

  applsci-12-03653




applsci-12-03653







Appl. Sci. 2022, 12(7), 3653; doi:10.3390/app12073653




Article



Mapping Server Collaboration Architecture Design with OpenVSLAM for Mobile Devices



Jooeun Song 1[image: Orcid] and Joongjin Kook 2,*[image: Orcid]





1



Department of Electronics Information System Engineering, Sangmyung University, 31 Sangmyungdae-gil, Dongnam-gu, Cheonan-si 31066, Chungcheongnam-do, Korea






2



Department of Information Security Engineering, Sangmyung University, 31 Sangmyungdae-gil, Dongnam-gu, Cheonan-si 31066, Chungcheongnam-do, Korea









*



Correspondence: kook@smu.ac.kr







Academic Editor: Cheonshik Kim



Received: 11 March 2022 / Accepted: 2 April 2022 / Published: 5 April 2022



Abstract

:

SLAM technology, which is used for spatial recognition in autonomous driving and robotics, has recently emerged as an important technology to provide high-quality AR contents on mobile devices due to the spread of XR and metaverse technologies. In this paper, we designed, implemented, and verified the SLAM system that can be used on mobile devices. Mobile SLAM is composed of a stand-alone type that directly performs SLAM operation on a mobile device and a mapping server type that additionally configures a mapping server based on FastAPI to perform SLAM operation on the server and transmits data for map visualization to a mobile device. The mobile SLAM system proposed in this paper mixes the two types in order to make SLAM operation and map generation more efficient. The stand-alone type of SLAM system was configured as an Android app by porting the OpenVSLAM library to the Unity engine, and the map generation and performance were evaluated on desktop PCs and mobile devices. The mobile SLAM system in this paper is an open-source project, so it is expected to help develop AR contents based on SLAM in a mobile environment.
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1. Introduction


Simultaneous localization and mapping (SLAM) technology belongs to the information communication technology (ICT) application field, and it is a technology in which a mobile device creates an environment map and calculates a location within the environment using the generated map at the same time. The field of SLAM is growing remarkably due to advances in computer vision and robotics, and there are various types, such as extended Kalman filter (EKF) SLAM [1], rapid SLAM [2], and graph-based SLAM [3,4]. Among the various SLAM technologies, visual SLAM based on machine learning and computer vision, which uses camera image data to track feature points in images and create maps, is considered to be the next-generation technology that supports industries such as automobiles, drones, and mixed reality. In particular, thanks to the spread of remote and non-contact culture caused by COVID-19, augmented reality (AR) and virtual reality (VR) application technologies, such as digital twins, are attracting attention. In addition, as the demand for indoor applications where maps do not exist and the demand for drones in military and commercial applications increase, the need for SLAM technology development is also growing.



A SLAM technology that uses various sensors that can replace markers to search for information, estimate one’s location in an arbitrary space, and generate a spatial map has emerged [5]. The markerless AR system recognizes an object by detecting feature points of an object or image without prior knowledge of the environment, such as a wall or intersection, and, through this, 3D contents can be placed at a specific location. The markerless AR technology not only improves the accuracy of image analysis with the development of SLAM technology, which is a simultaneous localization and mapping technology, but also detects the surroundings and synchronizes the current location of the targets through various sensor data [6]. In AR applications, the real-time camera pose and the distance between the camera and the object are more important, and the accuracy of SLAM system mapping and global positioning is relatively low [7].



Creating a map of SLAM requires solutions to problems such as localization. Mapping and path planning are required, and robust path planning depends on successful localization and mapping. Both problems can be overcome with SLAM techniques. Since sequential sensor information is required for SLAM, eliminating these sensor noises is crucial for the next measurement and prediction [8]. Visual SLAM requires camera-based visual SLAM technology or SLAM technology using initial measurement unit (IMU) sensors or LiDAR sensors because UAVs used in indoor spaces cannot be positioned using GPS [9].



SLAM systems can be divided into direct SLAM, which uses every pixel of the camera frame, and indirect SLAM, which uses a series of key frames and feature points. Direct SLAM has a slow processing speed, but it is possible to model the surrounding environment closely and has excellent performance, even in a featureless environment. On the other hand, indirect SLAM a has fast processing speed because it estimates the camera location using certain pixels in the image and creates a 3D map [10].



In the field of AR, ORB-SLAM [11,12,13] and OpenVSLAM [14], which are indirect SLAM systems that can be mainly used for robots or autonomous driving, are used. However, since these SLAM libraries are mainly developed for robots related to autonomous driving, although they are open-source software, they are rarely used for the purpose of realizing AR in mobile devices or augmented reality headsets. It is especially difficult to find open SLAM libraries for mobile devices. Therefore, AR contents for mobile devices are mostly developed using solutions provided with software development kits (SDK) by companies such as Google’s ARCore, Apple’s ARKit, and Maxst’s SensorFusionSLAM.



