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Abstract: Tea diseases, including brown and gray blight, result in significant yield and quality losses, especially in Longjing tea 
production. Traditional detection methods are prone to errors, while existing deep learning models often struggle to be robust 
under natural field conditions. To address these challenges, an improved lightweight detection model, asymmetric multi-level 
(AML) mechanism, dynamic snake convolution (DSC), and scalable intersection over union (SIoU) loss function-You Only 
Look Once (YOLO) (ADS-YOLO), was developed and validated. In the method, a dataset comprising 5694 smartphone-captured 
images of tea leaves was established under natural lighting. Enhancements were implemented in the YOLO11n baseline algorithm 
through incorporation of the SIoU loss function for better bounding box regression, DSC, which realizes adaptive feature extraction 
based on the dynamic spatial context, and an AML mechanism, which achieves lightweight feature fusion via adaptive multi-scale 
design. The results showed that ADS-YOLO achieved a precision of 0.935 and a recall of 0.870, compared to 0.894 and 0.818, 
respectively, when the baseline YOLO11n was used. Importantly, ADS-YOLO demonstrated a real-time performance of 137.1 
frames per second (FPS), coupled with reduced computational costs. ADS-YOLO improved the mean average precision (mAP) 
at intersection over union threshold of 0.5 (mAP@0.5) by 6.4% compared with YOLOv5n and achieved up to 44.6% higher 
accuracy than YOLOv7t. In conclusion, ADS-YOLO achieved high accuracy, providing a scalable solution for real-time crop 
health monitoring and sustainable precision agriculture for tea production.
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1 Introduction 

Globally, tea (Camellia sinensis L.) plays a vital 
role in both cultural heritage and the economy. Espe‐
cially in China, tea is among the most valuable crops, 
with over 3.2 million hectares dedicated to its cultiva‐
tion (Liu et al., 2024). However, tea plantations face 
serious threats from several diseases, notably tea algal 
leaf spot (TA), tea brown blight (TB), and tea gray 
blight (TG). These diseases reduce tea yield by up to 
20% annually, compromising leaf quality and adversely 

affecting market value and farmer income (Yang et al., 
2023; Sun et al., 2025). Currently, disease management 
relies on manual diagnosis by farmers or agricultural 
experts, which is labor-intensive and time-consuming 
(Bao et al., 2022). Additionally, many small farmers 
lack the expertise to identify diseases accurately. Mis‐
identification delays treatment, exacerbates crop loss, 
and increases reliance on pesticides, heightening costs 
and environmental risks (Li et al., 2025). Therefore, 
there is a pressing need for efficient, accurate, and 
scalable monitoring technologies in various agricul‐
tural settings.

Over the past decade, computer vision and deep 
learning have provided promising solutions for plant 
disease detection in precision agriculture (Dhanya et al., 
2022). Deep learning models, particularly the You Only 
Look Once (YOLO) family of object detection algo‐
rithms, have been widely adopted for rapid, end-to-end 
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recognition of crop diseases from images (Zong et al., 
2023). For example, Lu et al. (2024) applied an im‐
proved YOLOv5 algorithm combined with smartphone 
imagery to identify tea buds accurately in complex 
backgrounds. Similarly, Huang et al. (2024) applied 
YOLOv8m to classify multiple tea leaf diseases from 
iPhone-based image datasets, achieving a respectable 
mean average precision (mAP) at intersection over 
union thresholds from 0.50 to 0.95 (mAP@0.5:0.95) 
of 0.84. Meng et al. (2023) have experimented with 
integrating attention modules, deformable convolutions, 
and custom feature extractors to enhance accuracy 
under challenging conditions. They reported that the 
YOLOX-tiny algorithm improved the detection perfor‐
mance for single-leaf tea shoots in harvested areas.

Despite significant advancements in artificial 
intelligence (AI)-driven detection, several key barriers 
persist in tea leaf monitoring. First, standard con‐
volutional structures often overlook small or irregular 
lesions, resulting in diminished precision and recall 
rates (Iqbal et al., 2019; Wu et al., 2023). Furthermore, 
the complexity of natural field backgrounds, charac‐
terized by variable lighting and overlapping leaves, con‐
tributes to an increased occurrence of false positives 
or misclassifications (Yuan et al., 2024). Additionally, 
many deep learning models are computationally inten‐
sive, thereby limiting their deployment on mobile 
or edge devices, which are essential for real-time field 
monitoring. Consequently, while research shows the 
promise of AI in this domain, its practical implemen‐
tation in tea plantations remains constrained.

There are several significant examples in which 
YOLO models have been used to improve plant detec‐
tion performance. Soeb et al. (2023) used the improved 
YOLOv7 module to detect and identify tea diseases, 
eventually achieving an mAP at intersection over union 
threshold of 0.5 (mAP@0.5) of 0.98. Similarly, Dai 
et al. (2023) improved the YOLOv5m algorithm by 
using the Swin Transformer (SwinTR) and C3 Trans‐
former (C3TR) modules, and applied the enhanced al‐
gorithm to a public dataset comprising RGB images 
of various crop pests. Additionally, Chen et al. (2023) 
constructed a dataset named SimilarPest5, which con‐
tained 5177 images of various crop pests. They de‐
signed an environmental feature enhancement module 
to improve the cascade region-based convolutional 
neural networks (R-CNN) algorithm, thereby increasing 
crop pest detection accuracy. Zhu et al. (2024) improved 

the YOLOv7-tiny algorithm (YOLO-lightweight model 
(LM) by using the criss-cross attention module, an 
adaptive spatial feature fusion module, and ghost shifted 
convolution (GSConv). Thus, the enhancement of deep 
learning algorithms can achieve precise plant disease 
detection (Ariyawansa et al., 2021; An et al., 2022; 
Xie and Sun, 2023).

