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Abstract: Sanxingdui cultural relics are the precious cultural heritage of humanity with high values of history, science, culture, art and research. However, mainstream analytical methods are contacting and detrimental, which is unfavorable to the protection of cultural relics. This paper improves the accuracy of the extraction, location, and analysis of artifacts using hyperspectral methods. To improve the accuracy of cultural relic mining, positioning, and analysis, the segmentation algorithm of Sanxingdui cultural relics based on the spatial spectrum integrated network is proposed with the support of hyperspectral techniques. Firstly, region stitching algorithm based on the relative position of hyper spectrally collected data is proposed to improve stitching efficiency. Secondly, given the prominence of traditional HRNet (High-Resolution Net) models in high-resolution data processing, the spatial attention mechanism is put forward to obtain spatial dimension information. Thirdly, in view of the prominence of 3D networks in spectral information acquisition, the pyramid 3D residual network model is proposed to obtain internal spectral dimensional information. Fourthly, four kinds of fusion methods at the level of data and decision are presented to achieve cultural relic labeling. As shown by the experiment results, the proposed network adopts an integrated method of data-level and decision-level, which achieves the optimal average accuracy of identification 0.84, realizes shallow coverage of cultural relics labeling, and effectively supports the mining and protection of cultural relics.
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1  Introduction

The Sanxingdui ancient site is one of the greatest archaeological discoveries of human beings, and the unearthed numerous cultural relics are precious human cultural heritage with high historical, scientific, and cultural values [1]. Thus, it is of great significance and meaningfulness to investigate Sanxingdui cultural relics.

Currently, there are various mainstream technologies for analysis of cultural relics. For instance, 3D imaging scanning technology can construct a digital model based on the geometric and appearance data of cultural relics in the real world to achieve virtual restoration of external features of cultural relics [2]. Thermo luminescence analysis technology, as a destructive analysis technique [3], can determine the firing time by measuring the radiation energy stored in this ancient pottery. X-ray fluorescence analysis technology can support identifying the actual content of different elements and components contained in cultural relics, but it simply reflects single-point information [4]. Besides, an electron probe can concentrate and excite the sample by focusing on the electron flow. Under excitation, corresponding elemental feature energy and ray intensity will be generated below the micro-region surface. Through analysis, the element content in the collected samples can be grasped. Although the method can reflect local features, there is still potential to improve the analysis of overall morphology [5]. The core of Raman spectroscopy is reliant on the interaction between light and chemical bonds in materials, which can provide detailed information about the chemical structure, phase and morphology, crystallinity, and molecular interaction of samples [6]. The method can analyze from the perspective of spectral lines, but there is still potential to improve the study of overall spatial morphology. Hyperspectral imaging analysis technology, as a non-contact and non-destructive analysis method with a high spatial and spectral resolution, can intuitively display its spatial morphology and indirectly analyze the material information [7].

With the development of artificial intelligence technology, intellectualization has become an increasingly prevailing technology in the analysis of cultural relics, which mainly involves the digital establishment of cultural relics and feature intelligent labeling. In terms of the establishment of digitalization of cultural relics, Origlia et al. [8] set up a Multiple-source database to achieve intelligent management of cultural relics. Wang et al. [9] proposed digital cultural relic preservation and digital reproduction technology. Li et al. [10] analyzed 3D digital features of cultural relics. Murphy et al. [11] applied lasers to model buildings. Wang et al. [12] achieved dynamic museum tours using virtual reality technology. Li et al. [13] investigated the application of intelligent monitoring technology for cultural heritage collections based on the Internet of Things. Hou et al. [14] constructed a virtual restoration model for damaged cultural relics. Fan et al. [15] put forward a digital design and application strategy for the display of intangible cultural heritage. Jiang et al. [16] achieved virtual interaction in museums by constructing a 3D model. Xiang et al. [17] adopted enhanced technology by X-ray. In terms of the feature intelligent labeling, Colace et al. [18] proposed a context-aware network for analysis of cultural relics. Based on local geometric features, Zhou et al. [19] extracted and classified cultural relic models. Yan et al. [20] researched the splicing method of digital cultural relic fragment models. Wen et al. [21] raised an algorithm for the automatic annotation of cultural relics. Huang et al. [22] proposed a deep-learning Chinese rubbing-image binarization algorithm. Li et al. [23] put forward an adaptive weighted semantic edge detection algorithm for cultural relics. Gao et al. [24] proposed a 3D cultural relic classification method based on a low-dimensional description operator and unsupervised learning. Through a digital image processing approach, Zhang et al. [25] investigated the cultural relic character recognition methods. Peng et al. [26] extracted the framework based on the sketch of the ruins of the detail-aware hierarchical depth network. Pan et al. [27] proposed a relief 3D reconstruction based on weak edge enhanced deep learning. Xie et al. [28] studied historical and cultural communication strategies based on the back-propagation (BP) neural network model. Apart from that, Liu et al. [29] constructed a super-resolution algorithm and implemented the cultural relic image enhancement.

