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Abstract

:

The study of the architectural heritage of the Chinese diaspora has an important role and significance in China’s historical and cultural background in the preservation of cultural data, the restoration of images, and in the analysis of human social and ideological conditions. The images from the architectural heritage of the Chinese diaspora usually include frescos, decorative patterns, chandelier base patterns, various architectural styles and other major types of architecture. Images of the architectural heritage of the Chinese diaspora in Jiangmen City, Guangdong Province, China are the research object of this study. A total of 5073 images of diaspora Chinese buildings in 64 villages and 16 towns were collected. In view of the fact that different types of image vary greatly in features while there are only small differences among the features of the same type of image, this study uses the depth learning method to design the Convolutional Neural Network Attention Retrieval Framework (CNNAR Framework). This approach can be divided into two stages. In the first stage, the transfer learning method is used to classify the image in question by transferring the trained parameters of the Paris500K datasets image source network to the target network for training, and thus the classified image is obtained. The advantage of this method is that it narrows the retrieval range of the target image. In the second stage, the fusion attention mechanism is used to extract the features of the images that have been classified, and the distance between similar images of the same type is reduced by loss of contrast. When we retrieve images, we can use the features extracted in the second stage to measure the similarities among them and return the retrieval results. The results show that the classification accuracy of the proposed method reaches 98.3% in the heritage image datasets of the JMI Chinese diaspora architectures. The mean Average Precision (mAP) of the proposed algorithm can reach 76.6%, which is better than several mainstream model algorithms. At the same time, the image results retrieved by the algorithm in this paper are very similar to those of the query image. In addition, the CNNAR retrieval framework proposed in this paper achieves accuracies of 71.8% and 72.5% on the public data sets Paris500K and Corel5K, respectively, which can be greatly generalized and can, therefore, also be effectively applied to other topics datasets. The JMI architectural heritage image database constructed in this study, which is rich in cultural connotations of diaspora Chinese homeland life, can provide strong and reliable data support for the follow-up study of the zeitgeist of the culture reflected in architecture and the integration of Chinese and Western aesthetics. At the same time, through the rapid identification, classification, and retrieval of precious architectural images stored in the database, similar target images can be retrieved reasonably and accurately; then, accurate techniques can be provided to restore old and damaged products of an architectural heritage.
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1. Introduction


Images from the architectural heritage of the Chinese diaspora are a powerful basis for studying modern culture, human life and history, as well as ideologies prevalent in homelands of diaspora Chinese. The image of diaspora Chinese architecture usually includes several types, such as frescos, decorative patterns, chandelier base patterns, and architectural styles. In recent years, many scholars have carried out research on and analysis of architectural images and accumulated much valuable experience and data [1,2,3,4]. However, current research in this area is mostly scattered, lacking a systematic and integrated approach to the architectural heritage and culture of the Chinese diaspora as well as an image database of diaspora Chinese architecture. This paper aims to resolve the above problems, using computer technology and artificial intelligence depth learning methods to design a set of effective images for fast recognition, classification, and building of retrieval models. The field research location selected for this study is in Jiangmen, Guangdong Province, China—hometown of the Chinese diaspora. Our research scope include frescos, decorative patterns, chandelier base patterns, architectural styles, and other images collected of diaspora Chinese culture and architecture. On the one hand, this study effectively stores the existing diaspora Chinese architectural images in Jiangmen; on the other hand, based on the constructed database, it quickly retrieves images similar to those architectural images, thus providing strong technical support for the restoration of architectural designs and the interpretation of diaspora Chinese culture.



In recent years, deep learning technology has gradually penetrated into various research fields. Experts and scholars have carried out a large number of scientific studies using deep learning technology and achieved certain research results in various fields [5,6,7,8,9,10,11,12,13]. Image retrieval based on deep learning is currently a research hot spot in computer vision, which can effectively search, query, and match images similar to the target task in the image database [14]. Image feature extraction technology is the core problem to improve the accuracy of image retrieval. Traditional image feature extraction methods mainly design manual descriptors for low-level features such as image color, texture and edge [15]. However, the traditional extraction methods have great defects, such as poor retrieval effects with varied lighting, background, occlusion, and other factors. With in-depth research of artificial intelligence and deep learning technology, we can use convolutional neural networks to extract high-level semantic features of images, which greatly improves the accuracy of image retrieval [16]. The classical Network models include ResNet (Residual Neural Network) and GoogLeNet, VGGNet (Visual Geometry Group Net) [17,18,19], which mainly extract image features using the overall characteristics of images. However, if only a single network such as ResNet, GoogLeNet, and VGGNet is used to extract image features, there will also be some disadvantages for image recognition, such as local features inside images becoming easy to ignore, or common interference by occlusions. The attention mechanism can effectively solve the above problems. This method is often used in image recognition and classification [20], object detection [21], semantic segmentation [22], multimodal tasks [23], self-supervised learning [24] and other undertakings. Based on research on depth learning technology, this paper introduces depth learning into the recognition and retrieval of diaspora Chinese architectural images, which provides a new research idea for the preservation, retrieval, and restoration of architectural heritage digital images.



