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Abstract: Accurately understanding and predicting pedestrian crossing intent is crucial for ensuring the safety of autono-
mous vehicles. Existing approaches are often limited to visual motion cues such as pedestrian trajectories or body poses,
while overlooking interactive signals like gestures and head orientations, making it difficult to capture key cues of
pedestrian-vehicle interaction. To address these limitations, ARPCI (accurate reasoning for pedestrian crossing intent) was
proposed, a multi-feature fusion framework designed for pedestrian intent inference. Specifically, a pedestrian feature
module was developed that first focused on skeleton-based features to capture motion trends, and further leveraged Mo-

bileNet to extract head pose features. Combined with YOLOv8n for gesture recognition, pedestrian-vehicle interaction
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signals were captured more comprehensively by the model. In addition, a scene encoding module and a self-vehicle fea-

ture module were introduced to integrate contextual and ego-dynamic information, thereby enhancing adaptability to com-

plex traffic environments and improving prediction accuracy. Extensive experiments on the widely used JAAD dataset

show that the approach achieves an accuracy of 88%, surpassing several state-of-the-art counterparts. Moreover, the abla-

tion studies provide further evidence of the effectiveness of the proposed input features.

Key words: pedestrian crossing intention, multi-feature fusion, interaction signal, traffic safety
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Ba, AN SCIE I 2 AR ¥ 26 3 s B L E
RRAEZS (8], 193 &M SRR, Wk A6
Fﬁi—\‘:

E=W,f+b, (16)

Hr, WA ZRBUERE, b AMERE, E,
NI IS B3 SR )
24 ZYFERAEIEIR
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FE AT 51) P AT REAT-E 0T 2 SE IR BCRAF AR 22 57
NARAIE 2RSS SN IR P — S0, A SO T A5
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N [E) OO S BLAS R AT [F) 25 o KRR R F i 7]
WA RIEANTS, W= AT N A, DURIELE
TSR] D ¢, 2 B RHAE A8 0% ) B [7] — i1 S
Z, WA DR K 19842 0 2% (bidirectional
long short-term memory, Bi-LSTM) {EI 8] 4§
RS SR Ee .

A, TEZAE T, Bi-LSTM JZ 43 5 AT 51
(R ) 45 5 ) AN (R RGO 2R, TR B o 5 2 1)
I FPRE R 7R o S 1) e 71 AR E AR RY 58 e 1 2R B
I, HTHRFHN R BN SRS R T AEHERERY
B, AR 0 A seuniAE B AT i, PRAE
TEAS I SR P SEmf el . R T E— DR A
HR G E R, AXAEBI-LSTM#H Z 55N T
TR IR AZIE R LR R 08 156 I [ 4
XPRHE 741 B — N e W R T AN R AR, A5
RS REE T IR 70 e N T30, 1
BEIRE S e, B AW

rn=softmax(tanh(Pak+b)) a7
S AR B 5 Tt B 7
d
Z,= zrnak (18
k=1

Hrh, o, RIRIEE LB AP FIBGEIRS &, P
bR NS E . dRRIERAILERE AT R
JIRCE r T E B, X R Bi-LSTM % H 1
B RS YERE . A SCHF 78R H 1 Bi-LSTM JZ Be i
TCHEE 64

B A ZEgmB i AT NAFFEgm RS A7 SRR
PRS2 R RFAE , RHAT N = B 3 A R ) ) 5
Mo (R, X HLGIN S N RS AR O BT A G A
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F=>o,z, (19
n=1

Hory, g, FoRENG T )7 51 G845 BRIV = 0
HF R, 1 o, &2 HeNormal #4646 1A I 27 AL
H, NERIAREREHER Y], ¥ o, iR
HGSH, JFEE BT R INR BT, 1A
wr:
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o e(wat) 00

n 3 T
zexp(Wmfk)
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Horr, f, R n BSRRER R, W, RoRBSTE

BARERT A SHA R 2SR5 8 4
HEZ A Softmax 73284y, it “AREEE B
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W p Red /MU E SRR 5 TG < A ) 22 5, i

TR i A kG
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A SCAE FHE AT N R B HE B A 2
JAAD" HUE SR UG TR . I BRSE L 1T T
25 0 B3 RIAT NAE I S B FAT . 346 AN
WA B 2 i, A B RS 5~10s, IR SERA
B AL 5 — 6 30 fps IRAZ LA TR 1) 240 £
ANZINESF 2 Bk B Sk PR I SR 1Y), H A — IR A
B ETXERE, WATROEMASEAR SR HIL, 1E
P 2T DA KR AR — R AR I R] . Sd 4Rt oR
AT NIRAL I FHE IR AT NAT A RIFREE (W 57
e, WE. B, 1710, S E
AT brRs (BB E R, o snE) .

