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Abstract
Ancient Chinese books are of great significance to historical research and cultural inheritance. Unfortunately, many of these books have been damaged and corroded in the process of long-term transmission. The restoration by digital preservation of ancient books is a new method of conservation. Traditional character restoration methods ensure the visual consistency of character images through character features and the pixels around the damaged area. However, reconstructing characters often causes errors, especially when there is large damage in critical locations. Inspired by human’s imitation writing behavior, a two-branch structure character restoration network EA-GAN (Example Attention Generative Adversarial Network) is proposed, which is based on a generative adversarial network and fuses reference examples. By referring to the features of the example character, the damaged character can be restored accurately even when the damaged area is large. EA-GAN first uses two branches to extract the features of the damaged and example characters. Then, the damaged character is restored according to neighborhood information and features of the example character in different scales during the up-sampling stage. To solve problems when the example and damaged character features are not aligned and the convolution receptive field is too small, an Example Attention block is proposed to assist in restoration. Qualitative and quantitative analysis experiments are carried out on a self-built dataset MSACCSD and real scene pictures. Compared with current inpainting networks, EA-GAN can get the correct text structure through the guidance of the additional example in the Example Attention block. The peak signal-to-noise ratio (PSNR) and the structural similarity (SSIM) value increased by 9.82% and 1.82% respectively. The learned perceptual image patch similarity (LPIPS) value calculated by Visual Geometry Group (VGG) network and AlexNet decreased by 35.04% and 16.36% respectively. Our method obtained better results than the current inpainting methods. It also has a good restoration effect in the face of untrained characters, which is helpful for the digital preservation of ancient Chinese books.
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Introduction
Ancient books record the development history of human society and civilization. They help people to study historical facts and inherit culture. As the non-renewable wealth of human civilization, the conservation of ancient books is essential. With the development of digitalization, turning ancient books into data stored in disks and other carriers has become an emerging means of ancient book conservation [1]. The digitized images of ancient books both improve the efficiency of dissemination and protect the original books from unnecessary damage. However, during the long-term transmission of ancient books, many characters have been damaged and corroded. Restoration of damaged characters is a prerequisite for enabling these books to be studied and disseminated.
Chinese characters are hieroglyphics. In traditional text restoration work, researchers use contextual and perceptual information, i.e., using the pixels around the damaged character images and the characteristic elements in the complete standard characters to complete the deduction, and then use image processing tools to complete manual restoration [2]. This approach is inefficient and consumes a lot of time.
To improve the efficiency of text restoration work, researchers are eager to use image technology to complete automatically. In 2008, Zhang Wei et al. proposed a method for restoring the lettering of bamboo slips using Canny edge operator [3]. In 2014, Zhang Na et al. proposed a text restoration and recognition method based on horizontal and vertical projection [4]. Some researchers migrated the image inpainting algorithm to the text restoration field and also achieved good results. In 2020, Ge Song et al. proposed a method to restore modern Chinese handwritten characters based on self-attention and adversarial classification loss, which could restore partially occluded handwritten Chinese characters [5]. In 2021, Duan Ying et al. proposed a partial convolution-based text image irregular interference restoration algorithm for different ancient damaged text images [6]. In 2022, Chen Shanxiong et al. proposed a dual discriminator-based method for restoring Yi handwritten characters, which can effectively recover Yi characters [7]. Su Benpeng et al. constructed a multi-stage restoration network combining shape restoration network and texture restoration network, which realized the authentic restoration of ancient characters [8]. However, these methods are affected by image inpainting and mainly pursue the visual consistency of the restored damaged regions. They have little restriction on the freedom degree of the structure, and the obtained results have many structural errors. Character images are not simply equivalent to traditional images. Firstly, it requires the correct topology restoration of text strokes, rather than just visual consistency. Secondly, when critical information exists in a large damaged area, it is difficult to accomplish correct restoration by relying only on the edge information present. Meanwhile, there are many types of characters in Chinese ancient books, especially the same characters have different writing forms in different eras. The methods proposed before can only restore the character categories that exist in the training dataset by learning from the training data. In contrast, facing with character categories that do not exist in the training dataset, they can only give the most similar but structurally incorrect results based on the previously learned features. Therefore, to improve the restoration accuracy of the model, the dataset must be very adequate. However, in real scenarios, Chinese characters exist in different writing forms in different historical eras and regions, so it is very difficult to construct a dataset containing sufficient categories.
Observing the writing behavior of humans, it can be divided into two categories. One type is that knowledgeable people can write correct words based on the memory in their minds. The other is that people can imitate writing based on the given text samples, and in this way they can write previously unseen words. Inspired by this kind of human’s imitation writing behavior, this paper proposes an ancient Chinese books text restoration model based on examples. This model adds an additional reference example in the restoration process to guide the recovery of missing regions of damaged Chinese text. Firstly, two down-sampling branches are used to extract the features of the damaged text and example text respectively, and the features of the two branches are added up and sent to the bottleneck layer for feature transformation. In the up-sampling process, example text features are used to guide the restoration of the damaged text. In this way, even if the damaged text lacks critical information, the text restoration can be completed based on the structural information of the reference example and the existing residual edge information of the damaged text, which improves the restoration accuracy. The previous text restoration methods can only restore the text categories existing in the training dataset by training the network to restore based on the residual edge information. In this paper, the network can simulate the human imitation behavior, and by giving suitable reference examples, it can restore the text categories not existing in the training set, which reduces the difficulty of dataset construction. At the same time, this paper proposes Example Attention block to solve two major problems in the restoration process: the damaged text features are not aligned with the reference example features, and the global features of the reference example cannot be observed due to the restricted receptive fields. The main contributions of this paper are as follows:	A)
A Chinese text restoration network based on reference examples is proposed, which can efficiently and accurately restore the structure of damaged characters.

