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Efficient Head Pose Estimation Based on the Representation of Facial Features
Rotation Displacement Relationship
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Abstract: Head pose estimation, a key research task in computer vision, has broad application prospects in human—-computer interaction,
security monitoring and other scenarios. However, practical applications face many challenges, such as severe occlusion, insufficient
lighting and extreme posture angles. Therefore, this article proposed a head pose estimation method based on the representation of
rotational displacement relationships of facial features, which mainly included two modules: Facial Relationship Mining (FRM) Module
and Covert Displacement Feature Representation (CDF) Module. Specifically, the FRM Module significantly enhanced the model’s
ability to perceive and understand key head pose information by finely modeling the spatial distribution and interdependencies of facial
regions. The CDF Module constructed a robust feature structure suitable for occluded scenarios centered on the relative displacement
of facial features during rotation, effectively breaking through occlusion interference. Experimental results on BIWI, AFLW2000 datasets
and their occluded versions show that the proposed method outperforms several state-of-the—art methods in occluded conditions while

maintaining comparable accuracy in non-occluded scenarios, fully verifying its effectiveness and robustness.
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Fig.1 Schematic diagram of changes in visibility of facial structure caused by rotation of facial features
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Y B8 % T4 M TN A A P B A . BN B
037 5 T3] 0450 20 3 4 P 40 1 T BB R A E

) (16)

p(p)=



RUBKET A T T0H e 13 B O 2 FRAT Y o 280k 3 48 25 Al it 7
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I‘]mm\_NZ(EiEm) (19)

=1
Horp R ER BRI B SLBRAB L RS AR A E, A il it
BT P4 R HER Z AT PR IO o e A B AR R R
£ EERUR FBRAR IR AL B, IR 5 A— S Hy 7RI
YR 45 e AL, SR b 3B AT 22 Ta] AU AE PT LA 3R
L=~y )Ly + Lyt L)+ 7Ly (20)
{IERE RS- U oI NI = o - SR T N
435 A LA ResNet50 4 B + W 2% #) ForHPE, fil L)
Transformer 4 T M 4 i ForHPE+ . 2T i'H
JIE % 30 # O F2 FRAE Y 155 R0k A8 22 A8 A T i AL
Zrid B ANEE 1R .
iR BT IUE R AR OC R RAE MY R Ak T A A T
WA WABR X, BB 0, BB RE E,, VI 25
MEHT
it . Y45 ForHPE #E7
1 Z99E Tokens 14 1&

2 V={v,,v,,***,v,}

3 #i# Tokens I

4 D=, d, - .,d)

5 while YIIZRR I8 B BE 19 i KR ALK do:
6 for j=1 to (N+K) do:

7 F=Backbone(X)

8 Frpy=FRM(V)

9 0= CDF(D, Fiy)

10 Lye= Luw + aloy

11 E=LatentPredict(F)

12 Ly =MSE(E,E,)
13 L=01—=y)L et 7L
14 end for

15 end while

16  return Y% )5 ForHPE #& %

3 ZWHERREITIR

3.1 HIE&E

ARSI B 43R T 3 A IR A AT R AR
(300W-LP . AFLW2000 fil BIWI 56 4E ) o X SL %4
EATHET LA LR ARZ B AR DL
AN 4 BRI 260, O ELARUD SR 35 i Sk 3 A e TR
A T A LS 5 o x 2% 2] F T O AT IEAR .

300W-LP™. & J& I\ 300W % fl 4 47 Jie i ok Y
Horp 5 68 A 8 AT 7 . 300W-LP 4 4 1 1&

15K B AS TR B BOHE 45 56 AFW S8 4 (LFPW %k
4 HELEN %484 . IBUG 48 4 F1 XM2V TS %
WA S, Jhf 61 225 i IR, Horp 1 786 TE >k A
IBUG #4545 ,5 207 >k A AFW %48 45 , 16 556 i
K H LFPW Bdli4E , 37 676 ik H HELEN %4 % .
AFLW 2000 ‘& 4 & T f H i & 2 81 47 R
3SDMM & 1 B AFLW 098 4 49717 2 000 i F% .
BIWT® 28 i 440 & 241> i1 20 A4 0 591,
S I 15 000 8 FIR o Sk 82 34 A8 A0 AE D A
] bRy [—75°, + 757 EARHAM 7 1) 12 [—607, +60°].
B W 4 B0 £ - R ] Celestino 2" T /E i i
2> G U S B A | ok S B A 0 A L AR K A
T =48 RGB-D B8 8dls . i ik RGB-D AH L [H]
AR RGB 5 B FIRE(E R .
3.2 ELIGIEAR
AR S BV Al Sk 5 S8 A5 A T HE SR B 92 R
()48 b D A0 A (Yaw) 32 25 IR ff1 (Pitch) 32 2% |
& i (Roll) i# 22 K F 3 45 %] i% 2 (Mean Absolute
Error, MAE) . /E i #6 b5 . MAE RRAF .