YOLO11n is the lightweight evolution of YOLO, 
with an improved backbone, feature extraction, and 
training, offering higher accuracy with fewer parame‐
ters (Wen et al., 2025). Designed for real-time, resource-
efficient detection, it has not been widely used in agri‐
culture or for tea disease detection, creating an oppor‐
tunity for plant health monitoring. To address this model 
challenge, we developed an enhanced YOLO11n model, 
termed ADS-YOLO, specifically tailored for the early 
and accurate detection of tea leaf diseases under natural 
field conditions. ADS-YOLO integrates three novel 
modules: (1) the scalable intersection over union 
(SIoU) loss function to optimize bounding box re‐
gression; (2) asymmetric multi-level (AML), a self-
developed attention module, to strengthen adaptive 
feature fusion in complex environments; and (3) dy‐
namic snake convolution (DSC) to extract fine-scale 
and irregular features of disease spots. Although recent 
YOLO variants have greatly improved general object 
detection, disease detection in real tea gardens still has 
several critical gaps. Many models struggle to capture 
the fine-grained cues of small lesion regions, leading to 
reduced recall on field-collected datasets (Ma et al., 
2025). The performance is often unstable under natural 
lighting variations, such as overexposure and under‐
exposure, because existing architectures typically lack 
dedicated adaptation mechanisms. In addition, many 
improved YOLO designs introduce extra multi-scale 
fusion and other heavy components that increase com‐
putational cost, making them impractical for low-
power edge devices used in agriculture.

To overcome these limitations, we propose a tai‐
lored YOLO framework that strengthens small lesion 
localization by integrating the SIoU loss function, im‐
proves robustness to illumination fluctuations through 
DSC (which adaptively guides feature extraction in 
diverse field environments via a dynamic spatial con‐
text), and enables real-time edge deployment via AML 
modules (which removes redundant computations 
through an adaptive multi-scale lightweight design), 
cutting inference latency by 22% while maintaining 
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detection accuracy. We first established a detailed 
dataset of Longjing tea leaf diseases using natural field 
images captured by smartphones, then improved the 
YOLO11n model by incorporating SIoU, DSC, and 
AML attention modules, and assessed their individual 
and synergistic impacts via ablation tests. Additionally, 
we used precision, recall, mAP, speed (frames per 
second (FPS)), and computational cost (giga floating-
point operations (GFLOPs)) as evaluation metrics to 
compare ADS-YOLO with other lightweight YOLO 
variants.

2 Materials and methods 

2.1 Dataset acquisition

In August 2024, we collected 2779 images of dis‐
eases of the tea cultivar Longjing 43 in a tea garden 
located in Longjing Village, Xihu District, Hangzhou 
City, Zhejiang Province (120°16′E, 30°12′N). They 
included 1037 TA, 829 TB, and 913 TG images. Data 
collection was conducted under clear weather condi‐
tions and standard lighting. The image collection device 

used was a Huawei P40 Pro smartphone equipped with 
a 54-megapixel camera featuring 10× optical zoom. 
The data collection process is described in Fig. 1b. 
The collected tea plant disease images were processed 
with scaling, rotation, and brightness adjustment to 
achieve data augmentation (Perez and Wang, 2017; 
Rahat et al., 2025). Eventually, the number of tea plant 
disease images increased to 5694 (TA: 2102; TB: 1701; 
TG: 1891) (Fig. 1a). The augmented dataset was divided 
into training, validation, and test sets at a 71׃2׃ ratio 
and detailed augmentation ranges (rotation ±15°, bright‐
ness ±20%, scaling 0.8‒1.2, flip P=0.5), and explicit 
training configurations (stochastic gradient descent 
(SGD) optimizer, learning rate=0.01, momentum=
0.937, cosine decay, 400 epochs, batch size=16) were 
achieved. The dataset was labeled using LabelMe. TA 
initially manifests as circular or cross-shaped spots 
about 0.5‒1.0 mm in size that occur on both the upper 
and lower surfaces of the leaves. In the later stages, 
the spots are nearly circular, slightly raised, and dark 
brown, and have irregular edges. TB initially presents 
as yellowish-green, water-soaked spots that gradually 
expand into semi-circular, nearly circular, or irregular, 

Fig. 1  Schematic representation of data acquisition and enhancement. (a) Dataset after data enhancement. (b) Illustration 
of the handheld micro-terminal pan-tilt mobile device for collecting data on Longjing tea diseases, and schematic diagrams 
of the disease characteristics of three types of Longjing tea leaves.
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large, brown spots. In the later stages, many small black 
dots appear on the surface of the spots, scattered or 
arranged in a slightly circular pattern. TG initially ap‐
pears as indistinct yellowish-brown small dots, which 
gradually expand into circular or irregular large spots. 
The spots develop from brown to grayish-white and 
have concentric rings alternating between brown and 
grayish-white. Many small black dots appear on the 
spots (Wang et al., 2017), as shown in Fig. 1b.

2.2 Object detection algorithm

According to data released by the Ultralytics 
development team, the YOLO11n model outperforms 
previously released models across key metrics, includ‐
ing parameters (Params), floating-point operations 
(FLOPs), and FPS. Therefore, in this study, we focused 
on improving the YOLO11n model’s detection accu‐
racy. In numerous cases of deep learning model im‐
provement and optimization, researchers mainly replace 
and optimize the neck and backbone parts of the model 
(Elharrouss et al., 2024). Some studies also replace the 
more efficient loss functions to enhance the model’s 
learning ability for foreign targets. Zhan et al. (2024) 
improved the YOLOv8 series model by replacing the 
Stage Partial Module in the model’s backbone with the 
C2f module and adding the ConvModule. They also 
used different loss functions for various detection tasks 
to enhance the model’s overall performance. Xu et al. 
(2024) customized and improved the backbone struc‐
ture for edge computing based on the YOLOv5 series 
of models, using the GhostConvV2 and MobileOne 
block modules, effectively reducing the model’s pa‐
rameter count. Zheng and Yu (2025) improved the 
YOLOv7-tiny model by introducing the reparameter‐
ized multi-scale feature (RMF) module to enhance its 
feature extraction capability. A distributed network 
structure, gather and distribute feature pyramid net‐
work (GDFPN), was proposed as a backbone to effec‐
tively enhance feature fusion. Additionally, a dynamic 
head module was added to enhance the model’s detec‐
tion performance for small targets. They also intro‐
duced the shape-intersection over union (IoU) loss 
function to improve target recognition accuracy. The 
improved RG-YOLO model can achieve precise detec‐
tion of underwater targets. Inspired by those studies 
and considering the YOLO11n model’s performance 
characteristics, in this study, we enhanced and combined 
the loss function, backbone, and neck components. A 

comparison between the original structure diagram of 
YOLO11n and the overall structure diagram of the 
ADS-YOLO model is shown in Fig. 2.

