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Abstract Reliable people detection is an important task in
several areas like security, intelligent environments and hu-
man robot interaction. People detection does not depend
only upon separation of static environment objects from
those showing motion (hopefully humans), a reliable sys-
tem should be able to detect static people even in cluttered
environments.

This work presents a reliable approach for people detec-
tion and position estimation using multiple layers of Laser
Range Finders (LRF) on a mobile robot. Each layer com-
bines two LRF sensors to scan around the robot’s surround-
ings and are vertically separated to detect distinct parts of
the human body. By using AdaBoost we create strong clas-
sifiers to detect body parts, candidate segments in each layer
are fused for people detection, and we use simple data as-
sociation to estimate their positions. Additionally, this work
introduces laser reflection intensity as a novel property for
people detection. First, we present a study of laser intensity
and textiles, then introduce new intensity-based features for
detection, and propose a method for segment separation us-
ing laser intensity. We provide a thorough evaluation of our
multi-layered system though several experiments on a mo-
bile robot.
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1 Introduction

To successfully interact with humans, a companion mobile
robot requires the ability to detect people, to predict how or
where we move, what motion patterns we follow, and even
to recognize who it is interacting with. Furthermore, human
detection must be robust enough so that the robot can oper-
ate in our dynamic living and working environments.

Laser Range Finders (LRF) besides being used for ob-
stacle detection are also an important part of people detec-
tion and tracking systems. LRF present important advan-
tages over other sensing devices (e.g., vision) like high accu-
racy, wide view angles, high scanning rates, little sensibility
to illumination changes, etc., and are becoming more acces-
sible and safer to use in human environments. Renown ex-
amples of such LRF applications are the Tour-Guide robots
Rhino and Minerva by Burgard et al. [1] and Thrun et al. [2],
and more recently the Autonomous City Explorer (ACE) by
Bauer et al. [3], featuring LRF for navigation, people detec-
tion and collision avoidance.

Most approaches based on LRF [4–9] place the sensors at
the same height (single row) to detect and track some parts
of the human body. Due to laser safety regulations, appli-
cations using non class-1 lasers are mostly limited to lower
positions, mostly about knee height. Thus legs are widely
used for human detection and tracking.

One of the existing problems is how to correctly identify
humans from laser measurements. Arras et al. [10] uses Ad-
aBoost (Schapire et al. [11]) to determine which properties

mailto:alexandr@roboken.esys.tsukuba.ac.jp
mailto:ohya@roboken.esys.tsukuba.ac.jp
mailto:yuta@roboken.esys.tsukuba.ac.jp


168 Int J Soc Robot (2011) 3: 167–186

to consider to improve detection. Still, detection of multi-
ple people in cluttered environments is difficult especially
considering occlusion cases of persons walking side by side
or behind objects. One interesting solution was proposed by
Hashimoto et al. [12], where several LRF are placed around
a wheelchair at different heights and orientations for 360°
scanning, each sensor with its own processing computer for
independent detection and tracking.

From Hashimoto’s multi-laser idea one can consider a
multi-layered arrangement of LRF: rather than a single row
(single-layered) system, arrange the sensors in multiple rows
each one separated vertically by some height. Multi-layered
detection systems are thus tolerant to occlusions, the partial
or total occlusion of one layer has little effect when other
layers are still available. Multi-layered systems have the ad-
ditional benefit of complementarity for detection and track-
ing: a human can be represented by the union of several sets
of scan segments, one or two small segments at low height
(legs), one segment at medium height (waist), a large seg-
ment at a high position (chest) and even one small segment
at a higher position (head). An immediate drawback is cost
for the relative larger number of sensors needed for a multi-
layered system (at least two) when a simple 3D LRF can
provide tens to hundreds of layers. In spite of that, multi-
layered systems can provide multiple scan planes in parallel
at the speed of one single scan (in the order of tens to hun-
dreds of Hertz), which is ideal for real-time detection and
tracking systems.

Multi-layered detection systems have been developed re-
cently [13, 14]. Gidel et al. [13] used a 4 layered sensor for
pedestrian detection: the IBEO ALASCA XT scanning in 4
planes simultaneously, spaced over a vertical FOV of 3.2°.
Martínez Mozos et al. [14] uses 3 layers of 2D laser scan-
ners to simultaneously detect different sets of features for
a human: head, chest and legs. They use AdaBoost to train
classifiers for every type of feature and use probabilistic vot-
ing for detection allowing tolerance to occlusions.

Most of the works on people detection/tracking using
LRF require some form of data segmentation (clustering)
at some point. Segmentation techniques are categorized in

two main groups: Point-Distance and Predictive [15–17].
A problem using LRF is the capacity to distinguish differ-
ent objects standing very close, when two physically differ-
ent objects are very close together (e.g., two humans walk-
ing close) their LRF points might get merged into one large
segment and become a false-negative in the detection stage.
Existing solutions include adding time dimension to LRF
segments and measure segment motion between consecu-
tive scans [10], keeping tracks for one or multiple targets
[18–21], or else using complementary sensors [22]. Track-
ing can deal with temporal occlusions due to obstacles, such
as the temporal disappearance of legs behind a dust bin. One
limitation still present is occlusion of the tracked body fea-
ture for an extended time, e.g., the human stops behind the
dust bin.

Our main research problem aims to develop a companion
robot with the particular objective to study the relationship
of an autonomous mobile robot as a member of a group of
people, where the robot is to move and behave like another
member of the group. For that aim we require a robot and
detection system with the following requirements:

– Scan from all around the robot
– Simple yet robust enough for detection and tracking of

group members
– Fast response for navigation tasks inside the group

For that goal we introduced a multi-layered people detection
system [23]: four LRF sensors are installed in a mobile ro-
bot, arranged in pairs on two layers (Figs. 1(a) to 1(b)). Data
from each independent layer is processed in parallel: scan
data is first divided into segments, for each segment com-
pute a set of features which serve for classification of candi-
date segments. Candidate segments correspond to comple-
mentary body parts from each human around the robot: legs
are extracted from the bottom layer and chests from the top
layer (Fig. 1(c)). Finally those detected parts are fused to
finally detect actual humans and their positions (Fig. 1(d)).
Our system is tolerant to occlusions by keeping simple data
association.

Our multi-layered system differs from other related
works in several ways. The in-sensor layered system in

Fig. 1 Scanning from a double layered approach: (a) sensors facing in opposite directions (bird’s-eye view), (b) two layers of sensors (frontal
view), (c) detection of body parts in each layer (dark elliptical shapes), and (d) people detection by fusion of layers
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Gidel et al. [13] has a narrow field-of-view so the verti-
cal distance between layers depend on the distance from the
sensor, constraining the extraction of different sets of fea-
tures. On the contrary, our system uses a parallel arrange-
ment of layers (vertically separated), and scan data is read
and processed in parallel. Different from Martínez Mozos et
al. [14], our system is installed on a mobile robot, each layer
scans the complete surroundings of the robot, it is designed
for multiple people detection, and our approach involves a
fusion of layers step using a simple human walk model.

Our approach is simple enough to be implemented in a
mobile robot by placing sensor layers in the robot body at
different heights from the ground depending on the features
to detect, and can be easily extended to support additional
layers by installing more sensor pairs. Despite its simplicity,
our system handles large number of people with good detec-
tion rates, and processing time is well under the sensor scan
time.

Different from other related works, we introduce the use
of laser reflection intensity data for the people detection
problem as an extension of our system [24]. First, we present
a study of how laser intensity changes with colors and mate-
rials of the textiles we commonly wear. We propose a sim-
ple method to reduce the effect of target distance over in-
tensity values. We introduce several intensity-based features
used for training strong classifiers to detect candidate seg-
ments, which allow increasing detection rates. Laser inten-
sity is also introduced here to separate merged laser seg-
ments which come from different objects based on their dif-
ferent reflection properties. To our knowledge no other work
considers laser reflection intensity for people detection and
segment separation.

