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Research on detection of foreign object intrusion in railroad tracks
based on AGMM

HOU Tao * , BAO Caiwen, CHEN Yannan

(School of Automation &. Electrical Engineering,Lanzhou Jiaotong University, Lanzhou,Ganshu 730070, China)

Abstract ; Aiming at the problems of weak anti-interference ability and poor speed of dynamic foreign ob-
ject detection in complex railway environment,a rail foreign object intrusion detection method based on
an adaptive Gaussian mixture model (AGMM) is put forward in this paper. By analyzing the characteris-
tics of randomness when compound jitter occurs in railway scenes, Firstly, jitter detection on the input
railway video is performed,and then affine transformation and median filtering are introduced to process
the jittery images in the video sequence. Secondly,the method of iterative filling frame by frame is used
to fill the black edges of the image after debounce to obtain a railway video frame without jitter and
without black edges. Finally,on the basis of the existing Gaussian mixture model,an adaptive selection of
the number of Gaussian distributions and learning rate is designed, and the improved Gaussian mixture
model is used to realize the background modeling of complex railway videos,and thereby improve the de-
tection speed of foreground objects. The experimental results show that in the case of jitter in the railway
video, the accuracy rate of the track foreign body intrusion target detection is 2. 6 times,and the detection
speed is 2. 8 times that of the original algorithm,which can improve the anti-interference and rapidity of
target detection.
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Fig. 1 Schematic diagram of fixed reference frame principle
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Fig.2 Image debounce block diagram
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Fig.3 Image corner extraction and matching: (a) Corner extraction of the first frame image;

(b) Corner extraction of the 50th frame image; (c¢) The corner matching result of the 50th frame image
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Fig. 4 Principle of bilinear interpolation
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Fig.5 The principle of iterative filling frame by frame
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Fig. 7 Effect and comparison of debouncing algorithms: (a) Original videos frame with jitter;

(b) Detection result without debounce;(c) Debounce detection result using only affine transformation;

(d) Debounce detection result using only median filtering;

(e) Debounce detection result of median filter and affine transformation operator

3 BENWSHESEEMIZZ B
ol

3.1 SHEGERR
BB T b A AR i M A
A K ) v T TR A AR A SRR T

M
P(‘l‘j~l) == Z(l);.z M 77<1.>/.1;1U1.1721.’)9 (17)
i—1
A M2 ARG I35, wn, R ¢ B
Z) & 8RS A (Gaussian mixture model, GMM)
BRI A ALE L2, RO 2 G MR R
W ) 25 B 07 506 0 22 5

1
(x 3 Ui s i ) = PPN S
L5 p 2,,1 (Zn)%!\Z,.,‘T

exp| - = )T D = 0 ]
(18)
ﬁ*yZm%%tW%GMM$%i4%%%ﬁ%m
5 2EH R i 278 ¢ BF 2] GMM 2 @ A 1 37 40 A 1
VA d RN x;., 4EEL,
3.1.1 K% &%

T A GMM RE % 51 47 () 5 iR R 1R &R
Ao 305 N AR I LIE 1 = 1 s A AR, &SR0T EE LAY
SR, ¢ B ZI BRI st b M T MR AR R R
x;. K85 GMM #EA7UC D, HL 7R H

| 250 — piv | << 2. 561,10 (19)

AV BC i A2 28 (19) , D) D e i 2y » v 7 4 & 1 5
B = (20) T,

prie = (U= ppies Tpr

g0 = A=pai i +olaj.c1 =g (@ —pie1)s (20D
1cum =(l—-dwi., 1 Ta

o AU Y SR A AR T R A SR R

p HEBOEFER A o~

N E ' SBREEAVLE PR
Gy BB T 22 AAE A E TR R

wi. = 1 —wi1o 21

A VLA 2 5 (19) 5 28 B AU fie /N 19 1= B0 4
HLCHS AR i IR E TR A BN B R
MR TT 22 B SRR RAE x, NN E .
3.1.2 Hx#FLHAF B AREN

T S PUHT S H AR R R A e R R
EHwEMGE RS R, SEEHE. B MAS
Bror s R P HES) R HEF G N 4 io s sik s I
B e A S R 2R & 2 AR B K TT B 4~
Wiy it RN

b
B = arg min,( > w,, > 1), (22)
A T TUE B9 B

TERZ T, 138 K 3 5 b A& RO
ERRE G TRNO0.75, &g KSR RSN
T 5 U 2 HI R A Y ME — bR v R T Y RTR R &
VERCTHT B A 01 20 A5 5 3N B 5 22068 L 1 5 35 4
i, U R IR
3.2 BENMNSHRSER
3.2.1 B pEFZM A6