 

	B)
An Example Attention block is proposed to solve the problems of unaligned features and restricted receptive fields.

 

	C)
The text restoration effect of the model is explored. The experimental results show that the model proposed in this paper can learn an imitation writing behavior and can restore the Chinese character categories that do not appear in the training dataset.

 





Related work
Image inpainting methods based on deep learning
Deep learning is widely used in natural language processing [46], image classification [45], image inpainting and other fields. The current research of image inpainting mainly focuses on regular mask [9] and irregular mask [10] inpainting, denoising [11], defogging [12], old photo coloring[13], target removal [14]and other tasks. In recent years, many deep learning-based image inpainting algorithms have been proposed. Among these methods, D. Pathak et al. first proposed to use a trained deep learning network to restore missing pixels in the damaged images in 2016 [9]. This method can restore the missing regions to some extent, but it cannot keep the local consistency between the newly restored regions and the residual regions. To ensure the consistency of the image texture, in 2017, Iizuka et al. proposed to use both global and local discriminators to evaluate the adversarial loss [15]. The global discriminator evaluates whether the restored image has overall semantic consistency, while the local discriminator constrains the restoration of the damaged regions to enhance local consistency. However, this method is restricted by the convolution receptive field and can only reason and restore based on the information of the surrounding regions. These previous methods are only for regular masks, and do the same convolution for mask and non-mask regions. To better deal with irregular masks, partial convolution was proposed [10], which only performs convolution in the valid pixel region of the image and updates the mask automatically. But in this convolution mode, the mask uses hard update, i.e., the update rule is fixed, and all channels use the same mask. In 2019, Yu Jiahui et al. proposed gated convolution [16]. Unlike partial convolution, gated convolution provides a learnable dynamic feature selection mechanism for each spatial location and each channel in all layers, i.e., using soft mask. Although previous methods have been able to solve the texture inconsistency problem, it is still very difficult to restore the central area when the area of missing pixels is too large. In 2020, Li et al. designed a Recurrent Feature Reasoning network (RFR-net) [17]. The RFR module circularly reasoned the hole boundaries of the convolutional feature map, and then used the obtained results as clues for further reasoning. It strengthened the constraint on the hole center during the reasoning process, and finally obtained clear restoration results.
Compared with traditional diffusion-based [18, 19], and patch-based [20–22] image inpainting algorithms, the above algorithms can use deep networks such as GAN to learn shallow features and deep semantic features of non-damaged image regions driven by a large amount of data. Then, by using these features, the damaged regions are restored adaptively. The restored image structure and texture are consistent at the deep semantic level, and have a more realistic restoration effect [23]. Therefore, the text restoration model in this paper is also designed based on GAN network structure.

