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Abstract— Sensing technology is an integral part of any
autonomous system. In particular, 2D range sensors have played
a critical role in localization, mapping and other sensing tasks
in robotics. But, 2D measurements provide limited information
about the environment, while 3D range sensors provide a better
understanding of the environment for the robot to make crucial
decisions. However, 3D range sensors presently available in
market are too costly to be deployed by small robots and in
large numbers. Therefore, we introduce a novel low cost 3D
range sensor, developed using an affordable 2D lidar. A high
speed servo is used to nod the lidar and generate 3D perception
of surrounding environment. We developed a mathematical
model of the dynamics of the sensor system to prove results
of unique point set registration of a 3D surface while mounted
on a robot. The proposed 3D laser sensor is novel in the way the
horizontal and vertical angle are coordinated to produce unique
dense scans. In addition, we propose an optimal nodding scheme
such that the laser beams cover the whole scan window in the
best possible manner. Real time environment reconstruction has
been performed by mounting it on a mobile robot within an
indoor environment.

I. INTRODUCTION

Recent advancements in sensing technologies have stimu-
lated greater interest in various applications in autonomous
systems. Sensors that can perceive 3D environment with
high quality of information, while being low cost are given
higher priority these days [1]. It brings in a greater degree
of reliability in developing maps of an environment, a key
requirement for any mobile robot. 3D SLAM in [2] is
reported to significantly improve the quality of map than 2D
SLAM. Three-dimensional data acquisition is also of vital
importance for non-robotic tasks such as surveying, object
scanning and mobile mapping discussed in [3], [4]. There
are 3D range measuring sensors e.g. Velodyne, available
in market that produce 3D range data with high precision
and high scan rate, but at high cost. There are quite a
few ways to acquire 3D information of the environment by
intelligent use of cheaper range sensors reported in [5–9],
such as scanning lidar or radar, spinning lidar, flash lidar,
stereo vision, oscillating 2D lidar mounted on a spring, and
structured light triangulation. The existing technologies differ
in various ways, but the characteristics of primary relevance
to robotics are typically range, resolution, accuracy, field of
view, operating conditions, cost, weight, power consumption,
and complexity. The proposed sensor system is small and low
weight. In addition, it provides 3D scanning at the price of
nearly equal to 2D lidars. The novelty of this paper is in
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the coordination of nodding and laser angular scan rates to
produce unique interleaved sample points.

Rest of the paper is organized as follows. Section II
introduces relevant related previous works. Detailed design
of the sensor setup is provided in Section III. A mathematical
derivation for generating the scan pattern registered on a 3D
surface is provided in Section IV. The key contributions of
this work are (i) developing a scheme for unique point set
registration in 3D space with the help of 2D range sensors,
(ii) the sensor reconstructs the scene in real time, (iii) we
develop a technique to choose optimal nodding speed of
servo such that the laser beams cover the scan region most
effectively while generating 3D pointcloud, which has been
discussed in Section V. Experimental results in support of
the theoretical development have been detailed in Section VI.
Finally we conclude in Section VII with a brief discussion
about future works.

II. RELATED WORK

Range sensors such as lidars have become very popular as
key component in large section of autonomous systems over
last decade. Easily affordable 3D depth measuring sensor has
remained an interesting and active area of research mainly
in present decade.

A 3D lidar with small size and low weight is presented
in [10]. Although limited vertical scan window (40◦) limits
the scope of its application. A continuously rotating lidar
mounted on a micro aerial vehicle (MAV) is reported in [11]
that can measure range in 3D. In other applications [12], [13],
a rotating SICK lidar is used to obtain 3D perception for
computing vertical plant profile and tree structure. Usage of
MEMS based low resolution 3D lidar for agricultural robots
have been discussed in [14]. ROAMS in [15], demonstrates a
3D range measurement system using a 2D lidar mounted on
a pan, tilt and rolling set up. The hardware set up is a bottle-
neck to get 3D scan of near 360◦ FoV in [15]. Raymond et.al
in [16], presented one of the primary works on developing
3D mapping with 2D lidar. Apart from detailing the possible
rotation about elementary coordinate axes, rolling the sensor
for 3D perception is shown to be more favorable specifically
for the Redback robot that could climb stairs. Morales et.al in
[17], presented a commercially available low cost 3D range
sensor that does pitching, Although results of the sensor
perception in an office environment are presented, but due
to the unavailability of objects with different shape and size
within the environment, it does not provide the quality of the
reconstructed depth map. [18] uses a rolling SICK LMS 2D
lidars to generate 3D depth image of the environment for the
application to detect two-way traffic and crossings. Another
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Fig. 1. Sensor comprising of 2D lidar mounted on a dynamixel servo
motor