T ey 3 AR AL i M2 — A B 19 # 80  AS



A Bk VB IET I I e R A R A BR A S AR AG I BT 5 « 409 -

12w M 4 AR A SC M=3, {H 78 52 b i 1% 3
Ll FHIRRE A2 A, AR R S 7R ) 8 T fig
B BLAE — B B[] 2 L (R, — BO A R 2 2 0 E .
U, SR — P I8 R ok B 30T o A A BR Oy ke
BB 10 it X = 3 A A HE AT A T A =
ST . W EW IR AUE wiw=0. 1 TR IR bR 1fE 2
o =150 2 H o (AT B 0 o A B 2 223D,
WA A IR B 0% v 3 A e 22 A 1 5 I

Wit < Wit & & (i, /61.) < (Winie /G ) o (23)
3.2.2 BAERBRBFIRELRHK

o ST VR A AR TR (%) T R O T 2 R
Mo HB/N SR E SR EN. o B
Bf ) B A . R 22 s o BB K8 25 M B P 1)
B R AT RS HARTr s SR . AR
AT HEM 2= R, KA HmRERES BB ER
B FEAELDR B R A 38 2 ) R AR R RN .
0.1,0 = I —10%

sum

—o.4s~%+o.14,10% §£<3o%

0.01(1 — L7y 30 < 7 50y
sum sum

0.005. 1" = 50%
sum
(24)
o, sum FoR X — Wi EHR IR R 1 BB fr Fom
PRSI T AR AR F S A%k
ANV AR T, O N
A E S B AR R SRR B

RN T

4 KBWEREHHN

SRy B UE SRV B AT AT AR SCRE UL S B Bk B 1
4 T 2 My s T gk AL, 7 MATLAB2014b
-5 R el S B SR AT S

1) 251

PARE 51 1 J2 A 40017 B PR B8 T S ) A 2k B
TH 1) A P A5 L 52 5 T 43 i T GMIML 5 125 AR SC
T3 B HEAT S A, DA A2 B A AR YR SR Bl B 35 HCHR A
FPA 1A 1 Wi, 5 55 WL 55 132 WiL 55 220 Wi, R
(7] K 3000 7 32 A 00 A% SR % L T 18] 8 B .

2) 5 2

AT 5 2 S A R B T 2 ) A= Bk B
TH 1 A P 5 2 5 T 43 i T GMIML 5 125 Rl AR SC
T3 B HEAT S A, DA A2 B A AR IR SR Bl B 35 HCHR A
JP3 2 (955 25 i, 55 100 i, 25 180 Mit, AN [mlAS I )
TSI A SRR LW E 9 R .

i 8 AT 9 (R I 45 3R Al . SR T GMM Jy
SN SR 7y alll IR =% Rl B N NG 155 15 S = | S
T OISR AFTE R 3l HAG I 25 5 b A K& Al
HEFIRER, AT IEBIABEMRT BT FHLE3)
SR AR A, JF B H bR s B2 B WA s

Ry T AT B VAN AR AR A E A AR D Y
R B P R Fr gk I 25 86 5 5t HAR R R
MG F, FoR BRSEBRl s B R 2 A8 1A P

L 00% 2 B I R R R 1 R

Fy
F24 T AR CH AGMM 5 GMM £ 2 4~ il

K1 2HARNASIHEHE

Tab.1 Prospect accuracy rates of the two methods

GMM method/ %

Lab environment

Our method/ %

Increased accuracy/ %

Experiment 1 31.2

Experiment 2 24.3

80. 4 49, 2

76. 2 51.9

®2 2 WMEEWIETRIE

Tab.2 Running time of the two methods

Lab environment Data size Number of frames GMM method/s Our method/s
Experiment 1 1080X1920 263.13 87. 20
Experiment 2 448 X960 113.07 40. 37
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Fig. 8 Comparison of the detection results of different detection methods in a simple environment:

(a) Original video frame with jitter in a simple environment;
(b) Target detection using GMM method;
(¢) Video frame after debouncing;
(d) Video frame after debouncing with black edges filled;

(e) Target detection of this method after debouncing and filling
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Fig. 9 Comparison of detection effects of different detection methods in complex environments;

(a) Original video frame with jitter in complex environment;
(b) Target detection using GMM method; (c) Video frame after debouncing;
(d) Video frame after debouncing with black edges filled;

(e) Target detection of this method after debouncing and filling
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