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Abstract
3D reconstruction is a general term for the method of reconstructing real scenes or models in computer. The 3D reconstruction of indoor scenes is of great significance in fields such as architecture. Traditional 3D reconstruction methods have a low degree of automation and can only be used to reconstruct specific scenes. This proposal introduces the relevant knowledge of traditional 3D reconstruction and neural networks, and proposes a solution for 3D reconstruction through implicit field neural networks, which can effectively solve these problems. Meanwhile, this proposal also lists several databases that may be needed to train and test the neural network, and proposes a validation method for the effectiveness of this solutiond.
[bookmark: _Toc133092174]Introduction
In recent years, the use of Computer Aided Designed models(CAD) for indoor construction and decoration has become increasingly popular in the field of architecture. In the early period, the construction industry used 2D blueprints in CAD to design buildings. Recently, Building Information Model (BIM) has become the main trend of CAD in the field of architecture. BIM refers to a set of technologies and solutions aimed at strengthening collaboration among team members in the construction industry. It represents architectural elements through 3D geometric modeling and their relevant non-geometric attributes and relationships between them [2]. It provides more operability and can capture comprehensive information about the building during the design process, including the location and relationships between various building components. Its applications include providing accurate quantities of required building materials and components to assist the purchasing process, providing complete facility information as an interactive manual, and providing improvement suggestions for the construction process, etc. Therefore, it is widely used in building management, maintenance, quality control, renovation planning, and other aspects.
Simulating the construction process is one of its important application directions. BIM can be divided into two types based on its establishment time and purpose [3]. The ideal model established at the beginning of a real construction project is called as-designed BIM. The characteristic of this type of model is that all elements of the building are known. Another type of model is a building model based on collected data from existing buildings in real-time, which is called as-build BIM. By comparing these two types of models, it is possible to identify the differences and conflicts between actual construction and ideal one, thus enabling real-time adjustment. The information of as-build model is usually obtained from the point clouds, and the point clouds usually come from scanning result by Terrestrial Static Laser Scanners (SLS) in the indoor area . Manually modeling point clouds is a challenging task. This is usually very time-consuming and easy to make mistakes, making it difficult to apply in construction process that has high real-time requirement. Therefore, the method of obtaining as-build BIM through computational automation modeling has been proposed.
   The process of automatic modeling through the point clouds is divided into multiple steps, including point cloud registration, fusion, segmentation, classification, 3D modeling, and texture rendering, etc. The focus of this article is on the process of constructing the 3D model of indoor scene. The automatic 3D modeling process is usually based on traditional artificial intelligence, which means getting the model from the information carried by the point cloud itself based on a set of designed rules. This solution can automate the modeling process at a faster running speed, but also has its  significant limitations due to the need for manual rule setting. Neural networks can learn the features of data actively and perform operations with its strong learning ability, which to some extent weakens this limitation. Neural networks have many applications in the field of transforming the point cloud to as-build BIM. It is often used for point cloud segmentation and classification, but have few applications in modeling. However, in recent years, with the enrichment of 3D model dataset, neural networks have made significant progress in the fields of shape learning and modeling, which makes it possible to use it to reconstruct 3D model of indoor scene from point cloud.
This article is mainly divided into three parts. The first part will introduce the basic concepts related to the research of this topic, including the introduction of basic concepts, principles, related research and applications of neural networks, CNN, encoder-decoder architecture, point clouds, and 3D reconstruction. The second part will introduce some recent research related to this topic, including research on traditional indoor 3D reconstruction methods, Point Net, Marching Cube, and shape learning neural networks based on implicit fields. The third part will elaborate on the research methods, plans, and expected results of this topic.