At present, some scholars have done similar research on the recognition and retrieval of architectural images. For example, the authors of [25] constructed a dataset for application to examples of the traditional Chinese architectural heritage and proposed a deep retrieval method for the recommended task. In [26], The author puts forward the application of rural architectural design in view of architectural image recognition based on machine learning and other technologies. This research uses the Histogram of Oriented Gradient (HOG) algorithm to extract the contour features of the building image, uses the trained SVM classifier to classify the image features, and finally completes the recognition of the building. The authors of [27] combine 3D image technology with Internet of Things technology to study the development of the classical architectural art style. This paper studies the collection and data preprocessing of 3D architectural images and in 3D displays the images through simulation experiments, providing data support for policy formulation and technical intervention into the architectural heritage. In [28], the author used depth learning technology to classify architectural heritage images, especially by using convolutional neural networks. Their research results can correctly classify the existing images, thus contributing to the research and interpretation of relevant aspects of the architectural heritage. The authors of [29] proposed a method to identify the roof type of rural buildings based on high resolution remote sensing images of UAVs. This method can obtain clear and accurate proofs of roof profiles and of types of rural buildings; it can be used for green roof evaluation of potential construction of roof solar energy. In addition, Hong et al. [30] applied building image recognition and classification technology to post disaster building damage assessment, which can effectively classify buildings with various damage levels. Taoufig et al. [31] applied the automatic classification technology of architectural images to smart city construction and cultural heritage projects. The architectural image database they built provides strong support for urban planning, virtual city tours and digital archiving of cultural relics. To sum up, most of the above studies only extract the overall characteristics of the building facade or focus on some areas of the building but fail to extract the spatial characteristics of separate components. In retrieval research with a variety of different building image datasets, it is difficult to achieve both rapid recognition and high accuracy. Based on the above depth learning technology in image building research, this paper adopts the depth learning architectural image hierarchical retrieval strategy for research. We propose an architectural style classification and retrieval method based on Convolutional Neural Network (CNN) and channel spatial attention. First, the CNN feature extractor is used to extract the depth feature. Secondly, the channel space attention module is introduced to generate attention maps, which can not only enhance the texture of feature representation of architectural images but can also focus on the spatial features of various architectural elements. Then, the Softmax classifier is used to predict the score of the target class. Finally, based on the image classification, the similarity measure is used to retrieve the results. This paper adopts the method of the Convergent Block Attention Module (CBAM) to extract the features of diaspora Chinese architectural images in Jiangmen city. By fusing this Module, the features of similar patterns in architectural images can become more prominent. CBAM is a simple and effective attention module, which is mainly used in the feed forward convolutional neural network. Because it is a general module with broad compatibility, it can be integrated into any CNN model architectures.



Our contributions in this paper mainly address the following four areas: (1) Aiming at the current situation of the world’s cultural heritage of Chinese diaspora architecture in Jiangmen, China, which has been in disrepair and damaged for many years, this study enables a complete image database of the Chinese diaspora architectural heritage to be built. Through the rapid identification, classification, and retrieval of the precious architectural images and patterns stored in this database, the targeted similar images can be retrieved reasonably and accurately, thus providing an accurate restoration plan for the architectural heritage. (2) The world cultural heritage of diaspora Chinese architecture in Jiangmen City has a great many frescos and patterns rich in the cultural connotations of the homeland of diaspora Chinese. The construction of the image database of architectural heritage in this study provides rich and reliable data support for a follow-up study of architectural trends of the times and the integration of Chinese and Western aesthetics. (3) We used the data enhancement method to expand the samples of diaspora Chinese architectural images, and at the same time, we used migration learning to move the parameters trained by the image source network of the Paris500K datasets to the image datasets to train the diaspora Chinese architectural image network. Through this method, we classified architectural images into four types: frescos, decorative patterns, chandelier base patterns, and architectural styles. (4) Given that distinct types of architectural images are largely different from one another and the same types have small differences, we propose a two-stage training image retrieval network, CNNAR Framework, with deep learning and attention fusion mechanisms. This network framework measures the distances between classified diaspora Chinese architectural images by using the fine features extracted from similar images and then returns the retrieved images, greatly improving the accuracy of architectural image retrieval.




