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Abstract: The effectiveness of mobile robot aided for architectural construction depends strongly on its accurate localization ability. Localization of mobile robot is increasingly important for the printing of buildings in the construction scene. Although many available studies on the localization have been conducted, only a few studies have addressed the more challenging problem of localization for mobile robot in large-scale ongoing and featureless scenes. To realize the accurate localization of mobile robot in designated stations, we build an artificial landmark map and propose a novel nonlinear optimization algorithm based on graphs to reduce the uncertainty of the whole map. Then, the performances of localization for mobile robot based on the original and optimized map are compared and evaluated. Finally, experimental results show that the average absolute localization errors that adopted the proposed algorithm is reduced by about 21% compared to that of the original map.
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1  Introduction

Faced with the large-scale construction for complex structures, the localization of mobile robot plays a key role in the quality of buildings. Especially in structured/unstructured environments of the construction industry, new capabilities that combining technologies of Additive Manufacturing (AM, also known as 3D printing) and mobile robotics are explored to improve the production efficiency and level of automation. Generally, 3D printing processes can be mainly classified into three kinds, including the Contour Crafting [1], Concrete printing [2] and D-shape [3]. The Contour Crafting and Concrete printing are based on the extruded form with different nozzles to complete the printing of the buildings, while D-shape is a process where the power materials are deposited as objects by the binder. As a result, the large-scale 3D printing process for buildings was investigated [4], and the corresponding robotic system are developed, including mainly the cable-driven parallel robot [5–8], vehicle-mounted robot [9] and mobile robotics [10–14]. The structure installations of cable-driven parallel robot and vehicle-mounted robot are time-consuming and laborious, and their structural sizes are always the restrictions to the accuracy of large-scale printings. So, the mobile robotics that integrated the manipulator and mobile platform is gradually developed to complete the large-scale printing instead of the formers. It can easily print structures with any shapes and sizes, and effectively avoids the trouble of installation. However, the mobility of mobile robotics also results in a huge uncertainty of localization in large-scale construction scenes. Ignoring the error of the manipulator, the printing quality and efficiency of buildings are indirectly determined by the localization accuracy of the mobile robot. In addition, due to the architectural scene is unstructured and featureless, which poses a huge challenge to an accurate localization of mobile robot.

On related works, the relevant localization techniques of mobile robot were reviewed in detail. Generally speaking, the localization approach was mainly classified into two ways, nature features [15,16] and artificial landmarks [17,18]. However, the heavy computational burden and uncertainty of the nature features could perform a poor localization of the mobile robot. So, an artificial landmark was well suitable to handle the probabilistic uncertainty and the landmark-based representation could be well-adapted to the large-scale environment [19,20]. Also, a multi angle intersection algorithm was established to achieve an accurate measurement in the position and orientation of mobile robot for large-scale scenes [21], and the factors that affecting the uncertainty of landmarks were critically analyzed. Firstly, the uncertainty of landmarks was represented by Gaussian distribution to present the localization error of mobile robot [22]. Then, the uncertainty of localization parameters was minimized by a cost function, and the landmark selection problem was translated into a Semi-Definite Programming representation [23]. The localization error was relevant to the configuration of the visible landmarks, and a suitable landmark could reduce it [24]. Similarly, the sensitivity of absolute positioning techniques to the landmark configuration and noisy data were analyzed to improve the accuracy of the vehicle’s navigation [25]. A landmark placement method was also proposed to calculate indistinguishable landmark configurations to reduce the ambiguity of the whole environment [26]. Furthermore, the optimization technologies were also proposed by scholars to reduce the uncertainty errors of landmarks. Firstly, a simulated annealing technique was adopted to find the landmark configuration that maximizes the number of the regions [27]. Then, the environment was decomposed into a number of sized regions, and a novel graph theoretic formulation was introduced to select the optimal number of landmarks [28]. A landmark was designed and the candidate area was also detected by a double-layer recognition algorithm to achieve the accurate localization [29]. Besides, a Markov probabilistic positioning method was simulated by the maximum statistical power provided by the concept of artificial landmarks [30], and the Markov localization method that equipped with a discrete Bayesian filter was adopted to calculate of the probability distribution of the entire state space [31]. In addition, multi-sensor fusion that fused the Inertial Measurement Unit (IMU) sensor, odometry and Lidar module is another way to improve robot localization and navigation [32]. Then, the artificial neural network and three-layer neural network are further adopted based on it [33,34]. Due to the uncertainty of the data sampling period of the sensor, the extended unbiased finite-impulse response (EFIR) filter was presented to complete an accurate localization by about 10.2% [35]. Lastly, for the issue of insufficient localization safety with landmarks, a landmark augmentation method was introduced to identify the minimum place where landmarks could be added [36].