work on 3D map generation using rolling 2D lidar for real
time mapping and odometry is presented in [19]. A short
range 2D lidar rotated by a stepper motor has been used in
3D mapping in [20]. A driver assisting 3D depth measuring
set up has been developed for piloting cars in harsh off road
situation [21]. To the best of our knowledge, controlling the
nodding speed has not been examined as a parameter of
reconstruction performance before. We investigate this aspect
in this paper.

III. 3D SENSOR SET-UP

The sensor system is developed with the aim to map
a 3D environment. It comprises of a 2D lidar (Hokuyo
URG-04LX-UG01) range sensor which scans from -120◦ to
+120◦ in its horizontal scan plane. In order to extend it for
3D perception, the 2D sensor is rotated on the third axis
using a high speed servo motor. The following co-ordinate
convention is used for the sensor system- (a) The sensor
faces in the direction of the X-axis, as shown in Figure 1.
(b) The sensor is rotated about Y-axis as shown in Figure 1.
This is also the axis that is lateral in the scan plane. (c) The
axis perpendicular to the scan plane represents the Z-axis.

A sensor mount and its housing are designed based on the
external features of the sensor. The servo is attached with the
upper section by hinge bracket set to produce the nodding
effect on the lidar sitting atop. The entire design consists of
two assemblies,

1) Sensor housing: The sensor is placed inside the 3D
printed housing shown in Figure 1.

2) The base mount is placed on top of the RX-24F dy-
namixel servo, and keeps both the sensor housing and
the servo attached together. The servo can continuously
rotate upto 300◦ in one direction. Apart from that, it
can run at the highest speed among all the dynamixel
servos.

The whole setup is rigidly joined on the robot chassis. The
design model specifications are shown in Figure 1. The
optical center of the sensor set-up is positioned at the lidar’s
original optical center. The global origin is located at the
center of the axis about which the servo is rotated. The
optical origin and global origin are separated by zoff , a
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Fig. 2. Lidar scan and servo rotation mechanism

vertical distance of 80 mm, shown in Figure 1. Pitch of servo
and the azimuth angle are denoted by φ and θ respectively.

IV. MATHEMATICAL MODEL OF SENSOR SET-UP

A mathematical model of the setup is developed to simu-
late and select user controlled parameters that affect the point
cloud registration. The model is used to select parameters
that best register the 3D points in the scan region. The scan
region is the 3D surface where the point cloud is registered.

Let’s consider the optical center of the sensor as reference
zero point. Let the angle swept by the sensor from the left
extreme to the reference point be θ0 (half of horizontal scan
angle). As shown in Figure 2a, Tθ is the total time taken for
one horizontal scan (−θ0 to +θ0) by the sensor. Consider the
horizontal position of the sensor (midpoint along the pitch
range) along the Z axis to be the reference zero. Let the
angle swept between either extreme pitch position and the
reference axis be φ0. Pitch angle below the reference axis
is considered negative and is positive above reference axis.
The Scan Region is defined as the region covering the θ and
φ ranges from −θ0 to +θ0 in horizontal direction, and −φ0
to +φ0 in vertical direction respectively.

