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Abstract

Citrus Huanglongbing (HLB) is one of the most devastating diseases in the global citrus
industry, but its early detection under complex field conditions remains a major challenge.
Existing methods often suffer from insufficient dataset diversity and poor generalization,
and struggle to accurately detect subtle early-stage lesions and multiple HLB symptoms
in natural backgrounds. To address these issues, we propose an enhanced YOLO11-
based framework, DCH-YOLO11. We constructed a multi-symptom HLB leaf dataset
(MS-HLBD) containing 9219 annotated images across five classes: Healthy (1862), HLB
blotchy mottling (2040), HLB Zinc deficiency (1988), HLB yellowing (1768), and Canker
(1561), collected under diverse field conditions. To improve detection performance, the
DCH-YOLO11 framework incorporates three novel modules: the C3k2 Dynamic Feature
Fusion (C3k2_DFF) module, which enhances early and subtle lesion detection through
dynamic feature fusion; the C2PSA Context Anchor Attention (C2PSA_CAA) module,
which leverages context anchor attention to strengthen feature extraction in complex vein
regions; and the High-efficiency Dynamic Feature Pyramid Network (HDFPN) module,
which optimizes multi-scale feature interaction to boost detection accuracy across different
object sizes. On the MS-HLBD dataset, DCH-YOLO11 achieved a precision of 91.6%, recall
of 87.1%, F1-score of 89.3, and mAP50 of 93.1%, surpassing Faster R-CNN, SSD, RT-DETR,
YOLOv7-tiny, YOLOv8n, YOLOv9-tiny, YOLOv10n, YOLO11n, and YOLOv12n by 13.6%,
8.8%, 5.3%, 3.2%, 2.0%, 1.6%, 2.6%, 1.8%, and 1.6% in mAP50, respectively. On a publicly
available citrus HLB dataset, DCH-YOLO11 achieved a precision of 82.7%, recall of 81.8%,
F1-score of 82.2, and mAP50 of 89.4%, with mAP50 improvements of 8.9%, 4.0%, 3.8%, 3.2%,
4.7%, 3.2%, and 3.4% over RT-DETR, YOLOv7-tiny, YOLOv8n, YOLOv9-tiny, YOLOv10n,
YOLO11n, and YOLOv12n, respectively. These results demonstrate that DCH-YOLO11
achieves both state-of-the-art accuracy and excellent generalization, highlighting its strong
potential for robust and practical citrus HLB detection in real-world applications.

Keywords: YOLO; natural environment; HLB; feature fusion; attention mechanism

MSC: 68T07

1. Introduction
Citrus Huanglongbing (HLB), also known as citrus greening disease, is one of the

most severe threats facing the global citrus industry, particularly in major production re-
gions such as Asia, Africa, and South America. Characterized by rapid transmission
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and the difficulty of eradication, HLB has caused significant economic losses world-
wide [1,2]. The pathogen is a phloem-restricted, obligate bacterium—Candidatus Liberib-
acter spp.—primarily transmitted by citrus psyllids. Infected trees exhibit symptoms
including stunted growth, leaf chlorosis, fruit quality degradation, and, in severe cases,
death, thereby posing a major risk to the sustainability and profitability of citrus cultiva-
tion [3,4]. Due to the inconspicuous nature of early-stage symptoms, timely and accurate
diagnosis is crucial for effective HLB management and control [5].

Currently, mainstream HLB detection methods include field visual inspection, poly-
merase chain reaction (PCR), spectroscopic techniques, and computer-vision-based auto-
mated detection systems [6]. Field visual inspection relies on experienced agronomists or
plant protection specialists to identify phenotypic symptoms on leaves, stems, and fruits.
While this approach is simple and enables rapid preliminary screening in orchards, it is
highly subjective and depends heavily on the operator’s expertise, resulting in low accu-
racy for early or latent infections [7]. PCR technology, by directly detecting the pathogen’s
nucleic acid, is regarded as one of the most precise diagnostic tools for HLB [8]. It offers
high sensitivity and specificity and can identify infections even before symptoms become
apparent. However, PCR requires strict laboratory conditions, sophisticated equipment,
and high-purity reagents. Its complex procedures and high costs hinder large-scale, in-field
deployment and immediate screening. Spectroscopic analysis achieves non-destructive
evaluation of plant health by analyzing leaf spectral characteristics [9]. Although this
method is adaptable to various environmental conditions and provides high-throughput
information, it is susceptible to interference from light variation and background noise.
Moreover, it involves complex data processing and feature extraction, necessitating spe-
cialized equipment and algorithms. Automated detection based on computer vision has
recently attracted extensive attention. Leveraging deep learning and artificial intelligence,
these methods enable rapid and efficient identification of symptomatic leaves under com-
plex field conditions [10]. While they have reduced the labor intensity and improved
detection efficiency and consistency, challenges remain in terms of insufficient dataset
diversity and limited model generalization. In summary, although current detection tech-
niques have advanced the efficiency of HLB diagnosis, they still present challenges such as
labor-intensive procedures, high dependence on operator expertise, high costs, and limited
adaptability to varying field conditions. These limitations hinder their large-scale applica-
tion for high-throughput, low-cost, and rapid screening. Therefore, there is an urgent need
to develop a novel HLB detection technology that combines efficiency, cost-effectiveness,
and robust adaptability to real-world environments.

In recent years, significant progress has been made in the field of citrus HLB detec-
tion [11]. Liu et al. [12] proposed a method for leaf classification based on image texture
features, which is straightforward and capable of identifying local lesions to some extent.
However, this approach relies heavily on manual feature extraction, resulting in poor
adaptability to complex backgrounds and early subtle symptoms, and thus exhibits lim-
ited generalization capability. Yan et al. [13] enhanced early non-invasive detection by
integrating hyperspectral imaging with machine learning. While this method offers high
sensitivity, it requires expensive equipment and complex procedures, and its adaptability
to field environments is insufficient, making large-scale real-time monitoring difficult.
Aswini et al. [14] applied YOLOv7 for automated HLB detection, which significantly im-
proved detection efficiency and automation. Nevertheless, its ability to recognize subtle
symptoms and diverse phenotypes in complex environments remains inadequate, and
its generalization performance is limited. Li et al. [15] developed YOLOv8-MC, a model
primarily aimed at detecting citrus psyllids. While achieving high accuracy and providing
technical support for pest monitoring, it cannot directly identify multiple symptomatic fea-
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tures of HLB leaves, failing to meet the need for precise disease classification. Lin et al. [16]
employed UAV imagery and support vector machines (SVMs) to conduct large-scale HLB
monitoring, which is suitable for extensive screening. However, the limited resolution of
UAV imagery makes it difficult to detect early-stage subtle lesions, and detection accuracy
is greatly affected by environmental factors. Lu et al. [17] improved model robustness
in fruit symptom recognition using Mixup data augmentation and convolutional neural
networks (CNNs). Despite these advances, the approach focuses on fruit symptoms and
demonstrates limited capability for recognizing diverse leaf symptoms under complex field
conditions. Table 1 presents a systematic overview of major methods for HLB detection and
their corresponding limitations. There has been steady progress in imaging technologies,
machine learning approaches, and automation of detection. However, several fundamental
challenges still exist. First, many existing methods have limited generalization, often be-
cause their datasets are not diverse enough or are overly fitted to controlled conditions. As
a result, their performance in real-world field environments is often unstable. Second, these
approaches usually depend on manual feature extraction or expensive equipment, making
large-scale or low-cost deployment difficult. Third, current systems are often not sensitive
enough to detect early or subtle symptoms, which delays timely management. Finally, the
complexity of implementation and the lack of adaptability to changing field conditions
further restrict their practical application. All these persistent limitations underscore the
necessity for developing more robust, efficient, and field-adaptable detection methods,
which this study aims to address.

