
Learning from Motion. A Dynamic Feature Fusion
Framework for Robust Agricultural Vision in Blurred
Environments
Han Zhang 

Changji University https://orcid.org/0000-0003-0169-8140
Yanwei Wang 

Changji University
Fang Li 

Changji University
Hongjun Wang 

Shandong University

Research Article

Keywords: YOLOv11, Wheat Disease and Pest Detection, Dynamic fuzzy robust convolution, CUDA
Parallel Computing

Posted Date: February 3rd, 2026

DOI: https://doi.org/10.21203/rs.3.rs-8760445/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: The authors declare no competing interests.

https://doi.org/10.21203/rs.3.rs-8760445/v1
https://doi.org/10.21203/rs.3.rs-8760445/v1
https://orcid.org/0000-0003-0169-8140
https://doi.org/10.21203/rs.3.rs-8760445/v1
https://creativecommons.org/licenses/by/4.0/


Learning from Motion: A Dynamic Feature Fusion

Framework for Robust Agricultural Vision in

Blurred Environments

Han Zhang1*, Yanwei Wang1, Fang Li1*, Hongjun Wang2

1* Changji University, Changji, 831100, Xinjiang, China .
2 Shandong University, Jinan, 250100, Shandong, China .

*Corresponding author(s). E-mail(s): zhxjdx@163.com;
zhxjdx2025@126.com;

Abstract

Computer vision for precision agriculture, particularly from unmanned aerial
vehicles (UAVs), is frequently hampered by motion blur induced by wind and
equipment vibration. Traditional approaches treat blur as noise to be removed
or rely on computationally intensive restoration, limiting real-time deployment
on edge devices. This study re-conceptualises motion blur not as mere degra-
dation but as a source of learnable features characterising object dynamics.
We introduce a Dynamic Fuzzy Robust Convolution (DFRC) module, a plug-
in enhancement for detection frameworks, which adaptively fuses multi-scale
features with synthetically generated fuzzy cues via a transparency-aware mech-
anism. A key innovation is a parallel CUDA kernel for efficient non-linear
interpolation and rotation of feature tensors, preventing boundary overflow and
achieving a 38.4× speedup over CPU implementations. Trained on a purpose-
built wheat pest dataset (WheatBlur-3K) with paired clear and synthetically
blurred images (including uniform and target-localised blur), our YOLOv11-
based model demonstrates robust performance. On blurred test sets, it achieves
an mAP@0.5 of 86.4%, a 26.1% improvement over the baseline, while maintain-
ing a real-time inference speed of 47 FPS. The framework retains effectiveness
in adverse conditions like rain, with performance degradation below 8%. This
work provides a practical, efficient solution for blur-robust agricultural monitor-
ing, shifting the paradigm from blur removal to blur-aware perception. Code and
data are available at https://gitcode.com/2401 85342087/yolo11-fuzzy-conv.git.

Keywords: YOLOv11, Wheat Disease and Pest Detection, Dynamic fuzzy robust
convolution, CUDA Parallel Computing
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1 Introduction

Agricultural digital transformation is quietly changing the traditional mode of agri-
cultural production, in which the field target detection technology based on computer
vision (such as crop monitoring, weed identification, pest warning, etc.) has become the
core support of precision agriculture. However, image acquisition in the field dynamic
environment often causes camera jitter or target movement due to natural wind dis-
turbance, which will lead to a certain degree of motion blur, which will affect the
robustness and accuracy of the detection model. This challenge is particularly promi-
nent in UAV UAS aerial photography, mobile robot inspection and other scenes. It is
urgent to combine image deblurring and lightweight detection algorithm to optimize
in order to meet the real-time requirements of edge computing devices. The camera
jitter or plant swing caused by wind disturbance in the field dynamic environment will
lead to the spatial non-uniform blur of the target or background in the image (such
as directional motion blur or local deformation), and the performance of traditional
target detection models (such as YOLO and fast r-cnn) will decline on such data. As
pointed out in the literature [1, 2], the accuracy of weed recognition in UAS aerial
images is affected by motion blur, so it is necessary to balance the accuracy and effi-
ciency through model lightweight (such as 75% reduction in the parameters of YOLO
spot) and edge calculation deployment; As the reference [3] further points out, the
fuzziness in dynamic scenes will interfere with plant phenotypic analysis and pest fea-
ture extraction, so it is necessary to design a targeted de fuzziness algorithm.Although
multi-stage image deblurring methods outperform single-stage structures, the model
is often complicated and under-represented due to stacked sub-networks and resid-
ual blocks. For this reason, Feng et al. proposed a lightweight multi-stage model,
Ghost-Unet, which achieves excellent results on the GoPro dataset by embedding a
lightweight sub-network, introducing a Ghost module to reduce the number of param-
eters, and combining a wavelet reconstruction module with a comprehensive loss
function[4]. For video deblurring, Song et al. designed a gradient-guided progressive
propagation network based on a memory mechanism, which utilizes memory branches
to store fuzzy-sharp feature pairs, and effectively recovers the details and reduces
the distortion through the progressive propagation and gradient-guided reconstruc-
tion modules, achieving advanced performance with low complexity[5]. In order to
realize the collaborative optimization of deblurring technology and detection model,
the existing research is based on two kinds of paths to deal with this problem: (1)
the front-end deblurring preprocessing, such as the multi-scale hierarchical network
proposed in literature [6] and deblurgan-v2 proposed in literature [7], can restore the
details of the blurred image, but the calculation cost is high, which is difficult to be
directly embedded in agricultural edge equipment.Lin et al. proposed SCNet, which
integrates dual branches of Swin Transformer and ConvNeXt. By employing joint
attention to adaptively fuse global and local features, it significantly outperforms exist-
ing methods under strong noise conditions and demonstrates outstanding performance
on real-world tasks such as mural restoration[8]. (2) The design of fuzzy robust detec-
tion model, such as literature [9], verifies the performance degradation law of depth
model under progressive fuzziness, and literature[10, 11] realize the end-to-end joint
optimization of deblurring and segmentation in the fracture image through the fusion
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of wavelet transform and dynamic convolution and Liu et al. proposed YOLOv8-HAC,
which enhances feature extraction by HAC-Net, suppresses background interference
by AGC-Block, and adds a small-target detection layer to achieve 94.8% mAP and
90.4% recall rate in complex scenarios in coal mines [12].which provides a new idea
for the agricultural scene.