In conclusion, artificial intelligence is highly prevailing in the promotion and exhibition of cultural relics. Due to the unique nature of cultural relics, there are few relevant methods for intelligent analysis of mining sites. To improve the accuracy and precise positioning analysis of cultural relics excavation, this paper has proposed a hyperspectral image labeling algorithm for Sanxingdui cultural relics based on a spatial-spectral fusion network.

The innovations of this paper include: 1) the use of the hyperspectral to obtain cultural relic information; 2) establishment of a model to identify cultural relics from the perspective of space and spectrum; 3) construction of four kinds of data-level and decision-level fusion methods to assist archeologists in better mining, protecting, and analyzing the cultural relics.

2  Algorithm

Hyperspectral imaging technology, which contains two-dimensional geometric spatial and one-dimensional spectral information of the detection target, can obtain continuous and narrow-band image data with high spectral resolution [30]. Hyperspectral image data is conductive to intuitively displaying its spatial form, indirectly analyzing material information, and distinguishing the cultural relics, adhesion, decoration and substrate applied in cultural relics through the spectral analysis algorithms (e.g., spectral classification, spectral mixing-removal, and automatic extraction of target components). Meanwhile, hyperspectral image data can utilize feature spectral images to extract invisible information from different cultural relics, identify materials, and detect images. To comprehensively leverage the prominence of high spatial and inter-spectral resolution of spectral images, this paper explores and designs the research block diagram (see Fig. 1). Firstly, hyperspectral images are spliced to obtain a larger range of images for analysis. Secondly, the spatial attention HRNet model is proposed to extract features of image spatial dimensions. Thirdly, a pyramid-based 3D residual network model is put forward to extract features from inter-spectral dimensions. Fourthly, a multi-level fusion mechanism is proposed to achieve hyperspectral image labeling of Sanxingdui cultural relics.
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Figure 1: Algorithm flowchart

2.1 Hyperspectral Image Stitching Algorithm Based on Region

The push-type spectrometer can perform a single scanning to ensure high spatial resolution. Due to the limited area of obtained hyperspectral image information, multi-track image information shall be stitched to obtain high spatial and high-resolution image data [31]. During the stitching process, image matching and correction are worthy of attention. Image correction is achieved by solving pixel by pixel and realizing pixel correction, whose computational complexity is relatively fixed. Besides, this paper designs a fast image-matching algorithm to improve the efficiency of image stitching. Traditional image-matching algorithms can calculate feature points for panoramic images. Given that the known relative coordinates of the hyperspectral instrument are used for each shot, this paper simply obtains feature matching points within the overlapping areas to improve the image efficiency.

Firstly, this paper calculates the overlapping area of the image. As shown in Fig. 2, the overlapping area can be calculated as:
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Figure 2: Overlapping area

So=12∑k=1m−1(xkyk+1−xk+1yk)(1)

where, xk represents the abscissa of adjacent vertices of overlapping polygons, and yk represents the ordinate of adjacent vertices of overlapping polygons. The overlap between adjacent images can be calculated as:

η=SoSall(2)

where, Sall represents the area of a single original image. If η < 0.25, it is deemed as a match, and the connection matrix is symmetric. The matrix elements (i, j) represent the overlap between the ith and jth images. Since the overlap of the image itself is not calculated, the diagonal element is 0.

The Dense Scale-Invariant Feature Transform (SIFT) operator first performs Gaussian smoothing on the image, and obtains the sampling point coordinates and feature descriptors in the image through a sliding window. This paper constructs a sliding window with the upper left corner of the image as the initial position, and calculates the gradient in 8 directions of each pixel within the window to form a feature vector.

The Dense SIFT operator can achieve fast feature extraction, with large numbers of extracted feature points. This paper focuses on the overlapping areas of the images, obtains matching points between the corresponding images, and divides the images into blocks. After acquisition of the initial matching points for the image block, the Random Sample Consensus (RANSAC) algorithm is utilized to eliminate matching points.

