios [10,14]. 

Current studies fail to address the dual requirements of keeping the model lightweight 

while also a�aining high accuracy in citrus disease recognition, which constitute essential 

prerequisites for scalable precision agriculture implementations. 

Despite these advancements [15], detecting citrus diseases under diverse environ-

mental conditions remains challenging. Variations in scale, illumination, and background 

necessitate models capable of addressing these complexities. Balancing detection speed 

and accuracy requires optimizing model complexity and inference efficiency. Therefore, 

those developing and testing citrus disease detection models must aim to enhance their 

robustness and accuracy across varying viewpoints [16], backgrounds, and lighting con-

ditions [17,18]. 

This study focuses on detecting diseases in citrus plants, particularly key leaf diseases 

such as Huanglongbing [19], citrus canker, anthracnose, and melanose. The primary goal 

is to improve detection accuracy and speed, supporting orchard management and preci-

sion agriculture. The innovative contributions of this paper are outlined below: 

1. Proposing the DR module, which enhances multi-scale feature extraction through 

dilated convolutions and re-parameterization techniques. 

2. Designing the Detect_Shared detection head to reduce redundant parameters by lev-

eraging partial convolution and channel fusion. 

3. Achieving a balanced design that integrates lightweight performance with high ac-

curacy. 

The remainder of this paper is organized as follows. Section 2 describes the proposed 

methodology and network architecture in detail. Section 3 outlines the experimental 

setup, including dataset composition, training environment, and evaluation metrics. Sec-

tion 4 presents the analysis of experimental results from five perspectives. Section 5 pro-

vides a model visualization analysis. Finally, the paper concludes with a summary and 

discussion of the author’s contributions. 

2. Materials and Methods 

This paper proposes a fast citrus disease detection model based on Dilated Reparam 

Feature Enhancement (DR module) and a shared parameter head named the YOLOv8n-

DE citrus disease detection model. The model uses the YOLOv8 object detection algorithm 

as the baseline model [20], with modifications enabling it to swiftly and accurately identify 

citrus diseases in orchard environments. This paper introduces an innovative and efficient 

feature extraction-fusion module with reduced parameters and computational demands, 

referred to as the DR module. Enhancing feature representation, the method accurately 

captures and highlights the critical features required for object detection tasks. Addition-

ally, to address the issue of high parameter counts in the YOLOv8 coupled head, this pa-

per designs an efficient shared parameter head to reduce redundant computations and 

memory access. This shared parameter head structure performs unified convolution first, 

followed by separate classification and regression tasks, allowing the model to maintain 
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high disease detection accuracy while reducing the number of parameters. The YOLOv8 

network architecture is illustrated in Figure 1, while Figure 2 presents the architecture of 

our proposed YOLOv8n-DE citrus disease detection model. Building upon the backbone, 

neck, and head components of YOLOv8, the YOLOv8n-DE model introduces structural 

enhancements: (1) the Dilated Reparametrization (DR) module incorporated in the back-

bone and neck improves feature extraction capabilities; and (2) a parameter-shared detec-

tion head (Detect_Shared) optimizes detection speed and computational efficiency. 

 

Figure 1. YOLOv8 network architecture. “Conv” represents convolution; “C2f” denotes the critical 

feature extraction component; “SPPF” denotes the Spatial Pyramid Pooling module; “Concat” indi-

cates feature fusion; “Upsample” represents upsampling; and “Decoupled Head” represents the 

detection head structure separating classification and regression tasks. 
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Figure 2. YOLOv8n-DE citrus disease detection model. “DR” refers to the Dilated Reparam Feature 

Enhancement module, and “Detect_Shared” refers to the Shared Parameter Head. 

2.1. DR Module 

The YOLOv8n model employs the C2f (Faster Implementation of CSP Bo�leneck 

with 2 convolutions) module as a core component to enhance model performance and 

accuracy. Its residual connections and bo�leneck design enable the model to handle com-

plex image features effectively while reducing overall complexity. In the citrus leaf disease 

extraction task, the DR module designed in this paper achieves superior feature extraction 

compared to the C2f module. It significantly improves disease detection accuracy while 

effectively reducing the number of parameters. The structure of the DR module is shown 

in Figure 3. The DR module employs dilated convolutions to capture multi-scale disease 

characteristics, including the punctate lesions of Anthracnose, elevated canker lesions, 

yellowing pa�erns in Huanglongbing, melanose induced black mold spots, ambiguous 

and diverse nutritional deficiency symptoms, and leaf perforations caused by Podagrico-

mela nigricollis. Through parameter reparametrization, this module reduces redundant 

small convolution stacking, enabling enhanced focus on holistic disease features rather 

than localized artefacts. Notably, the dilated convolution and reparametrization tech-

niques are specifically optimized for citrus disease classification rather than generic image 

recognition tasks. 
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Figure 3. The structure of the DR module. 

By introducing the Dilated Reparam Block, a DRBNBo�leneck structure was de-

signed based on this module, leading to the development of a DRBNCSP. The DRBNCSP 

module optimizes the traditional NCSPELAN module, ultimately achieving the design of 

DR module. This section further explains the DR module, the DRBNCSP submodule, the 

DRBNBo�leneck submodule, and the Dilated Reparam Block. 

The DR module, depicted in Figure 3, first divides the input feature map into two 

equal parts along the channel dimension, each containing c3/2 channels. This design en-

hances the model’s nonlinear expression capabilities. Instead of directly adopting a bot-

tleneck design, the module introduces two DRBNCSP submodules for channel transfor-

mation. Following the DRBNCSP submodules, 3 × 3 convolutional layers are added to 

adjust the number of feature map channels and further process and integrate the features. 

By embedding the DRBNBo�leneck module within the DRBNCSP, the design achieves 

multi-level and multi-scale feature extraction and fusion. This approach enhances multi-

scale information transmission and integration while reducing the risk of overfi�ing. 

The DRBNCSP submodule, as illustrated in Figure 3, combines the Generalized Effi-

cient Layer Aggregation Network (GELAN) concept. GELAN, introduced in the YOLOv9 

algorithm [21], integrates CSPNet with Gradient Path Planning and ELAN neural network 

structures, balancing lightweight design, inference speed, and accuracy (Figure 4). While 

the RepNCSP module in YOLOv9 adopts the RepNBo�leneck module for reparameteri-

zation, this paper presents a DRBNBo�leneck. The DRBNBo�leneck demonstrates 
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significant advantages in expanding the receptive field and capturing complex spatial in-

formation. It is particularly suited for disease identification tasks requiring the capture of 

long-range dependencies and features in complex orchard environments. 

CSPNet

Input
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Output

ELAN

Input

Conv×n
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Output

Conv×n

Conv×n

GELAN

Input

Concat
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Figure 4. Different aggregation networks. 

Traditional convolutional network architectures often increase the receptive field, 

improve abstraction levels, and enhance general representation capacity by adding small 

convolutional kernels. However, stacking many small kernels leads to significant param-

eter and computational overhead. Furthermore, the marginal returns from stacking small 

kernels diminish under model size constraints. This paper adopts large-kernel convolu-

tions, which deliver state-of-the-art performance and are comparable to transformers [22] 

for feature extraction. Specifically, we use a limited number of large convolutional kernels 

to ensure a broad receptive field, combine small convolutions to enhance feature abstrac-

tion levels, and employ an efficient reparameterization structure to deepen the model, 

thereby improving its general representational capacity [23]. 

The DRBNBo�leneck submodule, illustrated in Figure 3, employs a Dilated Reparam 

Block structure. The model gains significant advantages in feature extraction capability, 

receptive field expansion, and overall efficiency by integrating dilated convolutions with 

reparameterization techniques [24]. Large convolutional kernels are deliberately designed 

to accommodate the varying spatiotemporal receptive fields required for distinguishing 

multiple citrus disease types. 

In the Dilated Reparam Block, the original convolution kernel is represented as: 

k kW    (1)

where W represents the original convolution kernel (filter); k × k indicates it is a matrix of 

dimension k × k; and   denotes the real matrix. 

In dilated convolution, inserting zeros into the convolution kernel increases its effec-

tive size: 

     1 1 1 1' k r k r
W

    
  

(2)

where 'W  represents the dilated convolution kernel; r is the dilation factor; and k is the 

size of the dilated convolution kernel. 
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Thus, a dilated convolution layer with a small kernel can be equivalently transformed 

into a non-dilated layer with a larger sparse kernel. This transformation is implemented 

via transposed convolution with stride: 

 ' _ 2 , ,W conv transpose d W I stride r   (3)

where I is the unit convolution kernel. 

As shown in Figure 5, the Dilated Reparam Block simulates a large receptive field by 

stacking convolution kernels with different dilation rates. The output feature maps of 

these kernels are merged along the channel dimension to achieve a large receptive field 

effect. This approach avoids the high computational cost of directly using large convolu-

tion kernels while effectively expanding the receptive field and preserving contextual in-

formation. 

Input

Output

9×9
dilation

Input

+

9×9
dilation

5×5
dilation

5×5
dilation

3×3
dilation

3×3
dilation

Re-parameterize

Output

Overlay the receptive fields+

 

Figure 5. Dilated Reparam Block. 

Small convolution kernels with varying dilation rates can be reparameterized into a 

single 9 × 9 large receptive field convolution layer. This technique ensures computational 

efficiency while maintaining the model’s ability to capture long-range dependencies and 

contextual information. 

2.2. Efficient Head Design 

The detection head in object detection models is responsible for handling classifica-

tion and regression tasks [25]. YOLO series detection algorithms typically feature two 

types of detection heads: coupled heads and decoupled heads. For example, YOLOv5 uses 

a coupled head design, while YOLOv8 employs a decoupled head design. This paper in-

vestigates detection heads and proposes a shared parameter head that is more suitable for 

disease detection tasks. 

