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Abstract

In this paper, we propose a novel approach for head pose estimation from RGB images, leveraging
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the Hopenet network and Vision Transformer. Our method introduces an innovative architecture
comprising three key components: (1) a backbone network, (2) a Vision Transformer, and (3) a pre-
diction head. To enhance feature extraction capabilities, we further improve the backbone network
by incorporating multi-scale dilated separable convolutions. Compared to traditional convolutional
neural networks and Vision Transformers for feature extraction, our backbone network effectively
preserves critical information while reducing image resolution. Through ablation studies, we vali-
date that the proposed backbone network, equipped with multi-scale dilated separable convolu-
tions, outperforms conventional deep convolutional networks and Vision Transformer-based ar-
chitectures in terms of feature retention. We conduct extensive experiments and ablation studies
on the 300W-LP and AFLW2000 datasets. Experimental results demonstrate that our approach sig-
nificantly improves both accuracy and robustness in head pose estimation, outperforming Hopenet
and certain Transformer-based encoder methods, such as HeadPose.
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Figure 1. The model architecture proposed in this paper
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Figure 2. Multi-scale dilated convolutional network architecture
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Table 1. Comparison of our proposed method with Hopenet and HeadPosr on the AFLW?2000 dataset, trained on the 300W-
LP dataset (EH64 denotes the use of 6 encoders and 4 attention heads in the Transformer architecture)
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Hopenet [5] 6.38 6.51 7.32 6.77
HeadPosr EH64 [11] 4.30 4.64 5.84 4.92
Ours 4.18 4.43 5.62 474

Figure 4. Comparison of qualitative results of our method with Hopenet and HeadPosr. The first row presents image samples
from the test set, while the second row shows the corresponding ground-truth head pose values. The third row displays the
output results of Hopenet, the fourth row presents the output results of HeadPosr, and the fifth row shows the output results of
our proposed method
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Table 2. Comparison of three different backbone networks (compared on the AFLW2000 dataset, trained on the 300W-LP
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