In this paper, we propose a design method for an AR system that can be used in mobile devices or augmented reality headsets through a markerless-based SLAM algorithm. For the implementation of the mobile SLAM system, OpenVSLAM, which can save and load the generated maps among various open-source SLAMs and provides web visualization functions, was chosen. In consideration of real-time performance and scalability, the stand-alone type, which independently performs SLAM on a mobile device, and the mapping server type, which receives the result of SLAM from the server and processes only the visualization for the purpose of not adding to the SLAM operation overhead on the mobile device, were designed at the same time. Through the dualization of SLAM performance, users can continuously track their location along with a map generated in advance for the indoor/outdoor environment they are looking at and are able to build a service that can provide AR contents based on a more accurate location. To enable the development of visual-slam-based AR applications in a mobile environment, Unity, which is widely used as a visualization engine for Android apps, was applied to evaluate the performance of the slam system.



To verify the function and the performance of the mobile SLAM system proposed in this paper, comparisons between the stand-alone type and mapping server type were made on desktops and mobile devices using the EuRoC datasets, and the abilities for each type to generate maps in real environments were evaluated.



The remainder of this paper is organized as follows. In the following section, we describe the related works on various SLAM methods. In Section 3, the OpenVSLAM-based mobile SLAM system structure and main functions are described. In Section 4, we evaluate the results of map creation and visualization and localization accuracy using real mobile devices. Finally, we provide our conclusions in Section 5.




2. Related Works


The SLAM system proposed in this paper is a markerless-based system. The stand-alone type generates a map by directly performing SLAM operation on the mobile device, and the mapping server type performs SLAM operation and transmits the information for visualization to the mobile device by transmitting the camera image to the FastAPI-based server.



2.1. Markerless-Based AR


In the early AR systems, markers were used to connect the real world and the virtual world. The marker-based AR system recognizes a marker from an image input by a camera and represents it by overlaying 2D or 3D contents related to the marker on an image output to a display device. Simple patterns, such as QR codes or logos, are mainly used for the shape of the marker, and when the marker is recognized, the location or direction of the marker is also calculated, allowing digital 3D contents to be placed in an augmented reality application. However, the marker-based AR requires a prior appointment for a marker, and it has technical limitations, such as making tracking impossible when the camera leaves the marker. In the marker-based AR system, the three steps of marker recognition, reasoning, and representation can be configured as shown in [15]. On the other hand, the markerless-based AR system provides contents by recognizing a specific object or space instead of a pre-arranged marker, so it requires that the marker recognition, reasoning, and representation must be made on the mobile devices themselves, unlike the marker-based AR system.



In order to overcome the limitations of marker-based AR technology, a SLAM technology has emerged that uses various sensors that can replace markers to search for information, estimate one’s location in an arbitrary space, and generate a spatial map. The markerless AR system recognizes an object by detecting feature points of an object or image without prior knowledge of the environment, such as a wall or intersection, and, through this, 3D contents can be placed at a specific location. The markerless AR technology not only improves the accuracy of image analysis with the development of SLAM technology, which is a simultaneous localization and mapping technology, but also detects the surroundings and synchronizes the current location of the targets through various sensor data. Representative SLAM-based markerless AR development tools include Google’s ARCore, Apple’s ARKit and RealityKit2, and PTC’s Vuforia.



Google’s ARCore provides SDKs that support multiple platforms, including mobile platforms, such as Android and iOS, to build an AR system, allowing mobile devices to detect their surroundings and interact with information about their surroundings. ARCore uses three main functions to integrate virtual contents with the real world viewed through a mobile device’s camera: motion tracking, environmental understanding, and lighting estimation. Basically, ARCore performs two tasks: it tracks the location of moving mobile devices and builds its own environment. ARCore’s tracking technology uses a mobile device’s camera to identify specific points and track how those points move over time, combining image data and IMU data from the mobile device to track its location and direction as the mobile device moves through space. In addition to identifying feature points, flat surfaces can be detected, and the average illumination of the surrounding area can also be estimated, making it possible to build map data for the surrounding environment on its own. These functions allow you to build a totally new AR system or improve existing applications [16].



Apple’s ARKit is a software framework for making AR applications, which was unveiled at WWDC17 and which enables AR technology to be implemented and used in Apple products, such as the iPhone, iPad, and Mac. Recently, Apple released RealityKit2, which integrates ARKit and SWIFT API, and these are being used in the ‘Measure’ application, an app for distance measurement, and the App Store app for providing Apple product information based on AR. In addition, Apple is widely applying more precise AR technology by additionally using depth information of pixels depending on the changes in the surrounding environment, such as the spatial audio function added to the AirPod Pro and the LiDAR sensor installed in iPhone 12 Pro and iPad Pro [17].