[bookmark: _Toc133092175]Relevant knowledge
[bookmark: _Toc133092176]Neural Network
Firstly, the background of neural network needs to be introduced. Neural network is a branch of machine learning, which is a part of artificial intelligence. Russell[4]  summarized the following four characteristics of artificial intelligence by summarizing most of its definitions: thinking humanly and rationally, and acting humanly and rationally. Traditional artificial intelligence algorithms make machines have the human-like working ability through a series of rules formulated by programmers. Machine learning goes further on this foundation, focusing on how to make machine have the ability of learning. Janiesch et al. [5] defined machine learning as “the capacity of systems to learn from problem-specific training data to automate the process of analytical model building and solve associated tasks”. Bishop [6] believes that the biggest difference between machine learning and traditional artificial intelligence is that it does not assign hard rules to computers, but rather allows computers to find meaningful relationships and patterns from data. Due to its automated nature, it can be used for more complex and cognition-related human tasks, such as semantic analysis and information retrieval. Machine learning has two common branches, one is supervised learning, the other is non-supervised learning. In supervised learning, learners will have two sets of data: training dataset and test dataset. In the training dataset, each item of data is labeled, and learners learn the relationship between the data and labels on the training dataset to achieve the aim of identifying unlabeled data in the test set with the higher accuracy[7]. However, sometimes the input data may not be labeled due to cost and other reasons. The process of letting the machine learn these unlabeled data and automatically do some operation according to data characteristics is called unsupervised learning[8]. Overall, the biggest difference between the two machine learning branches is whether the input data has labels, which affects their respective purposes: the former is commonly used for classification and regression, while the latter is often used for clustering and data dimension reduction.
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[bookmark: _Hlk133091547]Figure 1: Some Defination of Artificial Intelligence[4]

Neural network is a learning model in machine learning. Its design inspiration comes from American psychologist James' declaration of the basic principles of brain structure and function, which was transformed into a machine learning model theory by McCulloch and Pitts [9]. The most basic neural network can be seen as a nonlinear mathematical function that converts a set of input variables into a set of output variables, and the conversion process is controlled by weight parameters[10]. The learning process of neural networks is the process of adjusting these parameters to make the output results closer to the ideal value. The most basic feedforward neural network is a hierarchical structure, each layer contains multiple neurons. Each neuron represents a weight parameter matrix, they get the inputs from last layer’s neurons’ output, combine them, use weight matrix to transform them and and output results. The final calculation result is compared with the ideal value, which comes from data’s label or other groundtruth set by programmers. These difference can be quantified by a function called loss function. Finally, the parameters in each neuron are adjusted from back to front through the loss function. This process is called back propagation. In addition, the output results of each layer sometimes pass a nonlinear conversion, which is used to make the whole neural network have the ability to simulate nonlinear functions. This conversion process is called activation. Due to the fact that neural network model is closer to real human thinking process, it has become one of the main research fields in machine learning in recent years.
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Figure 2: How a Single Neuron Works in Neural Network[10]

Research on neural networks has developed to this day, and there have been many different branches, such as the Graph Neural Network (GNN) that can be used to process graph structure data[11], and the Recurrent Neural Network (RNN) that can be used to process a series of data with pre and post correlation sequences[12].


[bookmark: _Toc133092177]Convolutional Neural Network
The Convolutional Neural Network (CNN) is one of the earliest branches in this field, which also laid the foundation for the design of many subsequent neural network models. The traditional multi-layer perceptron (MLP) neural network structure can only process data which only have one dimension. When facing two-dimensional image data or higher dimensional data, it needs to transform them to one a sequence and then can process them, which will destroy some relationship information in the data, and will also slow down the operation time. For example, in image data, the information contained in a certain pixel is often related to several surrounding pixels, and simply one-dimensional input can destroy this information. Therefore, neural networks require a structure to handle the data with higher dimension, and the concepts of convolutional and pooling layers have been proposed. 
In one convolutional layer, the convolutional kernel extracts the features of the data through filtering and transmits them to the next layer. The pooling layer is responsible for merging and compressing data features [13]. These layers are placed in front of MLP, which is also called full connection layer in this structure. This kind of neural network structure is called CNN. The one-dimensional data obtained from convolutional and pooling layer has a smaller volume compared to the data that has only undergone one-dimensional processing, and can better preserve the correlation in the data. The weight parameters in the convolutional kernel can also be trained, which enables the convolutional layer to better extract data features. 
Goodfellow et al. pointed out that CNN has three key advantages: equivalent representation, sparse interaction, and parameter sharing [14] These advantages make it more suitable for processing 2D data structures such as images compared to MLP. Nowadays, CNN has been widely used in various fields such as computer vision, text translation, image processing, and the topic of this article, 3D shape learning.
[image: ]
Figure 3: Structure Diagram of CNN[13]

