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Abstract

:

In contemporary society, “Indoor Generation” is becoming increasingly prevalent, and spending long periods of time indoors affects well-being. Therefore, it is essential to research biophilic indoor environments and their impact on occupants. When it comes to existing building stocks, which hold significant social, economic, and environmental value, renovation should be considered before new construction. Providing swift feedback in the early stages of renovation can help stakeholders achieve consensus. Additionally, understanding proposed plans can greatly enhance the design of indoor environments. This paper presents a real-time system for architectural designers and stakeholders that integrates mixed reality (MR), diminished reality (DR), and generative adversarial networks (GANs). The system enables the generation of interior renovation drawings based on user preferences and designer styles via GANs. The system’s seamless integration of MR, DR, and GANs provides a unique and innovative approach to interior renovation design. MR and DR technologies then transform these 2D drawings into immersive experiences that help stakeholders evaluate and understand renovation proposals. In addition, we assess the quality of GAN-generated images using full-reference image quality assessment (FR-IQA) methods. The evaluation results indicate that most images demonstrate moderate quality. Almost all objects in the GAN-generated images can be identified by their names and purposes without any ambiguity or confusion. This demonstrates the system’s effectiveness in producing viable renovation visualizations. This research emphasizes the system’s role in enhancing feedback efficiency during renovation design, enabling stakeholders to fully evaluate and understand proposed renovations.
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1. Introduction


In modern society, there is a growing interest in the health and wellness of indoor spaces. It is said that people spend an average of 87% of their time indoors [1]. Therefore, it is crucial to provide people with a comfortable and healthy indoor environment. While indoor environmental quality (IEQ) and its impact on occupants’ health and comfort have always been considered in new buildings, the majority of buildings in use today were built before these concerns were widely recognized [2]. Existing building stocks retain significant value in terms of social, economic, and environmental aspects. Building stock renovation is in high demand as it gives existing buildings new life instead of constructing new ones. This research developed an MR system that enables the early assessment of renovation plans and improves communication between non-experts and experts, thereby increasing overall efficiency.



In order to reduce the cost and decrease environmental impacts during the renovation process, the use of mixed reality (MR) technology to display interior renovation plans has been proposed [3]. MR refers to a state in which digital information is superimposed to some extent on the complete real world [4]. Introducing MR technology into renovation design steps enables the simultaneous design of the building plan and environment design that can reduce the construction period with less of a need for coordination, timely feedback, and fewer variation orders. The MR experience enables non-professionals to understand and participate in the design process.



MR encompasses a spectrum from the real to the virtual environment. Augmented reality (AR) enhances the real world with virtual elements, and virtual reality (VR) immerses users entirely in a virtual space. While diminished reality (DR) is a lesser-known term than AR and VR, it is an evolving concept within the field of MR and can be understood as the removal or modification of real-world content [5]. The introduction of DR technology enables users to have an indirect view of the world, where specific objects are rendered invisible, facilitating the presentation of interior renovation plans more effectively, as removing an existing wall is one of the basic steps in building stock renovation.



There are many methods to achieve DR. There are numerous methods for achieving DR. The key aspect is generating the erased part, referred to as the DR background, to enhance the overall satisfaction of the DR result.



In-painting is one of the methods that seek to apply textures and patch details directly from the source image to paint over objects [6]. New algorithms for image in-painting methods are constantly being proposed, such as combining Visual-SLAM (simultaneous localization and mapping) into the algorithm [7], which is a method that segments the background surfaces by using some feature points of the background. However, those methods combining Visual-SLAM are not available for solid-colored or large-area walls. Moreover, the more satisfying the DR results, the more computing resources are needed [8]. Then, the time required for calculations will increase, and real-time DR will be hard to realize. On the other hand, in-painting methods are usually used to erase small and independent objects, rather than for room-based interior renovation designs. This approach can encounter limitations when dealing with intricate indoor environments. Relative to this, building structures such as walls and columns are relatively large objects and are connected to the environment. Therefore, it is hard to use the in-painting methods to erase large objects like an entire wall. In this research, we propose a novel method to generate a DR background that can achieve realistic large-scale DR in real-time.



Another set of methods utilizes pre-captured images or video of a background scene [9]. Subsequently, as new physical elements are introduced into the space, the background images serve as a reference, providing information about the areas obscured by these new objects. Those methods that rely on pre-captured backgrounds cannot display the real-time background and limit the viewing angle provided to users to that of the pre-captured background. Therefore, to achieve realistic large-scale DR, it is necessary to virtually reconstruct a three-dimensional (3D) DR background area.