Visual attention
Inspired by the fact that the human visual processing system selectively focuses on certain parts of an image, in 2017, researchers introduced the attention mechanism into computer vision [24]. Its basic idea is to make the model automatically learn to assign different weights to each part of the input features and extract the important key information, which makes the model make more accurate judgments. Based on the research of residual networks, Residual Network, Wang et al. proposed Residual Attention Network using style attention module [25]. It can refine the network feature map to improve the accuracy and robustness of the network. To model the weight relationship among each channel in feature maps, Squeeze-and-Excitation Networks (SENet) was proposed in 2017 [26]. The SE module uses the global average pooling to calculate the channel attention, which can significantly improve the classification accuracy of the network. However, the SENet does not focus on spatial attention. Combining spatial and channel attention, Sanghyun et al. proposed Convolutional Block Attention Module (CBAM) [27]. CBAM uses two modules, channel attention and spatial attention, to obtain the corresponding attention maps, and then multiplies the attention maps with the input feature maps to achieve adaptive feature refinement. The spatial attention in CBAM calculates global maximum pooling and average pooling of feature maps in the channel direction, and then performs convolution to obtain the attention map. However, this method is limited by the receptive field of the convolution kernel and can only focus on local regions. Of course, using a fully connected layer can get global information, but it will lead to excessive parameters. To solve this problem, Wang Xiaolong et al. proposed non-local neural network [28], which obtains a position weight feature map by calculating feature weighted sum of all positions in the input feature map, and then normalizes it with the original feature map. This module can effectively learn global features without limiting the size of the input feature maps. After Transformer's brilliant performance, Alexey et al. applied standard Transformer to image tasks [29]. To solve the model input inconsistency problem, they split images into patches and used their linear embedding sequences as the input of Transformer. The deep features of images are extracted by Transformer structure, and the inductive bias of images is removed by multi-head self-attention mechanism, which has higher accuracy and better performance than the traditional Convolutional Neural Network (CNN) network.
In this paper, inspired by visual attention, the Example Attention is proposed to obtain the global features of the reference example, and fuse the example features with the damaged text features to guide the text restoration process.

Priori guided image inpainting
Existing learning-based image inpainting methods have achieved good restoration results. Some researchers believe that introducing appropriate priori knowledge guidance in the restoration stage can adapt to more scenarios. Initially, researchers introduced structural priors to guide image inpainting, including edges [30, 31], contours [32] and segmentation mapping [33, 34]. The experiments proved that the structure priori can effectively improve the quality of the inpainting results. However, when the damaged image has complex semantics or a large missing area, the inpainting tasks still face greater challenges. To obtain more priori knowledge, reference images with similar texture and structure are introduced in some inpainting tasks. The realistic and abundant texture features of the reference image are used to guide the restoration of the missing details, and more accurate and realistic inpainting results can be achieved for tasks such as image compression [35], image super resolution [36–38], etc. In addition, Li Xiaoming et al. achieved realistic inpainting of low-resolution face images by using the same subject but not identical images with higher resolution as reference images [39]. In 2022, Lu Wanglong et al. proposed EXE-GAN [40]. Under the guidance of face example images with rich texture and semantic information, EXE-GAN can effectively generate more realistic face restoration results. And Liu Taorong et al. encoded texture and structural features of input images and reference images and performing multi-scale fusion [41], which achieved more realistic detailed restoration of natural scene images.
Inspired by the methods above, this paper proposes EA-GAN based on the generative restoration model, which restores the damaged text under the guidance of example text. Through the two-branch input structure and Example Attention block, EA-GAN can use the residual feature information of the damaged text and the structure and detail features of the example text to reason the missing part, which achieve better text restoration effects.


Method
Overall network architecture design
To solve the damaged text restoration problem, this paper proposes a GAN-based restoration model EA-GAN. The whole model structure follows the GAN-based image inpainting model (shown in Fig. 1), which is composed of generator G (yellow box on the left of Fig. 1) and discriminator D (yellow box on the right of Fig. 1). Different from the traditional GAN model, the generator G of EA-GAN adopts a two-branch input structure (branch E1 and E2), which inputs both damaged text and example text images to guide the restoration. This structure learns a rule of imitation, making the restoration result details more realistic. And when a text category that does not exist in the training dataset is used as the network input, the correct restored text can still be obtained if a suitable example is given. The discriminator D of EA-GAN is used to distinguish generated samples from real samples during training. The structure of generator G and discriminator D in the network are described in detail next.[image: ]
Fig. 1Overall structure diagram of restoration network EA-GAN


We first introduce the structure of the generator G. The generator consists of two encoder branches E1 and E2, a bottle-neck layer and a decoder. Both encoder branches are composed of four convolution layers, which are used to encode the features of the input damaged text image and example text image respectively. The encoder branch E1 encodes the damaged image into contextual features by convolution, and then sends them to the decoder through the bottle-neck layer for text restoration. The encoder branch E2 encodes the input example image into feature maps of different scales and dimensions, and then provides multi-scale information reference for damaged text restoration by skip connection layer. The bottle-neck consists of four residual blocks, which are used for feature transformation and can effectively remove high-frequency noise. The Decoder (Decoder in Fig. 1) consists of a deconvolution layer and an Example Attention block. The Example Attention block guides the restoration process with the help of example features transmitted by the skip connection layer. This block is mainly used to learn the contextual features in the example feature maps, avoiding the problems of insufficient receptive fields and unaligned features caused by traditional convolution.
Next, we introduce the discriminator D, which consists of five convolutional layers. It is a PatchGAN structure discriminator with Markov property. The traditional discriminator uses a fully connected layer at the last layer and outputs a probability between 0 and 1. The last layer of the PatchGAN structure discriminator outputs an N × N matrix, where each value (in the range 0 to 1) represents the true/false discriminant result for every local patch in the image. In this way, the discriminator can improve the recognition ability of local regions of the image. At the same time, the features obtained from each convolution layer in the discriminator D are also extracted to calculate the perceptual loss between the generated sample P and the real sample R.