AR K H PyTorch 7E Python3.6 355 M i, FF
f# I NVIDIA GeForce RTX 4070 Super GPU %} i1
B AT A IR VAL . FENZRdfEd, A
{5 F Adam {21 35 I B 8 2 4. X T JAAD 45
B, BT 604 epoch, #>1Z N 5x107, {3
FE2AMLEMEL . A SO T Je it TAEHE A
VA fa bR (BLFE ACC. AUC. F14r%L. A
HIEHR) RV PERE, A TP N EHME, TN
NEIE, FPOAMERMATE, FNAMERBIME. PR R
TR

L=

TP+ TN
ACC= TP+FP+FN+TN (22)
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. TP
Precision = TP+ FP (23)
TP
Recall = TP+ FN Q24
2 x Precision x Recall
Fl= Precision + Recall (25)

AUC 72 ROC M1 £ N AR, 72 1y & A5 2 1 R
(B iR bR, —MORUL, AUC HBRE, 8 Fi
PEREERLF, HEUETEREIY0.5~1,

32 EENH

AW TR 5 7E TAAD B4 ER IS
ghie) b B A AR Se it vt AT BUEE,  aX Vs
PIUL Z S EdE NN, FIH CNNATRNN $2 B
TRHIE, FFRbE X R AE R T 4T Nt 27 = B Tl

(1) MultiRNN™; —Ff 2 ji RNN 224y, H
FEANBRAL I RNN 4332 73 il b BEAS [7) 2 284 1 i N R
fE, I IRAT Gt R R RS e, BB S SC
FROBCIRAS AT HHE, A SERER ITMES
T

(2) SF-GRU™: —Fh 2y ZIEIRM L, FTi%
WEE gL Z IR TG R, ST N E E T
Mo FGINSHHdE: B/, 5 LT ATA
e R N IELY 7 71 D G = ST o S 7
Wit 7 — M SF-GRU Byt g5 44, RIFE R 24 430
B — MRS, HlHTHR— 2 AR e

(3) TrouSPI-Net™: —Ffiig &1k % 4 3 HfE 3
W%, ZLR I R SR it %5
TS M E B OO B A I O UG A1 R SR U A
BRAE, [RIASE, RRZR O 7 A FERORE o S (2 R i A
A B EMOMBIASFHE, BT 28RS, SCHLXT
T NAT R BT

(4) PCPA™): ZMEIRI R £ 4> 3K, FIH]
2 AT ) RNN 75 3¢ 43 7 Ab B 245 I 7 2080, [
R 3D B AR 4 SO S B - R SCALSERFAE, 7
i FARAS 507 B0 IR 26 73 S R U R AR EA T &
I, DAFE i fE

(5) FSTAM: —FRhgr A ph 2 6 20 by, %28
MIfhG 7 RGB BG5S BIFERE DL B RS .
TR R AU B G IR 48 X 48 ok SEE G T N it 47
T .

(6) MMH-PAP™: — iR & TSN, 24
FIHALGE 53 REE . 5 H o S i
K, s SN E T shAAR AT Nig
B, (BRI LS i . PR IE AT RS

T AT N il .

(7) PPCIL, ™ —FhIE T KAWL W 25 A3
BAWUE R E R, 2R A R E R
FENARZE AR R U FHEAAAR A B 2 FEAE
NHATAT NS EIHERE.

AR S AR R VR G LL A R 1, B AP
SRR, B MR FRIZGER, X
YIRS AL JAAD B 5 BT HAm R, 5
HARBERIAN A ()2, A SCHR H BB e S A\ s rh 5
AN TAT NFBRILE, HEERET NS ER
AT REDT AR R S S 4 R R, AR ) 747 A
BHFEL RN EL BES. SR REH, 5%
FRbR R IBAR M RA L, ACCHER T 4%, AUC
FE5 T 1%, Precision 735085 1 11%. R PCPA
BEAYAE Recall f 45 b 58 5y, (L H: B4 1) 3 P00y 1E
i, EORFHIERITE 2 FSL ], AER AR T HE 2
®ik, P Precision FHITFIL.