2. Methodology


2.1. Study Area and Datasets


Jiangmen City, located in Guangdong Province, China, is a famous homeland of diaspora Chinese in South China (Figure 1). From 1869 to 1939, a large number of Jiangmen people traveled to North America, Southeast Asia and other countries, expanding their population, materials, culture, information, and ideas into an endless network through human exchanges and north-south trade via the Pacific Ocean route. Under the influence of nationalist sentiment, democratic thought, and gradually open vision, the diaspora Chinese returned home and integrated the modern industrial civilization and fashion into the Chinese cultural context and architectural spirit. The values of a new society, new traditions, and new culture are embodied in the rural society of South China. The Jiangmen diaspora Chinese were the first Chinese people to fix their eyes on the Western world.



According to the research data, there are 2019 barbicans (Diaolou), 2000 arcade buildings and 2800 villas in Jiangmen, and the buildings with various Western architectural elements account for more than 95% of buildings in the village. The architectural images of overseas Chinese contain important cultural information and characteristics of the times. For example, the four-petal lotus is the most frequent feature in images, and it has been regarded as an auspicious pattern since the Han Dynasty in China. In addition, the rooster image is a symbol of the light guarding the portal. It is a psychological continuation of Chinese traditional culture that drives away ghosts and has multiple meanings of exorcising evil spirits. It has a strong stability in the traditional root culture of diaspora Chinese. The Syncretic of Chinese and Western cultures is vividly reflected in the pattern of “lion rolling hydrangea ball”. The traditional pattern of “lion rolling silk ball” is displayed in the decoration of diaspora Chinese architecture, which turns into a lion standing in the middle of the earth.



This paper takes the diaspora Chinese architectural images in Jiangmen City, Guangdong Province, China as the research object, and collects 5073 architectural images in 16 towns and 64 villages (Figure 2). Based on the collected data, we constructed an architectural Heritage Image Dataset JMI (Jiangmen Images). The experiments in this paper were carried out on JMI datasets containing several types of images, such as frescos, decorative patterns, chandelier base patterns, and architectural styles. This dataset contained a large number of frescos and patterns rich in the cultural connotations of diaspora Chinese. The construction of this architectural heritage image database provided rich and reliable data support for follow-up research on architectural trends of the times and the integration of Chinese and Western aesthetics.



We take 80% of each type of image for experimental training and 20% for experimental testing. In our experiment, two auxiliary datasets are also used, namely Paris500K datasets [32] and Corel5K datasets [33].The Paris500K datasets is a collection of landmark images from photos taken by various researchers and online albums. Images have a “natural” distribution; there is approximate duplication and a large number of unrelated images, including pictures of parties, pets, etc. It contains 94,303 images of 79 landmarks. We selected 80,000 images for training and the remaining 14,303 images for testing. The Corel5K datasets contain 5000 images collected and curated by the company Corel. The image database covers multiple topics and consists of 50 CDS, each representing a semantic topic and each containing 100 equal-sized images that can be converted to different formats. We selected 4000 images for training and the remaining 1000 images for testing.




2.2. Classification and Retrieval


According to the differences among image features of different types of the JMI architectural heritage, we designed a two-stage training image retrieval network framework, CNNAR Framework, with in-depth learning and an attention fusion mechanism, as shown in Figure 3. The network framework is mainly divided into building image classification modules and image retrieval modules, which greatly improves the accuracy of diaspora Chinese architectural image retrieval. First, the task of the image classification module mainly includes a target network of Transfer Learning ResNet50 (TL ResNet50). We use the migration learning method to migrate, or move, the parameters trained by the image source network of the Paris500K datasets to the architectural heritage image dataset to train the image network. Diaspora Chinese architectural images are classified into four types: frescos, decorative patterns, chandelier base patterns and architectural styles. Then, the image retrieval module task includes a Convolutional Block Attention Module Net (CBAM Net) module, which can be used to extract the feature vector of distance measurement. During the classification and retrieval of architectural images, the architectural image database determines the image type through the TLResnet50 network in the offline phase, and then obtains the feature vector through the CBAM Net network and constructs the feature vector library. First, we get the feature vector of the input image through online searching of the same network as the building image database, and then calculate the distance with the feature vector of the same category of building images. Finally, according to the calculated value, we derive the image retrieval result with the closest similarity.