Contrary to the above approaches, simultaneous localization and mapping (SLAM) technology has becoming widely used in autonomous robotics [37,38]. To improve the accuracy and efficiency of mapping and localization for mobile robot, a Monte Carlo reinforcement learning was proposed to obtain the optimal strategy [39]. Then, the recognizable artificial landmarks were selected to establish data associations and improve the accuracy of mapping. Similarly, an Unscented Kalman Filter (UKF) was also applied into SLAM and the Monte-Carto reinforcement learning was used to obtain a landmark selection policy [40]. Besides, an entropy-based feature selection strategy was developed to minimize the entropy to estimate the location errors of the mapping and robot [41]. However, the above approaches brough the computational burden and memory constraints for real time SLAM, and they had limitations to the large-scale and dynamic construction environment. In addition, a perfect match approach was proposed to realize the robot self-localization, and it can perform a high accuracy, robustness and computational efficiency [42,43]. However, it was tested based on natural landmarks, and it was not used to optimize the accuracy of the artificial landmark map to improve the robot’s self-localization. Also, a localization approach RLmPFL (Reinforcement-learning based mapping in a Particle-filter based localization) was regarded as a complementary module for SLAM to realize a more reliable update for indoor long-term localization [44].

For further improving the localization accuracy of mobile robot, a localization solution that based on the building plan was also studied. Firstly, architectural floor plans were easily understood by non-expert users and they typically represented the non-rearrangeable parts of buildings. When the globally consistent map was aligned to the computer-aided design (CAD) drawing, the robot localization could be estimated by the global reference frame of the floor plan in indoor industrial scenarios [45]. Similarly, A pose-graph with Lidar measurements that represented by a SLAM and the floor plan was proposed, and the robot localization system that assisted by architectural CAD drawings could achieve a sub-centimeter accuracy [46]. Moreover, a novel method for high-accuracy localization based on the state of the known building structure was presented [47], and the synchronization of building information with the robot’s map accelerated to the process of mobile construction [48]. In our previous work, an adaptive robust localization method based on artificial landmarks and generated buildings was also studied [49].

As mentioned above, the approaches of accurate localization for mobile robot were discussed, and the localization of mobile robot based on a set of reflectors and SLAM was also applied into the construction of on-site or off-site [12,13]. However, the impact of an artificial landmark map on the localization of mobile robot for large-scale construction has not been fully studied. Meanwhile, the accuracy of environmental map in large-scale ongoing scenes was not easy to be measured directly. Therefore, the paper would study the localization performance of mobile robot by optimizing uncertainties of the large-scale artificial landmark map, and the built map was evaluated by the motion trajectory of mobile robot [50–53].

Motivated by the uncertainty problems for large-scale mapping and localization in an unstructured and featureless construction environment, an artificial landmark map that constrained by a two-dimensional building plan is built. Assuming that the artificial landmark map does not exist symmetrical ambiguity, and the building plan is mapped to the construction site 1:1 vertically. Then, the whole environmental map is optimized by a method of non-linear optimization based on graphs, and the localization accuracy of mobile robot is further analyzed and evaluated.

The main contribution of the paper is to solve the localization accuracy problem of mobile robot for large-scale construction by considering the uncertainty of the artificial landmark map with a non-linear optimization algorithm based on graphs. According to our knowledge, we have not found the present literatures to study this issue in a large-scale construction scene by creating an artificial landmark map. So, a mobile 3D printing construction robot model that integrated the robotics technology and 3D printing technology is developed to achieve a large-scale construction by us. Due to the large-scale and featureless in construction scene, a large-scale environmental model that combining the artificial landmarks with the building plan is built. Then, each artificial landmark is regarded as a node of graphs, and all artificial landmarks are connected to form an artificial landmark map. In addition, considering the uncertainty of the artificial landmark map, a novel non-linear optimization algorithm based on graphs is further proposed to improve the accuracy of global map. Lastly, the optimized result of the artificial landmark map is compared to the original, and the localization errors of mobile robot that based on the optimized map are evaluated by high-precision sensors.

The remainder of this paper is organized as follows. We first briefly introduce the pipeline of large-scale construction and the mobile robot model (Section 2). Then, we build an environmental model integrated the artificial landmarks with the building plan, and propose a novel non-linear optimization algorithm based on graphs to reduce the uncertainty of constructed map. Next, we introduce the map matching for artificial landmarks and the global localization of mobile robot (Section 3). Furthermore, the experiments for localization of mobile robot in designated station are compared (Section 4) and the experimental results that obtained from the tests are evaluated (Section 5). Finally, the paper concludes with an outlook to future research in ongoing scene (Section 6).

2  Problem Formulation and Mobile Robot System

In this section, the localization accuracy problem of mobile robot aided for large-scale construction is proposed, and the pipeline of large-scale construction based on the mobile robot is also introduced. Lastly, it is presented the mobile robot system that including the hardware platform and software architecture used as this experimental platform.