1Y
MAE—NZ

Hor, 0, ST A BE 5 0, M LSS E M . Y HLROR R
7 B P RE R, BN Yaw ff iR 25 | Pitch f 1% 2 |
Roll fiiR 22 MAE i #/R %7 % B A FAF it fe
3.3 Xtk A&

SRy U6 UE T 4 U7 i M BE 8 HU HPE S04 13 Fh S i
TPIEAEXT LG, BATTE I R T 28 AL R AIE Ak 30 45
05 T A BIHT B8 55 A A B R A8 LA 4 T A 2 508,

HopeNet™ . {iff i = /> 5l i) 53 22 XoF B = A~ BR i
I R N B Y s X 7 o CI S B 7 R 5

FSA-Net™: $ H 2 2] — Fjr 40 0L B 25 # e 5, 78
A TN FRAESEAT 25 8] 4 2 o 3X Rh 4R 45 1 12
M7 T A 0945 B LA AR

WHENet"": 5% Ji] T HopeNet i 5 /R HE 42, Ff
KR E T ML, 454 12k A MobileNetV2 iy
15 HE 5% 22 e, LA/ 2 800808 () B 3 o ik aot 3% 4% .

HeadPosr™: 1§ X ¥ Transformer ffl T HPE 45
1%, ¥ 9% Transformer g i 5 B9 VE FH o

TirNet"™: $2 5 F I HE 5% 5 05 b i) = A~ 1) & A
3 HBEE AT RN o

DAD-3D": #2 1 T 3D %5 4 Sk # # ofi BT A1 5
AR =6 0 W R 2 AR AT 55 1 DR 1) N 25

LwPosr"®: R FI V& B W] 43 2§ 45 BUM Transformer
G i 4 )2 IR G AR IZ SR 43 R PRAS TA =AS By
B, DAPEARORS 240 1 0] 01 130 0 Sk 3 2 3

0.~ 4,|. (21)
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TokenHPE™': H T — Fh % F Transformer 22 ¥
Y ST 1% O S A B0 FR RN O v iz Oy AT DL )
T 2 Z ] ) G 2R o

6DRepNet'*: i 12 5 AE e i B4 % =Xk Ak 2 e
B bR 25 W SR TR, O 4 M T — 0% L Y N 4R e iy
FEFER R, DASE B m A B AR fd ny 4 e

LSRRI T — Mo sl R 2= 2 i
fiff DRIP4 T 1 Sk 3 22 A Al T ]

CMSA-L™ & T — BB i i3 & S Ll K
KR L REHEE 1 (CMSA) , & ) CNN-VIT i
B AT, LA Ak BRAR 23 HE A A

ORC™: 3@ i 51 A i #B landmark JiAX &l 4 Ricci
it 23 B A Xk Ab 2 Sk A S A T o O HR Y
A B 358 708 A RHURR AL G A ME LA £ 4 SRy L AR) S IR
A 0] @, I 32 T — Fh 3 F Ollivier-Ricci #1 Forman—
Ricei 7 g 1l 2 09 REAE 52 B BE L AR AR 0] 15 25 5
B RE 4, LSz 3R v a8 LG fidt 1 . RISk A i A Ak o

TULM R T — A8 AE S & s — 4 H
THR A L bR 4 R A WO Y 24T 55 W 2% (L e —
20 AT 2 S [ = 2 A o AR A — A R A B 2%
A 0 2% A G A BRI L] — SO 9 255 40k X
ApRic B9 R 4T PrIR] 27 2
3.4 XHWIRE

ForHPE BRI S50 v gy A TR RUST c0h 224 X
224,43 A LR 5 R G 300W-LP £ 4 &

1% 53 KN Ry 64, VIT BRAS Ul 25 100 Il 2 e 4%,
ResNet50 WA YN 25 25 I hde %0 . R FH Adam It
fhfs Wt R IE—5, B8 a=2.y=0.999.
Y%k 300W -LP £ 4f 4 30 45 f A, il 128 H] BIWL Al
AFLW 2000 45 48 i 38 £ 5 IF P4 R A ; 76 A 1 Bl
PR R T B P ET B R B e B M B AE(— 997,997 [l
Bl Y A, SR B MTTCONIN B4 3 705 i A A6 T
S TE Linux #844E R 48 F #847 , {f ] NVIDIA A800
GPU, % I HES y Py Torch,
3.5 TWHEREHH
3.5.1 XFHsE

St AL PERR TR [ AR TE AFL W 2000,
BIWI % 4% £ & o g8 W 3K /9 X5 Lk 52 56 o
AFLW2000 4 42 1 9 52 56 25 ¢ 1R .
AHF 5T $2 A 5L T ResNet () ForHPE 7 8 £4 4b B 5
1 AFLW 2000 4l 4 -, A /112 250 4. 049°, 2%
3¢ T A 6 B AR B v sk — 8 AR ) de RS R L AUAE
RS 501 Pitch Roll #5845 F g T LSRR, A HF
SR H 3L T Transformer i) ForHPE + 5 8 7F 1% 1%
S R EIRAD AR CRIIR f iR 25 g A MAE 4k . 76T
Y AFLW 2000 #4828 |, ForHPE 1 Yaw ffj &
BR2E 3. 346 1% T R ARME , ForHPE+ 9 Yaw
R 22 3. 553 LA M Tk — R L4 R, B Pitch i
25 5. 125 WAL FAS DX ik o

