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Estimation of Local Illumination Consistency Based on Improved Vision Transformer
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[ Abstract] Illumination consistency is a key factor in achieving thé organic fusion of virtual and real elements in
Augmented Reality (AR) systems. Owing to the constraintsiofl capture perspectives and the complexity of scene
illumination, developers often overlook local illuminatioh consistency when estimating panoramic lighting
information, thereby affecting the final rendering qualityy To address this issue, this study proposes a local
illumination consistency estimation framework, VilLight, based on an improved Vision Transformer (ViT)
structure. First, the framework uses a ViT encoder to extract feature vectors and calculate regression Spherical
Harmonic (SH) coefficients, then recoverswillumination information. Second, the ViT encoder structure is
enhanced by introducing a multi-head, self-attention interaction mechanism. Convolution operation guides the
interplay between attention heads. “Additionally, a local perception module is integrated to actively scan each image
block and perform weighted summation on local pixels to capture specific features within regions. This proactive
approach balances global contextual features and local illumination information, ultimately improving the precision
of illumination estimation. The“mainstream feature extraction network and four classical illumination estimation
frameworks are compared on public datasets. The experimental results and analysis indicate that ViTLight is
superior to existing frameworks in terms of image rendering accuracy, and its Root Mean Square Error (RMSE)
and Structural Dissimilarity (DSSIM) index reach 0. 129 6 and 0. 042 6, respectively, which verifies its
effectiveness and correctness.

[Key words) Augmented Reality (AR); illumination estimation; Spherical Harmonics (SH) coefficient; Vision
Transformer (ViT); multi-head self-attention
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Fig.6 Effect before and after model improvement
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Fig.8 Visualization analysis of network ablation
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Fig.9 The effectiveness of illumination estimation

using different network models
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Table 4 Evaluation results of different feature extraction networks
_ ENGE NG5 EWINRE Y
: RMSE DSSIM RMSE DSSIM RMSE DSSIM
MobileNetV3 0.275 6 0.274 5 0.374 6 0. 329 6 0.134 1 0.044 2
GhostNet 0.227 3 0.163 7 0. 283 3 0. 186 5 0.359 8 0.153 3
ShuffleNetV1 0.272 2 0.267 3 0. 356 5 0.287 3 0. 365 4 0.1519
ViT-small 0.209 5 0.068 7 0.201 5 0.063 4 0.240 3 0.084 9
ViT-base 0.184 9 0. 080 4 0.122 9 0.039 5 0.254 2 0.076 8
ViT-large 0.227 3 0.066 8 0.216 9 0.062 5 0.223 4 0.067 7
ViTLight 0.139 1 0.063 6 0..125 8 0.046 0 0.129 6 0.042 6
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Fig.10 Changes in evaluation indicators of different networks
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Table 5 The influence of different image block sizes

on illumination estimation

. G5 N
32 16 14 8
RMSE 0.2210 0.129 6 0.208 7 0.234 6
DSSIM 0.064 3 0.042 6 0.067 7 0.070 0
Training Time/h 30 27 42 51
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Table 6 Evaluation results of different illumination estimation methods

- ENTF EX(R75 FEWNINERYF
RMSE DSSIM RMSE DSSIM RMSE DSSIM
Scik( 12077 0.197 1 0.088 4 0.254 2 0.076 8 0.240 2 0. 066 4
SCHR[15 17 0.1849 0.080 4 0.126 9 0.068 6 0.174 6 0.072 4
SCHRC19 78 0.1311 0.042 9 0.119 4 0.040 6 0.134 1 0.044 2
SCHR[25 17 0.154 4 0.049 7 0.143 7 0.072 9 0.130 8 0.042 9
ViTLight 0.130 4 0.042 8 0.125 8 0.046 0 0.129 6 0.042 6
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