[bookmark: _Toc133092178]Encoder-Decoder Architecture
The encoder-decoder architecture is also a common architecture in neural networks. It is a kind of unsupervised learning neural network, that is, there is no need to label data manually. It consists of two parts: the encoder is responsible for compressing the input data into a segment of vector, while the decoder is responsible for restoring the vector to the original data. This is somewhat similar to CNN, but the difference is that its intermediate products can be extracted and have certain meaning. Its loss function is usually designed as the difference between the original data and the restored result. 
Due to the smaller data volume of intermediate products compared to the original data, the encoder-decoder architecture can be used for data compression and decompression. Meanwhile, by performing interpolation and other operations on the intermediate vector, it can be used to generate new similar data. For example, a neural network can be trained by inputting a series of image which have similar topic, and generating new images in that topic through interpolation of intermediate vector that comes from different images. This technology has a wide range of applications, such as in map design of electronic games, it only needs several original 3D models of plants for the generation of a forest that the inside plants have different characteristics. 
This architecture is very common in shape learning [15] Due to the separated architecture, encoders and decoders can be combined, such as point cloud encoders that can be combined with decoders that generate point cloud models or mesh models to achieve different goals. This flexibility also makes many related papers more targeted: encoding only for a certain input or decoding only for a certain output. Many neural networks used for shape learning are also based on this instructure
[image: ]
Figure 4: Structure Diagram of Encoder-Decoder Based on RNN[16]

[bookmark: _Toc133092179]Point Cloud
A point cloud is a set of discrete data points that can represent 3D shapes or objects. Each point contains a Cartesian coordinate (X, Y, Z) according to its position, and may carry other information such as color and normal vector[17]. Point cloud data is typically generated by scanning a scene or object with a scanner, typically represented as a set of discrete points on the surface of the object. In the early days, the data is usually obtained by laser scanner, which could provide high-quality point clouds. However their cost was very expensive, making it difficult to be applied in a wide range. In recent years, some low-cost 3D scanners have been developed, such as the Kinect sensor based on PrimeSense technology in Microsoft's Xbox 360 gaming system [18], and the LiDAR sensor on the latest generation of Apple phone [19]. Although their scanning quality is not as good as traditional laser scanners, they are more lightweight and can provide real-time point cloud scanning. At the same time, there are more and more specific code libraries that can be used for point cloud processing, such as Point Cloud Library (PCL), Apple's roomPlan API, and so on. These factors have led to increasing research on the processing and application of point clouds.
The research on point clouds has many branches, such as point cloud registration, segmentation, semantic analysis, 3D rendering, etc. Taking the segmentation of point clouds as an example, the research goal is to divide point clouds into multiple regions, each composed of points with similar features and should be meaningful [20]. For instance, the ceiling, floor, wall, and other parts in indoor point clouds could be separated for the futther application. This technology can be used for the recognition and classification of real-time scanned objects, thereby playing a role in fields such as autonomous driving. Point cloud segmentation needs to consider issues such as the scalability of point cloud scale and feature quantity, the noise and non-uniformity of point cloud, and the scanning method of the scanner[21]. To solve these issues, several solutions have been proposed, such as segmentation based on the intensity of point feature’s changing trend, and clustering segmentation based on the similarity of adjacent points in the point cloud. What’s more, with the development of deep learning, some problems related to point cloud processing can also be solved by specific neural network architecture.
The application range of point cloud itself is very wide. In addition to the autonomous driving mentioned before, it has also been applied in fields such as game and animation scene modeling, remote sensing, and robot sensing, etc. Taking the application in the field of building as an example, the 3D point cloud obtained through indoor laser scanning can quickly record the geometric shape of building objects, which can be applied in quality inspection, construction progress tracking, and other aspects[22].
[image: ]
Figure 5: Example of Building’s 3D Point Cloud[23]

