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Cotton leaf disease detection based on improved YOLO

GUO Wenjuan', FENG Quan’
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2. College of Mechanical and Electrical Engineering, Gansu Agricultural University, Lanzhou, Gansu 730070, China)

Abstract: To achieve intelligent management of cotton and address the challenge of low accuracy in detecting
cotton leaf diseases in complex environments, this paper presents results from using an improved YOLO algorithm
for detecting common cotton leaf diseases. It incorporates the SE, CBAM, and ECA attention modules into the
YOLOX-S and YOLOv7 algorithms to enhance the model’ s focus on diseased areas, effectively suppress back-
ground noise, and significantly reduce the omission rate. Using Gradient Weighted Class Activation Mapping to gen-
erate target detection heatmaps, visualize effective features, and understand the region of interest of the model. The
experimental results demonstrate that the detection performance of the YOLOX-S+SE, YOLOX-S+CBAM, and
YOLOX-S+ECA models surpassed that of the YOLOX-S model, with the YOLOX-S+CBAM model achieving the
best performance. Similarly, the YOLOv7+SE, YOLOv7+CBAM, and YOLOv7+ECA models outperformed the
YOLOv7 model, with the YOLOv7 + CBAM model delivering the best detection performance. Compared to other
common object detection models, the YOLOX-S+CBAM and YOLOv7+CBAM models exhibit higher values in ac-
curacy rate, recall rate, comprehensive evaluation index, and average accuracy than the Faster R—CNN and SSD
models. A comprehensive comparison shows that the YOLOX -S+CBAM model outperforms the YOLOv7+CBAM
model, striking a balance between detection speed, accuracy, and model size. It demonstrates strong real-time de-
tection capabilities for cotton leaf diseases in complex backgrounds. This research provides valuable guidance for the
prevention and control of cotton diseases.
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Table 3  Detection results of cotton diseases based

on different target detection models
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) /MB
Faster
R—CNN 79.8 7442 77.02  80.38 15.87  569.37
SSD 78.05 72.26  75.04 7243 111.68 53.16
YOLOX-S
+CBAM 88.09 76.60 81.94 86.90 80.73 34.87
YOLOv7+
CBAM 84.26 82.69 8347 90.82  59.60 36.62

T MR P 3R BT Bl B9 R A6 BE L IE A A6 5 BB
o A L] 4 W1 R R UN B AR AR B e 5 I 4 o BT A S B
FRAERT PR (4 LU AEL; £ PPV IR AR 1SR MERR R PRI 1% R #Y
VA%, FHTIFAN PR R BOAEA L ; I HER 2R mAP 375 %) B
- 0K BE(E AP PRI T3 1E ; T3 FPS FRn BRI
FEMTIEG I T B B 11 3 S50 SRR AU AR 2B B e 4R LN E
PRI

Note: The accuracy rate P represents the proportion of true cotton le-
sions among all identified cotton lesions; the recall rate R represents the
ratio of the number of identified cotton lesions to the number of actual cot-
ton lesions in the test set; the comprehensive evaluation index F1, a har-
monic mean of accuracy rate P and recall rate R, was used to evaluate the
compatibility of P and R; the average accuracy mAP represents the
average of the average accuracy value AP of all categories; the frame rate
FPS represents the time needed for the model to detect each image; the
parameter quantity represents the model size that the model produces after

training on the cotton disease data set.

M52 3 A%, A H Faster R—CNN 4 | YOLOX
—-S+CBAM IS P R F1 .mAP {843 IHETF T 8.29,
2.18 .4.92 .6.52 N 43 4., FPS {HERTF T 64.86 i -
s BEUE AN Faster R—CNN #5 46.12% ; AH F
SSD #i%  YOLOX-S+CBAM #i# [y P R F1 .mAP {i

3 HIERTET 10.04 4.34 .6.90 . 14.47 AN 43 55, FPS {H
FAR T 30.95 i - s™' , SHUEFEAK T 18.29 MB,

FHEE Faster R—CNN #5% YOLOv7+CBAM £ 7Y
B P .R,F1 mAP fH 73 M2+ T 4.46 .8.27 .6.45
104440 A 53 03, FPS (HERFF T 43.73 i - 57", 24K
AN Faster R—CNN B[ 6.43% ; #H Lt SSD #%
A, YOLOv7+CBAM B[ P R F1 .mAP {5535 42
THT 6.21.10.43 8.43 [ 18.39 > 43 1, FPS {H &A%
T 52.08 M7 - 57 SHCRFEIL T 16.54 MB,

25 LA, BAR SSD IR A 1T o B f b, H 2
AR G I A E ARG, G DN M BB AN 6% AR AH LE
YOLOv7+CBAM &% YOLOX -S+CBAM #5& % () ¥
W5 B TR, FPS (B4R TE T 21.13 Mot - 7" KA B
J7 1T, YOLOX -S+CBAM A F1 Fl mAP {8 53 3
f&F YOLOv7 +CBAM %I Ay 1.53 A1 3.92 4~ 4
SMHZEAS L1 R AR AL ) S 8 B AR R,
I, YOLOX-S+CBAM FRAY (1) 25 5 R LI 4T, REfE 5K
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4 4 i

1) YOLOX-S+SE #i% ' YOLOX-S+CBAM #5 7
1 YOLOX-S+ECA #2881y & P Be 400 T AR 51 A
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CBAM A5 78 G 0 2% SR 3 4, LYK 2 YOLOX -S+SE
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2) YOLOv7 B | A 2 I B Jo 465 80 1)
M PEREYS =5 T YOLOV7 %Y, YOLOv7 + CBAM #5 71
BA BRI RCR  HOR YOLOVT +SE BERY
J57& YOLOVI+ECA iR | i Grad-CAM A ¥4k
AU Y, CBAM 22 AL 3 5 1 R A 1] v DG
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