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Research on Automatic Detection Method of
Foreign Objects Between Platform Screen
Door and Train Door Based on Deep Residual
Neural Network

KONG Delong, PU Fan

Abstract In view of the problems of poor accuracy and high
false alarm rate of the existing detection method of foreign ob-
ject between metro station platform screen door and train door,
image recognition principle based on deep residual neural net-
work is proposed, and real-time detection is realized using met-
ro station departure indicator image. First, automatic foreign
object detection system based on deep residual neural network
ResNet50 model is built; then, platform departure indicator
video frame information is collected to establish a data set and
to complete system training; finally, the system processing
effect of verification information set is analyzed, and the sys-
tem is applied in actual metro stations. The processing results
show that the minimum accuracy rate in actual application veri-

fication is 98.7% , and the processing time for single video

frame does not exceed 65 ms, which meets the requirements of
actual metro operation.
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Fig.1 Calculation principle of convolution
BEERER T, 1930 ek B AR, 388 11 5k
BT, - MRERT, oo X b NIWEZR,
AR BRI BB B K, b e ek
T, 9.

T,= Y ReLU(T, .\ +b) = ¥ max{0,T, ., . + bl
T T

(2)

e BUZ R ok T, A AL 2 BEAT R

RSN IR i S S R W a Y

AR TRIINEAS 22 5 BRI . AR 2 8 3 R M, P Y

BRRBRABUCERITR SR M, - K, B ]

ookt K, NTElIE ¢ Bisra . SR Rk R gk
A Pool U T iy e KM AL Z RN -

C
T,= Y Pool(T,) =
c=1

C

2 ;max(Mc) JorM, e T, (3)

B T, S A BVARLAERES s b, nI A5 2L =
M ER . R AL Z A hERZE ST
A HED B R A 32 IR 28 ) i A 4z i 45 2=
PEATAREE . B R e AN Full, W) T (9 4238 3531
AEURAT LR N -

[ c C
71‘7 = 2 Full(TC) = Z Tc : K = Z Z (tcl,w,h,c X kw,h) ’
c=1 c=1 c=1 T(_
K

T e T’tcl,u,h,c IS T(‘,kw’,l e K (4)

B ITEs R T g A BN ARZMEROE s B, w1
Bl U P S S x TRRESE
1.2 RERERENLZ

P TR BE 5% 26 22 P 26 02 R T il Dl A% e 45 R
Tt 25 0 48 R U A 25 4 1) R JZ2 AL R SIS, | T 2% A A
BEDRE H B0 38 5 Y1 hi 22 vk 2 N 28 A ALK
AL 3 g A P AR R TR | A5 252 2]
&, T LUA RO A% Gt 22 )2 4 AR 28 ) 2% v st i
TRELHY (0] B, — A B 7R Y % 22 27 ) BB 1 2
Bz o

F(x) relu

F(x)+x

x
identity

relu

H(x)

B2 mk2EsE )i
Fig.2 Residual learning module
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Fig.4 Detection flow chart of automatic foreign object moni-
toring system
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Fig.5 Systematic accuracy
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Fig.6 System data loss value
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Fig.7 System data loss value
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Fig. 10 System total time consumption
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Tab.1 Statistics of actual predictive accuracy and single

video frame total time consumption

BB EARERR/ % iR S AR/ ms iR RWTER/ (Ws)
06:00—07:00 99.69 42.13 49.14
07:01—08 .00 98.84 60.37 16.56
08:01—09:00 98.76 64.48 15.51
09:01—10:00 98.93 61.52 16.25
10:01—11:00 99.42 50.46 19.82
11:01—12:00 99.37 53.31 18.76
12:01—13:00 99.54 52.34 19.11
13:01—14:00 99.42 51.58 19.39
14:01—15:00 99.23 56.87 17.58
15:01—16:00 99.65 48.72 20.52
16:01—17:00 99.23 56.66 17.65
17:01—18:00 98.84 62.35 16.04
18:01—19:00 98.91 61.33 16.31
19:01—20.00 99.26 55.47 18.03
20:01—21:00 99.45 51.52 19.01
21:01—22.00 99.36 52.83 18.93
22.01—23.00 99.74 40.94 24.43
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