1 300W-LP %46 45 LI %k, 75 BIW LSO 4 1

F1 OEHFAIEEL AFLW2000 8IEE FERSERHERER

Table 1 Comparison results with many models on occluded and non occluded AFLW2000 datasets o
) RS L HLS i AFL W 2000 ¥ 3 42 TGRS 19 AFL W 2000 % 4k
151 T % : ;
Yaw Pitch Roll MAE Yaw Pitch Roll MAE
HopeNet™” ResNet50 12.438 10. 277 8. 586 10. 434 4.965 5.250 3.956 4.724
FSA-Net™ CNN 13.664 10. 880 10. 067 11.537 5.109 6.462 3.356 5.642
WHENet*! CNN 16. 515 11. 669 10. 267 12. 817 4.475 6.222 5.017 5.238
HeadPosr™" Transformer — — — — 4. 640 5. 840 4.300 4.920
TirNet"” ResNet50 — — — — 4.040 5.780 4.200 4.670
DAD-3D" ResNet50 7.084 14. 953 13. 680 11.906  3.667  4.765  3.153  3.861
LwPosr!" Transformer 10. 771 9.278 8.335 9.461 4.267 5.015 3.722 4.335
TokenHPE ® Transformer — — — — 4.530 5.730 4.290 4.850
6DRepNet!"” ResNet50 8.904 9.799 7.408 8. 704 3.630 4.918 3.371 3.979
LSR™ ResNet50 4.902 5.968 4.625 5.165  3.754  5.210  3.819  4.261
CMSA-1.% CNN-ViIT — — — — 4.150 5.100 3.890 4.380
ORC™ ResNet50 — — — — 3. 350 4.390 3.650 3.790
TUL™ CNN — — — — 3. 460 4. 500 3.700 3. 890
ForHPE ResNet50 4.049 6.437 4.926 5.137 3. 346 5.768 4.185 4.433
ForHPE+ Transformer 4.441 5.822 4.567 4.943 3.553 5.125 3.798 4.159

T " RN AR TE BB AR AT SR 5 L SRR A bR B AR 5 R R SR SRR AR BRI AR
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W Y 5256 45 Rk 2 TR, 5 AFLW 2000 4 4 42
ot H Y AR ) o PR S A R T U & R, AR S
P& 1 ForHPE + 76 £7 48 T 5 38 4 1) BIW £k 4k 4
[ FMEAL , H Roll \Pitch . Yaw =25/ 1Y
7 %f 12 25 (MAE) ¥ 0 it 5 4 L 7 3 e iR . X F
BEmh 85 R ForHPE, 4 K ¥ 68 55 T ot iF W
ForHPE + ;{5 5 H. 4% 32 3 Jr 148 1) ) Eo Js o] 1, 4
LSR #5578 % 1A 5% 25 W5 AIK T ForHPE , H 43 X L )7 %
1) AN TR 22 87 F ForHPE,, 78 JG i £ 1 BI-

WIS s 4 |, ForHPE+ B oK BUiS 4 & /& ph 45 1
B Ha8 i B 5 4 ) B P B 5 L A AR Y Pitch
Y B AR R R 22 A A Ak Bl R KL TR
iF ForHPE + £ A1 (1) 8.4k MAE % 22 78 ir 8 XF L7
PR s AR, SACR B AR T HAE 22 0. 2347,

ZEA S 45 B R W], ForHPE + 5 U 7E 3 £ 3
SN R T IA Sk ik A TR ) 5 bl i
FE TR R, R RE T LB M RIES
XU P B A R

F2 EHMIEESBIWIHESE ESASEANLRER
Table 2 Comparison results with many models on occluded and non occluded BIWI datasets g
- I ﬁ?ﬁﬁ.fﬂﬁmmmiﬂﬁ% %i&?}iﬂ@ BIW LH45 4
Yaw Pitch Roll MAE Yaw Pitch Roll MAE
HopeNet™” ResNet50 6.725 8.616 7.338 7.560 4.375 3.559 3. 348 3.761
FSA-Net™ CNN 10. 987 9. 848 7.846 9. 560 5.420 5. 9568 4.515 5. 168
WHENet"*" CNN 21.101 13.188 11.225 15.171 4.395 4.346 4.674 4.472
HeadPosr™! Transformer — — — — 4. 080 5.100 3.020 4.060
TirNet"” ResNet50 — — — — 4.110 4.760 3.050 3.970
DAD-3D" ResNet50 5.532 7.924 7.478 6.978 3.981 5. 241 2.923 4.048
LwPosr™ Transformer 10.784 9.654 10. 309 10. 249 4.417 4.875 3.191 4.161
TokenHPE & Transformer — — — — 3.950 4.510 2.710 3.720
6DRepNet!"” ResNet50 7.883 14. 983 9.665 10. 844 3.241 4.482 2.683 3.472
LSR™M ResNet50 5.762 5.9529 3.997 5. 096 4.366 3. 686 3.786 3.946
CMSA-L™ CNN-ViIT — — — — 4.490 4.630 2.850 3.990
ORC™ ResNet50 — — — — 3.570  4.190  3.850  3.870
TULMY CNN — — — — 3. 600 8.500 8.700 6.900
ForHPE ResNet50 5.726 7.043 5.008 5.926 4.023 4.768 3.759 4.183
ForHPE+ Transformer 5.361 4.813 3.634 4.603 4.112 3.533 3.473 3.706