Table 1. Summary of related works on HLB detection and their limitations.

Study Methodology Advantages Limitations

Liu et al. [12] Image texture classification Simple; identifies local lesions Manual feature extraction; weak for complex back-
grounds/early symptoms

Yan et al. [13] Hyperspectral imaging +
Machine Learning

High sensitivity; non-
destructive

Expensive; complex; not suitable for large-scale
field use

Aswini et al. [14] YOLOv7 Fast; automated Weak for subtle/diverse symptoms; limited
generalization

Li et al. [15] YOLOv8-MC Accurate for pest detection Cannot detect multiple HLB symptoms; insuffi-
cient for disease classification

Lin et al. [16] UAV imaging + SVM Large-scale monitoring Low resolution; environment-dependent; poor for
early symptoms

Lu et al. [17] Mixup + CNN Robust for fruit symptoms Focused on fruit; limited for leaf symptoms

Meanwhile, deep learning techniques—particularly CNNs—have significantly ad-
vanced the development of intelligent detection systems for fruit and vegetable diseases
and pests [18,19]. Numerous studies have demonstrated that methods based on object
detection frameworks such as YOLO exhibit outstanding advantages in handling the
complexities of agricultural field environments. Jin et al. [20] developed a lightweight
CO-YOLO model for Camellia oleifera fruit detection, which substantially reduced the
model’s parameter count while maintaining a high detection accuracy of 90.6%. This
result highlights the strong lightweight design and suitability of the YOLO architecture
for real-time applications in resource-constrained scenarios. Zhu et al. [21] applied an im-
proved YOLOv7 to a mushroom harvesting system, increasing the overall picking success
rate to 80%. This indicates that YOLO-based detection technology not only improves the
efficiency of agricultural automation but also enhances target detection reliability under
complex environmental conditions. Goyal et al. [22] utilized the YOLOv8 model to achieve
efficient and automatic identification of weeds in potato fields. The method maintained
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a detection accuracy of 100% across various weed species and under different natural
lighting conditions, demonstrating the robustness and high precision of the YOLO family
of models in practical field scenarios, which made them highly suitable for large-scale
automated farmland management. Shi et al. [23] proposed the YOLO11-CGB approach,
which integrates feature enhancement strategies with the YOLO framework, significantly
improving the detection of Chinese cabbage seedlings in challenging field conditions, with
an average precision of 97.0%. This work shows that customized network structures target-
ing agricultural object characteristics can further enhance the recognition ability of YOLO
models, especially for low-contrast and densely packed targets. Niu et al. [24] improved a
tea bud detection algorithm based on YOLO11, increasing the mAP50 by 1.4% and effec-
tively enhancing the model’s capability to perceive small objects. This demonstrates the
potential of the YOLO architecture for optimizing small object detection and provides a
technical reference for improving the detection of early-stage lesions and other fine-grained
targets. Li et al. [25] introduced the YOLO11-GS model, incorporating an angle regression
optimization strategy for precise grape fruit detection (achieving an accuracy of 87.7%
and mAP50 of 89.5%). This model effectively addressed the challenge of detecting fruits
at varying growth stages and spatial orientations, offering a robust solution for complex
field scenarios involving multi-angle and deformed targets. Collectively, these examples
illustrate that YOLO-based models, owing to their end-to-end architecture, fast detection
speed, and strong adaptability to diverse environments and small objects, have become
the mainstream technical approach for intelligent detection of agricultural diseases and
pests. Their superior environmental robustness, small object recognition capability, model
efficiency, and deployment flexibility provide a solid foundation for large-scale field dis-
ease monitoring and automated control. Moreover, these advancements offer important
theoretical and methodological insights for further optimizing the YOLO framework to
improve the detection of multiple HLB phenotypes, early symptoms, and environmental
variability, as pursued in the present study.

A comprehensive analysis of existing research reveals that although deep learning
approaches have achieved remarkable progress in the detection of fruit and vegetable
diseases, two key challenges persist in the practical detection of citrus HLB: First, current
datasets lack sufficient diversity in terms of geography, seasonality, imaging angles, and
environmental conditions. This limitation prevents models from fully learning the symp-
tom characteristics of HLB across multiple phenotypes and scenarios, thereby constraining
their generalization capability. Second, most existing models exhibit inadequate feature ex-
traction and differentiation abilities for subtle early-stage lesions and various symptomatic
types under complex natural backgrounds. This shortcoming hampers the practicality of
early, accurate in-field identification and automated multi-symptom diagnosis of HLB.

To address these challenges, this study proposes a novel HLB recognition method
based on an enhanced YOLO11 architecture, specifically designed for natural field con-
ditions. The goal is to further improve detection accuracy and robustness in complex
environments. This study specifically targets the automated detection of multiple symp-
tomatic features of citrus HLB on leaves under diverse and realistic field conditions, using
deep-learning-based computer vision methods. Compared with existing HLB detection
approaches, our method offers clear advantages in three main aspects. First, the enhanced
YOLO11 framework achieves more robust generalization, maintaining high detection accu-
racy across diverse and challenging field conditions. Second, it significantly improves the
identification of early-stage and multiple symptomatic features, even under complex back-
grounds or subtle symptom expression. Third, the proposed model demonstrates greater
adaptability and practical value for real-world agricultural deployment. These strengths
are validated through comprehensive comparative experiments, where our method con-
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sistently surpasses state-of-the-art models in detection precision, robustness, and field
applicability. The main contributions of this work are as follows:

• We constructed the Multi-Symptom HLB Leaf Dataset (MS-HLBD), which encom-
passes samples from multiple regions, various shooting angles, different seasons, and
diverse time periods. This significantly enhances the diversity of the dataset, overcom-
ing the limitations of existing datasets in terms of regional and seasonal coverage, and
provides a richer foundation of image features for model training and evaluation.

• We propose the DCH-YOLO11 model, which comprehensively improves the detection
capability for multiple HLB symptom types and enhances overall generalization per-
formance. Building upon the original YOLO11 framework, three key innovative mod-
ules are integrated: the C3k2 Dynamic Feature Fusion (C3k2_DFF) module strengthens
the interaction between global and local features, thereby improving the detection
of subtle early-stage lesions; the C2PSA Context Anchor Attention (C2PSA_CAA)
module highlights disease details in complex leaf vein regions, increasing the model’s
ability to distinguish various symptom types under challenging backgrounds; and
the High-efficiency Dynamic Feature Pyramid Network (HDFPN) module optimizes
multi-scale feature fusion, enhancing detection accuracy and robustness across dif-
ferent object scales. These targeted enhancements address existing shortcomings in
feature extraction, fine-grained recognition, and multi-scenario adaptability.

Nevertheless, it should be noted that the generalization ability of the proposed model
under extreme lighting conditions, rare citrus cultivars, or highly atypical symptom pre-
sentations remains to be further validated. In addition, the computational adaptability for
real-time deployment in resource-constrained scenarios still requires optimization.

