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Abstract: A novel double restriction method contains Euclidean distance and angle 

threshold is proposed to deal with the problem of easy to fall into local optimum and 

large matching error in the traditional iterative closest points (ICP) algorithm, and a 

indoor mobile robot RGB-D simultaneous localization and mapping (SLAM) using Kinect 

camera is further developed. Firstly, use Kinect camera to get color information and 

depth information for the indoor environment, through the image feature extraction 

and matching procedure, combined with the camera intrinsic parameters and Pixel 

depth values, the association between two 3D point clouds is established. Secondly, 

the initial registration is completed by using the random sample consensus (RASAC) 

algorithm to remove outliers. Meanwhile, accurate registration is completed by the 

improved ICP algorithm. Finally, we introduce the weight in the selection of key frames, 

optimize robot pose by using g2o algorithm. The experiment proves the effectiveness 

and feasibility of the method, improves the accuracy of the 3D point cloud map, and 

estimates the robot trajectory. 
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1. Introduction 

In recent years, with the deepening of SLAM research, the three-dimensional 

reconstruction has become a boom in the field of robot research [1]. In essence, all of 

the SLAM calculations are for sensor data processing, so the parameters of the basic 

equations of the different sensors are different. Common SLAM sensors are IMU, laser 

and camera. IMU usually contains gyroscope and accelerometer, gyroscope has a good 

dynamic response, but will produce cumulative error; accelerometer will not produce 

cumulative error, but vulnerable to vibration when the machine is running; laser sensor 

has the advantage of high precision, wide detection range, but expensive, power 

consumption. The camera is divided into monocular camera, binocular camera and 

RGB-D camera [2]. Single-camera cannot directly obtain the depth of the image 
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information, you need to move the camera to produce depth; binocular camera 

calculation depth through the parallax, but the calculation is large and the real-time is 

poor; the typical RGB-D camera, such as Kinect, has the advantages of low price, rich 

information, fast update speed, direct access to image depth and so on, making it be 

the mainstream visual sensor of RGB-D SLAM system, and favored by the majority of 

visual SLAM researchers. Therefore, scholars have made some research achievements 

on the application of Kinect in indoor mobile robots. 

A complete RGB-D SLAM system should contain five parts: sensor data, visual 

odometer, nonlinear optimization, mapping and loop detection. The purpose of the 

visual odometer is to estimate the camera movement, including feature point detection 

and extraction, adjacent frame registration, iterative nearest point, etc. Nonlinear 

optimization is to optimize the robot's trajectory from the sensor noise data and to build 

the map incrementally. Loop detection [3] is a robot to determine whether to return to 

the previous location by identifying the similarity between images. In the visual 

odometer part, the ICP algorithm is usually used to estimate the camera's motion. 

However, the traditional ICP algorithm [4] to search for the corresponding point is quite 

time-consuming, and prone to a large number of false match point pairs. In view of the 

above problems, many scholars have proposed excellent improved ICP algorithm: In 

[5], a novel and efficient 3D registration method is proposed based on 2D local feature 

matching for multi-scene 3D reconstruction. This method converts the 3D point cloud 

into a 2D bearing angle image, and then uses the SURF feature to search the matching 

pixel pair between the two images to obtain the corresponding point of the 3D point 

cloud. Then, the optimal rotation matrix is obtained by SVD-based method, and the 

point cloud is aligned with the matrix to reconstruct the 3D model. This method greatly 

reduces the algorithm computation time, but it is not as accurate as the traditional ICP 

algorithm. In [6], a method of 3D modeling of common objects in home is proposed by 

using RGB-D sensor for hand-eye coordination and grabbing of service robot. The 

method can reconstruct the 3D model only by taking tens of frames around the object, 

but it cannot estimate the camera position. 

Aiming at the above research situation, this paper presents a new visual SLAM method 

for indoor mobile robot. The Kinect camera is used to obtain the indoor environment 

information, and the feature of the acquired color image is extracted and matched. 

After combining the calibrated Kinect with the pixel depth value, the corresponding 

spatial corresponding point cloud is obtained, and the RANSAC method is used to select 

the reliable interior point for the initial pose estimation to complete the initial matching. 

In the process of fine matching, the initial matching result is used as the initial value of 

the fine matching. By adding the point-to-pair distance threshold and the angle 

threshold, the error matching point is eliminated and the accuracy of the point cloud 
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registration is improved. The weight is introduced in the selection of the keyframe to 

achieve three-dimensional map optimization and update.  

 

2. Principle of Improved Mobile Robot V-SLAM Based on Kinect 

2.1 System Structure 

As shown in Figure 1, the Kinect sensor is calibrated to obtain the internal parameters 

of the camera, the acquired color image is used for feature detection and extraction. 