2.2.1. Classification Module Task (Phase I)


Distinct types of image data in the image database based on diaspora Chinese architectural heritage vary largely in characteristics. The task of our classification module network is to classify diverse types of images in the building image data set. In order to improve the accuracy of building image classification, we combine the migration learning method with the residual network to classify building images and use ResNet50 as the classification network.



With the increase in number of deep learning layers, the problem of gradient disappearance becomes more serious, which makes the network parameters of the output layer impossible to learn effectively. In order to solve this problem, residual networks appear. A residual network is an effective network to alleviate the problem of gradient disappearance, which greatly improves the depth of the network that can be effectively trained [34]. Figure 4 is the residual structure diagram, in which the residual block is divided into two parts: direct mapping x and residual F(x). We added the input of the previous layer without any other calculation to the result of convolution calculation and passed it into the network structure of the next layer. In the process of forward transmission, as the number of layers deepens, the image information contained in the Feature Map will decrease layer by layer, while the direct mapping of the residual network ensures that the network of layer n + 1 must contain more feature information than that of layer n, thus effectively alleviating the problem of vanishing gradient without adding additional parameters.



In recent years, transfer learning methods have been widely used in different fields of research, such as building image classification [35], industrial machinery fault detection [36], water quality prediction [37], material performance prediction [38], medical image analysis [39], etc. However, such research on architectural heritage image datasets is relatively sparse. If we directly use the depth learning model for classification training, it is easy for the phenomenon of over fitting to appear, so we use the transfer learning method to avoid that. Therefore, the parameters trained in the Paris500K public datasets are migrated to the JMI architectural heritage datasets for training by using the migration learning method. Figure 5 is a schematic diagram of the transfer learning process. Figure 6 is a flow diagram of the image classification stage. First, input Paris500K dataset is applied to a designed model to train the given task. After the model training is completed, we fix the parameter weights of the model, replace the input data source with JMI data set, and change the final classification of the model Task to obtain a new model for re training. After the Model training is completed, we fix the parameter weight of the model, change the input data source to the JMI data set, and change the final classification task of the model to get a new model for re-training.



This paper use ResNet50 as an architectural image classification network. ResNet is proposed by He et al. [40] of Microsoft Research. The main ResNet50 model structure is shown in Figure 7. A direct channel is established through the ResNet neural network, which combines input and output, effectively alleviates the loss of image feature information caused by convolution operation, and plays a positive role in solving the problem of gradient disappearance or explosion in the deep network. As shown in the network structure in Figure 7, identity block defines three convolution operations and protects the integrity of the image features information through direct channels. After convolution, the feature map is normalized in batches and processed by activation function, so as to enhance the ability of the model to extract image features. Specifically, we first use 7 × 7 and the maximum pooling layer to extract sample features and reduce dimensions. Then, the image features of the samples are further extracted through four convolution layers containing 3, 4, 6 and 3 identity blocks, respectively. Through the learning of the classification module task, we expanded the distribution space of architectural image features and classified the architectural heritage image features. The classification feature results are shown in Figure 8. The image feature space is expanded from one quadrant to the whole space, which is more conducive to improving the discrimination performance of image features.




2.2.2. Retrieval Module Tasks (Phase II)


There are many types of architectural images of diaspora Chinese architectural heritage, including frescos, decorative patterns, chandelier base patterns, and architectural styles, and each type of image contains different features. Because the differences between each image feature are small, using the features trained in the first stage directly for metric retrieval will lead to low accuracy. Therefore, in this study, the attention mechanism is integrated on the basis of the first stage of image classification, which can highlight the feature differences between the same type of images. We construct the CBAM Net network training for retrieving image features.



The attention mechanism in neural networks is a resource allocation scheme that allocates computing resources to more important tasks while solving the problem of information overload when computing power is limited. In recent years, the attention mechanism has made important breakthroughs in image, natural language processing, and other fields, which has been proved to effectively improve the performance of the model [41,42]. In this paper, the features of the same type of images of diaspora Chinese architectures have few differences, and various features are easily disturbed by background and other factors, so the network model needs to have a strong ability to learn detailed features. We use VGG16 network as the backbone network and integrate the attention mechanism in the feature extraction module to make the model adaptively focus on the features themselves and highlight the features of the image. After extracting features from architectural images through the convolutional layer, the image first passes through Channel Attention Module (CAM) to obtain channel attention features by multiplying the weight of the channel by the input feature layer. Then, through the Spatial Attention Module (SAM), the weight of spatial information is multiplied by the input feature layer to get the fusion attention feature. Finally, the network model is trained by distance ranking and contrast loss function. The model diagram is shown in Figure 9.



