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With the development of deep learning model and the progress of laser scanning technology, the application of neural networks in the field of architecture has received increasing attention from researchers Usually, information about buildings can be obtained through specialized laser scanning equipment and stored in the form of point clouds in a computer. Point clouds contain the contour information of buildings, which can be processed by neural network model as input data to obtain the desired results. Through neural networks, a series of operations such as automatic segmentation, classification, and modeling of point clouds can be achieved. Among them, the automated generation of indoor floor plans from point clouds is one of the key areas of concern in the architecture industry. At present, the operation of generating indoor floor plans from point clouds is mostly completed using conventional machine learning algorithms, which has many limitations and require continuous parameter adjustment to achieve better results. The end-to-end training and learnability characteristics of neural networks effectively compensate for this deficiency.
This article takes the density map formed by the projection of a point cloud on a 2D plane as input data, and improves it based on the existing neural network architecture to achieve better reconstruction results of the 2D floor plan. The innovation points of this article are as follows: (1) Improved the preprocessing algorithm of the dataset to obtain a dataset with less noise. (2) Improved the CNN architecture of the neural network by replacing single-layer density map with multi-layer point cloud density maps as input, enabling the neural network to have a deeper understanding of point cloud information. The method proposed in this article was tested on the structured 3D dataset and achieved better results than the original method in some results.
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Computer vision aims to enable computers to automatically see, recognize, and understand the visual world by simulating human vision. Researchers in this field hope to complete human visual perception tasks through computers, and the algorithm in this fields can be roughly divided into the following categories: a. Object recognition, which determines whether a certain scene contains specific objects. b. Object detection, which refers to determining the label of objects in a certain scene. c. Scene understanding, which refers to meaningful understanding and analysis of a certain scene [1]. With the development of technology, the application range of computer vision has become increasingly widespread, including the field of architecture. The powerful ability of computer vision in understanding indoor scenes enables it to be applied to the automation of many building-related tasks. For example, the reconstruction of indoor scenes can be used to supervise construction progress and simulate indoor decoration in computers. Object recognition can be used to determine whether certain indoor components have been installed to meet standards.
Conventional computer vision algorithms focus on how to understand scale-invariant features of information and transform them into usable information. such as SIFT [2] algorithms which is used to extract scale-invariant features from scenes, and Fisher Kernel [3] which is used to measure the similarity between two objects. Applications derived from these algorithms have high accuracy and other advantages, but also have significant limitations. For example, these algorithms can typically only be applied to understanding and analyzing objects and scenes in specific contexts, making it difficult to apply them to scenes or objects with factors such as color and texture that have significant differences from the assumed target [4]. Meanwhile, these algorithms usually require continuous adjusting of parameters to achieve better results, which has become a significant barrier to the automation process. The appearance of deep learning models provides a new solution for computer vision algorithms.
Deep learning models are computational models that use multiple processing layers to learn and represent data at different levels of abstraction, through simulating the way the brain perceives and comprehends information, thus capturing the overall structure of the data and transforming it into the required result [5]. It consists of multiple processing layers, each of which contains several computational units that store different parameters, which are referred to as neurons. Deep learning models continuously adjust the parameters in neurons by comparing the output results with the expected results and propagating the compared results back into the model, ultimately achieving an output that is as close to the ideal value as possible. The learnability of this model makes it outperform conventional machine learning algorithms in some aspects. This feature is manifested in its strong versatility in the field of computer vision. Once adequately trained, deep learning models can be used to understand and transform data with diverse characteristics. At the same time, it does not require a lot of manually adjusting to achieve better results. Therefore, the application of deep learning models in the field of computer vision has shown explosive growth in recent years.
There are many ways for computers to learn about indoor scenes, such as image- based learning and video sequence-based learning. Point cloud-based learning is one of the most accurate methods. A point cloud is a set of 3D discrete points, and it is one of the most intuitive ways to express real world scene and 3D objects. With the rapid development of laser measurement technology, people can store the contours of real objects in the form of point clouds with attributes such as color, reflectance, and depth information in the computer through specialized laser scanning equipment or RGBD cameras. It is often used in areas such as 3D reconstruction, object understanding and classification. Reconstruction of indoor floor plans is also one of its important application areas.
Floor plan plays an important role in the design, understanding, and transformation of indoor spaces by expressing geometric and semantic information about the scene through images. For example, designers can quickly identify and design the scope of a room, the location of doors, and the arrangement of components within the room through a floor plan[6]. What’s more, the floor plan also plays an important role in robotic automatic pathfinding, AR / VR design, and other aspects. Therefore, floor plan reconstruction is one of the key issues in the field of computer vision. The goal of floor plan reconstruction is to convert the input indoor scene data into a 2D vector map from a bird's eye view. Early reconstruction processes relied on image processing techniques such as Hough transform and conventional machine learning techniques, which largely limited the result of reconstruction. However, recent deep learning methods have replaced some manually set components with neural networks, resulting in an easier reconstruction process. With the enrichment of indoor model datasets and the continuous appearance of new neural network architectures, some floor plan reconstruction methods that can achieve end-to-end training of neural networks have also been proposed. And this is also the research goal of this report.
[image: ]
Fig. 1 Example of Object Recognition Based on Neural Networks[7]
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The research focus of this article is how to achieve automatic reconstruction of indoor floor plans through deep learning. With the development of deep learning, existing neural networks have strong abilities in image learning and vector graph reconstruction. However, there is relatively little research on its application to indoor floor plan reconstruction, which is the reason I chose this topic. The research goal of this project is to enhance the ability of existing neural networks in floor plan reconstruction. The goal can be divided into two parts: (1) providing better data through data preprocessing. (2) Strengthen the learning ability of neural networks by improving their structure.
The neural network model designed in this article is the improved version of the RoomFormer [8], which utilizes the sequence prediction function of Transformer, with the input being a bird's-eye density map obtained by projecting a point cloud onto a plane, and the output being an ordered sequence of vertexes of variable length for each room. In more details, the neural network uses CNN to extract features from the bird's eye view image. The output of CNN is processed with position embedding, and be input to the encoder-decoder architecture of Transformer. Ultimately, an ordered corner sequence of each room is output in parallel, and the polygon structure of each room is restored based on this sequence. This neural network uses two-level querying to predict room layout, with the first level being used to predict the entire room and the second level being used to predict the corner sequence of each room. Through queries to determine the existence probability and location of corners, room shape prediction with different numbers of corners is achieved. The decoder part of Transformer refines the layout of the room by iteratively using the self-attention mechanism and the cross-attention mechanism, and ultimately achieves an end-to-end training process.
Despite exhibiting excellent performance, RoomFormer still has certain issues, such as simplification of room layout details and self-intersection issues in one room layout. These issues are partly due to RoomFormer's inadequate understanding of input information. In order to deepen RoomFormer's understanding of rooms, this article have made certain improvements to its input data preprocessing method and the architecture of the CNN section. More specifically, this article uses Gaussian voxelization instead of the original average voxelization method to obtain a more accurate bird's-eye density map of point clouds. What’s more, a multi-layer bird's-eye density map set is used to replace the original single-layer bird's-eye density map as input to the CNN section, which allowed RoomFormer to more accurately understand the layout of the entire room. This article uses Structured3D [9] as the validation dataset. Compared to the original RoomFormer, the improved solution showed better results on the validation set.
[image: ]
Fig. 2 algorithm flow chart
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    RGBD data refers to color image data collected from a specific location with depth values, which is the foundation for restoring indoor point cloud data and achieving indoor reconstruction. LiDAR is the hardware required for indoor RGBD data acquisition. The LiDAR systems can be divided into four types: Opto-mechanical, electromechanical, micro-electromechanical systems (MEMS), and solid-state scanning. Among them, electromechanical scanning combines laser radar and mechanical modules, which is currently the most common and mature technology, but its scanning speed is relatively low. MEMS technology is more suitable for applications with low size, weight, and power requirements, such as drone scanning. Solid state scanning technology, on the other hand, has superior robustness and scanning rate potential, but its technical preparation is relatively limited, making it a research focus in academia and industry at present[10].
Lidar system technology can be divided into two types: scanning LiDAR and non-scanning LiDAR. Scanning LiDAR uses a laser beam to sample indoor scenes point by point, and generates indoor RGBD data based on return time and return color. The accuracy of this type of machine is high, but its volume is large and the scanning speed is slow. Non-scanning LiDAR directly captures data from the entire scene using one-time lasers. This method captures information with relatively low accuracy, but has low implementation cost and fast speed, which is suitable for applications with high real-time requirements. Many consumers level RGBD cameras, such as the Kinect V2, are based on this hardware to capture data[11].
With the maturity of RGBD data acquisition hardware, the number of indoor RGBD images or point cloud datasets is gradually increasing. For example, the Cornell RGB-D dataset [12] contains RGBD data for 24 office and 28 home scenarios. This dataset uses the SLAM algorithm to concatenate scenes into point clouds, and labels each scene accordingly. For example, the SUN 3D dataset [13] captures 415 RGBD image sequences from 254 different indoor scenes from various countries, and assigns corresponding semantic polygons and instance labels at each frame. It is currently the largest and most comprehensive indoor RGBD dataset. The Structured3D [9] used in this article also belongs to the indoor RGBD dataset. This dataset contains multiple sets of data with different degrees of decoration under the same indoor structure, and provides corresponding floor plan that can be used as groundtruth. Therefore, it is used as the dataset for training neural networks in this article.
[bookmark: _Toc145365383]neural network
Machine learning is a discipline that studies how to empower computers with learning abilities without explicit programming [14] . This technology has wide applications in various industries. However, with the development of computer technology, the bottleneck of traditional machine learning technology in processing data in its original form is becoming increasingly apparent. Building a machine learning system typically requires the use of specialized knowledge in the research field to design a feature extractor that converts original data into appropriate internal representations, and uses manually designed machine algorithms to learn patterns from the data. Due to the large number of manually designed components, their learning ability is often limited. The concept of deep learning provides a better way for machine learning. The key is that some of the features it learns are not artificially designed. Instead, it learns data using a universal learning algorithm. Therefore, it has stronger ability in high-dimensional feature extraction of data.
The model used for deep learning is a neural network. It is an architecture that simulate the human brain’s operation mode from the perspective of information processing [15]. The neural network model consists of a large number of neurons, each representing a specific output function, and the efficiency of information transmission between each two neurons is represented by a weight value. A neural network is a layered model where each layer contains multiple relatively independent neurons, which are generally only connected to the neurons in the upper and lower layers. The weights between neurons are learnable, meaning that their values are gradually adjusted and optimized during the training process until the output reaches an ideal result. On the other hand, a neural network is a computational model that simulates an ideal transformation function through a simple combination of basic functions and adjustable function weights, and this process of adjusting weights is called training.
The general function performed by neurons is usually to multiply the several values passed in from the previous layer by the corresponding weights and add them together, and output the added result to the next layer. This is a linear calculation process. The transformation function fitted by a neural network composed solely of these neurons can only be a linear function, which limits the learning ability of the model. Therefore, it is necessary to add nonlinear activation functions to the network to enhance its learning ability. The activation function is usually a function with a degree greater than 1 in some parts and curvature when drawn [16], such as the most common Relu function and Sigmold function. The neural network layer where it is located is called the activation layer, which maps the input of the previous layer through a nonlinear function and outputs the results to the next layer. By activating functions, the network's ability to extract and summarize complex information from data is enhanced.
The back propagation algorithm is the foundation of training neural networks, which usually consists of four steps: calculating the loss function, calculating the gradient value at the output layer, back propagation to the hidden layer, and updating the hidden layer weights [17]. The loss function is a differentiable function used to calculate the difference between the predicted output of a neural network and the true value. The output of the function is used to calculate the gradient value of the backpropagation process. The gradient value determines the magnitude and direction in which each weight value in a neural network should change. The larger the gradient value, the greater the magnitude of the change in the weight value. By continuously executing backpropagation algorithms on the neural network, the weight value of the network will be continuously optimized, making its output more approximate to the true value.
The application range of neural networks is very wide, such as in speech recognition and translation, where the seq2seq model [18] plays a very important role. This type of model can transform a sequence of any length into another sequence of any length. And graph neural networks [19] can handle graph structured data, which enables them to be applied in fields such as user profiling, point cloud segmentation and classification. 
2.1 Building Reconstruction based on Conventional machine learning
The input of Building reconstruction is usually original sensor data, such as indoor point clouds, pictures, etc. The output is a 3D or 2D representation of the building. Building reconstruction using conventional machine learning methods is usually based on image processing methods to pre-process data, and treating building reconstruction as an energy minimization problem for reconstruction. The results of reconstruction usually can be divided into two types, a 2D floor plan image or a three-dimensional model. The reconstruction of floor plan based on conventional machine learning is usually completed through line segment detection and combination optimization. As solution proposed by Budroni A et al [20], they first use histograms to count the normal vectors and other features of each point in the point cloud, and use them to determine the two main directions of indoor walls. Then, they detect and segment the point cloud of each wall in these two directions, and segment the floor and ceiling based on the z-axis point cloud distribution histogram. Finally, the plan divides the ground point cloud into multiple cells based on wall lines, and determines which cells are valid based on the number of floor points in each cell, ultimately determining the shape of the floor, that is, the shape of the room. The calculation speed of this solution is fast, but it needs to be based on a certain Manhattan assumption, that is, the orientation of the wall is only two directions and be vertical to each other. In addition, this solution cannot model some indoor decorations like door or sofa. The new scheme proposed by Aron Monszpart et al. [21] effectively solves these two problems. They first extract the plane point clouds and project them to a X-Y plane to obtain the initial indoor wall line segments, then generate a set of candidates for each line segment. Finally, based on the set plane arrangement rules, they select a set of optimal line segments from the candidates to form the final floor plan. This optimization-based solution can not only model walls, but also detect the contours of some indoor objects and model them. Meanwhile, it does not have the limitation that all walls only can have two orientations. Lladós J et al. [22] proposed a novel indoor floor plan reconstruction solution: the input of this solution is a hand drawn indoor floor plan, while the output is a standardized indoor floor plan. This solution models the wall and interior components separately based on the characteristics of hand drawing. Using feature detection technology to detect and draw wall edges, and matching between hand-painted indoor components and model database was achieved based on subgraph isomorphism algorithm. Finally, the solution combines the two to generate a standard 2D floor plan that can be stored in computer. The efficiency of this scheme is high, but there are high requirements for the standardization of hand drawing.
