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Rail Area Extraction Using Extended Haar-like Features and DBSCAN Clustering
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Abstract Obstacle is a potential threat to the normal operation of trains. Rail area extraction is a key step in the process of using
the train’s forward-looking camera to detect obstacles. Rail area extraction algorithm needs to be able to quickly and effectively
detect the position of the rail while not occupying too much computing resources to keep the normal calculation speed of the ob-
stacle recognition algorithm. This paper proposes a rail area extraction algorithm based on extended Haar-like feature extraction
and DBSCAN density clustering. Firstly, the image is preprocessed by algorithms such as affine transformation, pooling,gray level
equalization,and edge detection. Then the feature points of the rail are extracted based on multiple extended Haar-like features.
Finally, the DBSCAN algorithm is used to extract valid feature data points and curve fitting is performed through these points.

The experimental result shows that the algorithm can effectively detect the position of the rail area during the running of the

train,and meet the practical needs of multiple scenarios and conditions
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Fig.1 Different kinds of track in one line
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Fig. 2 Flow chart of rail extraction algorithm
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Fig.3 Pre-processing result
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Fig. 5 Feature points extraction

2.3 DBSCAN BESIT Kt &G

DBSCAN (Density-Based Spatial Clustering of Applica-
tions with Noise) i Ester 21V 4 H, B —Fh 3 T3 R K
PSR L B A /s 220 MinPs FTUICKE 42 e, 4 85040 R 43
P PR, A SCH il DBSCAN 277 ik, %t 7 8 Haar
AR B2 I p R R AT 77 8, 59 B 4 % R R AR . A B HC A
A, DBSCAN BEid T M ke A 4 L ol ] T 3F M ke A
B, HX SR ZEWE A U R SR T IR 23 5 ) R 2 1 45
T TR U B A BORE

XFBIEE D= {prs pos o) MBS H(MinPts, e), & XL
TN BHEE D R p, UM HABFEAR Y p, MIEE /N T
e MREARES & p 0 B A B I KT MinPts, I FE A
i IR G EREA p; S pi B e GURFEA, WFR p; H p,
BEEIEEGT propossspus i B p BEEE p, h
pr BRI GA, BT Rk X, DBSCAN REM LM T .
D A S % MinPts Fll e;2) BE B4l BOR Ab 2119 £ 45 3) #5 %
FA R R G T SR R T A T A X R R —
A I AR O NS G0N 10 T A M R 5 4) 35 T A SR AL B Y A
AT AT 2) 058 3) . 5 J0 R b SRE 7 U i 8 i A7 R
MR, A3 22 B A RN TR R AR AR IR B IR D BRI A
DBSCAN 52 . i 126 H A7 2 K %

Xof 5 B RS (¥ 45 SR HEAT I R LA L IR BT X 52
BROLE . H I B PR R L6 2k 2k 2 XU £ R
Z 2R 4 2 B B8 ORI 1 B M ST B LR
T H L AN B ST R LA A B LA 2R 00 {0
AZWAIR B ML HET G, W TAHREIER Cox T
A AR A (R A b 2R RO y A X B B A A A,
=8Bt e =X (O PR .

x=Ae” +Ce" (€]
Hi,A.B.C.D R &S %, v 38 i 5/ Z 3 ik HoR/D

3 XWHERSHM

O VA B3 A AN [ B 35 DR 3R A (P 28O R e D R
SR 6 JENE ., T MRS PR R AR DL BEAT AR AL B AE AR T A

EZNEEA R B2 1 s,
F1 R mEER S

Classification of impact factors
%5 2RSS %
BEOWA By R 3N A7 R i 5 B AL AR R A i 2
oy RR KR A e kA R R R
WHME WA Y R AR ER AT &R
S T Y T
FlEAT B A2 A R R AL B 3 3 o ik

Table 1

1 P

, .

3 BERM s smmmm

i TH SRR AR A A

. wary EATEERTRRANRA.FLHES
0

6 AERE M ERRE TR AR R A G

FE v R R B 32 AT A SR AT AR B L 1 EL 380 i
&R 1 g S 30 D A B0 4R . D B IE AR SO M RE L B R
AR PR B LR A TG T 2, % A S
S GHE R A  A Ab BRI . K Al 2R Q1645
W £ SRR L, 1R 1280 » 720, i FHTEC & 8 3. 4GOHz i7 &b
2%, GeForce GTX 1050Ti GPU,8G 1547 W7 #Y Nuvo 4 %
TAEHLEAT A B, B F JF &K B8N Python3. 6. 4 5 Mat-
lab2016a R & 4% . X F 55K & 4 A9 4b 3 2 BR/h F 50ms OR
A 455 B 11 45 SR m] AR R B TR S o R g b B A SR AN 6
FR .

6 SHELIRICR
Fig. 6 Examples of rail area extraction
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