T = "R ZMRURTE IR 4R B HEAT S8, R P IO RO RS2 AR AR e R AR R e B R R iz AR AR IR A

3.5.2 MR

1) PRALE y

R it — RS (6] S Ay R — A R RCR
AT T BORAE y AR &
ForHPE+ B b #E47 925, 78 300W-LP ¥ 45 4 b
HEAT I S, 76 30 5 80 R 85 £ 19 AFLW 2000 %5 41 28 Fil
BIWI ¢ i % I %} Ik MAE LA & Yaw ., Pitch . Roll =
AR ZE R RAAENE Sy E. e
ToMESE yEEE, 25 81{0, 0.5, 0.990,
0.999, 1}, i@ i F3h 83 T & 20 0 5 A8 bk 3 %
A S B B 123 1 B DX ) P B AR M R s B Fe A
PRI I A R 2 0 e JBCHRE W LA S 6 R 45 7 1) 1
AR . LI R A 4 TR Yy BUE R 0999
IF, A AL AE A I BOHE B B Y MAE M 4% i i i
25 R 223K B e /IME , S HE I AR R 50IORS B 5 B e 4
BHEENREESEEE . S HARBSE Y=

4 A5 IR B, y =0.999 W 7E #E B AR YA
AFLW2000.BIWT #¢ #% 4 | #4 HuAq 1 fe L 5 4% 3k
IR Z bR . X UL 7E CDF i, 25 B Al A BS 4
I 0] 091 458 2% 6 3> ¢ o M AL EE B A R TR R MR e
T 3 X A 2 A y B FLSC S AT LR B Yy B
VT 1B B A I, B 0. 999, BRI AR & 250 i 3 = F
YIRE I8 B i AN B 5 S HE I B0 IR T 0T B R 6 RS A
TR T 45 e ACEE 1) B S L B

WM A 78 B B 7 4 1) FH BBl o7 B SRR AIE 3R 7R X 5%
Sk 2 TE S PSRRI 2 2 38 B T, XA SR 82 2
M #9451 2 T 532 i R A ) S48 25 0N RS 2, DT 3K 9] 3
P45 5 HNE B ) 5% 0 B0

2) SRHERIH A Aok

B 32 ) FRM FI CDF WS 3820 4L, b T 8
1 FRM CDF FEAE R b (945 250 PE |, 7 ForHPE -+ 45 #Y
b EATSCG  AE 300W-LP Kud 45 AT I S, 7 Y
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B4 XS R 250y 1 = 4RI 18] ()38 54 40 21 14
AFLW 2000 B4 4 ;(b) JC i 45 19 AFLW 2000 $i 4 8 ;(c )i 4
Qb P IS Y BIW L 45 5(d)JCEE Y 1% BIW T E 8 45

Fig.4 Three-dimensional histogram of different hyper pa-

rameter y (a) AFLW2000 dataset after occlusion processing;
(b) An unobstructed AFLW 2000 dataset; (¢c) BIWI dataset af-

ter occlusion processing; (d) Unobstructed BIWT dataset

AbEEJE B AFLW 2000 £ 45 E il X H MAE DL
Yaw . Pitch . Roll =™ [ 1Y 1R 22 , Kk e s A B i
et . FRM B b 40 2 MSPLCK F1 EPA 4~ 5 2L
ZH RSy , FARTHE FRM (A4S TREH 036 3 firs
CRYE e 2 SN NSO
YeJg , BRI Yaw | Pitch  Roll L & MAE ¥4 A A
TR BB B, 100 A A R R X i A R M e R
THEMAER . Hd, 2 MSPLCK,EPA ,CDF [a] i}
Ja T 48 b5 38 2] e ik, SR et . X FE A PR g
R IF EEAE 25 T MSPLCK 78 5 F )2 1 ] i 4 12 A
] RUBE A 415 B EPA LR AU IR 47 56 v 42 Jm) il 1
%3 EEISAES N AFLW2000 L EE 1
Table 3 Ablation Experiment of key modules on

