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Forestry pest detection optimization based on deep learning

ZHAO Yan, LIU Ying-an , YE Qiao-lin, ZHOU Xiao-liang
(College of Information Science and Technology, Nanjing Forestry University, Nanjing 210037, China)

Abstract: At present, most of the research on forestry pest detection is based on traditional machine
learning algorithms, and there are some problems such as low accuracy and poor effect. Therefore, a new
forestry pest detection model based on YOLOv4, Pest-YOLOv4, is proposed. K-means—+ + algorithm is
used to cluster anchor boxes to obtain a higher avg-IoU value. Combining ECA (Efficient Channel
Attention) and CBAM (Convolutional Block Attention Module) to form ECA-CBAM attention
mechanism, the network can pay more attention to the characteristic information. Reorganizing the
network neck to SPP-PANet, the feature information can be fused with multiple receptive fields
effectively. Using Focal Loss to improve the loss function, the learning of samples that are difficult to
distinguish is paid attention, and the proportion of positive samples and negative samples are balanced.
The experimental results show that Pest-YOLOv4 mAP reaches 90. 4%, 4. 2% higher than YOLOv4,
while the FPS remains at 33.4 {/s, which meets the detection accuracy and real-time requirement of
forestry pest detection tasks.
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3.2 ECA-CBAM
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Fig. 6 Display of BJFU pest data set
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Tab.1 Statistics of insects in the training set

B4 FEA B
21§ R /Na& (Leconte) 2216
#+ Z 15 /& (Boerner) 1595
AL K/NEE (Armandi) 1765
PO HR /N ( Coleoptera) 2091
7N 14 /Nak ( Acuminatus) 953
=2\ /N (Linnaeus) 1727

4.2 ZIWFEEMSH
SEGIEFTAE Ubuntu 18. 04. 5 LTS #AE R % I
CPU 2 AMD R9 5900X, GPU 4 NVIDIA RTX
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11. 0. 228, torch 1. 90, torchversion 0. 10. 0, numpy
1.21.1,Python 3. 7. SLH S E WK 2.
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Tab.2 Experimental parameters setting

24 fH
RN 2
ER/S 3 250
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A 1004~ Epoch % 2] 3 0.01
100 Epoch Jf 22 2] % 0.001

4.3 Mg
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i %% (Frames Per Second,, FPS) 2 PF- M 8 45 o

A T R AR I A I A I Y AR AR
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1
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4.4 ZBERMSH
4.4.1 Kmeans+ + £ &K AL
Pest-YOLOv4 {#f A K-means— -+ 55 ¥ ¥ 17

SEBGAE A9 HOBT R 28, ISR ¥ 38 I e (avg-ToU)
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i -a- K-means
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0 1 2 3 4 5 6 7 8 910
RAHLLEL
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Fig. 7 Clustering effects of K-means+ + and K-means

I 7R A Y R0k 9B K-means+ +
RIS RAME avg-ToUfH A 82. 15% , AHEL T K-
means 5 ¥ [ avg-ToU (78.35%) #E# T 3.8%.
BT AR AE RSk (34, 50) . (50, 35) .(44, 72) .
(73, 45) . (57, 75) . (70, 59) . (72, 115) . (115,
72).(107, 108) .

R T BE D BRI 2 ARAT 1 S I HE A AL
43 53 SR L i B IS B0 AR %) S8 56 A E AT AL
TR, 9256 A5 R AN K 3T .

x3 ERERLERILE

Tab.3 Comparison of anchor box optimization

S W HE Precision/ Recall/
I 2 441 50 - mAP/ %
RAK % %
YOLOv4 K-means 60. 3 88. 4 86.2

YOLOv4 K-means—+ + 60. 6 88.9 86.7

HH 3 3 AT A, P AR SR 28 Uy 2 A B ) 5 900 HE X A6
WRCR = A T 52, B2 XRITE T4 4 % mAP
bR . TEAM SN YOLOVA 35 3 115 00 T, F1) H
K-means—+ -+ AL BB HESE &1 T YOLOvVA LAY (1)
KA BE A 21 0. 5% , mAP AN 0.5% .
4.4.2 Pest-YOLOv4

Pest-YOLOv4 Fl YOLOv4 Il 25 51 45 1% & 1
Kl 8 Fi s o
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—— Pest-YOLOV4 Tab.4 Comparison of five models for forestry pest detec-
0.20
tion
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2 25 A
. 0.10 % %
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Tab.5 Detection results of Pest-YOLOv4 and YOLOv4

YOLOv4 Pest-YOLOv4
Precision/ % Recall/ % AP/ % Precision/ % Recall/ % AP/ %
Leconte 71.5 94.0 95.4 81.9 95.3 96. 2
Boerner 57.5 89.1 88.9 81.3 96. 1 94.5
Armandi 65.9 86. 2 84.8 68. 6 93.4 87.6
Coleoptera 39.2 87.2 80.5 36.5 95.4 86. 2
Acuminatus 52.5 82.9 79.8 51.2 94.9 87.8
Linnaeus 75.4 91.1 88.0 85.3 81.9 90. 3
Y{E 60. 3 88.4 86. 2 67.5 92.8 90. 4

i K 10 1T 75, Coleoptera 25 5l #1 % T Leconte
£ 1[I0 NG L NN R P U ) | 2N B s R (E =

Pest-YOLOv4 X} i 28 Bl 2 s A 0 27 S 4754 I
D E (APE42 5 5.7%) , ¥ B Pest-YOLOv4
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Tab.6 Detection effects of various improvement strategies

R4 2% A5 T BT Precision/%  Recall/% mAP/%
K-means—+ + ECA-CBAM  SPP-PANet  Focal Loss
YOLOv4 60.3 88. 4 86. 2
YOLOv4-A NG N 58.8 92.6 88.5
YOLOv4-B NG 60.9 90. 9 87.1
YOLOv4-C NG NG 61.6 91.7 88.3
YOLOv4-D NG NG 63.5 91.9 89.0
Pest-YOLOv4 NG NG NG 67.5 92. 8 90. 4
5 4 7 BL BT 2H 21 ) 2% 35 56 44 i SPP-PANet, #)

RO R A AR U K R TR R
JEEAIG A 0] . AR SC AT RO R A b B
8, PR TR TR E = A YOLOvVA b iy
Pest-YOLOv4 PIZEAEHL | Z AR AV /E K-means+ -+
KRB HE M I 5] A ECA-CBAM i & 7]

Z * X #:

H Focal Loss SR PR, 761 693 K & H £
POl 5 HORY B R B XA AT I S, SRR
B, Pest-YOLOv4 7 {3 0F A M 52 i 4 49 Ay $2
ENDOIE A i NN A Q= N S N SR LU= =R
mAP {H ik ] 90.4% , M & T YOLOv4 #& & T
4.2% .
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