Example attention block design
The example-based feature fusion has been applied in the field of super-resolution, mainly by aligning the key points of low-resolution images and high-resolution images, and then fusing the features by convolution. However, this is not applicable to the network in this paper. Firstly, this network uses features of different dimensions and scales, and there is no algorithm for aligning key points of such features at present. Secondly, convolution is limited by receptive fields. We consider that text restoration relies on the spatial layout of the whole word, which means that not only the similar regions in the example features need to be learned, but also the context needs to be referred. To solve this problem, an Example Attention block is designed in this paper, as shown in Fig. 2. In Fig. 2, [image: $$x$$] and [image: $$y$$] respectively represent the damaged text image feature map, and the example text feature map obtained by skip connection layer in the Decoder. The whole block takes [image: $$x$$] and [image: $$y$$] as input. First linear transformation is performed on the damaged text image feature map [image: $$x$$] and example image feature map [image: $$y$$]. Then the features of damaged text is used as query features and matrix multiplied with each pixel in the example image feature to calculate the correlation, thus obtaining a correlation feature map. The calculation formula is shown in Eq. (1):[image: ]
Fig. 2Structure diagram of an example attention block

[image: $$f\left({x}_{i},{y}_{j}\right)={\left({W}_{f}{x}_{i}\right)}^{T}\left({W}_{g}{y}_{j}\right)$$]

 (1)



In Eq. (1), [image: $${W}_{f}$$] and [image: $${W}_{g}$$] respectively represent linear transformation. [image: $${x}_{i}$$] and [image: $${y}_{j}$$] respectively represent the [image: $$i$$] and [image: $$j$$] column vectors of matrixes obtained from damaged text feature [image: $$x$$] and example feature [image: $$y$$] after linear transformation and transpose. By normalizing and summing the correlation feature map with the example features, the feature map [image: $$z$$] can be obtained, which is the features of damaged text feature [image: $$x$$] under the influence of sample feature [image: $$y$$]. The calculation formula is shown in Eq. (2):[image: $$z_{i} = \frac{{f\left( {x_{i} ,y_{j} } \right)}}{{\sum\limits_{j = 1}^{n} {f\left( {x_{i} ,y_{j} } \right)} }}(W_{h} y_{j} )$$]

 (2)



In Eq. (2), [image: $${z}_{i}$$] is the [image: $$i$$] row in the feature map [image: $$z$$].[image: $${W}_{h}$$] is the weight coefficient. The whole calculation can realize the query of every pixel in the example feature map and learn the global feature influence. Meanwhile, even if the feature map of the input example text is not aligned with the feature map of the damaged text, the information region with high correlation can be found in the example feature map. Finally, the damaged text feature [image: $$x$$] and the feature map [image: $$z$$] obtained by Eq. (2) are fused with different weights to obtain the next stage feature [image: $$f$$]. The calculation formula is shown in Eq. (3):[image: $$f = W_{1} x + W_{2} z$$]

 (3)



In Eq. (3),[image: $$f$$] is next stage feature map and [image: $${W}_{1}$$] and [image: $${W}_{2}$$] represent the weights. In the traditional feature fusion methods, different features are usually fused by using hyperparameters. However, the weight coefficient calculation in this paper refers to the spatial attention module in CBAM [27]. CBAM generates spatial attention map by modeling the spatial relationship between features, which emphasizes the attention to the more informative part and suppresses the less important feature information. The main idea of spatial attention is: first apply the average pooling and maximum pooling operations along the channel direction so that the information of each channel can be aggregated. Then concatenate them to produce efficient feature descriptors to highlight informative regions. Next, a spatial attention map is generated by using convolutional layers to encode the emphasized or suppressed parts. Finally, the spatial attention features are generated by activation function. The calculation formula is shown in Eq. (4):[image: $$\begin{gathered} W_{i} = \sigma (F_{i}^{7 \times 7} ([AvgPool([x;z]); \\ MaxPool([x;z])])) \\ \end{gathered}$$]

