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Abstract: In order to achieve precise picking of residual film in farmland and to improve the recovery rate of
residual film recovery machine, the improved Faster R—CNN convolutional neural network is applied to identification
and detection of residual film in farmland, and a method of identifying residual film in farmland is proposed. Taking

the residual film left on the surface of the farmland after the 11MS-1850 residual film recovery machine worked as the

x W EH:2020-11-03
BEEWB:“+—h" BEFEAFRTRIETHE (2017YFD0701102-2), “Thirteenth Five—Year” National Key Research and Development
Program of China(2017YFD0701102-2); 5% A S8 B 54 ¥E B 5T H (51665057 ), National Natural Science Foundation of China(51665057);
BiEm H A X E A & AE 45 & I (2016B01003 —1), Xinjiang Autonomous Region Key Research and Development Task Special Project
(2016B01003~1 ) ; Hrsfat F 37 IX = R RHF-Xi A1) 87 [1 BA 9% B 50 B (XJEDU2017T005 ), University Scientific Research Project Innovation Team of
Xinjiang Autonomous Region(XJEDU2017T005 )
PEE TR TR ZE(1966—) , 5, DU SR B Bt ll R 204, i1
T WEEER A, E-mail : tuec@163.com



162 TIRE KA 4 (A AR BRA AR ) 2021 4F

research object, a total of 1 648 images are collected during different periods of sunny and cloudy days. The data set is
expanded by changing the image brightness, rotation, etc, and finally 4 950 residual film sample images are got,which
are divided into a training set (3 465),a validation set (990),and a test set (495) according to 7 : 2 : 1. The dual-
threshold algorithm is used to replace the traditional single—threshold algorithm, which reduces the impact of thresh—
olds on model performance. Through comparative experiments , ResNet50 with a residual network structure is selected
as the backbone feature extraction network. The accuracy rate can reach 88.84% ,the recall rate is 87.70% ,and the
overall accuracy is 88.27%. In order to make the detection model more sensitive to small targets, according to the size
of the residual film in the data set, the scale parameters of 32? and 64 are added to the original anchor points,and the
accuracy,recall,and overall accuracy are improved by 1.29% ,0.67% ,0.97% , respectively; the single detection time
is 284.13 ms, which basically meets the requirements for identifying residual film. It can provide a reference for the

installation of replenishment equipment for the residual film recovery machine, and provide a theoretical basis for the

development of artificial intelligence residual film recovery machines.

Key words: residual film recognition ; Faster R—CNN ; residual network ; feature extraction network
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Fig.1 11MS-1850 residual film recovery machine
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Fig.2 Partial residual film image samples
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Fig.3 Framework of remnant film inspection based on Faster R-CNN
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Fig.4 Flow chart of double threshold algorithm
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Tab.1 Comparison results of accuracy

of different threshold combinations %0
d,
dl
0.3 0.35 0.4 0.45 0.5
0.8 89.43 87.03 86.32 86.10 86.84
0.85 91.56 88.78 87.25 86.34 86.20
0.9 9541 93.62 90.19 88.53 88.25
0.95 93.07 91.46 91.46 89.27 91.44
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Tab.2 Comparison test results of feature extraction network
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Fig.6 Statistics of residual film area
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Tab.3 Detection and comparison results

—_— ; Y Y
KDl Bk B RS Pl% RI% Fil%
[6]/ms
Faster N
NMS i3 {1282,2562,512%) 88.84 87.70 88.27 256.88
R-CNN
Pt Faster  XUBMH  (32%,64%,1287,
A 90.13 88.37 89.24 284.13
R-CNN (=R7S 256%,512%
ERTH
EENW

H# 3 nl A, SRS, i Faster R-
CNN RRIEAERRR . R SRR Rl
1.29% .0.67%F1 0.97% , {HAE ALl K6 0 isf 1] _E- 38 1
27.25 ms, F2 i Rl — 2 pl Al G R A R R HE
BN, iz B R 3 RIS AR
W AABLI ] S92 o A2 A, KGN s ] DU TR RE 7 22 A ik
VEHE A ISR . B SRAG I B[R] 45 s o, AE AR SR
JE SRS I ALK . R ARSI 25 S & 7 s,
R RLLE B SRS SR A o R B T L
A PRAR ARG I 25 5, I 7 () (h) iz, BV 220/
HBR IR i FIAR B ARAE R THE T, R IIHEt RE IS4
HERA I HELEFRAR (5 2. . (0 AR R A7 A 2E VPR 3% i B
JESESE , BT S AN A O, an i 7 GO BT X
T AERRTE PSS REAR ], A e o DU A — 350 350 (R
PRI A E H—2 R iR, AR E N LR 5%
JEE) , J5 AT 38 I A A B I S — A i M R T
FHLikE.

(a)BIR

(d)1 Fraks (e)4 F 5k ()4 Jr L 5%

e i RN ST R vl it

(h)’j)%“”*%%qﬁﬁ (i) E’E#{Ll”ﬁﬂﬁ
B 7 RBA I 2
Fig.7 Residual film detection results
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