2. Materials and Methods
2.1. Data Collection

The dataset used in this study was collected from citrus orchards located in Conghua
District, Nansha District, and Zengcheng District of Guangzhou, Guangdong Province,
China. The dataset was sampled from different geographical areas to enhance its rep-
resentativeness and diversity. Based on this collection, the MS-HLBD was constructed,
consisting of healthy citrus leaves, citrus leaves infected with HLB (including blotchy
mottling, Zinc-deficiency symptoms, and yellowing) and leaves affected by citrus canker.

To obtain high-quality images rich in detail, a handheld high-resolution imaging device
was used for close-range image acquisition (5–20 cm distance). Data collection was carried
out from December to the following March to cover the phenotypic changes of citrus plants
across different growth stages and disease progression phases. To ensure data diversity and
representativeness, samples were taken from different trees and canopy positions, as well
as leaves oriented in various directions. Moreover, images were captured at different times
of day and under various weather conditions, such as morning, noon, evening, sunny, and
cloudy settings, to introduce natural variability in lighting, background textures, and leaf
postures. During the photography process, both composition and shooting angles were
adjusted appropriately to minimize adverse effects such as backlighting, glare, and image
blur. Images with poor quality, including severe blur, overexposure, or incomplete leaf
regions, were excluded. Ultimately, 4299 high-quality images were retained to form the
initial version of the MS-HLBD. Figure 1 presents examples of typical diseased leaf images
collected in the dataset. MS-HLBD exhibits substantial diversity and representativeness
in terms of disease types, environmental conditions, and growth stages, providing a solid
data foundation for subsequent model training, validation, and testing.
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1. Healthy 2. HLB blotchy 
mottling

3. HLB Zinc-
deficiency

4. HLB 
yellowing

5. Canker

Conghua

Nansha

Zengcheng

Figure 1. Sample images from the Multi-Symptom HLB Leaf Dataset.

In this study, we did not simply merge all leaf symptoms of HLB into a single class.
Instead, we subdivided them into three subclasses based on observable phenotypes in the
field: HLB blotchy mottling, HLB Zinc deficiency, and HLB yellowing. This subdivision
strategy holds clear practical significance. From the perspective of agricultural management,
differentiating symptom types can directly support field decision-making. Blotchy mottling
is typically the earliest leaf symptom of HLB and requires immediate enhanced monitoring
and marking of infected trees [26]. Zinc-deficiency symptoms indicate the need for mineral
supplementation or targeted fertilization, which can temporarily improve tree vigor and
delay yield decline [27]. Yellowing symptoms generally signal that the plant has entered a
declining stage; current global best practices recommend early removal of symptomatic
trees and regional vector (psyllid) control to minimize subsequent inoculum pressure in the
orchard [28]. Furthermore, from a computer vision perspective, these three symptom types
differ significantly in terms of leaf vein texture, lesion morphology, and color gradients.
Explicit subclassification enables the model to learn richer and more discriminative features
and also enhances its ability to distinguish HLB from other citrus diseases. In summary,
the symptom subdivision strategy adopted in this study not only aligns with agronomic
management needs but also facilitates high-quality feature learning of subtle lesions by the
model, thereby increasing its practical applicability.

2.2. Data Augmentation and Dataset Preparation

To further improve the accuracy of disease classification and ensure the reliability
of annotations, real-time fluorescence quantitative PCR (qPCR) was performed to verify
pathogen types [29]. Based on molecular testing results, citrus leaves were categorized
by disease type, providing the basis for subsequent image augmentation, model training,
and evaluation. From the raw images, 4299 images were selected for inclusion in MS-
HLBD based on the quality and availability of annotatable regions. To enhance the model’s
robustness and accuracy, various data augmentation strategies were applied, including
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horizontal flipping, vertical flipping, random Gaussian blur, cropping, and noise addition.
Examples of data augmentation effects are shown in Figure 2. After augmentation, the
dataset size was expanded to 9219 images. Table 2 summarizes the distribution of images
before and after data augmentation.

1. Original 2. Hflip 3. Vflip

4. Blurred 5. Cutout 6. Noisy

Figure 2. Sample images showing data augmentation effects.

Table 2. Image distribution before and after data augmentation.

Index Classes Abbreviation No Data
Augmentation

Data
Augmentation

1 Healthy Hl 868 1862
2 HLB blotchy mottling HLB_bm 954 2040
3 HLB Zinc deficiency HLB_Zd 924 1988
4 HLB yellowing HLB_y 824 1768
5 Canker Canker 729 1561

Total 4299 9219

3. Experimental Methods
3.1. Improved YOLO11 Model

In this study, after extensive evaluation from multiple perspectives and comparative
experiments with various baseline models, YOLO11 was ultimately selected as the base
model. YOLO11 inherits the advantages of the YOLO series, such as high-speed and
high-precision object detection, and incorporates advanced neural network architectures
and optimization strategies to support robust multi-scale feature representation [30–32].

However, when applied to the detection of HLB-infected citrus leaves in practical
scenarios, YOLO11 still exhibits several limitations. For instance, the model is easily
disturbed by cluttered backgrounds in complex field environments, which often results in
missed detections or false positives. Moreover, its feature extraction and fusion capabilities
for early subtle lesions are insufficient, resulting in limited accuracy for early symptom
recognition. In addition, given the diverse types of citrus diseases and the similarity
of symptoms, YOLO11’s fine-grained discrimination capability remains relatively weak,
making it difficult to reliably distinguish HLB from other leaf diseases.

To address these issues, an improved version of YOLO11, referred to as DCH-YOLO11,
is proposed in this study. First, the C3k2_DFF module was introduced to replace the
original C3k2 module in the backbone, which enhances the fusion of global and local
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features and compensates for the model’s deficiency in capturing early subtle disease
characteristics. Second, the C2PSA_CAA module was incorporated to improve the spatial
feature representation. This module integrates a context anchor attention mechanism
to highlight fine-grained details in complex vein regions, thereby significantly boosting
the model’s ability to discriminate subtle disease features against cluttered backgrounds.
Finally, the HDFPN module was constructed to optimize the original multi-scale feature
fusion strategy of YOLO11, which enables more effective integration of high-level semantic
features with low-level localization features, thereby enhancing detection performance
across different scales and reducing interference from environmental background noise.
The overall architecture of the DCH-YOLO11 model is illustrated in Figure 3.
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Figure 3. Architecture of the proposed DCH-YOLO11 model.

3.1.1. C3k2_DFF

The original C3k2 module in YOLO11 employs simple residual addition for feature
fusion. However, this approach lacks the ability to adaptively distinguish the importance
of different channels or spatial locations, which may lead to important information being
overlooked or redundant information being retained during feature fusion. This limitation
constrains the model’s adaptability to complex scenarios.

To address this issue, this study incorporates the Dynamic Feature Fusion (DFF)
mechanism proposed by Yang et al. [33] and redesigns the original C3k2 module into a new
version named C3k2_DFF. The C3k2_DFF module adaptively fuses multi-scale features
using global channel and spatial attention mechanisms, thereby enhancing its ability to
capture subtle lesion features. Leveraging the DFF mechanism significantly improves the
model’s capacity to extract and fuse early subtle disease features. The architecture of the
improved C3k2_DFF module is illustrated in Figure 4, which supports two operating modes
(C3k = False and C3k = True) to meet varying application needs and network configurations.
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Figure 4. Structure of the C3k2_DFF module.