So far, a system using multiple handheld cameras for DR has been introduced [10]. This system used multiple cameras to capture the same scenes from different angles. AR markers were used to calibrate these cameras, allowing the calculation of occluding content and a reduction in target objects. However, the DR results from this method were not consistently stable, primarily because its pixel-by-pixel comparison algorithm falters when the occluding object lacks color variations on its surface. Another advanced DR technique uses an RGB-D camera to occlude trackable objects [11]. This approach used the RGB-D camera to piece together missing segments and then applied a color correction method to unify the images from the different cameras. Due to the inherent limitations of the RGB-D camera, the reconstructed images often contained gaps that resembled black noise. Although in-painting techniques were implemented to address these inconsistencies, the overall quality of the DR results remained suboptimal, with some residual black noise remaining. The proposed methods pre-capture the existing DR background and focus on removing the physical objects, while this study focuses on representing the renovation plan, which may still be under design. The existing DR background needs to be processed.



With the development of artificial intelligence, generative adversarial networks (GANs) have been used to produce data via deep learning [12], proposing new image generation methods. A stable GANs model was trained that demonstrated models for generating new examples of bedrooms [13]. Also, a study shows that training synthetic images and optimizing the training material can help recover target images better [14], which makes it easier to perform many image editing tasks. Furthermore, identifying different underlying variables can aid in editing scenes in GANs models, including indoor scenes [14,15]. However, there are not many GAN training models specifically for indoor panoramic images. Even when using indoor images synthesized from multiple angles, it is difficult to maintain a consistent style for objects in the same location. Using such synthesized images, it is virtually impossible to accurately reconstruct the indoor environment accurately.



This paper presents a real-time MR system for interior renovation stakeholders, using GANs for DR functions and SLAM-based MR, which provides an intuitive evaluation of the renovation plan and enables improved communication efficiency between non-experts and experts regarding the plan. The system proposes a method that virtually erases a real wall to connect two rooms: the introduction of SLAM-based MR technology to the perform registration, tracking, and display of a stable background at the specified location. The DR background is generated via a GAN method in advance, and the DR results are sent to a head-mounted display (HMD) via a Wi-Fi connection in real time. Users can experience these MR scenes on the HMD and study renovation by making a wall disappear. An earlier version of this paper was presented at the Association for Computer-Aided Architectural Design Research in Asia (CAADRIA) 2019 conference [16]. This paper presents significant subsequent advancements and new validations in the research. An option has been introduced to utilize the GAN method for producing DR backgrounds.




2. Literature Review


Interior renovation is the process of upgrading and modifying existing architectural structures and elements to make them more environmentally friendly or safer, or to meet other new needs. In the early stages of traditional design processes, designers use blueprints to communicate with stakeholders. With sufficient budgets and time, miniature physical models of and interior design, made of materials such as paper or foam, are occasionally created to facilitate more tangible communication with stakeholders. Whether they are hand-drawn blueprints or hand-crafted physical models, they are typically more time-consuming than digital methods, and human errors can introduce inaccuracies in measurement or design. In addition, with hand-drawn designs, any changes can add significant time and increase the budget, and may even require the entire design to be redrawn [17]. This is a common cause of time overruns in architectural projects. In the early stages of the design process, digital methods allow for more convenient sharing with team members or clients. Feedback is accelerated and the cost of changes is reduced [18].



2.1. Interior Renovation with Mixed Reality


Compared to demolition and reconstruction, interior renovation is proving to be a more environmentally friendly, budget-conscious and efficient method of giving existing buildings a new lease on life. A digitized interior model is essential to ensure that clients without specialized knowledge receive renovation results that meet their expectations. Unlike the more technically demanding blueprints, 3D models allow clients to immediately grasp the expected results of the renovation, provide feedback and get involved in the design process.



Compared with traditional methods that use desktop displays to present renovation results in a 2D plane, VR technology that visualizes various data and interior models in 3D space, allowing clients to immerse themselves in the renovation results from a free viewpoint experience, has been proposed to bridge the communication gap between designers and their clients [19]. It also validated the reliability and applicability of using VR technology in the architectural design process [20].



Compared to traditional tools, immersive VR technology offers significant advantages in the interior architectural design process [21]. However, while VR technology has matured significantly in interior design, it also presents some challenges. VR creates an entirely virtual environment, requiring the computer to create a comprehensive 3D model of the building’s interior. To provide a more realistic immersive experience, some places that do not require renovation must also be modeled. For example, even if only part of a room is being renovated, the entire room must be modeled to provide a more authentic experience, including objects that serve only as a backdrop. The high up-front costs may cause designers to lose some clients who have not yet signed a contract. In addition, the more realistic the VR experience, the larger and more expensive the equipment required, further increasing the cost of modeling. Examples of such equipment include gigantic, multi-screen, high-definition displays [22], or the Cave Automatic Virtual Environment (CAVE) system, where an entire room transforms into a display [23].