Let T be the time to acquire and fetch one complete lidar
scan i.e. 100ms. Although the lidar’s active scan region is ≈
240◦, the angular resolution of the lidar is computed from the
concept that 1024 laser samples are required to accomplish
a full 360◦ scan. Thus, the period of a laser sample can be
obtained as

Ts =
T

NL
(1)

where, NL=1024. Let Ns be the number of laser samples
produced during the time the servo rotates by one cycle 2φ0
in vertical direction. Then, the desired angle ψ to be swept
by the servo in one scan period (T ) is given by

ψ =
2φ0T

NsTs
(2)

Let the current scan number be s(t). t ∈ [0,∞) is the
temporal variable. The value of Ns plays a key role to
generate the unique points on 3D surface. Therefore, Ns is
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Fig. 3. θ − φ schematic diagram; servo nodding towards φ0(black) and
(blue) in reverse.

chosen to be coprime with NL. Upon considering φ0 to be
a constant value, we can control Ns in (2), so as to ensure
the coprime ratio. Proof of theorem 1, provided later in this
section confirms the requirement of the choice for Ns.

As the horizontal scan angle varies from −θ0 to +θ0, and
starts the next scan again at −θ0 with the reference angle
denoting 6 θ = 0, the angle θ at time t is given by

θ(t) =
2

Tθ
θ0[(t mod Tθ)− Tθ/2]. (3)

To analyse servo’s continuous rotation mechanism, we sub-
stitute Tθ with T and θ0 with π in (3). The lidar’s scan
mechanism and the servo’s rotation are depicted in time
series manner in Figure 2. In that, we assume that the servo
nods linearly with constant speed. The angular scanning
pattern generated due to nodding is shown in Figure 3. We
propose that the instantaneous angular position φ(t) of the
laser beam to scan the region described by −θ0 ≤ θ ≤ θ0
and −φ0 ≤ φ ≤ φ0 is given by,

φ(t) =
ψ

NL

(
Ns −

∣∣∣∣( t

Ts
mod 2Ns

)
−Ns

∣∣∣∣)− φ0 (4)

θ(t) and φ(t) are differentiable in the intervals t ∈ (iTθ, (i+
1)Tθ), ∀i ∈ Z∗. Here, Z∗ denotes the set of non-negative
integers. Derivative of θ(t) with respect to time in any
interval is,

θ̇(t) =
2π

T
(5)

Now from (4) derivative of φ(t) with respect to time is
given in any interval is given by

φ̇(t) =

( −ψ
NLTs

)(
t

|t|

)
(6)

From (5) and (6) we get

φ̇(t) =

(−ψ
2π

)(
t

|t| θ̇(t)
)

(7)

or,

(8)
φ̇(t)

θ̇(t)
=

(−ψ
2π

)
In particular,

(9)
φ̇(t)

θ̇(t)
=


−ψ
2π

, if
t

|t| > 0

ψ

2π
, if

t

|t| < 0

φ̇(t)

θ̇(t)
is the ratio of the speed at which the servo is pitched

to the speed of the lidar’s horizontal scan. Points registered
by the sensor during the horizontal scan (i.e θ(t)) are
sampled with a sampling rate 1/Ts. Now, we show that if
the angle φ(t) is also sampled with the sampling rate 1/Ts,
the points registered in the 3D space are distinct and unique
for Ns ·NL · Ts time interval.

Theorem 1: I. Points registered on the scanned surface are
unique and distinct within Ns ·NL · Ts time interval, when
the scan angle θ(t) given by (3) and pitch angle φ(t) given
by (4) are sampled with same sampling rate Ts and the angle
ψ is obtained from the relation that Ns and NL are coprime.

II. Unique points can be registered for any time duration, if
ψ(t) is a time varying quantity and Ns and NL are coprime.

Proof: Let φ[n] and θ[n] be the sampled values φ(t)
and θ(t) respectively, and the sampling period be Ts.
Part I. From (3) we have,

θ[n] =
2π

T
[(nTs mod T )− T/2] (10)

where n ∈ Z+ and Z+ is the set of positive integers. From
(6) we get

φ[n] =
ψ

NL
(Ns − |(n mod 2Ns)−Ns|)− φ0 (11)

Consider n′ = n+ k TTs
, where k ∈ Z+. Now,

(12)

θ[n′] =
2π

T
[(n′Ts mod T )− T/2]

=
2π

T
[((nTs + kT ) mod T )− T/2]

= θ[n]

∴ θ[n′] = θ[n],∀n ∈ Z∗, k ∈ Z+ (13)

But Ns and NL being coprime, have the greatest common
divider one. i.e. the smallest number that can be divided by
both of these numbers is Ns · NL, and therefore does not
allow the laser samples to repeat registering a pre-registered
point at least until Ns ·NL · Ts time duration. So, ∀ n′ and
k, n ∈ Z+,

φ[n′] 6= φ[n] when, θ[n′] = θ[n]. (14)

This shows that a unique pitch angle φ is registered each time
with a given scan angle θ, when NS and NL are coprime.

