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Prediction of Pedestrian Crossing Patterns in Unsignalized Zebra
Crossing Sections

ZHAO Ji-kang, LI Yong-hang, REN Miao, WANG Yi-fei, NIU Jin, WANG Chang "
(School of Automobile, Chang’an University, Xi’an 710064, China)

[ Abstract] In order to improve the prediction accuracy of pedestrian crossing patterns by conventional vehicles in unsignalized
crosswalk road sections, a pedestrian crossing pattern prediction model integrating extreme gradient boosting ( XGBoost) and multilayer
perceptron (MLP) algorithms was proposed. First, the pedestrian-vehicle interaction data in the unsignalized crosswalk section were
collected based on the cameras and LiDAR installed on the roadside, and the behavioral characteristics of pedestrians and vehicles were
analyzed, and then the factors affecting the pedestrian crossing patterns were screened. Next, the predictive effects of different
combinations when used as model inputs were explored. Finally, vehicle speed, vehicle-to-zebra crossing distance, time to collision
(TTC) and pedestrian step speed were used as model inputs, and pedestrian crossing patterns were categorized into direct crossing and
waiting crossing and used as model outputs, and the XGBoost-MLP model for pedestrian crossing pattern prediction was established.
The prediction accuracy of this model for pedestrian crossing patterns reaches 88. 65% , which compares with the single XGBoost model
and the MLP model, and its accuracy is improved by 3.85% and 2.61% compared to the single XGBoost model and MLP model,
respectively.
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Table 1 Basic parameters of LIDAR and HD cameras
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Fig. 1 Schematic diagram of the test section and field
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Fig. 2 Schematic diagram of parameter time period selection
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Fig. 3 Plot of pedestrian step speed versus crossing pattern
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Fig. 4 Vehicle speed versus crossing pattern
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Fig. 6 Relationship between TTC and crossing patterns

3 T ASEER RS

HES 2 AT AT AL 547 N iU 4
B E IO FE AR, R 2 B 5 4 E
R L LA S TTC 23 X A7 Ao A5 =™ A i 358
Wi, (AR B — SO AN RRAR S b X 2347 A2 1E 85
Gfpit ik R Hae iy, UL, e ST pL AR
BEAFOM AT A e X, X b T AR S5 A 1E
SRS B AR TR R | DT B T S AR A A A
ASHAR .
3.1 #RBIA4R

HE N XCBoost £, i J5 /44 MLP BiHY |
TEIERD B 32 XGBoost-MLP Fil 445 %1 ] T47 A
Bu e W T D 2 % B = R S R ey

¥ Mk . www. stae. com. cn



By A5 TR

5204 Science Technology and Engineering

2025,25(12)

RE FLA3 2B D, 5 B 43 2 ) g epr 0 {EL 2
AR A B RS 38, XGBoost 15 A hy — b 42 plt ke
TRMASEAY | BE 0% R 4 b B2 1 45 1>y A RPAIE A9 E
PES S BRI T S A b AT g A AR A T
T, 27 45 2 ) (AR il & JELAR S — i
fill & XGBoost 5 MLP [ XGBoost-MLP 45 %% 17 A
AT R
3011 Mk RS

W it B BE $ F+ B ( extreme gradient boosting,
XGBoost) J& T4 127 2] LT %) Boosting 7%, HAZ
O JEVAELI T8 AN W7 3t 75 I RS 174 (] 1sf 32 47 4R i 2 2 LA
AR AR AR BT 1 2 25 ) — A ek B, T AU
B b 2B T LSR5 TN R =[] 0 22 4, R AL 45
N 7 fioR . BRI AR AT KR

;/i = l;fk(xz)’ S eF (1)

K (1) ey, F B 5 £, W4 b BRIEER 5 F o kAR
BUAREES ; £, (x) A kBRI 0 DEEA T
CECII

XGBoost FEHI ) FH AR R AL 7R N

0M=§Mx&>+;0m> (2)

R2)H:y, WESE; ((y,y) HBIEREEQ N
e

K7 XGBoost FAIZEF
Fig. 7 XGBoost model structure

3.1.2 % ERSmpLAE R

ZJZ I HIHL (multilayer perceptron, MLP ) 45 7Y
HAMRRIERLE G 6T, BREAR L H Up i 2 Fh i
AGR GBS RS Z R A RRE, MLP 5P ER
LML TAEZ AT LA =25 B A2 | RO 2 DA

fi 2 55 2 2R AR 8 L2 1 %
KFN

Yi :f(bj+ ;xiwij) (3)
Wb, MR

{11 sigmoid I pRALY MLP #7806 & 0]
TN

o(x) = —1

1 +e™”