Most research on crop recognition in agriculture focuses more on training in static
environments or manually filtering and removing fuzzy data in later stages[1] or the
general deblurring method, such as document [3], but lacks a joint optimization frame-
work for wind disturbance dynamic scenes. Some scholars have explored this scene.
For example, document [13] proposed a dynamic fuzzy modeling method. Combined
with the characteristics of agricultural scenes (such as plant swing frequency and UAS
motion trajectory), the multi-stage feature fusion of literature [10] are used for refer-
ence to develop an embedded solution that takes into account both defuzziness and
detection. Some scholars have also proposed a cross modal data enhancement scheme,
which uses the synthetic fuzzy data such as the gradual Gaussian fuzzy enhancement
model generalization in literature [9].

Wind speed can cause dynamic blur of 5 to 15 pixels in the image of crop leaves. For
example, the literature [14] summarizes an overview of image deblurring, which weak-
ens the edge information of leaf disease features and reduces the localization ability of
YOLO series models for disease areas. The 5-pixel blur mainly affects high-frequency
details, the contour of the leaf edge can still be recognized, and the boundary of the
lesion is blurred but detectable; The blurred mid frequency information of 10 pixels
begins to be lost, and the edges of the leaves mix with the background, significantly
weakening the characteristics of the lesion; The 15 pixel fuzzy low-frequency infor-
mation is also affected, making it difficult to distinguish leaf contours and internal
features, and disease spot detection almost impossible. As mentioned in reference [15],
the absence of target edges during motion has also been studied accordingly. The main
reason for the decrease in detection accuracy of mainstream models is that the target
boundary is blurry, which affects anchor box regression; The loss of texture details in
the disease reduces the confidence level of classification.

In order to solve the problem of the lack of correlation of the disease area in the
fuzzy image, the neck network introduces the global local self attention mechanism
(GLSA), which processes the global context information and local texture features in
parallel, and reconstructs the spatial correlation of the disease area while preserving
the details of the leaf edge, such as the reference[16, 17]. At the backbone network level,
the dynamicconv dynamic convolution module is innovatively used to replace the C2F
structure of YOLOv8, and the adaptive extraction of disease features in fuzzy areas
is realized by dynamically adjusting the convolution kernel parameters, which signifi-
cantly improves the feature expression ability of the network in low resolution scenes,
such as literature[18, 19]. At the feature fusion level, the bi-directional feature pyramid
optimization (bifpn) module is used. Through the learning weighted fusion strategy
and multi-scale sampling mechanism, the problem of scale difference in fuzzy images is
effectively alleviated, and the detection accuracy of small target diseases is significantly
improved, such as the reference[20]. In view of the unbalanced distribution of fuzzy
samples, the exponential moving average (EMA) adjustment mechanism is introduced
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into the loss function, and the IOU threshold is optimized through dynamic sliding
window to realize the adaptive suppression of false detection and missed detection
of fuzzy samples. As shown in reference [21], the experiment shows that the multi-
modal enhancement framework has achieved a significant effect of increasing the map
by 26.1% in the disease detection task, providing a new technical path for agricultural
intelligent monitoring.

There is still room for improvement in the generalization ability of these methods
in dynamic fuzzy scenes [22]. Most of the samples in existing public datasets are static
samples, accounting for a much higher proportion than dynamic samples, and effec-
tive training samples with dynamic jitter are scarce, making it difficult for models to
learn fuzzy invariant features. Including the Nankai University Wheat Rust (NWRD)
dataset[23], which collects data on complex backgrounds under various lighting condi-
tions, apple growth dataset, and sugar beet dataset, related agricultural visual datasets
are highly relevant to research topics (focusing on agricultural computer vision applica-
tions such as crop monitoring, disease recognition, etc.) [24, 25]. Although traditional
visible light imaging can directly reflect the phenotypic characteristics of crops, a large
part of their actual scenes are still affected by wind disturbances and rainy weather,
resulting in reduced recognition accuracy [26–28].

The main contributions of this paper can be summarised as follows:

• Proposing a YOLOv11 CUDA-based parallel ghosting suppression framework
integrated with dynamic fuzzy robust convolution (DFRC), this study achieves end-
to-end joint optimization for wheat disease and pest images under wind-induced
disturbances, addressing the computational redundancy in traditional serial pro-
cessing pipelines (deblurring + detection) and significantly enhancing real-time
performance.

• Achieving 86.4% mAP@0.5 (surpassing the baseline by 26.1%) and 47 FPS real-
time performance on the self-built dynamic blur dataset, this work validates the
lightweight edge deployment feasibility of the framework. Experimental results
demonstrate that mAP degradation remains below 8% in complex environments
(rain/fog), outperforming traditional models, thereby providing reusable lightweight
edge detection optimization solutions for agricultural intelligent equipment [29].

2 Related Work

In the field of agricultural image processing, current mainstream solutions can be
categorised into three technical routes.

• Limitations of static image recognition methods. Methods based on static image
recognition (see, e.g., Sun et al. study [29]) perform well in controlled environments
but cannot adapt to dynamic blurring caused by equipment vibration or rapid target
displacement in field environments. Existing publicly available datasets lack specific
annotation of targets in the jitter region, or overemphasize background motion in
training due to excessive background jitter, resulting in missed detections. In this
study, the dynamic fuzzy robust convolution (DFRC) method is proposed to dynam-
ically adjust the transparency of fuzzy features through average pooling and 1 × 1
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convolution gating mechanism to achieve adaptive feature extraction. In addition,
the WheatBlur-3K dataset is constructed for agricultural scenarios to supplement
the in-boundary and global fuzzy data. The model is trained in pairs to enhance
its ability to recognize non-background target blur. The switchable diffusion con-
volution module dynamically adjusts the transparency of blur features through
average pooling and 1 × 1 convolution gating mechanism to achieve adaptive feature
extraction.

• Bottleneck of multimodal fusion methods. Based on the multimodal fusion methods
show significant advantages, as studied by Rai et [1] and Yu et [3, 30], especially
in complex scenes where information can be complementary. However, hardware
synchronization issues and computational cost limitations lead to difficulties in prac-
tical deployment to meet real-time demands. Although this study does not directly
deal with the multimodal fusion problem, it indirectly reduces the dependence of
on the multimodal approach by optimizing the unimodal dynamic fuzzy features,
thus alleviating the hardware synchronization pressure.