2.3 Improved loss function

The initial loss function of YOLO11n is complete 
intersection over union (CIoU). Common loss functions 
such as generalized intersection over union (GIoU) and 
distance intersection over union (DIoU) (Zheng et al., 
2020) do not account for the direction between the 
ground-truth box and the prediction box, resulting in 
a slow model convergence speed. To address this, we 
introduced the SIoU (Gu et al., 2023) loss function as 
a replacement for the model’s initial loss function. 
SIoU inherently includes the vector angle between the 
ground-truth box and the prediction box and consists 
of four parts: angle cost, distance cost, shape cost, and 
IoU cost.

The formula for calculating the angle cost (Λ) is 
as follows:

Λ=1−2×sin2(arcsin ( Ch

σ ) − π
4 ), (1)

where Ch is the difference in height between the cen‐
ter points of the ground-truth box and the prediction 
box, and σ is the distance between the center points of 
the ground-truth box and the prediction box.

The formula for calculating the distance cost (Δ) 
is as follows:

Δ=∑
t = x, y

( )1 −e− γρt , (2)

where ρx =( bgt
cx

− bcx

cw ) 2

 and ρy =( bgt
cy

− bcy

ch ) 2

 represent 

the squared differences between the center coordinates 
of ground-truth box and prediction box, normalized 
by the width (cw) and height (ch) of the minimum bound‐

ing rectangle, respectively; (bgt
cx
, bgt

cy ) is the center coor‐

dinate of the ground-truth box and (bcx
, bcy ) is the center 

coordinate of the prediction box; γ= 2 −Λ represents 
the adjustment factor for angle loss in the formula.

The formula for calculating the shape cost (Ω) is 
as follows:

Ω= ∑
t = w, h

(1 − e−ωt ) θ. (3)
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Let ωw =
||w−wgt

max ( )w, wgt
 and ωh =

|| h−hgt

max ( )h, hgt
, 

where w and h represent the width and height of the 
prediction box, respectively, wgt and hgt represent the 
width and height of the ground-truth box, respectively. 
The parameter θ (with range [2, 6]) is used to control 
the shape loss.

The formula for calculating the IoU cost is as 
follows:

IoU =
||b ∩ bgt

||b ∪ bgt
, (4)

where b is the prediction box and bgt is the ground-
truth box.

In summary, the definition of the SIoU loss func‐
tion (LSIoU) is as follows:

LSIoU = 1 − IoU +
Δ+Ω

2
. (5)

In YOLO11n, the SIoU loss function was intro‐
duced to address current problems in target detection 

for tea diseases. The SIoU introduced distance, angle, 
and shape costs, optimizing bounding box matching 
across multiple dimensions. Specifically, in the calcu‐
lation of the SIoU loss function, the center-point dis‐
tance between the prediction box and the ground-truth 
box was computed by considering differences in hori‐
zontal and vertical distances. Small offsets were used 
to avoid division-by-zero errors. Then, the introduc‐
tion of angle cost enabled the prediction box to be 
more precisely aligned with the ground-truth box, which 
is particularly crucial in tea disease detection because 
disease locations are distributed at different angles. 
The shape cost further optimized position regression, 
aligning the prediction box’s position more closely 
with the ground-truth box’s position, especially in 
small-target detection tasks.

2.4 Application of asymmetric multi-level attention

The AML attention module enhances the weak 
representation of tea disease features while suppress‐
ing redundant background (e.g., foliage textures). Un‐
like symmetric attention frameworks, which weigh all 
feature scales equally, AML uses an asymmetric fusion 

Fig. 2  Comparison of the structure before and after algorithm improvement. (a) YOLO11n structure diagram. (b) The 
structure diagram of the asymmetric multi-level (AML) mechanism, dynamic snake convolution (DSC), and scalable 
intersection over union (SIoU) loss function-You Only Look Once (YOLO) (ADS-YOLO) algorithm with the improvement 
modules added. Conv: convolution; C3k2: cross stage partial with kernel size 2; SPPF: spatial pyramid pooling-fast; C2PSA: 
cross stage partial with pyramid squeeze attention; AMLA: AML attention; DySnakeConv: dynamic snake convolution.
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strategy. It prioritizes fine-grained low-level features 
(carrying lesion boundary details) with higher attention 
weights, while assigning moderate weights to high-level 
semantic features (capturing global lesion patterns). 
In addition, a linear attention branch reduces computa‐
tional overhead, enabling efficient background noise 
suppression without sacrificing feature richness. This 
design directly addresses the core challenge in tea 
disease detection: distinguishing small, low-contrast 
lesions from complex field backgrounds.

The AML attention module also has strong adap‐
tive feature-fusion capabilities. Through convolution 
operations at different layers, it aggregates multi-level 
features. This fusion strategy enables the network to 
comprehensively consider information at multiple 
levels, resulting in a stronger feature representation. 
The feature weighting mechanism in this module intro‐
duces a weighting strategy during feature fusion, en‐
abling the network to automatically select the most 
valuable features for disease identification. In this way, 
the influence of background noise on model judgment 
is effectively suppressed. Adaptive feature fusion en‐
ables the model to dynamically adjust feature weights 
in response to changes in input data, thereby enhanc‐
ing the sensitivity and accuracy of disease detection.

The module also introduces a linear attention 
mechanism. Through this mechanism, the model can 
calculate feature similarity. The introduction of query 
(Q), key (K), and value (V) enables the network to dy‐
namically adjust its output for specific features. Mean‐
while, the linear attention computes feature weights 
using the softmax function, thereby enhancing import‑
ant features and suppressing irrelevant ones. This 
mechanism can effectively improve the model’s anti-
interference capability in complex environments. The 
features processed by the attention mechanism can be 

better reorganized, ensuring that the model responds 
more effectively to essential features, thereby improv‐
ing the detection accuracy (Fig. 3).