2.2.1. Coupled Head 

Figure 6 shows the structure of the coupled head. In a coupled head, classification 

and regression tasks share a common set of parameters, with outputs generated directly 

through convolution. Task separation occurs only during the final loss computation. This 

design reduces the number of parameters and computations while enhancing detection 

speed. However, the convolutional layers in the coupled head are simultaneously tasked 

with feature extraction for classification and regression. This shared parameter design 

weakens the feature extraction capability, leading to suboptimal performance for both 

tasks. 
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Figure 6. Comparison of coupled head (YOLOv5), decoupled head (YOLOv8), and shared parame-

ter head structure. 

2.2.2. Decoupled Head 

The structure of the decoupled head is also shown in Figure 6. In a decoupled head, 

classification and regression each have a separate branch, allowing independent feature 

extraction. The clear task division in the decoupled head structure enables each branch to 

capture more task-specific features, improving detection accuracy. However, the separate 

branches for each task double the number of parameters and computations, significantly 

increasing inference time. In the baseline YOLOv8 model, the decoupled head accounts 

for 3.64 GFLOPs (Giga Floating Point Operations per Second, a unit of computation), con-

stituting 45% of the model’s total computation (8.1 GFLOPs). 

2.2.3. Shared Parameter Head 

To address the shortcomings of the coupled head in disease detection and the exces-

sive parameters and computation of the decoupled head, this paper combines both de-

signs to propose a shared parameter head. The proposed efficient detection head, De-

tect_Shared, is illustrated in Figure 7. 

Detect_Shared

Input→x

Partial_conv3(x, 4)

Conv(x, x, 1)

Conv2d(x, reg_max, 1)

Conv2d(x, 6, 1)

Concat

Bbox.Loss 
(CIOU + DFL)

Cls.Loss 
(BCE)

Output→x

 

Figure 7. Structure of the shared parameter head. 

We merge computations for the input feature map list and then apply separate con-

volutions to reduce the parameters, achieving a lightweight design. Initially, the Par-

tial_conv3 module performs partial convolution operations on the input tensor [26]. Only 

a subset of channels is convolved in partial convolution, while the other channels remain 
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unchanged. This method effectively handles sparse data, preventing the computational 

overhead associated with full convolution. Partial convolution operations prove particu-

larly effective for handling the sparse lesion distributions characteristic of citrus disease 

imagery. After the partial convolution, a 1 × 1 convolution is applied for channel fusion 

and dimensionality reduction. To retain the flexibility and independence of the original 

decoupled head, the detection head is split into two branches for convolution, where clas-

sification and regression are computed separately. This design results in the new shared 

parameter head, as shown in Figure 7. 

The shared parameter head enhances the handling of sparse data and improves com-

putational efficiency, providing more robust feature extraction capabilities and greater 

flexibility. By applying this head to disease detection models, we achieve three different-

scale feature map outputs, effectively improving disease detection accuracy while reduc-

ing the number of parameters in the detection head. 

2.3. Loss Function 

The ultimate goal of citrus disease detection is to improve the accuracy of bounding 

boxes and disease labels in predicted images, thus enhancing classification and regression 

precision [27]. A loss function is used to measure the discrepancy between predicted out-

puts and actual annotation labels to train a model for citrus disease detection. The loss 

function integrates the following components to balance object detection performance: 

disease target bounding box localization accuracy (Box Loss), fine-grained prediction of 

bounding box coordinates (DFL Loss, Distribution Focal Loss), and classification accuracy 

of disease categories (Cls Loss). As shown in Figure 7, since both Box Loss and DFL Loss 

primarily measure bounding box localization accuracy, they are output through the same 

branch and collectively referred to as regression loss. Cls Loss is output through another 

branch and is called classification loss. 

The Box Loss function uses Complete Intersection over Union (CIoU) for calculation, 

ensuring that both large and small targets are accurately predicted. CIoU integrates mul-

tiple criteria, such as IoU, center point distance, and aspect ratio consistency, offering a 

more comprehensive and precise bounding box matching metric than standard IoU. Due 

to the diverse size and shape of citrus diseases, CIoU significantly enhances model perfor-

mance, ensuring accurate and reliable detection of diseased leaf locations. The calculation 

method is as follows: 

 2

2

,
1

gb b
CIoU IoU v

c


     (4)

where IoU represents the Intersection over Union between the predicted and ground truth 

bounding boxes; ρ(b, bg) is the Euclidean distance between the center points of the pre-

dicted and ground truth boxes; c is the diagonal length of the smallest enclosing rectangle 

containing both predicted and ground truth boxes; α is the weight factor for aspect ratio 

consistency; and v  is the aspect ratio consistency metric. 

α is defined as: 

 1

v

IoU v


 
 (5)

v  is defined as: 

2

2

4
arctan arctan

g

g

w w
v

hh

    
         

 (6)



Sensors 2025, 25, 1971 10 of 33 
 

 

where w and h are the width and height of the predicted bounding box, and wg and hg are 

the width and height of the ground truth bounding box. 

Distribution Focal Loss (DFL) addresses challenges such as complex orchard back-

grounds and class imbalance in disease detection tasks. It enables the network to focus on 

the precise location and shape of bounding boxes. The DFL calculation is as follows: 

          1 1 1, log logi i i i i iDFL S S y y S y y S       (7)

where Si is the network’s output prediction, Si+1 is the adjacent predicted value, y repre-

sents the disease label, yi is the integral value of the label, and yi+1 is the nearest tag integral 

value. 

Classification loss is computed using Binary Cross Entropy with Logits Loss 

(BCEWithLogitsLoss), which treats each disease category as an independent binary clas-

sification problem for separate optimization. This function effectively handles situations 

where each citrus leaf is affected by multiple diseases, which is common in citrus disease 

detection tasks. BCEWithLogitsLoss mitigates gradient explosion and vanishing issues, 

facilitating faster convergence to optimal model parameters. The calculation method is as 

follows: 

 ,ClsLoss BCEWithLogitsLoss x y  (8)

         , , , ,
1 1

1
, log 1 log 1

N C

i c i c i c i c
i c

BCEWithLogitsLoss x y y x y x
N

 
 

     
  (9)

where N is the number of disease samples; C is the number of disease categories; xi,c is the 

output for the i-th sample in the c-th category (before Sigmoid activation); yi,c is the ground 

truth label for the i-th sample in the c-th category (either 0 or 1); log refers to the natural 

logarithm; and σ(xi,c) is the Sigmoid function applied to xi,c, 
 

,
,

1

1 i c
i c x

x
e





 . 

This paper combines Box Loss, DFL Loss, and Cls Loss to calculate the total loss func-

tion for disease image detection, as follows: 

_ _ _box weight dfl wTotalLoss CIoU Deight cFL CLSLls wei sght os     (10)

where box_weight is the weight parameter for Box Loss, set to 7.5 in this paper; dfl_weight 

is the weight parameter for DFL Loss, set to 1.5; and cls_weight is the weight parameter for 

CLSLoss, set to 0.5. This weight distribution helps balance bounding box precision, class 

prediction accuracy, and a�ention to hard-to-classify diseases, thereby improving the 

overall performance of citrus disease detection. 

3. Experimental Setup 

3.1. Data Acquisition 

Existing public datasets for citrus leaves predominantly contain images of 

Huanglongbing, with limited data for other diseases. Field photography methods were 

employed to expand the dataset for additional diseases to address this gap. Citrus disease 

samples were collected in April 2023 from the Xianglu Mountain Citrus Orchard in Shap-

ingba District, Chongqing (106.338928° E, 29.581242° N). Two methods were used to col-

lect and capture citrus disease images. Method 1 involved using a Xiaomi 13 smartphone 

camera (Xiaomi Corporation, Beijing, China) to capture images of diseased leaves, with a 

camera resolution of 54 megapixels and a 12 GB + 512 GB storage capacity. The image 

resolutions captured were 1888 × 4096 and 3072 × 4096. Method 2 employed a camera 

mounted on an orchard disease detection and pesticide application device to capture real-

time video of citrus trees [28]. Disease leaf images were extracted by taking three frames 
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per second from the video. The camera on the orchard disease detection device was 5 

megapixels, and the image resolution was 256 × 256. The orchard disease detection and 

pesticide application device is shown in Figure 8. 

 

Figure 8. Orchard disease detection device used for disease data collection. 

The survey revealed that the Xianglu Mountain Village citrus orchard primarily faces 

three types of diseases: anthracnose, melanose, and Podagricomela nigricollis (citrus leaf 

miner). To ensure the disease detection model is adaptable to various citrus orchards and 

to maintain the diversity of disease data and robustness of the model, additional citrus 

disease images were collected from four public datasets: PlantVillage [29], CCL’20 [30], 

Citrus Plant Dataset [31], and AI Challenger [32]. A secondary screening was conducted 

because some public datasets had suboptimal quality. Ultimately, images from four citrus 

disease datasets—Huanglongbing, Anthracnose, Canker, and Nutrition Deficiency—were 

selected for training and evaluating the YOLOv8n-DE model’s performance in citrus dis-

ease detection [33]. Sample disease data images are shown in Figure 9. 