• Real-time limitations of end-to-end digital restoration techniques. Although end-
to-end digital restoration technology research can achieve deblurring, such as Kou
et al.[31], Ho et al.[32] research has achieved deblurring capability, the processing
latency of about 300 ms hinders real-time monitoring and control deployment. In
addition, these studies treat jitter as noise to be eliminated rather than learnable
information, e.g., Tanwar et al. achieved only 30.8 frames per second on the Jetson
AgXXavier platform, while the RTX2080ti with the ResNet-101 model could reach
172.7 frames per second. The CUDA-based nonlinear interpolation rotation tech-
nique proposed in this study significantly optimizes the inference latency and enables
the traditional convolutional kernel dynamic fuzzy feature extraction method to
achieve real-time processing on resource-constrained edge devices by improving the
computational efficiency.

Despite progress in image blur recognition research, as mentioned earlier, there are
still many urgent challenges in dealing with complex and dynamic agricultural envi-
ronments and equipment. Compared with the traditional framework that treats blur as
noise, this study innovatively redefines device-induced blur as a learnable prior. This
paradigm shift directly reduces the manual post-processing costs associated with on-
site data acquisition in agricultural images captured by drones and other devices, which
stem from blur correction. By integrating domain-specific dataset planning, adaptive
convolutional design, and hardware-aware acceleration technologies, our framework
can process 48 FPS video streams in real time on edge computing devices. This pro-
vides an innovative solution for the intelligent monitoring of lightweight diseases in
precision agriculture.
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3 Proposed Method

3.1 Research on fuzzy feature recognition under Wind

disturbance background

3.1.1 Multi-scale object detection and wind speed localization

error: relationship analysis

In the cross research field of computer vision and intelligent agriculture in 2025, the
feature pyramid network (FPN) and its derived architecture have become the core
paradigm of multi-scale target detection. For example, the classic FPN (Lin et al.,
CVPR 2017) [33] integrates the features of different levels of the backbone network
through a one-way top-down path (such as P3 64 × 64 high-resolution details and
P5 16 × 16 deep semantics), which solves the scale problem of traditional detectors
(such as SSD), High wind speeds can lead to increased positioning errors in experimen-
tal data, posing greater challenges to outdoor monitoring. Researchers have identified
wind-induced camera vibrations, along with issues such as small targets and blurring,
as major difficulties. Some scholars have confirmed through observations that a wind
speed of 60 m/s causes an image shift of approximately 20 pixels [34], which provides a
reference for the relationship between wind speed and pixel displacement. This implies
that a wind speed of 5 m/s can also result in non-negligible pixel-level displacement.
In some target tracking or simulation studies, researchers simulate detector imper-
fections by adding artificial noise (such as an additional variance of 4 pixels) to the
coordinates of real bounding boxes [35], indicating that pixel-level positioning errors
are a factor considered by the industry when evaluating system robustness. However, it
faces the limitations of feature dislocation (with increased positioning error at a wind
speed of 5 m/s) and computational redundancy in dynamic fuzzy scenes. Its improved
gpa-net based on graph attention structure is used to effectively improve the accu-
racy of fine-grained disease and pest identification in intelligent agriculture[36]. Some
scholars also introduced two-way weighted cross-scale connection and optimized the
information flow through learnable feature weights such as fastnormalizedfusion[37].
YOLO ft showed a significant reduction in model complexity, with 13.4% reduction in
parameters and 17.8% reduction in flops. It is a valuable theoretical reference for the
development of intelligent agriculture. The difference in agricultural adaptability of
the above architecture is that FPN is more suitable for static greenhouse environment,
while bifpn relies on cross layer feature reuse mechanism.

3.1.2 Dynamic fuzzy robust convolutional pyramid

The dynamic fuzzy robust convolutional pyramid (DFRCP) proposed in this section
and the traditional FPN adopt a single branch to construct DFRCP in the feature
fusion stage, which can avoid the back propagation gradient interference and small tar-
get feature dilution caused by embedding the FPN trunk. Upper and middle features
(C2PSA/C3K2) are selected for fuzzy feature enhancement. In order to improve the
robustness of the model in the dynamic agricultural scene, it is necessary to optimise
its adaptability to large or medium amplitude jitter (10 ˜ 20 pixels), while retaining
the small target feature extraction. Dynamic fuzzy robust feature fusion before the
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Fig. 1 Overall design drawing.

detection header can avoid semantic pollution between levels. The higher the scale
parameter value mentioned in reference[38], the more blurred the generated image is.
According to this theory, the scale represents the level of detail of the image. In other
words, blurred images lose detail. However, the structural features of the image are
outstanding. It can be calculated as follows:

gσ(x, y) =
1

2πσ2
e−(x2+y2)/2σ2

. (1)

fσ
(

x, y
)

= gσ(x, y) ∗ f
(

x, y
)

. (2)

The formula (1) σ represents the scale parameter. The formula (2) represents the
Gaussian filtering process, which is the convolution of the input image fσ

(

x, y
)

and
the Gaussian kernel gσ(x, y). According to the core of scale space theory: the scale σ of
the Gaussian kernel determines the scale of the feature map. The larger σ, the wider
the Gaussian kernel, and the larger the scale of the feature map. The filtered image
becomes more blurred. This study proposed that the DFRC convolution operation
based on the deep feature C2PSA of the FPN network can effectively enhance the
model’s ability to recognise large-jitter images. Further fusion of the deep feature
C3K2 can make the model have the ability to recognise and detect moderate jitter
targets. See Figure 1 for details of the internal realization of the feature pyramid for
dynamic fuzzy robustness.

The DFCP network architecture achieves accurate detection through multi-module
collaboration and hierarchical feature processing: based on the CBS module to con-
struct the feature extraction unit, the C3K2 and SPPF modules enhance the capture of
deep semantic information, while the C2PSA module improves feature discrimination
capability under the self-attention mechanism. At the same time, upsampling and skip
connections are used to achieve cross-scale feature alignment, and the DFRC module
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further optimises the channel fusion efficiency. Ultimately, a multibranch output layer
composed of CBS, DSC, and Conv2d combinations completes target localisation and
classification. The overall design balances feature extraction depth with multiscale
fusion accuracy, and considers that adding DFCP branches does not affect the original
YOLOv11 features, thereby enhancing robust detection performance under dynamic
blur and providing strong architectural support.