[bookmark: _Toc133092180]Encoder-Decoder Architecture
3D reconstruction refers to the process of reproducing the 3D representation of an object in computer based on depth and color information collected by data collection devices. This technology obtains 3D models of real objects mainly through three methods.  The first method is manual modeling, which is the most mature method. However, the modeling time cycle is long and the operation is complex, and errors are easily generated due to manual operations. Therefore, it is mostly suitable for applications with low real-time requirements, such as game scene modeling. The second is to use computer vision theory for automatic modeling based on images taken from different angles on object. This method has low hardware requirements for information acquisition, but due to issues such as fixed angles, the accuracy of the final generation may be low. The third method is automatic modeling based on the point cloud obtained through scanner. This method can obtain the most accurate data of the object, but there are certain requirements for hardware, and the implementation of registration, splicing, segmentation, and triangulation operations is difficult. Therefore, it has been a research focus in the field of 3D reconstruction.
The application range of 3D reconstruction is very wide. Taking the digital preservation of cultural heritage as an example[24]. People in this field are increasingly interested in 3D reconstruction in the computer, for the reason that cultural heritage may be damaged due to natural or perceived reasons, and for the purpose such as identifying the authenticity of artworks, displaying digital collections to audiences through virtual museums, etc. Usually, the digitization process of cultural heritage includes four steps: data collection, registration, grid generation, and texture generation. Through 3D reconstruction, cultural protectors can maximize the preservation of cultural heritage information for others with the purpose like research or reference. In addition, 3D reconstruction has also been applied in building analysis in civil engineering [25] and data collection at crime investigation sites [26], etc.


[bookmark: _Toc133092181]Related Work
[bookmark: _Toc133092182]Indoor 3D Reconstruction Based on Point Cloud
The 3D reconstruction of building’s point cloud is one of the key research directions in the field of 3D reconstruction. Its purpose is to reconstruct the 3D model of the buildings through the collected point cloud data, which can be used as the geometric model of BIM, and then be used for house structure analysis, urban planning, etc. The following part will introduce several solutions for 3D reconstruction of buildings based on point clouds, while explaining their advantages and limitations.
PolyFit, proposed by L Nan et al., is a solution for reconstructing a house’s surface model through point clouds [27]. Its input is a noisy house point cloud, and its output is a lightweight closed polygon model of house’s surface. It firstly uses the RANSAC plane extraction algorithm to divide the entire point cloud of the house into several point clouds that belong to different planes respectively. Due to the exist of noise points, the RANSAC algorithm may generate unnecessary planes. Therefore, after segmentation, point clouds are merged based on conditions such as the angle and distance between the adjacent planes of each point clouds. After the above steps, the algorithm will generate multiple candidate patches based on the bounding box of the overall point cloud and the intersection of each plane, and record the connection relationship between them. Finally, the algorithm will select a set of patches from the candidate patches as the final surface model of the entire house. The selection process of patches is determined by three energy terms: the data-fitting term that evaluates the quality of point cloud fitting on the plane, the model complexity term that reduces the generation of small patches, and the point coverage term that ensures that the model covers the point cloud area strictly. Finally, With several hard constraints, through minimizing the weighted sum of these terms by adding or deleting patches, the final ideal house surface model can be obtained. This optimization process can be seen as a binary selection problem, and therefore can be completed through the gurobi solver. Due to the effect of hard constraints, the final result of this solution must be a watertight model, which enables it to achieve a better modeling result even when there are a large number of outlier and missing data in the point cloud. 
Compared with other methods, this solution generates the most compact and simple model. However, it might overlook some necessary model details in the modeling process. Finally, the optimization process of this method is relatively complex, which makes it can only generate the model of one building, rather than large-scale urban model, as it may generate a large number of candidate patches, leading to a significant increase in computing time.
[image: ]
Figure 6: Building Generation Process of PolyFit[27]

