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Abstract Tire pattern image retrieval (TPIR) plays an important role in traffic accident management and criminal case
solving. Although content-based image retrieval (CBIR) has been studied for decades,and few literatures has been done
in TPIR due to the lack of tire pattern data source and its special application scenario. Based on the review of the re-
search papers in the field of TPIR in recent years, this paper provided a comprehensive survey of the state-of-the-art
techniques in this area. First, this paper described the research status of TPIR by summarizing the existing techniques in
low-level texture feature extraction and high-level semantic learning for tire pattern images. Then, this paper introduced
tire pattern image databases appeared in literature and the performance evaluation parameters used by researchers. In
addition, this paper presented experimental results testing on low-level and high-level features of tire pattern images,

with results analysis provided. Lastly, considering existing techniques and practical applications, this paper discussed the

research challenges in this filed and pointed out a few potential future research directions.
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Fig. 1 Different types of tire pattern images
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Fig. 2 Retrieval performance evaluation parameters

3.1 BEENESLER

2r % (Precision) Fl£r 4 % (RecalD & N H R & K72
R A GRS R PEREIT MM AR, B R BRI PR &
WoR A R I R R R gtk Il 1 5 7 1) TR AR D6 i 5k E o B
AR BRI E 4r L %0E 43 L 0 S0 B 3 B R R Bk 1
EMERME MR ERE RN R, &2REH
FZRGEIR A1 5 7 5] G S 0 450 B o5 S0 PR v i A G [
BECE BT 3 M. A2 R S WURS 2R AR Y A T M T A E R
SRS 3R BTk A A T TR T DA A A SRR o Ok B
MR RGN A R .

W a A I g R b S92 R AR O RS B L w S A i 2
2 bR AN AR G R BCH S o S B FE oK BlR R BB SE bR
FAOC I R ECE L U 2 ol e Ly R T RORINF

o __a
(precision) oy [@D)
R(recall)=aiv (2)
F P HETEAN R R M R B, AR A6 R R SR Il g 45 R 3T &

AR A R, R AR A R RO R Rk
PR RE MY . (E LA TR B AR, — B LT A R A A R
SN E R AR ARMEA — DAL R ARG AT A R A 2 R AL
SR TR] I FR AR 30 R AR T (A AR — A AR A R X
S5 AT LUTRT BA b I R SE L T BEUF RS R RE .

T OLT R 2 2 P RS R A5 R BT 3 A vl R
A A A A B AR AR AR R FR R &
A 4 48K R IR AR B0 il 2 P 2 48 3 A R TR P RE Y
JHAE R« LAE T B 23 By A5 0 3 A R AR ol . 18] 3 0
AR

100

[=1&E#%]
095
5 0% \ ....... SRR S S 1
T
& 085
080 \\
075 —
1 2 3 4 5 6

M3 kR Lk A
Fig. 3 Precision curve
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Fig. 11 Flowchart of combination of feature extraction and

SVM tire pattern classification

ik (2342t —Fh Gabor /M AR Al SVM AH &S 4 19 %6
JRAE SR U B 1 o i A ik S X R G GEE AT T Ak B, DAY
R BRAE SRR I SO, G X RV 5 A RUBE 8 AT Y
Gabor /N ke 25 e i 48 S EMGRFAE L 35 1] 32 38043 43 BT (Prrin-
cipal Component Analysis, PCA) 7 A% 48 i gF — 4 32 BURR1E
SRJGFIH EIRFRAE N 25 SVM BEAY, X 4% 116 46 8 BUR 3E AT 43
FEVTHE ., K HAE 15 28 120 W 19 56 iR A8 S0 PGB PR 1 3k 47
Wi, 25 0 3R B M 20 60. 004,

SCHRL26 14t —Ff B T 43 )2 B DT IE 53 28 4% (Hierarchi-
cal Fuzzy Pattern Matching Classifier, HFPMC) ) & fis 4 20

By KA, EHEE RN C ¥ H (Fuay
C-Means, FCM) B 288 ok 44 3% — o B %K M (Binary Decision
Tree, BDT) , 75 A1y s Ab 5 T SRS A R LB RE U8 K A7 1T
B o A AN TR B AR AR R TR . R R P
FRUESEATPPAL « DR IRBE 2 J— R T A A E )& T [/ —
AN SRE K B R M RRE TR R S A B TE
—i2 .\ HFPMC Y 2 K % 2k 45 #5 (Hierarchical Cluster
Structure, HCS) , >R FB R # X UC BT (9 43 )22 3 26 4%, 7T DLAR
O B E AR S5 KA ARk, R
W I AR N Y 2R 28 ot ok 8 SC HFPMC 1 2 2% 1E# 42 R Ji
R, ISR BIIZF LB T 79. 30% 1Y HE R Z, B L 5
TE T H X %6 B A8 20 BRI A 0k

1.2.2 BS54

VEAER R 2 R, JUHE 4 Bl 4 ™ 4% (Convolu-
tional Neural Network, CNN) {7 H} 3 K1 BR RAE 8 7, H
PR 14 J2 0 Ak 3% AR 2 2 B0 20T LLAS B0 o i e gt 1 o 2 0 L
FRAE LA4R/INE SCI5 38, CNN 7E 1 22 3T 5 LA 98 1 I b A
TGS B 0 P AGOR A3 R0 A I T A

2% SO FH 3 B 22 9 45 A2 CTIP-XUPT A1 BA BT 22 119 %6 Jif
SRS L AT 908 . KR Caffe - 5 19 Alex-
Net #1285 W 2% 52 ). FIH CNN 4% fF K R 79 F 35 1 5 % R
79.6%.

DR 2 ] HOR RE i U 1 35 R 1 R A T A K
BRI T RGeS R b T80 R IRk
S LR HR B K T I R o DA T 7 2 AT R R )1 2 o A 28 0
AR 5 N B8 AN 2 TS B 30 & Ta) &8, 32 M CNIN Y
PERE. (0 S A5 R LLE L B 2 R &
CNN AR B A AL G AR 2 4 1 5 58 1) 18110 RAIE g
4.3 RREYEGRERROES SN

Fe MG AL SU MR A B0 5 A % U0 S AH OC B BF 5% Ak, BoAy
AR X, I E TR R A TR R R A
SNSRI . R T8 iR A6 S0 IR R BN ok TR
R RPN T T 4 R B HOHR T A7 7 TR 3 B e
VL7843 ) O B8 2 2] 45 55 2 N SR8 di n O S 5812 s ik A
H T e 2 AR 1 00 D s AR L X LU BB PR R B R R
AR B 35 T 56 16 A S0 UG  HR AR B2 R R R Sk L TR I
4.4 NG

A X SCHR T LA 1 TPIR HR 48 iR IR )2 SO FRAE 42
BRI 25 AT AN T AT T IR Bk 12 F
IR [ AR SCHEAT T A C LI IE A AT R AE T IR A AL .
[ P AR ERER A
| FASER R |
R G PHEEHY

T AFAESR B
A BAER I A B
R
E A
ERHENLESF
B 12 ISR GRG R LB

Fig. 12 Summary of tire pattern image retrieval algorithms
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