The DFF module is designed to adaptively fuse internal features across different
scales by leveraging global contextual information. Specifically, given two feature maps
F l

1 ∈ RC×H×W×D, and F l
2 ∈ RC×H×W×D (C denotes the number of channels; H, W and D

denote height, width, and depth), they are concatenated along the channel dimension to
form F l ∈ R2C×H×W×D. This concatenation operation can be expressed as

F l = Concat
(
[F l

1; F l
2]
)

(1)

To ensure that the module can continuously and effectively utilize the fused features,
a channel compression mechanism is needed to reduce the number of channels in the
concatenated feature map F l back to the original number C. Unlike traditional channel com-
pression methods that rely on simple convolution operations, the DFF module introduces
a global channel descriptor wch to dynamically retain important features and suppress
redundant information. Specifically, the extraction process of the global channel descrip-
tor wch is as follows: First, global average pooling(AvgPool) is applied to F l to compute
channel-wise statistics; then, a 1 × 1 convolutional layer extracts intermediate representa-
tions; finally, a Sigmoid activation normalizes the output into an attention weight vector.
This attention weight vector wch is then multiplied element-wise with F l , followed by a
1 × 1 × 1 convolution to select more critical features, thereby completing the compression
along the channel dimension. The detailed process can be formulated as

wch = Sigmoid
(

Conv1

(
AvgPool

(
F l
)))

(2)

F l
ch = Conv1

(
wch ⊗ F l

)
(3)

After the channel dimension compression, the DFF module further models the spatial
dependencies among features to highlight specific regions in the feature map. This is
achieved by first applying a 1× 1× 1 convolution separately to F l

1 and F l
2 and then summing

the outputs. A Sigmoid activation function is applied to normalize the result to the range
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[0, 1], generating a spatial attention weight wsp. Finally, the spatial attention weight wsp is
applied element-wise to the channel-calibrated feature map F l

ch, resulting in the final fused
feature map F̂ l . This process can be formulated as

wsp = Sigmoid
(

Conv1

(
F l

1

)
⊕ Conv1

(
F l

2

))
(4)

F̂ l = wsp ⊗ F l
ch (5)

3.1.2. C2PSA_CAA

Although the original C2PSA module in YOLO11 effectively enhances feature represen-
tation along the channel dimension, it still exhibits limitations in capturing disease-related
fine details.

To address this issue, this study introduces the Context Anchor Attention (CAA)
mechanism proposed by Cai et al. [34] and constructs a new module, C2PSA_CAA, to
further enhance the model’s ability to accurately capture fine-grained HLB features in
complex field environments. The CAA module is particularly designed to extract elongated
texture features, which aligns well with the typical symptoms of HLB-infected citrus leaves,
namely, changes in leaf vein textures. Integrating the CAA attention mechanism allows the
model to more effectively focus on subtle variations in local diseased leaf veins, thereby
improving its sensitivity to early symptoms and overall recognition accuracy. The structure
of the C2PSA_CAA module is illustrated in Figure 5.
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Figure 5. Structure of the C2PSA_CAA module.

The C2PSA_CAA module first processes the input feature map through a convo-
lutional layer and then partitions the channels into two branches. One branch sequen-
tially passes through multiple PSA blocks, each of which integrates the CAA attention
mechanism and a feed-forward network structure. Feature enhancement and fusion are
achieved through element-wise residual connections within each PSA block. Finally, the
two branches are concatenated along the channel dimension and fused via a convolutional
layer to generate the output.

Integrating the C2PSA_CAA module significantly improves the model’s ability to
capture disease-specific features, providing strong support for improving the subsequent
disease recognition performance. The core idea of the CAA module is to replace traditional
large 2D convolutional kernels with lightweight horizontal and vertical depthwise convo-
lutions (DWConv), thereby significantly expanding the receptive field in a more efficient
manner. Specifically, the CAA module first applies a 7 × 7 AvgPool operation on the input
feature map to capture local contextual information. This is followed by a 1× 1 convolution
to preliminarily fuse the channel information, formulated as
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F l
pool = Conv1×1

(
AvgPool

(
F l
))

(6)

Subsequently, 1 × 11 and 11 × 1 strip DWConvs are employed sequentially to capture
long-range dependencies in the horizontal and vertical directions, respectively. Finally,
a 1 × 1 convolution followed by a Sigmoid activation function is used to generate the
attention weights, adaptively enhancing the feature representations in key regions. The
detailed process can be expressed as

F l
h = DWConv1×11

(
F l

pool

)
(7)

F l
v = DWConv11×1

(
F l

h

)
(8)

Al = Sigmoid
(

Conv1×1

(
F l

v

))
(9)

3.1.3. HDFPN

The original YOLO11 model utilizes a top-down Feature Pyramid Network (FPN)
to fuse features across different scales. However, the simple additive fusion strategy
fails to fully exploit the complementary advantages of high-level semantics and low-level
localization, which may lead to suboptimal multi-scale feature fusion and reduced detection
performance for objects of varying sizes.

To address these limitations, this study draws inspiration from the High-Level
Screening-feature Fusion Pyramid Network (HSFPN) proposed by Chen et al. [35] and
develops an improved structure called the HDFPN. The architecture of the improved
HDFPN is illustrated in Figure 6.
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Figure 6. Structure of the HDFPN module.

Firstly, this study employs a channel attention (CA) mechanism to adaptively perform
channel-wise weighting on high-level feature maps outputted by the backbone network.
Specifically, the CA module processes the input feature maps Si(i = 3, 4, 5) by simultane-
ously applying global maximum pooling (MaxPool) and global AvgPool. The two pooled
features are then element-wise added and activated by a Sigmoid function to generate
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channel attention weights α, which are subsequently multiplied with the original input
feature maps Si to realize the adaptive emphasis on important channels. This process can
be formulated as

α = Sigmoid(MaxPool(Si) + AvgPool(Si)), (i = 3, 4, 5) (10)

Pi = Conv1×1(α ⊗ Si), (i = 3, 4, 5) (11)

Secondly, the Select Feature Fusion (SFF) module initially upsamples the high-level
feature map P5 through Transposed Convolution to obtain F̂high, ensuring spatial resolution
matching. After upsampling, the CA module generates a spatial attention weight Fatt

based on F̂high, which is then element-wise multiplied with the lower-level feature maps
Pi(i = 3, 4). Subsequently, the fused high-level feature F̂high and the recalibrated lower-
level features are added to obtain the final fused feature map Ni. The detailed process is
as follows:

F̂high = TConv(P5) (12)

Fatt = CA
(

F̂high

)
(13)

Ni = (Fatt ⊗ Pi) + F̂high, (i = 3, 4) (14)

Finally, to further enhance the network’s ability to capture and represent fine-grained
disease features after multi-scale feature fusion, a dynamic fine-grained feature extraction
module named C3k2_DFF is added to the output feature maps Ni. The C3k2_DFF module
integrates the DFF mechanism, adaptively combining features from different spatial and
channel dimensions. During dynamic recalibration, feature selection weights are adap-
tively adjusted, leading to higher-quality disease feature representations. The final feature
extraction process can be expressed as

N̂i = C3k2_DFF(Ni), (i = 3, 4, 5) (15)

3.2. Experimental Platform and Model Evaluation Metrics
3.2.1. Experimental Environment and Parameter Settings

To validate the effectiveness of the proposed improvements, the enhanced MS-HLBD
dataset was utilized for model training, validation, and testing phases. The dataset was
split at a ratio of 8:1:1, resulting in 7380 images for training, 919 images for validation, and
920 images for testing.