Part II. Let’s consider TNsNL
= Ns · NL · Ts. Having

constant ψ produces repeated scan points beyond the interval
TNsNL

, i,e. in iTNsNL
≤ t < (i + 1)TNsNL

,∀i ∈ Z∗.
Nevertheless, we can find different ψ(t) by judiciously
choosing Ns so that Ns and NL are coprime. Therefore,
the slope of φ(t) becomes unique for any time window, that
is sufficient to develop the image of a scene in the field of
view of the sensor. This shows that any given lidar scan angle
will not correspond to same pitch angle repeated, and will
have a distinct set of pitch angles for any number of scans.
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Fig. 4. Simulated scan pattern of the sensor in θ−φ window, with NS =
4007 in 40 scans; zoomed view at right corner, φ0 = π

4
.

Although ψ(t) is a time varying function but, as the function
has jump discontinuity at t = TNsNL

, φ̇(t) does not exist at
this time instant. So,

(15)
φ̇(t)

θ̇(t)
=


−ψ(iTNsNL

)

2π
, if

t

|t| > 0

ψ(iTNsNL
)

2π
, if

t

|t| < 0

where, ψ(iTNsNL
) remains constant for iTNsNL

≤ t < (i+
1)TNsNL

.
Simulation: We set up a simulation experiment to demon-

strate the claims made in Theorem 1, with examples. NS and
NL are selected to be coprime. For the fact that NL being
1024, any odd value of NS will be coprime with NL in this
problem. By zooming in any section within the scan window,
where two scans with opposite slopes appear to intersect each
other, we can show that the laser samples from one scan do
not overlap with any sample from the other scan. It has been
demonstrated in Figure 4. The value of NS is chosen to be
4007 here, that corresponds to 3.136 rad/sec. nodding speed.
φ0 is chosen to be π

4 rad.

V. OPTIMAL SAMPLING CRITERION

In Figure 4, although unique point set registration is
ensured, but the angular scan window keeps a few uncovered
regions within it. Therefore, a legitimate question arises as
to how to control the nodding better to fill the scan window
in an effective manner. Let us consider, an object is placed
randomly within the sensor’s scan region. We wish to devise
an optimal sampling criterion for servo positioning, that will
allow the sensor to scan the whole θ−φ window in minimum
time duration. It will enhance the capability of the sensor to
find out optimal search space by controlling the nodding of
servo based on the location of the object, while perceiving
denser scan of it in minimum time consumption. We form a
mesh of square grid on the θ − φ plane with unit cell size
as a square circumscribing the face of an object as shown in
Figure 5. Let the angle covered by the object along θ or φ
axis be α, while observed from a distance D. In this case, α
is the dimension of a unit cell. For large objects, an object
can be segmented into a number of smaller unit cells, whose
dimension could be set by the user.
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Fig. 5. Mesh of square grid based on minimum detectable object size;
scan (magenta) with m > 1, scan (green) with m < 1.

A. Optimal selection of NS
Let’s consider the total number of cells in the scan

region be M . From the definition of NS in Section IV,
we can calculate the number of laser samples generated
while crossing a cell. The maximum number of laser samples
produced while passing through a cell is formulated as s =
min(NL·α

2π , NS ·α
2φ0

). The choice of NS determines the slope
of the nodding lidar’s scan line. There are two ways that a
laser scan line could cut across the cells during a scan frame;
either cuts a cell with (a) slope m >= 1 or (b) with slope
m < 1. Due to the symmetry of the slope of lidar’s scans
only positive values of m are considered in the analysis. Let’s
assume, α1 be the angular sector of cell C1, remaining after a
laser impression crosses it, as shown in Figure 6. Now, in the
cell C2, φ′ = mα1, where m = φ0·NL

NS ·π , and φ′′ = (α− φ′).
For m > 1, the number of samples required to cross C2

and C3 are φ′·NS

2φ0
and φ′′·NS

2φ0
respectively. Similarly, when

m < 1, number of samples crossing through C4 and C5

to be θ′·NL

2π and (α−θ′)NL

2π respectively. Therefore, the total
number of cells covered during one laser frame is given by,

(16)MNL
=



(
β1 + β2 −

⌊NL
NS

⌋)
s.t.