 (4)



In Eq. (4), [image: $${F}_{i}^{7\times 7}$$] is the 7 [image: $$\times$$] 7 convolution. [image: $$\sigma$$] is the activation function, and the one used in this paper is the Relu activation function.[image: $$AvgPool()$$] is the average pooling operation, and [image: $$MaxPool()$$] is the maximum pooling operation. The calculated spatial attention feature is used as the weight coefficient to multiply with the input feature, which can achieve a more effective feature fusion. We will discuss the detail calculation formulas of the weights [image: $${W}_{1}$$] and [image: $${W}_{2}$$] in the experiment and discussion section.

Loss function design
To ensure the restoration ability of the network, it is necessary to select an appropriate loss function to optimize the network. In this paper, the reconstruction loss is used to calculate the difference between the pixels of the real text (the non-damaged text) image and the predicted text (the restored text) image. The reconstruction loss is defined as in Eq. (5):[image: $$L_{rec} = \frac{1}{N}\left| {I_{gt} - I_{pred} } \right|_{1}$$]

 (5)



In Eq. (5), [image: $${I}_{gt}$$] is the real text image and [image: $${I}_{pred}$$] is the predicted text image. N is the pixel size of the image. We use the L1 norm to calculate the sum of the absolute difference values between them. Only using reconstruction loss is not enough to measure the structural similarity of the two images. Therefore, the perceptual loss is also used in this paper. It can be used to compare the differences of the deep features between the predicted text image and the real text image in the network. Traditional perceptual loss uses pre-trained VGG networks to extract features, which adds extra computation and space. In this paper, the features are extracted by discriminator to calculate the perceptual loss, which avoids introducing additional networks. The perceptual loss of the entire network can be calculated as follows:[image: $$L_{perceptual} = \sum\limits_{i = 1}^{N} {\frac{1}{{H_{i} W_{i} C_{i} }}\left| {\phi_{i}^{gt} - \phi_{i}^{pred} } \right|_{1} }$$]

 (6)



In Eq. (6), [image: $${\phi }_{i}^{gt}$$] and [image: $${\phi }_{i}^{pred}$$] respectively represent the feature maps of the real text image and the predicted text image after the ith convolutional layer of the discriminator. [image: $${H}_{i}{,W}_{i},{C}_{i}$$] are the height, width, and channel of the feature map obtained from ith layer.
Finally, the network is a GAN structure, so it is necessary to use adversarial loss to calculate the probability of true or false of the predicted image. The adversarial loss of the network is defined as follows:[image: $$L_{adv} = E\left( {\log (I_{gt} )} \right) + E(\log (1 - D(G(I_{mask} ,Mask))))$$]

 (7)



In Eq. (7), G is generator and D is discriminator. [image: $$E\left(*\right)$$] is the expected value of the distribution function. [image: $${I}_{mask}$$] is the input damaged image. Mask is the damaged area matrix (0 for valid pixels, 1 for invalid pixels).
In summary, the loss function of the entire network is:[image: $$L_{total} = \lambda_{1} L_{{pe{\text{r}}ceptual}} + \lambda_{2} L_{rec} + \lambda_{3} L_{adv}$$]

 (8)


where [image: $${\lambda }_{1},{\lambda }_{2},{\lambda }_{3}$$] are hyperparameters.

Damaged text image simulation
The training of the model requires abundant paired data of complete text and damaged text, which is difficult to obtain in reality. The traditional method of generating damaged text images is to randomly generate 0–1 matrix mask (0 is the region of effective pixels, 1 is the missing region) to simulate the damaged situation. To improve the restoration effectiveness of the model, we use a more real mask to generate simulated damaged text images.
Specifically, we invited relevant experts of ancient books to list some typical damage scenes. Then we extracted the damage regions and digitized these damage regions into mask matrixes composed of 0 and 1. Finally we summarized 12 common types of damage mask. The images of 12 type real masks are shown in Fig. 3. By translating and scaling the matrixes to increase the diversity of damage, the damaged text image can be simulated more realistically.[image: ]
Fig. 3The images of 12 type real masks