Accordingly, AR technology has been introduced with more compact and flexible [24]. The AR background is the real object itself, requiring modeling only for added items, which significantly reduces the upfront design costs. For simple interior renovation or interior decoration that does not change the structural elements of the house, there may be no need for designers to be involved in the early design stages—even owners without specialized knowledge can manage it. Employing a new automated interior design algorithm, rational and personalized furniture arrangements can be generated [24,25]. AR technology can be used to easily evaluate the expected results of a renovation. For interior renovations that require structural changes to the house, modeling needs to involve the interior structures of the house. Directly importing models from building information modeling (BIM) into the AR system provides a method that is both simple and accurate [26].



However, many interior renovations involve not only the addition of more complex structures and furnishings, but also the removal of existing structures or large, immovable furniture. This is where DR technology becomes essential. Unlike AR technology, which adds information, DR technology removes it [27]. In architectural design, this technology can assist designers and stakeholders in better understanding the impact of design changes that might be imposed on the space. DR technology is widely used in both indoor and outdoor architectural renovation design processes, as well as environmental design processes [28]. DR technology is employed to eliminate buildings and landscapes slated for demolition and can even address pedestrians and vehicles [29], or be used to erase indoor furniture and decorations [30]. Its usability has been validated. This study used multiple cameras, including a depth camera, RGB camera, and 360-degree camera, to achieve real-time DR for large indoor areas. This provides a new approach to consensus building for complex interior renovations. However, due to device specification limitations, real-time streaming suffers from significant latency, resulting in a noticeable delay. The efficiency and accuracy of occlusion generation also needs improvement.




2.2. Generate Virtual Environment Using GANs


With the advancement of artificial intelligence, deep learning has introduced a variety of new and efficient approaches to image and model generation, among which GANs stand out. Briefly, 3D model creation is a complex and costly process that involves 3D capturing, 3D reconstruction, and rendering using computer graphics technology. By using GANs, a large number of house models can be automatically generated based on some simple requirements and prompts provided by the user, such as keywords, sketches, or color blocks [31]. Additionally, utilizing varied training datasets can result in different image effects that exude a unique style. For renovating older houses that lack BIM data, the house point cloud data obtained through the use of a laser scanner or depth camera, or photo data captured by cameras, can be inputted into the GAN method, which can be used to swiftly conduct automatic 3D model reconstruction [32]. These methods were proven to be highly beneficial for the early process of interior renovation design using MR technology, improving the feedback speed throughout the process while reducing the cost of model creation. In addition, the method of using a 360-degree panoramic camera to capture the target room and the use of panoramic photos or videos as the MR environment was also proposed [33]. In an indoor environment where the structure is not overly complex, the shooting range of a 360-degree camera can cover most of the area observable by the human eye. Compared with the creation of an indoor environment using camera scans or multi-view photos, panoramic photos can complete the collection of environmental data in an instant and have a dominant advantage in terms of generation speed. Although panoramic photos have some shortcomings in terms of image quality, several solutions using GAN technology have been proposed to address this issue [34,35].





3. Proposed MR System with GANs Method


3.1. Overview of the Proposed Methodology


In accordance with Figure 1, this system consists of four well-defined steps, namely real-time data collection, background reconstruction (pre-process or runtime-process), renovation plan digitization, and system integration. Among them, the reconstructed DR background can be switched manually according to the needs of users. An HMD is required that is equipped with a depth camera and an RGB camera, is capable of receiving Wi-Fi data, and has either its own operating system or the ability to exchange data with a computer in real time. After researching HMDs that meet these criteria, at the time of this study, only the HoloLens met these requirements, leading to its selection. However, if an HMD that meets these requirements is developed in the near future, it could also be considered for use. The system includes an HMD (HoloLens Gen 1), a 360-degree camera, a Wi-Fi router, and a computer with a GPU (graphics processing unit) for processing GANs. HoloLens has four “environmental understanding” cameras, an RGB camera, and a gyro sensor. This set of equipment can provide calibration information for registration and occlusion generation, as shown in Figure 2. The streaming data used to reconstruct the background are collected by a 360-degree camera placed in the center of the room to be renovated. These two devices communicate through a Wi-Fi router. Wi-Fi signals can pass through walls, making it possible to collect information in the adjacent room. The renovation plan is to build a BIM model that can provide professional information to designers, making it faster and easier for designers to modify the renovation plan. Synchronizing the BIM model with the 3D coordinates and occlusion information not only ensures the accuracy of the MR result, but also allows the user to have a more realistic MR experience. Except for some pre-processing, the entire MR system operates on the HMD, allowing users to view the MR results through its see-through display. From the user’s perspective, the internal structures to be removed are reduced, the space behind the physical wall is displayed in front of the user, and since the user can walk back and forth, the occlusion of the background space and the physical objects around the reduced wall are correctly displayed.