2.2. Visual SLAM


The representative open-source-based visual SLAM algorithms are Kimera [18], PTAM [19], DSO [20], LSD-SLAM [21], ORB-SLAM2 [12], ORB-SLAM3 [13], SVO [22], and OpenVSLAM [14]. If these SLAM algorithms are classified based on the method, Kimera, PTAM, ORB-SLAM2, ORB-SLAM3, and OpenVSLAM correspond to the feature-point-based indirect SLAM algorithm. DSO and LSD-SLAM are direct SLAM algorithms that do not need to explicitly extract feature points from the image, and the SVO algorithm uses both direct and indirect SLAM methods (Figure 1).



In the case of classification based on map density, there are sparse types with low map density, such as DSO, ORB-SLAM2, ORB-SLAM3, SVO, and OpenVSLAM; dense types with dense map density, such as Kimera and PTAM; and semi-dense types, such as LSD-SLAM, whose map densities are mostly higher than the sparse types and whose processing speeds are faster than most dense types. Since the comparison target is visual SLAM, the sensors of all the compared algorithms are cameras and can be divided into mono/stereo/RGBD/IMU depending on the algorithm. PTAM, DSO, and SVO do not have loop closure and optimization functions because they are VO (visual odometry). Finally, most of the point cloud maps are drawn in the form of points, but only Kimera uses a polygon mesh method (Table 1).



The adaptive monocular visual-inertial SLAM system is a system similar to the mobile AR system proposed in this paper, and it is a system that can develop real-time AR applications for mobile devices using ORB-SLAM [7]. In that study, a visual inertial odometry (VIO) method that combines a camera and an IMU sensor was designed, and a high-speed visual odometry (VO) module was designed to support the fast tracking of AR applications in a mobile environment. An adaptive execution method for selecting a tracking module was proposed by combining with the existing ORB-SLAM system and by changing the IMU sensor value. In that paper, the system was designed for the purpose of fast tracking with lower optimization, while our paper has the purpose of accurate mapping and localization to implement an AR system in a mobile environment. Therefore, a fast SLAM system adding optimization to the VIO method is needed, and a sophisticated SLAM system that can save and load maps to continue drawing previous maps is also needed.



Therefore, in this paper, among the various open-source visual SLAM algorithms, the OpenVSLAM algorithm is used. It is (1) an indirect SLAM system that can be mainly used for robots or autonomous driving, (2) a sparse type with high speed, and (3) has the advantage of being easy to extend through the network by providing a web visualization through SocketIO communication.



OpenVSLAM is a visual SLAM system based on the graph-based indirect SLAM algorithm and based on the sparse type with low-density maps, such as ORB-SLAM, ProSLAM [23], and UcoSLAM [24]. As a feature point detector, oriented FAST and rotated BRIEF (ORB), which improved the problem of the non-directional FAST detector, was adopted as a representative image feature. The OpenVSLAM algorithm was designed by encapsulating multiple functions in components separated with a clear API (application programming interface) divided into tracking, mapping, and global optimization modules in a completely modular way. The tracking module estimates camera poses for all frames sequentially input to OpenVSLAM through key point matching and pose optimization and determines whether to insert a new keyframe. If it is determined that the current frame is suitable for a new key frame, it is transmitted to the mapping module and the global optimization module. In the mapping module, new 3D points are triangulated using inserted keyframes to create and extend a map, and a local bundle adjustment module is performed. Loop closure detection, pause graph optimization, and global bundle adjustment are performed in the global optimization module, and trajectory drift is resolved through the pose graph optimization implemented with g2o.



BA uses g2o, a library for nonlinear optimization, to calculate the pose of the current frame as a motion-only BA, the pose of a recent key frame as a local BA, and the overall optimization as a pose graph optimization of loop closing and global BA. All four optimizations run independently on different threads. Motion-only BA optimizes only the current pose with the key points on the map fixed, and local BA optimizes the pose of the co-visibility keyframe and the key points visible in the corresponding pose when a new keyframe is created. Loop closing optimizes the pose graph with only the pose, except for key points from the co-visibility graph. After optimizing the pose graph, key frames and key points newly added through the global BA are updated [10,11,12,13,14]. Table 2 describes terms and explanations for the main procedures of BA.



