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Multi-resolution human posture transfer algorithm based on
PATN and self-attention mechanism
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Abstract: Aiming at the problem that the existing human pose transfer methods suffer from image deformation
and distortion due to improper feature processing in the encoding stage, a multi-resolution human pose
transfer method based on pose-attentional transfer network (PATN) and self-attention mechanism is
proposed. Firstly, a pose-guided self-attention module is designed to enhance the weight of the feature channel
of the key body region through the multi-head attention mechanism, reduce the influence of background-
irrelevant features, and adaptively explore the correlation between the two branch features. Secondly, a

multi-scale attention module is added in the decoding stage to enhance the expression of pose information
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at different scales, effectively improve the fidelity of local details and overall texture. Finally, the ternary

pixel loss is introduced to constrain the generated image, which improves the feature consistency and

structural consistency of the image. The experimental results are verified on the DeepFashion and Market-

1501 datasets. They show that the proposed method is superior to the existing PATN method in terms of

structural similarity (SSIM) , initial score (IS) and perceptual similarity (LPIPS) , and has improved

visual perception and edge texture, showing important potential in the downstream task of person

re-identification.
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Fig.5 Qualitative results of different models on DeepFashion and Market-1501 datasets, (a~e) denote different testing

cases, each row shows the results of the same case across models.
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Tab.1 Quantitative comparison on DeepFashion and Market-1501 datasets

DeepFashion Market-1501

Methods SSIM A IS A DS A PCKhA LPIPSy SSIM A IS4 DSA  LPIPSY
PG’ 0.756 3.163 0. 960 0. 89 0.523 0.261 3.495  0.39  0.292
PISE 0.768 3.362 0. 967 0.94 0.208 - - - -
PATN 0.773 3. 209 0.976 0.96 0. 299 0.311 3.323 0.74  0.254
DPTN 0.778 3.351 0.970 0. 94 0.196 0.314 3.095  0.68  0.271
PIDM 0.731 — — — 0.167 0. 305 — - 0.241
DRDM 0.740 — — — 0.165 - - — -
k[ 16] 0.713 — — — 0.210 — — — —
Ours 0.784 3.692 0.971 0.98 0.191 0.318 3.778  0.66  0.224
Real-Data 1.000 3.796 0. 980 1. 000 0. 000 1.000 3.890  0.74  0.000
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Fig. 6 Qualitative comparison of ablation experiments,

(a~c) denote different testing cases, each row
shows the results of the same case across different

ablation variants.
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Tab.2 Quantitative results of ablation experiments on the

DeepFashion dataset

Model SSIM* ISA DS4 PCKht LPIPSy

A 0.729 3.261 0.897 0.76 0.268
B 0.770  3.459 0.965 0.95 0.284
C 0.755 2.859 0.953 0.90 0.243
D 0.784 3.692 0.971 0.98 0.191

Real Data  1.000 3.796 0.974  1.00 0. 000
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Fig.7 Feature visualization of PATN (a, ¢) and the pro-

posed method (b,d)
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