(β1φ
′ + β2φ

′′)NS
2φ0

= NL, (φ
′ + φ′′) = α,m >= 1,(

β1 + β2 −
⌊NL
NS

⌋)
s.t.

(β1θ
′ + β2θ

′′)NL
2π

= NL, (θ
′ + θ′′) = α,m < 1

where, β1 and β2 are the number of occasions that a laser
scan intercepts a cell by θ′ and the adjacent cell by θ′′ unit
respectively during one laser frame, as shown in Figure 5.
The same is applicable to φ′ and φ′′ when m > 1. Let’s
consider C be the set of cells detected in any scan frame.
Using (16), we want to calculate the number of unique cells
detected during one scan frame of 100ms and it is defined
as,

Mi =

{
C|C ∩ {

i−1⋃
j=1,i>1

Mj} = ∅, θli ∈ [φc −
α

2
, φc +

α

2
],

φli ∈ [φc −
α

2
, φc +

α

2
]

}
(17)



where, [θli φli ]
T is lth lidar beam position in ith frame and

[θc φc]
T refers to the center of cth cell. The union operation

is to identify the unique cells detected until (i − 1)th scan
frame, intersection of which with C provides the same in ith

frame. Therefore, the total time taken to cover M cells is
given by Now, we can formulate the following minimization
problem to find out optimal NS as

argmin
Ns

T (NS)

s.t.
T (NS)∑
i=1

|Mi|= M
(18)

which has been numerically computed subsequently.

B. Revisit time calculation

We are particularly interested in calculating the revisit time
of the laser beams to a cell. For that, we first calculate the 1st

hitting time to a cell from the commencement of scanning.
Change in slope of a scan can be identified by solving the
scan line equations with the following boundary conditions

θ = −θ0, θ = θ0

φ = 0, φ = 2φ0
(19)

We can model the scan line equation as

φ = m(θ − θ̂) + φinit (20)

where, m ∈ {−ψ2π ,
ψ
2π} from (9). θ̂ and φinit are obtained

while solving (20) with either φ = 0 or φ = 2φ0 and θ = θ0
respectively. At the beginning of an experiment, m is ψ

2π , and
the slope changes, every time we solve for θ̂. The number
of times we solve for φinit, provides lidar’s scan number. To
obtain the 1st hitting time to any cell c, we consider another
set of boundary conditions, defined as

θ = θc ±∆θ

φ = φc ±∆φ
(21)

where ∆θ is the distance between the cell boundary and it’s
center. Here, ∆θ = ∆φ. Now, we can solve (20) and (21) to
obtain the 1st hitting position and corresponding laser sample
and scan frame number. We can follow the same procedure
to calculate the revisit times to any cell, which is given by

T crev = T cinit + n1T + n2Ts (22)

where, T cinit refers to the 1st detection time for cell c. The
scan frame number completed is denoted by n1 while, nth2
laser sample hits the cell in (n1 + 1)th scan.

C. Example

We have studied simulation performance of the sensor
perception while nodding, over a large set of parametric
variations. Given the specification of a scan region, and the
smallest size of the object to be detected from a specified
distance, the objective is twofold. (i) To identify the mini-
mum time required to scan the whole region. We envisage
that the object could be located anywhere arbitrarily on the
scan plane. (ii) Due to nodding of the lidar, detection of

an object does not happen periodically. Upon detecting an
object for the first time, it is important to know how often
the laser beams revisit that object. The simulation result
shown in Figure 4 motivates us to look into this aspect
of the sensor. As depicted in Figure 5, a mesh of square
grids (cells) are formed in the θ − φ scan window at the
outset. A cell circumscribes the object’s boundary. In this
simulation experiment, we chose a spherical object with 10
cm diameter and 2φ0 = π