The contributions of this work can be summarized as fol-
lows:

– Multi-layered system for reliable people detection from a
mobile robot.

– A study of the effects of textiles and colors on laser re-
flection intensity for people detection applications.

– Introduction of laser reflection intensity as a new feature
for people detection.

– A new method for separation of segments using laser re-
flection intensity.

– A simple technique for calibration of laser reflection in-
tensity for low power LRF.

The rest of the paper is organized as follows: in Sect. 2
we present an overview of the hardware and software of our
system. In Sect. 3 we present our single-layer approach for
classification of segments. In Sect. 4 we provide a study
of laser reflection intensity as a new tool for people de-
tection, considering how it behaves with common textiles,
intensity-based features for detection and its use for merged
segment separation. Section 5 presents our multiple-layered

approach to combine individual layer detection results. Sec-
tion 6 presents experimental results and evaluations of the
reliability of our people detection approach and in Sect. 7
we elaborate about results and our current system. Finally,
conclusions and future work are left for Sect. 8.

2 System Overview

In this section, we describe our current robot platform and
the software architecture of our multi-layered detection sys-
tem.

2.1 Hardware

The robot used for our research is based on our differen-
tial drive Yamabico robotic platform depicted in Fig. 2. Two
layers of LRF sensors are used (Fig. 2(a)): the bottom layer
is about 40 cm from the ground whereas the top layer is
about 110 cm. Every layer consists of two LRF sensors: one
facing forwards and another facing backwards for a 360°
coverage. The robot center-of-mass is in a low position and
the upper frame is light-weighted to minimize oscillative
motion. The robot dimensions are 40×38×120 cm (length,
width and height).

The four LRF sensors are connected to the main process-
ing system using USB interface (Fig. 2(b)). Scan data is read
by four independent driver processes and integrated into a
shared memory manager with automatic timestamps. For
data processing and robot control we use a notebook com-
puter with an Intel Core 2 Duo processor at 1.83 GHz, 2 GB
of RAM, running Linux (kernel 2.6.31) as operating sys-
tem. Robot wheels are driven by 40 W motors with rotary
encoders. A SH2 micro-controller is used for wheel rotation
count and velocity control. The actual implemented robot
corresponds to Fig. 2(c).

The LRF sensors used in our system are the URG-
04LX laser range scanners from Hokuyo Automatic Co.,
Ltd. (Fig. 2(d)): small size and weight (5 × 5 × 7 cm and
160 gr), operates at 10 Hz, covers up to a maximum range
of 5.6 m with a range resolution of 10 mm, and scans an
angular range of 240° with an angular resolution of 0.36°.
The laser inside this sensor is a near-infrared (NIR) solid
state laser with wavelength 785 nm. Scan data from each
sensor consists of 682 points circularly ordered (from right
to left) according to scanning step. Kawata et al. [25] pro-
vides a good analysis of the sensor operation (consider
also [26, 27] for a detailed comparison of this sensor with
other LRF).

2.2 Software

The processing pipeline of our system is represented in
Fig. 3. Our people detection approach involves three ma-
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Fig. 2 Our robot system for multiple people detection: (a) sensor layers, (b) hardware architecture, (c) the implemented robot, (d) the URG-04LX
laser scanner

jor steps: single-layer classification, segment separation us-
ing laser intensity, and multi-layered people detection. Some
outputs for intermediate steps are presented as insets on the
figure and correspond to actual scan data. Figure 3(a) is
the result of fusion of sensors (the top layer is represented
by darker points and the robot is represented as a filled
polygon), Fig. 3(b) corresponds to single-layer classification
(possible body parts are represented as ellipses). As a novel
input in the people detection process, we use the reflection
intensity from each of the LRF sensors. Figure 3(c) repre-
sents this laser intensity input (brighter points correspond to
higher intensity levels). Finally, in Fig. 3(d) the detected hu-
man around the robot (represented by a cylinder) by fusion
of layers.

In the single-layer classification step, sensors facing op-
posite directions in the same layer are combined, then fused
data is divided into segments, for each segment we com-
pute a set of properties (features), and finally select segments
which possibly belong to people (which we call candidate
segments). Candidate segments are those which most likely
correspond to some part of the human body according to
some confidence level; we consider here segments from the
chest area (top layer) and segments from the legs area (bot-
tom layer).

In an intermediate step, we seek to improve single-layer
detection by detecting and solving cases where a human is
so close to an object or another human that they form one
large LRF segment (their individual LRF segments become
merged) and cannot be detected. For that we use the value of
the laser intensity reflected from the objects. To further im-
prove detection results, we use laser intensity-based features
as part of the segment classification sub-step.

Fig. 3 System overview: (a) fusion of sensors, (b) single layer classi-
fication, (c) laser reflection intensity as input, and (d) fusion of layers
for people detection

In the final multi-layered step, we fuse the individual de-
tection results from each layer to robustly detect people and
their position. Candidate segments from each layer corre-
spond to individual body parts, therefore we try to find for
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each chest segment its corresponding leg segments1 accord-
ing to a simple human walking model.

The individual steps of single-layered classification and
multi-layered people detection are explained in the follow-
ing sections. Although segment separation using laser inten-
sity is formally part of the single-layered classification step,
the use of laser intensity for people detection is a novel con-
tribution on this work, therefore we study in detail some of
its applications in a separate section.

3 Single-layer Classification

As described in Sect. 2.2, data from the LRF sensors is read
and processed independently in each layer, layer data is di-
vided into segments which are then classified according to
their geometrical properties. The steps in Sects. 3.1 and 3.2
are briefly explained here. Please refer to [24] for details.

3.1 Sensor Fusion

The robot scans its surroundings from both sensor layers
having two sensors a and b in each layer, one facing for-
ward and one facing backwards. Each sensor a and b pro-
vide scan data Ca and Cb of the form Ca = {pa

1 , . . . , pa
m}

and Cb = {pb
1, . . . , pb

n} for m and n valid scan beams and
each scan beam pi consists of range and direction 〈 ri , ψi 〉,
where ψi ∈ [−120◦..120◦] for our LRF sensors.

We apply a transformation R : L → G from each sen-
sor’s local coordinate system L into robot reference system
G. With Q = R{C} we obtain two new sets Qa and Qb in G

system, and each scan point qk ∈ Q with transformed range
and direction qk = 〈ρk, ϕk 〉.

Data from Qa and Qb is fused considering the overlap-
ping areas in scan readings (dark slices in Fig. 1(a)): for
every point qa

i in Qa in one of the overlapping areas we
find the nearest point qb

n in Qb in the corresponding over-
lapping area, then we obtain and store the average point
fj = 〈 ρa

i +ρb
n

2 ,
ϕa

i +ϕb
n

2
〉 in the fused set Fab; points from Qa|b

outside the overlapping areas are directly copied into Fab .

3.2 Segmentation

Segmentation is understood here as the problem of break-
point detection: finding a gap between a set of points that
is big enough not to be considered as noise and that clearly
divides the set of points in two of more segments. Our seg-
mentation technique falls in the category of Point-Distance
(Borges et al. [15]). Consider two neighboring points fj and

1One or two legs, one leg may partially or totally occlude the other or
even legs are too close that form a single scan segment, our detection
approach allows such cases.

fk ∈ Fab , separated by a distance D(fj , fk) = |ρj −ρk| and
by an angle �ϕjk = |ϕj − ϕk|. By using a threshold func-
tion T to measure the gap between neighbor points, a new
scan point fn is compared to the last known member fm of
a given segment Si , if the test D(fm,fn) ≤ T (fm,fn) fails
then they are assigned to different segments Si and Sj (i.e.,
fn marks the beginning of the new segment Sj ).

