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Detection of Litchi Diseases and Insect Pests Based on
Improved YOLO v4 Model
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Abstract: In order to accurately detect litchi diseases and insect pests with complex background in
natural environment in real time, the data set of litchi diseases and insect pests was constructed and the
detection model of litchi diseases and insect pests was proposed for diagnosis and control. Based on
YOLO v4, GhostNet, the lighter and faster lightweight network, was used as the backbone network to
extract features. According to the core design of GhostNet, Ghost Module, a lower cost convolution, was
used to replace the traditional convolution in the neck structure. Based on the lightweight YOLO v4 — G
model, the feature fusion method and attention mechanism called CBAM were used to improve the YOLO
v4 — G. The detection accuracy was improved without losing the detection speed and the lightweight
degree of the model. Finally, the YOLO v4 — GCF detection model of litchi diseases and insect pests was
proposed. The dataset contained 3 725 images of litchi diseases and insect pests. Litchi diseases included

sooty mold, anthracnose and algal spot. Litchi insect pests included leaf mite and Dasineura sp. The
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experimental results showed that the average accuracy of five kinds of diseases and insect pests targets
detected by YOLO v4 — GCF detection model in train set, validation set and test set was 95.31% ,
90.42% and 89.76% , respectively. The detection time of a single image was 0. 167 1 s, and the size of
the model was 39.574 MB. Compared with the YOLO v4, the model size was reduced by 84% , the

detection speed was increased by 38% and the average accuracy in the test set was improved by 4. 13

percentage points. At the same time, the average accuracy was 17.67,12.78 and 25. 94 percentage
points higher than those of YOLO v4 — tiny, EfficientDet — d2 and Faster R — CNN, respectively. The
proposed YOLO v4 — GCF detection model of litchi diseases and insect pests can effectively inhibit the

interference of complex background, and accurately and quickly detect targets of litchi diseases and insect

pests in the images, which can provide reference for crop diseases and insect pests detection research with

complex and unstructured background in natural environment.

Key words: litchi; detection of diseases and insect pests; object detection; YOLO v4; lightweight
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Fig. 1 Images of litchi diseases and insect pests
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Tab.1 Dataset of litchi diseases and pests
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Tab.2 Comparison results of Ghost Module usage
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Tab.3 Comparison results of ablation experiments
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Fig. 8 Detection effect of different models on each kind of litchi diseases and insect pests
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Fig. 9 Detection effect of different models in different actual scenes

v4 — GCF B v a4 I < SR Bt o DA b A [] A6 7
X 45 28 7 RO T T B ARG I ARCSR N LE X 15 SR R A
Rl 5 15 N E D HLED CBAM JE [ 1R R A A
G g

oI 9 ml g0, A 3 s 1 RS 5 T A ) A
TRT B B 35 TR AR I B A A I AR, P
(7K 2 Bt HoK BR800 BEAR UL, 5 0 A58 250 )
R DN 35 FSCSE W T 5 2B T A ARG R B . T YOLO
v4 — GCF A AT T 4 i 41 il i - L /K 9 52 0, X



234 &l #Hl

Moo 20234

51 B R B HDRE S 2 P oK BRE T B BB
FER 3 3 rh 5 5K BRI W A i B RS RS o . 1T 9
J5 3 BN T R AR AN R] 75 R L A
T R BE AL  A I OR 5 4 %1 R YOLO v4 K4 68
R BRAGA B I  HAFAE T K, YOLO v4 — G R iR
SAPAT A7 ZE IR K, YOLO v4 — GCF I 8 4% v 5 A%
HB AR b B BB A BRI o 56 S A TN B R
SRR R AR AR 5 T8 B 20 W BB /) H bR, YOLO
v4 Fl YOLO v4 — G #H B A, YOLO v4 — GCF Il
R f% Y At A5 U 1 PR b Y B B FEE B . 2R 6 3
YOLO v4 1 YOLO v4 — G ¥ 1 3G/ H YOLO v4 #
DU DX 3 aed o Rt Al s B DX 3 A Ay o B0 58 0 A T
HRIAHG , YOLO v4 — GCF W] BB % 5 o o A6z I ) (%]
5 B e S T 3 R
2.3 AEEBEMEEEXTLE

SR A5 5 A A [ 455 R X 7 A 1L 1% A )
e, DA R 56 UE T 32 ol fE ) 2% AR YOLO v4 — GCF
TE52 2% HoAE 4540 15 55 8 X 25 B d 2 46 0 i A7 5L
e, ZE MR &4 T i ] YOLO v4,YOLO v4 — tiny .
EfficientDet — d2 . Faster R — CNN 5 fr$& 11 i YOLO
v4 — GCF HEAT L # o A RIS A 0 3 A 0 4 DU - 1
K BE G PEREZE AN 4 PR .

£4 FEBEELE L

Tab.4 Performance comparison of different models
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