 

Figure 9. Types of citrus leaf diseases. 
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The LabelImg annotation software (version 1.8.6) was used to label and filter the 

field-collected disease data and the selected public datasets. Annotations were saved in 

YOLO format, including disease categories and bounding box coordinates. During the 

annotation process, the following category labels were defined: “a” for anthracnose, “c” 

for canker, “h” for Huanglongbing, “m” for melanose, “n” for nutrition deficiency, and 

“p” for Podagricomela nigricollis. A total of 6050 annotated citrus disease images were 

divided into three subsets—training, validation, and testing—at an 8:1:1 ratio. The train-

ing set contained 4840 images, the validation set contained 607 images, and the test set 

contained 603 images. Detailed information on the dataset is provided in Table 1. 

Table 1. Data distribution. 

Disease Name Label Name Subset Quantity Total Number of Images 

Anthracnose a 

train: 996 

1263 val: 134 

test: 133 

Canker c 

train: 134 

160 val: 13 

test: 13 

Huanglongbing h 

train: 1138 

1416 val: 139 

test: 139 

Melanose m 

train: 1419 

1770 val: 176 

test: 175 

Nutrition Deficiency n 

train: 575 

708 val: 67 

test: 66 

Podagricomela Nigricollis p 

train: 578 

733 val: 78 

test: 77 

Notably, canker disease images were not present in the field-collected data, and there 

were very few such images in the public datasets. However, canker is of high research 

value as a widespread disease of citrus trees. In this paper, only 160 sheets of canker dis-

ease were ultimately collected from publicly available datasets on the web. This imbalance 

in sample distribution undoubtedly increases the difficulty of the disease recognition 

model in identifying this category. Also, maintaining underrepresented classes provides 

valuable insights for detecting rare disease occurrences. 

3.2. Experimental Environment 

The citrus disease detection algorithm was trained and tested on a Linux server. The 

hyperparameters played a key role in the training and performance of the YOLOv8n-DE 

model. The experimental parameters are presented in Table 2. 

Table 2. Parameter definitions for the YOLOv8n-DE algorithm used in citrus disease detection. 

Environmental Parameter Value Train-Parameter Value 

CPU Intel (R) Xeon (R) Platinum 8375c CPU @ 2.90GHz epochs 200 

GPU NVIDIA RTX A6000 batch_size 32 

RAM 503 GB workers 8 

python 3.8.18 imgsz 640 
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opencv 4.8.0 optimizer SGD 

torch 1.12.0 lr0; lrf 0.01; 0.01 

Framework Pytorch (version 1.12.0) weight_decay 0.0005 

Cudnn cudn11.3 momentum 0.937 

During model training and testing, we implemented dynamic image scaling with in-

put size adjustment. For original images of varying dimensions, we first calculated scaling 

ratios relative to the target 640 × 640 resolution. Images were proportionally resized to 

approximate this dimension before padding to achieve final 640 × 640 inputs, ensuring 

consistent model processing. 

3.3. Evaluation Metrics 

To comprehensively evaluate the training and testing performance of the disease de-

tection model, this study employs various evaluation metrics across multiple scales to as-

sess the model’s overall performance and detection accuracy. The complexity of the dis-

ease detection model is represented by metrics such as model size, number of parameters, 

and computation (GFLOPs). At the same time, the frame rate (Frames Per Second, FPS) is 

used to reflect the model’s real-time detection performance. The FPS calculation for the 

YOLOv8n-DE citrus disease detection model is as follows: 

1

t

FPS
i

  (11)

where it denotes the inference time per frame, and FPS is the reciprocal of that time, meas-

ured in frames per second (f/s), representing the number of frames the YOLOv8n-DE 

model can process per second. 

This study uses COCO evaluation metrics—Precision (P), Recall (R), and mAP (mean 

Average Precision)—to assess the training effectiveness of the disease detection model. 

Specifically, Precision represents the proportion of actual disease samples among those 

predicted as positive. It can be calculated using the following formula: 

TP
P

TP FP



 (12)

where TP denotes the number of samples where both the disease category and the bound-

ing box are correctly predicted, and FP denotes the number of samples where either the 

disease category or the bounding box is correctly predicted. In the prediction results, a 

higher precision value indicates a lower rate of false positives in the disease detection 

model. 

The recall represents the proportion of correctly predicted disease samples out of all 

annotated disease samples. It can be calculated using the following formula: 

TP
R

TP FN



 (13)

where FN denotes the number of samples where the disease category is incorrectly pre-

dicted, and the bounding box for the disease region is inaccurately identified. A higher 

recall value indicates a lower rate of missed detection by the disease detection model. 

The mAP refers to the mean of average Precision (AP), where AP is the area under 

the Precision-Recall (P-R) curve. mAP can be calculated using the following formula: 

1

0
1

( )

100%

N

i

P R dR

mAP
N

 
 

 (14)
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where N represents the number of citrus disease categories, with N = 6 in this study. In 

the prediction results, a higher mAP value indicates be�er performance in both classifica-

tion and regression tasks across all disease categories, reflecting superior overall model 

performance. 

This study also utilizes the TIDE metrics to provide a more comprehensive evalua-

tion of the YOLOv8n-DE disease detection model’s performance [34]. The TIDE metrics 

used in this study include Classification Error (Cls), Localization Error (Loc), Both Cls and 

Loc Error (Both), Duplicate Detection Error (Dupe), Background Error (Bkg), and Missed 

Ground Truth Error (Miss). These metrics allow for separate calculations of classification, 

regression, false positives, and missed detections in the disease detection results, which 

improves the model’s interpretability. 

Specifically, Cls represents the number of samples where the disease category is in-

correctly predicted when IoUmax ≥ 0.5, where IoUmax refers to the bounding box with the 

highest Intersection over Union (IoU) with the disease target’s bounding box. IoU calcu-

lates the ratio of the intersection area to the union area of two bounding boxes. A lower 

Cls value indicates fewer classification errors by the disease detection model in the pre-

diction results. 

Loc represents the number of samples where the disease location is incorrectly pre-

dicted when 0.1 ≤ IoUmax ≤ 0.5. In the prediction results, a lower Loc value indicates fewer 

errors in the localization of disease regions. 

Both refer to the number of samples where the disease classification and location are 

incorrect when 0.1 ≤ IoUmax ≤ 0.5. A lower Both value indicates fewer errors in the classifi-

cation and localization of disease regions. 

Dupe represents the number of samples where the target is detected multiple times 

when IoUmax ≥ 0.5. A lower Dupe value indicates greater stability in the disease detection 

results. 

Bkg represents the number of background regions mistakenly classified as targets in 

disease images. A lower Bkg value indicates be�er performance of the disease detection 

model. 

Miss indicates the presence of disease targets in the image that the model failed to 

detect. A lower Miss value signifies the be�er performance of the disease detection model. 

4. Experiments 

4.1. Algorithm Ablation Experiments 

This section presents ablation experiments to analyze and validate the proposed 

YOLOv8n-DE citrus disease detection model. Ablation experiments were conducted com-

paring the YOLOv8n-DE disease detection model with the baseline YOLOv8 model. Fig-

ure 10 shows the variation of different metrics during the training process. YOLOv8n 

serves as the baseline model for the ablation experiments. YOLOv8n-D is the model ob-

tained by replacing the C2f module in YOLOv8n with the DR module. YOLOv8n-E is the 

model obtained by replacing the detection head (Detect) in YOLOv8n with the De-

tect_Shared module. YOLOv8n-DE is the fast citrus disease detection model proposed in 

this paper, integrating the DR module with the Detect_Shared module, and is based on 

feature enhancement via dilated reparameterization and shared parameter heads. 
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(a) Loss and precision variation curve 

  
(b) Recall variation curve (c) mAP50 variation curve 

Figure 10. Variation curves of the YOLOv8n ablation experiment. 

Overall, the YOLOv8n-DE model demonstrates be�er convergence during training 

in terms of loss and precision. Regarding recall, YOLOv8n-DE performs well, maintaining 

a relatively high level. In terms of mAP50, YOLOv8n-DE shows strong stability and opti-

mization ability. The curves in Figure 10 suggest that YOLOv8n-DE has excellent overall 

performance in disease detection tasks, providing accurate and stable results. 

We evaluate each model’s disease detection performance using the test set based on 

the differences in loss, precision, recall, and mAP50 curves observed during training. Ta-

ble 3 presents the detection performance of the models on the test set images, and we 

discuss the models’ generalization capabilities further. 

Table 3. Ablation experiment results. 

Model 
Model Size 

(MB) 

Parameters 

(M) 

Computation 

(GFLOPs) 

Precision 

(%) 

Recall 

(%) 

mAP50 

(%) 

YOLOv8n 6.2 3.01 8.1 94.6 91.7 96.6 

YOLOv8n-D 4.8 2.15 5.9 92.8 91.8 96.3 

YOLOv8n-E 5.1 2.42 5.5 94.8 92.1 96.5 

YOLOv8n-DE 3.6 1.56 3.3 97.6 91.8 97.3 

The YOLOv8n-DE disease detection model integrates the advantages of YOLOv8n-

D’s large convolution kernels and extended receptive field, along with the shared param-

eter head design and sparse data handling benefits of YOLOv8n-E, achieving optimal 

overall performance. Compared to the baseline YOLOv8n model, the YOLOv8n-DE 

model reduces the model size by 41.94%, the parameter count by 48.17%, and computation 
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by 59.26%, while improving detection precision by 3%, recall by 0.1%, and mAP50 by 

0.7%. These results show that, while balancing the model size and detection accuracy, the 

YOLOv8n-DE model achieves 97.6% precision, 91.8% recall, and 97.3% mAP50 with a 

model size of just 3.6 MB, 1.56 × 106 parameters, and 3.3 GFLOPs of computation. This 

lightweight design makes YOLOv8n-DE suitable for deployment on edge devices and 

widespread use in orchards. 