Each channel of the feature map is a feature detector, and the channel attention mechanism pays a different amount of attention to different image channels [43]. The channel attention module is shown in Figure 10. For the image input features, we first use the maximum pooling and mean pooling algorithms simultaneously, then get the transformation results through several Multilayer perceptron and MLP layers. Finally, we apply the sigmoid function to the two channels respectively, so that the attention result of the channel can be obtained. The calculation procedure is shown in Equation (1).


Mc = sigma (MLP (AvgPool (F) + MaxPool (F)))



(1)







In Equation (1), the input data source is the feature F extracted through the convolution layer, and Mc is the channel attention result, σ It refers to sigmoid function, MLP refers to multilayer perceptron, AvgPool refers to average pooling, and MaxPool refers to maximum pooling. Because we are dealing with building image pixels, each pixel is a number of three channels, so the unit is 1.



Spatial attention can be seen as an adaptive spatial region selection mechanism: where to focus [44]? In the spatial attention module in Figure 11, we first reduce the dimension of the channel itself, obtain the results of maximum pooling and mean pooling, respectively, and then concatenate them into a feature map; following that, we use a convolutional layer for learning. The calculation procedure is shown in Equation (2).


Ms = sigma (∱ 7 × 7 (AvgPool (F); MaxPool (F)))



(2)







In Equation (2), Ms is spatial attention as a result, F for the input characteristics of sigma as sigmoid function, ∱ 7 × 7 to 7 × 7 size of convolution kernels, AvgPool average pooling, MaxPool for maximum pool.



Loss of contrast is a dimension reduction method of study that can take into account a mapping relationship, which can be made in a high dimensional space, the same category but with far distant points. Through function is mapped to a low dimensional space after getting close, various categories where distance is relatively close, by mapping after the low dimensional space becomes broader [45]. In this paper, the contrast loss function is used to process the image of diaspora Chinese architecture. In order to make architectural images of the same type highly similar, each image of the same type is regarded as a small class, and the image after data augmentation forms a positive sample pair with the original image, while other images form a negative sample pair with the original image. After fusing the feature map extracted from the attention mechanism network, we calculate the Euclidean distance between images and train the network using the contrast loss function.






3. Experiment and Discussion


3.1. Data Preprocessing


Neural networks usually need a lot of data to complete effective training. In the case of less data, the training effect and generalization ability of the network model are poor. Zhang et al. [46] proposed a data enhancement model based on the antagonism of feature reconstruction and deformation information for the lack of data samples. The loss of image features can be improved by using feature reconstruction methods, and the data samples can be effectively expanded by using deformation information. Based on this, this study preprocesses the image data to expand the sample number of JMI datasets and achieve better data training effect. In addition, Yu et al. [47] proposed a Hermite interpolation method for the problem of the number of samples in the fault data set. According to the interpolation curve of sample characteristics, a synchronous sampling method was used to build virtual samples. The features of virtual samples are mapped to three-dimensional space to expand the number of enhanced data samples. In order to facilitate the training of the in-depth learning network model, this study first normalizes the size of all images in the JMI building data set to keep the size of 224 * 224 * 3. To solve the problem that the number of images in the building image data set is small and the training can easily be over fit, we use four data enhancement methods to expand the data set. Our goal is to keep the augmented image as similar as possible to the original image, which is helpful for the second stage of loss measurement training. In this study, the methods of Gaussian noise [48], salt and pepper noise [49], histogram equalization [50], and adaptive histogram equalization with limited contrast [51] are used for data expansion, and the number of database images is expanded to 25,365. The image enhancement effect is shown in Figure 12, which shows the data enhancement effect of four types of images, including mural, decorative pattern, lantern flower, and architectural style.




3.2. Image Classification Experiment


The objects that recognize images and distinguish different categories are called image classification. We train the model of image classification to recognize different types of images. Wang et al. [26] used machine learning technology to identify and extract architectural image features and the SVM classifier to classify image features, finally completing the identification and classification of buildings, providing technical support for the design and planning of rural buildings. Zhao et al. [52] designed a voting mechanism for segmented images using deep learning technology, established a VGG Vote network model, and applied this model to the recognition and classification of remote sensing images. The experimental results show that this vote mechanism significantly improves the classification accuracy, robustness, and anti-interference qualities of the VGG Vote.