Due to the fact that building’s 3D models typically contain more information than 2D floor plans, the reconstruction of the former one is often much more complex than the reconstruction of the latter. However, its early-stage work is similar to the reconstruction of a 2D floor plan. Such like the work of Adan A and Huber D [23], the process of reconstructing an indoor 3D model from point cloud is divided into four phases: firstly, they project a point cloud onto a two-dimensional plane and use Hough transform to segment the point clouds of walls, ceilings, and floors separately. Then, for the point cloud projection of each wall, ray tracing and occlusion markers are used to determine which pixel positions are occluded and which are blank. After that, a machine learning based approach is used to detect the opening of the wall from the labeling results in the previous step. Finally, the hole filling algorithm is used to reconstruct the wall opening and ultimately a 3D model of the entire room is generated based on the result calculated before. The advantage of this solution is that it can solve the problems of point cloud occlusion and data loss while generating wall openings. However, this solution is limited to reconstructing rooms with simple geometric shapes, and the opening detection algorithm is easily affected by window decoration. Jung J et al.'s scheme [24] is also based on a similar design. They first determine the positions of the ceiling and floor using a z-axis point cloud statistical histogram, and project the point clouds of the ceiling and floor onto a binary map. They use an image processing algorithm to obtain wall boundaries and refine them through regularization. Finally, each wall’s point cloud is separated through this method are projected onto the plane, and the contour of the openings is determined and refined through boundary tracking algorithm, and in the end a 3D indoor model with openings is generated. The improvement of this scheme in wall refinement and other aspects makes its results better than previous work, but there are still problems such as the inability to model complex structures and the modeling of opening can be easily affected by noise. 
In addition to the planar detection method in image processing, patch selection based on optimization functions is also one of the commonly used techniques for building’s model reconstruction. The work of L Nan et al. [25] reconstructed the polygonal surface manifold model of a building from a point cloud of a single building. This scheme first used the RANSAC algorithm to extract a set of planes from the point cloud, and then transformed the selection problem of planes into a binary linear programming problem through the design optimization function. Finally, an optimizer was used to calculate the optimal set of planes that together form the exterior contour of the building. This scheme can effectively model buildings with complex contours, and can still work even the input has a large number of outliers and missing data. However, this scheme is unable to model the indoor structure of the building, and due to the optimization problem is actually a NP problem, its calculation complexity of this solution is high and thus cannot be used for reconstruction of large buildings. The work of J Du et al. [26] also has a similar design, with the goal of reconstructing the LoD1 model at the city level. This scheme is based on clustering algorithms to separate the point clouds of each building in the city. For each building, the outer and inner contours are detected through 2D projection and AlphaShape algorithm, Then, the contours are transformed into an appropriate line segment set using optimization functions. Then, the line segment set are optimized through some post-processing method to form a building ‘s contour that can be used for modeling. Finally, a complex city model composed of a large number of simple building models is obtained. This scheme is suitable for large city’s reconstruction, but the detection of its internal contour is easily affected by missing data, and the precision of model is low.
In summary, although the results of indoor reconstruction based on image processing and conventional machine learning methods are relatively accurate, there are also significant problems: firstly, these schemes are greatly affected by the effectiveness of image processing algorithms, resulting in less accurate reconstruction under some data. Secondly, the reconstruction rules of these schemes are mostly manually designed, which can to some extent increase the accuracy of the generated model, but also limit the type of reconstruction model and have certain requirements for point cloud quality. Finally, reconstructing indoor models based on optimization usually takes a long time to calculate the optimization function and adjust the model. This makes these schemes unsuitable for some reconstruction tasks with high real-time requirements.
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With the development of deep learning and the increasing number of indoor model datasets, scholars studying indoor reconstruction have begun to attempt to use neural networks to replace some manually designed components. Firstly, neural networks need to have the ability to understand data. For data types such as images, video sequences, and point cloud projections, mature architectures such as CNN and 3DCNN [27] can be used to extract input features and transform them into a vector containing overall information. In the work of Liu C et al. [6], CNN was used to learn the density map formed by 2D projection of point clouds to enhance the local space determine ability of the entire room. Thiemo Alldieck et al.[28] also use a feature extractor neural network to extract features from images, and combined other information input into subsequent networks to generate the overall 3D model. The LayoutNet proposed by Zou C [29] and others is an indoor model generation neural network based on panoramic images. It learns panoramic images through CNN and detect boundaries and intersections of wall and floor. Finally, it generates the layout of the entire room based on the information learned before.
However, due to the limited information provided by RGB images or videos regarding the position of objects, many 3D reconstruction works are based on RGBD images or point clouds. For point cloud type data, neural networks need to consider the invariance of their arrangement. The PointNet proposed by Qi CR et al. [30] is a neural network specifically designed for processing point clouds. This architecture takes the coordinates of all points in the point cloud as input, learns an affine transformation matrix through T-Net and MLP, and converts the input point coordinates into a set of feature vectors. Then, through the maximum pooling operation, the feature vector is fused to form a global feature vector of the point cloud. Due to PointNet's overly general presentation of features, Qi CR et al. [31]  proposed PointNet++on this basis. It achieves a balance between local and global features of point clouds in the extraction process through a multi-level feature extraction structure, enabling it to perform better in learning complex scenes. In indoor reconstruction, Wang T et al. [32] introduce this neural network architecture into the 3D reconstruction of indoor point clouds. They used a neural network similar to PointNet++ to complete the segmentation and classification of rooms, and then modeled the point cloud of indoor furniture and the point cloud of walls and ceilings separately. This scheme can achieve good modeling results, but due to its furniture point cloud reconstruction method being to query the model database and find the closest model, it has significant limitations. The IM-NET proposed by Z Chen et al. [33] can transform feature encoding from PointNet into an indoor implicit field model, and convert it into a grid model through certain post-processing.
There are many types of output results for indoor reconstruction, and the most common and intuitive output is a 3D model. The model output method based on 3D voxels is one of the common reconstruction methods. Voxel refers to a fixed 3D grid map, and neural networks can be used to predict the occupancy probability and shape of the model within each voxel, and ultimately combine the predicted results within each voxel to form a comprehensive model. The TL-embedding network proposed by Girdhar R et al. [34] learns voxel representations of three-dimensional shapes through the architecture of the encoder-decoder and CNN, and can ultimately be used to generate corresponding voxel models based on images. The Deep Marching Cubes proposed by Liao Y et al. [35] embed the Marching Cube algorithm in the decoder section into 3D-CNN in the form of a neural network. By predicting the geometric and topological structures of the model separately, the network has the ability to learn more complex models. The prediction results are based on a certain voxel architecture. In indoor reconstruction, RevealNet [36] by Hou et al. takes RGBD images as input and learns the 3D geometric and color features of the images through the structure of 3DCNN. After combining the two, they are fed into an encoder-decoder backbone, ultimately predicting the complete 3D geometric shape and category labels of the entire object. The essence of its geometric shape prediction is to predict the occupancy probability of the shape within each voxel.
The output method based on 3D voxels is relatively simple and intuitive, but due to the predetermined framework and quantity of voxels, the final output model accuracy will be affected by voxel accuracy. Moreover, due to computational limitations, neural networks within the voxel framework cannot generate more complex 3D models. In recent years, scholars have proposed using implicit fields to reconstruct 3D models. An implicit field is a 3D field used to represent a shape, where the value at the position inside the shape is 1, and the value at the position outside the shape is 0. The input of neural networks based on implicit field prediction is usually the overall feature vector of the shape and a specific position encoding, while the output is a value in the range of [0,1], used to represent the probability of the position inside and outside the shape. Finally, through certain post-processing, the implicit field predicted by the neural network can be transformed into a specific grid model[33]. As proposed by Z Chen et al. in BSP-NET [37], this architecture uses a three-layer neural network to gradually obtain the entire complex shape implicit field by predicting and combining basic implicit fields, and ensures that the predicted results can still have sharp features after post-processing. Peng S et al. [38] combined CNN with implicit field prediction networks to achieve better performance of the final output implicit field. In terms of indoor reconstruction, Guo H et al. [39] used implicit field neural networks as the core, and based on the Manhattan hypothesis, reconstructed the 3D indoor scene through multi view images. Zhu Z et al. [40] proposed NICE-SLAM based on implicit field neural networks, which can reconstruct large indoor scenes based on the robot's motion trajectory and a series of depth map sequences on that trajectory. Neural networks based on implicit fields can achieve arbitrary accuracy in the final output model without requiring high computation demand. However, due to the inherent characteristics of implicit fields, the final output model surface may be relatively smooth, so this is not a good solution for indoor 3D model reconstruction that requires high sharp features like the intersections of wall and floor.
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The reconstruction of floor plan is a branch of indoor reconstruction. Unlike 3D reconstruction, floor plan reconstruction is the reconstruction of an indoor structure on a 2D plane. This feature makes the prediction results of such schemes based on deep learning architecture mostly a set of polygons used to represent the shape of each room. Due to the fact that the floor plan is a 2D image, the input data is mainly a bird's-eye density map of point clouds. The early applications of deep learning in floor plan reconstruction were mostly for room segmentation, such as Floor-SP proposed by Jiang Chen et al. [41]. This scheme uses Mask-CNN to segment the density map of point cloud at the room level. For each segmented room shape, optimization formulas are set and optimization algorithms are used to determine the corresponding polygonal structure of the room. Finally, each polygon is combined in a reasonable way through loop merging to form the final room plan. The MonteFloor proposed by Sinisa Stekovic et al.[42] is also based on a similar scheme: this scheme uses neural networks to perform basic room segmentation and extract the shape of each room. Then, an optimization algorithm based on Monte Carlo Tree Search (MCTS) is used to merge and optimize the shape of each room, and in the end generates the floor plan of density map. The above two methods only use deep learning as a method to segment room on a point cloud density map, and most of their processes are still based on conventional machine learning. With the emergence of new neural network architectures with various inputs and outputs, some floor plan reconstruction   solution based mostly on deep learning and even end-to-end training have been proposed. Such as FloorNet proposed by Chen Liu et al[6]. This neural network can convert an RGBD video of a large indoor space into a pixel level indoor semantic feature map, and generate the final floor plan through certain post-processing. The neural network architecture of this scheme consists of three branches: a network based on PointNet++ for understanding 3D point cloud information, a network based on CNN for understanding 2D density map and predicting indoor semantic feature image, and a network based on CNN for understanding image information at specific locations. Three neural networks fuse information through pooling operation and ultimately output pixel level semantic maps containing indoor structural information. This scheme can provide a self-learning floor plan generation architecture, but its structure is relatively complex and requires a variety of input information, which poses certain difficulties for its training. Meanwhile, the final floor plan still needs to be obtained through post-processing on network’s output. Another solution proposed by Jiang Chen et al. in recent years, HEAT [43], is based on another neural network architecture. This scheme uses a CNN to obtain a multi-layer feature map of a 2D density map, and fuses the corner position information detected by the corner detector on the density map with the feature map as input to two Transformer decoders with shared weights. The final output is an indoor structural plan composed of corner sequences. The input data required for this scheme is relatively simple and the training speed of it is faster than FloorNet, but it still uses conventional machine learning methods in the detection of candidate corners.
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The method used in this report is based on machine learning. Machine learning is a type of algorithm that let the machine has ability to autonomously extract features from datasets and generate expected results by designing reasonable training and processing methods. The scheme design under this type usually involves the selection and processing of datasets, the methods of machine learning, and the visualization scheme of the training process. 
In terms of dataset selection, as mentioned earlier, I used Structured3D as the dataset for machine’s training, validation, and testing. Structured3D provides the panorama of indoor structure of multiple rooms, as well as the corresponding floor plan. Compared to datasets with single room indoor structures, multi-room datasets can enable machine to learn the correlations between rooms, thus making their application scope more extensive. On the other hand, the floor plan of each panorama can provide groundtruth for machine learning, which is the ideal result of output and can be used to adjust machine learning models. More importantly, the machine learning model prototype this article based on also uses this dataset for training. Using the same dataset can be helpful for the comparison of prototype and reflect the advantages and disadvantages of the improved scheme in this article.
In terms of specific algorithm selection for machine learning, I use neural networks as the basic algorithm for the project. Compared to other machine learning algorithms, this algorithm does not need to design specific feature extraction methods, but only needs to set a learning framework and data structure, which allows for higher degrees of freedom in its input and output, and the learning process is closer to humans. This framework is trained based on backpropagation. The neural network I use mainly consists of two mature architectures: ResNet50 and Transformer, which I will introduce in the following text. I recorded the changes in the loss values of the model on the training and validation sets after each round of training to demonstrate the effectiveness of the training process. In the evaluation phase, I use the test set as input to the model and compare the results with groundtruth. The comparison consists of two parts: in the quantitative part, three indicators were used: corner validity, corner position, and IOU. Precision, recall, and F1-score are used to quantify the indicators and analyze them. In the qualitative section, the differences between visualized groundtruth and predicted floor plan are detected and analyzed. The operations of this section will be explained in detail in Chapter 5.
[image: ]
Fig. 3 Examples of Structured3D rendered panoramic images[9]