4.2. Sensitivity Testing of the Model to Specific Disease Categories 

In addition to assessing the overall performance of the YOLOv8n-DE disease detec-

tion model, this study further evaluates the model’s capability to detect individual disease 

categories [35]. First, data from six disease categories—anthracnose (denoted as a), canker 

(c), Huanglongbing (h), melanose (m), nutrition deficiency (n), and Podagricomela 

nigricollis (p)—were separately fed into both YOLOv8n and YOLOv8n-DE models for 

training. This resulted in distinct YOLOv8n (x) and YOLOv8n-DE (x) models (where x 

represents the respective disease categories a, c, h, m, n, and p), producing a total of 12 

single-class disease detection models. Subsequently, the models were trained on a mixed 

dataset containing all six disease categories, generating two multi-class disease detection 

models, allowing for analysis of how changes in the dataset influence the model’s perfor-

mance in detecting various diseases. 

The comparison between the single-class and multi-class disease detection models is 

shown in Figure 11. Experimental results reveal that the improved model, YOLOv8n-DE 

(x), exhibits slightly higher recall and mAP50 changes compared to the YOLOv8n (x) in 

the single-class models. Notably, in disease categories c, m, n, and p models, YOLOv8n-

DE (x) converges faster than the baseline model, YOLOv8n (x). However, when compar-

ing the YOLOv8n-DE models, it is evident that although YOLOv8n-DE (x) demonstrates 

higher recall and mAP50 changes in five of the disease categories (a, c, h, m, p) than the 

multi-class models, the training curves are less stable, showing occasional sharp drops. 

This instability indicates that overfi�ing may have occurred during the training of the 

single-class disease models. As shown in Figure 11, no overfi�ing was observed for the n 

disease category during the training of the single-class model, but its recall and mAP50 

remained consistently low. In the case of YOLOv8n-DE (n), accuracy failed to improve, 

which triggered the early stopping mechanism after 128 epochs. 

The multi-class disease combination model, YOLOv8n-DE, demonstrated rapid con-

vergence during the early stages of training (the first 20 epochs). In the subsequent train-

ing phases (post-20 epochs), the model exhibited no significant fluctuations, did not acti-

vate the early stopping mechanism, and the recall and mAP50 curves remained stable 

without any downward trend. These results suggest that YOLOv8n-DE offers be�er sta-

bility and a reduced risk of overfi�ing. Further testing was conducted on YOLOv8n-DE 

for detecting single-class diseases, and the results are presented in Figure 12 and Table 4. 
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Figure 11. Comparison of the performance between single-class and multi-class citrus disease mod-

els. YOLOv8n (a) and YOLOv8n-DE (a) are models trained solely on the a-class disease. Similarly, 

YOLOv8n (c, h, m, n, p) and YOLOv8n-DE (c, h, m, n, p) are models trained on the c, h, m, n, and p 

disease classes, respectively. YOLOv8n and YOLOv8n-DE represent models trained on multiple 

disease classes. 
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Figure 12. Radar chart of mAP50 for individual disease category tests. 

Table 4. Comparison of mAP50 for individual disease category tests. 

Model a (%) c (%) h (%) m (%) n (%) p (%) 

YOLOv8n 99.4 99.5 96.8 98.0 80.7 94.5 

YOLOv8n-D 99.4 99.5 98.5 99.3 83.6 97.8 

YOLOv8n-E 99.4 99.5 98.3 99.2 86.3 96.6 

YOLOv8n-DE 99.3 99.5 98.3 99.4 90.4 97.7 

Figure 12 shows that the disease detection model performed poorly for the nutrition 

deficiency (n) symptom while demonstrating high accuracy for other diseases. The 

YOLOv8n model exhibited the lowest detection accuracy across all categories, whereas 

the YOLOv8n-DE model consistently achieved the highest performance. A detailed anal-

ysis of the data in Table 4 reveals that YOLOv8n-DE achieved the highest mAP50 for both 

melanose (m) and nutrition deficiency (n), suggesting that the integration of the DR mod-

ule and Detect_Shared module significantly improved the detection of these symptoms. 

For Podagricomela nigricollis (p), YOLOv8n-DE’s mAP50 is 97.7%, just 0.1% lower than 

the highest detection accuracy of 97.8% achieved by the YOLOv8n-D model. The 

YOLOv8n-DE model achieved an accuracy of 90.4% for n, a 9.7% improvement over the 

YOLOv8n model. The YOLOv8n-DE model showed the highest sensitivity to individual 

disease categories, performing well across all disease types tested. 

Although class n diseases (708 samples) demonstrated substantially higher sample 

counts compared to class c (160 samples), they exhibited notably lower mAP50 scores 

(90.4% vs. other classes). Three primary factors contribute to class n’s reduced detection 

performance: 

1. Symptom Ambiguity: Nutritional deficiency manifests through non-specific indica-

tors like chromatic variation, growth retardation, and morphological abnormalities, 

contrasting with distinct visual markers in anthracnose or Huanglongbing. 

2. Insufficient Sample Diversity: Despite relatively abundant samples (708), the dataset 

fails to comprehensively cover all nutritional deficiency variations, limiting model 

generalization. 

3. Environmental Complexity: Orchard conditions involving variable illumination, het-

erogeneous leaf backgrounds, and co-occurring biotic/abiotic stressors particularly 

interfere with detecting subtle nutritional deficiency symptoms. 
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To systematically investigate dataset imbalance impacts, we conduct mean average 

precision analyses using YOLOv8n-DE under different data distributions (Table 5). 

Table 5. Performance of YOLOv8n-DE under different data distributions. 

Datasets Computation (GFLOPs) mAP50 (%) 

NO.1 3.3 95.8 

NO.2 3.3 85.1 

NO.3 3.3 96.9 

NO.4 3.3 97.3 

NO.1 represents the dataset excluding imbalanced class canker; NO.2 uses 160 samples per class; 

NO.3 applies data augmentation (oversampling, mosaic augmentation) to expand canker samples 

to 800; NO.4 denotes the original dataset. 

The experimental results in Table 5 indicate that sample imbalance had a notable im-

pact on model performance. Removing the imbalanced “canker” category (NO.1) resulted 

in a modest decrease in mAP50 compared to the original dataset (NO.4), implying that 

even a skewed class can contribute useful information. Uniformly reducing each category 

to 160 images (NO.2) led to a substantial performance drop, highlighting the critical role 

of sufficient training data. In contrast, applying data augmentation techniques to over-

sample the underrepresented “canker” class (NO.3) significantly alleviated this degrada-

tion, although the performance still slightly lagged behind that of the original dataset. 

These results suggest that while augmentation can mitigate the negative effects of imbal-

ance, maintaining the natural diversity and quantity of the original dataset ultimately 

yields the best model performance. 

4.3. Evaluation of Model Fineness 

Although the COCO metric is a widely adopted evaluation scheme in object detec-

tion, it needs to highlight the shortcomings of detection algorithms during testing effec-

tively. This study comprehensively employs the TIDE metric to evaluate the model’s dis-

ease detection performance, offering a more in-depth analysis of the model’s weaknesses 

in certain aspects. 

Figure 13 presents a segmented comparison of the test results under varying preci-

sion requirements, with each segment corresponding to a different Intersection over Un-

ion (IoU) threshold. At mAP = 50, the AP values of all models exceed 95%, and the differ-

ences in mAP50 shown in Figure 13 are negligible. This observation aligns with the earlier 

statement that no significant differences were found in the loss curves, precision curves, 

and mAP50 curves during the model training process. 
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Figure 13. Segmented comparison of disease detection performance from mAP50 to mAP95. 

Table 6 compares the TIDE metrics for the disease detection models, which assess 

model misclassification and localization accuracy. YOLOv8n-DE demonstrates a 0.21 re-

duction in classification error (Cls) compared to YOLOv8n, representing a 42% improve-

ment, indicating be�er disease classification performance. The localization error (Loc) de-

creases by 1.6, a 79.2% improvement, demonstrating that YOLOv8n-DE has a higher pre-

cision in target localization. The false positive (FP) metric decreases by 0.25, or 11.11%, 

improving classification and regression performance. The false negative (FN) metric de-

creases by 1.36, a 64.2% reduction, indicating that YOLOv8n-DE is particularly effective 

at detecting missed disease targets, providing a more comprehensive detection. The 

YOLOv8n-DE model excels in key TIDE metrics—Cls, Loc, Dupe, Miss, FP, and FN—

demonstrating significant improvements over the other models. 

Table 6. TIDE metrics comparison. 

Model Cls Loc Both Dupe Bkg Miss FP FN 

YOLOv8n 0.50 2.02 0.01 0.05 1.02 0.34 2.25 2.12 

YOLOv8n-D 0.53 1.71 0.00 0.08 1.04 0.32 2.57 2.04 

YOLOv8n-E 0.41 1.85 0.01 0.06 0.90 0.39 2.23 2.10 

YOLOv8n-DE 0.29 0.42 0.00 0.03 0.92 0.00 2.00 0.76 

Table 6 indicates that YOLOv8n-DE outperforms YOLOv8n, YOLOv8n-D, and 

YOLOv8n-E regarding classification accuracy, localization precision, and overall capabil-

ity. These advantages make YOLOv8n-DE more accurate and reliable for disease detection 

in real-world applications. 

Although the mAP50 metric shows comparable performance across the models, 

YOLOv8n-DE demonstrates a clear advantage at stricter mAP thresholds, exhibiting the 

most gradual decline in accuracy. This advantage is particularly evident in its ability to 

detect smaller, more complex disease regions under demanding conditions. TIDE metric 

analysis confirms that YOLOv8n-DE performs be�er than other models in various error 

metrics, showing a marked reduction in both localization and classification errors. These 

strengths contribute to YOLOv8n-DE’s superior accuracy and reliability in practical dis-

ease detection applications, particularly for high-precision scenarios. 