AFLW2000 after occlusion processing

FRM Yaw/ Pitch Roll/ MAE
—— CDF | ) ) A%
MSPLCK EPA )y /¢ ) /O

X X X 5.427 6.331 4.618 5.459 —10.4
X X 5.138 6.132 4.701 5.324 —7.7
X v X 5.104 6.017 4.659 5.256 —6.3
X VvV 5.013 5.932 4.597 5.181 —4.8
v VN 4.441 5.822 4.567 4.943 < —

A" F R AR T MSPLCK EPA .CDF ¥ J5 1] i1 58 # £ # MAE
B AR 43 L, Sl o8 45 T o8 B 5 I ML AR 26 % % 38 b e i
SE N B R R AR A

FRAE AR 8 25 )45 B . X FT4r R UE T FRM B AR
R AT RO R AE B MU T Y B A B T
ABEH 8 D I V6 S 01 % 38 % 4 55 1) 4 X6 P S B
AL T HLUE G FR Y AHOR AR

3) 300W-LP 4 4 5 AR 4 L

SRy 2 TE G U P s 4R 300W-LP B a4
PEAT S50, SO 5 B8 O £ TR D 4 TR A5 A 4t
KNP LG o S T A [ 38 4 L 0 i 6
S RS, BEAT T Y L S . AN
ILVFIE T 3T L pBE 23 ) g A RS S
06 R e 10 1 G+ RS 5t ik R 1Y L B
g 12 fifi FEER 9 300W-1LP %4l 4 . i ad S2 56 5
EAS [7) 358 P4 Le o B i 067 % FRAE 81 U3 9 5% M) | [m] 4 7
R ForHPE #18Y | #E47 525, 76 300W-LP
Bys BT IR, 1R 2 A R £ Y AFLW 2000
B dE 5 0 BIWL A 55 1 X6t MAE DL = A i &
B iR 22, R ISIE R AR L . 5 RIMEK 4K ST
71N, ALV I U0 2 3 A [] 3 4 R B R R 1 1 e
AL, Fe P ER 5 R AR L)y 1: 1 1

R4 FTEIELLE AFLW2000 RIS 4 BT LE
Table 4 Experimental results of different occlusion ratios

in occluded and unobstructed AFLW2000
)

Yaw Pitch Roll MAE
WP L - "
R L I ) AFLW 2000 34 45

1:1 4.441 5.822  4.567  4.943

1:2 4.869 6.079  4.670  5.206

T BOHE B2 4.835 5.846  4.469  5.050

T3S 9 AFLW 2000 548 4

1:1 3.553 5.125  3.798  4.159
1:2 3.789 5.295  3.908  4.331

J I B Al 4 3.863 5.125  3.826  4.271

TE RSO 22 7R TR AR R 20 A 5 S 4k i s %48 bl 4%
K5 AEIEHEEAEBIWIH S 2RI L

Table 5 Experimental results of different occlusion ratios

in occluded and unobstructed BIWI
)

L Yaw Pitch Roll MAE
Fi 1 b S A9 BIW TS 45

1:1 5.361 4.813 3.634 4.603

1:2 6.425 5.621 3.972 5.339

RS 6.052 4953 4.371 5.125

TC B4 Y BIW L 4

1:1 4.112 3.533  3.473 3.706

1:2 4.630 3.661 3.346 3.879

R B SE 4.462 3.190 3.708 3.787

TE LR R m i Z AR bn i L4 5 T B Fon Z s hn I L4 2R
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Fig.5 Visualization of two models on non occluded AFLW 2000 dataset(a)ForHPE;(b)ForHPE+
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Fig. 6 Visualization of depth features of each model on AFLW 2000 dataset
3) B E R E AT AL %o 7N AR T AR AFLW 2000 #0448 I,
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Fig. 7 Visualization of depth features of each model on AFLW 2000 dataset

4 T S X3, AT U U % A TR AR AIE SR A Y AR E
o 7RO R R A AR A AR A T AR AR
S R B A OCHE X BB R MR S R . X
PRI Ay 336 4 DX 3l 6 1 Sk 38 1 2 1 B Ak B T AR
FH U AE A A0 B A I 1 5L T o

Bt X A A DR T B TS G P Sk A i O 7 £
1) PRI S R A, B TR BB A% ) 3 W R R R ) 4 A R
W, = 2l B AR 3 B T R0 X BRI AR L R R
D1 BT R AR oy T 2 A R Y S A
ST 0T DX, DA R B B A ok 9 R AE T
oo x2S T FRM HE & R IZ Bk
5 CDF Al B RAF B ) D R LA, & BG4
S TSR 3 B e M L TR S O B DX S8R Y SRR g
J1 R LI U AR THE R R E R T W EE
REAE d 28 5 25 4 T AR A S Y W o e B A A R
TR G50 T 0K AL BT 5B

4) Bk B 5T AT AL

kT 58 IR AR SR AU AE Bk KR B S rh ) Sk
DAt R, A % AFLW 2000 4 & 52 24 37 5 1)