Experiment and discussion
Dataset and experimental environment
In the existing public dataset, there is no suitable ancient Chinese text dataset for this experiment. Therefore, the dataset used in the experiment is the self-built dataset MSACCSD (Multi-Style Ancient Chinese Character Simulation Dataset). We obtained high quality digitized ancient books from the National Digital Library of China (http://​www.​nlc.​cn/​). By detecting and cutting the characters in ancient books Yongle Dadian (Fig. 4), 100 traditional characters with high frequency were selected. We did binary processing on these single-word pictures to remove the background, which facilitating the network training. To expand the type and style of the dataset, we collected the character TTF files in Regular script, Official script, Song style, Running script and other writing styles from Chinese Font Design website (https://​chinesefontdesig​n.​com). The final dataset contains 1600 commonly used simplified and traditional Chinese characters. We did data augmentation and damaged text image simulation. Then a dataset of 1600 types of 48,000 images including multiple font formats is generated. The size of the original character image in the dataset is 28 × 28. In the experiment, we scaled it to 128 × 128.[image: ]
Fig. 4The ancient book Yongle Dadian


The network in this paper was trained using the Adam optimizer with a batch size of 8. The two parameters of Adam optimizer are 0.1 and 0.9. The learning rate during training is 0.0001. The size of the input image is 128 × 128. The hyperparameters [image: $${\lambda }_{1}$$], [image: $${\lambda }_{2}$$], [image: $${\lambda }_{3}$$] in the loss function are 6, 6, 1. Pytorch framework version 1.2.0 is used in all experiments.

Measure indicators
The quality of the restoration results is mainly measured by the structural differences between the restored text image and the original complete image. The human brain can easily tell the difference between two images, but this is not easy for a computer. The measurement of image similarity is not simply obtained by distance calculation. At present, SSIM and PSNR are commonly used measure indicators. In recent years, it has been found that measuring the image similarity using deep features in neural networks is more effective and has higher accuracy than previous indicators. Then the learned perceptual image patch similarity LPIP [42] begun to apply to measure the similarity between two images. LPIPS is more consistent with human perception than traditional methods. Therefore, in addition to the basic SSIM and PSNR, LPIPS is used as the measure indicator. We use VGG [43] and AlexNet [44] respectively to extract features and calculate LPIPS value.

Comparative experiments
Qualitative and quantitative experiments
We compare the EA-GAN model with the current mainstream inpainting methods, including the globally and locally [15], PConv [10], GatedConv [16], EdgeConnect [30] and RFR-net [17]. Through qualitative analysis and quantitative analysis, it is proved that the method proposed in this paper has better restoration effects.
Qualitative analysis: Fig. 5 shows the comparison of experimental results between the proposed method and other mainstream methods in dataset MSACCSD. The columns in Fig. 5 from left to right show the damaged text (Input), the real complete text (GT), and then the restoration results of the globally and locally (GLCIC), Gated Conv (GC), PConv (PC), EdgeConnect (EC) and RFR-net (RFR) models in order. The last column is the restoration result of this paper (Ours).[image: ]
Fig. 5Qualitative comparison results of different methods


The results show that the globally and locally, PConv, Gated Conv and EdgeConnect ensure visual consistency. However, they only infer a possible structure from the remaining information in the image, and the result is most likely wrong. Globally and locally uses both global and local context discriminators, compared with the other three methods, the text restoration effect will be improved. With the help of RFR module, RFR-net is able to improve the correctness of structure restoration to some extent by performing circular reasoning on large missing regions. But in most cases, RFR-net only relies on the information of the damaged text itself and cannot reason out the correct text structure. In contrast, the EA-GAN model proposed in this paper uses the Example Attention block to provide additional example guidance when restoring, so that the network can infer the correct text structure. Figure 5 also shows that the restoration results of the proposed method is basically consistent with the real text.
Quantitative analysis: This paper also compares the restoration effects of the proposed method and the current mainstream restoration methods from the quantitative analysis. The experimental results are measured by PSNR, SSIM, LPIPS (AlexNet) and LPIPS (VGG). LPIPS (AlexNet) and LPIPS (VGG) are LPIPS value calculated by extracting features using AlexNet [44] and VGG [43] networks respectively. The experimental results are shown in Table 1. The “↑” indicates that the larger of the number, the better of the effect. “↓” indicates that the lower of the number, the better of the effect. The best results are marked in bold. Compared with other methods, PSNR and SSIM increase by 9.82% and 1.82%, respectively, and LPIPS calculated by VGG and AlexNet decrease by 35.04% and 16.36%, respectively. In general, the proposed method is superior to other methods in every indicator.Table 1Quantitative comparison results of different methods on dataset MSACCSD (“↑” indicates that higher is better. “↓” indicates that lower is better. The best results are marked in bold black)