4.4. Comparison of Detection Performance Among Different Algorithms 

Due to the rapid updates and iterations of one-stage object detection algorithms, par-

ticularly those in the YOLO series, many researchers believe that the latest object detection 

algorithms offer higher efficiency, accuracy, and adaptability in detection tasks [36]. This 

study incorporates Programmable Gradient Information (PGI) and GELAN technologies 

from YOLOv9, as well as Non-Maximum Suppression (NMS) elimination techniques [37] 

from YOLOv10, into the YOLOv8 algorithm to assess further the effectiveness of different 

methods in disease detection tasks. 

Table 7 compares the performance of the YOLOv8 algorithm when modified with the 

latest modules. The YOLOv8n-RepNCSPELAN model is a disease detection model that 

enhances the C2f module of the YOLOv8 model based on the GELAN concept from 

YOLOv9. The YOLOv8n-PGI model improves the YOLOv8 model by utilizing auxiliary 

training according to the PGI concept from YOLOv9. YOLOv8n-PGI_rep is a variant of 

the YOLOv8n-PGI model that removes the PGI model during the inference process, thus 

reducing inference costs. The YOLOv8n-nmsfree disease detection model incorporates a 

dual-label assignment strategy based on the NMS-free concept from YOLOv10 to improve 

the YOLOv8 algorithm. 
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Table 7. Performance of latest modules in disease detection tasks. 

Model 
Model Size 

(MB) 

Parameters 

(M) 
Computation (GFLOPs) mAP50 (%) mAP50_n (%) 

YOLOv8n 6.2 3.01 8.1 96.6 80.7 

YOLOv8n-RepNCSPELAN 4.8 2.19 5.9 96.6 85.4 

YOLOv8n-PGI 10.4 4.26 11.3 96.3 84.5 

YOLOv8n-PGI_rep 5.9 3.01 8.1 96.3 84.5 

YOLOv8n-nmsfree 7.8 3.01 8.1 95.5 82.7 

YOLOv8n-DE 3.6 1.56 3.3 97.3 90.4 

As shown in Table 7, the disease detection models that integrate the latest advanced 

techniques, such as YOLOv8n-RepNCSPELAN, underperform in five key areas compared 

to the YOLOv8n-DE model proposed in this study: model size, parameters, computation, 

mAP50, and AP for the challenging class n (mAP50_n). Although the latest object detec-

tion algorithms, with their advanced techniques, demonstrate notable advantages on gen-

eral datasets (e.g., COCO), they exhibit low efficiency, accuracy, and adaptability in citrus 

disease detection tasks. 

This study compares various algorithms for disease detection based on five dimen-

sions: model training time, parameters, computation, latency, and model size. It analyzes 

the variations in overall mAP50 and the mAP50 for difficult-to-detect categories across 

different methods. The algorithms compared include: SwinTransformer [38], Faster R-

CNN [39], SSD [40], YOLO-MS-xs [41], Gold-YOLO-n [42], RT-DETR-r18 [43] (transformer 

architecture), YOLOv5n [44], YOLOv6n [45], YOLOv7-tiny [46], YOLOv8n [20], YOLOv9t 

[21], YOLOv8n-RepNCSPELAN, YOLOv8n-PGI, YOLOv10n [37], YOLOv8n-nmsfree, 

YOLOv11 [47], YOLOv12n [48], YOLOv8n-D, YOLOv8n-E, and YOLOv8n-DE. The detec-

tion performance is illustrated in Figures 14 and 15. 

As shown in Figures 14 and 15, under similar performance conditions, the YOLOv8n-

DE model proposed in this paper achieves training times that are 

3.06/4.3/2.1/3.53/4.88/9.31/8.09 times faster than SwinTransformer/Faster R-

CNN/YOLOv10n/YOLOv9t/Gold-YOLO-n/RT-DETR-r18/YOLOv6n, respectively. 

YOLOv8n-DE demonstrates highly efficient utilization of parameters and computation, 

making it suitable for lightweight deployment. With a 3.86-fold reduction in parameters 

and a 3.97-fold reduction in computation, YOLOv8n-DE improves mAP50 by 6.8% and 

mAP50_n by 27.4% compared to YOLOv7-tiny. Additionally, with a 1.73-fold reduction 

in parameters and a 2.48-fold reduction in computation, YOLOv8n-DE improves mAP50 

by 1.8% and mAP50_n by 8.4% compared to YOLOv10n. Compared to YOLO-MS-xs, 

YOLOv8n-DE reduces latency by 83.07% at the same performance level, and compared to 

YOLOv9t, it reduces latency by 23.53% under similar conditions. Regarding model size, 

YOLOv8n-DE is 95.34% smaller than RT-DETR-r18 and 40.98% smaller than YOLOv9t. 

YOLOv8n-DE achieves 0.4% and 0.6% mAP50 improvements over YOLOv11n and 

YOLOv12n, respectively, in general disease detection, with more significant 0.3% and 

3.1% gains specifically for class n detection. Among all the algorithms compared, 

YOLOv8n-DE achieves the highest mAP50 across all disease detection tasks, reaching 

97.3%. Furthermore, YOLOv8n-DE also achieves the highest mAP50 for class n diseases, 

with a value of 90.4%. 

The YOLOv8n-DE model demonstrates significant advantages in disease detection 

tasks, offering lower latency, a smaller model size, and higher accuracy, all while reducing 

training costs, parameters, and computation. The YOLOv8n-DE disease detection model 

meets real-time and lightweight deployment requirements, showing exceptional practi-

cality, efficiency, and precision in citrus disease detection. 
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Figure 14. Variation in citrus disease mAP50 metrics across five dimensions. 
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Figure 15. Variation in citrus disease mAP50 metrics for class n across five dimensions. 

4.5. Comparison of Lightweight Performance 

Using a test scale of 640 × 640, we compared the computational cost and parameter 

count of the YOLOv8n-DE model with those of the YOLOv8n model. The results are 

shown in Figure 16, where the module names in Figure 16 correspond to those in Figure 

2. In the backbone network, both computation and parameters were reduced to four lay-

ers. The most significant reduction in computation occurred at layer 4, where it decreased 

from 629.15 M to 173.77 M, a reduction of 72.38%. The highest parameter reduction oc-

curred at layer 6, where they dropped from 197.12 K to 54.75 K, a reduction of 72.23%. In 

the neck network, the most substantial reduction in computation was observed at layer 

21, where it decreased from 393.22 M to 179.87 M, a reduction of 54.26%, and the param-

eters in this layer decreased from 492.29 K to 225.73 K, a reduction of 54.15%. In the head 
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section, the overall computation decreased from 3.62 G to 453.27 M, a reduction of 7.99 

times, while the parameters dropped from 896.80 K to 199.81 K, a reduction of 77.72%. 

Overall, the YOLOv8n-DE model resulted in a substantial reduction in both computa-

tional cost and parameter count compared to the YOLOv8n model. 

 

Figure 16. Reduction in computation and parameters of the YOLOv8n-DE model compared to the 

YOLOv8n model. 

The lightweight design of deep learning models focuses on reducing the number of 

parameters and computational cost and also considers inference speed (FPS, f/s). A mini-

mum frame rate of 24 FPS is required for real-time object detection tasks. We tested the 

inference speeds of various models, and the experimental results are shown in Table 8. 

Table 8. Comparison of inference speeds among different models. 

Model FPS (f/s) Model FPS (f/s) 

SwinTransformer 67.14 YOLOv9t 752.94 

Faster R-CNN 45.01 YOLOv8n-RepNCSPELAN 789.13 

SSD 183.72 YOLOv8n-PGI 555.81 

YOLO-MS-xs 276.25 YOLOv10n 776.32 

Gold-YOLO-n 463.09 YOLOv8n-nmsfree 800.11 

RT-DETR-r18 122.46 YOLOv11n 658.76 

YOLOv5n 800.74 YOLOv12n 511.97 

YOLOv6n 833.21 YOLOv8n-D 763.09 
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YOLOv7-tiny 516.21 YOLOv8n-E 802.44 

YOLOv8n 796.13 YOLOv8n-DE 781.44 

Analysis of Table 8, in conjunction with Tables 3 and 7 and Figure 14, reveals that 

while the FPS of YOLOv8n-DE is 781.44, slightly lower than YOLOv8n’s 796.13, 

YOLOv8n-DE has only 1.56 M parameters, nearly 50% fewer than YOLOv8n’s 3 M. The 

computational cost of YOLOv8n-DE (3.3 GFLOPs) is approximately 60% lower than 

YOLOv8n’s 8.1 GFLOPs. Regarding latency, YOLOv8n-DE and YOLOv8n are nearly iden-

tical, maintaining around 1.3 ms. This indicates that YOLOv8n-DE significantly reduces 

computational cost and parameter count while maintaining nearly the same inference 

speed as YOLOv8n. Furthermore, when compared to other models such as SwinTrans-

former, Faster R-CNN, YOLO-MS-xs, Gold-YOLO-n, and RT-DETR-r18, YOLOv8n-DE 

demonstrates particularly outstanding performance in both inference speed and effi-

ciency. YOLOv8n-DE demonstrates 11.64× and 17.36× faster FPS compared to SwinTrans-

former and Faster R-CNN implementations. 

In summary, the YOLOv8n-DE model significantly reduces model complexity and 

computational costs while maintaining excellent inference speed, greatly decreasing the 

hardware requirements. The YOLOv8n-DE model is highly efficient in resource utiliza-

tion, enhancing its real-time processing capability for disease detection tasks and improv-

ing its lightweight performance in practical applications. YOLOv8n-DE maintains excel-

lent inference speed and high detection accuracy by optimizing computational and stor-

age demands, demonstrating strong potential for practical use. 

