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Real-time Detection Method of Dendrolimus superans-infested
Larix gmelinii Trees Based on Improved YOLO v4

LIN Wenshu ZHANG Jinsheng HE Nailei
(College of Mechanical and Electrical Engineering, Northeast Forestry University, Harbin 150040, China)

Abstract; Aiming at the problems of high training cost of two-stage network model and low detection
speed of edge computing equipment attached on UAV, a real-time detection method based on the
improved YOLO v4 model was proposed in order to improve the recognition accuracy and detection speed
for Dendrolimus superans-infested Larix gmelinii trees. Taking the UAV images of Larix gmelinii infested
by Dendrolimus superans obtained from Baiyinna Township, Huma County in the Daxing’anling District of
Heilongjiang Province as data, the UAV images at 75 ~ 100 m were marked with Labellmg software, and
a data set of tree images infested by Dendrolimus superans was constructed. CSPNet was applied to the
Neck architecture of the YOLO v4 model, the Backbone’s feature extraction network—CSPDarknet53
model structure was redesigned, and SENet was added to the convolution before CSPNet optimization
calculations to increase the receptive field information, making it change the depth, width, resolution and
structure of the network to achieve model scaling and improve detection accuracy. Meanwhile, CSPConvs
convolution was used in PANet to replace the original convolution Conv x5, and finally the prediction
result was output through YOLO Head detection. After deploying the YOLO v4 — CSP network model to
the GPU for training, the memory of the training process was reduced to 82.7% of that before
improvement. The improved model was installed on the workstation for testing. Results showed that the
accuracy of tree detection was 97.50% , which was 3.4 percentage points higher than the average
detection accuracy of YOLO v4, and close to 98.75% of the current mainstream two-stage framework

Faster R — CNN. When attached to Jetson nano edge computing equipment, the detection speed was
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4.17 /s, higher than the 1. 72 {/s of YOLO v4 model. Therefore, the proposed detection model based on

YOLO v4 — CSP can achieve balance between detection speed and detection accuracy for the Dendrolimus

superans-infested Larix gmelinii trees, reduce application cost of the model, and realize real-time

monitoring of forest pests when attached to UAV.
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Fig.2 Mosaic transformation and Labellmg labeling image
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4 itig
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AR v A TR) L, AS BIF 5T 20 one-stage H A A6
YOLO v4 FEA8Y, 48ty — Ffr gt %k T AL BTG rp RO 45
/N A R U B JC A HIL S I R I Ok o K dls
Sy At b S O B R R L RE B R S A



543 ARSCHE 45 . BT EGHE YOLO v4 1) 3 A8 B HUR 3 WA S i R il 12 311
x2 IREFEESHILL
Tab.2 Comparison of parameters among main stream algorithms
. " , T IEH /% JENE N | EER A AR A S A
foE Al T L AREAE 9 4 - } , o
HER A i FE R ERi®/%  WE/GB LAIE/MB B/ (fs7!)
YOLO v4 CSPDarknet53 94. 10 94. 50 94.30 2.37 254 1.72
YOLO v4 — CSP SENet + CSPDarknet53 ( i ) 97.50 95.10 96. 30 1.96 201 4.17
Faster R — CNN ResNet50 98.75 99.77 99. 28
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JE I YINERFEAS . LR Ay 1 9 88 A2 A 1, 78 Acis
B ) J v Rl R 0 I 2 Y T T MR s 9 b v
RS 0 Al ZE AR AR S AL AU AR Ak O T fE T
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Xf Letterbox RECHAT LA , i — 2D D IF S &, 52
B 45 R W] - F 2l ik 5 CSPDarknet53 A5 B3 5
FHARFAE IF Rl G Al ZE AR AT P, R TR 132 Ak
Pk, 52 F V5 AL 07 2 IE B K W] 38 97.50% , L T H
HH 0L H AR AR AR 32 F 9 45 v i i SENet 45 44
HIEAZ B AE B, B S AR X AR 1Y) S B R
I8 F CSPNet AL AR Y 5544, 40 LL IR RS RU AR T iz
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A L B UL RS B N A 5 T B AR 201 MB, #5# &
Jetson nano i1 Z¢ 11 -SRI R 4. 17 /s, Al 52
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