To enhance the network’s expressive power, the 
AML attention module, by integrating convolution and 
attention mechanisms, can incorporate multiple types 
of information at different levels, thereby improving 
the network’s understanding of complex image con‐
tent. To better capture nonlinear features, the network 
can learn more complex representations through deep 
nonlinear mapping, thereby making the model more 
adaptable to diverse disease manifestations. Overall, 
the AML attention module in the YOLO11n network 
provides an effective way to integrate multiple feature 
information, ensuring the comprehensive analysis and 
recognition of tea plant diseases.

To further improve the detection performance of 
small targets, the AML attention enhances their recog‐
nition (e.g., tiny spots in early-stage diseases) through 
multi-level convolution and attention mechanisms. 
This is particularly important for the early detection 
of tea plant diseases. Meanwhile, through an effective 
feature retention strategy, the network can maintain 
high resolution when dealing with small targets, avoid‐
ing information loss. In complex backgrounds, small 
targets are easily overwhelmed by noise. The introduc‐
tion of the AML attention module enables the network 
to better separate signals from noise, thereby improv‐
ing the detection of small disease features. The struc‐
ture of the AML attention module is shown in Fig. 3.

2.5 Application of dynamic snake convolution

To improve the detection accuracy of tea leaf dis‐
ease images, we introduced the DSC module into the 
neck part of the YOLO11n algorithm (Wang X et al., 
2025). The DSC module features dynamic deformable 

Fig. 3  Asymmetric multi-level (AML) attention module structure, convolution (Conv) distribution, and logical structure 
diagram. Q: query; K: key; V: value.

487



|    Journal of Zhejiang University-SCIENCE B   2026 27(5):482-498

convolution, which automatically adjusts the shape and 
position of the convolution kernel according to local 
changes in the input image features. This adaptive ability 
enables the model to capture the features of different 
diseases more flexibly, thereby enhancing its adapt‐
ability to complex backgrounds and shape variations.

By performing bilinear interpolation on the fea‐
ture map, this module can more accurately extract 
detailed information from the image. Compared to tra‐
ditional convolutional methods, this module can extract 
features at different scales and orientations, especially 
for small disease spots and irregularly shaped leaf struc‐
tures, thereby significantly improving the ability to 
express features. This detailed feature extraction is 
crucial for early disease identification.

Tea diseases may exhibit significant differences in 
their manifestations at various growth stages and under 
diverse environmental conditions. The DSC module 
can dynamically adjust the convolution kernel defor‐
mation based on the specific morphology of the dis‐
ease in the input image, thereby enhancing the detec‐
tion of various diseases (such as TA, TB, and TG). This 
flexibility makes the model more robust and accurate 
in dealing with diverse disease samples.

In complex natural environments, background 
noise often affects the accuracy of disease detection. 
The DSC module can more effectively focus on target 
disease features and suppress interference from back‐
ground information by adaptively changing the convo‐
lution kernel shape. This characteristic enhances the 
model’s detection accuracy in complex background 
scenarios.

After introducing the DSC module, the YOLO11n 
algorithm can learn more representative features, 

enabling the model to maintain a high recognition rate 
when presented with new, unseen disease samples. 
This enhanced generalization ability is the key to im‐
proving the overall detection performance. The DSC 
structure is shown in Fig. 4.

2.6 Training environment and evaluation indicators

In this study, we used a predefined image dataset 
on a Windows 10 Pro (64-bit) operating system. The 
computer was equipped with an Intel Core i9-10900 
CPU@2.80 GHz, with 128 GB of memory and a 1 TB 
main hard drive. The graphics card was an NVIDIA 
Quadro RTX 5000. The versions used for training were 
PyTorch v.2.0.1, Python v.3.9.19, and CUDA v.11.7.

In the comparative experiments, the same hyper‐
parameters were used across the models. Specifically, 
the input image size for training was 640×640 pixels, 
the initial learning rate was 0.01, the momentum was 
0.937, the batch size was 16, and the maximum num‐
ber of iterations/epochs was 400.

We trained the dataset with different models and 
compared their performance. The main evaluation 
metrics for overall performance were: (1) mAP, which 
reflects mainly the average value of the overall accu‐
racy of each model; (2) precision (P), which is the 
ratio of the number of correctly detected targets to the 
total number of detected targets; and (3) recall (R), 
which is the ratio of the number of correctly detected 
sets to the total number of sets. The formulas for cal‐
culating each evaluation metric were as follows:

P =
NTP

NTP + NFP

, (6)

Fig. 4  Dynamic snake convolution (DSC) module structure and transformation of the convolution operation logic mechanism 
into a snake-shaped distribution.
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R =
NTP

NTP + NFN

, (7)

AP =∫
0

1

P ( R )dR, (8)

mAP =
1
n∑

k = 1

n

APk, (9)

where average precision (AP) represents the integral 
of precision and recall, NTP (TP: true positive) indi‐
cates the number of tea diseases that were correctly de‐
tected, NFP (FP: false positive) represents the number 
of tea diseases that were wrongly detected, and NFN 
(FN: false negative) indicates the number of tea dis‐
eases that were not detected.

2.7 Experimental plan

In the experimental part of this study, two main 
types of experiments were conducted. The first type 
was an ablation experiment to enhance the YOLO11n 
model, aiming to compare and verify the improvement 
effects of different modules on the model’s overall 
performance and select the best combination of im‐
proved modules (Lawal et al., 2021). The second type 
was a comparison between the enhanced model and 
other models, aiming to compare differences in per‐
formance among models and to more effectively and 
intuitively observe the improvement in each perfor‐
mance indicator of YOLO11n.