2.1 Problem Formulation

A large-scale building that constructed itself has the attribute of “additive” generally. Originally, the built environment is relatively empty, and the environmental information will increase with the process of construction. In our previous work, the construction scene is defined as an “ongoing scene” and the mobile robot can achieve the ongoing construction according to the sequence of planned missions [47]. However, the extracted features in the ongoing scene are almost non-existent, which fails to realize the localization of mobile robot. So, the artificial landmark map is necessary to be built in the large-scale construction in advance. In addition, due to the uncertainty of measurement, it is more difficult to create an accurate map in a large-scale ongoing scene. As a result, an accurate map is vital to the localization performance of mobile robot, and it also indirectly affects the construction quality of the building.

2.2 Pipeline of Large-Scale Construction Based on Mobile Robot

As shown in Fig. 1, the system mainly includes two parts, including the building of artificial landmark map and real-time localization based on the planned route of tasks. Firstly, the artificial landmarks are constrained by a two-dimensional (2D) architectural plan, and the composition of them is called as a prior map of the construction scene. Then, each artificial landmark is regarded as a node of the probability graph model, and the uncertainty representation of the landmark was reduced by the non-linear optimization based on graphs. Furthermore, the local features of the artificial landmark map are extracted and matched with the global map, and the localization of mobile robot is realized by a triangular measurement algorithm based on least squares. Lastly, the localization results in designated stations are evaluated by three-dimensional (3D) motion capture system, which demonstrates the effectiveness of the optimized map.
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Figure 1: Pipeline of an artificial landmark map and localization of mobile robot for large-scale construction

2.3 Mobile Robot System for Large-Scale Construction

Due to the large-scale of the construction scene, the whole printed building is divided into five types of architectural units. As shown in Table 1, they mainly include the straight, T-shaped, I-shaped, triangular and arc unit. Then, the different typical units make up a complete model of the building.
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2.3.1 Hardware Platform

For achieving the large-scale 3D printing of buildings, a mobile construction robot system is designed in detail. As shown in Fig. 2, the system mainly includes the following hardware parts, such as mobile construction robot, pouring device and some distance and angle sensors. Among them, the mobile robot system is composed of a 6-dof KUKA manipulator, an omnidirectional mobile platform with two Pepperl + Fuchs R2000 2D laser scanners and the operation control system (such as KR C4 controller and Beckhoff module). The workspace of KUKA manipulator can be up to 3095 mm, and the maximum load of it is 90 kg. Also, the two P + F R2000 laser scanners that equipped with an inertial measurement unit (IMU) are set on the diagonal edge of the omnidirectional mobile platform to realize the autonomous localization and navigation for the construction robot. They can rotate anticlockwise with 360 degrees in the resolution of 0.1 degrees. The fourteen ultrasonic sensors and an inclination sensor are also equipped with the mobile robot to achieve the obstacle avoidance and overturning detection. Similarly, a monocular camera and four supporting legs are installed to monitor the 3D printing process and ensure the stability of the robot during printing, respectively. Lastly, the laptop that acts as a main controller comprises an Intel Core (TM) i5-8300H CPU@2.30 GHz, 8 GB RAM, and all the sensors that mentioned above are connected to it.
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Figure 2: The structure of mobile construction robot and its main components

2.3.2 Software Architecture

After the sensors are equipped with the mobile construction robot system, the software parts of the mobile construction robot system are built relatively. As shown in Fig. 3, the software mainly includes the upper computer, central computer and lower computer. The upper computer is developed in a laptop, and it can via the Transmission Control Protocol (TCP) to send task instructions. Then, the central computer acts as a server, parses the request command sent by the upper computer and gives a response. The central computer mainly includes four modules, such as the communication module between upper computer and central computer, mapping and localization module, autonomous navigation module and control module of mobile robot. The communication module between upper computer and central computer mainly includes some Application Programming Interfaces (APIs), such as control API, navigation API, status API and other APIs, and it can communicate with the upper computer through the windows socket. The mapping and localization module is to realize the localization of mobile robot by perceiving the information of the external environment through laser sensors. The function of the autonomous navigation module is to find the shortest or optimal path, and moves to the designated station without collision. The control module of mobile robot is to complete data interaction, and responds to the request task of the upper computer and updates the periodic data of the lower computer in real time. If the request command is the status information, the central computer can directly feedback, while the request command is the motion control information, it needs to be processed by the central computer and then sent to the lower computer for execution. Lastly, the lower computer software is developed by the Beckhoff module. When the Beckhoff controller receives the command, it transmits the odometry and IMU data to the central computer software by the Advanced Design System (ADS) communication and then feedbacks it to the upper computer software.
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Figure 3: Software architecture of mobile robot system for large-scale construction

3  Methods of Mapping and Localization

In order to achieve the construction of buildings based on mobile construction robot, an artificial landmark map and localization method are proposed and illustrated in Fig. 4.
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Figure 4: Flow diagram of an artificial landmark map and localization method

From above Fig. 4, it mainly includes: (1) Set the artificial landmark around the building plan, and build the global coordinate system; (2) Initialize the position of artificial landmarks in the global coordinate system; (3) Do the following steps for building the precise artificial landmark map. Firstly, build a probability graph model by connecting each artificial landmark, then, construct the objective function to obtain the optimal position of the map, lastly, calculate the position error and algorithm terminates if the optimized value converges to the threshold; otherwise, return to Step; (2). (4) Scan the local features of artificial landmarks and match to global map; (5) The matching succeeds if the matching error is less than the thresholds; otherwise, return to Step (4); (6) Extract the features of artificial landmarks with numbers of at least 3, and calculate the global localization of the mobile robot; (7) Position update; (8) Calculate the global localization result, and the algorithm terminates if the times of iterations are more than n; otherwise, return to Step (7).

