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Insect identification and counting based on an improved
Faster-RCNN model of the sticky board image

ZHANG Yinsong, ZHAO Yindi*, YUAN Muce
(School of Environment and Surveying, China University of Mining and Technology, Xuzhou 221116, China)

Abstract In view of the traditional machine learning using artificial extraction feature method, due to the subjectivity of
humans affecting the effect of insect recognition and the accuracy of counting, this study uses the automatic extraction of
image features and introduces the deep learning target detection model into insect recognition. Compared with the
counting field, the Faster-RCNN target detection model is improved: In view of the small insect size and low image
resolution, the deep residual network (ResNetb0) with deeper network depth and smaller computational capacity is
used rather than the original VGG16. To extract more abundant features. Because of the high density of some insects., the
Soft-NMS algorithm is used to replace the traditional non-maximum value suppression (NMS) algorithm in order to
reduce the missed detection in dense areas. The results show that the improved Faster-RCNN model has an accuracy of
90.7% ,which is 4.2% higher than that of the unmodified Faster-RCNN model, and can be applied to the classification
and counting of insects. The use of deep learning target detection model for insect identification and counting is more
convenient than traditional insect identification and counting methods. It can integrate insect identification, localization
and counting.
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Fig. 1 Experimental study objects aphid and leaf miner
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Fig. 2 Faster-RCNN model structure and improved model design of Faster-RCNN
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Fig. 3 Residual block structure of ResNet
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Table 1 Average recognition rate of aphids and leaf miners in 4 models
Y igf oy T - g LEA TR ) R
Model Aphid Leaf miner Integrated average recognition rate
Faster-RCNN(VGG16) 0.874 0. 856 0. 865
Faster-RCNN(ResNet50) 0. 896 0. 882 0. 889
Faster- RCNN(VGG16) + Soft-NMS 0. 883 0.862 0.873
Faster- RCNN(ResNet50) + Soft-NMS 0.912 0.901 0.907

AT RN 2 KB BRI R ¥ E . Faster- RCNN(VGG16) Ay & 4 it JF i #4558 , Faster-RCNN
(ResNet50) A ] ResNet50 W4 £ VGG16 ¥ 45 i it 2 iU A 7Y, Faster-RCNN(VGG16) + Soft-NMS iy A Soft-
NMS 83k 8 e NMS 559k i 2k f #9455 8, Faster-RCNN (ResNet50) + Soft-NMS 4 | ResNet50 ¥ 4% 5 fft
VGGI16 M4 HH Soft-NMS 53k £ e NMS 553k 1M e AR5

Notes: The average recognition rate in the table is the mean of the average recognition rates of the two types of

insects. Faster- RCNN (VGG16) is an unmodified model, Faster-RCNN (ResNet50) is an improved model for
replacing VGG16 network with ResNet50 network,and Faster-RCNN(VGG16) + Soft-NMS is used to replace
NMS algorithm with Soft-NMS algorithm. The improved model, Faster-RCNN (ResNet50) + Soft-NMS,is a
model that replaces the VGG16 network with the ResNet50 network and replaces the NMS algorithm with

the Soft-NMS algorithm.



553

TREANGE . T it Faster- RCNN AR f)RY A (6145 B Bl 5l 5 14k 119

1
AP — J P(R)dR
0

X P ORHEF R R @ HIE,

i 1 Al 0L, ff ] ResNet50 I 2% /E b R5 fiF $2
) 26 S AR 85 3k 19 VGGL6 e Rl R 4 Y 2%, 255 4
SPGB T T 2. 4%, T JE KA 0. 865 i &
0. 889 ;{8 | Soft-NMS U AL G 1) NMS B ¥k, 254
- B R R 0. 8%, i FUR Y 0. 865 i &

(a) F-AFR
(a) Single target

0. 873; M f# | ResNet50 M 2% 4% % 5 3k i VGG16
LAl AE 2%, I H ol Soft-NMS 8 & 1% 48 19
NMS, 5 & F 3 U R T 4. 296, 355 0. 907,
th %4 nl DA F B, % H ResNets0 ft# Faster-
RCNN A fr ) VGG16 M 4% 31 H % H] Soft-NMS
A A 1 NMS L 45 2 (19 45 2R B, m DL 2 3
HOPRIHEO BER . ASAIF I 18 IO I R A5 AL 3 47 )
43 B B AR IR 22 H AR, 25 SR UL IR 4

Aphid 0.999

Aphid 1.000

Aphid 0.999

Aphid 1.000

) Z AR

(b) Multi—target

Aphid, 5 11 ; Leaf miner, 74, FEI[E The same below,
4 Pt Faster-RCNN B #R 46 i 452 8 B9 5 45 3R
Fig. 4 The test results of the improved Faster-RCNN target detection model
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Fig. 5 Improved Faster-RCNN target detection model count example
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Table 2 Improved statistical results of the Faster-RCNN target detection model and the human eye count

TR X, AHR3t%0 Human eye count F 8320 Model count
Identification area irf it Aphid Vi Leaf miner If i Aphid i Leaf miner
HEXB(E 5a) 2 2 17
Dense areas (J& 5(a))
i XA (L 5(b)) 10 9 0

Sparse area (& 5(b))
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RCNN H e I 455 89 5510 09 45 5 64710850, 7 H 5 4h
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