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Abstract: Motion detection and tracking is a relevant problem for mobile robots during 

navigation to avoid collisions in dynamic environments or in applications where service 

robots interact with humans. This paper presents a simple method to distinguish mobile 

obstacles from the environment that is based on applying fuzzy threshold selection to 

consecutive two-dimensional (2D) laser scans previously matched with robot odometry.  

The proposed method has been tested with the Auriga-α mobile robot in indoors to estimate 

the motion of nearby pedestrians. 
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1. Introduction 

Motion detection can be performed by separating foreground from background in a sequence of 

images [1,2] or laser scans [3,4] taken from a static location. From a vehicle in motion, a more 

challenging problem appears because unmatched areas can correspond either to moving obstacles or 

occlusions due to different points of view [5]. In this case, motion sensing can be useful both for mobile 

robot navigation [6] and for driving assistance systems [7]. 

OPEN ACCESS



Electronics 2015, 4 83 

 

 

Different sensor configurations such as a single camera [8], stereo vision [9], 2D [10] or 3D [11] laser 

scanners can be employed to assess motion. Mertz et al. present a complete review of works that have 

developed detection and tracking of moving objects based on 2D laser scanners [12]. Working with this 

kind of sensor, moving objects can be reliably identified by searching for discrepancies of a scan with a 

previously known map of the environment [13]. Alternatively, the robot can be first driven around to 

build a background map of the environment [14,15], an updated local map around the robot can be 

employed [16,17] or motion detection can be integrated into SLAM [18]. Simpler procedures employ, 

at least, matched consecutive laser scans [5]. Pedestrians are usually regarded as dynamic obstacles that 

should be avoided [8], but they can also be followed at a certain distance [10,19]. 

A key process for motion detection is data clustering that consists in grouping together those points 

in a laser scan that belong to the same potential mobile object. To distinguish them from static objects, 

geometric and statistical features [20], theoretical shape models [21], laser reflection intensity [22] or a 

threshold [16,17] can be used. The clustering threshold can be chosen empirically as a constant [17] or 

time-variant value [16]. 

In this paper, fuzzy threshold selection is applied to detect mobile objects by taking into account both 

curvature and speed of the robot. In this way, the number of clusters to be processed can be reduced.  

The proposed solution only employs two consecutive laser scans previously matched with robot 

odometry. This simple method has been tested in indoors with a tracked mobile robot to estimate the 

motion of nearby pedestrians. Moreover, the proposed strategy has also been compared with constant  

threshold selection. 

The rest of the paper is organized as follows. The next section reviews the detection process to capture 

motion. Then, fuzzy threshold selection is described in Section 3. Experimental results are presented in 

Section 4. Finally, conclusions, acknowledgments and references complete the paper. 

2. Motion Detection Procedure 

The procedure pursues to obtain sets of consecutive laser points from a scan called segments that can 

correspond to mobile objects. An overview of the whole procedure is outlined in Figure 1. 

In the first step, those laser points from the current scan whose ranges are too far, are discarded using 

a maximum distance d: ݀ = ܼ Φܯ ߨ (1) ߜ

where M is the minimum number of points required to discern a mobile object of size Z, and δ, Ф are 

the angular resolution and the field of view of the onboard laser scanner, respectively. 

The range scan at discrete time k-1 is a set of Cartesian coordinates ሾݔ௞ିଵሺ݆ሻ,   ௞ିଵሺ݆ሻሿ indexed byݕ

j = 1 to N. The current scan at time k ሾݔ௞ሺ݆ሻ, ,ሺ݆ሻ൯ܬො௞൫ݔൣ is projected into the previous XY frame to obtain	௞ሺ݆ሻሿݕ ሺ݆ሻ൯൧ܬො௞൫ݕ  according to odometric data, where J(j) represents the correspondence index  

function [23]. Note that with laser scanners with a limited field of view there can be points  

without correspondence. 
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Figure 1. Overview of the motion detection procedure. 