In the image classification experimental model training, the source domain datasets are Paris500K, and the target domain datasets are JMI building heritage image datasets. The trained Paris500K datasets image source network parameters are migrated to the JMI architectural heritage image datasets through the migration learning method. The task of the image classification stage is to classify architectural images with high accuracy and narrow the scope of image retrieval, so accuracy is used as the evaluation index of test results. The loss function of network training uses cross entropy loss. In this experiment, the batch size was set as 16, the initial learning rate was 0.0001, and it began to decay 10 times after 10 epochs. The Adam optimizer was used for optimization. Three network models, ResNet50, GoogLeNet, and VGG16, were used to carry out experiments in the image datasets of JMI expatriate architectures. Each model was tested with and without transfer pre-training weights. The accuracy results of the six experiments are shown in Table 1.



The experimental results in Table 1 show that the experimental accuracy of the three network models with migration pre-training weights is higher than that of the original network. After GoogLeNet network integration and migration learning, the accuracy rate was improved to 4.0% at most, indicating that its adaptability was higher. But the best performance result is the Resnet50 with migration pre-training weight. Its accuracy rate reaches 98.3% at the highest level, and its original network accuracy rate is 94.5%. It can be seen from the model training accuracy chart in Figure 13 that the network model has a similar change trend in the training process. The migration pre-training weight training network not only improves the experimental accuracy, but also accelerates the convergence speed of model training. The TL ResNet50 starts to converge at about 60 epochs, while the Resnet50 starts to converge at 80 epochs. TL GoogLeNet starts to converge at about 90 epochs, while GoogLeNet starts to converge at 120 epochs. TL VGG16 starts to converge at about 50 epochs, while VGG16 starts to converge at 90 epochs. Based on the above experimental analysis, Resnet50 network with migration weight is the best network for JMI building image datasets classification.




3.3. Contrast Experiment of Mainstream Image Retrieval Methods


Image retrieval can quickly meet the needs of users to retrieve files in the building image database. On the one hand, image retrieval is used to collect and process architectural image resources, extract features, analyze and index, and establish an image index database. On the other hand, the similarity between the user query image and the database image is calculated according to the similarity algorithm, and the images meeting the threshold are extracted and output in descending order of similarity. Ma et al. [53] present a method for organizing and retrieving photos from massive facility management photo databases using photo-metadata: photographed location, camera perspective, and image semantic content information. The method is applied to 21 building image datasets. The research shows that their metadata-based image retrieval system can achieve fast image retrieval according to the needs of users. Sun et al. [54] proposed an improved EAST detector algorithm to identify and retrieve images. The algorithm uses a full convolution neural network structure to extract multi-scale features of image text and ensures the balance between positive and negative samples by adjusting the loss function. The experimental results show that the algorithm can effectively solve the feature difference between images of the same category and improve the low recall problem of detection. We use our CNNAR Framework network model to do image retrieval research on JMI architectural heritage datasets. In order to prove the superiority of our model on JMI datasets, this paper conducts comparative experimental analysis with several mainstream network model methods. In this paper, the image datasets of JMI diaspora Chinese architectural heritage reflects the CTSL (CNN + Transfer learning + Scenario3 + LBP) method in literature [55] and the FLM(Four convolution Layer) in literature [56] Model, direct retrieval of features extracted from the first stage image classification network TL ResNet50 and other methods were used to compare and analyze the experimental results. We hope that the returned image after image retrieval is as similar as possible to the original image and retain as many similar images as possible, so the average retrieval accuracy mAP and recall R@10 are used as evaluation indexes in this study. The experimental results are shown in Table 2.



As can be seen from Table 2, the retrieval effect of the four models on the JMI building image datasets is relatively good. The lowest average retrieval accuracy mAP is 68.8% of TL ResNet50 network, and the highest is 76.6% of our CNNAR network Therefore, it can be seen from the comparative experimental results that in the image retrieval experiment of JMI building image datasets, the method CNNAR proposed in this paper highlights the features of similar images between the same type of images through the attention mechanism on the basis of the first stage of image classification, and the retrieval effect is optimal, with the average retrieval accuracy of 76.6% and a recall rate of 19.7%. However, using the features of TL ResNet50 training directly for metric retrieval, the mAP is only 68.8%. The reason is that the trained network is only for four types of architectural images, and the extracted image features cannot distinguish between similar images, so the recall rate is the lowest. The mAP of the other two mainstream methods CTSL nd FLM network models are 70.4% and 73.2%, respectively, which is lower than the retrieval accuracy of the network model proposed by us.




3.4. Attention Mechanism Ablation Experiment


In order to verify the impact on the accuracy of the network model in this paper after removing the attention mechanism, we test the attention mechanism ablation experiment in this section. After building image recognition and classification in JMI datasets through the image classification model task network, feature and metric retrieval between images of the same type in the image retrieval model task network are retrained. Then we take each image of the same type and the augmented four images as a small class and use the contrast loss function for training; the threshold is set to 1.5. The main purpose of feature extraction network using attention mechanism is to train the features extracted by the network to better recognize the differences between the same type of images. We use the image retrieval accuracy AP as the evaluation index of network effects in this stage. By testing each type of image data separately, the test experimental results are shown in Table 3.