	Method
	PSNR↑
	SSIM↑
	LPIPS(AlexNet)↓
	LPIPS(VGG)↓

	GLCIC
	23.15
	0.905
	0.0355
	0.0589

	PConv
	24.19
	0.919
	0.0316
	0.0567

	GatedConv
	22.98
	0.907
	0.0418
	0.0617

	EdgeConnect
	25.45
	0.924
	0.0313
	0.0617

	RFR-net
	25.24
	0.933
	0.0254
	0.0428

	Ours
	27.95
	0.950
	0.0165
	0.0358





Effect of damaged area on restoration effect
In this paper, the relationship between different damage area and restoration effect is studied. We use mask_size as a measure indicator of damage area. The experimental results are shown in Fig. 6 (“↑” means the larger of the number, the better of the effect; “↓” means the smaller of the number, the better of the effect). It can be observed that when the mask_size is small, the experimental results of our method is not much different from other methods. However, when the mask_size increases to 50%–60%, our method is significantly ahead of other methods in every indicator. It also fully proves that the proposed method is more effective in restoring large area damaged text.[image: ]
Fig. 6Restoration effect comparison of each method under different damage area (“↑” indicates that higher is better. “↓” indicates that lower is better.)




Model robustness analysis
Restore the inexistent text in the training dataset
We assume that EA-GAN model can learn imitation writing rules after training, while other restoration methods mainly restore through inference rules learned from training. When faced with the training texts, they can restore the correct structure, but when faced with the inexistent text in the training dataset, they cannot reason out the right result. Based on this assumption, 250 inexistent text images are selected for the experiment. The experimental results are shown in Fig. 7 and Table 2.[image: ]
Fig. 7Qualitative comparison results of different methods for restoring the inexistent texts in the training dataset

Table 2Quantitative comparison results of different methods for restoring inexistent texts in the training dataset (“↑” indicates that higher is better. “↓” indicates that lower is better. The best results are marked in bold black)


	Method
	PSNR↑
	SSIM↑
	LPIPS(AlexNet)↓
	LPIPS(VGG)↓

	GLCIC
	21.93
	0.905
	0.0458
	0.0736

	PConv
	22.22
	0.900
	0.0502
	0.0785

	GatedConv
	22.19
	0.901
	0.0482
	0.0742

	EdgeConnect
	23.34
	0.917
	0.0441
	0.0674

	RFR-net
	22.99
	0.911
	0.0467
	0.0659

	Ours
	24.66
	0.925
	0.0267
	0.0559




Figure 7 shows the qualitative comparison results of different methods for restoring the inexistent texts in the training dataset. Each column in Fig. 7 from left to right is the damaged text (Input), the real complete text (GT), the globally and locally (GLCIC), Gated Conv (GC), PConv (PC), EdgeConnect (EC), RFR-net (RFR) and the proposed method (Ours). The results show that the proposed method can restore the correct text structure of inexistent text in the training dataset, which cannot be done by other methods. And this also cites the correctness of the assumption from the side.
Table 2 shows the quantitative comparison results of different restoration methods for restoring inexistent texts in the training dataset, and the best results are marked in bold black. “↑” means the larger of the number, the better of the effect; “↓” means the smaller of the number, the better of the effect. The best results are marked in bold black. The results show that the proposed method is ahead of other methods in each indicator. From both quantitative analysis and qualitative analysis, the proposed method shows better restoration ability than other mainstream methods.

Effect of different examples on restoration results
To verify the effect of different examples on the restoration results, two Chinese characters are selected in this experiment. The experimental results are shown in Fig. 8. The simulated damaged images Input A/B are input into the E1 branch of the EA-GAN model (Fig. 1), and the corresponding high-resolution handwritten text Example A1/B1, the scaled handwritten text Example A2/B2 and the printed text Example A3/B3 are respectively input into the E2 branch of the EA-GAN model (Fig. 1) as examples. The corresponding output results Output A1/B1, Output A2/B2 and Output A3/B3 are obtained. Compared with the real image (GT A/B), it can be observed that the difference in pixel values of the input examples (Example A1/B1 and Example A2/B2) hardly affects the restoration results. The difference in the structural style of input examples (Example A2/B2 and Example A3/B3) greatly affects the restoration results.[image: ]
Fig. 8Text restoration results of EA-GAN with different examples