3.1 Environment Modeling

The artificial landmark map is consisted of cylindrical reflectors, and each reflector is attached with the high reflective film. As shown in Fig. 5, the reflectors are denoted by l1,l2⋯l9, and they are set around the printed building plan. The building plan is classified into 15 parts, and the mobile robot will print at the corresponding station. In addition, the reflector l1 is set as the origin point of global coordinate system XgOgYg, and the direction in the center of reflectors l1−l2 is defined as the positive direction of x-axis. So, the position of reflectors that in global coordinate system can be defined as


lig=[xlig,ylig,θlig],i=1,2,⋯,9
(1)

where the parameters (xlig,ylig) represent the position of reflector li in global coordinate system, and θlig is defined as the angle of the robot.
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Figure 5: Building of the artificial landmark map in a large-scale ongoing scene

3.1.1 Position Estimations of Artificial Landmarks

Faced with the large-scale printing of buildings, the primary task is to construct an accurate map. As shown in Fig. 6, assuming the coordinate value of red reflectors l1−l2 is measured accurately, and the distances between all reflectors li−lj are denoted as dliljg(i,j∈[1,2,⋯,9]). As a result, the coordinate values (xlig,ylig,θlig) of remaining reflectors are obtained as


{dl1lig(x,y)=(xlig−xl1g)2+(ylig−yl1g)2dl2lig(x,y)=(xlig−xl2g)2+(ylig−yl2g)2θlig(x,y)=atan⁡(ylig/xlig)
(2)

where


(xlig,ylig)={xlig>0,ylig>0,i=3,4,⋯,7xlig<0,ylig>0,i=8,9
(3)

Finally, the positions of the unknown artificial landmarks are estimated from the above constraint Eqs. (2) and (3).
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Figure 6: Initial position estimations of unknown reflectors

3.1.2 Building of Artificial Landmark Map Based on the Nonlinear Graph Optimization

Firstly, the coordinate values (xl1g,yl1g) and (xl2g,yl2g) of l1 and l2 are previously known in the global coordinate system, and they are measured repeatedly. Then, to eliminate the uncertainty of artificial landmark map, a nonlinear optimization algorithm based on graphs is built to optimize the map. It is worth mentioning that the algorithm is used for the back-end optimization of SLAM. However, in our paper, it is adopted to the built of the map for improving the overall stability. As shown in Fig. 7, the artificial landmark map is regarded as a probability graph, and every reflector is denoted as a node. Then, the side of two nodes is represented as the distance between two reflectors, and it is equal to dliljg.

From above Fig. 7, the nine reflectors are set in the ongoing scene, and the side of any two nodes is also measured. Then, the nonlinear equations between them can be described as


{(xl3g′−xl1g′)2+(yl3g′−xl1g′)2=dl1l3g′2(xl3g′−xl2g′)2+(yl3g′−xl2g′)2=dl2l3g′2(xl3g′−xl4g′)2+(yl3g′−xl4g′)2=dl3l4g′2⋮(xl8g′−xl9g′)2+(yl8g′−xl9g′)2=dl8l9g′2(xl9g′−xl1g′)2+(yl9g′−xl1g′)2=dl1l9g′2(xl9g′−xl2g′)2+(yl9g′−xl2g′)2=dl2l9g′2
(4)

where (xlig′,ylig′) represents the coordinate value of reflector li, and the distance of two reflectors li and lj is also calculated as dliljg′,(i∈[1,9],j∈[1,9]).
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Figure 7: Optimization to the positions of reflectors based on a graph model

To improve the accuracy of artificial landmark map, the fourteen functions are built to calculate the coordinate values (xlig′,ylig′),i=3,⋯,9of unknown seven reflectors, and they are denoted as


{e(X1)2=(xl3g′−xl1g′)2+(yl3g′−xl1g′)2−dl1l3g′2e(X2)2=(xl3g′−xl2g′)2+(yl3g′−xl2g′)2−dl2l3g′2e(X3)2=(xl3g′−xl4g′)2+(yl3g′−xl4g′)2−dl3l4g′2⋮e(X13)2=(xl9g′−xl1g′)2+(yl9g′−xl1g′)2−dl1l9g′2e(X14)2=(xl9g′−xl2g′)2+(yl9g′−xl2g′)2−dl2l9g′2
(5)

where e(Xi),i=1,2,⋯,14 represent the cost function of reflectors li, and the parameter function e(X) and the corresponding parameter variable x are separately set as


e(Xk)2=[e(X1)2,e(X2)2,⋯,e(X14)2],k=1,2,⋯,14
(6)


x=[X1,X2,⋯,X14]=[xl3g′,yl3g′,xl4g′,yl4g′,⋯,xl9g′,yl9g′]
(7)