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Due to the need for neural networks to have the ability to understand 2D density maps calculated from point clouds, a neural network capable of processing 2D data is needed, and one of commonly used is convolutional neural network (CNN). CNN is a feedforward neural network that can extract features from 2D data through convolution and output feature maps [44] . A convolutional kernel is a weight matrix used to aggregate information from a certain area of 2D data in a weighted addition manner, and project the information to a pixel. Convolutional operation refers to the process of scanning the convolutional kernel over the input 2D data and mapping the results of each calculation to the corresponding pixels on the output feature map. Convolution is a commonly used feature extraction method in image processing. In CNN, the weights of convolutional kernels do not need to be manually set, but are self-learning by neural networks to achieve ideal feature extraction results. In addition, compared to traditional full connection network, CNN has several advantages. Firstly, in CNN, each neuron does not need to connect to all neurons in the previous layer, which is called local connection. This connection method can accelerate the convergence of neural networks. Secondly, for certain group of neurons, the weight matrix used for their output may achieve similar results, such as the weight of the convolutional kernel being generally invariant during a feature extraction process. Therefore, a set of connections in CNN can share weight parameters to reduce training parameters and accelerate training speed, which is called weight sharing. Finally, in order to simplify the output data and reduce the complexity of neural network, CNN adopts down-sampling to reduce the size of output feature map while remaining more useful information as possible, which is also called pooling. In addition to the advantages mentioned above, in recent years, various new component structures have been proposed to enhance the learning ability of CNN. For example, expansion convolution uses zero value to fill convolutional kernel, which can expand the receptive field of the convolutional kernel without increasing computational complexity [45]. What’s more, deformable convolutions can learn different position features in an image in a better way by changing the architecture of convolutional kernel [46].
The explosion or vanishing gradient problem (EVGP) is one of the biggest obstacles faced by deep learning. Gradient vanishing refers to the problem where the gradient propagated to the upper part of the neural network is too small or too large due to the accumulation of multiple derivative operations as the number of backpropagation layers increases. A too small gradient can lead to slow or even stagnant convergence speed of the front part of the deep neural network, while a too large gradient can cause oscillations in the weight values of the neural network, making it difficult for the entire neural network to converge [47]. This problem makes the training result of neural networks worse as the number of layers increases. The current mainstream methods for overcoming EVGP can be divided into three categories. The first method is to use appropriate neural network initial weights, such as using the orthogonal weight matrix or Gaussian distribution weight matrix with appropriate variance as the initial weight. The second method is to choose an activation function that can stabilize the gradient during backpropagation, such as the Relu function. The last approach is to use a neural network architecture that can control the backpropagation gradient, such as using batch normalization layer to normalize all outputs of a certain layer within a certain Gaussian distribution. The residual connection that will be introduced next belongs to the third type.
Residual connection [48] is a way to simplify network training. Assuming that the input of a certain part of the neural network is x, and the output processed by that part is F(x), and the residual connection structure can make the input transmitted to the next part to be F(x)+x. This simple structure makes the neural network more sensitive to changes in loss values, thus solving the training problem of deep networks. In recent years, research [49] has explained from a deeper perspective why residual connections can work. Research has shown that the main reason for the poor training performance of deep neural networks is network degradation, which means that certain weight matrices may not play a role in the neural network, but instead make the overall training performance of the model worse. Enhancing the ability of weight matrix learning identity mapping can enable neural networks to ignore the existence of partial weight matrices as much as possible. The residual connection is the structure that enhances this ability, because for neural networks, learning F(x)=0 is much easier than learning F (x)=x. Residual connections enable neural networks to achieve deeper depth and better learning outcomes, and one of CNN architecture based on this structure is ResNet50.
ResNet50 [48] is a deep learning model composed of 50 convolutional layers, combined with residual connections, pooling, and batch normalization structures. Bottleneck is a convolutional layer combination structure in ResNet50, which consists of at least two convolutional layers with a kernel size of 1 * 1 and one convolutional layer with a kernel size of 3 * 3, and has a residual connection structure. This structure helps to reduce the number of model parameters and enables the model to have ability to capture image detail information. ResNet can be divided into five stages, with the exception of the first stage, which plays a role in image preprocessing, all other stages are composed of several bottleneck structures. Each stage will output a feature map, and as the number of stages increases, the size of the feature map will continue to decrease, while the number of channels at each pixel position will gradually increase. Finally, the model will output a feature map with a size of 7 * 7 and a channel count of 2048. ResNet50 is one of the most common CNN architectures and is widely used in various fields such as image classification due to its excellent learning ability. The network used to process point cloud density maps is ResNet50.
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Fig. 4 architecture of Resnet50, BTNK1 and BTINK2 are different CNN architecture with residual connection
[bookmark: _Toc145365389]Transformer 
In the section of generating corner sequences for indoor polygons, I use Transformer as the generator. Transformer is a seq2seq model. Seq2seq is the general term for Sequence-to-Sequence Learning Models, which refers to models that generate an indefinite length sequence through processing, using an indefinite length sequence as input. It is mainly used in the work of Natural Language Processing (NLP) [18]. Usually, the information of a sequence is divided into multiple parts, each of which serves as a separate input. One of the most classic models in this type is Recurrent Neural Network (RNN), which divides the input of each iteration into two parts: the sequence part of the current input and the output of the model from the last iteration. In this way, RNN achieves each output can consider all information learned in before iteration and this iteration, thus achieves the input and output sequence can be any length [50]. With the development of NLP technology, different variants of RNN have also been proposed, such as LSTM [51], which achieves long-term information storage through a storage unit, a memory gate, and a forgetting gate on the basis of RNN, thereby improving the long-term memory ability of RNN.
The self-attention structure is one of the most important structures for improving the context connection ability of the seq2seq model, and it is also the foundation of the Transformer architecture. This structure will obtain the data of the entire input vector sequence and output a vector with contextual information for each input vector. Each vector will be input into three MLPs separately and generate three feature vectors: Query, Key, and Value. For a specific input vector, its query vector is multiplied and normalized with its own and other key vectors to obtain the correlation between this input vector and other input vectors. Finally, the value vectors of this input vector and other input vectors are multiplied by their corresponding correlations, and the results are added together to obtain the output vector with contextual information corresponding to this input vector. Compared to traditional RNN, the processing of self-attention architecture can enable the output to simultaneously connect the information in the preceding and following text, and the meaning of each step of the calculation process is also clearer. Finally, the output process of the self-attention architecture is parallel, so its computational efficiency is higher than that of RNN. There are many variants of self-attention architecture, such as multi-head attention architecture, where each input vector corresponds to multiple sets of queries, keys, and values. Intermediate results are calculated between the corresponding groups of each input vector, and finally the results are concatenated and multiplied by an output matrix to obtain the final output vector. This approach can effectively help self-attention structure learn the information of input sequences at different levels. What’s more, in the cross-attention structure, the keys and values under this structure come from another knowledge vector set, and the input vector set only provides query vectors. In this way, information fusion between different knowledge sets can be achieved in a self-attention architecture, and the structure and size of output results can be specified.
Due to the parallel computation feature of the self-attention architecture, it is necessary to add position encoding to the input to reflect the positions of various elements in the sequence, which can avoid different input sequence bringing same output. There are many ways of position encoding, and the most common one is sine position encoding, also known as absolute position encoding, which represents the position of an element by combining the alternating calculation results of a regular sin and cos function. The dot product of this encoding vector can reflect the distance between two positions, and its dot product result is undirected. In addition, there are also methods such as relative position encoding and learnable position encoding. Transfomer use sine encoding as its position encoding.
Based on the above architecture and algorithms, Ashish Vaswani et al. proposed the Transformer architecture [52]. Transformer is an encoder-decoder architecture, which uses encoder to extracts features from input information and generates intermediate vectors, and use decoder to learn information and output the final result. In the Transformer architecture, the goal of encoder is to convert a sequence of vectors with positional encoding into a sequence of vectors of the same length with contextual information. The Transformer uses a multi-head attention structure and a FNN to form the part of its encoder, and uses skip connections and BN layers to enhance its learning ability. The decoder section is composed of multiple blocks connected in series, and the main structure of each block is also a self-attention structure. The input of the decoder is initialized and position encoded data with required structure. After multi-layer block processing, the decoder predicts the result with required structure. In other words, the prediction process of the entire decoder can be seen as a process of iteratively adjusting and optimizing the input, and ultimately outputting the optimization results, with each block representing one adjustment. In more detail, in each block, the data from the previous block will first undergo a multi-head attention structure for the learning of relationships between each element, followed by a cross multi-head attention structure to learn the information from the encoder. Finally, an FNN is used to adjust and output the prediction results of the layer. At the same time, skip connections and BN layers are also used in each block to enhance their learning ability. The advantage of Transformer is that it is a seq2seq model that based on self-attention architecture, which makes its computational efficiency higher and the output more accurate. At the same time, Transformer has a wider range of applications. It can not only be applied to NLP projects such as speech and text conversion, but also exhibits excellent performance in computer vision projects such as object recognition and image classification. This is also why it is a component of the neural network in this article.
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Fig. 5 architecture of Transformer [52]
[bookmark: _Toc145365390]others
The programming language used in this project is Python, an efficient interpretive language and one of the commonly used languages for machine learning. The main programming library used in this article is Pytorch, which is an open-source Python machine learning library that provides complete neural network related functional functions and data structures. More importantly, it supports the use of GPU for computation, which greatly shortens the time required for training and testing. In addition, this project also uses OpenCV as a visualization tool and Wandb as a tool for recording the training process. Due to budget constraints, the hardware used in the calculation process of this project is an i5 processor and a single RTX 4060Ti GPU with 8GB of memory. Due to time constraints and the fact that this project is based on the improvement of another model, the development process of this project only uses a simple waterfall model, that is, one-time scheme design, coding and testing.
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Fig. 6 time arrangement
[bookmark: _Toc145365391]DESIGN AND IMPLEMENTATION
[bookmark: _Toc145365392]pre-processing
I use the Structured 3D dataset [9] as the training and testing dataset for neural network. This dataset consists of approximately 196k RGBD indoor panoramic images of 21835 rooms in 3500 indoor scenes, and each set of indoor scene data includes corresponding floor plan structures, room semantic annotations, camera positions, and other auxiliary data. The dataset is generated through extracting original room data, modeling them and projecting them to panoramas. Each indoor scene data contains three different types of indoor RGBD panorama in a same indoor structure, called empty, simple, and original data. Among them, empty data does not include interior decoration and furniture. Due to the fact that floor plan reconstruction often occurs during this stage, the dataset is constructed based on the indoor panoramas under the empty type.
The generation of a 2D density map of point clouds can be divided into three stages: generating indoor point clouds from RGBD panoramic images, down-sampling and segmenting the point clouds, and finally projecting them onto a 2D plane in a specific way to obtain their density map. Due to the fact that the indoor RGBD panorama is obtained by sampling the indoor area with a spherical camera, the indoor point cloud corresponding to one panorama can be obtained through the inverse process of spherical projection. In more detail, when the initial angle of the camera is known, each pixel in the indoor panorama can corresponds to a point in the reconstructed point cloud. The distance from a pixel to the camera can be determined by its depth, and the angle of its connection to the camera relative to the XY plane can be calculated from the initial angle of the camera and the position of the pixel in the panorama. After obtaining the above two data, the relative position of the point centered on the camera can be obtained through inverse spherical projection, and then combined with the initial angle and position of the camera to obtain the absolute position of the point in indoor space. The algorithm repeats the above operation for each pixel on one panorama to ultimately obtain the indoor point cloud corresponding to that panorama. Finally, by Registering the point clouds generated from multiple panoramic images according to the position of each camera, an indoor scene point cloud can be obtained.
Due to the large amount of point cloud data in the entire indoor scene, in order to accelerate subsequent processing speed, it is necessary to down-sampling the point cloud to reduce the data size while preserving the indoor contour. The method of down-sampling is based on voxel, which means that points within a specified voxel are grouped into one point. The indoor point cloud obtained after the above operation will comply with some Manhattan assumptions, that is, its floor and ceiling are parallel to the X-Y plane, the walls are orthogonal to the floor, and most of the walls are parallel or perpendicular to the X-Z plane. Therefore, the Z-value range of the point cloud can be used as the height for the entire indoor model, and indoor point clouds can be segmented equidistantly along the direction of Z-axis to obtain slices of it at different height parts. The number of slices set in this article is 5.
For each point cloud slice, the density map of the point cloud on the X-Y plane is obtained by projection. The simplest density map calculation method is to evenly divide the X-Y plane within the range of point cloud’s volume into voxels according to the resolution ratio, and count the number of points within each voxel. Finally, using the value with the largest number of points among all voxels as the denominator, the grayscale on the image corresponding to each voxel is obtained through normalization, and the final 2D projection density map of the entire point cloud is output. However, this approach brings some problems: (1) The grayscale value corresponding to each voxel is only related to the number of points within the voxel. Due to the issue of panoramic image sampling, this can cause the final output image to exhibit moire pattern, which can affect the quality of subsequent training. (2) Each point within a voxel has the same contribution to the grayscale of that voxel, which can cause significant jagged edges in the generated image. To solve the above issues, I use the method of generating Gaussian weight density maps instead of traditional statistical schemes. In more detail, for discrete points in a voxel, their contribution to the voxel’s grayscale are varies. The closer the point is to the center of the voxel, the greater its contribution, while the contribution of a point located at a 2D position to the voxel grayscale value is obtained through a 2D Gaussian distribution function with the voxel center position as the function’s center. What’s more, in addition to the points within the voxel, the points in the surrounding voxel also contribute to the grayscale value of the voxel, and the calculation of the contribution of each point also follows the above distribution function. Finally, by normalizing all voxels in the entire voxel network, the grayscale of each pixel is obtained, resulting in a more reasonable and clearer 2D projection density map of the indoor point cloud.