For the 3D reconstruction of point clouds of city, J Du et al. proposed a reasonable solution[28]. This solution will generate a set of LoD1 urban building models. At the beginning, this solution divide the point cloud of a building set into multiple individual building point clouds based on the DBSCAN clustering algorithm. By combining curvature and distance instead of traditional Euclidean distance, dense building sets can also be divided in a reasonable way. After partitioning, the algorithm will process the point cloud of each building separately. Firstly, the point cloud of one building is projected onto a 2D plane based on the ground, and an improved algorithm based on the AplhaShape contour extraction algorithm is used to obtain the initial contour of the building with water tightness characteristics. Then, the contour of the building is decomposed into several linear primitives using the RANSAC algorithm, and the primitives are merged through energy functions and convex optimization to generate a concise result. Due to the exist of noise, the linear primitive group may have artifacts, Therefore, it is necessary to adjust the linear primitive through a layered regularization processing strategy to make the building contour more consistent with the requirements of BIM. Finally, the solution will generate a contour model for the building based on the connection relationship between linear primitives. 
This solution can generate models with watertight characteristic, and has high robustness to overcome problems like having abnormal data. It also has a fast calculation speed. However, this solution has poor result when facing the data that has non-linear contours and is difficult to distinguish between true inner contours and pseudo inner contours caused by data loss. Finally, this scheme can only generate contour models of buildings, which can meet the requirements of urban planning and other applications that only need to generate simple large-scale building set model, but it is difficult to meet the requirements of reconstructing internal building models for structural analysis and other purposes
[image: ]
Figure 7: Process of City Model Generation with J Du, et als’ Solution[28]

For the automated modeling of the internal structure of buildings, J Jung et al. proposed a solution [29]: its input is a set of registered indoor point clouds, and its output is a 3D model containing multiple room structures and door and window structures. Firstly, calculate the height of the ceiling and floor by using a histogram of the number of points based on Z axis. Then, the point cloud is projected onto the ground, and the general structure of the wall of the whole house is obtained through the circular shaped detection window algorithm, and the enclosed contour of each room is obtained through the skeletonization algorithm and subsequent operations. Cut the house into independent point clouds based on the contour. For each room, the boundaries of them are obtained by searching for the intersecting line of the floor and wall. After that, the irregular boundary are refined into regular line segment boundary through the Douglas Pucker algorithm and a series of post-processing operations. Finally, based on boundary information, house height information, and other data, the room walls are modeled, and the door and window structures are extracted and modeled based on the wall point cloud projection on the wall line, thereby obtaining a model of the entire house. 
This method can extract a comprehensive indoor model from point cloud. However, due to limitations, it is not possible to model sloping walls and stairs, and hard to model rooms with irregular boundary shape like circle. What’s more, this solution has a high demand for the quality of point cloud.
[image: ]
Figure 8: Process of Building Structure Modeling with J Jung et als’ Solution[29]