In the second step, called clustering, the projected scan is compared with the previous one.  

The procedure considers that for static objects, the distances measured in consecutive scans differ in a 

value lower than a given threshold σ. The result of applying σ to matched consecutive scans is a binary 

vector V sized N composed of zeros and ones ܸሺ݆ሻ = ቆට൫ݔො௞ሺܬሺ݆ሻሻ െ ௞ିଵሺ݆ሻ൯ଶݔ ൅ ൫ݕො௞ሺܬሺ݆ሻሻ െ ௞ିଵሺ݆ሻ൯ଶݕ ൐ ቇ (2)ߪ

A zero in V(j) can mean either that point ሾݔ௞ሺ݆ሻ,  belongs to a stationary object or it has no	௞ሺ݆ሻሿݕ

correspondence, whereas a one means that the point can be part of a potential mobile object.  

Every unbroken sequence of ones is called a cluster ܥ௜ of length ܮ௜. Let ܥሺ݇ሻ represent all the clusters T 

at discrete time k included in V: 

ሺ݇ሻܥ =ራܥ௜ሺܮ௜ሻ்
௜ୀଵ  (3)

where ∑ ௜ܮ ൑ ܰ௜்ୀଵ . 
The last step, called segmentation, is to distinguish those clusters that can match with pedestrians.  

As the clusters generated by threshold selection differ in size, they are transformed into segments of a 

regular number of points by the application of the following basic rules.  

Firstly, when short clusters are close to each other, they are grouped together in only one segment. 

This is useful to consider one mobile object for the legs of a person. Moreover, clusters with a fewer 

number of points than M are discarded, and long clusters are divided into smaller segments. In addition, 
the segments classified as potential pedestrians in the previous scan ൣ ௫ܰ, ௬ܰ൧௞ିଵ  but not confirmed,  

such as occluded parts of the environment or the first detection of a person, together with the set of 
segments identified as static objects until time ݇ െ ,௫ܨൣ 1  ௬൧௞ିଵ are considered as well. The final resultܨ

is the set of segments ൣܯ௫,ܯ௬൧௞that most probably correspond to pedestrians in the current scan and the 

updated sets ൣ ௫ܰ, ௬ܰ൧௞ and ൣܨ௫,  .௬൧௞ܨ
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3. Fuzzy Threshold Selection 

The number of clusters to be processed during navigation is a key parameter to be optimized.  

When using a small value for σ, a greater number of clusters need to be considered to discriminate those 

that can correspond to mobile objects. On the other hand, with a large value for σ, the number of clusters 

reduces but relevant motion information can be lost. 

Bigger vehicle curvatures have usually associated bigger odometric errors. Thus, it is necessary to 

reduce the threshold to study in detail more clusters. However, with bigger robot speeds, wrong motion 

detections can be reduced by increasing the threshold. The problem with a constant threshold is that it 

cannot satisfy both situations at the same time. 

Fuzzy logic can deal with this problem by applying approximate reasoning. Fuzzy logic has been 

employed in mobile robot navigation for a long time, e.g., path tracking [24]. In this way, a fuzzy 

algorithm can choose a proper value for σ according to the actual conditions of speed and curvature of 

the vehicle in an adaptive way. 

To formulate the fuzzy rules in the classical form IF <inputs> THEN <output>, the relationship 

between inputs and output must be established. Thus, when the absolute value of the curvature increases 

during turnings, the threshold must decrease. On the contrary, when the speed increases, the threshold 

has to increase. In case of conflict between both inputs, curvature is more relevant than speed. The fuzzy 

sets and rules need to be adjusted experimentally for each mobile robot. Particularly, it depends on robot 

odometry, and on its maximum speed and curvature. 

Fuzzy inference can be a time-consuming process during navigation. To speed up threshold selection, 

a fuzzy surface can be generated off-line. Then, it is only necessary to interpolate this surface with real 

inputs to obtain the σ value to be applied. 