OpenVSLAM is mainly implemented in C++ and uses several libraries to implement SLAM functions. Typically, it includes Eigen [25] for matrix calculation, OpenCV2 for I/O operation of image and feature point extraction, g2o [26] for map optimization, and FBoW [27] for compressing the feature point descriptions for the image to quickly use image data in loop closure. Eigen supports all matrix sizes, from small fixed-size matrices to arbitrarily large matrices, and supports all standard number types, including the complex class in the C++ standard library for representing complex numbers and the integer class for representing integers. It is also easily extensible with user-defined number types and supports geometric and decomposition functions of various matrices. OpenCV2 is a computer vision library focused on real-time image processing. By using the cv::Mat class instead of the existing IplImage and CVMat structures for image data management, data processing or pixel access can be performed quickly and conveniently. If using the C++ API of OpenCV2 instead of the C API of OpenCV, the size and type of image data returned from the function are automatically assigned, depending on the input parameters. In addition, by automatically releasing the memory of each image datum in the class destructor, the image data management is convenient. g2o is a C++ framework for optimizing graph-based nonlinear error functions, providing solutions to several variants of SLAM and BA by finding the configuration of parameters or state variables that maximize a set of measurements affected by Gaussian noise. FBoW is a version of the DBow2/DBow3 library that is optimized to speed up the creation of a bag of words using AVX, SSE, and MMX commands, and, when loading vocabulary, it is about 80 times faster than DBoW2.



The OpenVSLAM system is compatible with various types of camera models, including fisheye, square, mono/stereo/RGBD/IMU cameras, and can be customized for the camera model and provides a cross-platform viewer running in a web browser for user convenience. The generated map can be saved and loaded, so new images can be localized using pre-made maps. Since it is implemented almost the same in perspective cameras and in fisheye cameras, AR systems can be implemented on mobile devices as well. In addition, SLAM’s spatial recognition technology and map creation technology can be identified using the OpenGL-based Pangolin viewer and the WebGL-based viewer running on a web browser through NodeJS’s web socket. However, since the system of this paper targets the mobile platform, we would like to check SLAM’s key frame, camera pose, and point cloud by using the application through Unity Engine’s Android SDK and NDK.




2.3. FastAPI-Based Mapping Server Architecture


FastAPI is one of the high-performance web frameworks that are fast enough to be comparable to NodeJS or Go based on Starlette and Pydantic and is designed based on JSON Schema, an open API standard. In addition, FastAPI has fewer bugs due to the minimization of code duplication, so debugging time can be reduced, and code can be written quickly. [28] shows the results of several tests that take multiple rows from a simple database table and serialize them into JSON messages in order to compare the performance of various web frameworks. Per request, 1, 5, 10, 15, and 20 queries were tested. FastAPI showed the second-best performance after atreugo, and, in this paper, FastAPI implemented in Python was used for development convenience.



Figure 2a shows the relationship between Uvicorn, an ASGI server, and FastAPI, one included ASGI framework. FastAPI can be composed of Starlette, a microweb framework, and Pydantic for data validation. Starlette, a subclass of FastAPI, is a web application that can be executed asynchronously. It runs on the Uvicorn server and uses Pydantic, the fastest Python validation tool, for all data processing of FastAPI. Uvicorn is a high-speed ASGI web server that performs asynchronous processing based on uvloop in a single process. Because parallel processing is not possible with Uvicorn alone, FastAPI uses Gunicorn, which can handle everything that happens between a web server and a web application as a server and process manager, making parallel processing possible. Figure 2b shows the multi-process architecture based on Gunicorn. FastAPI based on parallel processing using Gunicorn has all the performance advantages of Uvicorn and can also execute ASGI applications [28].



To implement the OpenVSALM algorithm in the server, instead of the communication method using Node.js and SoketIO, this paper focused on the ease of maintenance and on the asynchronous process communication for the background process implementation of the server. This requires a server with the same level of performance as Node.js, which was used in the existing OpenVSLAM. In the case of FastAPI, the SLAM algorithm composed of C++ is applicable, and it is an asynchronous process communication and a high-performance Python web framework. Therefore, it meets the requirements of the system in this paper.





3. Visual-SLAM-Based Mobile AR System


The mobile SLAM system proposed in this paper is a stand-alone type that directly performs SLAM operation on a mobile device and a mapping server type that transmits data for map visualization to a mobile device after performing SLAM operation on the server through a FastAPI-based mapping server. The mapping server type is a mixed architecture. Through this, real-time performance can be improved by alleviating the burden of SLAM computation on mobile devices.