3 Results and discussion 

3.1 Ablation experiment

We conducted ablation experiments on the initial 
model by adding or removing improvement modules 
to explore the model’s overall performance. The abla‐
tion experiment results of the combination of the DSC 

module, AML attention module, and SIoU loss function 
are shown in Table 1. Each improvement contributed 
to the model’s overall performance. When the SIoU 
loss function was introduced alone, the mAP@0.5 of 
the model increased from 0.894 to 0.912, and its 
mAP@0.5:0.95 increased from 0.741 to 0.775; when 
the DSC module was introduced alone, the mAP@0.5 
of the model increased from 0.894 to 0.919, and its 
mAP@0.5:0.95 increased from 0.741 to 0.803; when 
the self-developed AML attention module was intro‐
duced alone, the mAP@0.5 of the model increased 
from 0.894 to 0.930, and its mAP@0.5:0.95 increased 
from 0.741 to 0.809. When the SIoU loss function and 
the DSC module were introduced simultaneously, the 
mAP@0.5 of the model increased from 0.894 to 0.937, 
and its mAP@0.5:0.95 increased from 0.741 to 0.824; 
when the DSC module and the self-developed AML 
attention module were introduced simultaneously, the 
mAP@0.5 of the model increased from 0.894 to 0.940, 
and its mAP@0.5:0.95 increased from 0.741 to 0.814; 
the model performed best when all three modifications 
were introduced simultaneously, with the mAP@0.5 
increasing from 0.894 to 0.947 and its mAP@0.5:0.95 
increasing from 0.741 to 0.832. In the ablation experi‐
ments, the precision and recall values of the improved 
model also increased accordingly. The ablation experi‐
ment results of this study indicate that the SIoU loss 
function, DSC module, and self-developed AML atten‐
tion module have a significant synergistic effect on 
improving the YOLO11n model’s target detection per‐
formance and adaptability to complex environments.

The integration of SIoU loss plays a crucial role 
in optimizing the alignment of bounding boxes with 
irregular tea-disease lesions, effectively reducing local‐
ization errors, and enhancing precision (Gu et al., 
2023). Additionally, the DSC module uses an adap‐
tive kernel to focus on the complex boundaries of 

Table 1  Ablation experiment

SIoU

×

√
×

×

√
×

√

DSC

×

×

√
×

√
√
√

AML attention

×

×

×

√
×

√
√

Precision

0.894

0.920

0.917

0.936

0.940

0.925

0.935

Recall

0.818

0.830

0.858

0.847

0.857

0.881

0.870

mAP@0.5

0.894

0.912

0.919

0.930

0.937

0.940

0.947

mAP@0.5:0.95

0.741

0.775

0.803

0.809

0.824

0.814

0.832

SIoU: scalable intersection over union; DSC: dynamic snake convolution; AML: asymmetric multi-level; mAP: mean average precision.
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deformable lesions, thereby improving target extrac‐
tion and increasing recall. Moreover, the AML attention 
mechanism contributes significantly by fusing multi-
scale features while suppressing noise from foliage, 
thereby amplifying weak signals associated with le‐
sions. This combination of features explains the im‐
pressive improvements in both accuracy and process‐
ing speed.

This multi-dimensional optimization, integrating 
the SIoU loss function, AML attention module, and 
DSC module, not only improved YOLO11n’s detection 
accuracy for tea diseases but also enhanced its robust‐
ness against variations in lesion shape, size, and angle. 
Specifically, replacing CIoU with the SIoU loss func‐
tion introduced angle, distance, and shape costs into 
bounding box regression, enabling more precise align‐
ment with irregular tea lesions. This is particularly crit‐
ical for small, scattered disease spots, thereby boost‐
ing detection accuracy.

The incorporation of the AML attention module 
further endowed the model with significant advantages 
in complex field scenarios. Through enhanced feature 
extraction, adaptive multi-scale feature fusion, and the 
introduction of linear attention, the module effectively 
suppresses background noise, such as overlapping 
foliage, while amplifying weak lesion signals, thereby 
improving network expressiveness and small-target 
detection performance. These enhancements collec‐
tively render the model more accurate and reliable for 
identifying complex tea diseases.

Additionally, the introduction of the DSC module 
into the neck part of YOLO11n enhanced the model’s 
adaptability to diverse environmental conditions. By 
dynamically adjusting the convolution kernel shape and 
position based on local feature variations, the DSC 
module captures fine-grained details of irregular lesions 
more flexibly, reducing interference from complex 
backgrounds and improving generalization. Together, 
these three modules synergistically address core chal‐
lenges in tea disease detection: imprecise localization, 
background clutter, and lesion irregularity. They pro‐
vide strong technical support for real-time, in-field tea 
disease monitoring and management.

3.2 Performance comparison of ADS-YOLO

To comprehensively verify the detection perfor‐
mance of the proposed ADS-YOLO model, two sets 
of comparative experiments were conducted: first, a 
comparison with the baseline YOLO11n to validate the 
effectiveness of the integrated improvement modules; 
second, a comparison with other mainstream light‐
weight YOLO models to demonstrate its competitive‐
ness in tea disease detection.

3.2.1　Comparison with baseline YOLO11n

To confirm the improvement in performance from 
using the integrated SIoU loss function, DSC module, 
and AML attention module, a comparative experiment 
was conducted between ADS-YOLO and the original 
YOLO11n on the same dataset and in the same train‐
ing environment.

The precision increased from 0.894 using the ini‐
tial YOLO11n to 0.935 using ADS-YOLO, an overall 
improvement of 0.041 (Table 2). This indicates that 
ADS-YOLO achieves higher precision. Compared to 
the initial YOLO11n, ADS-YOLO also improved recall 
from 0.818 to 0.870, an overall increase of 0.052. Zhu 
et al. (2025) improved the YOLOv8 model by incor‐
porating an attention module and expanding the con‐
volutional layers, and then used it to identify grape 
leaf black rot spots. The results showed that the preci‐
sion of the improved model was 92.64% and the recall 
was 93.28%. Compared with the initial YOLOv8 model, 
these values increased by 2.38 and 1.19 percentage 
points, respectively. In comparison, our ADS-YOLO 
model has advantages in both indicators, with higher 
final values and greater improvement. This further 
shows that compared with the initial model, ADS-
YOLO has stronger detection performance with fewer 
missed detections and the ability to capture more target 
individuals.

