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Table 1 Data information of rice pest
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2 PBM-YOLOvVS
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TPCOHVH Cony }+{(Convad} ¢ (%G A5 H AR SC ¥ C2f-PCBlock 42 44 7T 3 16l M J5
Bottleneck %5 ¥ (£ 1/16. YOLOvS 6 il 4 74 i 17 78 35 K

e XN EACRFAE B, PConv Jy # 70 5 A /E , Conv A & B 1,
Conv2d y Ix1 B, Xy ki HAriE K.

Note: X is the receiving feature map, PConv is a partial convolution operation,
Conv is a convolution operation, Conv2 d is a 1x1 convolution, Xy is the output
feature map.
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Fig.2 PCBlock structure diagram
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Note: Split is a segmentation operation, PCBlock is synthetic modules.
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Fig.3 C2f-PCBlock Module
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Note: Cx,Px,Px’ represents feature maps of different scales, Integrate
represents feature fusion, EGNA represents embedded Gaussian non-local
attention, and Refine represents feature reextraction.
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Fig.4 Balanced feature pyramid
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Note: h represents the height of the input feature map, w represents the width of the input feature map, ¢ represents the length of the original input feature map,
¢, 6, g represents the feature reduced to ¢/2 after 1x1 convolution, f represents the similarity calculation matrix, softmax represents the normalization function, y

represents the result of matrix multiplication f. and g.
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Fig.5 Embedded Gaussian non-local attention
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VE: Detect AL
Note: Detect is the detection head.

B 6 PBM-YOLOVS W 4454 A
Fig.6 PBM-YOLOVS8 network structure diagram
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Table 2 Lightweight network comparison results

M5 REIE Y 2% ZHE RIS SRS E eSS
No. Feature network Params/M Floating point operations (FLOPs)/B Mean average precision (mAP)/% Frame per second (FPS)/(1s™)
1 YOLOV8 3.0 8.1 94.1 96
2 ODConv 3.1 5.8 92.3 117
3 Efficientformer 53 12.3 95.2 89
4 EfficientViT 4.0 9.5 92.4 93
5 MobileNetV3 32 7.6 91.6 104
6 C2f-PCBlock 2.5 6.9 93.7 112
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Fig.7 Loss changes with different functions
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Table 3 Ablation experiments

hi's Ci&f_l&mm% Improvement 24 FLOPs' mAP/ FPS/
No. PCBlock BFP MPDIOU Params/M B %  (Wi-s™)

1 3.0 8.1 941 96

2 \ 25 6.9 937 112

3 \ 5.7 154 955 78

4 \ 3.0 8.1 943 109

5 v v 4.8 126 94.8 90

6 \ \ 25 6.9 942 115
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8 \ N V 48 126 952 92
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Table 4 Detection model comparison experiment

i W HER mAP/ S FLOPs/ FPS/
Models Precison/% Recall/% % ParamsM B (Wi-s™)

Fast R-CNN 90.5 86.7 89.5 413 138.6 24
SSD 88.6 85.4 87.9 15.6 87.2 65
YOLOv5n 92.4 88.2 91.4 1.7 43 87
YOLOv8n 95.3 91.0 94.1 3.0 8.1 96
YOLOVI t 94.7 90.6 93.7 2.0 7.7 104
PBM-YOLOVS 96.6 93.8 95.2 4.8 12.6 92
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Fig.8 Comparison of visual results of different algorithm
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Table 5 Performance results across different hardware

environments
Y [DELRTN: FPS/
Models Hardware environment (i-s™ mAP/%
RTX 3080Ti GPU 96.0 94.1
YOLOvV8n RKNNToolKit-Simulators 223 93.6
RK3588 NPU 43.7 93.9
RTX 3080Ti GPU 92.8 95.2
PBM-YOLOvV8 RKNNToolKit-Simulators 21.6 94.8
RK3588 NPU 42.0 95.1
PBM-YOLOV8
(Multithreading) RK3588 NPU 71.4 95.1
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Fig.11 Detection results with YOLOv8n and PBM-YOLOVS
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Detecting rice disease using PBM-YOLOVS

LIU Peng , ZHANG Tianyi , RAN Xin , SHI Jialin , BI Yuxuan , WANG Caixia

(College of Electronic Information Engineering, Changchun University of Science and Technology, Changchun 130022, China)

Abstract: Rice diseases and pests have posed a serious threat to agricultural production in recent years. Particularly, false and
missed detections have been caused by the diversity, scale, and complex growth environments of these pests. This study aims to
enhance the detection accuracy of rice diseases and pests, in order to facilitate the deployment of detection models on edge
devices. An improved YOLOvS8-based model was developed to detect rice diseases and pests. Several innovations were also
incorporated to optimize the performance of the model. Firstly, partial convolution (PConv) was introduced to design the
PCBIlock structure and then integrated into the feature extraction module of YOLOvS. As such, the module of lightweight
feature extraction known as C2f-PCBlock significantly reduced the number of model parameters, thereby enhancing the
detection speed without compromising accuracy. The complexity of the model was then reduced to deploy on the resource-
constrained edge devices. Secondly, the semantic information was diluted to cause the feature fusion across non-adjacent
layers. A balanced Feature fusion layer was then added to the neck network. feature pyramid networks (FPN) was restructured
into balanced feature pyramid (BFP). The preservation of critical features was improved during fusion. Additionally, the
embedded Gaussian non-local attention (EGNA) mechanism was incorporated to mitigate the aliasing behavior from the multi-
layer feature fusion. The important features were retained to reduce the loss of information, leading to more accurate detections.
The loss function of the model was also enhanced to replace the standard IoU-based loss with MPDIoU. The distortions were
avoided in the detection bounding boxes, due to the significant variations in sample sizes. MPDIoU was used to reduce these
distortions for less computational burden, indicating more efficient training. Extensive experiments were conducted on a rice
pest and disease dataset. The results demonstrate that the improved model, named PBM-YOLOVS, outperformed the rest.
Specifically, PBM-YOLOVS was achieved in the precision rate of 6.1, 8.0, 4.2, 1.3, and 1.9 percentage points higher than Fast
R-CNN, SSD, YOLOv5n, YOLOv8n, and YOLOVOt, respectively. The recall rates were also significantly improved, with an
increase of 7.1, 8.4, 5.6, 2.8, and 3.2 percentage points, respectively. Furthermore, the mean average precision (mAP) values
were 5.7, 7.3, 3.8, 1.1, and 1.5 percentage points higher than those of the compared models, respectively. PBM-YOLOvVS8 was
selected as a leading model, in terms of detection accuracy. Moreover, the PBM-YOLOv8 model was highly efficient with only
4.8M parameters, which was far less than the 41.3M of Fast R-CNN and the 15.6 M of SSD. A high processing speed was
maintained with an FPS of about 92, in order to balance the accuracy with computational efficiency. The effectiveness of the
improved model was further validated. PBM-YOLOvVS was deployed on the RK3588 embedded board. The deployment
showed an accelerated detection speed of 71.4 frames per second, with an average accuracy of 95.1%. This performance can
fully meet the demands of practical applications, thus enabling real-time and accurate detection of rice pests and diseases. The
multi-thread optimization was adopted in the deployment. The parallel acceleration of multi-core NPU was also realized for the
model inference and CPU for post-processing. The model has further enhanced the efficiency and feasibility for real-world use.
Keywords: image recognition; deep learning; target detection; rice diseases; YOLOVS; BFP; grand central dispatch
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