The experimental setup was as follows: Windows 11 operating system (64-bit), Intel
i7-14700KF CPU, 48 GB RAM, and an NVIDIA RTX 4080 SUPER GPU with 16 GB of
VRAM. The model was developed and tested using Python 3.11 and the PyTorch 2.5.1
deep learning framework. According to the hardware configuration, the settings of the
pre-training hyperparameters are summarized in Table 3.

Table 3. Hyperparameters and experimental settings used for all model training and evaluation on
both the MS-HLBD dataset and the external public HLB dataset.

Parameter Value

Learning rate 0.01
Momentum 0.937

Weight decay 0.0005
Batch size 16

Epochs 200
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3.2.2. Evaluation Metrics

Upon completing model training and inference, a rigorous quantitative evaluation
of the model performance is required to assess its effectiveness and robustness in the
object detection task. Common evaluation metrics for object detection include Precision
(P), Recall (R), F1-score (F1), Accuracy (A), Average Precision (AP), and mean Average
Precision (mAP). In addition, inference speed is measured by Frames Per Second (FPSs),
model size by Parameters, and computational complexity by Floating Point Operations
(FLOPs). The calculation formulas for P, R, F1, and A are defined as follows:

P =
TP

TP + FP
(16)

R =
TP

TP + FN
(17)

F1 =
2 × P × R

P + R
(18)

A =
TP + TN

TP + TN + FP + FN
(19)

In the formulas, true positive (TP) refers to positive samples correctly predicted as
positive, true negative (TN) refers to negative samples correctly predicted as negative,
false positive (FP) refers to negative samples incorrectly predicted as positive, and false
negative (FN) refers to positive samples incorrectly predicted as negative. P evaluates the
proportion of correctly predicted positive instances among all predicted positive instances.
R measures the proportion of correctly detected positive instances among all actual positive
instances. F1, calculated as the harmonic mean of P and R, is often used as a comprehensive
metric to balance the two. A measures the proportion of correctly predicted samples among
all samples.

Considering the imbalanced distribution of the classes within the MS-HLBD, relying
solely on metrics such as P, R, or A may not adequately reflect the overall classification
performance. To address this issue, the Matthews Correlation Coefficient (MCC) is intro-
duced as an additional evaluation metric. MCC comprehensively evaluates classification
performance by considering all four components of the confusion matrix (TP, TN, FP, and
FN) and is widely acknowledged for its robustness against class imbalance. The MCC is
calculated as follows:

MCC =
TP × TN − FP × FN√

(TP + FP)(TP + FN)(TN + FP)(TN + FN)
(20)

The MCC value ranges from −1 to +1, where +1 indicates perfect prediction, 0 repre-
sents random prediction, and −1 denotes complete disagreement between predictions and
observations. The Precision–Recall (PR) curve illustrates the relationship between P and
R, with R on the x-axis and P on the y-axis. AP is computed by integrating the P across R
values from 0 to 1, representing the model’s overall detection performance under different
threshold settings. For multi-class detection tasks, the mAP is obtained by averaging the
AP values across all categories, providing an overall measure of the model’s detection
effectiveness. The formulas for calculating AP and mAP are as follows:

AP =
∫ 1

0
P · (R)dR (21)

mAP =
1
N

N

∑
i=1

APi (22)
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where N denotes the total number of detection categories, which is set to 5 in this study,
and APi represents the AP of the i-th class. FPS measures the runtime efficiency of the
model in practical applications, indicating the number of image frames that the model can
process per second. It serves as a critical metric for evaluating whether the model is suitable
for real-time detection scenarios. Parameters indicate the model’s complexity and storage
demand, whereas FLOPs quantify the computational cost during inference. Lower values
of Parameters and FLOPs contribute to faster runtime and improved energy efficiency,
making the model more suitable for deployment in resource-constrained environments.
All evaluation metrics were measured under the same hardware environment and input
dimensions as those used for baseline models, ensuring result comparability.

4. Results and Analysis
4.1. DCH-YOLO11 Model Training Results

Figure 7 presents the loss function changes and the trends of various evaluation metrics
during the training process of the proposed improved YOLO11 model (DCH-YOLO11).
As shown in Figure 7, both the training and validation losses decrease significantly with
the increase in training iterations. The model’s P, R, mAP50, and mAP50-95 all reach their
optimal values in the later stages of training. The P and R curves remain consistently high
with minimal fluctuations, suggesting that the improved DCH-YOLO11 model possesses
strong robustness and generalization in detection tasks.

Figure 7. Training and validation loss and evaluation curves of the DCH-YOLO11 model during
200 epochs on the MS-HLBD dataset. Metrics shown include P, R, mAP50, and mAP50-95.

Figure 8a shows the F1 curve of the improved model on the test set, which is used
to assess the model’s detection balance performance at different confidence thresholds.
Overall, the F1 for most categories increases rapidly at lower confidence levels, maintains a
high level within the range of 0.3 to 0.9, and then gradually decreases. This trend shows
that the model effectively balances P and R within a moderate confidence range. Figure 8b
presents the PR curve, which is used to analyze the variation in detection P across different
R rates. It can be observed that the PR curves for the five target categories are predominantly
concentrated in the upper-right quadrant of the graph, with small fluctuations, reflecting
the model’s excellent stability and generalization ability. Notably, even at high R levels, the
model maintains high P, highlighting its strong capability in suppressing false negatives.
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（a） （b）

Figure 8. Performance curves of DCH-YOLO11 on the MS-HLBD test set: (a) F1 versus confidence
threshold; (b) PR curves for the 5 target classes.

To comprehensively evaluate the improvements in class-wise recognition performance
brought by the DCH-YOLO11 model, we conducted a comparative analysis using confu-
sion matrices for both the original YOLO11n and the enhanced DCH-YOLO11 (as shown
in Figure 9). The confusion matrices were column-normalized, meaning each column repre-
sents the true class, and the values indicate the proportion of true samples predicted as each
class. Overall, the DCH-YOLO11 model significantly improved recognition accuracy across
all categories, with a particularly notable advantage in hl, which are often confused with
background. Specifically, the R rate for the hl category increased from 0.70 with the original
YOLO11n to 0.77 with DCH-YOLO11, marking a substantial improvement of 7 percentage
points. Simultaneously, the proportion of background samples misclassified as hl decreased
from 0.23 to 0.18, a reduction of 5 percentage points. These results demonstrate that the
improved model not only enhances the P of feature extraction for healthy leaves but also
more effectively reduces background interference in hl detection. Additionally, the recog-
nition accuracy of other disease categories (such as HLB_Zd, HLB_bm, and HLB_y) was
also improved to varying degrees, with an average increase of approximately 3 percentage
points. These findings further validate the effectiveness of DCH-YOLO11 in improving the
capture of subtle features and reducing both false positives and false negatives.

(a)YOLO11 (b)DCH-YOLO11

Figure 9. Confusion matrices on the MS-HLBD test set for (a) the original YOLO11n baseline and
(b) the proposed DCH-YOLO11 model.

4.2. Comparative Experiments

To further validate the performance and effectiveness of the proposed DCH-YOLO11
model, this study conducted comparative experiments with several leading and high-
performance object detection models, using the same dataset and experimental conditions.
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These models include the traditional two-stage model Faster-RCNN [36] and the advanced
one-stage models SSD [37] and Transformer-based RT-DETR [38], as well as a series of clas-
sic YOLO models (YOLOv7-tiny [39], YOLOv8n [40], YOLOv9-tiny [41], YOLOv10n [42],
YOLO11n [43], and YOLOv12n [44]). The performance metrics, MCC values, and parameter
counts for each model are summarized in Table 4.

