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Abstract: In order to improve the reliability and safety factor of driver assistance systems, and achieve
pedestrian detection with a higher precision, an improved pedestrian detection method based on a tree-
structured graphical model of the human body is proposed, and it consists of an offline training part
and an online detection part. First, the corresponding parent-child parts are obtained by defining the
symbiotic relationship between human parts, and then the K-means algorithm is applied to the location
relationship between part pairs to acquire part types via clustering. For the purpose of taking both
intra-class tightness and inter-class differences into account, a hybrid particle swarm optimization
algorithm is built with a two-phase fitness function via introducing MSE and DBI. It is not only
effective in estimating the number of optimal cluster centers, but also in eliminating the effect of

random initialization on the clustering accuracy. Then, the part type obtained using the optimized
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clustering method is considered as the latent variable. The pedestrian detection model is obtained
through solving the latent structural SVM problem. Finally, we estimate the position of human parts
and the detection bounding box on multiple scales based on solving the state equation via a dynamic
programming algorithm, and obtain the final pedestrian detection result through incorporating the idea
of non-maximum suppression. Experimental results indicate that the performance of the proposed
algorithm is superior to those of five other pedestrian detection algorithms. In particular, on the
INRIA and ETH databases, the loss rate of the proposed algorithm decreased by 8.14% and 5.05%,
respectively, compared with that of the pose-original method. Experimental results show that the
proposed algorithm has good performance and high accuracy and robustness.

Key words: pedestrian detection; tree-structured graphical model of human body; K-means cluster;

particle swarm optimization

1 3 7

VT AR B VR AR A B AR 1 1 L 3 T 1
P A S R A TR AR W T . AT AE IR
72830 1 22 5 35 AR X 55 S AL DRk A=
W g e R R R TR G IR, R
B Ut 0 B B R 4 ( Advanced Driver
Assistance System, ADAS) B2 & 15 8| T A % L
P AH 2 i o] v Ji A AR 35 Ol B TP 25 R R 1Y
T 2 I ol EE B AT R 5 7 L 2 T4 T
WO RGN TR R R N R A
S I S it A8 R ) 2 AL A 00 A AL R R AR A
5 B i e 1 )

T 1 2R R AIE 27 2] 1 W S H R
A7 N A O ) 8 i 3 2R A, v B TR AR 2 ) Y
JEAEI AR IS TR R . Viola 451 X &l
R EEH Haar-like FEAE, OIS T R4 19 DA RCR
Dalal 2 i H 19 HOG FRAE M KA 2 i 717 A
R R 0 K R . B X HOG R AF B 4778 19 J R
PEBEE BT — 2 H A A SR Y Ok SR
Wang %506 LBP £+ 5 HOG 5 i SE A7 @l 7 .
oAb T OHOG Zr B fF BB kA 2.
Felzenszwalb 2507 38 1y T — Ff 0 28 T 35 {4 465 U
(Deformable Parts Model, DPM) , i i 1% B B2 %
AdE, % H B4 ¥ SVM (Support Vector
Machine, SVM) #EA7 Il 45, — & f2 2 Eve ik T H
B4 S8 28 B v i T4 . 2 S Y ek gk AR
LatSVM-V2U 7E LRl ERA T 2 B8R R
SCAE BRI i i e S e R AR B T — PR
Tt Pedersoli %" 3k F £ 43 #F 43 |2 1] 45 I8

A5 T p R SRS 1 2 5R ms , 7E 8 R &5 R
IR AFR Y DI, R s 1 A DR B L O 3RS T
B MMER 3, I Ah BT R R A ) B AL Y A
TETEA TR B F IS T 00 R A 45 21, 5
ST DPM KR Y 28 i B I % 5% B B
filt, FCAE REMCARAF AR BRI AR TH 25 6], Ak oK
T 55 R HE AT WG 0 7 AR AT T S R e
Ouyang %" 4t —# UDN 553, FI i CNN HI
DPM A A S 28 00 28, A7 R AR 1 4G 00 A 158 A6
R A, SCHR[8 45 & & PP 48 W 45 4 th —
I A2 29 it Ak J 125, il 2 JLART 24 SR AE 51 240
ST H AR A A