5. Visualization Analysis 

This study presents a visualization analysis of the YOLOv8n-DE disease detection 

model from three perspectives to enhance its interpretability. Specifically, the analysis in-

cludes (1) heatmap analysis to evaluate the model’s a�ention areas, (2) a comparison of 

the model’s inference results for various diseases, and (3) statistical analysis of detection 

counts in the test set, along with visualizations of correct detections, missed detections, 

and false detections in images with the highest error rates. 

5.1. Heatmap Visualization 

Heatmap analysis can reveal the model’s focus on disease-related features, allowing 

us to assess whether the model has learned to a�end to regions containing disease-specific 

characteristics [49]. Class Activation Mapping (CAM) techniques are commonly used in 

heatmap analysis. These methods include GradCAM, XGradCAM, EigenCAM, 

HiResCAM, LayerCAM, RandomCAM, and EigenGradCAM. In this study, we evaluated 

the performance of these seven CAM methods in disease detection models YOLOv8n, 

YOLOv8n-D, YOLOv8n-E, and YOLOv8n-DE. Ultimately, the GradCAM (Gradient-

weighted Class Activation Mapping) method was selected for the disease visualization 

analysis. GradCAM visualization, an explainable AI technique for interpreting CNN pre-

dictions, operates through three stages: (1) Forward pass computation of image scores; (2) 

Gradient backward propagation and weighted aggregation for heatmap generation; and 

(3) ReLU-based heatmap normalization and overlay on test images. The GradCAM results 

are shown in Figure 17. 
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Figure 17. GradCAM visualization results. 

In the visualization results for a-Class diseases, YOLOv8n-DE effectively focuses on 

the diseased leaves, while YOLOv8n-D and YOLOv8n-E tend to over-focus on other back-

ground areas. For c-Class diseases, YOLOv8n and YOLOv8n-D show inadequate a�ention 

to the lesion areas, whereas YOLOv8n-E refines its focus on the lesion spots. In contrast, 

YOLOv8n-DE provides more concentrated a�ention to the diseased leaf areas. For h-Class 

diseases, YOLOv8n and YOLOv8n-E excessively focus on regions outside the diseased 

leaves, while YOLOv8n-D shows insufficient focus on the diseased leaves. In the visuali-

zation results for m-Class diseases, YOLOv8n over-focuses on non-diseased regions, and 

YOLOv8n-D and YOLOv8n-E show insufficient a�ention to the diseased leaves. 

YOLOv8n-DE, however, concentrates effectively on the diseased leaf areas. For n-Class 

diseases, YOLOv8n and YOLOv8n-E misidentify citrus fruits with similar colors as dis-

eases, and YOLOv8n-D fails to focus on the diseased leaves. For p-Class diseases, 

YOLOv8n-DE appropriately directs a�ention to the diseased leaves, emphasizing the le-

sion areas. 

Overall, the visualization results of the YOLOv8n-DE model, as proposed in this pa-

per, demonstrate more focused a�ention, which allows it to capture the key features of 

various disease categories more accurately. The GradCAM visualization method en-

hances the model’s interpretability, showing that YOLOv8n-DE is be�er at highlighting 

lesion features, thereby achieving superior disease detection performance. 
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5.2. Model Recognition Performance Display 

The inference results of different object detection models on various diseases are pre-

sented in Figure 18. For detecting h-Class diseases, both YOLOv8n and YOLOv8n-E mod-

els displayed two false detections in different regions. In the m-Class disease detection, 

the YOLOv8n-E model showed three false detections. For n-Class diseases, both 

YOLOv8n and YOLOv8n-E models struggled to recognize shape features, misidentifying 

citrus fruits with similar colors as diseases. The YOLOv8n-D model missed nearly half of 

the diseased leaves. Based on the comparative experiments and disease recognition results 

discussed earlier, it is evident that the YOLOv8n-DE model, despite significant reductions 

in parameters and computation, maintains high accuracy in detecting various disease cat-

egories without any false or missed detections. The YOLOv8n-DE model consistently 

yields the highest confidence values across all disease categories. 

 

Figure 18. Disease recognition effect of different detection models. 
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5.3. Testing Results 

Testing was conducted on the test set images with an Intersection over Union (IoU) 

threshold of 0.45. The detection results of the models are summarized in Table 9. Regard-

ing false detections, the proposed YOLOv8n-DE model outperformed the other models. 

It reduced the number of false detections by 697 compared to the YOLOv8n model, by 513 

compared to YOLOv8n-D (which incorporates only the DR module), and by 337 com-

pared to YOLOv8n-E (which incorporates only the Detect_Shared module). These results 

demonstrate that the YOLOv8n-DE model is more effective at reducing false detection 

rates, which helps minimize erroneous identifications in practical applications, thereby 

improving the overall accuracy and reliability of the model. 

Table 9. Statistical results of disease detection. 

Model Right Missing Error 

YOLOv8n 741 17 1705 

YOLOv8n-D 741 17 1521 

YOLOv8n-E 742 17 1345 

YOLOv8n-DE 741 16 1008 

Figure 19 illustrates the visualization of the image with the highest detection error 

among all test images. This image represents the most difficult-to-detect n-Class disease, 

characterized by a complex background and indistinct disease features. Despite all models 

exhibiting missed detections on this challenging image, the YOLOv8n-DE model achieved 

the highest number of correct detections (YOLOv8n-DE: 13, YOLOv8n: 10, YOLOv8n-D: 

11, YOLOv8n-E: 12) and the fewest missed detections (YOLOv8n-DE: 2, YOLOv8n: 5, 

YOLOv8n-D: 4, YOLOv8n-E: 3). While YOLOv8n-DE produced a relatively high number 

of false positives (79), its overall performance in terms of correct detections and missed 

detections was the best. These results indicate that YOLOv8n-DE performs be�er in han-

dling complex backgrounds and challenging disease regions, reflecting stronger detection 

capability and robustness. 

 

Figure 19. Visualization of the challenging n-Class disease detection image. 

YOLOV8n+D 

right:11 missing:4 error:38 

YOLOV8n 

right:10 missing:5 error:46 

YOLOV8n+E 

right:12 missing:3 error:62 

YOLOV8n+D+E 

right:13 missing:2 error:79 
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Despite superior detection performance in complex backgrounds (Figure 19), 

YOLOv8n-DE still exhibits occasional misclassifications and missed detections. Primary 

contributing factors include: (1) Background interference obscuring subtle disease fea-

tures; (2) inherent symptom indistinctness; and (3) limited model generalization for ex-

treme/atypical cases. As analyzed in Section 4.2, environmental complexity and feature 

ambiguity are particularly pertinent challenges in class n identification. Future enhance-

ments could integrate multispectral data (visible, infrared, depth imagery) to improve ro-

bustness. 

6. Discussion 

The proposed YOLOv8n-DE model demonstrates a remarkable balance between 

lightweight design and detection accuracy in citrus disease detection tasks. YOLOv8n-DE 

achieves a model size of 3.6 MB and 1.56 M parameters, significantly outperforming recent 

works. Comparative analysis reveals that YOLOv8n-CDDA [50], a lightweight citrus dis-

ease detector (2.0 MB parameters, 45 FPS), achieves 88.36% mAP50 versus our 97.3%. Sim-

ilarly, ref. [33] proposed a self-a�ention YOLOv8 variant for citrus diseases, achieving 

92.5% mAP50, but with higher computational costs (6.5 GFLOPs vs. 3.3 GFLOPs in our 

model). For Citrus Greening Disease detection, model [51] requires 18.71 M parameters, 

potentially hindering edge deployment. This highlights YOLOv8n-DE’s superior param-

eter efficiency and computational frugality. 

The proposed model achieves state-of-the-art accuracy for challenging categories like 

nutrition deficiency (90.4% mAP50), surpassing [52] who reported 86.7% mAP50 using 

YOLOv8-GABNet on similar tasks. Compared to baseline YOLOv8, YOLOv8-DE reduces 

classification and localization errors by 42% and 79.2%, respectively. 

With a 781.44 FPS inference speed, our solution significantly outperforms YOLO-

EAF [53] (94.4 FPS). The integration of dilated reparameterization and shared parameter 

heads enables YOLOv8n-DE to adapt to multi-scale disease features while minimizing 

redundancy. Notably, our model maintains robust generalization in complex orchard en-

vironments, addressing limitations identified in [54]’s PlantVillage-optimized approach 

(98% accuracy but poor field adaptability). Our model’s lightweight design (41.94% 

smaller than YOLOv8) ensures compatibility with edge devices, a critical advantage for 

orchard deployment. 

Through systematic improvements in data acquisition, feature extraction (DR mod-

ule), and detection head design (shared parameters), YOLOv8n-DE achieves customized 

optimization for citrus disease detection. Moreover, the training time of YOLOv8n-DE is 

1.03, 0.91, 2.1, and 3.53 times faster than that of YOLOv12n, YOLOv11n, YOLOv10n, and 

YOLOv9t, respectively, indicating that the model has lower hardware requirements. 

However, this study has limitations, particularly the potential for identification errors 

when the model is applied in highly complex environmental se�ings. Future work could 

investigate integrating more diverse environmental data and multimodal information to 

enhance the model’s robustness. Additionally, optimizing the model’s computational ef-

ficiency and adaptability remains an important avenue for further research. 