To solve the above issues, I use the method of generating Gaussian weight density maps instead of traditional statistical schemes. In more detail, for discrete points in a voxel, their contribution to the voxel’s grayscale are varies. The closer the point is to the center of the voxel, the greater its contribution. What’s more, in addition to the points within the voxel, the points in the surrounding voxel also contribute to the grayscale value of the voxel, and the calculation of the contribution of each point also follows the above distribution function. As the function (1) and (2) above, for a pixel pi, I firstly find the point set Di which include the point inside this voxel and its surrounding voxel. for a point di inside D, calculate its distance to the center dcenter，and use it as the input of a suitable Gaussian distribution function, and got its weight. Then, Add the weight of each point together as the weight of voxel pi. Finally, I normalize D(pi) and get the grayscale D(Pi) of the voxel pi. 
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Fig. 7 flow chart of the pre-processing
[bookmark: _Toc145365393]the architecture of neural network
The overall architecture of the neural network is based on RoomFormer [8], which mainly consists of two types of neural networks: ResNet50 for extracting image features and Transformer for understanding image information and outputting polygon architectures.
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Fig. 8  architecture of neural network
As mentioned earlier, the main function of ResNet50 is to extract pixel level feature maps from density maps. Unlike RoomFormer, I replaced single-layer density maps with a combination of multi-layer density maps as input to ResNet50. This is because the single-layer density map is a statistical result of the entire point cloud, and it cannot display the details of various levels inside the room. The use of multi-layer density maps can provide more information on the internal structure of a room for the learning of neural networks, thereby making their output results more accurate. The input to the Transformer is not a single feature map, but rather L multi-scale feature maps of different sizes, which come from the output of each stage of the ResNet50 backbone. This can enable the Transformer to learn information about density map sets at different feature levels. Each feature map is flattened into a feature sequence. Finally, the flattened feature map is connected and becomes the input of the Transformer.
In order to reduce computational complexity, the neural network adopts the deformable attention used in deformable DETR [53]. In more detail, for each query element, deformable attention is masked to only focus on a set of key points around the reference point, rather than all elements on the feature map. Multi scale deformable attention is applied to the encoder and decoder of Transformer to enhance its encoding context ability while reducing the computational complexity of the neural network.
The input of the Transformer encoder section is a multi-scale feature map from the ResNet50 backbone, and the output is an enhanced feature map of the same size. Each encoder layer consists of a multi-scale deformable attention module and an FFN. In the attention module, key, query, and value all come from the pixel features of the multi-scale feature map. The 2D positions of pixel features on the corresponding feature map are represented using sine encoding, while the level at which they are located is represented using learnable position encoding.
The Transformer decoder consists of a series of multiple blocks, each consisting of a self-attention module, a multi-scale deformable cross attention module, and an FFN. Each block receives enhanced feature maps from the encoder and polygon query results from the previous layer. It learns the interaction relationship between each polygon and individual polygon corners through the self-attention module, and then learns feature map information through the cross-attention module. Finally, the learned content is output through FFN in the form of corner validity labels and coordinate positions. After multiple iterations, the Transformer outputs the final polygon prediction result.
The prediction problem of floor plan is modeled as a prediction problem of a set of polygon sequences, and for each polygon, it can be modeled as a prediction problem for a sequence of corner sequences. Specifically, the polygon query of the entire indoor space can be seen as a 3D vector of size M * N * k, where M represents the maximum number of indoor polygons, N represents the maximum number of vertices per polygon, and k represents the characteristics of each vertex. Each vertex in each polygon’s vertex sequence is sequentially connected to form a single polygon, and multiple polygons are ultimately combined to form the structure of the indoor floor plan.
The query in the decoder is divided into two parts: query D for corner validity, and query Q for corner position. The different number of polygons and the different number of corners of a polygon are achieved by classifying the corners as valid or invalid, and the validity of the corners is determined by Di. The main output of each layer of the decoder is Di, and Qi is embedded into the query and key of the self-attention module and the query of the cross-attention module after position encoding and MLP processing, and is input as reference information into the cross-attention module. Finally, the output Di of the block is transformed to gradient form after MLP processing, and be used to refine corner position Qi and make it to be the input Qi+1 of the next layer. The initial values of D and Q follow a normal distribution.
The advantage of this scheme is that it achieves end-to-end neural network training, which can directly obtain room polygons based on the output results, thereby generating indoor floor plans without the involvement of manually constructed components.
[bookmark: _Toc145365394]matching method and loss function
The output of the Transformer is a fixed number of M polygons, with each polygon containing a fixed number of N vertices (including invalid vertices). And groundtruth contains any number of polygons with any number of vertices. Therefore, before calculating the loss function, it is necessary to determine the correspondence between each predicted polygon and the polygons in groundtruth through polygon matching, as well as the correspondence between vertices in the polygon, in order to achieve end-to-end training of the network.
The matching process is divided into two levels: set and sequence levels. Firstly, in order to achieve one-on-one comparison and calculation, it is necessary to fill the groundtruth. The solution fills each polygon sequence of groundtruth by adding invalid vertices to achieve a length of N. The coordinate term of each invalid vertex is a fixed value, and its valid probability term is set to 0. Then, by filling in invalid polygons, the number of polygons in groundtruth reaches M, and each invalid polygon is composed of N invalid vertices.