3.1.3 Dynamic robust switch

The dynamic robust switch (DRS) is an adaptive decision switch in the environment.
This mechanism uses a dual channel adjustable transparency fusion strategy by mon-
itoring the local mean of the feature map in real time. When a high fuzzy region
is detected, the fusion weight of the convolution feature (α ∈ [0.6, 0.8]) is automati-
cally increased, while in the low fuzzy region the details of the original FPN feature
(α ∈ [0.2, 0.4]) are preferentially retained, so as to avoid the problem of feature conflict
caused by traditional fixed weight fusion. The following is an example of the mathe-
matical expression used to adjust the transparency module. As shown in the figure,
the input data is an image tensor, and the output P obtained through the convolution
operation is used to control the transparency : The result P ∈ R

H×W×1 obtained after
the convolution operation P = Conv2d (1 × 1) (here the convolution outputs a single
channel, used to represent the transparency weight, with its value range normalised
to [0,1]). A tensor of the same size as the input image (assumed to be T ∈ R

H×W×C)
is obtained after a series of pre-processing steps, including Global Avg pooling.

Transparency adjustment can be achieved by weighted fusion, if the output image
O ∈ R

H×W×C after transparency adjustment is set, there are : O = P⊙T+(1−P )⊙I
where: ⊙ represents element-by-element multiplication (Hadamard product). P ⊙ T
means to apply the weight P obtained by convolution to the tensor T, (1 − P ) ⊙ I
means applying the complementary weight to P to the original input image I and
finally adding the two parts to obtain the result after adjusting the transparency. In
this way, the value of P determines the fusion ratio of T and I. when P=0%, the output
O is equal to the original input image I. when P=100%, the output O is equal to the
tensor T. By dynamically generating P through the convolution operation, the effect of
transparency fusion can be adaptively adjusted according to the characteristics of the
input image,and the internal implementation details of the unit are shown in Figure 2.

Use pytorch to implement convolution operation sample code with transparency
and reverse gradient derivation adjustment. This example code mainly includes global
average pooling and convolution operations to generate the transparency coefficient
P, and then adjust the transparency with the switching tensor and determine the final
feature fusion.If we take PyTorch as an example code 1 is implemented as follows:

With the learnable local mean of the feature map and a two-channel adjustable
transparency fusion strategy, the fusion weight of DFRC features is automatically
increased when high ambiguity regions are detected; while in low ambiguity regions,
the details of the original FPN features are preferentially preserved, and this method
avoids the feature conflict problem caused by the traditional fixed-weight fusion.
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By dynamically generating the transparency weight matrix P, an adaptive trans-
parency adjustment is achieved, effectively enhancing the robustness and adaptability
of parallel ghosting processing for wheat pests and diseases.

3.2 CUDA-4D: Fuzzy Tensor Rotation

3.2.1 CUDA technology and its application in smart agriculture

In recent years, graphics cards have been widely used in various fields of artificial
intelligence. They have parallel computing units with GPU, which are more suitable
for processing less computing logic and a large number of parallel computing tasks,
while CPU is more suitable for multi-task process computing. It has rich logic control
units and is better at [39, 40] for complex logic control. In CUDA Programming, data
transmission between CPU and GPU will also take a lot of time temporarily. The
way to deal with the data transmission time and the calculation time of the kernel
function is the key to improving the acceleration performance. Shared memory is used
inside the computing unit to improve the performance of the unit. CUDA is a general
parallel computing architecture launched by NVIDIA. Its core idea is to decompose
computing tasks into parallel threads, and realise efficient computing through hierar-
chical thread Organisation (thread thread block grid) and diversified memory systems
(global memory, shared memory, etc.) [41]. The CUDA-accelerated YOLO model has
made progress in the field of agriculture by optimising memory access and the parallel
computing strategy, the YOLOv5-based disease detection system can achieve real-
time performance of 45 FPS on edge devices [42]. In terms of precision agriculture,
CUDA not only accelerated multispectral image processing [43], but also significantly
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Algorithm 1 Transparency adjustment module with gradient-controlled fusion

Require: 0.0 ≤ new transparency ≤ 1.0 (for setting); adjustment factor ∈ R (for
adjustment)

Ensure: transparency ∈ [0.0, 1.0]
▷ Initialize transparency value

1: transparency ⇐ 0.5 ▷ Default initial value

2: function SetTransparency(new transparency)
3: if new transparency < 0.0 ∨ new transparency > 1.0 then

4: raise ValueError: ”Transparency must be between 0.0 and 1.0.”
5: else

6: transparency ⇐ new transparency
7: end if

8: end function

9: function AdjustTransparency(adjustment factor)
▷ Compute intermediate transparency after adjustment

10: temp transparency ⇐ transparency + adjustment factor
▷ Clamp result within valid range [0.0, 1.0]

11: if temp transparency < 0.0 then

12: transparency ⇐ 0.0
13: else if temp transparency > 1.0 then

14: transparency ⇐ 1.0
15: else

16: transparency ⇐ temp transparency
17: end if

18: end function

improved the visual navigation ability of agricultural robots. It is particularly note-
worthy that the combination of the lightweight YOLO model and the UAV platform
provides an innovative solution for large-scale Farmland Monitoring [44].

CUDA implements the parallel design of four-dimensional tensors. Through the
four-dimensional threaded grid architecture, traditional parallel computing which
deals only with two-dimensional space (H × W) is extended to four-dimensional com-
puting (B × C × H × W).The design uses (gridx, gridy, gridz). The four-dimensional
grid structure achieves full-dimensional parallelism through the dual mapping mech-
anism of blockidx.z/channels.This design not only ensures the continuity of memory
access (in line with the combined access requirements of N × C × H × W format [45].

Traditional 2D parallelisation operates on spatial dimensions (H × W) .Extended
design handles 4D tensors (B × C × H ×W) where: B: batch size,C: channel depth, H :
height dimension, W: width dimension. Each thread maps to tensor elements through:







b = blockIdx.x× blockDim.x+ threadIdx.x
c = blockIdx.y × blockDim.y + threadIdx.y
h = blockIdx.z + blockDim.z + threadIdx.z

(3)
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This design achieves O
(

n3
)

parallelism for 4D operations while maintaining mem-
ory access efficiency through proper dimensionality mapping. The 4D grid structure
enables the natural decomposition of convolutional neural network operations where
gridz is typically mapped to channel dimensions.

