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Abstract

Head pose estimation has become an important research field in computer vision, with extensive
applications in robotics, surveillance, and driver attention monitoring. One of the most challenging
difficulties in head pose estimation is managing occlusions that frequently occur in real-world sce-
narios. To address this, this paper proposes a head pose estimation method based on latent space
regression. During the feature extraction stage, a Vision Transformer is employed to capture global
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information from images. A feature enhancement module is designed, adopting a pyramid structure
to extract local feature information. Additionally, to handle occlusions, latent space regression is
introduced to approximate the latent features of occluded images to those of non-occluded ones,
while improving angle prediction for head poses and incorporating a multi-loss function design.
Experimental results demonstrate that on the occlusion-processed AFLW2000 dataset, the mean
absolute error of this method is reduced to 9.872, outperforming existing approaches and proving
the effectiveness of our method in handling head occlusions.
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Figure 1. Network structure diagram
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Figure 2. Diagram of the latent spatial structure
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1 2
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%1 BT ARSI EAEAA ) AFLW2000 b 5 21l S5l Sk SR Al TH T VA RO EESEIR A5 R . SEIG
SURRY], AR AFLW2000 HEfE B R ILS T et B, SEETN pitch 7 &
PR ERMS, X—SRae I T HAEL RS R TS 1.

Table 1. Different methods of MAE on AFLW2000
= 1. AEFFEE AFLW2000 E&Y MAE

DARES Yaw Pitch Roll MAE
HopeNet 12.439 11.292 10.594 11.441
MNN 7.196 14.967 7.889 10.017
FDN 21.110 13.197 11.249 15.185
FSA-Net 11.996 12.858 9.861 11571
MFDNet 10.788 11.667 11.322 11.259
TokenHPE 9.874 11.223 9.212 10.103
KILTTE 10.329 9.118 10.169 9.872

X B 1R OCHE UK MNIN ik, LR T i A A (yaw) FR 54 A (roll) LR BN R Y, 1538
FORI Y E AR 3D SRR REATS X FFI0RE . SR, SCERZE SRR IR, IS MNN AT A (pitch) 75
WA 7 ARG, FECEANE AP T M. 2RO 1O 1T AR AL, (SRR e vk 5e
HEH A 3D Sk R, AT AE R A TN L IR 22 . SR, TokenHPE {2y — MK = K &=
MR, (EE IS 5T BRI M AR R . LT Transformer 19484 SR RENE i1 22 R s
ik, AEE IS RS IR =) P 1 A 2, RS TR R0 PO BB S, 9000 45 SR PR e 1 52 Bk o

MEZT, ASCIRAEER ) AFLW2000 EREHL 1 BEOLMIPERE . SR it 5 BRI T+ 3 5] N 72
(8] [EAALA],  AZAL I IR S ER S R R S AR R R 55, A RARTE 1R S 2% g
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Table 2. MAE on AFLW2000 with different A
% 2. A[E A £ AFLW2000 &Y MAE

AME Yaw Pitch Roll MAE
0 10.439 10.292 11.994 10.908
0.2 11.196 9.967 9.889 10.350
0.4 10.510 10.197 9.949 10.218
0.6 10.996 9.858 9.961 10.271
0.8 10.588 9.367 10.222 10.059
0.9 10.329 9.118 10.169 9.872

1 10.567 8.993 9.459 9.673
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SATHITERE R R EE, P —SREE AT B ZrG Bk adr, @il ZASCieMxte, 24 2 BUE N 0.9
I, MRLRENSLE MAE FRIEEAR AN i AT A PR FI0I AE Bk 1 22 (B A e P e X — 2 B B ANV R b
IRV RERANARE R I R P 2R, SRR AT TN L ORAF TR RORE AL, AT Sk A A T
FEFFIRAL T AN BOVEAE NI I . FINABSRE 1R A 8] AR SR TR RS A A2 AL BE 707 T
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