Using RANSAC (Random Sample Consensus) to remove the outliers to obtain the initial 

pose estimation after the initial screening, and then use the improved ICP algorithm to 

complete the precise match of the point cloud. The weight is introduced in the selection 

of the keyframe to achieve three-dimensional map optimization and update. Finally, get 

the robot trajectory and indoor environment point cloud map.  
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Fig.1 The frame of RGB-D SLAM system for mobile robot in indoor environment 

 

2.2 Feature Detection and Matching 

SLAM contains two questions, one is "localization", one is "mapping”. The key to solving 

the positioning problem is how to obtain the camera movement based on the 

information of the adjacent image after the camera obtains the indoor environment 

information of the robot. This process is also called the visual odometer. The realization 

method of visual odometer is divided into feature method and direct method. The 

feature method is stable and is not sensitive to light and dynamic objects. It is a mature 

solution. Therefore, this paper adopts the feature method. 

With years of exploration in the field of computer vision, researchers have proposed 

many excellent image feature detection methods. Such as the famous FAST [7] key 

points, SIFT [8] and SURF [9]. FAST key points are fast, but FAST detectors do not have 

directionality. The SURF algorithm uses a box filter, the use of integral images to reduce 

the use of box filtering for convolution of the time, box filter can accelerate the 

convolution process, and establish faster than SIFT in the scale space. In this paper, we 

use the SURF feature with rotation and scale invariance. After extracting the image 

features, it is necessary to determine the correspondence between the two points. The 

simplest way is BFM (Brute-Force Matcher), but when the number of feature points is 

large, the amount of violence matching method will become very large, the operation 
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process is very time-consuming, so the selection is more suitable for matching points 

Fast Library for Approximate Nearest Neighbor, fast approximation nearest neighbor 

(FLANN) algorithm [10]. 

The main process of feature point detection and matching using SURF algorithm is as 

follows: 

Step1. Detect the image key points; 

Step2. Use the "pyramid" to build the scale space; 

Step3. Key point positioning; 

Step4. Determine the main direction of each key; 

Step5. Generate the feature descriptor; 

Step 6. Use FLANN to match the feature descriptor. 

 

2.3 Kinect Calibration and Point Cloud Generation 

Color images and depth images must be combined with Kinect internal parameters to 

generate three-dimensional point cloud. The Kinect camera has a fixed internal 

reference after the factory, but these parameters will change with changes in 

environmental factors such as temperature, humidity, and air pressure. It is necessary 

to perform camera calibration before use [11]. In this paper, Kinect is calibrated by the 

method of [12]. After the camera completes the calibration, any point in the image can 

be combined with the depth of the point to get the corresponding three-dimensional 

spatial point coordinates, and then generate three-dimensional point cloud data. The 

correspondence between the pixel points in the two-dimensional image (where d refers 

to the depth data) and its spatial points is as follows: 
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Where: xf  and yf  represent the focal length of the camera on the x and y axes, 

xc and yc represent the aperture center of the camera, and s represents the scaling 

factor of the depth map, that is, the ratio of the depth map data to the actual distance. 

Are in millimeters, so it is usually 1000.Normally, xf 、 yf 、 xc 、 yc is defined as the 

camera's internal matrix. 
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2.4 Point Cloud Registration and Pose Estimation 

2.4.1 RANSAC Algorithm to Complete the Initial Match 

ICP algorithm relies on a good initial value selection, if the initial value is not 

appropriate, iterative easy to fall into the local optimal, and cannot achieve the global 

optimal effect. RANSAC is a stochastic parameter estimation algorithm, which obtains 

the best model parameters by randomly sampling the sample subset, calculating the 

model parameters, setting the threshold, and so on [13]. In this paper, the RANSAC 

algorithm is used to match the feature points of two adjacent RGB graphs. By setting a 

threshold d in advance, the matching point pairs are divided into inner points and outer 

points, and the matching point pair which is larger than this threshold is removed, and 

the influence of the external point on the rough match is eliminated. The initial pose 

estimation of the Kinect camera is carried out under the least squares method. The 

source point set Acan be roughly matched to the target point set B , and the two point 

clouds after rough matching are denoted as P andQ respectively. The pose conversion 

relationship of the position of the camera in the i-th moment iP  and the i+1-th moment 

of the pose 1iP : 
1

1



  i

i i iP PT                                                                         (5) 

 2.4.2 Traditional ICP Algorithm 

The traditional ICP algorithm solves the least squares mean square error problem to 

get rigid body transformT containing the rotation matrix R and the translation matrix t , 

so as to realize the motion estimation of the adjacent position of the camera. The 

traditional ICP algorithm steps are as follows: 

(1)For each point ip in the source set P , the nearest neighbor jq is searched for in the 

target point set Q , thus forming two pairs of one-to-one matching point clouds, 

denoted as 'P and 
'Q , respectively: 

 '
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(2) Solve the rigid body transformation by minimizing the mean square objective  

function. 