This paper matches the down-sampling images to improve the calculation efficiency of Dense SIFT. However, the problem lies in that the two successfully matched feature points have deviations in their actual positions. To address this issue, this paper applies the Normalization Cross Correlation (NCC) matching algorithm for both the sampled images and the original images, performs fine matching on the Dense SIFT matching results, and applies a parabolic fitting to obtain sub-pixel precision matching points.

By calculating the correlation coefficient between matching windows, Normalization Cross Correlation (NCC) can perform the matching, which has high accuracy in situations where grayscale changes and geometric distortions are not significant. If matching is only performed in a small area, the method is free from the influence of local lighting changes and has fast matching speed:

ρ=∑i=1n⁡∑j=1n⁡[X(i,j)−X¯][Y(i,j)−Y¯]∑i=1n⁡∑j=1n⁡[X(i,j)−X¯]2∑i=1n⁡∑j=1n⁡[Y(i,j)−Y¯]2(3)

where, X¯ and Y¯ represent the size of the image search window, X (i, j) and Y(i, j) represent the pixel grayscale within the target window. The specific steps are as follows:

(1) In terms of the image down-sampling, the search window size is set with the reference image Dense SIFT matching point as the center.

(2) This study calculates the NCC correlation coefficient between the Dense SIFT matching points of the image to be matched and the pixels in the search window.

(3) According to calculation, the maximum point ρ is the best match point.

(4) Combining with the image down-sampling magnification, the point mapping to the original image can be matched. By performing NCC matching on the original image search window, the point with the highest correlation coefficient can be deemed as the initial matching point of the original image.

(5) The matching correlation coefficients of adjacent pixels in the row and column directions of the initial matching points are calculated. Then, the optimal matching position is calculated by improving the application of parabolic fitting correlation coefficients, and sub-pixel level matching points on the original image can be obtained.

(6) RANSAC algorithm is applied to estimate the fundamental matrix between images, and eliminate the matching points with poor accuracy.

If the correlation between adjacent images is unilaterally considered, the error in attitude estimation will be superimposed, resulting in unreliable estimation results, and the final stitching result will have a significant deviation. To solve this problem, the paper considers the matching points of all images as observation values, and integrates them into the regional network as a whole. Beyond that, this paper makes global adjustments to all images. The calculation can be expressed as follows:

[V1V2]=[A10B10A2B2][t1t2X]−[l1l2](4)

where, [V1 V2]T represents the pixel error, t1 and t2 represent the matrix composed of extended region elements, X represents the column matrix composed of coordinate correction numbers at the fixed point, A1 and A2 represent the coefficient matrices of t1 and t2, respectively. B1 and B2 represent the coefficient matrix of X. l1 and l2 represent constant terms corresponding to V1 and V2.

When the expanded area elements of each image are obtained by bundle adjustment, the collinearity equation is applied to project each image to the same elevation plane by using the accurate expanded elements of each image, and the projection (X, Y) of the coordinates (x, y) of each image on the elevation plane is calculated.

{X=XS+(ZH−ZS)E1Y=YS+(ZH−ZS)E2(5)

E1=a1x+a2y−a3fc1x+c2y−c3f,E2=b1x+b2y−b3fc1x+c2y−c3f(6)

where, A, B, and C represent elements of the image orthogonal transformation matrix. ZH represents the projection plane matrix, Xs, Ys, and Zs represent the extended element coordinates, and f represents the focal length. Based on the projection coordinates of the image corners, the boundary coordinates of the original image elevation plane can be calculated. By setting the ground sampling interval, this paper can calculate the corresponding point coordinates starting from the upper left corner of the projection boundary. The bilinear interpolation method is used to calculate the coordinates of pixel points and correcting each image to the object plane, and then the difference image of the overlapping area image can be calculated. According to the line-by-line search method, this paper selects a path with the smallest difference between the two images on the difference image as the mosaic line, and adopts the mosaic line to segment and concatenate the image to obtain the final mosaic image.

2.2 Model Based on Spatial Attention HRNet

Visual recognition has three main core elements: image classification, object detection, and semantic segmentation. It is difficult to get accurate prediction results for low-resolution and spatial accuracy-sensitive tasks obtained through continuous structured convolution or pooling through classification networks. To compensate for the loss of spatial accuracy, researchers have introduced the up-sampling operation and combined hole convolution to reduce the number of down-sampling and improve the resolution of feature maps based on the classification convolution neural network structure.