It can be seen from the ablation experiment results in Table 3 that the image retrieval accuracy without the attention mechanism is at least 73~80.5%, and the image retrieval accuracy with the attention mechanism is at most 75.8~85.3%. The attention fusion mechanism has greatly improved the retrieval accuracy of different types of architectural images, among which the accuracy of fresco has increased by up to 7.5%, the accuracy of decorative patterns has increased by 4.3%, the accuracy of chandelier base patterns has increased by 4.8%, and the accuracy of architectural style images has increased by only 1.1%. The retrieval accuracy of channel attention mechanism is slightly higher than that of spatial attention mechanism. Analysis of the above results shows that the background of architectural style images is relatively complex, and that there are many features and similarities in the images. The interference in extracting image features is large, so the accuracy improvement is minimal. The feature gap between mural images is obvious and adding the attention mechanism can effectively enhance feature representation. Therefore, in the image retrieval stage of this paper, it is best to select the fusion attention mechanism model network to extract the architectural image features of chandelier base patterns.




3.5. Top 10 Retrieved Images


After the experimental test of the JMI architectural image in the JMI datasets by the above different network models, this paper randomly extracts one image from the JMI architectural image datasets as the query image. We use our two-stage training image retrieval network framework CNNAR Framework, which combines deep learning with attention mechanism, to perform image retrieval. Figure 14 shows the top 10 results of similarity ranking of four overseas Chinese architectural image data retrieval. From the retrieval results, we can see that the retrieved image results are very similar to the query image. For example, in the Fresco image, the query image contains tall buildings, cruise ships, ports, trees, and other information, and the detection result image also contains the above information. In the decorative patterns image, the query image is a standard four petal lotus, and the retrieved results are all four petal lotus images. The above proves that the research method in this paper has excellent performance whether considering the classification effect or retrieval accuracy of architectural images. In view of the current state of disrepair and damage of the world cultural heritage of overseas Chinese architecture in Jiangmen City, through our architectural image retrieval research, we can provide an accurate repair plan for overseas Chinese architectural heritage images.




3.6. Experiments on Public Datasets


In order to verify the generalization performance of the proposed CNNAR model, we used CNNAR, CTSL and FLM methods to conduct comparative experimental studies on Paris500K and Corel5K public datasets, respectively. The experimental results are shown in Table 4 and Table 5.



Through experimental analysis, the retrieval accuracy of the CNNAR method proposed in this paper on the Paris500K and Corel5K, the two public datasets are 71.8% and 72.5%, respectively, which is slightly lower than the experimental performance of the JMI image datasets. According to the analysis of the reasons, there are few types of building images of diaspora Chinese architectural heritage, and they are all building types and images, while Paris500K has 79 different landmark images and Corel5K has 50 different types of images. When we perform image retrieval experiments, the accuracy of image classification in the first stage decreases. Moreover, the images in the two public datasets contain various interference factors such as background and occlusion, which makes it difficult to ensure the accuracy of the research method in this paper. However, our image classification and retrieval method still have high retrieval accuracy and strong generalization performances, which can be further improved for model generalization ability in subsequent studies. The comparative experimental results on the Paris500K and Corel5K public datasets show that our CNNAR model has strong generalization ability and can also be effectively applied to other topics datasets. At present, the retrieval accuracy of our model in the above two public datasets is 71.8~72.5%. Therefore, in the subsequent research, we can enhance and supplement the building image data in the JMI datasets with other methods to further improve the generalization ability of our model.





4. Conclusions


In this paper, taking the Jiangmen diaspora Chinese architectural heritage image in South China as the research object, the architectural image recognition and retrieval based on deep learning and attention fusion mechanism are studied. The images of the diaspora Chinese architectural heritage are of great significance to history and humanity, to understanding the trends of thought of the times, data preservation, and image restoration, etc. Especially in the face of the serious situation of disrepair and damage faced by the world cultural heritage of diaspora Chinese architecture, it is of great significance to build an image database to effectively identify, classify and retrieve various architectural images. In order to effectively preserve diaspora Chinese architectural heritage images and improve the accuracy of model classification and retrieval, the following research has been done in this paper.