We define an adaptive threshold function T based on
[28], as:

T (fj , fk) = E (fj ) + min(ρj , ρk)

√
2(1 − cos(�ϕjk)) (1)

E (ρj ) corresponds to the size of the radial error at range ρj ,
it is defined according to LRF’s specifications as:

E (ρj ) =
{

10 (mm) if ρj ≤ 1000 (mm)

0.01 × ρj (mm) otherwise
(2)

An example of the adaptive threshold function T for seg-
mentation, using actual scan data, is presented in Fig. 4; data
was divided into segments using function T as jump dis-
tance and the radius of the circles corresponds to this thresh-
old function. Using function T we avoid unnecessary break
points due to noise with the radial error term E , which ad-
ditionally allows to keep together neighboring points partic-
ularly when they have large range values because the dis-
tance between points increases as their range increases. The
last term in Eq. 1 computes the distance of the two unitary
vectors in the same direction of fj and fk .

To locate the closest neighbor fk for a given point fj ,
we keep the scan points in a kdTree data structure and im-
plement a bounded k-NearestNeighbors (k-NN) search, to
find the nearest neighbors inside a search radius T centered
at point fj , based on the radially bounded nearest neighbor
(RBNN) by Klasing et al. [29].

Fig. 4 Adaptive threshold function T for segmentation (circles have
been enlarged to ease visualization)
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Table 1 Range-based features for people detection (based on [10])

No. Feature h(Si)

1. Number of points (N) of the segment

2. Width (w), longest side of the bounding-box enclosing the segment w = max(W,H), with W and H the sides of the box

3. Size ratio (�), ratio of the sides of the segment’s bounding-box � = max(W,H)/min(W,H)

4. Linearity (L), variance of the residuals to the best fitting line

5. Circularity (c), variance of the residuals to the best fit circle

6. Radius (R), from the best fitting circle

7. Ellipticality (ε), variance of the residuals to the best fit ellipse

8. Boundary length (bl), average distance between points bl = 1
N

∑N−1
i=1 D(fi, fi+1)

9. Boundary regularity (br), standard deviation of the boundary length

10. Mean curvature (κ̄), mean for each of the curvatures κi computed from the triangle �fi−1fifi+1, every three points, as
κi = 4A/(D(fi−i , fi)D(fi , fi+1)D(fi−1, fi+1)) with A the triangle’s area

11. Mean angular difference (φ̄), mean value of the angles φi formed every three points as φi = �(fi−1fi, fifi+1)

12. Normalized number of points (N̂ ), the ratio of the actual number of points and the maximum expected number of points at
a given range, N̂ = 2Nρ tan (ϑ/2)/wmax, where ρ is the range to the segment center, ϑ is the angular resolution of the sensor
and wmax the maximum segment width

3.3 Feature Extraction and Classification

The idea of feature extraction and classification is to match
the sensor readings with geometrical models representing
expected behavior of data. As example, if a LRF sensor is
scanning a wall it is expected that scan data forms a straight
line. Also if the sensor is scanning a human, the expected
behavior is a set of points forming an arc. To identify walls
we need to classify segments according to their fitness with
some line model (linearity), for humans select those seg-
ments according to their fitness with some curve model (cir-
cularity or ellipticality).

In the least squares sense, fitting scan data to some model
(in particular curves) will try to find the set of model para-
meters that minimizes the sum of squared residuals, using
the Cartesian coordinates (x, y) of scan data as factors for
the overdetermined system. Fitting a circle to a scan seg-
ment which forms a straight line (e.g., a wall), may yield a
large circle with small residual error that cannot represent
any human being—concerning physical size. As such, fit-
ness to some curve model is not enough for accurate people
detection. On the other hand, if we include additional fea-
tures such as segment width, the circle radius, etc., we can
achieve better classification. This means, a rich set of simple
features allows accurate guessing of the type of the segment:
human or environment object (walls and others).

For every segment Si we compute a set of n features
h(Si) ∈ R

n to judge whether the segment corresponds to
body part (chest or leg) or not. In Table 1 we present
the complete list of extracted features from every segment,
based on Arras et al. [10]. We introduce the Size ratio (�) and
Normalized number of points (N̂ ) features. � corresponds
to be ratio of the sides of the bounding-box enclosing the

segment (see Fig. 11) and measures the segment thinness
(a segment from a wall will have a larger � than a human
segment). N̂ is the ratio of the current number of points to
the expected maximum number of points at a certain range.
Here wmax is the maximum expected width for the body
part (currently 800 mm for a chest and 450 mm for legs);
since the number of scan points of an object decreases with
its range to the sensor,2 N̂ allows a range-independent mea-
surement of the segment size whereas the number of points
feature N establishes the minimum number of points of a
segment.

To effectively classify body parts using the list of features
h(Si), we use the generalized AdaBoost algorithm [11], fol-
lowing the description in Arras et al. [10], to train a strong
classifier H. For that purpose we first form a set of m la-
beled training examples X = 〈(h(S1), l1), . . . , (h(Sm), lm)〉
with li ∈ {+1,−1} the segment’s label where li = +1 is for
positive examples (a human) and li = −1 for negative ex-
amples (an environment object).

Similar to [14], to create the training vector X we define
obstacle free areas using our LRF data visualization tool:
any segment (from any layer) which enters these areas is
automatically labeled as positive (a human) and the rest as
negative. We give an example in Fig. 5 where a person (la-
beled as P0) walks inside a cluttered office: all segments
falling inside painted areas in Fig. 5 are labeled as positive
samples. This method works both for on-line and offline seg-

2Given the sensor’s angular resolution (ϑ = 0.36°), an object of
800 mm wide will have at most 127 scan points at 1000 mm range
and only 23 scan points at the maximum range of 5600 mm. To ob-
serve 100 points of this object at 1000 mm (N̂ = 0.76) is reasonable
but a 100 points observation at 5600 mm (N̂ = 4.40) is not.
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Fig. 5 Automatic labeling of segments for complex scenarios, darker
segments correspond to top layer data and the robot is marked by an
arrow

ment labeling. We labeled samples for different experimen-
tal environments, both from a static and from a mobile robot.
Finally, from the large collection of labeled scan data we
randomly selected entries to define X to avoid overfitting.

Based again on [10, 11], the final hypothesis (strong clas-
sifier) H has the form:

H(S) = sign

(
T∑

i=1

ωigi(S)

)
(3)

where the weak classifier function gi(S) evaluates the i-th
feature hi(S) as follows:

gi(S) =
{

+1, if sihi(S) < siθi

−1, otherwise
(4)

After the feature boosting process, the algorithm learns the
parameters: ωi which is a weight applied to the weak classi-
fier gi , θi the threshold for the feature hi and si ∈ {+1,−1}
the sign which controls the direction of the inequality in
Eq. 4.

Feature classification depends also on the layer 
 of the
segment (top layer or bottom layer). For example the width
w of a chest segment is expected to be larger that the same
feature for a leg segment and we do not want to misclassify
environment objects as humans (e.g., columns). Thus our
final strong classifier H
(S) is:

H
(S) =
{

Ht(S), if S is in the top layer

Hb(S), if S is in the bottom layer
(5)

The definition of H
 in Eq. 5 is not limited to two layers, but
is rather a physical implementation of the proposed system.
Nevertheless, this means that each layer’s strong classifier
must be learned separately.

One parameter of the AdaBoost algorithm is the num-
ber of iterations T in Eq. 3, which also corresponds to the
number of weak classifiers that form the final strong classi-
fier H
 . In our implementation we choose T = 100 which

Fig. 6 Classification error vs. the number of iterations T for the strong
classifiers Ht and Hb

showed good performance and small training errors as pre-
sented in Fig. 6. This graph was obtained while running
training of H
 , for both layers separately.