Through the examples above, it can be seen that although traditional house point cloud modeling solution can obtain architectural model that meet the requirements of BIM, it also has large constraints, and generally can only be applied to the modeling of specific scenes. What’s worse, the solution above require manual parameter adjustment. The solution of L Nan [27] and J Du [28] contains energy functions for optimization, and the weight values in the energy functions need to be adjusted by the user based on actual modeling needs. In the method proposed by J Jung [29], parameters such as wall thickness also need to be manually set. This undoubtedly raises the threshold for use. The 3D reconstruction solution using neural networks can solve this problem effectively, as it models based on the characteristics of the point cloud itself and the parameters can be adjusted through network‘s learning.
[bookmark: _Toc133092183]PointNet
PointNet, proposed by Qi. C.R et al., is a neural network architecture specifically designed to process point clouds [30]. Before the appearance of PointNet, the learning task of point clouds in deep learning was usually completed by CNN. Due to the need for a regular input data format in CNN, it is necessary to voxelize the irregular point cloud structure before input, that is, divide the point cloud into each voxel block of the whole structure, and input the point cloud into the neural network on a voxel basis. However, this operation also destroy the invariance of the point cloud arrangement, meaning that the different input orders of voxels may lead to different judgment results of the neural network. To address this issue, PointNet was proposed. It takes the coordinates of all points in the entire point cloud as input, and finally outputs the label of the entire point cloud or the label of each point within it.
The entire architecture can be divided into three parts: feature extraction layer, pooling layer, and output layer. The feature extraction layer learns to fit a affine transformation matrix through T-net and MLP, which can transform the coordinates of input points into a set of feature vectors. The pooling layer combines the features of each point through maximum pooling to form a global feature vector, protecting the arrangement invariance of the point cloud.  It means that the final output result can still be the same even when the order of input points is changed. The output layer consists of an MLP, which can be implemented in two forms in that article. When the output requirement is for the overall class label of the point cloud, the layer directly takes the global features of the point cloud obtained from the pooling layer as input. When the output requires labels for each point, it takes the combination of the coordinates of each point and the global features of the point cloud as input.
[image: ]
Figure 9: Architecture of PointNet[30]

The significance of this architecture is that it not only provides a better solution for neural network classification of point clouds, but also provides a more suitable architecture for neural networks to learn point clouds. A neural network composed of a feature extraction layer and a pooling layer can be used as an encoder for point clouds. The final output of the point cloud’s global feature vector can be used as input for different decoders, and finally obtaining patch models or other types of models that fit the point cloud data. Meanwhile, PointNet is constantly being improved. For example, PointNet++[31] solves the problem that PointNet can only obtain the global features of point clouds. Through a multi-level feature extraction structure, it achieves the extraction of local and global features of point clouds, enabling neural networks to better learn complex scenes. F-PointNet [32] improves the efficiency and accuracy of point cloud learning by combining image and point cloud information.
[bookmark: _Toc133092184]Deep Marching Cube
In computer graphics, there are two representation method of models: explicit representation and implicit representation. Explicit representation is the most common representation way, which gives the coordinates and connection relationships of each vertex in the model, thereby using patches to represent the structure of the entire model. This representation way is simple, but it is difficult to represent fluid models such as spheres . Implicit representation, on the other hand, represents the model through a function. It can approximates the ideal representation of the model infinitely in theory. However, since the position information of the shape is not directly provided, the calculation of its rendering process is relatively complex. Signal Distance Field (SDF) is a kind of implicit representation function, where the input is a point’s position in space and the output is the distance from that point to the real surface of the shape, with the positive or negative distance indicating whether the point is inside or outside the shape. It has two branches, one is the Euclidean Signal Distance Field (ESDF), which is the classical distance field described above. Truncated signal distance field (TSDF) is the distance field after limiting the range, which normalizes the distance from coordinates to the surface and is only represented within a certain distance near the shape’s surface. The Marching Cube is a method of extracting surfaces from SDF and displaying them on a computer.
The Marching Cube algorithm was proposed by WE Lorencen et al[33]. Its core idea is to extract zero equipotential surfaces from SDF and represent them as triangular meshes. Its implementation is based on a voxel structure that completely covers the entire SDF. Firstly, the basic surface topology vector T within each voxel is calculated based on the voxel’s eight corner’s signal distance to the real shape. T is a binary vector with a length of 8, where each term represents whether a corner is within or outside the shape. There are a total of 256 modes in T, and each mode can correspond to a grid topology within a voxel. Then, the algorithm adjusts the mesh topology in voxels by linear interpolation to make it closer to the zero equipotential surface. In this way, an explicit triangular mesh model can be obtained from SDF. For some neural network for shape learning proposed in early time, their core idea are based on learning implicit representation of shapes. They predict the values of corners in voxel structures in SDF. The Marching Cube is used to visualize their predicting results.
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Figure 10: Some Reconstruction Modes of Marching Cube’s Voxel Inside[33]