	(1)

	
We have built a JMI architectural heritage image database containing architectural images such as frescos, decorative patterns, chandelier base patterns, and architectural styles. The method of adding Gaussian noise, salt and pepper noise, histogram equalization, and adaptive histogram equalization with limited contrast is used to expand the data, and the number of images in JMI database is expanded to 25,365. This database contains a large number of frescos and patterns with rich cultural connotations of diaspora Chinese, and the constructed architectural heritage image database can provide rich and reliable data support for the follow-up study of architectural trends of the times and the integration of Chinese and Western aesthetics.




	(2)

	
In this paper, the parameters trained by Paris500K datasets image source network are migrated to JMI architectural heritage image dataset for image network training through the migration learning method. We used the ResNet50, the GoogLeNet and the VGG16, three excellent convolutional neural network models, to conduct migration training experiments in the JMI image dataset. The results show that the Resnet50 network with migration weight not only has the fastest convergence speed, but also the highest accuracy, of 98.3%. It is the best network for JMI building image datasets classification.




	(3)

	
To solve the problem of small difference in image features of the same type of buildings, we propose a two-stage training image retrieval network framework CNNAR Framework network model based on deep learning and the attention mechanism. The CNNAR network is used to conduct image retrieval research on the JMI diaspora Chinese architectural heritage datasets, and at the same time, it is compared with several mainstream network model methods for experimental analysis. The analysis results show that the CNNAR retrieval method proposed in this paper has the best retrieval effect, with an average retrieval accuracy of 76.6% and a recall rate of 19.7%. The architectural image results retrieved by this method are highly similar to the query image. In view of the current state of disrepair and damage of the world cultural heritage of diaspora Chinese architecture in Jiangmen City, through our architectural image retrieval research, we can provide an accurate repair plan for diaspora Chinese architectural heritage images.




	(4)

	
The experimental results of image retrieval on the Paris500K and the Corel5K public datasets show that our CNNAR model has a strong generalization ability and can be effectively applied to other topics datasets. In subsequent research, we can enhance and improve the building image data in the JMI datasets, so as to further improve the generalization ability of our model.
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Figure 1. Sampling point map of the research area (a) geographical location; (b) sampling type; (c) number of samples. 
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Figure 2. The type and quantity of samples. 
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Figure 3. Block diagram of Diaspora Chinese architectural heritage image classification and retrieval. 
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Figure 4. Residual block structure. 
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Figure 5. Schematic diagram of transfer learning process. 
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Figure 6. Classification phase model diagram. 
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Figure 7. The structure chart of Resnet50. 
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Figure 8. Schematic diagram of image feature classification space. 
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Figure 9. Integrated attention mechanism model. 
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Figure 10. Channel attention module. 
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Figure 11. Spatial attention module. 
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Figure 12. Image enhancement effect (a) original image, (b) gaussian noise, (c) salt and pepper noise, (d) histogram equalization, (e) restricted contrast adaptive histogram equalization. 
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Figure 13. Training accuracy of several models. 
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Figure 14. Image retrieval results of top 10 architectural heritage. 
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Table 1. Accuracy of several network models.
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	Network Model
	Classification Accuracy (%)





	TL ResNet50
	98.3



	ResNet50
	94.5



	TL GoogLeNet
	95.2



	GoogLeNet
	91.2



	TL VGG16
	91.4



	VGG16
	89.3
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Table 2. Retrieval accuracy of different methods on the image datasets of diaspora Chinese architectural heritage.
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	Network
	Map (%)
	R@10 (%)





	CNNAR
	76.6
	19.7



	CTSL [55]
	70.4
	18.5



	FLM [56]
	73.2
	19.0



	TL ResNet50
	68.8
	14.6
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Table 3. Ablation experiment accuracy.
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Network

	
AP (%)




	
Fresco

	
Decorative Pattern

	
Chandelier Base Pattern

	
Architectural Style






	
No attention mechanism

	
73.0

	
75.6

	
80.5

	
74.7




	
channel attention mechanism

	
78.9

	
77.4

	
82.2

	
75.3




	
Spatial attention mechanism

	
76.5

	
76.7

	
82.0

	
75.0




	
Fusion attention mechanism

	
80.5

	
79.9

	
85.3

	
75.8
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Table 4. Retrieval accuracy of different models in Paris500K.
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	Network
	mAP (%)
	R@10 (%)





	CNNAR
	71.8
	6.4



	CTSL
	71.2
	6.1



	FLM
	73.4
	7.5
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Table 5. Retrieval accuracy of different models in Corel5K.
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	Network
	mAP (%)
	R@10 (%)





	CNNAR
	72.5
	7.3



	CTSL
	70.2
	6.6



	FLM
	73.9
	8.0
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