In order to eliminate the uncertainty error of artificial landmark map, the optimal accurate value x∗ is represented as


x∗=arg minx{E(x)}
(8)

where the objective function E(x) can be denoted as


E(x)=12∑kn(e(Xk))2=12e(Xk)Te(Xk),k=1,2,⋯,14
(9)

Then, the optimal coordinate values of remaining reflectors li,i=3,4,⋯,9 are transformed into a nonlinear least squares problem, and the optimal value x∗ can be obtained by Levenberg-Marquardt (LM) algorithm [54]. In addition, the nonlinear function E(x) is expanded by first order Taylor, and the variable x+Δx is


E(x+Δx)≈E(x)+J(x)Δx
(10)

where the minimal value of E(x) can be obtained by solving the minimal value of the objective function E(x+Δx), and the optimal variable value Δx∗ is represented as


Δx∗=arg minΔx12‖E(x)+J(x)Δx‖2=12(E(x)+J(x)Δx)T(E(x)+J(x)Δx)=12(‖E(x)‖2+2E(x)TJ(x)Δx+ΔxTJ(x)TJ(x)Δx)
(11)

Furthermore, the decline factor λ is added to the incremental equation, and the formula (11) is derived as


(J(x)TJ(x)+λI)Δx∗=−J(x)TE(x)
(12)

where the parameter J(x) represents the corresponding Jacobian matrix, and the parameter I represents the unit matrix.

As a result, the optimized variable value x∗ of the artificial landmark map is obtained as


x∗=x0+Δx∗
(13)

where the parameter variable x0 represents the initial coordinate value of the measured map, and the parameter Δx∗ also represents the optimal variable value.

3.2 Localization of Mobile Robot Based on the Optimized Map

Localization is a fundamental requirement for mobile robot, especially for printing the architectural units from different stations. In addition, the odometry cannot provide the accurate pose due to the long-term cumulative error. Therefore, the artificial landmark and the Lidar are set in the scene, and the localization of designated station can be compensated by matched features with the global map. As a result, the accurate localization of mobile robot can be improved, which greatly reduces the calibration time of the manipulator for printing buildings later.

3.2.1 Map Matching for Artificial Landmarks

Firstly, the artificial landmarks are attached with the high-reflective film, and the scanned intensity values of them can be extracted by Lidars. Then, the local map is matched with the global map, and the current localization of mobile robot can be obtained. When the scanned reflectors are not less than three numbers, the robot can successfully achieve its localization by the trilateral measurement algorithm. Therefore, when the number of scanned reflectors is three, the features of identified reflectors are extracted to match with the global map. Also, when the number of reflectors is more than 3, the four reflectors that observed by the Lidars are selected to match with the global map.

As shown in Fig. 8a, the number of k reflectors li(i=1,⋯,k∩k≥3) are placed in the ongoing scene, and any three reflectors (xlig′,ylig′) can form a triangle Δlalblc(1≤a,b,c≤k). So, the corresponding geometric relationship between them are represented as


{d1g′=|lalb|=(xlag′−xlbg′)2+(ylag′−xlbg′)2d2g′=|lblc|=(xlbg′−xlcg′)2+(ylbg′−xlcg′)2d3g′=|lalc|=(xlag′−xlcg′)2+(ylag′−xlcg′)2θabcg′=∠abc=arccos⁡(((d1g′)2+(d2g′)2−(d3g′)2)/2d1g′d2g′)
(14)

where the parameters d1g′,d2g′,d3g′,θabcg′ represent the three sides and the angle of reflectors lalblc, respectively. Meanwhile, any triangle information that exists in global scene can be summarized as


Tmg′(m=1,⋯,Ck3)={Δlalblc,(d1g′,d2g′,θabcg′)}
(15)

where the parameter Δlalblc of front part represents the triangle information of selected reflectors, while the parameter (d1g′,d2g′,θabcg′) of back part represents the matched features of Tmg′. At this time, the number k of the reflector is equal to nine.
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Figure 8: The global map and the local scanned map of the robot. (a) The number of scanned reflectors is 3 (b) The number of scanned reflectors is more than 3

In order to achieve the localization (x1g,y1g,θ1g) of the robot, the scanned features of artificial landmarks l4l5l6 by Lidars are also obtained from Fig. 8a. Then, the parameter functions between them can be obtained from Eq. (14), and the triangle information that scanned at this time is represented as


Tcg′={Δl4l5l6,(dc1g′,dc2g′,θc456g′)}
(16)

When the number of scanned reflectors is more than 3, the features of any four reflectors are extracted to match with the global map. As shown in Fig. 8b, the reflectors l4l5l6l7 are scanned while the robot moves to the station (x2g,y2g,θ2g). Then the matched relationship between local map with global map can be expanded as