3.1. OpenVSLAM-Based Mobile AR System Architecture


The mobile AR system proposed in this paper consists of sensors, networks, a Unity engine, and a FastAPI server. The image and IMU data collected by the camera of the mobile device are serialized through ProtoBuffer and transmitted to the SLAM system through Socket.IO. At this time, the SLAM system can be a SLAM system or a FastAPI server built into the Unity Android app in the form of a plugin. In the former case, SLAM is performed in the mobile device app, whereas in the latter case, SLAM can be performed through the multi-process environment considering multiple clients.



The SLAM system running on the Android app performs a function corresponding to Google ARCore and is used as an algorithm to track the camera movement and demonstrate AR technology. The SLAM system running on the FastAPI server is designed to merge the maps of multiple clients and perform localization to provide the same AR experience to multiple users by integrating data received from multiple clients. Figure 3 shows an integrated mobile SLAM architecture of the stand-alone type and mapping server type.




3.2. Android-Based SLAM System Design


The overall workflow of the mobile SLAM system is shown in Figure 4. First, continuous image data and IMU data are collected using the camera of the mobile device. The collected data are serialized through Protobuffer and transmitted to the SLAM system inside the Unity engine through Socket.IO. The Unity engine’s SLAM system estimates the approximate camera pose by extracting the ORB feature for each image datum and calculating the location of the feature point by comparing it with the nearest key frame. In order to determine the correlation with the real environment based on the camera’s pose information and create a map that is as similar to the real one as possible, we draw a local map that is the map data at the time the camera is viewing using the BA (bundle adjustment) co-visibility graph that represents the relationship between key frames. To remove the accumulated drift, loop closure detection is performed on the local map, and, after optimization to reduce the map points on the global map that are obtained by adding all the local maps, localization is performed with only the camera pose, excluding the map points. BA (bundle adjustment) uses the g2o library for non-linear optimization to calculate the current frame’s pose with motion-only BA, the recent key frame’s pose with local BA, and the overall optimization with loop closing’s pose graph optimization and full BA, and the four optimization tasks are performed independently through each thread. Motion-only BA optimizes only the current pose while fixing the key points of the map, and local BA optimizes the pose of the co-visible keyframe and the key points visible in the corresponding pose when a new keyframe is created. Loop closing performs pose graph optimization as a way of optimizing with only the pose perspective, excluding key points from the co-visibility graph, and when the pose graph optimization is finished, the added key frames and key points are updated through full BA [10,11,12,13,14].



In order to apply the SLAM algorithm to the Unity engine, which can only support dynamic libraries, the SLAM system must be libraryized through the Clang build of LLVM and converted into a Unity plug-in. LLVM [29] is the basis of the compiler and makes it easy to optimize programs, regardless of the writing language at compile time, link time, and runtime environment. Clang is a front-end of a compiler for programming languages such as C, C++, Objective-C, and Objective-C++ that uses LLVM as a backend and has faster compilation speed, faster execution speed, and more accurate tracking of the error location and of the error information than the GCC compiler to increase the convenience of development. In this paper, the SLAM plug-in built with Clang is imported into the Unity engine’s ‘DllImport (“PluginName.dll”)’ function to use it in the Unity engine, and the SLAM system is controlled by using the SLAM system initialization function, setting value, and function for image transfer. In this way, AR technology was implemented through the SLAM plug-in built into the Unity engine.



Pose data and point cloud data from the continuous image data collected by mobile devices are first delivered to the SLAM library to be finally provided to the Unity engine. The camera pose data may represent the camera movement as a 4 × 4 matrix, and the point cloud data may represent a location in space as 1 × 3 vector data. Through these two types of data, it is possible to visualize the current camera pose and the surrounding environment, which are saved inside SLAM.




3.3. Visualization of a Map-BasedPoint Cloud


The existing OpenVSLAM uses Pangolin to visualize SLAM’s keyframes, camera poses, and point clouds based on a pre-prepared dataset to show how SLAM works. Pangolin is a lightweight and fast 3D visualization library for managing OpenGL displays and abstracting image input that is widely used in computer vision as a means to remove platform-specific boilerplate and easily visualize data [30]. In this paper, to design a SLAM system targeting the Android platform, the Unity engine was used instead of Pangolin, and the Unity API was used to control the camera and render the AR contents. The Unity engine is an authoring tool that provides a development environment for 3D and 2D video games and an integrated development tool for creating interactive contents, such as 3D animation, architectural visualization, virtual reality, and AR. It supports various platforms, such as Windows, MacOS, iOS, and Android.



The point cloud map visualization performance of OpenVSLAM was compared using the EuRoC Machine Hall 03 dataset in the existing Pangolin environment and the Unity-based environment of the mobile system. Table 3 shows the experimental environment and device specifications for comparison.