7. Conclusions 

The proposed architectural modifications enhance detection accuracy and speed 

while reducing computational complexity, demonstrating practical viability for precision 

agriculture applications. This paper proposes YOLOv8n-DE with two key improvements: 

the DR module for feature enhancement, and Detect_Shared for parameter efficiency. The 

DR module improves disease feature extraction and expands the receptive field by com-

bining dilated convolutions and reparameterization. Detect_Shared reduces parameters 
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and computational complexity while maintaining high efficiency in classification and re-

gression tasks using partial convolutions and channel fusion. 

Compared with other models, YOLOv8n-DE shows a 0.4% increase in mAP50 over 

YOLOv11n and a 0.3% improvement in mAP50 for n-class disease detection. Similarly, 

the mAP50 value of YOLOv8n-DE is not significantly higher than that of YOLOv12n. 

However, YOLOv8n-DE outperforms these models in terms of detection speed, number 

of parameters, and computational load. Compared to the original YOLOv8, YOLOv8n-

DE reduces parameters by 48.17%, computation by 59.26%, and model size by 41.94%, 

while decreasing classification error by 42%, regression error by 79.2%, FP by 11.11%, and 

FN by 64.2%. It achieves 97.6% precision, 91.8% recall, 97.3% mAP, and 90.4% mAP in the 

recognition of challenging diseases. The model maintains a high inference speed of 781.44 

FPS. 

Author Contributions: Conceptualization, X.G.; Data curation, X.W. and P.L.; Formal analysis, W.Z. 

and P.L.; Funding acquisition, L.S. and Q.L.; Investigation, W.Z.; Methodology, X.G. and S.X.Y.; 

Project administration, L.S.; Software, Q.L. and P.L.; Supervision, S.X.Y. and L.S.; Validation, X.G.; 

Visualization, X.W.; Writing—original draft, X.G.; Writing—review and editing, X.G., X.W., and L.S. 

All authors have read and agreed to the published version of the manuscript. 

Funding: This research is supported by the Research Foundation of Chongqing Education Commit-

tee (Grant No. KJQN202001531), and the Research Foundation of Chongqing University of Science 

and Technology (Grant No. KJDX2024005). 

Institutional Review Board Statement: Not applicable. 

Informed Consent Statement: Not applicable. 

Data Availability Statement: The PlantVillage, Citrus Plant Dataset, CCL’20, and AI challenger da-

tasets are open-source datasets. Other data will be made available on request. 

Conflicts of Interest: The authors declare no conflicts of interest. 

References 

1. Pinna, D.; Pezzuolo, A.; Cogato, A.; Pornaro, C.; Macolino, S.; Marinello, F. Applications of satellite platforms and machine 

learning for mapping and monitoring grasslands and pastures: A systematic and comprehensive review. Smart Agric. Technol. 

2024, 9, 100571. h�ps://doi.org/10.1016/j.atech.2024.100571. 

2. Lu, L.; Li, L.; Lu, S.; Tang, H. Design and experimentation of the transport mechanism for mulberry leaf harvesting machine in 

hilly terrain. J. Chin. Agric. Mech. 2024, 45, 133–139. h�ps://doi.org/10.13733/j.jcam.issn.2095-5553.2024.03.019. 

3. Limayem, A.; Martin, E.M.; Shankar, S. Study on the citrus greening disease: Current challenges and novel therapies. Microb. 

Pathogen. 2024, 192, 106688. h�ps://doi.org/10.1016/j.micpath.2024.106688. 

4. Wang, Y.F.; Shi, Y.; Li, H.L.; Chang, J.X. Understanding Citrus Viroid Interactions: Experience and Prospects. Viruses 2024, 16, 

577. h�ps://doi.org/10.3390/v16040577. 

5. Chen, Y.; Huang, Y.; Zhang, Z.; Wang, Z.; Liu, B.; Liu, C.; Huang, C.; Dong, S.; Pu, X.; Wan, F.; et al. Plant image recognition 

with deep learning: A review. Comput. Electron. Agric. 2023, 212, 108072. h�ps://doi.org/10.1016/j.compag.2023.108072. 

6. Kurmi, Y.; Saxena, P.; Kirar, B.S.; Gangwar, S.; Chaurasia, V.; Goel, A. Deep CNN model for crops’ diseases detection using leaf 

images. Multidimension. Syst. Signal Process. 2022, 33, 981–1000. h�ps://doi.org/10.1007/s11045-022-00820-4. 

7. Dou, S.Q.; Wang, L.; Fan, D.L.; Miao, L.L.; Yan, J.C.; He, H.C. Classification of Citrus Huanglongbing Degree Based on CBAM-

MobileNetV2 and Transfer Learning. Sensors 2023, 23, 5587. 

8. Qiu, R.Z.; Chen, S.P.; Chi, M.X.; Wang, R.B.; Huang, T.; Fan, G.C.; Zhao, J.; Weng, Q.Y. An automatic identification system for 

citrus greening disease (Huanglongbing) using a YOLO convolutional neural network. Front. Plant Sci. 2022, 13, 1002606. 

9. Uguz, S.; Sikaroglu, G.; Yagiz, A. Disease detection and physical disorders classification for citrus fruit images using convolu-

tional neural network. J. Food Meas. Charact. 2023, 17, 2353–2362. 



Sensors 2025, 25, 1971 31 of 33 
 

 

10. Dhiman, P.; Manoharan, P.; Lilhore, U.K.; Alroobaea, R.; Kaur, A.; Iwendi, C.; Alsafyani, M.; Baqasah, A.M.; Raahemifar, K., 

PFDI: A precise fruit disease identification model based on context data fusion with faster-CNN in edge computing environ-

ment. EURASIP J. Adv. Signal Process. 2023, 2023, 72. 

11. Zhang, F.K.; Jin, X.B.; Lin, G.; Jiang, J.; Wang, M.Z.; An, S.; Hu, J.H.; Lyu, Q., Hybrid a�ention network for citrus disease iden-

tification. Comput. Electron. Agric. 2024, 220, 108907. h�ps://doi.org/10.1016/j.compag.2024.108907. 

12. Zhang, Y.; Li, L.; Chun, C.; Wen, Y.; Xu, G. Multi-scale feature adaptive fusion model for real-time detection in complex citrus 

orchard environments. Comput. Electron. Agric. 2024, 219, 108836. h�ps://doi.org/10.1016/j.compag.2024.108836. 

13. Xiao, D.Q.; Zeng, R.L.; Liu, Y.F.; Huang, Y.G.; Liu, J.B.; Feng, J.Z.; Zhang, X.L. Citrus greening disease recognition algorithm 

based on classification network using TRL-GAN. Comput. Electron. Agric. 2022, 200, 107206. h�ps://doi.org/10.1016/j.com-

pag.2022.107206. 

14. Dai, Q.F.; Guo, Y.H.; Li, Z.; Song, S.R.; Lyu, S.; Sun, D.Z.; Wang, Y.; Chen, Z.W. Citrus Disease Image Generation and Classifi-

cation Based on Improved FastGAN and EfficientNet-B5. Agronomy 2023, 13, 988. h�ps://doi.org/10.3390/agronomy13040988. 

15. Sankaran, S.; Subbiah, D.; Chokkalingam, B.S. CitrusDiseaseNet: An integrated approach for automated citrus disease detection 

using deep learning and kernel extreme learning machine. Earth Sci. Inf. 2024, 17, 3053–3070. h�ps://doi.org/10.1007/s12145-024-

01320-8. 

16. Wang, T.; Li, J.; He, L.; Deng, L.; Zheng, Y.; Yi, S.; Xie, R.; Lyu, Q. Citrus canopy volume estimation using UAV oblique photog-

raphy. Int. J. Precis. Agric. Aviat. 2021, 4, 22–28. h�ps://doi.org/10.33440/j.ijpaa.20210401.157. 

17. Li, L.; Lu, S.; Ren, H.; Xu, G.; Zhou, Y. Mulberry Branch Identification and Location Method Based on Improved YOLO v5 in 

Complex Environment. Trans. Chin. Soc. Agric. Mach. 2024, 55, 249–257. 

18. Dong, R.H.; Shiraiwa, A.; Pawasut, A.; Sreechun, K.; Hayashi, T. Diagnosis of Citrus Greening Using Artificial Intelligence: A 

Faster Region-Based Convolutional Neural Network Approach with Convolution Block A�ention Module-Integrated VGGNet 

and ResNet Models. Plants 2024, 13, 1631. h�ps://doi.org/10.3390/plants13121631. 

19. Thakuria, D.; Chaliha, C.; Du�a, P.; Sinha, S.; Uzir, P.; Singh, S.B.; Hazarika, S.; Sahoo, L.; Kharbikar, L.L.; Singh, D. Citrus 

Huanglongbing (HLB): Diagnostic and management options. Physiol. Mol. Plant Pathol. 2023, 125, 102016. 

h�ps://doi.org/10.1016/j.pmpp.2023.102016. 

20. Varghese, R.; Sambath, M. YOLOv8: A Novel Object Detection Algorithm with Enhanced Performance and Robustness. In Pro-

ceedings of the 2024 International Conference on Advances in Data Engineering and Intelligent Computing Systems (ADICS), 

Chennai, India, 18–19 April 2024; pp. 1–6. 

21. Wang, C.-Y.; Yeh, I.-H.; Liao, H. YOLOv9: Learning What You Want to Learn Using Programmable Gradient Information. arXiv 

2024, arXiv:2402.13616. 

22. Liu, Z.; Mao, H.; Wu, C.; Feichtenhofer, C.; Darrell, T.; Xie, S. A ConvNet for the 2020s. In Proceedings of the 2022 IEEE/CVF 

Conference on Computer Vision and Pa�ern Recognition (CVPR), New Orleans, LA, USA, 12–24 June 2022; pp. 11966-11976. 