K(4) . o(x) HEEHREL
3.1.3 XGBoost 5 MLP #4

XGBoost-MLP I ZE 5 40 8 Fr7n . XGBoost-
MLP #AVA] DL 43 A XGBoost JZ #1 MLP 2, XGBoost
209 F 2 R A 5L 4, XGBoost R i A n B PSR
W BB AR R o, WU DA A AR5 S50 4 [ 28
B — AR 3 2R n BRB A 5 05 1 SR
745 S ARAE I 1 One-Hot 2 fith 55 4 A3 B A 1)
B BT RYERIE M R A MLP 2% AR AR5 R E
] i 2 H A RS T 2Rl Ol 2 T AR i, 28 R
2, B A R 2 AT A

T vl MLP R0 2% 1 3 85 1) B, 76 MLP 2
B2 5] A Dropout 777%, Dropout /&—Fh7EHL
e > AR B E A H AR AR HTR B R DL
M3 B B G 3 308 43 1 28 70 ok B AT B AU 3ot 4006 1Y
Al REME  ZERTRL R AR 2R B2 v, Dropout 85 J) 2% >
L PR B R AT, Bl L A5 A B e 4 22 5 7
A A HH L Ak, 5 R BIA Dropout J7 ik AR
AL, 51 A Dropout F AR AT Ly #5345 7%
(R GEVRTHFE , A2 O B T o i 23R D RT3 1 A KR =
WM, BT Jofs 5 5 2R i BT A\ B A7 7
%%’E%’%E‘JE%E%, A, 5] A Dropout HAR
T oA IR 1) R PR A S I
3.2 HEENGES5SHMK

TEXT XGBoost-MLP #5% %1 #F 17 Il 25 22 1, ¥ ]
80% F1 20% H LE 151K Kl 5 H BE AL K1 73 4 I 2R 46 7
RS | SR 5 38 2o 8 5 AR S ORI R B A, 7E
XGBoost-MLP A rh 4 DN SRR L5 &,
BARIT

(1) %238 X SHGE 1o AR AR TR B A P S v
FIRLER , 7 LA BRGS0

() fliitasigee, BRI R R P aE
R AR

(3) e KRR, B MY Je 58 A 19 ok

4)

W
(4) T4 MR, 4h 1 2P

¥ Mk . www. stae. com. cn



2025,25(12) XAk RR 45 . TOfE 5 B 4k I BAT A s = S 5205
XGBoost)Z g
¥
n
L . ) I )
T T T
PANFFAE SrEemt 5 8 BT
#8 XGBoost 5 MLP &k Fil & 45+ 14
Fig. 8 Structure of XGBoost fusion with MLP algorithm
1 e/ M EE Z r—
T HENTA SEE N B A, 8 1 78 A% T
R ITETSIAS ?ﬁiﬂ%‘% iWﬁ‘/M%J‘iH“%iﬂ e ML e B ey
HIPERE . ANl 9 s, 78 5 Prac EREH , Y ZR 50 |
LR S NRIER T, Hp—TF4EHT TR XHAE !
AERE HA 4 DT T GRR, fEE | s | mmasnas | | i |—
T 5 WIlGMBIEZ )5, W BA ANFES UG f v t
VR LI TEAR | F9 71 P Bl 5 2 15 B B I i || s REZZE
AR AR A AR IO IR PR BE O AL 2 8
°. RiFs e o] R SRR
WEME2 PR, ‘ H H |
3.3 HBEBMANSH BAIR
: TR 2 y L
41 XGBoost-MLP #8317 % [ A 244 F G (R —| MR -

gL, Horh B ROR B T R R B B
LR RE B ; = SR8 000 B R | 2R B B L £
FE B AT TTC ; VU S EHE ) 2 W A8 5
MRS TTC Ffr N2 &l 10 24 XGBoost-MLP
RERIAE 3 Fhis AR 19 ROC il 2%, DU 2 50k A B
AUC {H} 0. 953, tb =S8k A — S5k A o 51
BET 1.4% M 4. 7% , XU BRIESG T2 L
TN HE ST N B i il RS r kA
A O, H S B A S 4 X AT N A e AR 2
ARG R 5 BAR TTC 5 25 40 B R0 4230 31 5 5
SR B HLAAH DG (EK AR R AR AR SR &
BRI U A A R 4 LR K G
AR PE LR HEES TTC FAT A S ARAE A Al gy
B BT 0 255 5 e A, O B DU SR B AN
[EEAL TN

Ko HANIZS ESH A K
Fig. 9 Structure of model training and hyperparameter

optimization

%2 XGBoost-MLP #EBSHIEE
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A HSE R e AEE
“max_depth” [3,10] 5
“n_estimators” [30, 100] 51
“learning_rate” [0.01,0.5] 0.1
XGBoost-MLP . . .
“min_child_weight [1,10] 4
“ Activation” [ sigmoid, tanh, Logistic] sigmoid
“Solver” [SGD, Adam] SGD
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Fig. 10 ROC curves of XGBoost-MLP model with different

parameter combination inputs
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