The EuRoC MH 03 dataset is a visual inertial dataset collected from a micro aerial vehicle (MAV), and it contains stereo images, synchronized IMU measurements, accurate motion, and structural measurement data. It was recorded using two pinhole cameras and an inertial sensor, which were mounted on an Asctec Firefly hex-rotor drone [31]. The existing Pangolin viewer was run in the Ubuntu desktop environment, and the Unity-based mobile viewer proposed in this paper was run on a Galaxy Note 20 Ultra 5G.



Because the Pangolin viewer and the mobile viewer used the same dataset to visualize the SLAM system, the number of points in the point cloud is the same, at about 32,000. The visualization result for the EuRoC MH 03 dataset is shown in Figure 5. Figure 5a is the visualization result using the Pangolin library on the desktop, and Figure 5b is the visualization result based on Unity in the mobile environment. Although there is a difference in the size of the point cloud and the scale of the entire map in Figure 5b, the mobile-based visualization result, it can be seen that the overall map shape is the same as in Figure 5a, the desktop result. It shows that the OpenVSLAM-based SLAM system can be visualized using Unity in the Android environment.



Table 4 shows the results of comparing CPU usage, memory usage, resolution, and fps for SLAM visualization performance using OpenVSLAM in the Pangolin-based desktop environment and the Unity-based mobile environment. When running the Pangolin viewer, the CPU usage was 99% and the memory usage was 23.1%, whereas in the Unity-based mobile environment, CPU and memory usage were less, 28% and 8.3%, respectively.



This experiment shows that SLAM visualization, even in a Unity-based mobile environment, is almost equivalent to visualization using OpenVSLAM in a Pangolin-based desktop environment. It is expected to be efficient from a multitasking perspective due to low load on CPU. However, the frame rate is slightly lower than that of the desktop environment, resulting in poor real-time performance.




3.4. FastAPI Server


SocketIO is a library that enables two-way event-based communication between a browser and a server and provides functions such as stability, automatic reconnection, packet buffering, and multiplexing through web sockets. The client sets a websocket connection, a communication protocol that provides a full-duplex and low-latency channel between the server and the browser and replaces it with HTTP long polling when a websocket cannot be connected [32]. Google’s Protobuffer, which stands for protocol buffer, is a useful data structure for serializing structured data and provides SDKs for various programming languages. Data serialization is a process mainly required when developing a communication program for the purpose of wired communication or data storage. To use Protobuffer, you need to install the protocol compiler required to compile the proto file and the Protobuffer runtime for the programming language you want to use.



Figure 6 is the overall workflow diagram of the FastAPI server system. On the server side, it is more convenient to implement in the Python server rather than using the spatial data processing, visualization, and reconstruction library implemented as C++ in Node.js. Therefore, in this paper, in order to apply the OpenVSLAM-based mobile mixed reality system as a plug-in, the Socket.IO communication module was configured in the same way as the existing Node.js event handler and was used in FastAPI. The data collected by mobile is serialized through Protobuffer, and data communication between the mobile application and the SLAM algorithm of the server is implemented using FastAPI server and SoketIO. It receives image and IMU data from the client through Socket.IO, deserializes it with Protobuffer, puts the deserialized data to the input data of the OpenVSLAM algorithm, receives camera pose data, and sends it back to the client through Socket.IO.



Figure 7 is the overall workflow of the OpenVSLAM-based mobile AR system. Images and IMU data are collected by the user’s client’s mobile device camera and transmitted to the Python FastAPI server for mapping. On the mapping server, map data and camera pose data are obtained through the OpenVSLAM and transmitted to the Android application of the user client’s Unity engine to visualize the global map and location.





4. Experiments and Results


To evaluate the function and performance of the mobile SLAM system proposed in this paper, SLAM was performed in a real indoor space and the visualization results and performance were evaluated.



4.1. Experimental Environments


Through the mobile SLAM system proposed in this paper, we tried to verify by creating and localizing a map in the real environment. To this end, image data and IMU data were collected by capturing the experimental environment in advance.



Figure 8 shows the indoor (office) experimental environment used for the experiment. The indoor space has an area of about 65 m2, and it was captured using the camera of the Galaxy Note 20 Ultra 5G.




4.2. Experimental Results


The captured image was saved as Frames.m4v. cam0 was converted to an image based on the timestamp (Frames.txt). GPS.txt was the saved location data. Accel.txt was the acceleration data. Gyro. txt was the angular velocity data. IMU.txt was the saved inertia data obtained by calculating the acceleration data and angular velocity data. config.yaml contained the camera settings. The sparse map (.bin) and sparse point cloud (.ply) files were created through the Unity engine with the image data and IMU data captured by the mobile camera. Table 5 is a description of the main files.



Figure 9 is the result of comparing the partial capture of a point cloud map that matches the actual indoor space by capturing the indoor space of Figure 8 for about 2 min and 30 s in advance.