High-resolution characterization is mainly reflected in two aspects. To be specific, the first aspect is the original high-resolution characterization. Notably, after a small number of convolution operations, it can only provide low-level semantic expression. The second aspect is the high-resolution representation obtained through up-sampling for low-resolution representation. Despite its good semantic expression capability, the up-sampling itself is unavailable to fully compensate for the loss of spatial resolution. Therefore, the spatial sensitivity of the high-resolution representation of the final output is not high enough, which is largely limited by the resolution corresponding to the strong semantic expression of the representation.

The entire network always maintains a high-resolution feature map and gradually introduces low-resolution convolution, which connects convolutions of different resolutions in parallel. Meanwhile, this paper continuously exchanges information between multi-resolution representations to enhance the expression capability of high-resolution and low-resolution representations, with a view to better promoting each other between multi-resolution representations.

Currently, the mainstream HRNet [32] network consists of two versions. Starting from high-resolution blocks, HRNet V1 utilizes convolution operations to establish the connection between high-resolution and low-resolution block, which leaves multi-resolution convolutions connected in parallel, takes the output of high-resolution blocks as the result, and obtains different dimensional features from both horizontal and vertical directions. Based on HRNet V1, HRNet V2 adds a head layer for semantic segmentation.

Mainstream HRNet tend to use traditional convolutional operations, which obtain features in a forward direction with limited information. To obtain more detailed information, multispectral images are considered based on their high spatial resolution. However, during the down-sampling process, some details will be lost inevitably. To reduce the loss caused by down-sampling, this paper introduces a spatial attention mechanism (see Fig. 3), calculates weights by combining the information of coordinate pixels, focuses on key areas, and decomposes the feature map H into H1 and H2. Meanwhile, this paper multiplies H1 and H2, and applies Softmax to obtain attention map FA. After multiplying FA and H to obtain attention features, this paper constructs a ResNet [33] structure and achieves the final feature aggregation.
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Figure 3: Model based on spatial attention HRNet

FA=Softmax(H1⋅H2)(7)

2.3 Pyramid-Based 3D Residual Network Model

Pyramid-based 3D residual network model mainly consists of three parts, as shown in Fig. 4. 1) 3D sample extraction; the samples are composed of pixels to be classified and surrounding 3D domain is used for network training, and the labels of the sample points are determined by the category of the center pixel of the 3D cube; 2) Feature extraction; after passing through convolutional layers, down-sampling layers, and multiple pyramid residual network modules, the 3D data blocks extracted from the image obtain deep features for classification; 3) Classification; after global average pooling, the information is aggregated, and the feature map obtained from the feature extraction section is input into the fully connected layer, and the final result of the classifier is obtained by combining with Softmax.

[image: images]

Figure 4: Pyramid-based 3D residual network model

The pyramid residual module is composed of multiple pyramid residual units stacked together, and the combination of each pyramid residual block determines the network depth of the entire model. Pyramid residual network extracts spectral spatial features by gradually increasing the dimension of the feature map with residual units, which not only improves the classification effect, but also avoids exponential growth of network parameters with the increased network depth. Fig. 5 shows the pyramid residual unit structure used in this paper. Before convolution, the Batch Normalization (BN) layers and ReLu layers are set to normalize the data and accelerate the training and convergence speed of the network. The BN layer associates all data together, and ReLu incorporates nonlinear factors to improve the model’s expressive power, where the output of the data is influenced by other data in multiple batches, and each training batch is acquired randomly. Therefore, the whole network will not over-learn in a single direction, which can effectively avoid over-fitting under the deep network.

[image: images]

Figure 5: Pyramid residual unit structure

As for short connection paths, identity mapping or convolution projection is popular. However, identity mapping or convolution projection becomes inapplicable for a deep network model. In view of the feature graph dimension of the pyramid model, this paper intelligently chooses a 1 × 1 convolutional network or short connection of a zero-filled identity map. Given that a 1 × 1 convolutional network will cause feature degradation, this paper uses the zero-filling method to build the network.