The Deep Marching Cubes(DMC) proposed by Y Liao et al. is a shape learning neural network based on Marching Cubes[34]. It solves the problem that existing 3D shape surface prediction have no ability to achieve end-to-end training. By outputting the geometric and topological structures of the mesh separately, the Marching Cube algorithm was inserted into traditional 3D CNN in the form of a neural network. The neural network is an encoder-decoder architecture. The encoder part uses a variant of PointNet++. The decoder part is based on 3D CNN and is divided into two branches, which are used to predict geometric and topological structures of 3D shape. Finally, this solution reconstructs the 3D surface of the object in a voxel architecture based on the predicted structural information. This solution is an example of learning implicit surfaces through neural networks. Compared to other neural networks, it has better results in reconstructing details and lightweight structures of 3D shapes. However, it is still limited to shape learning within a fixed voxel structure, which makes it difficult to change the resolution ratio of its final output shape. What’s more, when it comes to outputting high-resolution 3D models, overly dense voxels can greatly prolong the training and processing time of the neural network.
[image: ]
Figure 11: Architecture of DMC[34]

[bookmark: _Toc133092185]Implicit Field Neural Network
As can be seen from the previous article, traditional 3D shape learning and representation methods based on neural networks have problems such as limited resolution ratio and possible discontinuity in the output surface. The implicit field neural network (IM-NET) proposed by Chen Z et al. can solve this problem [35]. SDF can be used to represent a shape with watertight characteristic. On this basis, SDF can be simplified by using only 0 and 1 to represent whether a point is inside or outside the shape, and this kind of field is called implicit field. IM-NET is essentially a decoder, and its core idea is to use a neural network to decode the input shape feature vector to an implicit field. Its input is the position of a sample point and shape feature vectors from encoder, and its output is the value of the point in the implicit field. Since there are only two values of 0 and 1 in the implicit field, this neural network essentially fits a binary classification function.
Since IM-NET is only used as a decoder, the architecture of it is very simple. It only contains several hidden layers with activation function, and finally outputs a floating number in the range of 0 to 1, which means that the point‘s possibility of being internal or external of the shape in the implicit field. Its loss function is designed as the weighted average error between sampling point’s predict value and real value. After training, the implicit surface of the shape can be visualized through some post processing algorithm like Marching Cube. The advantage of this neural network is that it is not predicting a fixed voxel structure, but rather predicting the implicit field itself. This allows it to have infinite resolution accuracy while ensuring a closed shape, without having to train separately for different resolutions. IM-NET can be inserted into different neural networks as a decoder. Experiments show that its output model is better than other decoders.
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Figure 12: Architecture of IM-NET[35]

Further research has found that the IM-NET has the potential to learn shape ‘s component. Therefore, BAE-NET was proposed [36]. BAE-NET has multiple outputs, where each output item represents an implicit field of the model’s one component. By combining the implicit fields of various components through max pooling, the implicit fields of the entire reconstructed model can be obtained. Meanwhile, the number of hidden layers in BAE-NET is smaller than that in IM-NET, because when there are too many layers, the neural network's fitting ability will be too strong, resulting in only one of the multiple output terms having meaningful output, which is the implicit field of the entire reconstructed model. The training method of BAE-NET is the same as that of IM-NET. Compared to IM-NET, BAE-NET is more simple, and  has the ability to split model into several components.
[image: ]
Figure 13: Architecture and Output Visualization of BAE-NET[36]