The resolution was 1280 × 720, and point clouds in the captured indoor space numbered about 54,000. The average fps was measured to be 40, and the battery consumption was very low, about 1% or less (Table 6).



The overall consistency of the trajectory estimated in the visual SLAM system is an important factor. The absolute trajectory error (ATE) is evaluated by comparing the absolute distance between the estimate and the actual measurement. Since both trajectories can be specified in any coordinate frames, alignment is required first, in which the method of Horn [33] to find the rigid transformation, S, corresponding to the least-squares solution mapping the estimated trajectory, P1:n, to the actual trajectory, Q1:n, can be used. The ATE at time step i can be calculated as follows [34].


   F i  : =  Q i  − 1   S  P i   



(1)







For each temporal index of the converted components, the root-mean-squared error (RMSE) can be calculated as follows.


  R M S E    F  1 : n     : =      1 n    ∑   i = 1  n  ∥ t r a n s      F i    ∥  2       1 2     



(2)







The accuracy of the localization was evaluated by comparing it with the ground-truth data for the monocular of the EuRoC dataset, and the comparison results are shown in Table 7. The average RMSE of the monocular mobile SLAM is about 2.017, but it is not a problem for the purpose of displaying AR contents through a mobile app.



Figure 10 is a picture comparing the results before and after the optimization. When loop closure was detected, the point cloud map was optimized close to the scale of the real space centered on the current location, as shown in Figure 10b. Since the point cloud map represents a sparse map reconstructed with a monocular system, it may be difficult to identify objects with the naked eye. For such a problem, it is necessary to maintain the color of the point cloud and improve it so that it can be reconstructed as a close point cloud map. In addition, if the map is taken using a sensor that can obtain depth data, such as a stereo camera or RGB-D camera, it is expected that mapping and localization will be more accurate.



To verify this, the RTAB-Map application was installed on an iPhone 12 Pro with a LiDAR sensor, and the indoor environment shown in Figure 11. The RTAB-Map application for iOS was released in June 2021 and is an RGB-D based on loop closure detection, stereo, and a LiDAR graph-based ROS SLAM system. Loop closure detection uses the BoWs approach to determine the likelihood that a new image comes from a previous or new location. In addition, when loop closure is detected, it detects the previous location and draws a map, enabling real-time mapping for a large-scale environment [32]. Since the RTAB-Map SLAM system can draw a more accurate map through a depth sensor, it is estimated that adding depth data to the system in this paper will enable a clearer and more accurate AR system to be implemented in a mobile environment. Therefore, in this paper, further research and development will be conducted using the iPhone’s LiDAR sensor by changing the existing Android-based data collector to an iOS-based data collector.





5. Conclusions


In this paper, to reduce unnecessary self-research by researchers and contribute to the rapid growth of the SLAM field, an OpenVSLAM-based AR system was designed and implemented in a mobile environment for the purpose of open-source software, and its function and performance were evaluated not only in an actual indoor space but also using the EuRoC datasets. To implement this system, image data and IMU data were collected using the camera on a mobile device. In addition, SLAM plugins were created to use SLAM functions, including the tracking, regional and global map generation, loop closure detection, and localization functions in Unity-based mobile applications.



By building a mapping server based on the FastAPI server, implementing SLAM functions that require a lot of computation, such as mapping and optimization, on the server, and transmitting it to the mobile app, a method to reduce the overhead of SLAM operation in a mobile environment was proposed. This allows users to continuously track their location along with a map generated in advance for the indoor and outdoor environment they are looking at and to build a service that can provide AR contents based on a more accurate location. When the accuracy was evaluated by comparing the RMSE of the trajectory based on the monocular camera with the ground-truth data of the EuRoC dataset, the average of 2.017 was shown, and it was conformed that materialization of the main object is possible through the visualization of the point cloud for the actual indoor space.



Through the system in this paper, the cost of constructing an AR system for a wide range of environments can be reduced with only a mobile device and a laptop without using a separate camera or other expensive equipment. We hope that this will serve as a basis for applying SLAM technology to various application fields, such as safe and reliable autonomous driving technology for drones and vehicles, multi-access AR system implementation technology, and indoor space navigation.



