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Rice pests and diseases identification method based on improved YOLOv4-
GhostNet

ZHOU Wei, NIU Yong-zhen, WANG Ya-wei, LI Dan
(College of Information and Computer Engineering, Northeast Forestry University, Harbin 150040, China)

Abstract: Aiming at the problems of low accuracy, slow speed, high model complexity and difficult deployment in
rice pests and diseases detection, the YOLOv4 target detection algorithm was improved. Combined with the lightweight
GhostNet network, a rice pests and diseases recognition method based on the improved YOLOv4-GhostNet was proposed.
The phantom module was used to replace the ordinary convolution structure, the backbone feature extraction network CSP-
DarkNet53 was replaced, and the GhostNet module was constructed for image feature extraction. The PANet structure of the
enhanced feature extraction part of YOLOv4 network was improved. Transfer learning was combined with YOLOv4 network
training skills. YOLOv4 and its MobileNet series lightweight networks were compared with Fast-RCNN series networks and
SSD series networks. The results showed that the average accuracy of the improved YOLOv4-GhostNet model was 79.38%,
the detection speed was 34.51 frames per second, and the weight of the model was reduced to 42.45 MB. While maintaining
high detection accuracy, the number of model parameters is greatly reduced. It is suitable for embedded devices with insuf-

ficient computing power.
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Fig.1 Original picture of rice diseases and insect pests
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Table 1 Data information of rice pest and disease
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Table 2 Comparison of effective feature layer size and parameter size
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Fig.5 Channel by channel convolution and point by point convolution
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Fig.6 Relationship between iteration times and loss value
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Table 4 Experimental results of transfer learning strategies
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Fig.7 The mAP value of each target detection model for rice pests and diseases detection
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Table 5 F1 value of each target detection model for detection of rice pests and diseases

Ll Fa;‘:;ifg)N' Fas‘vegglcg N- SSD-VGG16 SSD-Mobilenet ~ YOLOv4-Mobilenet ~ YOLOv4-GhostNet
e il 0.69 0.71 0.85 0.25 0.95 0.95
KR 200 A M SR B 0.44 0.40 0.11 0.03 0.70 0.70
R 0.61 0.59 0.56 0.19 0.81 0.81
TK A R DERS 0.59 0.48 0.33 0.20 0.61 0.64
TG A R 0.44 0.48 0.27 0.07 0.77 0.77
(RN 0.50 0.47 0.43 0.21 0.62 0.62
T 0.86 0.75 0.74 0.79 0.89 0.86
FE k2 b 0.86 0.86 0.91 0.81 0.91 0.91
LN 0.59 0.54 0.67 0.44 0.76 0.77

Kl 8 1 /N, Faster-RCNN 2 F1 Fl oK ot i 1) EAbARRY AR R/IN S S50 IURSE e K, 78 /K R 1R
YOLOv4 F7 AR AR o5 B SRS B B ad aze , FOrp R etk iy A vy 7™ B TR S R U S TR A i A
YOLOv4 BRI ZRAT ] K467 020 s, BEIALER /K Zihr LR AT, SSD R B ALY kbt [A] i J, A5
F| 244. 37 MB, LT SSD RFVFEGHER) YOLOv4 2 BURLE Fe/N , (H R MER A IG, Tk S BUK Feig L3
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Fig.8 Evaluation of training time and model weight of rice pest

target detection model
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Table 6 AP value of YOLOV4 series target detection model for detection of various rice pests and diseases

9o U 2] YOLOv4 YOLOv4-MobileNetvl ~ YOLOv4-MobileNetv2 ~ YOLOv4-MobileNetv3 YOLOv4-GhostNet
LR 78.50 77.96 74.88 76.95 76.24
i kL 80.78 68.13 63.85 67.59 63.68
Fedst 92.38 91.63 90.00 90.59 91.49
e 2 b 92.62 92.27 91.04 92.36 90.35
KR A 88.50 83.02 81.46 80.05 81.09
KRR 20 A 1 2% B 80.85 79.55 74.49 73.84 74.90
Fei s 95.75 97.81 97.45 97.28 97.20
FEIEL I 87.33 88.51 85.12 84.75 85.86
TKFE R 65.51 54.54 51.98 51.32 52.49
F7 FERVEEF®IERE 24 AERHBEESARHEBEBLRI T K FHFD

Table 7 Detection performance of different detection models

SR APAE AER/A YIRS R

fgn () (MB) (5 B
YOLOv4 84.79 244.37 67 020 22.92
YOLOv4-MobileNetV1 81.60 51.10 22 320 56.20
YOLOv4-MobileNetV2 79.02 46.52 32 400 49.83
YOLOv4-MobileNetV3 79.69 53.74 26 520 43.09
YOLOv4-GhostNet 79.38 42.45 21 600 34.51

YOLOV4-GhostNet #5294 il 357 5 B 52 01

TE 43 B A [6] 55 405 45 %1 203 i) YOLOv4-Ghost-
Net 5% 7 4G I 25 SR 52w 1) 32X 30 v, 1) R 7K A e R 3
B AR 5 LA 5T & A [R) A B 5% 7 32 RS [] 9 %
PEEATXT L, I oK A L E B 5L A B
A 0 5 A D A ) T e e P AR AR 1) 5 e B8 A G
%8 iR,
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Table 8 Detection effects of improved YOLOv4 model and original YOLOv4 model on different data sets

st o i SBREEME ¥EPE REL)
SCHR 29 ] A B 5 YOLOv4 0.67 38.8 76.13 -
YOLOv4-GhostNet 0.68 79.3 80.94 -
SCHRL 15 ] B 4 YOLOv4 - 66.1 79.80 102
SCHR G B YOLOv4 - 72.1 83.00 65
PASCAL VOC ##i4: YOLOv4 0.85 23.15 88.31 244
WG H) YOLOv4-GhostNet 0.77 34.01 77.67 43
K R R 4 YOLOv4 0.82 23.35 83.59 244
ARG YOLOV4-GhostNet 0.78 34.54 78.31 42
TR A L E R AR YOLOv4 0.85 23.39 85.98 244
AHFFE R ) YOLOv4-GhostNet 0.80 25.07 80.44 42
KA R R YOLOv4 0.79 22.92 84.79 244
AWFFEHHE K YOLOV4-GhostNet 0.78 34.51 79.38 42
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