The final step of this classification process is to label seg-
ments as possible body parts or as environment object using
the output from H
 as:

label(S) =
{

“candidate”, if H
(S) > 0

“object”, otherwise
(6)

4 Laser Intensity for People Detection

Besides range data, most LRF sensors provide also the re-
flection intensity (reflectivity) for every laser beam. This
property has been rarely considered; one pioneer work using
laser intensity from a mobile robot is attributed to Hancock
[30] where a model of laser reflection was proposed which
characterizes the response of the reflected laser depending
on surface albedo, roughness, range to target, etc. Recently
laser intensity is gaining interest from the research commu-
nity. Nüchter et al. [31, 32] uses range and intensity data,
together with Haar-like features for object classification. In
Montemerlo et al. [33] laser intensity is used for extracting
road lanes from an autonomous vehicle. Ye [34] uses laser
range and intensity to detect and remove mixed pixels: spu-
rious range measurements between two different surfaces. In
the work by Rusu et al. [35], they combine range and inten-
sity information to detect objects in human environments,
particularly the handle of a door in a kitchen.

Laser reflection intensity of laser depends upon several
properties:

– Color
– Material and Roughness
– Distance to the source (sensor)
– Power of the laser beam, wavelength, etc.

Colors and materials of objects in indoor environments
(walls, doors, windows, metallic objects, etc.) are usually



174 Int J Soc Robot (2011) 3: 167–186

Fig. 7 Different textiles and
their raw laser reflection
intensity levels for the
URG-04LX, the selection
include diverse materials,
colors, textures, and densities

different from clothes. Thus intensity of the reflected laser
beam from environment objects is also different from that of
humans, and can be considered for separation of people from
objects. Some form of identification could also be achieved
with a proper laser characterization [30].

The strength of the received intensity value depends on
the power of the emitted laser beam. High powered laser
scanners achieve longer ranges and can provide detailed
range/intensity images (e.g., the picture-like intensity im-
ages of street roads in Montemerlo et al. [33]). For low-
powered eye-safe laser scanners (like the URG-04LX range
scanner) the intensity value decays quickly with range (as
reported by Kawata et al. [36]). Furthermore, for such eye-
safe sensor the reflected laser arrives at the sensor’s photo-
diode with low power so it must be processed through filters,
correction tables and amplifiers in the sensor’s circuitry. Par-
ticularly the URG-04LX’s auto gain controller (AGC) makes
sure that intensity is within usable ranges by the sensor and
to avoid saturation.

Furthermore, in the URG-04LX sensor, if the amplified
intensity of any laser beam is over some internal threshold
the sensor will report the range data for that beam, if not it
is regarded as out-of-range in the sensor output. If we read
the beam’s intensity output from the sensor it will be the
value after filtering and amplification, so the physical inten-
sity and the sensor’s intensity output are not linearly related.
As such, the reflection intensity values returned by this sen-
sor are not absolute. Therefore we attempt to characterize
the actual sensor intensity output, in particular for the ef-
fects of range and direction of the laser beams in the inten-
sity value.

4.1 Laser Intensity and Textiles

To consider applications of laser intensity for people detec-
tion, it is interesting to study how laser intensity changes
with range and the type of textiles in clothes, particularly
how black textiles affect the intensity for their lower reflec-
tivity.3

In Fig. 7 we present a selection of 17 types of commonly
used textiles in the form of shirts, coats and jackets; includ-
ing materials like cotton, polyester, wool, in various colors
and densities (i.e., thickness, low for fresh/thin clothes and
high for warm clothes). For each case, a human wearing the
target textile stood in front of the robot at a specific range
and scan data was captured during 30 s at each position,
and the obtained data comes from the chest part. The plot-
ted values correspond to averages for both range and inten-
sity; data was obtained for range intervals of 500 mm (start-
ing at 1000 mm) up to the maximum range of the sensor
(5600 mm). Due to poor reflectance, in the cases of black
polyurethane, black synthetic leather,4 black cotton low-
density and black nylon, data was obtained every 250 mm
and up to the out-of-range condition. To compare results,
the curve for white paper presented in Fig. 8 is also included
here as reference.

3This test is not comprehensive and corresponds to measurements of a
particular type of LRF sensor, work in the area of near-infrared (NIR)
spectroscopy for textiles exist, analyzing the response of textiles to dif-
ferent wavelengths (see for example Haran et al. [37]), but for LRF
sensors dynamic changes in wavelength, laser type and photo-diodes
are not possible or limited.
4Black synthetic leather has the highest standard deviation of the se-
lected textiles in all the tested ranges.
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White and light colored textiles, and interestingly some
black textiles like a polyester suit, acrylic jacket, microfiber
shirt and a black cotton T-shirt (high-density cotton) present
higher intensity levels up to the maximum scanning range
of the sensor. Blue denim (jacket) present a relative lower
reflectance and up to a range of about 4500 mm.5 Thick
wool/nylon coats show even lower levels and ranges. We
also compare clothes of the same material but of different
colors: no significative differences were found with the ex-
ceptions of low density cotton and synthetic leather.

Intensity varies with colors and materials: some portion
of the light that is diffusely reflected from objects con-
veys some information (in the form of spectrum of re-
flectance [37]) from those objects. Thus, for some materi-
als intensity information can be used for separation between
light and dark and also from low to high reflective objects
(like white paper and walls differ from textiles).

4.2 Calibration of Laser Intensity

The behavior of intensity depends, among many factors, on
the distance (range) to the target. As shown before in Fig. 7,
the Hokuyo URG-04LX presents a characteristic sigmoid
curve for intensity vs range, where decay is slower at the
start and end ranges. Inspired on the Gompertz growth func-
tion [38, 39], we defined the decay function for intensity as
a function of range as:

Fρ(pi) = a(1 − exp(b exp(cρi))) (7)

where ρi is the range of point pi , a is the upper asymptote,
b and c (both negative numbers) are decay parameters. Non-
linear least squares was used to find the parameters (a, b, c)

for each sensor separately. Equation 7 does not represent the
exact physics of how the actual reflected laser beam (re-
ceived at the sensor photo-diode) decays with distance be-
cause there is no linear relation from the physical laser in-
tensity and the sensor’s intensity output; nevertheless, we re-
gard it as the characteristic intensity response from the sen-
sor.

We present this characteristic form in Fig. 8. As standard
procedure, data was obtained from a white target (90 g/m2,
0.13 mm thick white bond paper) with an angle of incidence
close to zero, from a minimum range of 250 mm up to a
maximum range of 5250 mm, in steps of 250 mm; the con-
tinuous curve corresponds to the function Fρ(pi) in Eq. 7.
These curves and those in Fig. 7 were obtained after warm-
ing up the sensors for about 60 min to avoid range and inten-
sity drifting due to changes in internal temperature (as also
reported by Pascoal et al. [26] and Okubo et al. [27]). Scan

5Although trousers did not form part of this study, during tests we ob-
served that blue denim jeans were not detected by the sensor after an
average range of 3900 mm.

Fig. 8 Characteristic intensity data by varying distance and sigmoid
curve Fρ for two different URG-04LX sensors, the parameters (a, b, c)

of each curve and the correlation coefficient R2 are also given

data was collected during 60 s for each different range, we
also present the intensity error bars for two standard devia-
tions 2σ on the figures.

As depicted in Figs. 8(a) and 8(b) the function Fρ

changes with the sensor, not only the curves have different
parameters but also the scales of intensity values are differ-
ent (the curve in Fig. 8(a) has a maximum value of 30047
whether that in Fig. 8(b) has a maximum value of 6425 6)
According to Hokuyo personnel, although the model of the
sensors and their general operation is the same, they come
from two different production lines with different internal
calibration parameters in each sensor’s circuitry. Thereby,
a single calibration curve was not enough to accommodate
all the different responses from the sensors. Instead, we ob-
tained the Fρ curves for each of the four sensors and cali-
bration of intensity was done for each sensor separately.