IR AT T RIAAE A o s 8 Bz, A 15 X L
BRI AR PR SR ROBLRLRE U7, 23 ) X LA R
U 45 5 A0 BT P AR T P 2 R P DX 0K o A
TR U 5 3 DXl U g X L 25 2 ) 3 0 )
A A

TEAR ' B - 03 4 S A0 S it % 55 B 3 A
T AT AR B B AR R A A Y Pk R B R
T ARSCForHPE #REAY S TR Jie % 157 8% O 1K e ik
R DI 3, T4 T BT 2k B D9 DX BRORE 68 v O
MR8 H 0 AE A A LA A R R T B OC B 4
oy IR BT R AR R L AN A AE 1] G
KA WA TERCEE T .

Z AP AE I T REAR 1 AT LA 45 8 RS,
Zlijtﬁ?%ﬁﬁuf%ﬁﬁ%*ﬁiﬂf%*E\»%Eﬁﬂ’]

Yy G k. R OC RN R B A O

SR TR B AT AR E BUE Sk R SR
HH O B4 T B R AR DX, A 0L e T R R A R R
AR AE 0, D 2% 2 T0 2 A0S % 37 55 R T £ Sk 7
LA TN B BERS A | v MR B A R AR AT ST A



14 UK 2240 (P22 i)

6DRepNet

LwPost ForHPE(our)

P8 Pl T B AL

Fig. 8 Visualization in challenge scenarios

4 % iE

AR SCHRE T — Bl IE T RE I R RS 06 R RAE
W HPE 77, B4 042 88 105 Z (8] 1) 25 (8] 4549 5
150 2 T SOOI, DT 444 i A S 3 Y15 0 T O R IX
BOE R HEBLRE T . AR SCETT T FRM B8, F
T 25 R R UL 5 R = TR B A e R L B S
BRI CE E R A2 MU 518 LR, BT
CDF B, DAE S i B vb 0B 0] A8 4R X057 78 0 4% 0
A A A 1) R AIE R L 3 N A A P o OR s A
W R A7 B R AIE [ U 20 47F S 0 F 38 4 PRl 4 AR A 1) Sl
WP R R R AE I . L fE BIWL 5
AFLW 2000 P A~ %5 4l 5 S FLE R piAS b AT 505
SR BRSO AL PSR T BT 2 Fh %
HE 5 %, 78 AR P B o b R RE T SE A R 0 o
ROIGIE T TR BRI R . R K S T AR Sk
B LA AL TR T i 2 O [l 4 SRS, 8 40 42 i A
TR BT 5 2 ] 56 B4 A1 1 10 B, o BRA HE 22 5T 7%
BN AR 0 RO TS R U A A OGN 43 B AT
G5 i — 20 S W R N S S RS e .

S E 3k
[1] TOURANI S, TOURANI S, MAHMOOD A, ef al.

[2]

[3]

(4]

[5]

Unsupervised discovery of facial landmarks and head pose
[C]//2025 IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR). New York: IEEE
Press, 2025: 21192-21202. DOI: 10.1109/CVPR52734.
2025.01974.

BOSCH N, D’ MELLO S K. Automatic detection of
mind wandering from video in the lab and in the classroom
[J]. IEEE Transactions on Affective Computing, 2021,
12(4): 974-988. DOI:10.1109/ TAFFC.2019.2908837.
JIANG J X, STRELI P, MEIER M, ez al. EgoPoser:
robust real-time egocentric pose estimation from Sparse
and Intermittent observations everywhere [ C]//Computer
Vision - ECCV 2024. Cham: Springer, 2025: 277-294.
DOT:10.1007/978-3-031-72627-9 _16.

ROTH M, GAVRILA D M. intrApose: Monocular driv-
er 6 DOF head pose estimation leveraging camera intrin-
sics[J]. IEEE Transactions on Intelligent Vehicles, 2023,
8(8): 4057-4068. DOI:10.1109/T1V.2023.3274068.
CHOTIKKAKAMTHORN K, LIE W N, RITTHIP-
RAVAT P, et al. Medical application of deep—learning—



RUBKET A T T0H e 13 B O 2 FRAT Y o 280k 3 48 25 Al it 15

(9]

[10]

[11]

[12]

[13]

based head pose estimation from RGB image sequence[J].
Computers in Biology and Medicine, 2025, 195: 110620.
DOI:10.1016/j.compbiomed.2025.110620.

TR, B AN, EA, S A5G S A B oA i = 4
N TSk [T]. Bk 24, 2024, 35(5): 2176-2191.
DOI:10.13328/j.cnki.jos.007029.

ZHANG Y, LU J Y, LAN X, et al. AU-aware algo-
rithm for 3D facial reconstruction [J]. Jowrnal of Soft-
ware, 2024, 35(5) : 2176-2191. DOI: 10.13328/]. cnki.
j0s.007029(Ch).