This research realises load balancing through dynamic resource allocation (such as
automatically selecting the optimal thread block size) . In the aspect of memory access
optimisation, the precomputed offset and shared memory cache technology are used
to significantly improve the memory access efficiency. At the same time, the device
boundary check function and register are used for optimisation. The performance test
shows that on NVIDIA RTX6000,the memory bandwidth utilisation rate is as high
as 92%, which is more than three times higher than the traditional two-dimensional
parallel implementation (65% bandwidth utilization). The four-dimensional threaded
grid design has been successfully applied in the fields of multi-slice analysis of med-
ical images and real-time fusion of multiple autonomous driving cameras [46]. By
compressing multiple kernel calls into a single call, it effectively reduces the kernel
startup overhead and data transmission delay, and provides an efficient general parallel
solution for high-dimensional tensor computing.

3.2.2 CUDA-based nonlinear interpolation rotation

Mathematically, the image blurring function outputs the final pixel value of the image
by summing the weighted pixel blocks around each pixel in the input image. This
section employs CUDA-based nonlinear interpolation rotation method (see Figure 1
GPU rotation diagram). Figure 3 shows an example of image blur using 3 × 3 pixel
blocks. CUDA accelerates computation by assigning image pixels to threads for parallel
processing. In rotation operations, pixels in different areas (such as corners, edges, and
interiors) may involve different boundary conditions or neighbourhood access patterns
during computation, which may require targeted optimisation. In the figure below,
a, b, and c correspond to three typical regions of the image. The analysis, combined
with CUDA thread blocks (illustrated as 3 × 3 thread blocks) and dedicated kernel
function design, is as follows:

• Figure 3 legend a: The ”sharp corners” of the image. The four corner areas formed
after image rotation (such as the top left corner, top right corner, etc.) are the
”vertex” regions of the rotated image. Corner pixels may correspond to extreme
edge positions in the original image before rotation, and coordinate calculations
can easily exceed the boundaries of the original image, requiring special handling
(such as boundary padding, cropping, or interpolation). The number of pixels in
the corner areas is small, but neighbourhood information may be incomplete (for
example, there may be no corresponding pixels in the original image), necessitating
separate handling of boundary conditions. The neighbourhood dependency of corner
area pixels is low, and simple nearest-neighbour interpolation or zero padding can
be used to reduce the computational cost of bilinear interpolation.

• Figure 3 legend b: ”Edge area” of the image. The pixel area of the four edges
(excluding corners) of the image after rotation, located between the corners and
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Fig. 3 Processing rotaion conditions of pixels close to image edge.

the interior. Edge pixels may correspond to boundary rows or columns in the orig-
inal image, and some neighbouring pixels may extend beyond the original image’s
boundaries (such as the top edge pixels of the rotated image, where there may be
no upper pixels in the original image). The boundary is directionally filled accord-
ing to the direction of the edge (e.g., only filling upper pixels for the top edge, only
filling right-side pixels for the right edge) to avoid redundant calculations. Edge pix-
els may require bilinear interpolation to ensure smoothness, but the interpolation
direction can be simplified according to the edge direction (e.g., horizontal edges
only need vertical interpolation).

• Figure 3 legend c: ”Inner region” of the image. After rotation, the middle region of
the image, excluding corners and edges, contains the most pixels. The neighbour-
hood data of pixels in the inner region are complete, making it suitable for complex
interpolation (such as bilinear or bicubic interpolation), and the memory access pat-
tern is regular (row and column continuous), with a high data reuse rate. This is
processed in parallel by a large number of 3 × 3 thread blocks, with each thread
block corresponding one-to-one with an image block (for example, each 3 × 3 thread
block processes a 3 × 3 pixel block in the original image, which is then mapped
to the inner region of the target image after rotation). High-precision interpolation
(such as bilinear or bicubic) can be applied to the inner pixels, utilising the com-
plete neighbourhood data in shared memory for parallel computation, enhancing
the image quality.

The following code 2 addresses the handling of boundary overflow caused by CUDA
thread grids that do not necessarily cover the entire image. This ensures that images
of any size can be completely covered (without missing the right or bottom boundary).
Portions exceeding the access boundary are explicitly filtered, preventing the CUDA
kernel function from crashing or producing erroneous results due to out-of-bound read
or write operations. This approach is versatile in its handling.

In the above code, the linearization indexes curRow and curCol are used to access
the input pixel values acquired in the current iteration, accumulate the pixel values
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Algorithm 2 Safe neighborhood averaging in CUDA with edge handling

Require: Input image in[w × h], blur radius BLUR SIZE
Ensure: Output image out[w × h] with averaged pixels
1: Initialize thread coordinates:
2: col ⇐ blockIdx.x× blockDim.x+ threadIdx.x
3: row ⇐ blockIdx.y × blockDim.y + threadIdx.y
4: if col < w ∧ row < h then ▷ Boundary check
5: pixV al ⇐ 0 ▷ Accumulator
6: pixels ⇐ 0 ▷ Valid pixel counter
7: for blurRow ⇐ −BLUR SIZE to BLUR SIZE do ▷ Neighborhood scan
8: for blurCol ⇐ −BLUR SIZE to BLUR SIZE do

9: curRow ⇐ row + blurRow
10: curCol ⇐ col + blurCol
11: if 0 ≤ curRow < h ∧ 0 ≤ curCol < w then ▷ Edge handling
12: pixV al ⇐ pixV al + in[curRow × w + curCol]
13: pixels ⇐ pixels+ 1
14: end if

15: end for

16: end for

17: out[row × w + col] ⇐ ⌊pixV al/pixels⌋ ▷ Normalization
18: end if

into the accumulation variable pixval, add the new pixel values to the running total
by incrementing the pixels variable, and after processing all the pixels in the block,
calculate the average pixel value in the block by dividing the pixval value by the pixel
value and write the result to the Output pixels containing a conditional statement to
prevent out-of-bounds access. As shown in Figure 3, when calculating output pixels
near the edge of the image, the pixel block may exceed the valid range of the input
image. In this case, the row and column values of the output pixel are 0 and 0,
respectively. During the execution of the nested loops, it is observed that for five pixels
outside the image, at least one value is less than 0. The conditions in the if statement,
currow < 0 and curcol < 0, are responsible for catching these values. Therefore, only
the values of 4 valid pixels are added to the running sum variable, and the value of
the pixels is correctly incremented only 4 times to accurately compute the average.
Most threads will find all pixels in their assigned 3 × 3 × 3 pixel block. They will
accumulate all 9 pixels. However, for the four corner pixels, the responsible thread will
accumulate only 4 pixels.