Using Eq. 7 as the expected intensity for the range of a
given scan point pi , we normalize (calibrate) the raw inten-

6The maximum intensity values were obtained at an average range of
250 mm from the sensor, we do not consider ranges below this mini-
mum.
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sity value reported by the sensor I (pi) for the effect of range
to the target using the decay function Fρ , for a given scan
point as:

I(pi) = I (pi)

Fρ(pi)
(8)

We use the function Fρ to normalize the intensity level,
that is the maximum expected intensity level for our indoor
environments. This normalization level corresponds to that
of white paper and, as presented in Fig. 7, reflected intensity
levels from textiles are under this maximum. We found that
the intensity levels from materials present in common indoor
objects (concrete, wood, paper, cardboard, plants, plastics,
etc.) are also under this normalization level.

Fusion of sensors in each layer means that if a fused
point pi falls inside an overlapping area (as explained in
Sect. 3.1), its intensity value may come from two differ-
ent sensors a and b, i.e., there are two raw intensity val-
ues I a(pi) and I b(pi). Since each sensor has a different
decay function Fρ , for every fused point pi we keep they
original intensity data before fusion (I a(pi) and I b(pi)),
then calibrate the raw intensity value from each sensor to
produce I a(pi) and I b(pi), and finally report the average

I(pi) = I a(pi )+I b(pi )
2 as the calibrated intensity for pi . For

points outside overlapping areas calibration of raw intensity
is straightforward.

The mean of calibrated intensity μI and the variance of
intensity σ 2

I , after calibration (Eq. 8), serve as measures of
an object’s intensity. One object (segment) resulting from
combining two or more segments with different reflection
properties will have a larger variance of intensity values σ 2

I
resulting from mixing the intensities of the individual ob-
jects.

Now, consider how intensity changes between consecu-
tive points p

j
i and p

j

i+1 in a segment j using the difference
of—calibrated—intensity:

Dj (pi) = I(p
j
i ) − I(p

j

i+1) (9)

The variance of intensity differences σ 2
D serves as measure

the intensity uniformity: if the object has uniform reflection
(i.e., a smooth surface with a single color) then σ 2

D will be
rather small, as the differences tend to be small. The vari-
ance of intensity differences on a segment j is:

σ 2
Dj

= 1

N

N∑
i=1

(
Dj (i) − μDj

)2
(10)

where μDj
is the average of the difference Dj for all the

points in segment j .

4.3 Laser Intensity and People Detection

When two different objects stand very close their individ-
ual LRF range segments can become merged into one larger

segment. Additionally some LRF sensors suffer from the
mixed pixels problem,7 that is spurious and noisy scan points
between two clearly separated surfaces that are hit by the
same laser beam cone or by different pulses (echoes) of the
same laser beam at the edge, producing multiple range read-
ings for the same beam (direction); the mixed pixels add
continuity to the scan reading, falsely connecting two sep-
arated objects and they can get merged during segmenta-
tion. Thus the effect of laser reflection intensity for peo-
ple detection can be better understood in situations where
a human cannot be properly distinguished using only range-
based features. One example is the case of a person very
close to other person or object.

4.3.1 Merged Segments and Laser Intensity

To study the application of laser intensity, we obtained data
from three experimental scenarios involving two persons in
indoor environments, wearing different colors (in this case
dark gray and beige shirts), for the following cases:

(A) two persons separated
(B) two persons merged (in contact)
(C) a person and an object (a wall) merged

Figure 9 presents these three cases: it includes a represen-
tation of the humans and the environment for each case,
real scan data with actual detection results using our multi-
layered system (detected humans are marked here by cylin-
ders) corresponding to each case, and the respective graph
of differences of intensity Dj for the top layer.

Figure 9(a) corresponds to Case A where persons P0 and
P1 are separated and correctly detected. Figure 9(b) corre-
sponds to Case B and here the persons moved closely and
their LRF segments became merged (segment 1).8 Finally,
in Fig. 9(c), corresponding to Case C, they became sepa-
rated but person P1 moved very close to a wall and both
P1’s and wall’s segments became merged (segment 2).

The rightmost column of Fig. 9 shows the graph of differ-
ences of calibrated intensity D for all the segments in the top
layer, including their respective variances (σ 2

D in Eq. 10), we
present other detailed information of these segments in Ta-
ble 2.

One thing we can observe is that segments correspond-
ing only to walls (segments 0 and 3 in Fig. 9(a), segments
0 and 2 in Fig. 9(b) and segment 0 in Fig. 9(c)) have
smaller σ 2

D because their reflective property is quite uni-
form.

7Reported by Adams [40], the mixed pixels problem depends on the
spot size (beam divergence) of the laser beam. Hancock [30] uses a
laser with very small beam divergence, Ye [34] uses thresholding of
laser intensity and an EKF for segmentation and breakpoint detection.
8For segment separation using intensity we only consider data from top
layer, hence we drop the “(t)” and “(b)” terms here.
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Fig. 9 Three cases for segment separation and laser intensity for two
persons, (left) visual representation of the case, (middle) actual scan
segments and people detection, (right) difference of intensity curves.
(a) segments (1(t) and 2(t)) from two persons (P0 and P1) are sep-

arated and the persons are detected, (b) two persons very close and
forming one segment 1(t), (c) a human very close to a wall forming
one large segment 2(t). The terms “(t)” and “(b)” stand for “top” layer
and “bottom” layer

Table 2 Segment parameters (top layer)

Case Seg μD σ 2
D � w

A 0 0.000052 0.001067 121.219 5767.907

1 0.011512 0.008663 3.789 427.895

2 0.018666 0.022276 2.667 469.681

3 0.000736 0.000444 116.857 5513.667

B 0 0.000107 0.000921 111.213 5746.118

1 −0.005758 0.015570 5.467 922.348

2 0.000091 0.000474 113.436 5893.558

C 0 0.000085 0.000962 110.988 5073.084

1 −0.023403 0.025974 2.909 449.623

2 0.022062 0.029477 8.759 4912.623

In Table 2 we include LRF range and intensity informa-
tion for each case in Fig. 9 (in this implementation we con-
sider only the top layer). Segments corresponding to peo-
ple (both separated and merged) are highlighted with bold
characters. From range-based features, segments from peo-

ple have a small size ratio � and also small width w value,
but for the case of merged segments these range-based fea-
tures alone are insufficient for people detection. On the other
hand, the variance σ 2

D is large for all the segments from peo-
ple, even the case of a human merged with a wall (segment
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Table 3 Intensity-based
features for people detection No. Feature h(Si)

13 Average intensity (μI ), the average of the calibrated intensity.

14 Intensity variation (σ 2
I ), the variance of calibrated intensity.

15 Average difference of intensity (μD ), the average of the differences of calibrated intensity.

16 Intensity uniformity (σ 2
D ), the variance of differences of calibrated intensity as in Eq. 10.

2 from Case C). This large variance σ 2
D (or intensity uni-

formity) usually comes from large values of the variance of
calibrated intensity σ 2

I which provides a measurement the
variations of intensity (i.e. diffuse reflection) of an object.

Therefore, intensity uniformity (σ 2
D ) and the intensity

variation (σ 2
I ), together with the respective average values

μD and μI , can be considered as new features for human
detection. We introduce these new features and their respec-
tive classifiers in Table 3.

These new features cannot be used alone because there
can be non-human environment objects with high intensity
uniformity values, as it is for cluttered environments, but
combined with complementary features, like those in Ta-
ble 1, they improve detection rates as we will shown in
Sect. 6. We include these new features into the training vec-
tor X and apply again AdaBoost to train an augmented
strong classifiers H+


(S), according to the procedure de-
scribed in Sect. 3.3, as

H+

(S) =

{
H+

t (S), for the top layer

H+
b (S), for the bottom layer

(11)

4.3.2 Merged Segments Detection and Separation

We are interested in detecting and separating merged seg-
ments where at least one of the segments corresponds to a
human. To detect such segments, an intuitive approach is to
find wider segments (segments over some wmax, a maximum
possible width for a human) that are not thin (size ratio � un-
der some �max to reject wide flat wall) with large intensity
uniformity (σ 2

D over some σ 2
Dmin

). wmax and �max were de-
fined as the maximum thresholds θw and θ� trained from the
strong classifier Ht. σ 2

Dmin
was also obtained from Ht in a

similar way. The remaining problem is how to find the point
of separation (breakpoint) that divides the merged segments.