4. Experimental Results  

The experiments have been carried out by the tracked mobile robot Auriga-α with a 2D laser scanner 

(Sick LMS 200) placed in the front of the vehicle and 0.55 m above the ground (see Figure 2). 

Locomotion with skid-steer implies that the top speed of 1 m/s can only be reached during straight line 

motion and decreases according to the increase in demanded curvature. 

 

Figure 2. The mobile robot Auriga-α with its 2D laser scanner. 
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The field of view of this rangefinder is 180° with an angular resolution of 0.5°. This means that each 

scan is composed of N = 361 points. A complete new scan takes 270 ms to be transmitted to the on-board 

computer. Nevertheless, the motion detection procedure is applied every 540 ms, i.e., discarding one of 

two successive scans. 

Odometric data is obtained every 30 ms by encoders on both traction motors. Motion estimation of 

this tracked vehicle is calculated using an approximate kinematic model for hard planar surfaces [25]. 

This data is employed for matching consecutive laser scans. 

Three triangular fuzzy sets have been defined for each of the inputs (i.e., speed and curvature) and 

also for the output σ. The Mamdani fuzzification technique has been used as well as the center of gravity 

for defuzzification. The resulting fuzzy surface is shown in Figure 3. 

The experiments took place in the hall of a building characterized by a centered pair of columns, stairs 

and a wall with several glass doors (see Figure 4). With the empirically-chosen values of M = 4 and  

Z = 0.5 m in Equation (1), the maximum distance for pedestrian detection is 14 m. The proposed approach 

has been tested using both simulated and real data obtained by manually guiding the robot with a joystick. 

 

Figure 3. Fuzzy surface for threshold selection in Auriga-α. 

 

Figure 4. The experimental site. 
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4.1. Results with Simulated Data 

Three experiments have been performed with an accurate simulator of the Auriga-α mobile robot. 

Pedestrians are simulated as a circumference of radius 0.2 m moving in straight line at a constant speed 

of 0.8 m/s. In the first experiment, a person crosses behind the column and then passes through an open 

door. In the second and third experiments, a pedestrian walks in parallel to a wall separated at a distance 

of 0.1 m and 0.4 m, respectively. 

 
(A) (B) 

Figure 5. Motion detection in the first simulated experiment: Raw matched data (A); and 

segmentation results (B). 

The maps obtained by successive alignment of consecutive laser scan are shown in Figures 5A,  

6A and 7A. It can be observed that these maps contain errors due to accumulated matching errors with 

robot odometry. These figures also show the trajectories followed by Auriga-α during the experiments. 

 
(A) (B) 

Figure 6. Motion detection in the second simulated experiment: Raw matched data (A); and 

segmentation results (B). 
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The results of applying the motion detection procedure to the laser scan using fuzzy threshold 

selection are shown in Figures 5B, 6B and 7B. Segments are represented with asterisks that are plotted 

at the mean value of the coordinates of the points belonging to it. Red asterisks show the detected motion 
of a pedestrian ൫ൣܯ௫,ܯ௬൧൯. Green asterisks mean static segments ൫ൣܨ௫,  ௬൧൯. Magenta asterisks representܨ

potential but not confirmed motion ൫ൣ ௫ܰ, ௬ܰ൧൯. 

 
(A) (B) 

 
(C) (D) 

Figure 7. Motion detection in the third simulated experiment: Raw matched data (A);  

fuzzy segmentation results (B); and results with constant threshold σ = 0.7 m (C); and  

σ = 0.8 m (D). 

In the first simulated experiment (see Figure 5), it can be observed that the proposed method  

detects correctly the pedestrian and is able to resume detection after crossing behind the column.  

However, tracking is interrupted when the person passes through the door. In the second experiment  

(see Figure 6), the proposed method usually fails to distinguish the person from the wall. This does not 

happen with a bigger distance to the wall as shown in the third experiment (see Figure 7A,B). Moreover, 

in Figure 7C,D it is shown that fuzzy threshold performs better than a constant threshold. 
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4.2. Results with Real Data 

The maps obtained by successive alignment of consecutive laser scan are shown in Figures 8A and 9A. 