The results demonstrate that the proposed DCH-YOLO11 model outperforms all
the compared models across several key evaluation metrics, achieving leading overall
performance. Specifically, DCH-YOLO11 achieves P, R, and F1 of 91.6%, 87.1%, and 89.3,
respectively, and an MCC of 0.741. The high MCC indicates not only strong F1 performance
but also a balanced trade-off between true positive and true negative predictions, reflecting
robustness against class imbalance. Compared to YOLO11n (MCC 0.684), DCH-YOLO11
shows a notable MCC improvement of 0.057, which aligns with the observed gains in
F1, thereby further validating the model’s enhanced discriminative capability. Moreover,
the mAP50 and mAP50-95 scores of DCH-YOLO11 are 93.1% and 91.5%, respectively,
which are the highest among all the compared models, indicating stronger accuracy and
generalization ability in detecting objects across different categories. Compared to the
original YOLO11n, DCH-YOLO11 achieves improvements of 0.2%, 4.3%, 2.4, 1.8%, 1.6%,
and 0.057 in P, R, F1, mAP50, mAP50-95, and MCC, respectively, while maintaining a
similar model parameter count (∼2.99 M), further optimizing detection performance.

Notably, on the MS-HLBD dataset, RT-DETR achieves the highest P (94.1%) among
all compared models. It tends to favor high-confidence predictions and suppress false
positives, which is characteristic of a more conservative detection strategy. However, this
conservative approach also leads to more missed detections, resulting in lower R (80.1%)
and overall balance (MCC 0.509). Such a trade-off between P and R is typical for transformer-
based detectors, especially when applied to imbalanced or complex agricultural datasets.

Table 4. Performance comparison of DCH-YOLO11 and other models on the MS-HLBD dataset. The
table reports P, R, F1, MCC, mAP50, mAP50-95, and Parameters. Best results are highlighted in bold.

Model P/% R/% F1 MCC mAP50/% mAP50-95/% Parameters

Faster-RCNN 45.7 86.3 58.8 0.180 79.5 64.5 28,316,308
SSD 91.5 78.3 84.4 0.531 84.3 72.7 4,074,532

RT-DETR 94.1 80.1 86.5 0.509 87.8 85.8 31,994,015
YOLOv7-tiny 92.3 80.8 86.2 0.622 89.9 85.6 6,018,420

YOLOv8n 92.8 82.4 87.3 0.663 91.1 90.3 3,006,623
YOLOv9-tiny 93.5 82.5 87.7 0.657 91.5 90.8 2,618,510

YOLOv10n 93.2 81.9 87.2 0.714 90.5 88.8 2,696,366
YOLO11n 91.4 82.8 86.9 0.684 91.3 89.9 2,583,127

YOLOv12n 91.4 83.1 87.1 0.675 91.5 89.8 2,557,703
DCH-YOLO11 91.6 87.1 89.3 0.741 93.1 91.5 2,995,667

The superior performance of DCH-YOLO11 in R, F1, MCC, and mAP can be attributed
to the effective capture of early subtle features by the proposed DFF module. Additionally,
the CAA mechanism significantly enhances the model’s ability to finely detect the leaf
vein regions. Meanwhile, the HDFPN module optimizes the feature pyramid structure,
improving the model’s ability to balance detection accuracy and interference resistance
across different scales.

Figure 10 directly presents a comparison of the overall performance of different models.
This radar chart compares the performance of 10 models across multiple evaluation metrics,
including P, R, F1, MCC, mAP50, mAP50-95, and Parameters. In the radar chart, each
curve represents one model, and the closer the intersection of the curve to the edge of the
chart, the better the model’s performance on the corresponding metric. The larger the area
enclosed by the curve, the stronger the overall performance of the model. It is evident that
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DCH-YOLO11 outperforms the other models in overall performance, particularly with
its advantages in R, F1, MCC, mAP50, and mAP50-95, which are crucial for the model’s
deployment in real-world applications.

Figure 10. Radar chart comparing 10 detection models on the MS-HLBD dataset under identical
conditions. Metrics: P, R, F1, MCC, mAP50, mAP50-95, and Parameters. A larger enclosed area
indicates better overall performance across the evaluated metrics.

To comprehensively demonstrate the detection advantages of DCH-YOLO11, this
study conducted a comparative visualization analysis of detection results from multiple
models. As illustrated in Figure 11, where false positives and missed detections are marked
with red arrows, distinct performance differences are observed across models.

In subfigure (a), YOLO11 misclassifies hl as canker. In (b), YOLO11 fails to detect
HLB_y, while YOLOv12 incorrectly classifies two hl instances as HLB_bm. In (c), both
YOLO11 and YOLOv12 miss the HLB_y lesion. In (d), the same two models again fail to de-
tect hl. In (e), YOLOv8 misses HLB_y, and YOLOv10 not only overlooks both HLB_bm and
HLB_y but also incorrectly merges two separate canker instances in the lower-right corner
into a single bounding box. While other models can detect most targets, DCH-YOLO11
shows clear superiority in localization accuracy and detection confidence, particularly
under complex backgrounds and subtle symptom conditions.

In summary, both the quantitative evaluations and visual comparison results consis-
tently demonstrate that the proposed DCH-YOLO11 model exhibits notable advantages
in terms of P, R, and robustness. These findings confirm the effectiveness of the proposed
architectural enhancements and highlight the model’s potential for practical deployment in
complex field environments.
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Figure 11. Sample detection results of different models on the MS-HLBD test images. Subfigures
(a–e) present five representative test images selected from the MS-HLBD test set, illustrating typical
detection performance and error cases for different models. Red arrows indicate missed detections
or misclassifications.

4.3. Ablation Experiments

To validate the effectiveness of each improvement module in the DCH-YOLO11
model, a series of ablation experiments were conducted on the MS-HLBD dataset. In these
experiments, the original YOLO11n model served as the baseline, with the C3k2_DFF,
C2PSA_CAA, and HDFPN modules added incrementally. The performance metrics for the
models with the improved modules were compared with the baseline model, as summa-
rized in Table 5.

Specifically, introducing the C3k2_DFF module alone increased R to 83.7% and im-
proved the F1 to 87.3, confirming its effectiveness in fine-grained feature extraction. The
C2PSA_CAA module significantly enhanced P (92.5%), highlighting its strong ability to
guide the model to focus on contextual structures. Introducing the HDFPN module yielded
the highest P of 93.3%, demonstrating its advantage in multi-scale feature fusion. When any
two modules were combined, the model’s performance improved further, showing clear
complementary characteristics. Notably, the combination of C3k2_DFF and C2PSA_CAA
led to the most significant improvements in R (84.5%) and mAP50 (92.6%). When all three
modules were integrated, the model achieved optimal performance across all metrics, with



Mathematics 2025, 13, 2223 19 of 26

P, R, F1, mAP50, and mAP50-95 reaching 91.6%, 87.1%, 89.3, 93.1%, and 91.5%, respec-
tively. These results represent improvements of 0.2%, 4.3%, 2.4%, 1.8%, and 1.6% over the
original YOLO11n, respectively. At the same time, the MCC reached its highest value of
0.741, further demonstrating that the proposed modules improve not only accuracy-related
metrics but also the overall robustness and reliability of the model’s classification. Fur-
thermore, the final model’s parameter count was controlled at 2.99M, maintaining a good
lightweight characteristic.