{Tc456g′={Δl4l5l6,(dl45g′,dl56g′,θc456g′)}Tc457g′={Δl4l5l7,(dl45g′,dl57g′,θc457g′)}Tc467g′={Δl4l6l7,(dl46g′,dl67g′,θc467g′)}Tc567g′={Δl5l6l7,(dl56g′,dl67g′,θc567g′)}
(17)

where the variables (dl45g′,dl56g′,θc456g′), (dl45g′,dl57g′,θc457g′), (dl46g′,dl67g′,θc467g′), (dl56g′,dl67g′,θc567g′) and Δl5l6l7}{Δl4l5l6,Δl4l5l7,Δl4l6l7,  are the matched parameters in the station (x2g,y2g,θ2g).

As a result, the local scanned matching parameters are compared with the matching parameters that exist in global map. When the minimum value of the differences between them meets the following function (18), it is successful to match.


|d1g′−dc1g′|min≤Δd|d2g′−dc2g′|min≤Δd|θabcg′−θcabcg′|min≤Δθ}m,(m=1,⋯,Ck3)
(18)

where the thresholds of angle errors and distance errors are denoted as Δθ and Δd, respectively, and the parameter m represents the total numbers of matched triangle information. In our test, the thresholds of them are set as 10° and 300 mm.

3.2.2 Localization of Mobile Robot Based on the Triangular Measurement

After the artificial landmarks are successfully matched with the global map, the localization of the mobile robot will be estimated accurately. However, due to the measurement errors of Lidar sensors, the paper adopts the repeated measurement value to obtain the accurate pose of mobile robot. Then, the triangular measurement method based on the least square is also adopted [55,56].

As shown in Fig. 9, the features of three reflectors l1,l2,l3 are extracted in the global coordinate and the pose estimation of the robot is obtained as


{(xr1−x′)2+(yr1−y′)2=(h1+Dr/2)2(xr2−x′)2+(yr2−y′)2=(h2+Dr/2)2(xr3−x′)2+(yr3−y′)2=(h3+Dr/2)2
(19)

where the global coordinate of the robot and reflectors are represented as (x′,y′) and (xri,yri),i=1,2,3, respectively. Meanwhile, the distance that measured to the surface of reflector by Lidars is hi,i=1,2,3, and the diameter of reflectors is expressed as Dr.

Then, the localization SR(xg,yg) of mobile robot can be also represented as


(xg,yg)T=(ATA)−1ATb
(20)

Among them, the parameter matrix A and b are denoted as


A=[2(xr1g−xrng)⋮2(yr1g−yrng)⋮2(xr(n−1)g−xrng)2(yr(n−1)g−yrng)]
(21)


b=[(xr1g)2−(xrng)2+(yr1g)2−(yrng)2+(hn+Dr/2)2−(h1+Dr/2)2(xr(n−1)g)2−(xrng)2+(yr(n−1)g)2−(yrng)2+(hn+Dr/2)2−(hn−1+Dr/2)2]
(22)

and the direction angle μg is also obtained as


μg=1n∑i=1n(atan⁡2(yrig−yg,xrig−xg)−φlir)
(23)

where the parameter φlir represents the angle of reflectors in the robot coordinate system, and the global poses of the mobile robot are obtained as SRg=(xg,yg,μg).
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Figure 9: Trilateral positioning method based on the repeated measurements

4  Experimental Evaluations

Due to the large area of the ongoing scene, the truth of the artificial landmark map was difficult to be measured directly. To validate the effectiveness of the optimized map, the localization of mobile robot in designated station was evaluated. So, the experimental preparation and the designed route were introduced in detail, and the real-time localization for mobile 3D printing construction robot from 15 stations were also tested.

4.1 Overall Route and Experimental Preparation

The length and width of mobile platform were 2.4 m and 1.4 m. Specifically, multiple types of sensors were equipped with the mobile construction robot to achieve the localization and navigation, including two Pepperl + Fuchs laser scanners, wheel encoders, an IMU, an inclinometer and sixteen ultrasounds. As shown in Fig. 10, the nine reflectors l1,l2,⋯,l9 were set without structurally symmetric in an indoor environment of building workshop, and they were set around the building plan. Then, the nonlinear optimization algorithm was also applied into the artificial landmark map, and localization results of the mobile robot were measured in sequence by the 3D motion capture system. In addition, each architectural unit was corresponded to two printing stations, namely the inside and outside of the building. In order to validate the effect of the artificial landmark map to the localization of the mobile robot, the following inside 15 stations without considering the situation that the artificial reflectors are blocked by the printed buildings are selected. Lastly, the specific mobile process for printing buildings was shown from Station 1 to Station 15.