The matching process can be seen as the process of finding the best binary match between groundtruth and prediction results, that is, the process of minimizing cost. This process can be represented by function (3). D represents a measure of difference of the polygon Vm in groundtruth and the predicted polygon whose corner sequence is arranged in the way of σ (m). Since each polygon can be viewed as a sequence of vertices, cost can be calculated at the sequence level, like function (4). It can be seen as the sum of weights for a series of vertex validity differences and coordinate position differences. The values of validity difference and position difference are calculated through the L1 distance function. The scheme calculates all possible difference values and searches for the smallest result as the best matching result.




After matching, each term in the prediction result can have a corresponding groundtruth, so the loss function used for backpropagation can be calculated. The loss function consists of three terms: vertex label classification loss, vertex coordinate loss, and rasterization loss. Vertex label classification loss is the difference between calculating vertex validity and its groundtrth validity, calculated using the standard binary cross entropy, as shown in formula (5). The calculation of vertex coordinate loss is similar to the calculation of the matching process, which represents the loss by the L1 distance between the predicted position and the actual position, as shown in formula (6). In addition, the Dice loss between predicted polygons and real polygons after rasterization was used to represent the rasterization loss, as shown in formula (7). R represents the process of rasterizing and masking a given polygon. Finally, the overall loss value is obtained by weighting the sum of the three loss values mentioned above, as shown in formula (8). The loss value calculated in this way comprehensively considers the number of vertices in the predicted polygon, the differences in vertex positions and contours between the predicted polygon and the grountruth polygon, thereby making the convergence speed of the entire neural network faster and the result can be more precise.