3.3 Our key contribution

The proposal of an ”end-to-end” CUDA parallel deblurring strategy for wind-induced
blur aims to address the problem of blur errors caused by wind disturbances in agricul-
tural images. By integrating dynamic blur-robust convolution, the YOLOv11-DFRC
model’s real-time recognition in blurred scenarios is enhanced, providing the possibility
for real-time detection on terminal devices, as detailed below:

13



• A single-core dual-channel CUDA pipeline scheme integrating boundary-safe mean
filtering with dynamic fuzzy robust convolution (DFRC) is proposed. The wind-
disturbed stripes are quickly eliminated by boundary-safe mean filtering, and the
edge pixel computation is strictly limited to improve the robustness; dynamic
weighting is used to realize the adaptive fusion of the filtering results with the
original image to form a closed-loop optimization.

• Real-time metrics: In terms of latency, for a 640 × 680 input, the delay in the DFRC
unit is 6.4 ms. In terms of energy efficiency, compared to the traditional Gaussian
pyramid deblurring scheme of the CPU, the FPS is improved by 5.8×, and energy
consumption per frame is reduced by 62%.

4 Experiments and Analysis

4.1 Experimental environment and dataset

These data sets are collected mainly in the Changji region of Xinjiang, which is influ-
enced by continental climate and terrain, and seasonal changes also have a significant
impact on wind. Therefore, the wind also has a significant impact on the collection
and identification of wheat pests and diseases, which can easily cause ghosting and
blurring. Tags are used to label over 3900 images. The experimental environment uses
a 4-card Quadro RTX 6000, and the data set is divided into training, testing, and
validation components in a ratio of 7: 2: 1. The input images are compressed to 640
× 640, and the training epochs = 500, batch = 64, workers = 10, optimiser = SGD,
patience = 30.

In order to evaluate the effect of the DFRC unit on YOLOv11 in fuzzy scenes
and non-fuzzy scenes, the following ablation experiments were performed to compare
them, as shown in Table 1:

Table 1 presents a comparative experiment for the proposed YOLOv11-DFRC
framework in wheat pest and disease detection, focusing on evaluating the impact
of DFRC and fuzzy data augmentation. Key findings are summarized as follows:
First,general Impact of Fuzzy Datasets on Model Performance. As shown in the table,
all models exhibit varying degrees of improvement in mAP50 on the fuzzy dataset
(marked ✓). For example: EfficientDet achieves mAP50 of 24.2% on the clear dataset
(×) and improves to 33.8% on the fuzzy dataset, but FPS drops from 23 to 22. SSD
achieved mAP50 of 55.9% on the clear dataset, surged to 77.2% on the fuzzy dataset,
but FPS decreased from 59 to 50. This indicates that fuzzy features contain more
target detail information (e.g., blurred edges of pest/disease contours), but the com-
putational complexity of feature extraction also increases, leading to reduced inference
speed.Secend, differences in Blur Robustness Across Detection Frameworks Single-
stage detectors: SSD and YOLOv11-DFRC demonstrate outstanding performance in
blurred scenarios. SSD achieved a 21.3% mAP50 improvement, while YOLOv11-DFRC
reached an mAP50 of 86.4% on the blurred dataset with FPS maintained at 45.
This demonstrates the efficiency advantage of single-stage models in handling blurred
features through their “end-to-end” detection approach. Two-stage detectors: The R-
CNN series showed limited mAP50 improvement on blurred datasets (e.g., R-CNN
increased from 57.1% to 66.4%, a 9.3% gain), with negligible FPS gains (R-CNN rose
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Table 1 Performance comparison analysis of different models.

Experiment DFRC Unit Fuzzy Data FPS mAP50

EfficientDet[47, 48] × 23 24.2%
EfficientDet[49, 50] ✓ 22 33.8%

RetinaNet[51] × 18 20.5%
RetinaNet[52] ✓ 15 39.1%

SSD[53] × 59 55.9%
SSD[54] ✓ 50 77.2%

SPP-net[55, 56] × 20 42.4%
SPP-net[57] ✓ 24 63.1%
R-CNN[58] × 11.4 57.1%
R-CNN[59] ✓ 15.5 66.4%

Fast RCNN[60] × 20 51.3%
Fast RCNN[61] ✓ 23 70.0%

Faster R-CNN[62] × 21 54.1%
Faster R-CNN[63] ✓ 25 73.2%

YOLOv8[64] × 37 68.7%
YOLOv8[65] ✓ 32 53.3%

YOLOv11 (baseline) × × 34 71.2%
YOLOv11-DFRC ✓ × 45 79.4%
YOLOv11-DFRC ✓ ✓ 45 86.4%
YOLOv11 (baseline) × Rainy weather 45 58.4%
YOLOv11-DFRC ✓ Rainy weather 46 79.5%

from 11.4 to 15.5). This indicates that the two-stage “candidate region followed by
classification/regression” workflow is less efficient at utilizing blurred features. Anchor-
Free Models: EfficientDet and RetinaNet exhibit the lowest absolute mAP50 values,
failing to exceed 40% even on blurry datasets. This reflects anchor-free frameworks’
inadequate localization capabilities for small and blurry targets, demonstrating poor
adaptability in scenarios like agricultural pest detection where objects are “small and
marginally blurred.” Third, performance Advantages of YOLOv11-DFRC Using the
YOLOv11 baseline model as a reference, we analyze the improvements achieved by
YOLOv11-DFRC: On clear datasets: YOLOv11-DFRC increases mAP50 from 71.2%
to 79.4% and FPS from 34 to 45, demonstrating that the DFRC unit enhances fea-
ture expression and improves inference efficiency even in clear scenarios. Blurred
Datasets: mAP50 surged to 86.4%, a 30.5% improvement over the baseline, demon-
strating the DFRC unit’s strong robustness against motion blur. Rainy blur scenarios:
YOLOv11-DFRC achieves mAP50 of 79.5%, significantly surpassing the baseline’s
58.4%, while maintaining 46 FPS, demonstrating its generalization capability across
diverse blur environments. Thus,in the dynamic blur detection scenario for wheat
pests and diseases in agriculture, YOLOv11-DFRC outperformed other mainstream
detection models in detection accuracy (mAP50), real-time performance (FPS) and
environmental generalization, leveraging the feature enhancement capabilities of the
DFRC unit. In contrast, two-stage models and anchor-free models showed weaker per-
formance in blurred scenarios and are better suited for object detection tasks in clear
environments.
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Table 2 Detection results comparison of different models.