R ARBSHAMRIMERELLER

Lt ACC AUC F1 Precision Recall
MultiRNN 0.79 0.79 0.58 0.45 0.79
SF-GRU 0.76 0.77 0.53 0.40 0.79
TrouSPI-Net  0.82 0.77 0.58 0.49 0.70
PCPA 0.76 0.79 0.55 0.41 0.83
FSTA 0.83 0.82 0.63 0.51 0.81
MMH-PAP 0.84 0.80 0.62 0.54 0.72
PPCL,, 0.81 0.78 0.75 — —
AR 0.88 0.84 0.72 0.65 0.80

A SC X ARPCI ) N A7 i FATHE BRI (6] 5 )L
AN B SEHERIB I BEAT TR EE,  ASOROR 5 . A s Y
IR /INFIHE R [F) LLAC AR 2, fedif i) 45 SR F R A
TR, B AP IEE R N RIS

F2 AXRESH AR K/ FOHEIRRT (E] EE AR

i) K/NMB HHEFLI ] /ms
FSTA 374.2 70.83
PCPA 118.8 38.60
TEP 12.8 2.85
PedGraph+ 0.28 5.47
AR 3.89 1.83
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JAAD Fi 45 rh AT N 2wl 5 S an i 8
FioR, sEiGgs REIR T AR SO VETE JAAD B4 S rp
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i NRFAE T LS E6 WAR 3, BRAIE T A SCIR
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o [FFE, ZBEREEULFHRINE AD2.
ID3) AMUfERER R TR, E ol H B EIK4%
(0.80—0.76) F18% (0.80—0.72), F14>%f#{% 3%
(0.72—0.69) H14% (0.72—0.68), iX&HIT NH
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TRVRIE A FIFREEE R R . X (5 BAEAT AT AT
MG REIEN, SN RRAL T IR 1
5, AT UM TIAT N B s a A AT
N SEEFA (D7) (EFTA fabs LSl 7B HET
i, UERA T SR RIHPTARAE CREes. B3R%
. FRIME. BRRE. EE. FRD AEgite
RSB TUI A Af 1 R R, T E 52 2% 1) S s 7 FH
WP R AR e AT SE MR

S BRAIE B3k 9 Y OLOv8n 1 & Bt A5 e xof #5 Y
PEBERISLIA, A< SC%F R VanillaNet 5 CBAM A6
Loy B HEAT I Al S5, S YOLOVSn ¥ il S 56
XL AR 4, 3 254 RE S 10 O i S M 1 R Bsf
PAFEARIIRT MR, AE RSB N B FHR
BT SSHRAE T S AT PR RER I .

4 Z5ERIE

ASCHE T —Fh 2R RLA AT N0 =
PINESE . ZAEZRLEA R AT NRHIE. B FERHERL 2L
Rl B R, BEWTE S ATl IR E N AT AR K
AT RIEAT S INAERR ) TN . @Ik 7E JAAD Fidfa 4
(PISEER IR, 45 53R B pr R B A LR T AT Nl =
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ID DA R 34 TFREME  HEFHIE R J71A ACC AUC Fl Precision Recall
D1 x N N N N N 0.83 0.79 0.67 0.62 0.73
D2 N x N N N N 0.80 0.80 0.69 0.63 0.76
ID 3 N N x N N N 0.82 0.78 0.68 0.64 0.72
D 4 N N N x N N 0.86 0.80 0.67 0.63 0.71
D5 N N N N x N 0.83 0.73 0.65 0.59 0.74
ID 6 N N N N N x 0.84 0.81 0.68 0.62 0.78
D7 N N N N N N 0.88 0.84 0.72 0.65 0.80

=4 BUEAIYOLOvVSn HRhSLIS xEL

il VanillaNet CBAM Parameters GFLOPs mAP  FPS

YOLOvSn x x 3007208 8.1  96.8% 67.5
YOLOVSn N 1994187 15 95.5% 91.7
YOLOv8n x v 3040892 835 97.1% 66.5
YOLOVSn N Vo 2028263 1.6 958% 90.3

N B B2 B A G SR AT TSR I S AR . B AT
B ASOAT Nt e SR A T — ROy
%, RRIAEH, AIAE GR 1R B AAHE SEA AL (T 32
N, B R SRR v B LT Jr B AL R0 L
SIS AL BT, DR A5 7R 2 B FFAE 2 [A]
MV FANLBEF e AR S o Bk, 3BT DARE—20
R ZIEY e B AR B S i@ g 5,
FEE A ST AL, S KR A AT I B
FOPRIZ R N, AT PRSI S A AR 2, o il
AT 7 A e AT ST HOAR S
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