3.2. Real-Time Data Collection


Real-time reconstruction of the background scene has become a key issue in recent research. Numerous DR methods based on in-painting methods have successfully achieved real-time object exclusion. One such approach has realized a comprehensive image completion pipeline, independent of pose tracking or 3D modeling [36]. However, the results of these DR methods tend to be static, mainly targeting simple objects without complex patterns. This limitation arises because the background information depends largely on the characteristics of the immediate environment. The complexity of the target object directly affects the predictability of the DR results: the more complex the object, the more unexpected the DR result. For this reason, in recent years, there has been a surge in the adoption of methods that use 3D reconstruction for background scene generation. For example, the Photo AR + DR project has developed a reconstruction technique using photogrammetry software that creates a 3D background model by assimilating photographs of the surrounding environment [37]. The generated background is quite realistic, but processing can take up to ten hours or even several days. In a related study, another research team presented a method for visualizing hidden regions using an RGB-D camera [38]. This method is capable of reconstructing dynamic background scenes. However, the data captured by the RGB-D camera are in the form of point cloud data. Due to their large size, these point cloud files can hinder real-time reconstruction, resulting in occasional delays or missing scene parts. To improve the consistency of DR results, researchers often find it necessary to thin the density of the point cloud data. This paper presents a method for collecting background scene details using a 360-degree camera. Compared to standard RGB and RGB-D cameras, the 360-degree camera provides a wider field of view, allowing it to capture the entire background scene in a single sweep. Importantly, the file size of the resulting panorama is much smaller than the large point cloud data, eliminating the need for mandatory wired connections for data transfer. In this study, the data size of the 360-degree camera is compact enough to facilitate wireless transmission. First, a plugin is developed using the API provided by the camera manufacturer. Then, a Wi-Fi connection is established between the HMD and the 360-degree camera. This connection is based on the HttpWebRequest class, with data typically retrieved and sent via GET and POST methods. Using this wireless connection, a panoramic video can be streamed to the HMD in real time.




3.3. Background Reconstruction


3.3.1. Panorama Conversion


The proposed system receives panoramic video data byte by byte from the 360-degree camera and isolates the image of each frame from the data stream. However, directly using this original panoramic image to reconstruct the background would result in significant image distortion. To overcome this, it is essential to transform the panoramic image into a format compatible with the mask model to minimize distortion. The mask model acts as a 3D virtual representation of the target to be reduced and determines the segment of the virtual space for DR that is visible in front of the occlusion model. A 1:1 hexahedral space mask model is used to map the background image. The panoramic images are then segmented into six patches and applied to the hexahedron. The algorithm is influenced by a part of a VR study that explores the transformation of a cubic environment map (with 90-degree perspective projections on the face of a cube) into a cylindrical panoramic image [39]. There are two primary solutions for slicing the panoramic image: one uses OpenCV image processing and the other is based on OpenGL. The OpenGL approach adjusts the direction of the LookAt camera to obtain six textures, and then reads and stores the resulting data. For the real-time processing of panoramic images from the data stream required in this study, OpenGL methods could strain GPU computing resources, a known limitation of HMDs. Therefore, OpenCV methods are preferred.




3.3.2. Texture in the Dynamic Mask Model


In this study, the background scene is not represented by a single image or model. Instead, a virtual room is created to replace the reduced wall. The mask model takes the form of a hollow cube with one side missing. The system continuously captures converted images that are dynamically mapped to the mask model, except for the diminished wall that is to be removed in the renovation design. The real-time DR results are then displayed on the mask model. Alternatively, one can switch to the rendered images generated by the pre-trained GANs and map them onto the mask model.





3.4. GAN Generation


Enabling homeowners without design expertise to accurately articulate their design ideas has proven to be a challenge time and time again. These individuals lack the ability to visually represent design concepts or build models the way professional designers do. They also rarely have the luxury of time to devote to these endeavors. Furthermore, relying solely on verbal communication often fails to effectively communicate their vision. In response, a strategy was developed to transform hand-drawn sketches into renderings. Based on an image-to-image translation technique first described by Phillip Isola et al. [40], A model for transforming sketches into objects has been trained. Given a training set of pairs of related images, labeled ‘A’ and ‘B’, the model can learn to transform an image of type ‘A’ (sketches) into an image of type ‘B’ (renderings).