YOLOv11 (Baseline) YOLOv11-DFRC

Class P R mAP50 Class P R mAP50

all 0.762 0.816 0.555 all 0.807 0.859 0.862
Bact. Leaf Blight 0.873 0.898 0.643 Bact. Leaf Blight 0.701 0.721 0.794
Brown Spot 0.692 0.773 0.429 Brown Spot 0.719 0.738 0.783
Healthy Leaf 0.560 0.617 0.440 Healthy Leaf 0.738 0.542 0.724
Leaf Blast 0.760 0.765 0.488 Leaf Blast 0.693 0.783 0.764
Leaf Scald 0.792 0.871 0.618 Leaf Scald 0.725 0.789 0.790
Narrow Brown

Leaf Spot 0.730 0.784 0.535
Narrow Brown

Leaf Spot 0.714 0.759 0.765
Neck Blast 0.850 0.921 0.664 Neck Blast 0.811 0.875 0.741
Rice Hispa 0.840 0.895 0.627 Rice Hispa 0.853 0.868 0.737

Table 2 presents a comparative evaluation of the baseline YOLOv11 and the pro-
posed YOLOv11-DFRC model on rice leaf disease detection under challenging (e.g.,
blurred) conditions. The baseline model achieves strong performance on distinct lesion
types such as BacterialLeafBlight (mAP50 = 0.643), NeckBlast (0.664), and RiceHispa
(0.627), indicating its effectiveness in recognizing diseases with clear visual signatures.
However, it struggles with subtle or low-contrast pathologies—particularly BrownSpot
(mAP50 = 0.429) and HealthyLeaf (0.440)—suggesting limitations in fine-grained fea-
ture discrimination. In contrast, YOLOv11-DFRC demonstrates substantial overall
improvement, with the ”all” category mAP50 rising from 0.555 to 0.862, alongside
gains in both precision (0.762 → 0.807) and recall (0.816 → 0.859). Notably, pre-
viously weak categories show marked enhancement: BrownSpot mAP50 increases by
+0.354 (to 0.783), and HealthyLeaf mAP50 improves to 0.724, despite a slight drop
in recall (0.617 → 0.542), possibly due to stricter classification thresholds. The model
also maintains high accuracy on severe diseases, with RiceHispa achieving P = 0.853
and R = 0.868. Nevertheless, trade-offs exist: BacterialLeafBlight exhibits reduced
precision (0.873 → 0.701), suggesting potential over-segmentation or confusion with
similar lesions. Additionally, while HealthyLeaf mAP50 improves significantly, its lower
recall indicates occasional misclassification of healthy tissue as diseased. These find-
ings imply that the DFRC module enhances robustness to blur and subtle textures
but may require further calibration for high-precision tasks involving visually overlap-
ping classes. Future work should focus on adaptive thresholding and boundary-aware
loss functions to better balance sensitivity and specificity across diverse symptom
severities.

As shown in Table 3, we conduct a systematic evaluation of the proposed
YOLOv11-DFRC framework under both clear and blurred imaging conditions, with
comparisons to the baseline and alternative enhancements such as the Dynamic
Re-weighting Strategy (DRS). First, the DFRC module demonstrates exceptional
robustness in handling visual degradation. On the fuzzy dataset, YOLOv11-DFRC
achieves an mAP50 of 86.4%, representing a substantial +26.1 percentage-point
improvement over the baseline (62.8%). Even on clear images, it consistently out-
performs the baseline (79.4% vs. 71.2%), confirming that DFRC enhances feature
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Table 3 Performance comparison of YOLOv11 variants with DFRC module improvements

Model Fuzzy Data
Performance

Training Time
mAP50 (%) FPS (frame/s)

YOLOv11 (baseline) × 71.2 34 1.2 h

YOLOv11 (baseline) ✓ 62.8 36 1.2 h

YOLOv11-DFRC × 79.4 30 1.6 h

YOLOv11-DFRC ✓ 86.4 30 1.6 h

YOLOv11-DFRC + CUDA × 79.4 38 1.3 h

YOLOv11-DFRC + CUDA ✓ 86.4 38 1.3 h

YOLOv11 + DRS × 84.8 31 1.6 h

YOLOv11 + DRS ✓ 86.1 31 1.6 h

YOLOv11 + DRS + CUDA × 84.8 32 1.3 h

DFRC module processing latency (per image):

CPU implementation 688.45 ms

GPU acceleration 17.94 ms

Note: Bold values indicate optimal results in each category. DRS denotes Dynamic Resolution Scaling.

representation beyond blur-specific adaptation. This gain comes at a modest com-
putational cost: inference speed drops from 34 FPS to 30 FPS, reflecting the added
complexity of dynamic feature recalibration. Second, CUDA acceleration effectively
mitigates this overhead. With GPU parallelization, YOLOv11-DFRC + CUDA recov-
ers inference speed to 38 FPS—surpassing even the original baseline—while reducing
training time from 1.6 hours to 1.3 hours. The per-unit latency of the DFRC compo-
nent is drastically reduced from 688.45 ms (CPU) to 17.94 ms (GPU), highlighting
its suitability for real-time deployment on edge devices equipped with GPU support.
Third, the DRS module offers a complementary approach: YOLOv11 + DRS attains
84.8% mAP50 on clear data and 86.1% under blur, with only a slight speed penalty (31
FPS). While slightly less accurate than YOLOv11-DFRC in blurred scenes (86.1% vs.
86.4%), DRS achieves higher performance on clean data and maintains lower computa-
tional demand. When combined with CUDA, its efficiency further improves (32 FPS,
1.3 h training), making it a viable lightweight alternative. In summary, YOLOv11-
DFRC establishes a new state of the art for blur-robust agricultural disease detection,
with DFRC serving as the core mechanism for discriminative feature learning under
degradation, CUDA enabling practical efficiency, and DRS providing a competitive
trade-off for resource-constrained settings. The synergy of architectural innovation
and hardware-aware optimization ensures both high accuracy and deployability in
real-world farming environments.