Consider two different objects i and j with differences
of intensity Di and Dj , both with normal distribution: Di ∼
N (μDi

, σ 2
Di

) and Dj ∼ N (μDj
, σ 2

Dj
), with mean μD and

variance σ 2
D . Consider also that both objects are in contact

so that they form one segment of scan data (Cases B and C
in Fig. 9, more detail in Fig. 10).

The intensity distribution of the combined objects is the
Gaussian Mixture M of both individual intensity distribu-
tions:

M(x) = ωiP (x|�i ) + ωjP (x|�j ) (12)

with x ∈ Dij and P the probability density function and
the mixture weights ωi and ωj . The task of separating
merged segments can be considered as the problem of sep-
arating the combined intensity distribution Dij for objects
i and j which implies estimating the unknown parameters:
�i = 〈μDi

, σ 2
Di

〉, �j = 〈μDj
, σ 2

Dj
〉, with a known parame-

ter N = 2 the number of objects that define the mixture.9

We use the Expectation-Maximization (EM) algorithm to
estimate �i and �j and then we separate data into respec-
tive distributions Di and Dj . After separation into respective
distributions, the breakpoint is defined as the average of the
last point in Di and the first point in Dj .

In Fig. 10 we present how separation of merged segments
works for Cases B (left column) and C (right column). To
complement the figure and ease visualization, in Figs. 10(a)
and 10(d) we include segments’ scan data in Cartesian co-
ordinates (the scan point number axis is included here for
convenience). The actual break points were computed man-
ually and are indicated in the figures. The curvatures from
the two humans (Case B), and also the long wall and to its
left the curve of a human (Case C), can be seen in Fig. 10(a)
and Fig. 10(d).

In Figs. 10 (b) and 10(e) we show a detailed graph of dif-
ferences of intensity (D) for the merged segments. In each
segment, intensity data present different uniformity (verti-
cal distance between points): for Case B (Fig. 10(b)) points
on the left half are more tight than those on the right, for
Case C (Fig. 10(e)) the first 50 points on the left are more
loose than the rest. In Figs. 10(c) and 10(f) we use EM for
separation with points divided into respective distributions,
the estimated means and covariance ellipses (up to 3σ ) and
the estimated breakpoints are also shown.

Finally, we formalize the merged segment detection and
separation method in Algorithm 1.

5 Multi-Layered People Detection

The purpose of the multi-layered people detection step is
to combine candidate segments detected in individual lay-
ers increase the confidence on the detection and therefore

9We attempt to separate a merged segment in two, applying the sepa-
ration method on the divided segments is possible.
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Fig. 10 Segment separation from intensity data for Case B (left col-
umn) and Case C (right column): (a) and (d) scan data in Cartesian
coordinates with the actual breakpoint indicated, (b) and (e) differ-
ences of calibrated intensity D, (c) and (f) Expectation-Maximization

of D for segment separation with the estimated breakpoint position.
“�” marks the estimated mean of each Gaussian and “✖” marks the
detected breakpoints, the actual and the detected breakpoints are indi-
cated with an arrow

robustness of the system. Additionally, in this step we con-
sider cases where this fusion of layers is not possible (for
example when data from one layer is missing), thus our de-
tection system is tolerant to occlusions.

We designed our people detection system under the fol-
lowing assumptions:

1. A human is an average sized adult
2. Data from both layers is necessary to achieve initial de-

tection
3. Humans move at normal walking speeds around the robot

The first two conditions are related, a human is detected
if we obtain data from both layers and he/she must be tall
enough: be over a height of 110 cm (top layer height). While
this limitation is a physical implementation issue which
hampers detection of small people, can be eliminated by in-
cluding additional LRF layers. The second condition limits
the response of our system in cases of temporal occlusions:
to initially detect a human we require data from both lay-
ers, and after that our system is tolerant to occlusions in the
bottom layer. The third condition was established to create
a simple walking model to fuse individual layer detection
results, as will be explained below.

5.1 Fusion of Layers

Fusion of layers consists in finding the corresponding legs
for a given chest (see Fig. 11(a) and 11(b)). We project

Algorithm 1 Intensity-based segment separation
1: for every non-candidate segment Si do
2: if �i < �max and wi > wmax then /*is not a person*/
3: if σ 2

Di
> σ 2

Dmin
then /*intensity is not uniform*/

4: Separate Si into Si,1 and Si,2 using EM
5: Feature Extraction for Si,1, Si,2

6: Classification for Si,1, Si,2

7: Replace Si by Si,1 and Si,2 in the list of segments
/*Si,1 and Si,2 are also subject to merged seg-
ments check*/

8: end if
9: end if

10: end for

the two layers into one plane and use the distance be-
tween bounding-box centers of candidate segments, we set
a limit (threshold) to this distance between segments us-
ing a searching area which increases the confidence that a
chest segment is associated with its corresponding leg(s)
segment(s). This fusion method can be applied when more
than two layers are available by projecting all candidate seg-
ments in one plane and associating them if inside the search-
ing area.

The search area is defined according to the walking step
length L, based on Latt et al. [41], we selected a normal
walking speed of 1.2 ± 0.04 m/s and a corresponding step
length of 73.0 ± 3 cm. Consider Fig. 11(a), the average leg
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Fig. 11 Walking model and layer fusion: (a) step length L and sepa-
ration between legs λ at sensor height h, (b) detected features at each
layer, (c) search area for association, (d) a detected human represented
by a cylinder

length l is about 84 cm, and the height of the bottom layer
of sensors h is fixed at 40 cm. L is the step length which
depends on the speed, for example 73 cm for an average
speed of 1.2 m/s. The separation between legs10 λ at h is
calculated as:

λ = 2(l cos(α) − h) tan(α), where α = sin−1
(

L

2l

)
(13)

We can define a search radius of λs = λ
2 + ξ , for some

bias ξ , at the center of the chest bounding-box, projected
into the bottom layer (bird’s-eye view in Fig. 11(c)) to search
for the corresponding legs for the chest. Here we compare
the distance from the chest center to the furthest corner of
the leg bounding-box (d1 and d2 in Fig. 11(c)) with the ra-
dius λs . If one or two leg segments are found connected to
the chest then we successfully detected a human (a multi-
layered detection), as in Fig. 11(d). By using furthest corners
we avoid segments that are only partially inside the search
area. In this implementation, we selected λ = 35.42 cm for
normal walking speed and ξ = 12 cm.

5.2 Position Estimation and Data Association

For every detected person Pi we choose the center of the
chest segment’s bounding-box as Pi ’s expected position

10Although Fig. 11 shows a normal walk pose, we assume that both
left and right legs form symmetric gait angles (i.e., both equal to α).

μi = [xi yi ]T and the radius λs to define the initial covari-
ance of the actual position �i = λsI . This position covari-
ance is defined for walking humans, our main target, so it
will be rather large for the case of persons standing still or
moving slowly. A better estimation will be to keep track of
the his/her position through time; this is left as a future work.

After successful detection of a person in current scan
data, we associate it with data obtained from the previous
scan (history). This is, a newly detected person P̂ t

i in time t

is associated with a already seen person from a list P t−1 de-
tected in time t − 1. From this association we update the po-
sition information of already known people around the robot
and compute speed and direction information for every per-
son. To achieve this data association, for every new person
P̂ t

i we find the closest P t−1
k ∈ P t−1 using the Mahalanobis

distance d(i, k) from P̂ t
i estimated position and P t−1

k pre-
dicted position for time t from the computed speed and di-
rection.

