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Pest Identification Method in Complex Farmland Environment
Based on Improved YOLO v7
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Abstract; In order to enable the inspection robot to efficiently and accurately identify small, dense,
morphologically variable, numerous and unevenly distributed pests, a pest recognition method based on
the improved YOLO v7 was proposed. CSP Bottleneck was combined with a self-attentional mechanism
based on shift window transformer ( Swin Transformer) , which improved the ability of the model to obtain
the location information of dense pests. A fourth detection branch was added to the path aggregation part
to improve the detection performance of the model on small targets. The convolutional attention module
(CBAM) was integrated into the YOLO v7 model to make the model pay more attention to the pest area,
suppress the background and other general feature information, and improve the recognition accuracy of
blocked pests. Focal EIoU Loss function was used to reduce the influence of positive and negative sample
imbalance on detection results and improve the recognition accuracy. According to the experimental
results, the accuracy rate, recall rate and mAP of the improved algorithm were 91.6% , 82.9% and
88.2% , respectively by using the data set established based on the actual farmland environment, which
was 2.5, 1.2 and 3 percentage points higher than that of the original model. Compared with other
mainstream models, the experimental results showed that the proposed method was more effective in the
actual detection of pests, and it had practical application value in solving the problem of accurate
identification of pests in complex farmland environment.
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Fig. 1 Image of pest in complex scenes
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Tab.1 Pest dataset information details
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Fig.5 Convolution block attention module
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Tab.2 Experiment results of different models
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Pk YOLO v7 91.6 82.9 88.2 27.3
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Fig.6  Detection effects of improved algorithm

Xof 22 K A5 U Y1 ok 3 B 28 0 1 /N B AR AR 17 3R
IR i 253 91 g 88. 9% F176. 2% , Lk YOLO v7 A%
SN TE 0. 4.9, 4 ASE 4 a5, R W el S YRR g
i 4 B3 T JRC U2 A R AE B RN 2 o ) T B £ (1 A
FRRAE AT B TR R /N H bR IR B RE 1. B
HER) YOLO v7 55 Xf 4= 25 1] 3 i 4[] 28 458 Ji AL
TR TE 1.2 AN A 40 0, RN H 20 10 55 % 4L 1
A2 KA W LT W R X P 2 B A 1R I YOLO
V7 RIS 1.0.5. 7 AN A, B B0 R
TR XF 25 A1 0 11 35 o A AR A 1 A IR

&7 AL, R YOLO v7 A58 3 S A3 i A
BRAS AR, T FLAE 1 2R R0 8] BR858 1 % 2% 4 /s B A
FRORG i 38 F0 A7 Bl R B s . FE IR 1, Faster R —
CNN AR X 3 4 b 10 46 DU R0 e 25, HAF e 1R 4G
& B, 1M YOLO v3 A RIAFAE T 2 ) s A 1% 20, YOLO
v5 A IS ARG T LA b 2 R R H R A T B
RS Y AR A AR A I 2 5 R 2 f, YOLO v4 £
TR 5 75 55 ALY 22 H A U K6 B2 2 38 1, Faster
R — CNNBERME Sy — B B H AR R I 550k 5 5
SN A E AR A DA B2 A 2% s 7E X 5 B/ HAR I A
25 G e SSD BRI 7E K45 3 R & 4 rh A0k T i
— /N4 Y 22 KA I R 4T ik, YOLO v3 Fil YOLO
vA B RS IR AR T SSD BT A /N 43 H A
T . PR YOLO v7 A5 780 S AV RE 6% 46 )
Pl S R ) R TRRE Rk L R X 4R HLAr A
ANEE /N E AR A 55 e 1 A RS
3.2.2 (MRS

AR SCILBETT 5 2 AS [l ABE Y f) 31 a2 G, S G 45
RUNE 4 FiR,

(g) HEFH HAR



252 PSS A1 M | = O 14 20234
x3 AEAMEEFRRANHEABHESBOEILE
Tab.3 Comparison of average precision rate and recall rate for different kinds of pests identification %
3 HE/EER ZREY EAR LS e i P N R4 i 1 e

F 28 Fry o @gm P HJE Ry gE EY JE Ry gE FY #JE R gE Ry #JE R g
SSD 90.5 91.3 80.6 79.2 52.6 37.8 54.5 46.8 90.1 87.8 82.3 76.1 91.4 80.1 50.2 43.7 89.7 79.6
Faster R—CNN 77.9 92.6 71.4 90.7 53.6 62.7 50.8 56.1 82.7 88.0 75.1 80.0 80.3 90.9 52.6 51.4 78.4 81.7
YOLO v3 92.4 83.8 86.0 77.2 74.3 70.8 55.0 50.9 72.9 74.4 77.5 76.4 92.3 85.7 53.2 49.3 92.7 85.0
YOLO v4 96.3 90.1 90.4 81.3 75.2 68.8 54.2 52.2 78.9 75.6 78.5 70.7 94.8 86.5 54.8 46.5 81.2 77.5
YOLO v5 96.9 91.2 88.2 84.6 79.9 72.3 64.7 50.9 93.7 89.9 852 84.1 957 92.1 54.1 50.7 93.2 90.9
YOLO v7 96.2 95.1 94.4 88.5 88.5 86.2 66.8 58.2 91.9 95.3 86.3 80.0 94.9 90.5 59.8 56.7 88.3 84.8
Bk YOLO v7 99.1 94.3 94.6 86.5 88.9 87.2 76.2 63.9 94.3 93.0 86.5 81.8 99.4 91.6 63.2 56.7 91.6 90.9
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Fig.7 Comparison of different algorithms results
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Tab.4 Ablation experiment results
oo W PRI KR T R
/% BH/ e (f-sT') WREG rigak  dRd EOREE KMk #iT &g
et B
YOLO v7 89.1 85.2 28.0 96.2 94. 4 88.5 66. 8 91.9 86.3 94.9 59.8 88.3
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