3.5. Occlusion


Occlusion occurs when one object in 3D space hides another object from view. For a more realistic DR experience, physical objects should interact with virtual objects. Incorrect occlusion can make the DR result appear less realistic, as shown in Figure 3. The system proposed in this study scans and generates real-world object occlusions in real time. It uses four “environment understanding” cameras from HoloLens, which can sense the depth of the scene similarly to an RGB-D camera. In addition, the system removes the real-time occlusion of the wall it is intended to reduce. To ensure that the wall intended for DR is not obscured by the occlusions detected by the “environment understanding” cameras, the scope of real-time occlusion creation is limited. By limiting the scan area of the environmental understanding camera, the occlusion of the target wall is not created.




3.6. System Integration


Except for some pre-processing steps of GANs, which include model training and rendering image generation—performed on a computer equipped with the Ubuntu system—all other modules are integrated into the game engine. This engine supports Universal Windows Platform (UWP) development. In particular, programs developed using UWP are compatible with all Windows 10 devices, including the HMD HoloLens. Because of its support for UWP development and the inclusion of the development kit required for this experiment, Unity (2018.2) will be utilized. The panorama conversion functionality is rooted in OpenCV (2.2.1), and its library will need to be imported into the Unity asset as a supplemental package.





4. Implementation


In order to validate the advantages of the proposed method, an evaluation was conducted in rooms 410 and 411 of the M3 building at the Suita Campus of Osaka University. Room 410 covers an area of 42.4 m2, while room 411 covers an area of 150 m2. The wall designated for the DR target was located between these two rooms, with dimensions of 6.5 m in length and 2.6 m in height. The observation points were to be concentrated mainly on the right half of the room (as shown in Figure 4). The area within the red dotted line is the location of the DR background area in the real world. The red shadow area is the wall that plans to be diminished in this evaluation test. The 360-degree camera, THETA V, was positioned centrally in room 410. The overall arrangement is shown in Figure 4.



4.1. System Data Flow


The system data flow for the DR function is shown in Figure 5. Two different sources provide the reconstruction data: GAN-generated renderings and images captured by the THETA V camera positioned behind the target wall.



In the pre-processing phase, the panoramic image is generated by a computer equipped with a GPU and then uploaded to the HoloLens. Numerous interior renovation renderings and their paired sketches were collected. Using edge extraction processing technology in Photoshop and a set of custom scripts, sketches can be efficiently derived from these renderings. By training the GANs network to transition from sketches to renderings, homeowner sketches can be converted into renderings using this approach.



The captured panoramic video is streamed to HoloLens over a Wi-Fi connection. The transfer protocol is constructed based on the THETA developers’ API 2.1 (THETA DEVELOPERS BETA) [41]. Within this method, the HttpWebRequest class is used to set the POST request. Next, the motion-JPEG HTTP stream from the camera is parsed to generate each frame from the streaming data. OpenCV-based techniques are then used to transform these panoramic images into a hexahedral map, as shown in Figure 6.



Each frame is then mapped to a mask model as a texture and awaits processing. Digitizing the restoration plan falls under the MR segment, which provides both the restoration plan model and the occlusion. Once both parts are complete, the combined results are projected onto a translucent screen in HoloLens. This allows individuals to “see through” the DR target wall. The real-world view of an individual experiencing the DR results can be seen in Figure 7. In Figure 7, the portion enclosed by the red frame represents the target wall. A portion of the target wall closer to the entrance is not selected for removal, primarily because of its structural importance.




4.2. Renovation Target Room


The BIM model, shown in Figure 8, can provide stakeholders with professional information and simplify the modification of the renovation plan. At the same time, to enable the MR system to operate on some older HMDs that lack real-time scanning and environmental understanding cameras, the BIM model was used to generate mesh and collision created using Autodesk Revit version 2016 software. When the user wears the HMD for observation, the MR system needs to determine the user’s position relative to the room. The BIM model facilitates this by assisting with registration, and when coupled with the collision data, occlusion can be calculated.




4.3. Operating Environment


To verify the feasibility of the proposal, a prototype application was developed based on the methodology proposed in Section 3.1. The BIM modeling, the development of the MR system and the creation of the GAN training materials were performed on a desktop PC (A) (specifications in Table 1). The GAN operations, which required CUDA and PyTorch and the installation of the dominant library, ran on the Ubuntu system of PC (B) (specifications in Table 2). The GPU configuration requirements for PC (B) are relatively high. A GPU with lower specifications may adversely affect the computational speed of GANs, resulting in suboptimal performance in computational and processing tasks. The system environment setup for PC (B) is shown in Table 3.