T A% GE 3k T AR ERAF B A7 A O 12 E
B AR R 5 32 R 1Y 8 ] Se g R DL
A T AR AL AR AL AT g B, X T 4% 5
1 2Z TE] %) SR Ja 1 i = 0 2 1) il A L g T BR ) T
R vERE A0 BE— 2D R . T sE iR bR )R, AR
SCHE T S 0 B R BE AL X A AR AR 2
() F) 25 (1) 5C 28 0 Jmy 358 DI 88 A Al ok L T T — A
BN Gk AR A T 114 22 38 30 B AT AR Oy 2
e LRSI Z AT R R IFE S K-
means LIRS FF AR TR AL EAT R 2K L 3K
BWANGREARNRR A &, 25,8 TSN %
BRI 2] o B, B T U7 1R 22 (Mean Square
Error, MSE) Fl # 4k 7k £ T 5 1 (Davies Bouldin
Index, DBD #4 & 4 7 W B Bt 3 17 B R AL 09 TR &
¥ T EEERZE (Hybrid Particle Swarm Clustering ,
HPSC) B3 Pt T K-means B3k X 90 4 s
DU, H R Koo R a8 R E R bt
Bt A R v G ASE A Y M R . 7RG
D 52 o R B e 1 5 P A 155 8., 45 5 B A5 R R 5



1804 e KE TR

5 26 &

VR SR AR 25 A R O R L TR R IO R AR 11
AR 25 5. fe ), 18 INRIAY F1 ETHY 44
e B L3 B S AT A0 7 3 A PR REREAT T

2 AT ARA B AR 69 47 A de m]

I AR ARG P A5 0 X6 25 AN 4 22 [ 1 2 (] G
SRy BB NI EE SR AT A JF R AR S A SO B
Fold 25 L A o AR AR R R IR SR R B 4 F SVMEY
REAT AR AR, 22 J5 , 3T 2h 28 0 3 B AR AN
A K fE W H ( Non-Maximum Suppression,
NMS) Bk 58 AT AR AT 55 .

2.1 AFHRE&RE

e 5e 1) DPM R ] 22 450 #Y 11 5K W figk ke 1 40 £
AR TR DU 9 5w, 9 DUAS TR AL AR BN
PRFR A S B 24 T O 2R Ry Al 3 AL {45 AT RS
gPRTmE M, HERERAINGT RS L8 F
BN SAE B0 25 TR Z 8 2 1) 56 & K Ry FR NI
JEE 3 VA A B RCR T T 3k 6 R 5 R AR S
50 o R e X T v A AR £ P A A P L
AHEEZ L,

BT BRI Hr AR SOR H — TR 18] 45 48 X A
Mt A X T 2 R O [ R R
AN [E] R A 2 B 1 SR, A PRI 1 S X 5 AR 2
8] 1) A O R AT 2 S s I AL 5356 44 19 4R XF 7
B AT K-means FJE, 7 1M 28 B4 BRI G AE A 1Y
AR R,

PR G R s R L 3 Hode iy R R A A
L& LA 58 0 AT AR R A bR AT AR
pi= (xsy) i€ {1, L}, H t, BRERM i WPF
JE SRS, B Y iR A 5 AR A B AR T
AL E R IR BB T K-means 535 19 5
Kb, BERAE AL FIIFTE K Mg
KEN € {1,, K}, Hr 4T K-means 5 1%
RO EEEY K, AR EER Y G
= (V. B, V FRR NEFRIE RS ERRLT
WM R B ES. 2 ={n, .0}, &
SC— AR S AR 53 ] AT A A AR
SKAN PR, T T IR 25 TR A 2 RS )

S = Db+ Dbk (D
Hrpei 5 5 BRI, b oA )8 T
A Y RTREYE s 0% 5 RN EAF « JB TR ¢, A

j)B TR ¢, HWH R B A7 7E (9 AT R
A2 20 () SCEMG T AS [a] 3 AR 2 A K
1R AL E W SARIT 53 R AL = (2) PR
SCLpst) = S + D wh » oL, p) +
[ISAY%

Dl e $Cpi— ) s (2
Horp s wl FOoRFBAE § FERN ¢, B Y U8 B AR AR AR
oL p) SRR R A HR p AbBY HOG F#AE 0] &,
whii FRAL T i A0 G AN AESAL ¢ A T RYUE
PR AL B T RS B S EE R, 5
ShagCpi— pp) =[dx d2* dy dy IR
i i ERR,H do=x— 2, dy= vy — ;.
BT R AR R 2 Y OF Tl L3 ) v F
J5O L Hed AR R Lo 26, SR 80 K
4. ZE R AR A A Z [ B A F Ok R OR
B 25 43 R R A i 1] Sk BRI B AL TR R
S B 44 A YN 25 B 15 T A AR T A . TN R IR
FHE) Image Parse 3l 4277 AU HEAE T 14 4~ A4k
PR T i W BAAE R AR i
179770 nZe B v B 41 €0 B RV bR 7 5 TR LR
A U 2 0 SCHk[9 ]

rl
15 15

_.-’2-._

19 161 fa.t |
we e AR
21 9¢ ;
22 10/
723 114
{24 124
125 134
6 14t

Bl AR R R A
Fig. 1 Schematic diagram of tree-structured graphical

model of human body
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