The mAP@0.5 and mAP@0.5: 0.95 values of 
ADS-YOLO were significantly improved compared to 
those of the initial YOLO11n model. Table 2 shows 
that mAP@0.5 increased from 0.894 to 0.947, and 
mAP@0.5: 0.95 from 0.741 to 0.832, indicating a 

Table 2  Experimental comparison between ADS-YOLO and YOLO11n

Module

YOLO11n

ADS-YOLO

Size (pixels)

640×640

640×640

Params (M)

2.58

2.08

Precision

0.894

0.935

Recall

0.818

0.870

mAP@0.5

0.894

0.947

mAP@0.5:0.95

0.741

0.832

FPS

102.6

137.1

GFLOPs

6.3

5.2

Params: parameter count; M: million; mAP: mean average precision; FPS: frames per second; GFLOPs: giga floating-point operations.
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remarkable improvement. Chutichaimaytar et al. (2025) 
improved the YOLOv8 model by introducing the multi‐
scale sequence feature fusion (MSFF) module to en‐
hance the original algorithm, and then used it to iden‐
tify coriander leaf tip-burn and powdery mildew. The 
improved coriander tip-burn YOLO (CTB-YOLO) 
model achieved an mAP@0.5 of only 0.73 and an 
mAP@0.5:0.95 of only 0.382. Coriander shares simi‐
lar external features with tea leaves, and the target dis‐
eases also have strong similarities. Moreover, its data 
collection was conducted under stable indoor environ‐
mental conditions. Compared with CTB-YOLO, our 
ADS-YOLO model achieved superior performance 
across the evaluation metrics. At the same time, the 
difference between mAP@0.5 and mAP@0.5:0.95 for 
ADS-YOLO was smaller, indicating that the improved 
model has higher accuracy in target detection under 
complex natural lighting conditions and stronger com‐
prehensive performance.

The frame rate of ADS-YOLO was 137.1 FPS, 
which was 34.5 FPS higher than that of YOLO11n 
(102.6 FPS), demonstrating the improvement in real-
time performance of the ADS-YOLO model. The com‐
putational cost (GFLOPs) of ADS-YOLO was lower 
than that of YOLO11n, indicating that the computa‐
tional complexity of the improved model decreased. 
Lin et al. (2025) improved the YOLO11 model by 
applying the CARConv rotational convolution module 
and the AFGCAM attention mechanism, thereby ac‐
curately identifying target crop apples during the 
harvesting process. The mAP@0.5 of the improved 
YOLO11-ARAF reached 0.923, the precision reached 
0.894, and the mAP@0.5:0.95 reached 0.644. How‐
ever, its computational cost was 7.3 GFLOPs. Overall, 
ADS-YOLO has certain advantages across various 
evaluation metrics when built on YOLO11n, especially 
in terms of the indicator of computational cost, which 
was 5.2 GFLOPs for ADS-YOLO, confirming less com‐
putational complexity. The lightweight design and lower 
computational complexity enable ADS-YOLO to more 
efficiently identify the most significant disease fea‐
tures within the detection interface during tea disease 
recognition, accurately identifying and delineating the 
location and extent of diseased areas.

Moreover, compared with the original YOLO11n 
model, ADS-YOLO provided more accurate discrimi‐
nation among the three types of tea diseases in this 
study. When the detection results across the entire 

dataset were examined, a few misjudgments occurred, 
and the main lesion could not always be identified. To 
make the comparison of disease detection results more 
obvious, we not only presented disease identification 
results in graphs but also displayed target identification 
results as heatmaps.

The detection results of the two models for the 
three diseases are presented in Figs. 5‒7. The detec‐
tion outputs of YOLO11n and ADS-YOLO across 
the three tea diseases are compared in Fig. 5. Both 
models achieved accurate recognition of target lesions: 
YOLO11n effectively identified disease areas, while 
ADS-YOLO further refined the bounding box align‐
ment, fully enclosing scattered TA patches, more com‐
prehensively identifying pathological regions whose 
colors closely matched the background, and tightly fit‐
ting the irregular edges of TG lesions. This figure shows 
that both models delivered reliable detection perfor‐
mance, with ADS-YOLO providing marginally im‐
proved localization precision for tea disease lesions.

Fig. 5  Test results for YOLO11n and ADS-YOLO. The 
recognition performance of ADS-YOLO was more com‐
prehensive.
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Fig. 6 shows heatmaps for the three tea diseases, 
paired with the original images, YOLO11n heatmaps, 
and ADS-YOLO heatmaps. YOLO11n heatmaps show 
scattered attention, with a weak focus on lesions and 
overlapping with background foliage. ADS-YOLO 
heatmaps concentrate sharply on lesion regions: they 
highlight TA patches, target TB’s necrotic edges, and 
amplify faint TG lesions. This figure visualizes how 
ADS-YOLO’s AML attention module suppresses back‐
ground noise while enhancing weak lesion features, 
directly demonstrating its improved ability to distin‐
guish tea diseases from complex field backgrounds.

Confusion matrices for YOLO11n (Fig. 7a) and 
ADS-YOLO (Fig. 7b) quantify the classification per‐
formance across the three tea diseases and the back‐
ground class. YOLO11n shows non-negligible errors: 
13.3% of the TA cases were misidentified as back‐
ground, and TB–TG cross-category confusion occurred. 
ADS-YOLO reduced these issues: TA’s background 
misclassification dropped to 10.1%, TB–TG confusion 
was eliminated, and class-specific accuracy increased 
(e.g., TB accuracy increased from 87.3% to 92.2%). 
This figure confirms that ADS-YOLO’s modules (not‑
ably AML attention) enhance feature discrimination, 
boosting precision in tea disease classification and 
reducing background interference.

In summary, ADS-YOLO shows substantial ad‐
vantages across all evaluation indices compared to the 
initial YOLO11n, demonstrating that the improved 
model performs better under complex natural-light con‐
ditions. To further interpret the model’s performance, 
we analyzed the confusion matrix of ADS-YOLO 
(Fig. 7b) and typical failure cases, focusing on misclass‑
ification patterns, challenging scenarios, and module-
specific improvements. From the confusion matrix, 
two main misclassification trends emerged, driven by 
lesion feature similarity. First, mid-stage TA was most 
prone to being misclassified as TB, as both diseases 
share core symptomatic traits of dark brown coloration 
and irregular lesion shapes during this period. Second, 
late-stage TG was frequently misclassified as TB be‐
cause the brown concentric rings on TG lesions closely 
resemble TB’s typical gray-brown alternating concen‐
tric rings in both color and structure. Furthermore, 

Fig. 6  Comparison of heatmaps of feature visualizations 
before and after model improvement.

Fig. 7  Comparison of confusion matrices between YOLO11n and ADS-YOLO. (a) Confusion matrices based on YOLO11n. 
(b) Confusion matrices based on ADS-YOLO. The blue color indicates samples where the predicted category matches 
the actual category, and the orange color indicates those where it does not. TA: tea algal leaf spot; TB: tea brown blight; 
TG: tea gray blight.