Selection of weight calculation methods for Example Attention block
This experiment explores the effect of different weight calculation methods of feature fusion on the results. The overall feature fusion method in Example Attention block is shown in Eq. (3), and the final weight calculation method is shown in Eq. (4). To explore whether the spatial attention method will achieve better fusion effect, this experiment firstly compares it with the common hyperparameter method (M1 method). In addition, for the weight calculation method based on spatial attention mechanism, the original method extracts the attention from one input feature map, while this experiment generalizes it to attention weighting of two input feature map. Therefore, it is also necessary to discuss the feature input method of the spatial attention calculation method.
Finally, four different weight calculation methods are explored, which are denoted as M1, M2, M3 and M4. The M1 method is to set the weights as two updatable hyperparameters. The M2 method is to first calculate the global max pooling and average pooling on the feature maps [image: $$x$$] and [image: $$z$$] respectively, and then concatenate the four results and use convolutions to get weight map. The M3 method is to separately calculate the global max pooling and average pooling of the two feature maps, and then concatenate the respective results and use convolution to obtain the respective weight maps. The M4 method is to concatenates [image: $$x$$] and [image: $$z$$], then calculate the global max pooling and average pooling, and finally use convolutions to get weight map. The specific calculation methods of M1, M2, M3 and M4 are shown in Eqs. (9)–(12):[image: $$M1:W_{1} = \alpha , // W_{2} = \beta$$]

 (9)


[image: $$M2:W_{i} = \sigma (Fi^{7 \times 7} ([AvgPool(x);MaxPool(x); AvgPool(z);MaxPool(z)]))$$]

 (10)


[image: $$\hfill M3:W_{1} = \sigma (F_{1}^{7 \times 7} ([AvgPool(x);MaxPool(x)])) W_{2} = \sigma (F_{2}^{7 \times 7} ([AvgPool(z);MaxPool(z)]))$$]

 (11)


[image: $$M4:W_{i} = \sigma (F_{i}^{7 \times 7} ([AvgPool([x;z]); MaxPool([x;z])]))$$]

 (12)



Table 3 shows the quantitative restoration results of EA-GAN model under four weight calculation methods, and the best results are marked in bold black. The results show that compared with the traditional hyperparameter fusion method, the use of spatial attention method for feature fusion can improve the restoration effect. And the restoration results are optimal when using the combination of the two feature maps as the input of the spatial attention calculation (M4). The combination of feature map [image: $$x$$] and feature map [image: $$z$$] enables the spatial attention to pay attention to the most valuable part of the damaged text and the most informative part of the fusion example features at the same time, and ignore the less important parts of the two, which can better guide the restoration process.Table 3Effect of different weight calculation method selection on experimental results (“↑” indicates that higher is better. “↓” indicates that lower is better. The best results are marked in bold black)


	Method
	PSNR↑
	SSIM↑
	LPIPS(AlexNet)↓
	LPIPS(VGG)↓

	M1
	27.79
	0.944
	0.0174
	0.0390

	M2
	27.81
	0.948
	0.0168
	0.0365

	M3
	27.75
	0.948
	0.0169
	0.0363

	M4(Ours)
	27.95
	0.950
	0.0165
	0.0358





Restoration results for real scenes
We list the results of the traditional character restoration of the ancient book Yongle Dadian. The example character is generated by the scaling and rotating of the original character. The restoration results are shown in Fig. 9. The results show that the network can basically realize the restoration of the traditional Chinese character. Some strokes may have minor errors.[image: ]
Fig. 9The traditional Chinese character restoration results of Yongle Dadian


To further demonstrate the effectiveness of the proposed method, restoration experiments are conducted on high-resolution damaged text images in real scenes. Figures 10, 11 show the restoration results. The first row of the two figures is the damaged text image in the real scene, and the second row is the restored text image. The damaged texts in Fig. 10 come from torn papers in a real scene. The damaged texts in Fig. 11 come from ancient books and stone tablets, and the background and texture of the text have been removed. It can be observed that the restored texts basically guarantee the correctness of the structure. This also proves the effectiveness of the proposed method.[image: ]
Fig. 10Restoration results of damaged texts in torn papers

[image: ]
Fig. 11Restoration results of damaged texts in ancient books and stone tablets




Conclusion
To improve the accuracy of text structure restoration, this paper proposes an example-based ancient Chinese book text restoration model EA-GAN. Based on the traditional generative adversarial network, the model introduces additional examples in the way of a two-branch generator to guide the restoration process and improve the accuracy of restoration. To solve the problems that the features may not be aligned and the convolution receptive field is limited when the damaged character features are fused with the example features, this paper proposes the Example Attention block. It can learn the global features from the reference example, and fully fuse the example text features and the damaged text features by the spatial Attention mechanism. Qualitative and quantitative comparison experiments are carried out on the dataset MSACCSD. The experimental results show that the proposed method has better restoration capability than the current mainstream inpainting methods, and still has better restoration effect on large-area damaged texts. It also has better robustness and generalization ability when faced with the untrained texts and real scene texts. However, we only focus on the structure during restoration, but do not consider the rich texture of ancient books. The restoration of texture is also the work we need to complete in the future.
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