With the increased network, most networks significantly increase the number of feature maps while reducing their size. The number of feature map parameters for residual units can be expressed as:

Dk={24k=12m+2k≥2(8)

where, n represents the index number of the group, and k represents the residual unit index number. The residual units of the same group are of the same feature size. For the nth residual group, the feature size decreases by 0.5, and the dimension of the feature map becomes twice the original after each residual unit. With the increased depth of the network, the dimension of the feature map increases sharply. The increased number of feature maps in the 3D pyramid residual network can be expressed as:

Dk={24k=1Dk−1+(k−1)αN−1k∈[2,N+1](9)

where, N represents the number of residual units, and α represents the added dimensions of the final feature map. Between the residual units of the pyramid, the dimensions of the feature map are controlled by α/(N − 1) after passing through 1 residual block. The dimensional growth pattern triggers a linear increase in the number of feature maps as the number of residual units passed through increases. The number of feature maps in the entire network model ultimately presents a “Pyramid” shape. This paper constructs a network from a 3D perspective to extract local spatial and spectral features, achieving the extraction of cultural relics.

pk=nkM×N,k=0,1,…,2(L−1)(10)

2.4 Multilevel Integration Mechanism

This paper introduces the construction of a model based on spatial attention HRNet and a pyramid-based 3D residual network model, and achieves the final labeling result by fusing the two networks. At present, prevailing fusion strategies include data-level integration, feature-level integration, and decision-level integration. Hyperspectral images have spatial and spectral dimensions, and data fusion strategies from different angles also influence the final annotation effect. This paper adopts a decision-level approach for integration so as to fully leverage the advantages of the spatial attention HRNet network for high-resolution images and the inclusion of spatial-spectral information in the pyramid 3D residual network.

The model based on spatial attention HRNet does not support direct input of high-dimensional spectral data. This paper reduces the dimensionality of the data or extracts layer representative bands. The mainstream methods include:

(1) Single band image: The information contained in each layer of an image has certain differences, which can reflect the degree of response of ground objects in that spectral range.

(2) Principal Component Analysis (PCA) dimensionality reduction: In image recognition and high-dimensional data dimensionality reduction processing, PCA dimensionality reduction is of strong applicability. Its algorithm mainly performs a linear transformation on the original data by calculating and selecting feature vectors with larger eigenvalues. This removes useless noise and reduces computational complexity.

(3) Maximum density projection: The maximum value in the pixel block that each spectral line passes through is calculated as the output image.

(4) Visual mapping model: Based on the principle of visual perception, areas with similar colors can be classified into one category. For this purpose, this paper randomly selects 100 individuals aged from 10 to 40 and continuously adjusts the three-channel images using the univariate method. The images are displayed in pseudo color, and the colors are classified into seven colors, as shown in Fig. 6. Besides, the average result of 100 people is used as the final color mapping interval.

[image: images]

Figure 6: Visual mapping model

Therefore, this paper extracts three spectral bands from hyperspectral images and applies the univariate method to form pseudo-color images. Through analysis of color mapping, this paper determines the differences to assist in the selection of spectral images, and takes this spectral combination as input to the HRNet image.

The above four algorithms obtain image features from different dimensions. To determine the final network fusion method, this paper adopts the fusion method, as shown in Fig. 7a, based on a single frame and frame-by-frame input image. The fusion weight of each item can directly affect the subsequent annotation effect. The method based on multi-frame fusion is presented in Fig. 7b, which is applicable to methods 2, 3, and 4. The weights of the spatial attention HRNet based model and the pyramid 3D residual network model are both set to 0.5.

[image: images]

Figure 7: Structure of feature integration model

3  Experimental and Discussion

Hyperspectral data, collected on-site by an infrared spectrum spectrometer that mainly includes bronze, ivory, gold and jade, are used to conduct the experiments. There are 821 frames of hyperspectral images with image resolutions ranging from 600 × 800 to 1400 × 3200. This paper manually labels hyperspectral data as the gold standard. Each pixel can be deemed as a set of spectral data. The ratio of training and test data is 1:1. The typical hyperspectral curve is shown in Fig. 8. Besides, the spectral curves of different objects have certain differences, supporting the extraction of cultural relics.

[image: images]

Figure 8: Site cultural relics data

3.1 Performance of Cultural Relics Splicing Algorithm

To verify the performance of the hyperspectral image stitching algorithm, this paper measures from two aspects: feature selection dimension and stitching effect. The selected features are a prerequisite for stitching, and the number of features contained in each frame of the image has certain differences, as shown in Fig. 9. The SIFT feature extraction produces more feature points, while the Oriented FAST and Rotated BRIEF feature extraction produces relatively insufficient features. The feature points reach their peak near 75 frames, and their calculation time is positively correlated with the image size. Therefore, calculating features within a small domain reduces computational complexity and improves the accuracy of subsequent pixel matching.