2 rad. It is interesting to see, whether
different initial positions of the servo result in different scan
completion time for the same NS . With π/180 rad step size
between two successive initial positions, we find out the set
of different initial positions for which minimum time is spent
for a particular NS , by solving the minimization problem
set up in Section VI-A. The result in this context, shown in
Figure 6a, indicates that the minimum time to scan all the
cells at least once is not sensitive to the initial position of
servo. There are a few bands of NS with dark blue, showing
around 10sec. spent to complete the scanning. High intensity
narrow bands, observed in the image, reflect longer time to
complete the scanning. In Figure 6b, we demonstrate the
performance in terms of maximum revisit time to any cell.
We calculate the maximum revisit time by maximizing (22)
averaged over all the cells. Apart from very few occasions,
the initial position of the servo does not have an impact on
the maximum revisit time performance.

From the proof of theorem 1, as unique sampling is
ensured within NSNL laser frames, we perform the ex-
periment for the respective duration for each NS . Larger
NS corresponds to longer duration for the experiment and
therefore could potentially increase maximum revisit time
for cells that are less likely to be covered due to a particular
choice of NS . Frequency of hitting a cell for different NS
is shown in Figure 6c. As large NS requires to continue
experiment for longer period, the chance of higher frequency
of hitting a cell increases consequently. Therefore, we need
to go for a trade-off among maximum revisit time, minimum
scan completion time and maximum hitting frequency, to
achieve optimality in sensor’s performance. From the simu-
lation results it appears that there are few bands of NS with
feasible nodding speed (not too low NS), which show good
performance in all three aspects. For example, if NS be 2745,
we observe low intensity in maximum revisit time, high
frequency of hitting a cell and small scan completion time. In
addition, it is also coprime with NL. These altogether make
it a good candidate to be chosen as the optimal NS .

VI. EXPERIMENTS AND RESULTS

A. Experimental setup

We set up an experiment to test the efficacy of the designed
sensor shown in Figure 1. As the sensor’s pitch is nodding,
we need to test the accuracy of the reconstruction along the
nodding. So, we chose an object as in Figure 8a, which varies
in depth along the nodding Z axis. If we consider the servo’s
pitch variation during one laser frame of 682 measurements
to be constant, the reconstructed object does not produce a
clear depth image rather contains an overlap of two images
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Fig. 6. (a) Scan completion time; varied over NS with different initial position of servo, minimum scan completion time with affordable speed of servo
should be chosen, colorbar representing time in minute, (b) mean maximum revisit time to any cell; varied over NS with different initial position of servo.
(c)average frequency of hitting a cell over different initial servo position; varied over NS an number of cells in the scan window.

of the same object as shown in Figure 8b. This happens due
to error in pitch of laser beams and therefore, we need to
calibrate the sensor to compensate for this error.

B. Sensor Calibration and Transformations

Usually, lidar’s scan rate is lower than servo’s position
update rate. Hokuyo URG-04LX typically reports at 10Hz.
RX-24F provides position update at 62Hz. while operated
at 1Mbps baud rate. Therefore, we first approximately syn-
chronize the closest servo sample corresponding to the time
stamp of laser’s header. We compute the pitch of the rotating
servo corresponding to each laser beam by interpolating two
servo position updates among a number of laser samples that
fall in the time interval between those two servo time stamps.
Here, we use Spherical Linear Interpolation (SLERP) [22] of
two servo positions to obtain the axis and angle of rotation
of the laser beams. At this point, we project each laser
beam in its local coordinate frame and obtain the cartesian
coordinate of each point. The algorithm pipeline designed
for the experiment is shown in Figure 9. Servo data is called
from servo callback where the pitch interpolation is carried
out, and then forwarded to laser’s callback. The data acquired
from Hokuyo is sent to message filter block followed
by its own callback, where the coordinate transformation
is done. Registered pointcloud is generated by collecting
the transformed coordinates. As discussed in Section III,
rotational transformation is about Y-axis. The sensor’s optical
origin is translated from the global origin in X-Z plane. Let T
be the transformation (rotation and translation) matrix given
by,

(23)T =


cos(φ) 0 sin(φ) ∆x

0 1 0 ∆y
− sin(φ) 0 cos(φ) ∆z

0 0 0 1


where (∆x,∆y,∆z) indicate the translation between sensor
origin and global origin. ∆y = 0, ∆x = zoff cos(φ),∆z =
zoff sin(φ), where zoff is the offset, shown in Figure 1.
Using T we obtain the depth image of the environment.