In order to make each layer of the neural network interpretable, BSP-NET [37] was proposed. The architecture of BSP-NET can be divided into three layers. The first layer generates several hyperplane segmented area maps according to the shape feature vector, and the second layer combines these areas through max pooling to form the basic shape. The third layer combines these basic shapes through min pooling to generate the final result. The training process of BSP-NET is similar to the two neural networks mentioned before, but it can clearly explain the role of each layer  in the architecure and output a mesh model with free topological structure and water tight characteristic. What’s more, the mesh model generated by BSP-NET can have sharp features, which is very useful for reconstructing indoor environments.
[image: ]
Figure 14: output of each layer in BSP-NET[37]

[bookmark: _Toc133092186]Indoor 3D Reconstruction Based on Neural NetworK
[bookmark: _Toc133092187]Methodology
As mentioned earlier, traditional indoor 3D reconstruction is scene specific, susceptible to noise and missing data, and requires adjustment of parameters. The use of implicit field neural networks for indoor 3D reconstruction can solve these problems. That’s because the implicit field neural network have advantages such as generating water tightness models, adjusting parameters automatically based on the learning results of the training set. However, indoor models directly generated by implicit field neural networks still have drawbacks, like the possibility of being unable to distinguish between inside and outside, the high density of the model's patches, the over smoothness of the model's surface, and the randomness of the generated results. The use of BSP-NET can to some extent solve the problem of model surface’s over smoothness, but it still cannot guarantee the generation of a complete indoor model. Therefore, this article has two ideas for the reconstruction method: one is to adjust the architecture of the BSP-NET and train it through a specific training set to make it more suitable for generating 3D models of indoor environments; The second is to adjust the model generated by the neural network through post-processing to make it more suitable for requirement.
[bookmark: _Toc133092188]Database
The training of indoor 3D reconstruction neural networks requires indoor point cloud data and model data, which can be found from the data used for verifying results in traditional indoor 3D reconstruction method. ISPRS [38] is one of them. It consists of five point clouds captured by different sensors in different complex indoor environments, and contains the corresponding reconstruction results of geometric modeling. The geometric reconstruction results include elements such as ceilings, floors, windows, doors, etc. The 2D-3D-S dataset also includes indoor point cloud data collected in six large areas and corresponding grid models [39].
[image: ]
Figure 15: One Data Item in 2D-3D-S[39]
The above datasets may not be sufficient to train the neural network. Therefore, in order to expand the range of data sets, datasets that only contain indoor models can be considered, and their corresponding point clouds can be obtained by sampling. This type of dataset includes SUNCG Dataset, Structured3D Dataset, Replica Dataset, Matterport3D Dataset, etc[40]. If the dataset still needs to be extended, it can be considered to use point clouds and grid models that are not indoor models at the early stage of training, so that the neural network has the primary ability to reconstruct shapes, and then use indoor model datasets for specialized training of the neural network. ModelNet40 is one of the datasets of this type [41], which includes 10 types of point clouds and corresponding CAD models.
[bookmark: _Toc133092189]Evaluation
The most intuitive result evaluation is the difference between the real model and the predicted model, which can be quantified by the omission error (OE), commission error (CE), and root mean square distance (RMSE) between them. Due to the limited research results on neural networks specifically used for indoor 3D reconstruction, it may need to compare the results with traditional 3D reconstruction solutions to demonstrate the shortcomings and advantages of this solution. In addition, it is necessary to verify this solution’s time efficiency, scalability, robustness, etc.
[bookmark: _Toc133092190]Conclusion
This proposal first introduces the basic concepts of neural network, point cloud, and 3D reconstruction. On this basis, several classic 3D reconstruction solutions are proposed, and their respective advantages and limitations are analyzed. Then, a neural network PointNet and its variants that can be used to convert point clouds into feature vectors are introduced, as well as a neural network that can transform feature vectors into implicit fields, and the Marching Cube method that converts implicit fields into mesh models. At the same time, a voxel based shape learning neural network DMC was introduced, and its limitations compared to implicit field neural networks are explained. Finally, this proposal proposes a solution for indoor 3D reconstruction based on implicit field neural networks, the required databases, and ways to verify the effectiveness of the solution.  
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Acting Humanly
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