In the future, based on this system, we plan to use the LiDAR sensor by changing the Android-based data collector to an iOS-based data collector. It is expected to implement a lighter system by providing a localization function to Android-based mobile devices without depth sensors after taking a map of the surrounding environment using an iOS-based mobile device.
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Figure 1. Classification of SLAM algorithms depending on map configuration method. 
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Figure 2. FastAPI-based single-process and multi-process models; (a) Single Process Model; (b) Multi-process Model. 
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Figure 3. Integrated mobile SLAM architecture of stand-alone type and mapping server type. 
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Figure 4. Mobile SLAM system architecture for stand-alone type. 
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Figure 5. The result of SLAM visualization; (a) for desktop (Pangolin); (b) mobile device (Unity). 
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Figure 6. SLAM procedure by FastAPI-based mapping server. 
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Figure 7. Interaction between mobile device and mapping server for performing SLAM based on mapping server. 






Figure 7. Interaction between mobile device and mapping server for performing SLAM based on mapping server.



[image: Applsci 12 03653 g007]







[image: Applsci 12 03653 g008 550] 





Figure 8. Indoor environment for mobile SLAM system evaluation. 
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Figure 9. Map creation results by mobile SLAM system. 
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Figure 10. Optimization results: (a) before optimization; (b) after optimization. 
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Figure 11. SLAM visualization results by RTAB-Map application. 
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Table 1. Open-source-based visual SLAM algorithms.
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	Category
	Kimera
	PTAM
	DSO
	LSDSLAM
	ORB-SLAM2
	ORB-SLAM3
	SVO
	OpenVSLAM





	Method
	Indirect
	Indirect
	Direct
	Direct
	Indirect
	Indirect
	Hybrid
	Indirect



	Density
	Dense
	Dense
	Sparse
	Semi-Dense
	Sparse
	Sparse
	Sparse
	Sparse



	Sensor
	Mono

Stereo

IMU
	mono
	Mono

Stereo

IMU
	mono
	Mono

Stereo

RGBD
	Mono

Stereo

RGBD

IMU
	Mono

Stereo

RGBD
	Mono

Stereo

RGBD

IMU



	Backend
	GTSAM
	-
	-
	g2o
	g2o
	g2o
	-
	g2o



	Geometry
	Mesh/TSDF
	points
	points
	points
	points
	points
	points
	points
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Table 2. Bundle Adjustment.
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	Type
	Description





	Motion-only BA
	Optimize the pose of the current frame using the g2o library



	Local BA
	pose optimization of co-visibility keyframes and new keyframes



	Loop Closing
	pose graph optimization



	Full BA
	added keyframes and key point updates
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Table 3. Desktop and mobile device specifications for performance comparison of SLAM visualization.
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	Item
	Desktop
	Mobile Device





	OS
	Ubuntu 21.04
	Android 10



	CPU
	AMD Ryzen5 3600X

6-Core 3.79 GHz
	ARM Cortex-A77 MP1 3.09 GHz

ARM Cortex-A77 MP3 2.42 GHz

ARM Cortex-A55 MP4 1.80 GHz



	Memory
	16 GB
	12 GB
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Table 4. Comparison of SLAM visualization performance on desktop and mobile devices.
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	Item
	Desktop

(Pangolin)
	Mobile Device

(Unity)





	CPU Usage (%)
	99
	28



	Memory Usage (%)
	23.1
	8.3



	Screen Resolution
	1920 × 1080
	1280 × 720



	Frame rate (FPS)
	Avg. 30
	Avg. 25
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Table 5. SLAM performance-related files.
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	Filename
	Description





	Frames.m4v
	captured image



	Frames.txt
	time stamp



	cam0
	image converted form Frames.m4v based on Frames.txt



	GPS.txt
	pose data



	Accel.txt
	acceleration data



	Gyro.txt
	angular velocity data



	IMU.txt
	inertia data



	config.yaml
	camera setting value



	Sparse_Map_Unity.bin
	sparse map created in Unity engine



	Sparse_PointCloud.ply
	sparse point cloud
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Table 6. Mobile SLAM system performance.






Table 6. Mobile SLAM system performance.





	Item
	Description





	Display Resolution
	1280 × 720



	Recording Time (s)
	150



	Number of Points
	about 54,000



	Frame rate (FPS)
	avg. 40
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Table 7. Absolute translation RMSE, mean, and standard deviation.
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	Dataset
	RMSE (m)
	MEAN (m)
	STD (m)





	MH_01(Easy)
	3.110
	2.863
	1.213



	MH_03(Medium)
	3.562
	3.230
	1.502



	MH_04(Difficult)
	3.308
	2.976
	1.445



	V1_01(Easy)
	0.912
	0.832
	0.375



	V1_02(Medium)
	1.796
	1.675
	0.650



	V1_03(Difficult)
	1.589
	1.412
	0.729



	V2_01(Easy)
	1.611
	1.559
	0.406



	V2_02(Medium)
	1.327
	1.244
	0.463



	V2_03(Difficult)
	0.939
	0.854
	0.390



	Average
	2.017
	1.849
	0.797
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