[bookmark: _Toc145365395]RESULTS AND DISCUSSION
The improved method is trained and tested on Strutured3D. Structured3D contains panoramic views and corresponding floor plans of 3500 houses, which are divided into 3000 training samples, 250 validation samples, and 250 test samples[9]. In the CNN backbone, the three feature maps output from the last three stages are used as inputs to the Transformer. In terms of training, I use the Adam optimizer with the same weight attenuation factor of 1e-4 as the original model, and trained the model for 500 epochs on Structured 3D with an initial learning rate of 2e-4. In the final 20% epoch, the learning rate decreased by 0.1 times. In the loss function, the weight of label loss, coordinate loss, and rasterization loss are set to 2,5,1 separately. Using a single MS-RTX4060Ti GPU with 8GB of memory for training, due to memory size limitations, the batch size for training is set to 4. Finally, Wandb is used to monitor the loss values of the model on the training and testing datasets after each epoch.
 original
improved

Fig. 9 improved density map and original density map
The comparison between the point cloud density map generated using the improved method and the original point cloud density map is shown in the Fig.9. It can be seen that the original method, due to its projection way does not have a clear outline of the room, and the grayscale of the outline varies in different areas. At the same time, there is a phenomenon of truncation in its wall line, which is caused by improper point cloud thinning method. After improvement, the outline of the room can be clearly displayed in the picture, and the wall lines are continuous. This makes it easier for neural networks to learn density maps. However, due to the scanning method, the point cloud density near the scanning center will be higher, which leads to uneven grayscale of each block in the final generated density map. Therefore, I used multi-layer density maps instead of single-layer density maps as input for the CNN section.
(a)
(b)
(c) 
(d)
(e) 