Table 5. Ablation study results on the MS-HLBD dataset using YOLO11n as baseline. “✓” indicates
that the module is used, while “-” denotes that the module is not used. Best performance is highlighted
in bold.

C3k2
_DFF

C2PSA
_CAA

HDFPN P/% R/% F1 MCC mAP50
/%

mAP50
-95/%

Parameters

- - - 91.4 82.8 86.9 0.684 91.3 89.9 2,583,127
✓ - - 91.3 83.7 87.3 0.702 92.0 90.5 2,779,323
- ✓ - 92.5 83.5 87.8 0.699 91.8 90.0 2,569,559
- - ✓ 93.3 83.1 87.9 0.707 92.0 90.6 2,813,039
✓ ✓ - 91.3 84.5 87.8 0.692 92.6 90.3 2,765,755
✓ - ✓ 91.7 84.5 88.0 0.715 92.4 90.7 3,009,235
- ✓ ✓ 92.2 83.9 87.9 0.706 92.1 90.4 2,799,471
✓ ✓ ✓ 91.6 87.1 89.3 0.741 93.1 91.5 2,995,667

It is noteworthy that among all ablation settings, introducing HDFPN alone yields the
highest P (93.3%), suggesting that enhanced multi-scale feature fusion is especially effec-
tive in suppressing false positives and focusing on clear, well-defined lesions. However,
the R (83.1%) in this setting remains suboptimal, indicating that some subtle or atypical
diseased areas are still missed. When the modules C3k2_DFF and C2PSA_CAA are inte-
grated—either together or in combination with HDFPN—the model’s feature extraction
and contextual awareness are substantially enhanced. This leads to a marked increase in R
(up to 87.1%), F1, and mAP50; as the model becomes more sensitive to less typical, more
ambiguous disease patterns appear. At the same time, a slight decrease in P (from 93.3%
to 91.6%) is observed, which is a common phenomenon in multi-module integration: as
the detection threshold for difficult cases is lowered, a small number of additional false
positives may occur. Nevertheless, the net gain in R and overall performance outweighs
this modest P reduction, as reflected in the best F1 and mAP scores for the joint configu-
ration. In summary, these ablation results validate that while HDFPN alone excels in P
by minimizing false positives, the synergistic integration of all three modules allows the
model to capture more challenging true positives, leading to a more robust and practical
system for real-world HLB detection. This trade-off is particularly valuable in complex
agricultural environments, where maximizing the detection of difficult or early-stage cases
is often more important than achieving the absolute highest P.

To further visually demonstrate the effectiveness of the improved model, a heatmap
visualization comparison was conducted on the feature extraction capabilities, as shown
in Figure 12. In this comparison, (a) shows the original image, (b) shows the results from
YOLO11n, and (c) shows the results from DCH-YOLO11. The heatmaps clearly show
that, compared to the original YOLO11 model, the improved DCH-YOLO11 focuses more
precisely and intensively on diseased regions, effectively reducing background interference.
This indicates that the proposed modules effectively enhance the model’s feature discrim-
inability. The combined results from the feature heatmaps and the quantitative ablation
analysis thoroughly validate the effectiveness of the modules proposed in this study, as
well as the significant improvement and application potential of the overall model.
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Figure 12. Comparison of feature extraction heatmaps for different models. (a) Original input image;
(b) feature heatmap generated by the original YOLO11n model; (c) feature heatmap generated by the
improved DCH-YOLO11 model.

4.4. Generalization Experiments

To evaluate the robustness and generalization capability of the proposed DCH-
YOLO11 model under varying data conditions, extensive validation experiments were
conducted on the publicly available citrus HLB field symptom recognition dataset con-
structed by Chi et al. [45]. Unlike the self-constructed MS-HLBD dataset used for training
and internal validation, the public dataset provides distinct environmental contexts and
varying data distributions, posing a significant challenge for cross-domain evaluation.
Therefore, performance on this dataset serves as an essential indicator of the model’s
adaptability and practical applicability in real-world agricultural scenarios.

The detailed comparative results of DCH-YOLO11 and state-of-the-art object detec-
tion models—including the transformer-based RT-DETR and several YOLO variants—are
presented in Table 6. As shown, DCH-YOLO11 achieves the highest P (82.7%), F1 (82.2),
mAP50 (89.4%), and mAP50-95 (82.6%) among all compared models. Its R (81.8%) is
marginally lower than YOLO11n (84.1%), but the overall superior F1 demonstrates a more
optimal balance between P and R, underscoring DCH-YOLO11’s robust generalization
performance. Specifically, compared to the strongest YOLO baselines, DCH-YOLO11 im-
proves P by 1.8% to 5.0% and outperforms RT-DETR by 1.8%. For mAP50, DCH-YOLO11
surpasses RT-DETR by 8.9 percentage points and shows clear gains over the latest YOLO
variants—including YOLOv7-tiny, YOLOv8n, YOLOv9-tiny, YOLOv10n, YOLO11n, and
YOLOv12n—by 4.0%, 3.8%, 3.2%, 4.7%, 3.2%, and 3.4%, respectively. Its mAP50-95 score
of 82.6% further confirms the model’s strong performance under stringent IoU thresholds.
Importantly, these advancements are achieved with only 2.99M parameters—almost an
order of magnitude fewer than RT-DETR (31.99M) and closely matching other lightweight
YOLO models—highlighting DCH-YOLO11’s balance of accuracy, generalization, and
computational efficiency for practical field deployment.

The outstanding generalization performance of DCH-YOLO11 primarily benefits
from its specialized module designs. To investigate this further, comprehensive ablation
experiments were performed on the same public dataset to quantitatively evaluate the
contributions of individual modules, as shown in Table 7. The experimental results indicate
that after the addition of the C3k2_DFF module alone, the R reached its highest value of
85.9%, while the F1 improved to 82.5 and the mAP50 metric reached 87.5%. These values
are 1.8% and 1.3% higher than the baseline, indicating the strong generalization capability
of the C3k2_DFF module on the public dataset. When the C2PSA_CAA module was added
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individually, P was 79.7%, R was 85.0%, and mAP50 reached 86.9%. Although the improve-
ments were slightly lower than those of the C3k2_DFF module, the C2PSA_CAA results still
showed good generalization, with the lowest parameter count—highlighting its ability to
optimize performance while reducing complexity. The addition of the HDFPN module also
led to improvements in performance metrics, further confirming the effectiveness of the
module. Finally, after integrating all three modules (C3k2_DFF, C2PSA_CAA, and HDFPN)
into the complete DCH-YOLO11 model, the model exhibited the best overall performance
on the public dataset. Specifically, P reached 82.7%, mAP50 reached 89.4%, and mAP50-95
reached 82.6%, representing improvements of 3.9%, 3.2%, and 3.1%, respectively, over the
baseline model. These results underscore the significant generalization advantage of the
DCH-YOLO11 model.

Table 6. Performance comparison on the public citrus HLB dataset (Chi et al. [45]). The best results
are highlighted in bold.

Model P/% R/% F1 mAP50/% mAP50-95/% Parameters

RT-DETR 80.9 82.3 81.6 80.5 73.4 31,998,125
YOLOv7-tiny 79.4 80.7 80.0 85.4 76.4 6,023,832

YOLOv8n 79.2 83.6 81.3 85.6 79.2 3,007,013
YOLOv9-tiny 80.9 81.3 81.1 86.2 80.2 2,619,290

YOLOv10n 77.7 80.7 79.2 84.7 78.0 2,697,146
YOLO11n 78.8 84.1 81.4 86.2 79.5 2,583,517

YOLOv12n 80.0 80.9 80.4 86.0 80.3 2,558,093
DCH-YOLO11 82.7 81.8 82.2 89.4 82.6 2,997,209

Table 7. Ablation results on the public HLB dataset (citrus symptom dataset by Chi et al. [45]) for
generalization. “✓” indicates that the module is used, while “-” denotes that the module is not used.
Best performance is highlighted in bold.