 
21

1
  


m j i

n
d q Rp t

in
                                                          (8) 

3 3 3 1

0 1

  
  
 

R t
T                                                                        (9) 

Where: R is the rotation matrix and t is the translation matrix. 

(3) Transformation of point clouds 

1 1 1   m m m mP R P t                                                                (10) 
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Where: m represents the number of iterations. 

 Stop iteration when 1  m md d is satisfied, otherwise return to step (1), where  the 

threshold is greater than zero. 

 

2.4.3 Improved ICP Algorithm to Complete the Accurate Match 

The traditional ICP algorithm is based on the assumption that the two sets of points 

cloud completely coincide. However, in the practical application, the point in the 

cloud P cannot always find the corresponding point in the point cloudQ , there are a 

large number of false matching points in the traditional ICP algorithm, the algorithm is 

easy to fall into the local optimal, and even cannot converge. In order to reduce the 

registration error and improve the precision of point cloud registration, it is necessary 

to use the improved ICP algorithm to register the point cloud accurately. In the process 

of accurate matching, the initial matching result is used as the initial value of the 

accurate matching, and the mismatched point pairs are eliminated by using the 

Euclidean distance threshold method and the Angle threshold method to screen out the 

pair of points satisfying the threshold condition. The principle of the threshold method 

is shown in Fig 2. 
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Fig.2 Euclidean distance threshold method and Angle threshold method 

 (1) Euclidean distance threshold  

In this paper, the Euclidean distance threshold is added to remove the match that is less 

than the average point pair distance. The topology among neighboring points will not 

be influenced by rigid transformations. Therefore, one point and its neighbors on 

one-point cloud should also be neighboring points on other point cloud. The distance 

threshold for each point pairs is proposed as follows: 
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Where ip and ineip denote one point and its neighbors on the point cloud 'P , jq and jneiq  

denote the corresponding points of ip and ineip  on the other point cloud
'Q . u denotes 

the average Euclidean distance between matching point pairs after initial matching,  

  denotes the distance threshold. 

(2) Angle threshold 

Most of the noise point clouds can be removed after use the Euclidean distance 

threshold method. Combined with the Angle threshold, we can further detect the 

correctness of the point match to improve the correct rate of point cloud selection. We 

use the nearest search algorithm of point-to-tangent plane. For a given point and its 

corresponding point, we fit the plane by its neighboring point set and find the 

corresponding approximate normal vector. The Angle threshold limit is proposed as 

follows: 

cos 
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Where in  and jn denote the approximate normal vectors of points ip and jq ,   

denotes the angle of the two matching points to the approximate normal vector,   

denotes the angle between iop  and joq . 

 

2.4.4 Improved ICP Algorithm Steps 

Step1: Select the initial point set 0iP  in the point set P . 

Step2: Search the nearest point set from 0iP on the target point set Q .Use the 

Euclidean distance threshold method to remove the noise points and get the pairing 

point clouds 0iP  and 0iQ .  

Step3: Apply the angle threshold method to further eliminate the false matching point 

pairs and get the accurate match point set 1iP  and 1iQ . 

Step4: The rotation matrix R and the translation matrix t are obtained by using SVD 

(Singular Value Decomposition). 

Step5: Calculate the point set 2iP  according to formula 2 1 i iP RP t . 

Step6: repeat Step3 ~ Step5 until the formula (15) is satisfied 
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2.5 3D Map Updating and Optimization 

2.5.1 The Keyframe Selection 

Kinect camera will collect indoor environment information with a certainly frame rate, 

even if the camera does not move, the program's memory footprint will increase 

gradually. In the RGB-D SLAM system, too many keyframes will increase the time of 

closed-loop detection and global optimization, and too few keyframes will result in a 

large gap between keyframes so that failure of matching will occur frequently. In order 

to meet the success rate of inter-frame registration and the system real-time 

requirements, a key frame selection mechanism is introduced. On keyframe selection, 

the rotation change is more sensitive than translation, so we add a key frame after a 

slight change in rotation or a relatively large distance after translation. Once a new 

frame comes, its image features are detected and its transform to the latest keyframe 

is calculated. A keyframe is added if the transform exceeds the threshold  . 

   Δ Δ Δ
T

1 2 22

φ= λ x, y, z + λ α,β,γ                                                        (16) 

Where   , ,  x y z  denotes the translation vector,  , ,    denotes relative Euler angle, 

1
 is the translation weight parameter, 2

 is the Euler angle weight parameter.  