HEMPEL T, ABDELRAHMAN A A, AL-HAMADI
A. Toward robust and unconstrained full range of rotation
head pose estimation [J]. IEEE Transactions on Image
Processing, 2024, 33: 2377-2387. DOI: 10.1109/TIP.
2024.3378180.

BARRA P, BARRA S, BISOGNI C, ez al. Web—shaped
model for head pose estimation: An approach for best ex-
emplar selection[ J]. IEEE Transactions on Image Process-
ing, 2020, 29: 5457-5468. DOI: 10.1109/TIP. 2020.
2984373.

R, R, BER . ETZIES 2905 LEG Trans-
former A AR ZE A5 A TH 7] BRBUR 2 2 i (B2 R
2025, 71 (4) : 473-484. DOI: 10.14188/j. 1671-8836.
2024.0094.

LI J, YUAN T D, CHEN L. Human pose estimation
based on multi-scale and multi-level semantic fusion trans-
former[J]. Journal of Wuhan University (Natural Science
Edition), 2025, 71(4) : 473-484. DO1:10.14188/§.1671-
8836.2024.0094(Ch).

YU Y, MORA K A F, ODOBEZ J M. HeadFusion:
360" head pose tracking combining 3D morphable model
and 3D reconstruction[J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2018, 40(11) : 2653~
2667. DO1:10.1109/TPAMI.2018.2841403.
CELESTINO J, MARQUES M, NASCIMENTO J C,
et al. 2D Image head pose estimation via latent space re-
gression under occlusion settings[ J]. Pattern Recognition,
2023, 137: 109288. DOI:10.1016/]j.patcog.2022.109288.
MARTYNIUK T, KUPYN O, KURLYAK Y, e al.
DAD-3DHeads: A large-scale dense, accurate and di-
verse dataset for 3D head alignment from a single image
[C]//2022 TEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR). New York: IEEE
Press, 2022: 20910-20920. DOI: 10.1109/CVPR52688.
2022.02027.

ABATE A F, CASCONE L, NAPPI M. Ricci curvature
discretizations for head pose estimation from a single image
[J]. Pattern Recognition, 2025, 166: 111648. DOI: 10.
1016/j.patcog.2025.111648.

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

70U Z M, JIA D, TANG W. Towards unsupervised
learning of joint facial landmark detection and head pose es-
timation [J]. Pattern Recognition, 2025, 162: 111393.
DOI:10.1016/].patcog.2025.111393.

CAOZ W, CHU ZC, LIUD F, et al. A vector-based
representation to enhance head pose estimation[ C]//2021
IEEE Winter Conference on Applications of Computer Vi-
sion (WACV). New York: IEEE Press, 2021: 1187~
1196. DOI:10.1109/WACV48630.2021.00123.
HEMPEL T, ABDELRAHMAN A A, AL-HAMADI
A. 6d rotation representation for unconstrained head pose
estimation [ C]//2022 TEEE International Conference on
Image Processing (ICIP). New York: IEEE Press,
2022:  2496-2500. DOI: 10.1109/1CIP46576.2022.
9897219.

SHEKA A, SAMUN V. Boosting of head pose estima-
tion by knowledge distillation [EB/OL]. [2022-02-28].
https://arxiv.org/pdf/2108.09183.

DHINGRA N. LwPosr: Lightweight efficient fine grained
head pose estimation[ C]//2022 IEEE/CVF Winter Con-
ference on Applications of Computer Vision (WACV).
New York: IEEE Press, 2022: 1204-1214. DOI: 10.
1109/WACV51458.2022.00127.

LIUH, LIUT T, ZHANG Z L., et al. ARHPE: Asym-
metric relation—aware representation learning for head
pose estimation in industrial human - computer interaction
[J]. IEEE Transactions on Industrial Informatics, 2022,
18(10): 7107-7117. DOI:10.1109/1ii.2022.3143605.
ZHANG C, LIU H, DENG Y J, et al. TokenHPE:
Learning orientation tokens for efficient head pose estima-
tion wia transformers [C]//2023 IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR).
New York: IEEE Press, 2023: 8897-8906. DOI: 10.
1109/CVPR52729.2023.00859.

DHINGRA N. HeadPosr: End-to—end trainable head
pose estimation using transformer encoders [C]//2021
16th IEEE International Conference on Automatic Face
and Gesture Recognition (FG 2021). New York: IEEE
Press, 2021: 1-8. DOI: 10.1109/FG52635.2021.
9667080.

LU X Y, SUGANUMA M, OKATANI T. Cascaded
multi-scale attention for enhanced multi-scale feature ex-
traction and interaction with low-resolution images [ PP/
OL]. V4. arXiv (2026-07-13). https://doi. org/10.
48550/arXiv.2412.02197.

B, AL, BT, G5BT R R S kR BEAL A AR
AR TE I Sk AR A T LT, TH S LA B B 5 BB 2427
i, 2017, 29(12) : 2309-2316. DO1:10.3724/SP.J.1089.
2017.16521.