C. Ego-motion

We then mounted the sensor on a P3-DX robot and
created simple motions by running it forward and backward
in front of a flat wall at first and then within a normal

indoor environment containing wardrobe and other objects,
to test the sensor’s performance on a mobile robot. Minimal
odometry information i.e. wheel encoder counts from the
calibrated robot has been used to calculate the positions
of the robot. We assume that over a short distance such
as 3m. the amount of error incurred due to odometry is
insignificant. Due to constant nodding angle limits, as the
robot approaches closer to the wall, the absolute value of
zmin and zmax of the pointcloud starts to decrease and
therefore, the resultant pointcloud due to ego-motion is more
dense towards the lower part of the wall than the upper. To
generate a uniform perception along the height of the wall,
we need to compensate for the nodding angle as the robot
moves. We compensated the changes in pitch limits due to
the change in median range of the perceived pointcloud every
100ms. In addition, we implemented a velocity controller
for the nodding motor so that the nodding lidar’s FoV is
covered uniformly while considering coprime NS based on
the change in angular limits.

D. Results

Upon implementing the proposed calibration technique,
we obtain an accurate reconstruction of the object, shown
in Figure 8c and Figure 8d. It reconstructs the environment
within the FoV in real time. Further, we test the sensor
in a large indoor environment where different objects are
placed arbitrarily. As shown in Figure 9a, we kept a chair,
a manikin of human face, and a Pioneer P3-AT robot, in
the environment and used polysterene walls to make the
boundary. The color of the image changes along the depth.
Shape of all the objects are reconstructed with great detail
in Figure 9b and Figure 9c.

Apart from testing an object’s shape reconstruction by
the sensor, we are also interested to observe experimental
outcomes of choosing different NS and its impact on the
sensor’s performance. While nodding the servo along pitch,
the experimental results in Figure 10a show that, nonlin-
earities in servo’s position at the two extreme ends of its
traversal is caused due to changes in its angular velocity.
We rotate the servo at π rad/s, which is equivalent to
choosing an NS to be 4000. Our analysis in Section IV
assumes constant speed of servo during the entire traversal,
to maintain the same NS . But, due to abrupt changes in
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Fig. 7. Algorithm pipeline for the experimental setup

NS , large number of laser beams that are produced during
those instances end up with same pitch and azimuth angle
over the duration of the experiment. It is noticed that, other
than two extreme ends, the laser beams’ positions repeat
much less and remain flat across all the azimuth angle while
the pitch angle varies in the linear region. We collected
the nodding lidar’s perception for 4000 scan frames, i.e for
400sec, and apart from the extreme ends few nonlinearities
are observed in servo’s trajectory as shown in Figure 10a,
being responsible for generating laser beams at repeated
positions. Another interesting finding from our experiment
is that, change in nodding speed of servo impacts on the
number of repeated position of laser beams as shown in
Figure 10b. The servo used for the experiment provides
0.005 rad angular resolution along the vertical direction.
Therefore, the minimum resolution along φ is determined by
servo’s position resolution. The number of laser beams with
pitch value falling within one resolution span are considered
to have repeated, provided they are produced by the same
azimuth angle. When the servo nods with NS =3000, i.e.
at 4.189 rad/sec for 3000 frames, the occurrence of repeated
laser beams averaged over all azimuth angles shows low level
of repetition compared to the case while operating the servo
as slow as 1.795 rad/sec with NS=7000 for 7000 frames.
To comply with theorem 1, we carried out experiments for
even and odd selection of NS . Apart from the nonlinear
trajectories of the servo, its resolution also plays big role
to determine two beams to be repeated or not. A higher
resolution servo would certainly provide better performance
in terms of generating unique positions of laser beams. In
practice, it is extremely difficult to precisely control the servo
by commanded speed and therefore, little change in speed
will correspond to a different NS than the desired. However,
we ran the experiment for a large number of different values
of NS . A comparison of repeated points generated by the
even (with different GCD with NL) and odd selection of
NS within the linear region of servo’s trajectory is given in
Table I. From the tabular result it is evident that, although
the number of repeated points increase as we increase NS ,
odd NS tends to generate fewer repeated points than the even
one.