Next, we analyse the effect of DFRC through visualisation, with the visual results
shown in Figure 4. It is evident that the model’s attention range on blurred images
is greater than the diffusion range of the attention area in nonblurred images, which
proves that constructing DFRC at different feature levels is beneficial for global jitter
learning. Furthermore, the FPN fusion of different levels of features can compensate
for the neglected features.
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Table 4 Visual Comparison of Heatmaps under Various

Environmental Conditions.

Scene Visualization Results

Condition Input YOLOv11 YOLOv11-

DFRC

Original

Blur (5× 5)

Blur (25× 25)

Cloudy

Cloudy + Blur (5× 5)

Cloudy + Blur (25× 25)

Raindrop Obscuration

By visualising thermal imaging, it is possible to intuitively understand the focus
level of the YOLOv11-DFRC model in each area, indicating that the YOLOv11-DFRC
model has a wider perception range for blurred targets. It shows excellent robustness
and perceptual breadth in target detection tasks in complex agricultural environments.
The visualised thermal maps clearly reveal that when dealing with blurred inputs,
the model’s attention is not only focused on the main body of the target but also
effectively extends to its contextual areas, showing that DFRC enhances the model’s
spatial inference capability for blurred targets. Especially under real interferences such
as motion blur and lens occlusion (such as raindrop coverage) , the model can still
maintain high positioning sensitivity, while rainy and sunny weather has little impact
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on blurred recognition, verifying its adaptability under dynamic nonideal imaging con-
ditions. The paired training strategy further strengthens the alignment of features
between clear and blurred images, allowing the network to learn more invariant repre-
sentations. Two methods of generating blurred data, global jitter blur and annotation
box-based transparent fusion, systematically simulate dual interferences of equipment
vibration and crop swinging, enhancing the model’s generalisation performance in the
ever-changing field environment. The role of the FPN structure in multiscale feature
fusion is particularly critical as it effectively integrates low-level details and high-
level semantic information, compensating for the loss of local features caused by blur,
thereby achieving more complete target perception. This framework provides a feasi-
ble technical path for the stable operation of agricultural vision systems in situations
of adverse weather or high-speed movement.

Table 5 Extended comparison of jitter data production

Jitter Characteristics

Method Type Simulation Basis Application Scope

Uniform jitter blur Blur kernels Image processing pipelines
Bounding box jitter Bounding box perturbation Object detection systems

Note: Comparative analysis of computer vision data augmentation techniques.

During the training process, paired training was adopted. In terms of dataset cre-
ation, two methods were used: 1. Uniform jitter blur was applied to blur the entire
image to accommodate the jittering scenes of the shooting equipment. 2. Each tar-
get box labeled by labelimg was integrated through transparency to simulate motion
blur caused by wind disturbances. The positions of the background area are preserved
as much as possible. As shown in Table 5, global controllable blur is used to simu-
late equipment vibration, enhancing the model’s tolerance to noise from the shooting
hardware. Local dynamic blur overlay preserves the background, enhancing the abil-
ity to extract features of natural movements such as wind disturbances, suitable for
agricultural monitoring (crop wind disturbance) scenarios.

As shown in Table 6, the dataset construction method adopts jitter blur and jitter
blur within the bounding box datasets for paired training, which can simulate scenar-
ios of displacement recognition caused by wind-induced disturbances to the camera or
target, thereby enhancing the model’s ability to recognise wind interference. By con-
structing the above two types of jitter blur datasets and conducting paired training,
the model’s adaptability and recognition robustness in wind interference scenarios can
be significantly improved. The specific advantages are as follows:

• Global uniform jitter blur (as shown in the first set of example images in the table)
accurately simulates the blur effect caused by the overall shaking of the camera due
to wind (such as drones or fixed monitoring equipment being displaced by wind) by
applying a uniform jitter blur to the entire image. This results in all areas of the
image (including both the background and the target) experiencing the blur effect
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Table 6 Two Types of Jitter Datasets with Visual Examples.

Blur Type Fuzzy process Description

Type (1):
Uniform jitter blur

• Uniform shaking blur is
used to blur the entire
image to adapt to the
shaking scene of the
shooting equipment.

Type (2):
Non-uniform jitter distri-
butions

• By integrating the
bounding boxes
through transparency,
the model can pay
more attention to the
target jitter in non-
background areas.

simultaneously. This ensures that the model can adapt to the global blur interference
caused by the device’s own jitter.

• The non-uniform jitter blur within the bounding box (as shown in the second set of
example images in the table) focuses on the motion of the target itself: by applying
local jitter blur within the bounding box (target area), such as non-uniform blur
in the leaf area, combined with transparency adjustment and sub-regional display
(multi-subgraph comparison on the right side), it simulates the scene of the target
(such as plant leaves or dynamic objects) swaying independently relative to the
background under wind disturbance. This more closely aligns with the physical
process of ”wind-induced local displacement of the target,” avoiding the interference
of background blur on the target features.

By combining bounding boxes with a jittering blur process, the model can clearly
distinguish between background and target areas during training, focusing attention
on the non-background areas within the bounding box (such as diseased parts of
leaves). This ”target-oriented” blur strategy avoids feature dilution caused by global
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blur, allowing the model to prioritize learning subtle features of target jitter (such as
displacement direction and magnitude) rather than background noise. Paired train-
ing (contrasting globally blurred and locally blurred samples) further enhances the
model’s ability to distinguish between ”device jitter” and ”target jitter,” improving
adaptability to complex wind field scenarios.

5 Conclusion

This study proposes a Dynamic Robust (DRFC) unit. This method transforms ghost-
ing noise caused by camera and target jitter due to wind interference into a learnable
feature. Through DRFC and a dynamic feature transparency mechanism, it achieves
adaptive weighting and active perception fusion of jitter features, significantly reduc-
ing the workload of manual data cleaning in the early stages. A CUDA-based nonlinear
interpolation rotation is designed, shifting fuzzy offset feature computation from CPU
to GPU, and achieving a 38.4-fold efficiency improvement. Including DFRC into the
model improved the accuracy of jitter perception by approximately 10%. Experiments
combining wind-induced jitter and raindrop-occluded lens observations demonstrate
that DFRC units effectively resist jitter and raindrop interference, providing a plug-
and-play blur processing module for dynamic agricultural vision tasks. Future research
will explore feasible approaches for deploying anti-blur recognition on edge devices
through multimodal fusion and distributed computing.
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