16

UK 2240 (P22 i)

[24]

[25]

[26]

[27]

[28]

[29]

[30]

LIC L, ZHONG F, MA X, et al. Real-time head pose
estimation based on Kalman filter and random regression
forest[ J]. Journal of Computer— Aided Design & Comput-
er Graphics, 2017, 29(12) : 2309-2316. DOI: 10.3724/
SP.J.1089.2017.16521(Ch).

VASWANI A, SHAZEER N, PARMAR N, ez al. At-
tention is all you need[ C]//Proceedings of the 31st Inter-
national Conference on Neural Information Processing Sys-
tems. 2017: 6000-6010. DOI1:10.5555/3295222.3295349.
X ggHts, EARLL, XAk, A5 LT R SURE T 00 R I
o TR R R R O iR [T ] iR A s A (B A )
2025, 71 (5) : 652-666. DOI: 10.14188/j. 1671-8836.
2025.0014.

LIU T T, WANG M H, DENG L Q, et al. Pleated
primitive—aware semantic relationship learning for efficient
facial expression recognition via transformers[J]. Journal
of Wuhan University (Natural Science Edition) , 2025,
71(5) : 652-666. DOI: 10.14188/j.1671-8836.2025.0014
(Ch).

ESCOBAR M, PUENTES J, FORIGUA C, et al. Ego-
Cast: Forecasting egocentric human pose in the wild[ C]//
2025 IEEE/CVF Winter Conference on Applications of
Computer Vision (WACV). New York: IEEE Press,
2025: 5831-5841. DOI: 10.1109/WACV61041.2025.
00569.

KHAN K, MAURO M, MIGLIORATI P, et al. Head
pose estimation through multi—class face segmentation
[C]//2017 IEEE International Conference on Multimedia
and Expo (ICME). New York: IEEE Press, 2017: 175-
180. DO1:10.1109/ICME.2017.8019521.

GUPTA A, THAKKAR K, GANDHI V, ez al. Nose,
eyes and ears: Head pose estimation by locating facial key-
points [C]//ICASSP 2019 - 2019 IEEE International
Conference on Acoustics, Speech and Signal Processing
(ICASSP). New York: IEEE Press, 2019: 1977-1981.
DOI1:10.1109/ICASSP.2019.8683503.

VALLE R, BUENAPOSADA ] M, BAUMELA L.
Multi-task head pose estimation in-the-wild [J]. IEEE
Transactions on Pattern Analysis and Machine Intelli-
gence, 2021, 43(8): 2874-2881. DOI:10.1109/TPAMI.
2020.3046323.

RUIZ N, CHONG E, REHG J M. Fine-grained head

[31]

[32]

[33]

[34]

[35]

[36]

[37]

pose estimation without keypoints[ C1//2018 IEEE/CVF
Conference on Computer Vision and Pattern Recognition
Workshops (CVPRW). New York: IEEE Press, 2018:
2155-215509. DO1:10.1109/CVPRW.2018.00281.
ZHOU Y J, GREGSON J. WHENet: Real-time fine—
grained estimation for wide range head pose[ C ]//Proceed-
ings of the British Machine Vision Conference 2020. On-
British Machine Vision Association, 2020: 189.
DOI:10.5244/¢.34.189.

TANM X, LE Q V. EfficientNet: Rethinking model scal-

line.

ing for convolutional neural networks[ PP/OL]. V5. arX-
iv (2020-09-11). https://doi. org/10.48550/arXiv. 1905.
11946.
YANG T Y, CHEN Y T, LIN Y, et al. FSA-net:
Learning fine—grained structure aggregation for head pose
estimation from a single image [C]//2019 IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR). New York: IEEE Press, 2019: 1087-1096.
DOI:10.1109/CVPR.2019.00118.
ZHU X Y, LEI Z, LIU X M, et al. Face alignment
across large poses: A 3D solution[C]//2016 IEEE Con-
ference on Computer Vision and Pattern Recognition
(CVPR). New York: IEEE Press, 2016: 146-155. DOI:
10.1109/CVPR.2016.23.
KOSTINGER M, WOHLHART P, ROTH P M, ez al.
Annotated Facial Landmarks in the Wild: A large—scale,
real-world database for facial landmark localization[C]//
2011 IEEE International Conference on Computer Vision
Workshops (ICCV  Workshops). New York: IEEE
Press, 2011: 2144-2151. DOI: 10.1109/ICCVW. 2011.
6130513.
FANELLI G, DANTONE M, GALL J, et al/. Random
forests for real time 3D face analysis [J]. International
Journal of Computer Vision, 2013, 101 (3) : 437-458.
DOI1:10.1007/s11263-012-0549-0.
ZHANG K P, ZHANG Z P, L1Z F, et al. Joint face de-
tection and alignment using multitask cascaded convolu-
tional networks [J]. IEEE Signal Processing Letters,
2016, 23 (10) : 1499-1503. DOI: 10.1109/LSP. 2016.
2603342.

L]