4.4. Simulation of Renovation Proposal


To validate the usability and effectiveness of the MR system proposed in this study, a simulation of the early stage of a renovation project was performed using the MR system for rooms 410 and 411. As shown in Figure 4, the area within the red dotted box is room 410, and the wall between rooms 410 and 411 was removed using DR technology, connecting the two rooms. At the same time, a hand-drawn sketch was created by the participants as the renovation target for room 410. To facilitate the subsequent quality verification tests, the current configuration of room 410 (as shown in Figure 9) serves as the renovation target, prompting participants to create hand-drawn interpretations (as shown in Figure 10). These sketches are then entered into PC (B). After processing through GANs, the generated renderings are loaded into the HMD, allowing participants to observe the simulated renovation results. Additionally, the current state of room 410 is captured by a 360-degree camera and wirelessly transmitted to the HMD in real time, allowing participants to manually switch between the two outcomes. For a more visual explanation of the experimental setup, the system scenarios are shown in Figure 11.




4.5. Verification of GANs Generation Quality


In the proposed simulation, 3044 pairs of panorama images have been inputted as the training dataset. In total, 2236 indoor panorama images were gathered from the HDRIHaven indoor dataset [42] and Shutterstock dataset [43], as well as 52 indoor panorama images captured by a 360-degree camera. Out of these, 52 images captured by the camera were subjected to data augmentation including flipping, scaling, and cropping. Flipping an image horizontally or vertically increases the variability of the data set by highlighting the different orientations of similar furniture placements.



Scaling involves resizing images to simulate changes in object size and distance, such as different sizes of vases, paintings, or furniture such as lamps. This is critical for scenarios where objects may appear at different distances or sizes in the real world. It prevents the model from being overly sensitive to certain object sizes seen during training. By cropping images, the model learns to focus on different parts of objects or scenes. This helps improve the model’s object recognition regardless of an object’s position within the frame, ensuring robustness to changes in object placement. In essence, these enhancements aim to simulate real-world variations that the model may encounter during deployment. By exposing the model to different perspectives, scales, and object arrangements, it becomes more adaptive and capable of making accurate predictions in different scenarios.



After the data augmentation, the number of available images increased to 416.The paired sketches were also generated using a custom Photoshop script. Some of these are shown in Figure 12. To improve the quality of the renderings generated from the hand sketches, we selected 56 photos with reasonable layout and non-repetitive styles from 2236 indoor panorama images and sketched them using the hand drawing method. After data enhancement, 448 paired training data sets were obtained. Some of them are shown in Figure 13.



In order to quantitatively assess the quality of the panoramic images generated by GANs, this study intends to compare the results generated by GANs with the correct results. The correct results correspond to the existing layout of room 410, as discussed in Section 4.4 of the thesis. In addition, nine interior panoramic images that were not part of the training dataset were selected for verification. The evaluation will utilize the structural similarity index measure (SSIM) [44] and the peak signal-to-noise ratio (PSNR) [45]. Both are related and complementary full-reference image quality assessment (FR-IQA) methods and are widely recognized as fundamental and universal image evaluation indices [46]. These metrics provide quantitative insights into the quality of the generated panoramic images. The SSIM evaluates the structural similarity between the test and reference images, with values ranging from −1 (no structural similarity) to 1 (perfect similarity). PSNR, on the other hand, measures the relationship between signal and noise distortion, quantifying reconstruction or compression quality in decibels. Higher PSNR values indicate less distortion and higher image quality, while lower values indicate potential degradation. These metrics serve as robust measures to objectively evaluate the fidelity and similarity of the generated images compared to the correct results.





5. Results


5.1. Numerical Results


PSNR measures the relationship between the maximum potential value of a signal and the noise distortion that affects its representation quality. A higher PSNR value indicates better reconstruction (or compression) quality due to less distortion or noise. Conversely, a lower PSNR value indicates a decrease in quality. PSNR is expressed in decibels (dB). Based on general guidelines, we can provide the following rough guidelines [47,48]:



	-

	
Under 15 dB: Unacceptable.




	-

	
15–25 dB: The quality might be considered poor, with possible noticeable distortions or artifacts.




	-

	
25–30 dB: Medium quality. Acceptable for some applications but might not be for high-quality needs.




	-

	
30–35 dB: Good quality; acceptable for most applications.




	-

	
35–40 dB: Very good quality.




	-

	
40 dB and above: Excellent quality; almost indistinguishable differences from the original image.







The SSIM acts as an index to anticipate the perceived quality of an image compared to that of an original (reference) image. With a value range from −1 to 1, an SSIM of 1 indicates that the test image matches the reference image perfectly. As the SSIM value approaches 1, it emphasizes the increasing structural congruence between the two images being compared. The following include the common interpretations of SSIM values [46,47]:




	-

	
SSIM = 1: The test image is identical to the reference. Perfect structural similarity.