[image: images]

Figure 10: The route of 15 stations for large-scale construction based on the mobile robot

In order to verify the localization accuracy of mobile robot, a building plan with the length and width of 10.2 and 4.96 m was mapped in the scene by 1:1 ratio. Then, the 9 reflectors were placed in the scene to realize the localization of mobile robot. The center of the reflector l1 was defined as the origin of global coordinate system, and the direction of {Og−XgYgZg} was also shown in the Fig. 11a. Meanwhile, the calibration bar was set in the scene, and its coordinate system was represented as {og−xgygzg}. Lastly, the markers that depicted in Fig. 11b were set upon the top of mobile 3D printing construction robot, and the pose of the mobile platform would be obtained by the motion capture system (such as Optitrack sensors).

[image: images]

Figure 11: Preparation for the experimental test. (a) Calibration test (b) Experimental evaluation

4.2 Localization of Mobile 3D Printing Construction Robot in Different Stations

To complete the construction of the entire building in large-scale ongoing scene, the localization of mobile construction robot from 15 stations were tested. According to the process of Station 1 to Station 15 that shown in Fig. 12(Upper), a real mobile construction robot aided for 3D printing that integrated with functions of mapping, localization and planning for mobile robot was developed. Then, every station was designed to the corresponding architectural unit, and it was shown in the Fig. 12(Lower) by a real-time control software. In addition, to validate the effectiveness of optimized map, all artificial landmarks were set around the printed buildings and the mobile robot can move to the designated station without collision.

In addition, the printing-on-arrival strategy for printing large-scale buildings was adopted, which is to move to the designated station, and print the building in the designated station later. Assuming the ground of tested scene is flat, the planned route of mobile robot that from the Station S1 to Station S15 was conducted in Fig. 12(Lower). Correspondingly, the real-time localization results were displayed in our software. Finally, the localization results that based on optimized map were validated from Stations S1 to S15 for the mobile construction robot.

5  Results and Discussion

In order to verify the effectiveness of the optimized map to the localization of mobile 3D printing construction robot in 15 stations, the measured errors of the original and optimized artificial landmark map were compared. Also, the localization performances for mobile 3D printing construction robot that based on the original and optimized artificial landmark map were analyzed in detail.

5.1 Comparation Errors of the Original and Optimized Artificial Landmark Map

To reduce the uncertainty of the artificial landmark map, the nonlinear graph optimization method that proposed was adopted to the real robot. As a result, the coordinate values of artificial landmarks li,i=1,⋯,9 are calculated and compared with the original from Table 2. The parameter (X_original, Y_original) represents the coordinate value of the original reflector, while (X_optimized, Y_optimized) represents the optimized coordinate values. Among them, the coordinate values of l1 and l2 were regarded as the accurate.

As shown in Table 2, the differences of positions between the original and the optimized artificial landmark map were calculated by function (24), and the comparative results of errors are shown in Fig. 13.


{Errorli_x=|xli_original−xli_optimized|Errorli_y=|yli_original−yli_optimized|ΔErrorli_xy=(Errorli_x)2+(Errorli_y)2,i=1,2,⋯,9
(24)

[image: images][image: images][image: images]

Figure 12: Flowchart of real-time localization for mobile 3D printing construction robot from S1 to S15. (Upper) Localization for robot body in indoor scene; (Lower) Visualization of software for localization based on robot model

[image: images]

According to the Fig. 13, the artificial landmarks were measured repeatedly, and the average errors of them were calculated. In Fig. 13a, the maximum average error on the x-axis was the reflector l6 and Errorl6_x was 74 mm. Then, the maximum average error on the y-axis was the reflector l3, and Errorl3_y was calculated as 31.1 mm from Fig. 13b. Meanwhile, the maximum average error of Fig. 13c was ΔErrorl8_xy, and the result was 78.33 mm. However, the minimum average error was the reflector l4 except for the reflectors l1 and l2, and the results in x-axis and y-axis were 0.9 mm and 0.4 mm, respectively. The minimum of total ΔErrorl4_xy was 0.99 mm.

[image: images]

Figure 13: Average errors of the measured artificial landmarks. (a) Average errors in x-axis (b) Average errors in y-axis (c) Average errors in total

In addition, the coordinate values of all artificial landmark map were calculated, and the results of the original and optimized map were compared. The overall and partial enlarged map were visually displayed from the top view in Figs. 14a and 14b, which showed the differences between original centres and optimized centres.

[image: images]

Figure 14: Visualization of the artificial landmark map between the original and optimized. (a) Top view of overall map (b) Top view of partial enlarged map

5.2 Localization Results of Mobile Robot in 15 Stations

For achieving the printing of large-scale buildings, the buildings are classified to 15 parts, and each part was printed in the designated station. Then, the poses of the markers that set upon the mobile robot were obtained by 3D motion capture system, and they were regarded as the ground truths of localization for mobile robot. Lastly, the localization results of mobile robot in 15 stations were measured.