[image: images]

Figure 9: Feature quantity curve

To visually demonstrate the fast stitching algorithm based on hyperspectral images, this paper extracts the stitching effects of three bands of pseudo color images for display (see the performance in Fig. 10). It is noteworthy that Fig. 10a consists of 7 sets of hyperspectral data, with significant differences in the information contained in each set of image. There are fewer overlapping areas between hyperspectral data, and the data is not in the same horizontal dimension. Fig. 10b consists of 7 sets of data, each containing a large overlapping area that is basically in the same horizontal dimension. Fig. 10c consists of 5 sets of data, with collected spectral data closer to the target, a smaller field of view, and higher spatial resolution. Fig. 10d consists of 12 sets of data, which contains a wide range of spatial information and exhibits differences in both horizontal and vertical dimensions. In conclusion, these four types of data represent the majority of data-splicing situations. As shown by the stitching effect, the stitching image is of sound consistency, and there is no obvious display at the stitching line.

[image: images]

Figure 10: Hyperspectral pseudo color image stitching effect display

3.2 Comparison Experiment of Integration Mechanism

To verify the performance of the four fusion algorithms, this paper annotates the images at the pixel level and classifies them into ivory, bronze, and ground. Fig. 11 shows the performance of algorithm annotation. The confusion matrix is used to quantitatively evaluate [34] the effect, and specific measures are: 1) Single band image input as shown in Fig. 11a; This paper integrates the output results of each layer with the same weight to achieve decision-level fusion and target annotation. However, the information contained in each frame of the image is different, resulting in poor performance if calculated with the same weight. 2) Image input for PCA dimensionality reduction as shown in Fig. 11b; Based on the correlation between the data, this paper reduces the hyperspectral data to a lower dimension, but these images contain most of the information of the hyperspectral data. Meanwhile, this paper inputs the reduced dimensionality image sequence, which reduces network computation time and achieves good target annotation results. 3) Maximum density projection image input as shown in Fig. 11c; Through constructing the point composition image with the strongest response data in spectral images, the target area is highlighted and performance is further improved. 4) Visual mapping image input as shown in Fig. 11d; By simulating the visual perception process, the maximum saliency of band combinations is extracted and input, and the experiment achieves the best results.

[image: images]

Figure 11: Annotation effects of different integration mechanisms

3.3 Comparison of Target Annotation Performance

To verify the annotation performance of different algorithms, this paper uses ivory as a typical feature and calculates the Receiver Operating Characteristic (ROC) curves of UNet [35], DenseNet [36], HRNet [32], spatial attention-based HRNet model, pyramid-based 3D residual network model, and the proposed model to obtain features (see the data in Fig. 12). To sum up, UNet adopts an Encoder-Decoder structure, which is simple and can achieve target annotation. Through the connection of features on channels, DenseNet can achieve feature reuse, which reduces the cost of parameters and calculations. By paralleling multiple resolution branches and constantly interacting information between different branches, HRNet can simultaneously achieve the goal of strong semantic information and accurate location information, and obtain good performances. The simulation of the spatial attention HRNet (SA-HRNet) model highlights the idea of key regions in visual simulation, which improves the computational efficiency and performance of the algorithm. Moreover, good annotation performance is achieved by focusing on local spectral information based on the pyramid 3D residual network (P-3D ResNet) model. This paper proposes an algorithm that integrates the above two algorithms and achieves the best results in building models at both the data-level and the decision-level.

[image: images]

Figure 12: ROC curve

The algorithm annotation effect is shown in Fig. 13. In terms of the concatenated hyperspectral images, the differences in the composition and distribution of ground features cause slight differences in the labeling effect. However, the overall accuracy is better than 0.8. Especially, in the face of targets with shallow soil cover, labeling can be effectively achieved through the differences in different hyperspectral features.

[image: images]

Figure 13: Target annotation effect

4  Conclusions

To improve the accuracy of cultural relic mining and protection, this paper has proposed a spatial-spectral fusion network-based Sanxingdui cultural relic recognition algorithm with the support of hyperspectral techniques.

This paper optimizes traditional stitching algorithms and improves stitching efficiency by combining with relative coordinates of hyperspectral instruments. Based on the HRNet model, a spatial attention mechanism is proposed to identify Sanxingdui cultural relics from a spatial dimension. Furthermore, a pyramid structure is put forward by using a 3D residual network model to identify Sanxingdui cultural relics from the inter-spectral dimension. To fully leverage network performance, the paper proposes four fusion mechanisms from the perspectives of data-level and decision-level. As shown by the experiment results, the fusion strategy based on the visual mapping model achieves the optimal effect. In the future research, how to analyze and label cultural relics with a small sample size is of great significance and worthy of exploration.
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