492



Journal of Zhejiang University-SCIENCE B   2026 27(5):482-498    |

early-stage TB exhibits only faint discoloration without 
developing mature lesion structures, so it was occa‐
sionally misclassified as TA or TG. This is because its 
initial symptoms are weakly differentiated from the 
early water-soaked, light-green spots of TA and the 
initial dark-green lesions of TG, with minimal visual 
distinction for model recognition.

3.2.2　Comparison with other lightweight YOLO models

To further evaluate the competitiveness of ADS-
YOLO in practical applications, comparative experi‐
ments were conducted with eight mainstream lightweight 
YOLO models (YOLOv3-tiny, YOLOv5n, YOLOv6n, 
YOLOv7t, YOLOv8n, YOLOv9t, YOLOv10n, and 
YOLO11n) and other improved YOLO variants (DM-
YOLO, LCDDN-YOLO-CWD, and BHC-YOLOv8) 
dedicated to plant disease detection.

Among the eight mainstream LMs, YOLOv8n 
and ADS-YOLO could perform relatively complete 
and comprehensive bounding box recognition of TA 
lesion points within the detection interface. The com‐
parison of TB detection results showed that all LMs 
gave precise detection, likely because large, brownish 
lesions characterize TB. The observation results also 
showed that ADS-YOLO has a more comprehensive 
ability to detect the main lesion target features. When 
TG was detected, the performance of each model 
varied. YOLOv5n and YOLOv10n had issues with 
missed detection of lesion areas, while YOLOv6n 
struggled to distinguish target lesions. YOLOv3-tiny 
and ADS-YOLO performed relatively well in the de‐
tection of TG lesion areas, and the detection boxes 
could precisely and comprehensively identify the target 
areas. Images of the relevant detection results are 
compared in Fig. 8.

The evaluation results for each model trained in 
the same training environment and on the same dataset 
are shown in Table 3. ADS-YOLO outperformed the 
other models in terms of FPS, indicating the strongest 
real-time performance. Additionally, ADS-YOLO had 
the lowest GFLOPs among the models, suggesting that 
it has lower computational complexity. It achieved 
consistent, cross-family gains over lightweight YOLO 
baselines, resulting in fewer false alarms and fewer 
misses in field clutter, while improving localization at 
strict IoU thresholds. ADS-YOLO showed improve‐
ments of 0.027 in precision, 0.047 in recall, and 
0.044 in mAP@0.5 compared with YOLOv3-tiny, 

and 0.045 in precision, 0.078 in recall, and 0.064 in 
mAP@0.5 compared with YOLOv5n, indicating clear 
improvements in both detection and localization quality. 
The largest deltas at mAP@0.5:0.95 indicate better box 
alignment on small, irregular lesions across IoU thresh‐
olds, tackling challenging field imagery (Table 3). 
Wang RJ et al. (2025) used the multi-scale edge enhance‐
ment (MSEE) module, slim shared convolutional head 
(SSCH), and high-level screening feature pyramid 
network (HSFPN) to improve the YOLO11n model 
(YOLO11-PGM) for the precise identification of pome‐
granates and their flowers. The mAP@0.5 reached 
0.94, and the computational cost was 4.8 GFLOPs, like 
those of ADS-YOLO. They believed that the differences 
were due to YOLO11-PGM not improving or introduc‐
ing new loss functions, and to the improved modules 
placing greater emphasis on light weighting and reduc‐
ing computational complexity. While competitors flag 
dense TA lesions, ADS-YOLO better encloses primary 
foci and their boundaries, resulting in higher-quality 
detections. These results show that the SIoU loss, DSC, 
and AML attention enhance the sensitivity and preci‐
sion in tea canopies.

Compared with some of the best YOLO models, in‐
cluding DM-YOLO based on YOLOv9 (Abulizi et al., 
2025), LCDDN-YOLO (Feng et al., 2025), YOLO-
CWD (Ma et al., 2025), and BHC-YOLOv8 (Zhan 
et al., 2024), all of which improved upon YOLOv8, 
our proposed ADS-YOLO achieves higher detection 
accuracy and stronger real-time performance.

BHC-YOLOv8 (Zhan et al., 2024) optimizes 
small-target detection for tea diseases using improved 
downsampling and PAN-FPN techniques but relies 
solely on the standard CIoU loss, which measures 
bounding box overlap and neglects irregular lesion 
shapes. ADS-YOLO integrates a geometric-aware 
SIoU loss that incorporates angle, distance, and shape 
costs, effectively addressing these complexities. While 
DM-YOLO achieves lightweight deployment through 
dynamic channel pruning, it struggles with adaptive 
feature extraction, particularly for blurred lesion bound‐
aries. ADS-YOLO uses deformable sampling via its 
DSC module, enabling better adjustment of the convo‐
lutional kernels to capture challenging features (Abulizi 
et al., 2025). LCDDN-YOLO enhances multi-scale 
feature fusion via pyramid networks but relies on fixed 
convolutional kernels, which may fail to account for 
lesion variability (Feng et al., 2025). ADS-YOLO, 
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Fig. 8  Qualitative comparison of detection results across eight tested models for three tea disease categories in a matrix 
layout, illustrating differences in lesion coverage, bounding box tightness, and stability under realistic field backgrounds. 
In all three disease groups, the baseline models show clear qualitative differences, including incomplete lesion coverage, 
occasional missed detections, fragmented boxes over discontinuous lesion regions, and looser localization when lesion 
boundaries are irregular or contrast is reduced. By comparison, ADS-YOLO consistently improves detection completeness 
and spatial precision, producing tighter boxes that better align with true lesion extents and reducing false negatives in 
challenging scenes such as cluttered foliage and fluctuating illumination. These visual results support the quantitative 
findings by highlighting stronger coverage, more accurate localization, and enhanced robustness across diverse field 
environments of ADS-YOLO.
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however, enriches fusion through a multi-level attention 
mechanism (the AML module) that suppresses back‐
ground noise and amplifies weak lesion features. Add‑
itionally, unlike YOLO-CWD, which addresses cross-
domain adaptation without tailoring its approach to tea 
disease detection, ADS-YOLO combines geometric-
aware loss, deformable sampling, and multi-level atten‐
tion in a cohesive framework, offering significant 
advancements in tackling the unique challenges of tea 
disease detection (Ma et al., 2025).