	-

	
0.8 < SSIM < 1: High similarity between the two images.




	-

	
0.5 < SSIM ≤ 0.8: Moderate similarity. There might be some noticeable distortions, but the overall structure remains somewhat consistent with the reference image.




	-

	
0 < SSIM ≤ 0.5: Low similarity. Significant structural differences or distortions are present.




	-

	
SSIM = 0: No structural information is shared between the two images.









Numerical results to verify the quality of the simulated renovation plans are shown in Table 4. The PSNR and SSIM values show that most of the images generated by GANs are of moderate quality and have a reasonable similarity to the correct result images. The image with serial number 1 was a hand-drawn sketch of room 410, while the rest were processed by scripts and manually corrected hand-drawn sketches. All results hover around 20 dB, which is within an acceptable range. As an intuitive reference, Jing et al. mentioned that for pairs of stego images with embedded secret patterns, the SSIM values ranged from 30 to 52, while the PSNR values ranged from 0.9 to 0.99 [47]. Visually, these image pairs appear identical. This indicates that the GAN methods have been effectively trained and can produce images that are both qualitatively good and structurally consistent with the expected results. While the quality of restoration renderings produced by GANs may not match that of commercial renderings that require modeling and rendering processes, the low cost of a single hand-drawn sketch and its significantly faster generation speed compared to that of traditional renderings offer tremendous advantages in the early stages of the restoration process.



The results of GANs generated from training datasets with different numbers of images are shown in Figure 14. At about 50 images, it was difficult to distinguish the types of furniture; only the rough layout of the room was visible. At about 200 images, some of the larger pieces of furniture became distinguishable, but the finer details appeared blurred. After more than 3000 images, the edges of various objects went from blurry to relatively clear. Most of the furniture and decorations could be identified, although some densely arranged items remained difficult to distinguish. The more images used for training, the better the resulting image quality. In addition, as the level of detail in the hand-drawn sketches increases, the quality of the resulting image also improves.




5.2. Visualization Results


The original state of the target wall is shown in Figure 7, and Figure 15 presents the experimental results using the proposed MR system, showing 2D segmentation maps. Within these maps, the gray areas represent real-world objects, while the blue areas represent the background scene. The five planes of the mask model, as well as the walls, ceiling, and floor of room 410 are seamlessly aligned in their real-world positions. As a result, users can accurately perceive the spatial sense of virtual room 410 as they move about. When viewed through the HMD, the DR results give the user the impression that the target wall has disappeared. The two rooms are visually connected, and as the user moves around, the occluded areas and the DR background (room 410) dynamically adjust to the user’s perspective. As an intuitive explanation of occlusion, the result without occlusion at the similar position is shown in Figure 3. Users experience almost the same sensation as “taking down a wall” during the renovation process. In addition, activities in room 410 behind the target wall are instantly reflected in virtual room 411. The alignment function remains stable, ensuring that the virtual object is displayed without drift or disappearance.



However, the occlusion is not always accurately represented. An analysis of the segmentation map shows that parts of the occlusion edge are misrepresented, and certain virtual elements that should not be present in the DR results appear sporadically. This inaccuracy is due to the fact that the occlusion generated via real-time scanning is imprecise. The primary culprit is the lack of scanning accuracy. In addition, given the performance limitations of the HoloLens, there are inherent systematic errors in the results. Beyond the uneven edge, the whiteboard that should be in front of the virtual room is obscured by the virtual components. Even though the range for real-time occlusion generation is set between the whiteboard and the target wall, the proximity between the two is so minimal that it occasionally leads to errors.



In addition, the DR result is dynamic, but the refresh rate remains low. When testing this DR system on a PC platform, the process runs smoothly in real time. Latency challenges are common with streaming media transmissions. One cause of latency is that the sampling rate of the sensors inside the HoloLens host is much higher than the frequency of regular Wi-Fi transmission, resulting in the HoloLens server buffer constantly holding a large amount of image data. As a result, the longer the socket connection time, the more data accumulate. This means that the longer the program runs, the higher the latency. However, the image transmission speed is limited by the bandwidth of HoloLens, resulting in reduced frame rates.





6. Discussion


Using only algorithms to infer the background makes it difficult to generate content for complex backgrounds, especially when there are no repeating patterns. Therefore, this research introduced the approach of using 360-degree camera data to reconstruct the background. By using a 360-degree camera, the entire DR background can be quickly scanned. Wi-Fi data transmission expands the range of deployment scenarios, ensuring that even in rooms with unique layouts, distance constraints are minimized and real-time DR backgrounds can still be provided. This method is effective not only for complex backgrounds, but also for large diminished targets. Especially for large DR targets, there is no need for multiple cameras or multiple shots of the DR background from different angles. Panoramic images can more conveniently reconstruct the DR background. However, if the DR target is too large, the quality of the result may be compromised due to insufficient image resolution.