While considering ego-motion for the sensor, the indoor
scene in Figure 11a without pitch compensation results in
Figure 11b. It clearly shows bias towards the middle and
lower part of the image. Whereas, after using pitch compen-
sation and controlling the velocity of the servo, we obtain
a pointcloud in Figure 11c, that is close to being uniform
across the FoV. The number of repeated points registered
for 4000 laser frames amounts to 44957 compared to 66373
for uncompensated case. This proves the effectiveness of

(a) object (b) uncalibrated reconstruction

(c) side view (d) front view

Fig. 8. Reconstructed depth image of (a) a corner object, (b) uncalibrated
reconstruction shows overlapping scan registration, (c) calibrated reconstruc-
tion from side, and (d) from sensor front; servo’s speed is considered π
rad/s.

this sensor on a mobile robot in comparison with existing
3D range sensors [6], [17] designed using 2D lidars, which
although generate 3D perception, but do not come up with
such adaptability.

TABLE I
COMPARISON OF NUMBER OF REPEATS FOR ODD AND EVEN NS

NS
(even)

number of
repetition GCD

NS
(odd)

number of
repetition GCD

3000 65532 8 3009 51733 1

4000 77017 32 4009 64021 1

5000 84315 8 5009 72011 1

6000 106947 16 6009 87013 1

7000 122543 8 7009 96257 1

VII. CONCLUSION & FUTURE WORK

In this paper, we introduced a novel 3D range sensor,
developed using an affordable 2D lidar. We theoretically
demonstrated that such a 3D sensor can be controlled to
register depth measurements on 3D surface uniquely. The
number of laser samples spent, for the servo to traverse
between two extreme positions is chosen judiciously such
that its ratio to the number of laser samples in a laser frame
be coprime. This condition allows unique point set registra-
tion. We have experimentally shown that, while maintaining



(a) (b) (c)

Fig. 9. Reconstructed depth image of (a) large indoor environment containing (b) the corner, a manikin of human face and a P3-AT robot, (c) angular
view of chair reconstruction; in fixed frame.

(a)

N
S

=3000

-0.6 -0.4 -0.2 0 0.2 0.4

servo pitch (rad)

0

5

10

15

e
xp

e
ct

e
d

 f
re

q
u

e
n

cy
 o

f 
re

p
e

a
t

N
S

=7000

-0.6 -0.4 -0.2 0 0.2 0.4

servo pitch (rad)

10

20

30

e
xp

e
ct

e
d

 f
re

q
u

e
n

cy
 

o
f 

re
p

e
a

t

(b)

Fig. 10. (a) Repeated orientation of laser beam occur in large number
only at around two extreme servo positions, otherwise the frequency of
repeat is very low in between; (b) servo while operated with high NS
offers significantly high rate of repeat in laser beams’ position than with
small NS .

(a) scene (b) before compensa-
tion

(c) after compensation

Fig. 11. Reconstructed depth image of (a) an indoor scene after 40sec. of
perception, (b) before pitch compensation and velocity control of servo, (c)
more clarity in the shape of objects after implementing the control algorithm.

the coprime ratio number of repeating laser beam positions
are much fewer than when the condition is not satisfied. In
addition, we proposed that, given any arbitrary initial position
of servo, optimal nodding speed can be established so that,
the scan window can be perceived densely. This potentially
improves the chance of detecting any arbitrary object placed
at a random location within the FoV of the sensor. The
adaptability of the sensor to control its nodding limits and
speed on the fly, on a mobile robot further enables it to
become an adaptive and efficient 3D range sensor.

We plan to investigate the effect of odometry errors that
has been ignored in this paper for robot motion over short
distances. Also, the interaction of the nodding behavior of the
sensor with dynamic obstacles is another limitation worthy
of further research.
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