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Fig.1 The overall structure of the proposed network
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Tab.2 Comparison of quantitative results of different
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SCS 977 030 1296 028 1347  0.49
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Ours 2258 093 2569 089 3422 095
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Fig.2 The visual results of different methods on SD1 dataset
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Fig.3 The visual results of different methods on RD dataset
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Fig.4 The visual results of different methods on SHIQ dataset
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Tab.3 Ablation experiments of the contribution of the
threshold fusion structure and parallel multi-
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Model MO M1 M2 M3 M4 M5
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Fig.5 Comparison of visual results by ablation models for image highlight removal
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Abstract:

Objective Highlights are manifested as high bright spots on the surface of glossy materials under the action of
light. The highlights of the image can obscure background information with different degrees. The ambiguity of
the image highlight layer model and the large dynamic range of highlights enable highlight removal to be still a
challenging visual task. The purely local methods tend to result in artifacts in the highlight areas of the image, and
the purely global methods tend to produce color distortion in highlight-free areas of the image. To address the
issues caused by the imbalance of local and global features in image highlight removal and the ambiguity of
highlight layer modeling, we propose a threshold fusion U-shaped deep network based on parallel multi-axis self-

attention mechanism for image highlight removal.

Methods Our method avoids the ambiguity of highlight layer modeling by implicit modeling. It uses the U-
shaped network structure to combine the contextual information with the low-level information to estimate the
highlight-free image, and introduces a threshold fusion structure between the encoder and decoder of the U-shape
structure to further enhance the feature representation capability of the network. The U-shaped network uses the
contraction convolution strategy to extract the contextual semantic information faster. It gradually recovers the
low-layer information of the image by expanding, and connects the features of the various stages of the
contraction path in the corresponding stages of the expansion path. The threshold mechanism between the encoder
and decoder is used to adjust the information flow in each channel of the encoder, which allows the encoder to
extract features related to highlights as much as possible at channel level. The threshold structure first performs
high- and low-frequency decoupling and feature extraction for the input features, then fuses the two types of
features by pixel-wise multiplication, and finally uses the residual pattern to learn the low-level features
complementary. In addition, the parallel multi-axis self-attention mechanism is used as the unit structure of the U-
shaped network to balance the learning of local and global features, which eliminates the distortion and artifacts
of the recovered highlight-free images caused by the imbalance extraction of local and global features. The local
self-attention calculates local interactions within a small P*P window to form local attention. After the correlation
calculation of the small window, the window image is mapped to an output image with the same dimension as the
input image by the inverse operation of the window segmentation operation. Similarly, the global self-attention
divides the input features into G*G grids with larger receptive fields. Each grid is a cell for calculating
correlation, which has an adaptive size of the window space. The larger receptive field window of calculating
correlation facilitates the extraction of global semantic information. For the loss function, the squared loss and the
mean absolute error loss are the widely used loss functions in the image restoration field. The squared penalty

magnifies the difference between large and small errors. It usually results in excessively smooth restored images.
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Therefore, the mean absolute error loss is used as the loss function to train our network.

Results and Discussions Qualitative experiments on real highlight images show that our method can remove
highlights from images more effectively, and other compared methods usually cannot remove highlights
accurately and efficiently. They are prone to produce artifacts and distortion in highlight-free areas of the image.
Quantitative experiments on real-world highlight image datasets show that our method outperforms five other
typical image highlight removal methods in both PSNR and SSIM metrics. The PSNR values are higher than
those of the second-best method by 4.10 dB, 7.09 dB, and 6.58 dB on the datasets of SD1, RD, and SHIQ,
respectively. The SSIM values of our method also outperform those of the second-best method with gains of 4%,
9%, and 3% on three datasets. In addition, we also conduct ablation studies for the network structure, and the
experiment verifies the effectiveness of the threshold fusion module and the parallel multi-axis self-attention
module; The threshold fusion module can increase the PSNR by 0.68 dB and the SSIM by 1%, and the multi-axis
self-attention module can increase the average PSNR value by 0.55 dB and the SSIM by 1%. It can also be seen
from the visual results of each ablation experimental model that with the gradual optimization of the network
structure, the results of image highlight removal are visually improved. The outputs of the pure convolution-based
deep network models of MI and M2 have more highlight residuals and produce distortion in the highlight-free
areas of the image. The models of M3, M4 and M5 combining CNN with the self-attention module visually

achieve better results.

Conclusions The experimental results show that good visual results for highlight removal on both public natural

and textual image datasets are achieved with our method, which outperforms other methods in terms of

quantitative evaluation metrics.

Key words: image processing;  highlight removal;  multi-axis self-attention;  deep learning
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