If the minimum Mahalanobis distance is smaller than
some threshold then P̂ t

i and P t−1
k are associated in the new

list P t of detected people around the robot. Otherwise P̂ t
i is

regarded as a new person and integrated in P t . Successful
association means, among other housekeeping tasks, updat-
ing the position, speed and direction of the known person
and preserving his/her identification k from P t−1

k , so that P̂ t
i

becomes P t
k in P t ; failed association means that P̂ t

i receives
some new identification. We also remove entries in list P t

if not associated during some defined number of scans.

5.3 Occlusion Tolerance

By relaxing this association process we allow partially de-
tected persons to become associated to known persons (par-
tial association). A partially detected person consists on just
one candidate segment (chest or leg) in one layer for which
no corresponding segment(s) could be found in the other
layer. This no correspondence can be due to misclassifica-
tion (false negatives) or due to occlusion by some other ob-
ject (it falls outside of the search radius λs in the fusion
process). In the current implementation we allow partial as-
sociation only for chest segments because occlusions fre-
quently occur in the bottom layer. The same approach can
be used for a setup with more than two layers, where a can-
didate segment in one layer has no corresponding segments
in the rest of the layers.

Although this association method is simple and allows
occlusion tolerance, we are now working on the implemen-
tation of people tracking using Kalman filter and the social
forces model (see Luber et al. [42]).

6 Experimental Results

We evaluate our detection system under several different
scenarios and conditions, we present the experiments and
detection results in this section.
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Fig. 12 Scenarios and detection results of the different experiments:
“Clutter” test (a) detected persons marked with P 0 and P 1; “Crowd”
test (b) 10 out of 12 persons detected (P 0 to P 9, missing persons

marked with circles); “Hallway” test (c) detected people are marked as
P 0, P 1 and P 2

Scan data is read in parallel from each of the four sen-
sors and timestamped using the computer’s clock. Data from
each layer is processed in parallel and then integrated in the
multi-layer fusion process. The processing time from sensor
fusion (single layer processing) to people detection (the last
step in multi-layer processing) was in average 52 ms, fast
enough given the sensor’s scanning speed of 100 ms.

Normal range data from the URG-04LX consists of 682
points circularly ordered from right to left and with an an-
gular resolution of 0.36°. However, to simultaneously ob-
tain range and intensity, the sensor decreases the number of
scan points to one half (341 points) and the angular reso-
lution becomes 0.72°. Before obtaining experimental data,
we warmed up each of the URG-04LXs for about 60 min to
avoid range and intensity measurements drifting with tem-
perature.

6.1 Experiment Scenarios

We obtained experimental data from four different environ-
ments and conditions:

– Wide area with clutter (“Clutter”)
– Several people around the robot (“Crowd”)
– Long and narrow hallways and the robot moving with

people (“Hallway”)
– A cluttered office area (“Office”)

We present pictures of the different environments in the top
row of Figs. 12 and 13, in each case some information about

the size of the area for detection is provided and the robot
position is marked with an arrow. The “Clutter” environ-
ment (Fig. 12(a)) is a wide area with little cluttering (chairs,
dust bins, panels) causing occlusions in the bottom layer.
Here two humans moved around the robot, moving in front
and behind the obstacles. The “Crowd” test (Fig. 12(b)) is
a wide environment with no cluttering but includes sev-
eral people—twelve—of diverse sizes and clothes colors
moving around the robot, total occlusions occur frequently
and segments merging. Finally the “Hallway” environment
(Fig. 12(c)) consists of long and narrow passages with clut-
tering (shoe-racks, umbrella stands, etc.), where the robot
is operated by remote control and moved inside a group of
three humans. This case presented also occlusions and fre-
quent merging of segments between people and walls, also
when turning a corner people would disappear temporarily.
Although our companion robot is intended for open areas
with reduced cluttering, as a challenge for our detection sys-
tem we include the additional “Office” test environment: a
research office with desks, book shelves and heavy clutter-
ing at both top and bottom layers (Fig. 13).

In the bottom row of Figs. 12 and 13 we include actual
scan data with people detection results. In every figure de-
tected persons are labeled as Pi and marked with a cylinder,
where darker segments correspond to top layer data. In all
the cases, the robot is indicated with an arrow about the cen-
ter of the scan data figures.
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Fig. 13 Scenario and detection result for the “Office” test, the detected
person is marked as P 0

Scan segments were manually labeled into person or ob-
ject to establish the ground truth, using the method presented
in Sect. 3.3. To train the strong classifiers Ht and Hb, we
combined the labeled data from each of the experimental
environments and extracted 2183 segments corresponding to
positive examples and 9635 segments from negative exam-
ples. The same strong classifiers (Ht and Hb) were used in
all the evaluations, we did not train and use a pair 〈Hti , Hbi

〉
of strong classifiers specific for the i-th environment.

Due to our multi-layered configuration, the detection re-
sults for the experiments are not based on per-segment clas-
sification rates but for each multi-layered scan. A person
can be detected even if segments from one layer are miss-
ing or misclassified: if the detected person corresponds to
the ground truth we count it as a hit for the current scan,
if missing in the detection results we count a false negative,
and a multi-layered observation of environment objects mis-
classified as a person is counted as a false positive.

6.2 Range-Only Multi-Layered People Detection

We first evaluate the multi-layered detection rates consider-
ing only range data (i.e., without laser intensity features).
Therefore no segment separation is performed here. Detec-
tion rates for every case are summarized in Table 4.

The “Clutter” test consisted of 473 multi-layer observa-
tions (i.e., independent and parallel scans) and 18172 seg-
ments, the true detection rate was 89.2%, false positive rate
was 7.5% mostly due to misclassification of poster panels
and curtains as people, and a false negative rate of 3.3% due

Table 4 Multi-layer detection rates (without laser intensity)

Test True False False

detection positive negative

Clutter 89.2% 7.5% 3.3%

Crowd 85.4% 3.0% 11.6%

Hallway 77.4% 9.4% 13.2%

Office 83.3% 12.5% 4.2%

to people walking behind panels and not being detected im-
mediately after reappearing. Of the 473 observations, 166
presented partial occlusion cases (people walking behind
clutter), and of those our system detected the humans in 151
observations.

The “Crowd” test consisted of 164 observations (6351
segments) for a true detection rate of 85.4%, complete oc-
clusions (people walking behind people and very close) is
largely responsible for the 11.6% false negative rate.

The “Hallway” test had 1238 observations (27662 seg-
ments) for a detection rate of 77.4%. Several environment
objects, particularly long glass walls with steel frames and
glass bricks (see Fig. 12(c) present in about 40% of the
route, the small segments in the lower layer are glass bricks),
were misclassified as people (9.4% false positive rate), and
people walking close to the walls and disappearing behind
corners largely accounts for the 13.2% false negative rate.

The “Office” test consisted of 368 multi-layer observa-
tions and a total of 23003 segments. The person moved be-
hind some desks and was partially occluded during 36 obser-
vations, in 31 observations of those our system successfully
detected the person. The true detection rate was 83.3%, false
positive rate was 12.5% due to misclassification of books in
top layer and chairs in the bottom layer, and a false nega-
tive rate of 4.2% due a person walking behind desks and not
being detected immediately after reappearing.