23. Ding, X.; Zhang, Y.; Ge, Y.; Zhao, S.; Song, L.; Yue, X.; Shan, Y. UniRepLKNet: A Universal Perception Large-Kernel ConvNet 

for Audio, Video, Point Cloud, Time-Series and Image Recognition. arXiv 2023, arXiv:2311.15599. 

24. Gai, R.; Liu, Y.; Xu, G. TL-YOLOv8: A Blueberry Fruit Detection Algorithm Based on Improved YOLOv8 and Transfer Learning. 

IEEE Access 2024, 12, 86378–86390. h�ps://doi.org/10.1109/ACCESS.2024.3416332. 

25. Guo, J.; Wang, S.; Chen, X.; Chen, W.; Wei, Z. QL-YOLOv8s: Precisely Optimized Lightweight YOLOv8 Pavement Disease 

Detection Model. IEEE Access 2024, 12, 128392–128403. h�ps://doi.org/10.1109/ACCESS.2024.3452129. 

26. Chen, J.; Kao, S.-h.; He, H.; Zhuo, W.; Wen, S.; Lee, C.-H.; Chan, S.-H.G. Run, Don’t Walk: Chasing Higher FLOPS for Faster 

Neural Networks. In Proceedings of the 2023 IEEE/CVF Conference on Computer Vision and Pa�ern Recognition (CVPR), Van-

couver, BC, Canada, 17–24 June 2023; pp. 12021–12031. 

27. Chen, Z.; Feng, J.; Zhu, K.; Yang, Z.; Wang, Y.; Ren, M. YOLOv8-ACCW: Lightweight Grape Leaf Disease Detection Method 

Based on Improved YOLOv8. IEEE Access 2024, 12, 123595–123608. h�ps://doi.org/10.1109/ACCESS.2024.3453379. 

28. Badgujar, C.; Das, S.; Figueroa, D.M.; Flippo, D. Application of Computational Intelligence Methods in Agricultural Soil–Ma-

chine Interaction: A Review. Agriculture 2023, 13, 357. 

29. Hughes, D.P.; Salathé, M. An open access repository of images on plant health to enable the development of mobile disease 

diagnostics through machine learning and crowdsourcing. arXiv 2015, arXiv:1511.08060. 

30. Dananjayan, S.; Tang, Y.; Zhuang, J.; Hou, C.; Luo, S. Assessment of state-of-the-art deep learning based citrus disease detection 

techniques using annotated optical leaf images. Comput. Electron. Agric. 2022, 193, 106658. h�ps://doi.org/10.1016/j.com-

pag.2021.106658. 



Sensors 2025, 25, 1971 32 of 33 
 

 

31. Rauf, H.T.; Saleem, B.A.; Lali, M.I.U.; Khan, M.A.; Sharif, M.; Bukhari, S.A.C. A citrus fruits and leaves dataset for detection and 

classification of citrus diseases through machine learning. Data Brief 2019, 26, 104340. h�ps://doi.org/10.1016/j.dib.2019.104340. 

32. AIchallenger. Pest and Disease Classification Dataset. Available online: h�ps://aistudio.baidu.com/datasetdetail/76075 (ac-

cessed on 8 February 2024). 

33. Luo, D.; Xue, Y.; Deng, X.; Yang, B.; Chen, H.; Mo, Z. Citrus Diseases and Pests Detection Model Based on Self-A�ention 

YOLOV8. IEEE Access 2023, 11, 139872–139881. h�ps://doi.org/10.1109/ACCESS.2023.3340148. 

34. Bolya, D.; Foley, S.; Hays, J.; Hoffman, J. TIDE: A General Toolbox for Identifying Object Detection Errors. In Proceedings of the 

ECCV 2020: 16th European Conference, Glasgow, UK, 23–28 August 2020; pp. 558–573. 

35. Zhao, J.; Lipani, A.; Schillaci, C. Fallen apple detection as an auxiliary task: Boosting robotic apple detection performance 

through multi-task learning. Smart Agric. Technol. 2024, 8, 100436. h�ps://doi.org/10.1016/j.atech.2024.100436. 

36. Badgujar, C.M.; Poulose, A.; Gan, H. Agricultural object detection with You Only Look Once (YOLO) Algorithm: A bibliometric 

and systematic literature review. Comput. Electron. Agric. 2024, 223, 109090. h�ps://doi.org/10.1016/j.compag.2024.109090. 

37. Wang, A.; Chen, H.; Liu, L.; Chen, K.; Lin, Z.; Han, J.; Ding, G. YOLOv10: Real-Time End-to-End Object Detection. arXiv 2024, 

arXiv:2405.14458. 

38. Liu, Z.; Lin, Y.; Cao, Y.; Hu, H.; Wei, Y.; Zhang, Z.; Lin, S.; Guo, B. Swin Transformer: Hierarchical Vision Transformer using 

Shifted Windows. In Proceedings of the 2021 IEEE/CVF International Conference on Computer Vision (ICCV), Montreal, BC, 

Canada, 11–17 October 2021; pp. 9992–10002. 

39. Ren, S.; He, K.; Girshick, R.; Sun, J. Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks. IEEE 

Trans. Pa�ern Anal. Mach. Intell. 2017, 39, 1137–1149. h�ps://doi.org/10.1109/TPAMI.2016.2577031. 

40. Liu, W.; Anguelov, D.; Erhan, D.; Szegedy, C.; Reed, S.E.; Fu, C.-Y.; Berg, A.C. SSD: Single Shot MultiBox Detector. In Proceed-

ings of the European Conference on Computer Vision, Santiago, Chile, 7–13 December 2015. 

41. Chen, Y.; Yuan, X.; Wu, R.; Wang, J.; Hou, Q.; Cheng, M.-M. YOLO-MS: Rethinking Multi-Scale Representation Learning for 

Real-time Object Detection. arXiv 2023, arXiv:2308.05480. 

42. Wang, C.; He, W.; Nie, Y.; Guo, J.; Liu, C.; Han, K.; Wang, Y. Gold-YOLO: Efficient Object Detector via Gather-and-Distribute 

Mechanism. arXiv 2023, arXiv:2309.11331. 

43. Lv, W.; Xu, S.; Zhao, Y.; Wang, G.; Wei, J.; Cui, C.; Du, Y.; Dang, Q.; Liu, Y. DETRs Beat YOLOs on Real-time Object Detection. 

arXiv 2023, arXiv:2304.08069. 

44. Terven, J.R.; Esparza, D.M.C. A Comprehensive Review of YOLO: From YOLOv1 to YOLOv8 and Beyond. arXiv 2023, 

arXiv:2304.00501. 

45. Li, C.; Li, L.; Jiang, H.; Weng, K.; Geng, Y.; Li, L.; Ke, Z.; Li, Q.; Cheng, M.; Nie, W.; et al. YOLOv6: A Single-Stage Object 

Detection Framework for Industrial Applications. arXiv 2022, arXiv:2209.02976. 

46. Wang, C.Y.; Bochkovskiy, A.; Liao, H.Y.M. YOLOv7: Trainable Bag-of-Freebies Sets New State-of-the-Art for Real-Time Object 

Detectors. In Proceedings of the 2023 IEEE/CVF Conference on Computer Vision and Pa�ern Recognition (CVPR), Vancouver, 

BC, Canada, 17–24 June 2023; pp. 7464–7475. 

47. Khanam, R.; Hussain, M. YOLOv11: An Overview of the Key Architectural Enhancements. arXiv 2024, arXiv:2410.17725. 

48. Tian, Y.; Ye, Q.; Doermann, D. YOLOv12: A�ention-Centric Real-Time Object Detectors. arXiv 2025, arXiv:2502.12524. 

49. Badgujar, C.M.; Armstrong, P.R.; Gerken, A.R.; Pordesimo, L.O.; Campbell, J.F. Identifying common stored product insects 

using automated deep learning methods. J. Stored Prod. Res. 2023, 103, 102166. h�ps://doi.org/10.1016/j.jspr.2023.102166. 

50. Mo, H.; Wei, L. Lightweight citrus leaf disease detection model based on ARMS and cross-domain dynamic a�ention. J. King 

Saud Univ.—Comput. Inf. Sci. 2024, 36, 102133. h�ps://doi.org/10.1016/j.jksuci.2024.102133. 

51. Huangfu, Y.; Huang, Z.; Yang, X.; Zhang, Y.; Li, W.; Shi, J.; Yang, L. HHS-RT-DETR: A Method for the Detection of Citrus 

Greening Disease. Agronomy 2024, 14, 2900. 

52. Dai, Q.; Xiao, Y.; Lv, S.; Song, S.; Xue, X.; Liang, S.; Huang, Y.; Li, Z. YOLOv8-GABNet: An Enhanced Lightweight Network for 

the High-Precision Recognition of Citrus Diseases and Nutrient Deficiencies. Agriculture 2024, 14, 1964. 

  



Sensors 2025, 25, 1971 33 of 33 
 

 

53. Xie, W.; Feng, F.; Zhang, H. A Detection Algorithm for Citrus Huanglongbing Disease Based on an Improved YOLOv8n. Sensors 

2024, 24, 4448. 

54. Shahriar Zaman Abid, M.; Jahan, B.; Mamun, A.A.; Jakir Hossen, M.; Hossain Mazumder, S. Bangladeshi crops leaf disease 

detection using YOLOv8. Heliyon 2024, 10, e36694. h�ps://doi.org/10.1016/j.heliyon.2024.e36694. 

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-

thor(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to 

people or property resulting from any ideas, methods, instructions or products referred to in the content. 