Fig. 10 density map from layered point cloud
[bookmark: _Hlk145344415]The layered point cloud density map is shown in the Fig.10. It can be seen that each map displays different hierarchical features of the room structure while maintaining the basic outline of the room. The contours of the floor and ceiling rooms are relatively clear, but the scanning method affects the uneven grayscale inside the room. The contour of the middle layer is not clear, but it is not significantly affected by the scanning method. In addition, the middle layers can also display different levels of characteristics such as the connection mode of the room. Overall, the layered point cloud density map can provide more information to CNN compared to the single-layer density map, resulting in better learning performance.
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Fig. 11 loss value variation curve
The loss value variation curve on the training set is as Fig.11. The x-axis represents the epoch, while the y-axis represents the loss value under that epoch. It can be seen that as the epoch increases, the loss value first sharply decreases, then gradually flattens out, which is in line with the expectations for the neural network training process. It can be seen that during the intermediate training process, there has been a small fluctuation in the loss value, which may be due to the small batch size. However, due to GPU memory limitations, four is already the max batch size that GPU can handle. It is worth noting that in epochs around 400, there was a sharp decrease in the loss value, which was caused by a change in learning rate. In the last 20% of epochs, the learning rate decreased by 0.1 times, which resulted in a smaller change in the weights of the neural network during each epoch, making the learning of the neural network more accurate.