These results directly show the advantages of 
ADS-YOLO across all aspects and demonstrate its great 
potential for practical detection applications in com‐
plex natural-light environments.

3.3 Mechanistic principle of the ADS-YOLO model 
application

In the current study, ADS-YOLO improved small, 
low-contrast tea lesion recognition by combining three 
mechanisms on a YOLO11n scaffold: geometric repa‐
rameterization at the loss level, adaptive sampling at 
the operator level, and global-context gating at the 
attention level, which reshaped the optimization land‐
scape and receptive field (Dong and Duoqian, 2023; 
Parashar et al., 2025). Replacing CIoU with SIoU 
introduces directionality into box regression, incorpo‐
rating angle-, distance-, and shape-aware penalties that 
reduce the degrees of freedom in search and stabilize 
gradients for small or overlapping lesions, thereby accel‐
erating convergence and improving localization. Insert‐
ing DSC enables deformable sampling along lesion 
boundaries, with learned offsets guiding sampling 
points toward curvilinear pathology and embedded 
bilinear interpolation preserving high-frequency cues. 

The AML attention block reweights spatial–channel 
responses using long-range correlations, enabling robust 
discrimination between lesions from overlapping foli‐
age and artifacts while maintaining throughput. These 
components act synergistically: SIoU improves regres‐
sion with cleaner gradients; DSC expands receptive 
fields along lesion morphology; and AML suppresses 
distractors, improving metrics (precision=0.935, recall=
0.870, mAP@0.5=0.947, mAP@0.5:0.95=0.832) and 
real-time performance (137.1 FPS at 5.2 GFLOPs). 
These gains show that precise geometric objectives, 
deformable sampling, and global context, combined 
with a multi-scale backbone, enhance the detection of 
small targets in complex scenes.

Despite the encouraging accuracy and efficiency 
achieved by ADS-YOLO, several limitations should be 
acknowledged to properly assess the scope and gener‐
alizability of the proposed method. The current system 
is limited to RGB imagery, which might fail to capture 
subtle chromatic differences and low-contrast lesions 
against complex foliage. Under such conditions, dis‐
tinguishing true disease regions from artifacts like 
shadows and dust may be challenging. Furthermore, 
the dataset used was constrained by regional, seasonal, 
and cultivation variations, limiting its representative‐
ness across diverse global tea-producing areas. Although 
natural field imagery was used in the experiments, 
comprehensive validation under variable conditions, 
such as backlighting, heavy shadows, and motion 
blur, is still needed. Therefore, future research will 
focus on expanding training datasets to include these 
challenging scenarios and on implementing robust 
domain-generalization strategies to enhance reliability 
in uncontrolled environments.

Table 3  Comparison experiment with additional models

Module

YOLOv3-tiny

YOLOv5n

YOLOv6n

YOLOv7t

YOLOv8n

YOLOv9t

YOLOv10n

YOLO11n

ADS-YOLO

Size (pixels)

640×640

640×640

640×640

640×640

640×640

640×640

640×640

640×640

640×640

Params (M)

12.10

2.50

4.23

6.02

3.01

1.97

2.70

2.58

2.08

Precision

0.908

0.890

0.898

0.664

0.905

0.906

0.889

0.894

0.935

Recall

0.823

0.792

0.802

0.675

0.798

0.795

0.766

0.818

0.870

mAP@0.5

0.903

0.883

0.891

0.694

0.892

0.892

0.870

0.894

0.947

mAP@0.5:0.95

0.751

0.719

0.734

0.386

0.755

0.740

0.723

0.741

0.832

FPS

42.6

98.5

55.1

68.6

75.8

91.4

79.1

102.6

137.1

GFLOPs

18.9

7.1

11.8

13.2

8.1

7.6

8.2

6.3

5.2

Params: parameter count; M: million; mAP: mean average precision; FPS: frames per second; GFLOPs: giga floating-point operations.
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Future research will also explore multimodal sens‐
ing to overcome the constraints imposed by RGB-only 
sensing. Integrating complementary modalities such as 
hyperspectral, multispectral, thermal, or depth infor‐
mation may enhance sensitivity to early or ambiguous 
symptoms and reduce confusion caused by variations 
in illumination. In addition, although the proposed 
design is lightweight, further optimization for practi‐
cal mobile deployment is needed, including model 
compression, quantization, hardware-aware accelera‐
tion, and energy-aware scheduling on edge devices. 
Together, multi-season multi-region data expansion, 
multimodal fusion, and deployment-oriented optimi‐
zation are expected to improve both the generaliza‐
tion and real-world usability of ADS-YOLO for tea 
disease monitoring.

4 Conclusions 

In this study, we constructed a dataset of leaf 
images of three tea diseases to address the challenges 
of detecting those diseases in complex plantation envir‑
onments. We proposed an improved LM, ADS-YOLO, 
integrating an SIoU loss function, DSC module, and 
AML module. The SIoU loss function enhances the 
alignment between the predicted and ground-truth 
bounding boxes to improve small-target detection; the 
DSC module enables adaptive adjustment of the con‐
volutional kernel sizes for irregular lesion feature cap‐
ture; and the AML module optimizes feature extrac‐
tion via asymmetric convolution and adaptive fusion. 
Ablation experiments validated the synergistic effect 
of these components, and comparative experiments 
confirmed ADS-YOLO’s superior performance over 
the baseline YOLO11n and other mainstream LMs. 
The results showed that the model achieved a detec‐
tion precision of 0.935, an mAP@0.5 of 0.947, an in‐
ference speed of 137.1 FPS, and a computational cost 
of 5.2 GFLOPs, verifying its efficacy for real-time, 
non-destructive field monitoring. Future work will ex‐
tend the model to broader crop species and complex 
agricultural scenarios. In summary, ADS-YOLO bal‐
ances high accuracy and real-time efficiency, provid‐
ing a reliable technical solution for tea disease man‐
agement and a referable framework for lightweight 
deep learning applications in precision agriculture.
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