While GAN-generated renovation renderings as backgrounds may not be able to compete with commercial renderings, the speed and low cost of hand-drawn sketches offer significant advantages in the early stages of the renovation process. Furthermore, the method of creating renderings from a simple sketch not only improves the efficiency of communication between designers and clients, but also increases the client’s enthusiasm for participation. Even younger people can potentially provide valuable design insights. In addition, using panoramic cameras to capture images or collecting royalty-free panoramas for training data sets is time-consuming and often results in inconsistent quality. Due to the lack of extraterrestrial data, methods for collecting training information on artificially constructed lunar terrains within a VR environment have already been presented [49]. If the BIM model of a house is available, introducing it into a VR environment to collect panoramic images for training data is a viable approach. Compared to relying solely on basic data augmentation techniques, this method yields significantly higher quality training data. In addition, the models trained using this approach more closely match the style of the house before the renovation.



At times, the MR system experiences noticeable delays and latencies, especially during extended operation. This problem is common in streaming scenarios, and the most direct solution is to reduce the amount of data being transmitted. However, in this research, compromising video quality is not an option, as a blurry virtual room would negatively impact the overall DR experience. As a temporary solution, the program was manually adjusted to update the DR background. A button has been added for the user to refresh the DR background. Additionally, reducing the sampling rate to reduce the size of the data stream or upgrading to a higher bandwidth HMD may also resolve this issue. After this implementation was completed, Microsoft Corporation released HoloLens Gen 2, which boasts improvements in hardware performance and software algorithms. Specific verification may be conducted in future work.




7. Conclusions


This paper presents an innovative MR system that revolutionizes spatial visualization by enabling real-time wall reduction, seamlessly revealing live background scenes. The novelty of the system lies in its intricate occlusion capabilities that seamlessly merge virtual and real environments, thereby enriching the MR experience with enhanced realism, and the method of integrating GANs can generate MR environments according to user requirements. In particular, this system enables designers to quickly modify renovation plans and gain vivid insights into the expected results.



Currently, the system operates within an LAN, which is functional, but highlights a future direction: the development of a relay server for WAN operation, which will enable remote room reconstruction, a feature not available in current MR systems. In addition, the meticulous manual setting of segment parameters during reconstruction ensures precise alignment between wall edges and mask model surfaces, underscoring the system’s attention to detail and accuracy.



Furthermore, the utilization of GANs for image generation marks a notable advancement. As shown in Figure 14, there is a noticeable improvement in image quality as more training images are included. Even though thousands of images were used, the results still show a significant difference when compared to photos taken by cameras or rendered images.



In future work, it is important to consider more efficient methods for generating training sets. Manually created sketches are time consuming and costly, but yield the best results; scripted sketches are fast to produce, but the models trained from them are not entirely adept at processing sketches drawn by non-professionals.



It is important to note that GAN algorithms do not distinguish between panoramic images and standard photos in their learning and computation processes. However, the modification of renovation plans on panoramic images poses specific challenges for those without expertise. The method used in this study involves converting images into cube maps for modifications. However, this technique is primarily effective for small image adjustments. In addition, dealing with elements located at the edges of the image poses complications due to distortion problems. This is a significant challenge that needs to be addressed in future research efforts.
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Figure 1. System overview. 






Figure 1. System overview.
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Figure 2. Wearing HoloLens Gen 1 (left); HoloLens Gen 1 appearance (right). 
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Figure 3. DR result without occlusion. 
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Figure 4. Floor plan of the evaluation test. 
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Figure 5. System data flow. 
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Figure 6. Panorama image conversion. 
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Figure 7. Reality view of using HMD (red frame: DR target wall). 
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Figure 8. BIM model of room 410 and room 411. 
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Figure 9. The current furnishings of room 410. 
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Figure 10. Hand drawn current furnishings of room 410. 
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Figure 11. System scenarios. 
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Figure 12. Part of the pairs’ training data. 
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Figure 13. Part of the augmented images with paired hand-drawn images. 
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Figure 14. Results generated by GANs with different training datasets: 50 images (top), 200 images (middle), and3044 images (bottom). 
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Figure 15. DR result and its segmentation map in position A (above), B (middle), and C (bottom). 
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Table 1. Desktop PC (A) specifications.
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	ITEM
	PERFORMANCE





	OS
	Windows 10 Enterprise 64-bit



	CPU
	Intel Core i5 7500 @ 3.40