Fig. 12 overall loss comparison between roomFormer and my method
Due to the overall trend, there is no significant difference between the improved method and the original RoomFormer, so only the change curves of their respective loss values in the last 50 epochs are compared. It can be seen from Fig.12 that the loss value of the original RoomFormer on the training set is not significantly different from the improved version, and in the end, its loss value is even lower than the improved method. However, on the validation set, the loss value of the improved method is generally lower than that of the original method in each epoch, indicating that the improvement of the method has a certain positive effect. Meanwhile, this phenomenon also indicates that the improved method can to some extent alleviate the overfitting of the original method on the training set, which may be due to the larger amount of information input by the improved method.

Fig. 13 loss comparison of each term
The comparison results of the changes in various loss values with epoch in the validation set are shown in the Fig.13. Among them, loss_ ce represents the loss of corner classification labels, loss_coords represents the 2D position loss of corner points, loss_ raster represents rasterization loss. It can be seen that compared to the original method, the change in loss value of the improved method is relatively more stable. This may be due to the clearer density map input of the latter, which reduces the noise in the training set and makes the training process more stable. The improved method has lower overall loss values in each epoch compared to the original method, especially in terms of coordinate loss. This indicates that the improved measures have improved the overall learning ability of the neural network, especially in predicting the 2D positions of corners, making the neural network have stronger performance.
The indicators of the test set are mainly divided into three items: room, corner position, and the angle of each corner. The calculation of the true positive value of a room is achieved through rasterization. Fill the groundtruth polygons and predicted polygons separately in the floor plan, rasterize the results, and set the pixel positions of the filled parts to 1 and the rest to 0. By performing an intersection operation on two 2D matrices, the size of the overlapping area in the plane graph is ultimately obtained, which is seen as true positive value. The true positive values of corner position and corner angle are obtained through threshold judgment. Obtain the matching relationship between the groundtruth and the predicted corner points through the matching method during the training process. If the distance between two corresponding corner points is less than the distance threshold, it is judged that the corner position prediction is correct. The true positive value of corners is calculated by counting the number of correct predicted corners. Similarly, the true positive value of the corner angle is also calculated by setting a certain angle threshold and using the above method. Through the above calculations, the precision, recall, and F1 score of the three indicators can be calculated separately.




	Table. 1 result of testing on test set

	
	My method
	RoomFormer

	Room_prec
	0.937
	0.950

	Room_Rec
	0.933
	0.939

	Corner_prec
	0.849
	0.866

	Corner_rec
	0.838
	0.841

	Angle_prec
	0.779
	0.803

	Angle_rec
	0.769
	0.781

	Room_f1
	0.935
	0.944

	Corner_f1
	0.843
	0.853

	Angles_f1
	0.774
	0.792


The results on the test set are shown in the Table.1. It can be seen that the performance of the improved method on the test set is not ideal, and its effect is worse than the original roomFormer. This contradicts the previous comparison results on the validation set. On the one hand, this may be due to differences in the calculation standards of loss value and evaluation term. On the other hand, it may also be due to differences in the data distribution between the validation set and the test set. As the improvement effect is not very obvious, there are also differences in performance on different data distributions. It can be seen that compared to precision, the recall values of various evaluation indicators are closer to the original version, indicating that the improved method has little difference in prediction completeness compared to the original version, but has decreased accuracy.
(a) Groundtruth
(c) My method
(b) RoomFormer

Fig. 14 floor plan comparison
In the Fig.14, from left to right are the output results of groundtruth, the original RoomFormer, and my improved method. It can be seen that due to the richer input information, the neural network has also deepened its understanding of the details of room layout, resulting in more accurate output. However, in some depth map transformations with missing data and strong noise, the improved method has shown poor performance. This may be due to the increase in input information deepening the neural network's understanding of the relationship between plane maps and depth maps, resulting in a greater impact of missing data and strong noise on the output results.
[bookmark: _Toc145365396]CONCLUTIONS AND RECOMMAENDATIONS
This article provides a method for converting point cloud projection density maps into indoor floor plans based on deep learning. This method is based on the architecture of RoomFormer and uses CNN backbone and Transformer to predict the corner sequence of multiple indoor polygons. On this basis, this article proposes a new projection method and CNN architecture to improve the problem of insufficient input information in the original method. Compared to the original version, the method proposed in this article showed good performance on the validation set, but did not perform well on the test set. In terms of output results, the neural network trained in this article demonstrates a stronger ability to understand room layout details.
From the results, there are three main problems in generating indoor floor plans: 1. Excessive or insufficient corner prediction. 2. There are intersections between rooms or within the rooms themselves. 3. There are too many or missing rooms. In subsequent work. It is planned to address these issues by improving the loss function, such as adding constraints to the Manhattan assumption to make the layout of the room more standardized. Or improve the output structure by changing the prediction results from corner sequence to edge sequence, etc.

[bookmark: _Toc145365397]REFLECTION
Looking back at the entire project process, I have done my best to complete this research. Nevertheless, I still have shortcomings in some areas. In the early stages of the project, I spent too much time learning the relevant theories of neural networks, but neglected practice, which made it quite difficult for me to modify the neural network architecture later on; In the mid-term, due to some reasons, I revised the research objectives of my own project, which invalidated some of my previous studies. In the later stages, my testing method still had some shortcomings, but time no longer allowed me to make more attempts. I will learn from these lessons and plan my time in a more reasonable way in future research. 
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