In addition, to compare the localization errors between the measured values and the ground truths, the coordinate transformation of mobile robot in global coordinate system was established. It was represented as


OgTOR=OgTOC⋅OCTOM⋅OMTOR
(25)

where the coordinate parameter OgTOR referred to the homogeneous transformation matrix between the center of mobile robot and global coordinate system, OgTOC referred to the homogeneous transformation matrix between the calibration bar and global coordinate system, OCTOM represented the homogeneous transformation matrix between the marker and calibration bar, OMTOR represented the homogeneous transformation matrix between the marker and calibration bar.

According to the Table 3, the localization results of the mobile robot that based the original and optimized map from the 15 stations were analyzed. In addition, the measured results were compared and shown in the Fig. 15. The coordinate values in x-axis and y-axis that based on the optimized map (red) were closer to the truths (green) than the original (blue) as a whole in Figs. 15a and 15b.

[image: images]

[image: images]

Figure 15: Localization comparation of mobile robot from 15 stations. (a) Coordinate results of x-axis (b) Coordinate results of y-axis

Meanwhile, the relative distance of two adjacent stations for mobile 3D printing construction robot were analyzed. As shown in Figs. 16a and 16b, the measured results that based on the original and optimized artificial landmark map were compared to the truth, and the relative errors of them were denoted as Original-Truth and Optimization-Truth. Through the comparative analysis from Figs. 16c and 16d, the relative errors of localization that based on the optimized map between two adjacent stations were reduced, which showed a better stability to a certain extent.

[image: images]

Figure 16: Comparations to relative localization for mobile robot from the adjacent stations. (a) Relative distances of Stations S1 to S8 (b) Relative distances of Stations S8 to S15 (c) Relative errors between two adjacent stations from S1 to S8 (d) Relative errors between two adjacent stations from S8 to S15

Further analysis of absolute localization errors for mobile robot were introduced in Fig. 17. On the whole, the localization accuracies of mobile robot were improved by the optimized map. Fig. 17a has shown the absolute localization errors of the x-axis based on the original and optimized artificial landmark map from Station S1 to Station S15. As a result, the minimum error denoted by red* were up to 1.1 mm in Station S7. However, the localization accuracies in Stations S4, S8, S9, S10 that based on the optimized map were not better than that of the original map. Meanwhile, Fig. 17b has shown that the localization results in y-axis based on the optimized artificial landmark map were better than that of the original map. The minimum absolute localization error that from the Station S12 was 31 mm. Fig. 17c has revealed that the total absolute localization errors from Station S1 to Station S15, and the localization accuracies of total for mobile robot were improved. Finally, the average localization errors based on the optimized map were reduced by about 21% compared to the original from all stations, which demonstrated a higher performance.

[image: images]

Figure 17: Comparison of absolute localization errors based on the original and optimized map. (a) Errors in x-axis (b) Errors in y-axis (c) Errors in total

In addition, the simulation of 3D printing buildings based on the mobile robot is depicted by the Unity software, and the construction process of the building is also visualized in Fig. 18. As shown in Fig. 18, the straight building unit that printed in a certain station by the robot is demonstrated. Fig. 18a represents the ConRob 3D simulation for 3D printing buildings, while Fig. 18b displays the virtual printing of the straight building unit by the manipulator. When the ConRob 3D simulation is over, the real mobile robot that on site for printing the building unit will work. The advantages of the designed workflow can be summarized as the following aspects: (1) The ConRob 3D simulation can effectively avoid the collision of the robot and printed buildings, the collision of robot’s joints and the printing head. (2) It can also mirror the process of printing buildings for a real robot, which provides a more intuitive demo in advance. (3) It greatly enhances the efficiency of printing buildings in a real robot, and extends the life of the robot.

[image: images]

Figure 18: Demonstration diagram of the robotics aided for printing the straight building unit in a certain station. (a) ConRob 3D simulation for printing buildings of the software (b) Virtual printing of the straight building unit by the mobile robot

6  Conclusions and Future Work

To overcome the insufficient localization of mobile robot in featureless scene, an artificial landmark map is built in advance. Then, affected by the uncertainty of mapping, an accurate map is further constructed by a novel non-linear graph optimization method based on graphs. As a result, the localization performance of the mobile robot is improved, which effectively promotes the automation of architecture construction. This notion allowed us to improve the localization accuracy of the mobile robot by incorporating the reflectors attached with the high-reflective film for a large-scale ongoing scene. Experiments were performed in the large-scale indoor environment that surrounded by the building plan, which demonstrated a better localization of the mobile robot based on the optimized artificial landmark map. In addition, the main advantage of the proposed method was practical and efficient to the feature map and localization, which laid a better performance for the work of navigation and planning. In our future work, two aspects will be conducted gradually. The first work is to complete the real concrete printing based on the mobile robot on site. The mixer and pump equipment are integrated with the mobile robot, and the concrete architectural unit will be printed in sequence with collision-free. Another work is to develop the SLAM technology that is suitable for the artificial landmark map in large-scale ongoing scene, which is used to further improve the autonomous mobility of robotics and the degree of automated construction.
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Table 3: Localization for mobile robot based on the original and optimized map
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