The trajectories followed by Auriga-α in both experiments with 8-shaped and O-shaped forms are  

also shown. 

The performance of the procedure to avoid wrong detections has been checked in the first experiment. 

In this sense, the pattern of a column partially captured by the laser is similar to the pattern of a person 

in a scan. During this experiment, only one person is in the hall, but walks from the rear of the mobile 

robot entering the field of view of the laser rangefinder just for a moment. On the other hand, in the 

second experiment, two persons at different times walked in the hall and can be observed by the  

mobile robot. 

The results of applying the motion detection procedure to the laser scans using fuzzy threshold 

selection are shown in Figures 8B and 9B for the first and second real experiments, respectively.  

Figure 8B shows that the columns are correctly identified as static objects. Moreover, the person who entered 

the field of view of the laser scanner for a moment is also properly detected. In Figure 9B, the trajectories 

of two persons walking through the hall during the experiment are correctly detected. 

 
(A) (B) 

Figure 8. Motion detection in the first real experiment: Raw matched data (A); and 

segmentation results (B). 

The thresholds applied during both experiments with fuzzy selection are shown in Figure 10. It can 

be observed that under constant speed, threshold decreases when the absolute value of curvature 

increases. The mean values for σ are 0.703 m and 0.687 m for the first and second experiments, 

respectively, which are very similar. The standard deviations with respect to the mean value are  

12.6 cm and 7.9 cm for the first and second experiments, which is bigger for the first experiment because 

it includes greater variations both in speed and curvature. 
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(A) (B) 

Figure 9. Motion detection in the second real experiment: Raw matched data (A); and 

segmentation results (B). 

(A) 

(B) 

Figure 10. Fuzzy thresholds obtained in the first (A); and second (B) real experiments. 
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The results obtained by applying different constant values to σ are compared with fuzzy threshold 

selection in Tables 1 and 2 for the first and second experiments, respectively. The total number of clusters 

along the experiments is shown. The total number of wrong detections and undetected motions for every 

execution of the motion detection procedure are also specified. In the case of σ = 0.3 m, the number of 

clusters are bigger corresponding to the poorest filtering result. On the contrary, the value of σ = 0.9 m 

provides the fewest number of clusters. In case of using a constant threshold, the best option would be  

σ = 0.7 m, but the fuzzy selection provides slightly better detection results with a fewer number of 

analyzed clusters in both experiments. 

Table 1. Effect of threshold selection in the first real experiment. 

Threshold (σ) 0.3 m 0.6 m 0.7 0.8 m 0.9 m Fuzzy 

Number of clusters 2054 1506 1312 1172 1042 1179 
Wrong detections 3 1 1 4 1 1 

Undetected motion 0 0 0 0 0 0 

Table 2. Effect of threshold selection in the second real experiment. 

Threshold (σ) 0.3 m 0.6 m 0.7 m 0.8 m 0.9 m Fuzzy 

Number of clusters 1420 809 771 712 645 708 
Wrong detections 0 0 1 2 2 0 

Undetected motion 0 0 0 1 1 0 

5. Conclusions 

In this work, it is proposed the use of adaptive threshold selection with fuzzy logic for the detection 

of mobile objects. Fuzzy threshold depends both on the actual speed and curvature of the mobile robot. 

This simple method employs two successive laser scans matched with odometry and requires neither 

building a map of the environment nor looking for the best scan overlap. The experiments with the mobile 

robot Auriga-α show the reduction in the number of clusters to be processed in order to detect pedestrians. 

Future work will include implementation of robot speed adjustment during autonomous navigation 

according to estimated person trajectories [26]. It would also be interesting to compare the proposed 

method with more complex motion detection methods that incorporate target identification and  

tracking [27,28]. 
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