C3k2
_DFF

C2PSA
_CAA HDFPN P/% R/% F1 mAP50

/%
mAP50
-95/% Parameters

- - - 78.8 84.1 81.4 86.2 79.5 2,583,517
✓ - - 79.3 85.9 82.5 87.5 80.8 2,779,713
- ✓ - 79.7 85.0 82.3 86.9 80.4 2,569,949
- - ✓ 78.5 85.5 81.9 87.1 81.0 2,814,581
✓ ✓ ✓ 82.7 81.8 82.2 89.4 82.6 2,997,209

In summary, the comprehensive evaluations clearly establish that the proposed DCH-
YOLO11 model achieves outstanding generalization performance and robustness on ex-
ternal datasets. Not only does it significantly outperform other state-of-the-art detection
models, but it also maintains an optimal balance between accuracy, efficiency, and scalabil-
ity. The ablation analyses further confirm the essential roles and complementary nature
of the introduced modules—C3k2_DFF, C2PSA_CAA, and HDFPN—in consistently im-
proving detection accuracy, adaptability, and generalization capabilities. Collectively, these
findings demonstrate the strong applicability of DCH-YOLO11 in diverse and practical
agricultural environments, particularly in complex real-world HLB detection tasks.

5. Discussion
Although this study utilized a multi-center image dataset spanning various regions,

lighting conditions, shooting angles, seasons, and time periods, its overall diversity remains
limited. For instance, the sample collection was limited to specific areas, making it difficult
to comprehensively capture all variations of HLB symptoms. This limitation primarily
stems from constraints in seasonality, geographic accessibility, and labor costs, which led to
a relatively concentrated sampling area. Therefore, future research should aim to expand
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the data collection scope and increase the sample size from different regions to enhance the
representativeness and generalization capability of the dataset.

The proposed DCH-YOLO11 model demonstrated outstanding performance in de-
tection accuracy and other evaluation metrics and also exhibited promising potential for
real-world deployment. Specifically, DCH-YOLO11 is designed with a lightweight archi-
tecture, containing only 2,995,667 parameters, and achieves a real-time inference speed
of 58.4 FPS on an NVIDIA RTX 4080 SUPER GPU, which fully meets the requirements of
field-level citrus disease detection. The model is compatible with mainstream deep learning
frameworks such as PyTorch, TensorRT, and ONNX, enabling convenient integration into
edge devices and agricultural monitoring systems. In addition, all training and evaluation
data in this study were collected from real citrus orchards under diverse field conditions,
ensuring the model’s adaptability to practical deployment scenarios.

Nevertheless, it should be noted that when DCH-YOLO11 is deployed on more
resource-constrained devices (such as low-power edge devices or agricultural robots),
there may still be trade-offs between maintaining high detection accuracy and achieving
real-time performance. To further optimize deployment efficiency, future research could
explore advanced model lightweighting techniques, including network pruning, parameter
quantization, and knowledge distillation, to achieve even better performance on embedded
systems. Additionally, semi-supervised or transfer learning methods could be applied
to rapidly enhance the model’s generalization using limited new data collected from
diverse environments.

6. Conclusions
This study proposes an improved YOLO11-based method for detecting HLB in citrus

under natural environmental conditions, addressing issues such as insufficient feature
extraction for early subtle disease lesions, low detection accuracy, and poor generalization
performance in complex natural environments. The study successfully constructed the
MS-HLBD dataset, comprising 9219 images collected and augmented from real-world citrus
scenarios. This dataset provides reliable data support for model training and evaluation.
Based on the YOLO11 model, this study introduces the DCH-YOLO11 model, achiev-
ing significant performance improvements through the innovation of three key modules.
Specifically, the designed C3k2_DFF module enhances the model’s ability to capture and
fuse early disease lesion features, improving the detection of subtle disease characteristics.
The C2PSA_CAA module, which incorporates the CAA mechanism, significantly improves
the model’s capability to recognize fine features in complex leaf vein regions, thereby
enhancing detection robustness in challenging backgrounds. Additionally, the HDFPN
module optimizes the multi-scale feature fusion strategy, enabling better interaction of
features across different scales and effectively improving the model’s detection accuracy
for objects of various sizes and reducing background interference.

The experimental results show that the improved DCH-YOLO11 model has achieved
P of 91.6%, R of 87.1%, F1 of 89.3, mAP50 of 93.1%, and mAP50-95 of 91.5% on the
self-constructed dataset. Specifically, mAP50 outperforms models like Faster-RCNN, SSD,
RT-DETR, and various YOLO versions (YOLOv7-tiny, YOLOv8n, YOLOv9-tiny, YOLOv10n,
YOLO11n, and YOLOv12n) by 13.6%, 8.8%, 5.3%, 3.2%, 2.0%, 1.6%, 2.6%, 1.8%, and 1.6%,
respectively. Furthermore, extensive evaluations on both the self-constructed and public
citrus HLB datasets demonstrate that DCH-YOLO11 consistently achieves state-of-the-
art performance across diverse domains. Notably, on the public dataset, DCH-YOLO11
achieves P of 82.7%, R of 81.8%, F1 of 82.2, mAP50 of 89.4%, and mAP50-95 of 82.6%, all
of which are the highest among the compared models. Specifically, mAP50 outperforms
RT-DETR, YOLOv7-tiny, YOLOv8n, YOLOv9-tiny, YOLOv10n, YOLO11n, and YOLOv12n
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by 8.9%, 4.0%, 3.8%, 3.2%, 4.7%, 3.2%, and 3.4%, respectively. These findings thoroughly
validate the effectiveness and versatility of the proposed improvements and module designs
under various data conditions.

In summary, the DCH-YOLO11 model provides an efficient and reliable detection
method for the precise recognition and control of citrus HLB. Future work may focus
on optimizing the model architecture for real-time deployment on resource-constrained
devices and enhancing generalization and practical applicability through expanded data
collection and transfer learning strategies.
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Abbreviations

A Accuracy
AP Average Precision
AvgPool Average Pooling
CAA Context Anchor Attention
CA Channel Attention
CNN Convolutional Neural Network
DFF Dynamic Feature Fusion
DWConv Depthwise Convolution
F1 F1 score
FLOPs Floating Point Operations
FPS Frames Per Second
FN False Negative
FP False Positive
FPN Feature Pyramid Network
HDFPN High-efficiency Dynamic Feature Pyramid Network
Hl Healthy
HLB Huanglongbing
HLB_bm HLB blotchy mottling
HLB_y HLB yellowing
HLB_Zd HLB Zinc deficiency
HSFPN High-Level Screening-feature Fusion Pyramid Network
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MaxPool Maximum Pooling
MS-HLBD Multi-Symptom HLB Leaf Dataset
mAP Mean Average Precision
P Precision
PCR Polymerase Chain Reaction
qPCR Real-Time Fluorescence Quantitative PCR
R Recall
SFF Select Feature Fusion
SVM Support Vector Machines
TN True Negative
TP True Positive
YOLO You Only Look Once
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