6.3 Intensity-Based Multi-Layered People Detection

We repeated the detection evaluation using same scan data
from the previous experiment environments, but this time
using intensity-based features (the strong classifier H+


 in
Eq. 11) and segment separation. Detection results for every
case are summarized in Table 5, all showing an increase in
the true detection rates. In the “Clutter” test the number of
false negatives did not change much due to the same prob-
lem explained above, and the true detection rate increased
only 3.4%. In the “Office” test the number of false negatives
shows no change but the true detection rate increased 7.8%.
The true detection rate for the “Crowd” test increased 5.3%
and 10.8% for the “Hallway” test, both with significant de-
creases in the false negative rates.
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Table 5 Multi-layer detection rates (including laser intensity)

Test True False False

detection positive negative

Clutter 92.6% 4.2% 3.2%

Crowd 90.7% 2.6% 6.7%

Hallway 88.2% 6.7% 5.1%

Office 91.1% 4.7% 4.2%

Table 6 Single-layer detection rates (with and without laser intensity)

Test True False False

detection positive negative

Without

Clutter 67.3% 21.2% 11.5%

Crowd 76.7% 4.3% 19.0%

Hallway 60.1% 19.7% 20.2%

Office 55.9% 34.3% 9.8%

With

Clutter 75.5% 18.5% 6.0%

Crowd 86.3% 4.5% 9.2%

Hallway 70.3% 17.0% 12.7%

Office 62.1% 29.6% 8.3%

Although the new intensity-based features contributed to
increase the detection rates, segment separation also con-
tributed in reducing the false negative rates (misdetections).
In fact we repeated the “Crowd” and the “Hallway” exper-
iments without using segment separation. When compared
to the range-only classifier results, the true detection rate in-
crease was minimal (1.5% for the “Crowd” test and 3.2%
for the “Hallway” test) since the false negative rates did not
change.

6.4 Single-Layered People Detection

To compare results of our multi-layered people detection
system (with and without laser intensity), we include the de-
tection results of a single-layered detection system for the
four test environments. Using log data from the same exper-
iments, we selected all candidate segments detected by top
layer strong classifiers Ht and H+

t as valid persons. In Ta-
ble 6 we report the single-layered detection results, with and
without using laser intensity. As presented, the true detec-
tion rates for all the experiments are by far lower than those
of the multi-layered system, although laser intensity allows
to improve the detection results for this single-layer system.

6.5 Simplified Intensity-Based Classifier

The strong classifier H+

 can be considered as primary

range-based plus a some intensity-based features. In this

Table 7 Multi-layer detection rates (using H−

 )

Test True False False

detection positive negative

Clutter 90.1% 5.3% 4.6%

Crowd 88.7% 4.2% 7.1%

Hallway 82.3% 11.6% 6.1%

Office 88.7% 6.5% 4.8%

Table 8 Top 5 features per classifier and layer

Range-only Intensity-based Simplified

H
 H+

 H−





 = top

N̂ N̂ w

� � �

w σ 2
I N̂

κ̄ w σ 2
I

φ̄ κ̄ μI


 = bottom

N̂ N̂ N̂

R R w

w w �

ε σ 2
I σ 2

I
φ̄ ε μI

experiment we want to verify whether fewer but well-
selected range-based features can be used together with our
intensity-based features for accurate people detection. Thus
we trained a new and simpler strong classifier H−


 with only
three range-based features (width w, ratio � and normalized
number of points N̂ from Table 1) and all the four intensity-
based features in Table 3.

Detection results for every case are summarized in Ta-
ble 7. Compared to the range-only results, the true detec-
tion rates show some improvement, in particular the “Hall-
way”and the “Office” tests which increased of 5.2% and
4.9%. In the “Hallway” test there is a small increase of 2.2%
in the false positive rate.

6.6 Best Features per Classifier

Regarding the different strong classifier trained, in Table 8
we present the top 5 features in each of the trained strong
classifiers and separated by layer. The selection is based
on the feature contribution to classification, measured as
the unsigned sum of the feature f weights across all weak
classifiers, this is

∑T
i=1|hi=f ωi (each strong classifier has

T = 100 weak classifiers so f may appear more than once).
Our normalized number of points feature N̂ is present in all
the strong classifiers and is dominant in all but one case. In
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the case of the simplified classifier H−

 , the range features

(w, �, N̂ ) have larger weights and appear in a larger number
of weak classifiers. This result is not surprising since these
features were selected to define H−


 for their relative impor-
tance, as shown for the other strong classifiers.

7 Discussion

We confirmed the positive effect of using multiple layers
of LRF sensors for human detection. The dimension of the
problem is slightly higher than from a single sensor but
much smaller when compared with vision and 3D scanners.
The arrangement of four sensors in two layers is simple
enough to achieve fast processing time (below the sensor’s
scanning time) and allows high detection rates.

We introduced in this work the use of laser reflection
intensity for segment separation and as a new feature de-
tection. Since intensity value decays quickly with range in
small low power LRF, a calibration method was required.
After calibration of intensity data we hoped to achieve sepa-
ration by color/material/reflectivity of the segments and use
this for identification; however, in its current form is not pos-
sible. A better characterization of laser intensity response
could be achieved by considering other properties like the
angle of incidence of the laser, the physics of the URG-04LX
photodiodes and the type of materials typical of indoor envi-
ronments. Then AdaBoost could be applied for learning of
object and places according to their laser intensity response.

In this work we used AdaBoost to train strong classi-
fiers H
 using range and intensity features, and training
data from diverse scenarios. This does not produce an “all-
seasons” detector because training a supervised classifier de-
pends on the training sets. Actual environments show var-
ied conditions, there are areas with heavy cluttering, narrow
hallways and also wide spaces. Selection of the strong clas-
sifier according to the location could be also considered us-
ing navigation maps and select the best pair 〈Hti , Hbi

〉 for
the environment i according to the current position.

One limitation in the current implementation is that, to
get simultaneously range and intensity from the sensors we
loose on angular resolution, meaning a reduction of 50%
the number of scan points. This means that, regardless of
the diffuse reflection properties, small objects (e.g., legs) are
not detected by the laser sensor after some range. Some so-
lutions we are considering include interleaving range and
intensity data, i.e., in the first scan we get range-only data,
then intensity-only data in the second scan, and so on. We
have already tested this idea on the “Clutter” environment
with similar detection results. The drawbacks are the slower
scanning time of 200 ms and naturally a slower processing
time (about 90 ms in average) because the number of points
doubles. Other solutions include of course using different
and possibly more costly LRF sensors.

The use of laser intensity and data from low power LRF
is limited by the amount of diffuse reflection caused by ob-
jects textiles. LRF data from some materials (black nylon,
synthetic leather, denim, etc.) cannot be read but inside very
short ranges (less than 2.5 m), thus detection system using
such low power LRF will have lower accuracy for medium
to long ranges.

Although Algorithm 1 was defined for separation of
merged segments enclosing a human, we believe that pro-
posed separation using the intensity uniformity criteria and
the break point detection (lines 3 and 4) can be applied to
other contexts, for example using wall color differences to
define localization landmarks, by changing lines 1 and 2 ac-
cordingly. In the experiments we did not observe the case of
more than two merged segments (i.e., three or more people
side by side), this is yet to be tested.

8 Conclusions and Future Works

People detection and position estimation multiple layers of
laser range finders was covered in this work. The fusion of
candidate segments from each layer increase detection ro-
bustness while allowing to estimate each person’s position.
By relaxing the layers fusion step, we deal with cases of
partial occlusion. Although research in the area of detection
and tracking exist, the proposed approach is simple, fast, and
accurate enough for applications on a mobile robot.

The use of laser reflection intensity data for human de-
tection was introduced in this work. We proposed some
intensity-based features, included as part of strong classi-
fiers, to improve segment classification rates. Additionally,
laser intensity was proposed to detect and separated merged
segments which otherwise will be regarded as false nega-
tives. Since laser intensity is affected by the range to the
target, we introduced an intensity calibration method.

As future works, dynamic selection of classifiers based
on environment awareness will be considered. The possi-
bility of person identification using laser reflection intensity
will also be studied. Regarding our main research problem
of a robot as member of a people group, we are working on
people and group tracking and plan to develop social forces
models for group tracking including group bonding forces.
Other future steps of this research include navigation adapt-
ing to changes in group formation and assignment of roles
inside the group.
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