 

2.5.2 Pose Optimization 

In the SLAM process, the pose transformation between the two frames can be 

calculated by the formula (5), the transformation matrix of each time relative to the 

starting time can be obtained by the formula (17) 

 
1 2

0 0 1 ( 1)

k k

kT T T T                                                            (17) 

There is an error in the process of each pose conversion, if not optimized, will produce 

cumulative error. In this paper, we use the g2o optimization algorithm [14] to optimize 

the cumulative error, the error function  F x  is defined as follows: 
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Where ix  denotes the robot position at the moment i , ijz represents a constraint 

between ix  and jx , ij  represents the information matrix between ix  and jx , 

 , ,i j ije x x z  denotes the error function. 
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3. Experiment Results and Analysis 

The experimental platform consists of three main parts, the first part is an Intel 

dual-core 4.0GHz clock speed of the computer, equipped with Linux as the kernel of the 

Ubuntu 14.04 operating system. The second part is Kinect XBOX360, the image 

resolution is 640480, the maximum frame rate is 30 frames/s, the horizontal field 

angle is 52 °. The third part is the Pioneer3-DX robot. The experimental environment 

is a small laboratory of about 80 square meters.  

 

 

(a)                                  (b) 

Fig.3 (a) Experimental scene. (b) Experimental installation 

In the course of the experiment, the Pioneer3-DX robot is equipped with a notebook 

computer and Kinect camera, and moving at the speed of 0.1m / s in the laboratory. 

Kinect camera can obtain the color information and depth information of the indoor 

environment and use the keyframe selection mechanism to detect and extract the 

image features of the new key frame and generates 3D point cloud data with the depth 

of pixels in the camera calibration. An improved RANSAC-based ICP point cloud 

registration algorithm is used to register two adjacent point clouds to obtain the 

camera pose estimation. Throughout these experiments, x
f = 518.0 , y

f = 519.0 , 

x
c = 325.5 , y

c = 253.5 , s = 1000 , d = 5.00cm , δ = 0.05 , ω = 0.95 , τ = 0.05 .The point 

cloud resolution is set as 0.02, the maximum number of iterations is 50, the inlier 

threshold is N = 13 .For each key frame, the time of feature points matching, mismatch 

culling and map updating is about 200ms. 

In the experimental scenario, Figure 4 (a) is the first frame data (including color 

information and depth information) acquired by the camera. Figure 4 (b) shows the 

second frame data obtained by the camera. The view of the two frames has only a 

small translation in the horizontal direction. Figure 5 is the color point cloud map of the 

first frame data. Figure 6 (a) is a matching point pair without RANSAC algorithm, since 

the two frames of data only move in the horizontal direction, so it contains a large 
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number of false match point pairs. Figure 6 (a) is a matching point pair after RANSAC 

algorithm. It can be seen that the effect of noise on the matching result is basically 

eliminated after the mismatch, and the matching accuracy is improved. 

 

 

(a)                                                      (b) 

Fig.4 Two frames in indoor environment. (a) The first frame. (b) The second frame 

 

 

Fig.5 3D color point cloud of the first frame data 

 

  

 (a)                                                       (b) 

Fig.6 The experimental results of coarse matching. (a) before RANSAC. (b) after 

RANSAC 

 

Figure 7 (a) shows the result of 3D reconstruction by using the method of Document 

[6]. The outline of cargo rack, AGV car, wall panels and other objects is not clear. The 

left curtain has redundant points. Figure 7 (b) shows the result of 3D reconstruction by 

using the improved ICP algorithm. In contrast, the accuracy of point cloud map 

obtained by our algorithm is significantly improved. The outline of cargo rack, AGV car, 

wall panels and other objects become clear, and redundant points on the curtain is 

significantly reduced. Figure 8 shows Map updating and optimization by using g2o 

algorithm. Light blue lines indicate loopback detection, which includes local loopback 
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and global loopback. Figure 9 shows the robot trajectory estimation through MATLAB 

simulation. 

     

 (a)                                     (b) 

Fig.7 The experimental results of 3D reconstruction in indoor environment. (a) 3D  

reconstruction with the method of literature [6]. (b) 3D reconstruction with the 

improved ICP algorithm 
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Fig.8 g2o optimization diagram                  Fig.9 Robot trajectory estimation 

 

4. Conclusion 

This paper proposes a new indoor mobile robot SLAM system. A new method of 

Euclidean distance and Angle threshold is proposed tHo improve the registration 

accuracy of point cloud, and to reduce the registration error. Combined with the 

keyframe selection mechanism and g2o optimization algorithm, to optimize and update 

the three-dimensional map. The experimental results show the effectiveness and 

feasibility of the proposed algorithm in the real indoor environment. Further 

improvements will focus on the following areas: (1) Using optical flow method to track 

feature points, to accelerate the feature point based on the visual mileage calculation 

method. (2) To improve the local map, using the map visual odometer. 
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