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Abstract: In order to identify tomato leaf diseases in natural environment quickly and accurately, a lightweight
tomato leaf disease identification method based on improved YOLOv4 algorithm was proposed. The method used K-
means clustering algorithm to adjust the dimensions of the prior box according to the characteristics of tomato disease,
and used MobileNetvl with a width factor of 0.25 instead of the original backbone network CSPDarknet53 of YOLOv4
for feature extraction, and introduced deep separable convolution in place of the original 3x3 standard convolution in
the feature fusion network PANet. At the same time, the convolutional block attention module ( CBAM ) was embed-
ded in the two output feature layers and the spatial pyramid pooling output layer of the backbone network to improve the

model recognition accuracy. The results showed that, the overall detection accuracy (mAP) of the improved model for

eight types of tomato leaves was 98. 76% , the parameter
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Fig.2 Comparison of overall detection accuracy (mAP) before and after the parameter was modified
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Table 1 Performance comparison of different backbone networks

h () OOP (T (e
YOLOv4 98.58 22.65 44.24 22
YOLOv4+MobileNetv3 98.33 2.68 70.47 14
YOLOv4+MobileNetv2 98.40 2.88 81.18 12
YOLOv4+MobileNetv1 98.68 10.01 102.31 9
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Table 2 Performance comparison of different attention mechanisms

L (% (Wi (me
YOLOv4 98.68 102.31 9
YOLOv4+ECA 98.58 102.30 9
YOLOv4+CA 98.64 99.14 10
YOLOv4+CBAM 98.76 101.76 9
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Table 3 Performance comparison of ablation tests
240 52 K
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— — — — — 64.36 98.16
VvV — — — — 63.79 98.58
Vv vV — — — 40.56 98.57
VvV Vv Y4 — — 12.30 98.68
vV Vv Vv Vv — 12.30 98.70
Vv Vv Y4 Vv Vv 12.64 98.76

“— FORRME; <V TR CAEE s mAP  Time W 1 T,

2.6 S5HMEBEKEBRGNEELE

HHTAY BARR IS 0y 2 28 — 2K J2 L Fas-
ter R-CNN"*! R % 1y Two-stage i il & 7%, Two-
stage A S PURIPHG B2 950 v, (EL RS A 00 3 32 T R
i, AR AN I T I A I 37 5, 55— 28 & One-
stage Al B3 | ok A {6 T PO £ A0 H A 320
FHEFNSHE A2 53 %50, Aar I S 38 v, RO A SRR
& FH T AO g 35 SE AR I 7 55, PR, A B9 4
XFLL SSD T YOLO o fR# (1 One-stage H s il
B SR YOLOV4 2t AL S Ek eI T XTI, 36 4
N BB R X e, R 4 i LUE ) AR WTSE
2 A SR 24 4 ok PRT R A D 3 B2 43531 L SSD Al
RetinaNet R 6 ms #15 ms, mAP . SSD #1 Reti-

naNet Bk, AHFSE$2 1 ) SR VA B S 400 B2
TCE/NF SSD | RetinaNet LA K J5L YOLOv4 #575Y | 4351
[t SSD , RetinaNet LA K JFL YOLOv4 #E74/]N 9.64 M |
9.77 M fi151.33 M, [Hb, AHFFE 42 I BT AEAS
SEMal R IR FE AR5 T KRR T AR KN B
BT ARG LHRE

HESAIE I IS ) YOLOv4 S50 45 1T DA i3
N T AR5, SR I 50 3 5 BL 3 i A R
210 4 P, 23 0 LR | W | A0 T P B
o FI1EE T I, R 2l tE 5 9 YOLOv4 B33 %) 4 Fif
g EIEATREIR G, & 9 R R ekt S A9 YOLOv4
RN UM 25 5, v DUE H R AR 0T UUE R
PO F SR IAEE T B A it BB 5



i S LT YOLOVA 8451 i 2 i35 ms 2 1050y 1207

F4 FTREBHEBIFENERHEELLE

Table 4 Performance comparison of different single-stage object detection algorithms

Fi mAP( %) GFLOPs FPS(i,1 ) SR (M) Model size( MB) Time(ms)
SSD 98.50 62.79 66.36 22.28 98.8 15
YOLOv4 98.16 22.65 44.24 63.97 256.4 22
RetinaNet 98.48 34.35 67.72 22.41 146.2 14
AW E 98.76 3.79 101.76 12.64 53.7 9
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P

A FAER 5B HERE 5 C AN PEBE A 4D s B RS
HY BAGREERHER

Fig.9 Disease identification results in natural scenes
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