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Abstract

At present, China’s farmland is increasingly affected by insect pests. Insect situation analysis can
formulate different plans to control farmland pests according to the insect situation in different
regions. Traditional pest situation analysis relies on manual collection and statistics, which is

SCES| A MIRUE, BREGE, WME, I, EEM. 2T YOLO-VSI 5 ResNet50 A4 I AU A TR RESHLEE
AW, 2022, 11(3): 236-247. DOI: 10.12677/airr.2022.113025


http://www.hanspub.org/journal/airr
https://doi.org/10.12677/airr.2022.113025
https://doi.org/10.12677/airr.2022.113025
http://www.hanspub.org

BEIR 5

time-consuming and labor-consuming. With the development of deep learning technology in the
field of computer vision, this paper proposes to build a farmland pest detection model by combin-
ing YOLO-V5I target detection and ResNet50 neural network. Insects have the characteristics of
diverse body shapes, missing scales and falling limbs in the image data, which have a great impact
on the target detection and classification. Therefore, this paper roughly classifies 28 pests into
seven A~G species according to their body shapes and colors, uses YOLO-V51 model to detect and
count them, and then substitutes the detection results into ResNet50 recognition model to deter-
mine their species. This method greatly reduces the false detection rate of farmland pest detection.
Moreover, this paper proposes a predictive enhancement algorithm. After the pest images to be
detected are enhanced, they are brought into the recognition model respectively, and the recogni-
tion results are weighted average to get the final results. mAP.5:.95 of single YOLO-V5] model was
71.4%, the average accuracy rate was 80.91%, and the missed detection rate was 5.39%. The av-
erage accuracy of the pest detection model proposed in this paper is 89.56%, which improves the
recognition accuracy of farmland pests. The model will improve the shortcomings of original ar-
tificial statistics and promote the development of Intelligent Agriculture in China.
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Figure 1. Noise problem of lamp-induced pest data
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Figure 2. Borer (left) and noctuid moth (right)
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Table 1. Rough classification of 28 pests
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Figure 3. Data preprocessing technology roadmap
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Figure 4. Diagram of coordinate transformation and cutting of brown planthopper
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Figure 5. Mosaic data enhancement for training sets
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Figure 6. Residual structure diagram
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Figure 7. Schematic diagram of down sampling improvement
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Figure 8. Feature extraction of lamp-induced pests
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Figure 9. Model building process
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Figure 10. Pest detection and identification model process based on the combination of YOLO-V5I and ResNet50
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Figure 11. Prediction enhancement algorithm
11, Fumigsa s

4. VR iEER

FIWr— AN BRARR AR ILTS WD VPAIbRE, W BRI SRR A LR LRl HER 2 (Accuracy),
F&HE2 (Precision), # [71% (Recall)%5[10].
MM E R B KA EA R SR AR, Hat 5 A FX(2):
TP+TN

Accuracy = (2
TP+TN + FP+ FN

T 17 S A5 S B IE REATE O IEREA BT B, S 7 0 e RIS IEREAR IR S, Hit5
2 H(3):

TP
TP +FN

X TP RRIEGI R IEMEE: TN RR oK IEMNEE: FP RoRIEHI 5K RMEE: FN
TR FAEE R I H

AR Z ) 12(4) 5 A B Zan ] 1206)E IS T AR LA Tensorboard 27 H
K, MEAAARY Epoch UCEL, INAAKR ARG S A B AR A RIE AR B (RS R, B iR (i 23R m Sk
MR, TR R 2R T 2 JE R .

ABRIEREH RS D a2 ARG IR (H7E ek, Baiff AR 2R 5 4 [0 215 HAr ks
M FEAS L ABUSE R PERE . AP 2K [A] Recall 'R Precision XM, tHat2xt R PR ihZE TR . T
—/N PR &k, B—ANBREXT A —A P AR, 4BIEM 0 ) 1 i, L&A BREX R P AR
B, HEIMEE PR #IZE[11]. 1 m AR S FNHIF. mAP {H(Mean Average Precision), EJ-F15 AP
fE.

Recall =

©)

DOI: 10.12677/airr.2022.113025 244 PNER ST IR YN


https://doi.org/10.12677/airr.2022.113025

BEIR 5

0.88 R AIVAER! NP VAAAA 0.94

0.84
0.9
0.8
0.86
0.76
073 0.82
0.68 0.78
0 20 40 60 80 100 120 0 20 40 60 80 100 120

Figure 12. Accuracy (left) and recall (right)
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Figure 14. Test results
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