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Abstract— Accurate pose estimation relies on high-quality
sensor measurements. Due to manufacturing tolerance, every
sensor (camera or lidar) needs to be individually calibrated.
Feature-based techniques using simple calibration targets (e.g.,
a checkerboard pattern) have become the dominant approach
to camera sensor calibration. Existing lidar calibration methods
require a controlled environment (e.g., a space of known dimension) or specific configurations of supporting hardware (e.g.,
coupled with GPS/IMU). Leveraging recent state estimation developments based on lidar intensity imagery, this paper presents
a calibration procedure for a two-axis scanning lidar using only
an inexpensive checkerboard calibration target. In addition,
the proposed method generalizes a two-axis scanning lidar
as an idealized spherical camera with additive measurement
distortions. Conceptually, this is not unlike normal camera
calibration in which an arbitrary camera is modelled as an
idealized projective (pinhole) camera with tangential and radial
distortions. The resulting calibration method, we believe, can
be readily applied to a variety of two-axis scanning lidars. We
present the measurement improvement quantitatively, as well as
the impact of calibration on a 1.1-km visual odometry estimate.

I. I NTRODUCTION
Camera and lidar sensors are fundamental components for
today’s advanced robotic systems. For example, numerous
cameras are used in NASA’s Mars Exploration Rover [1] and
Mars Science Laboratory [2] missions to enable safe rover
descent, autonomous driving, and science data collection.
Similarly on Earth-bound systems, such as Google’s selfdriving car, lidar sensors are used for mapping, localization,
and detecting other nearby hazards/vehicles [3]. Whether the
output of these sensors is the final data product or is used for
closed-loop control, data accuracy is important. Since each
sensor is different due to manufacturing tolerance, and can
change over time (e.g., at different operating temperatures),
a flexible calibration procedure that is also accessible to the
end user can be critical to the success of the overall system.
The introduction of Bouguet’s Camera Calibration Toolbox for Matlab [4], and its subsequent C implementation in
OpenCV [5] drastically reduced the learning curve associated
with camera calibration. Based on a flexible calibration technique pioneered by Zhang [6], these packages allow anyone
to quickly obtain the intrinsic (sensor internal parameters)
and extrinsic (relative pose between sensors) calibration for
most camera sensor configurations using only a checkerboard
pattern as the calibration target.
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Fig. 1. Simplified illustration of the Autonosys LV0702 lidar’s two-axis
scanning mechanism [7]. The raw range measurement reported by the laser
rangefinder, r ′ , consists of two internal lengths, r0,1 and r1,2 , and the actual
range to the target, r.

The same level of maturity does not currently exist in lidar
calibration. While a number of packages for computing sixdegree-of-freedom extrinsic calibration between camera and
lidar sensors have been made available [8, 9], they assume
the intrinsic calibration has been done through other means.
Finding a mathematical model that accurately describes the
physical behaviour of the sensor is still non-trivial. The
dominant approach to lidar calibration requires knowledge
of the internal structure of a particular sensor in order to
produce equations with parameters that describe the internal
beam path. A least-squares problem is then formulated to
find optimal values of these parameters using a calibration
dataset. For passive cameras, the dominant system identification paradigm is more flexible and generic. An arbitrary
camera/lens configuration is modelled as a pinhole camera
with tangential and radial distortion. The intrinsic calibration
process then characterizes the extent of lens distortion using
only a few parameters.
Given the success of the black-box approach to camera
calibration, we are interested in seeing whether a similar
approach can be applied to lidar calibration. To test this
idea, we modelled a real two-axis scanning lidar using a
spherical camera model with additive distortion, and developed the necessary equations to solve for the distortion map
using least-squares optimization. An experimental calibration
dataset was gathered using a standard checkerboard pattern
printed on a planar surface. The preliminary result of the
intrinsic calibration is very promising; the nominal landmark
re-projection error on the calibration dataset is reduced
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from over 25 mm without calibration to less than 5.5 mm
with calibration. By applying the resulting calibration to an
egomotion problem involving a 1.1-km outdoor rover navigation dataset, we demonstrate a quantifiable improvement
in performance. All this was accomplished without explicit
consideration of the internal structure of the sensor. We
believe the generality of our approach will allow it to be
used by a variety of two-axis scanning lidars.
The rest of the paper is organized as follows: Section II reviews related works on lidar calibration. Section III describes
the complete problem formulation and mathematical derivation. Our experimental results are documented in Section IV,
followed by conclusions in Section V.
II. R ELATED W ORKS
Due to its success in the DARPA Urban Challenge, the
Velodyne HDL-64 is perhaps the most popular commercial
two-axis scanning lidar in use today. While the manufacturer
provides intrinsic calibration with each sensor, many teams
still found it beneficial to re-do calibration in-house to
improve measurement accuracy. The Stanford racing team,
for example, was able to solve for both the intrinsic and
extrinsic parameters of the lidar using driving data acquired
in an outdoor environment. This particular formulation also
depended on local pose data from an integrated GPS/IMU
system on-board their vehicle [10]. Mirzaei et al. [11] find
the intrinsic parameters of the sensor through the use of
a known geometric target (e.g., a squash court). While
both methods produced good lidar calibration results, the
use of additional hardware or a very specific environment
made them less flexible than traditional pattern-based camera
calibration methods.
Working with a tilting Hokuyo UTM-30LX sensor, the
calibration technique developed by Pradeep et al. [12] for
Willow Garage’s PR2 robot modelled the two-axis scanner as
a kinematic chain with a one-axis scanner at the end, which is
mathematically identical to writing out the lidar model based
on the sensor’s physical construction. Similar to this work,
our calibration approach also uses a checkerboard pattern in
conjunction with lidar intensity imagery to solve the poserelated aspects of the problem using bundle adjustment.
Inter-lidar geometric and temporal calibration has recently
been investigated by Sheehan et al. [13]. Their two-axis
scanning lidar is created from three SICK LMS-151 planar
lidars and a spinning plate. When spun on top of the plate,
the SICK lidars shared a common field-of-view (FOV). This
allowed them to form a cost function that captured the
quality of an aggregated point cloud using data from all three
sensors. Although this approach does not require external
localization or a specific calibration environment, it is not
applicable to two-axis scanners with a single laser beam.
In terms of the scanning mechanism, a tilting-mirror-based
scanning lidar developed by Ryde et al. [14] perhaps has the
most in common with our sensor. The sensor is calibrated
by scanning a flat ceiling, visualizing the point cloud and
manually adjusting the intrinsic parameters to make the scan
planar.

To the best of our knowledge, all existing lidar geometric
calibration methods, whether modelling the sensor as a kinematic chain or ray-casting for a mirror-based scanner, assume
knowledge of the internal sensor structure. Our method does
not make this assumption, making it more feasible for end
users who have no access to such information.
III. M ETHODOLOGY
The lidar sensor that we want to calibrate is an Autonosys
LVC0702 scanning lidar; it employs a unique two-axis scanning system (see Figure 1). While the horizontal scanning
direction is consistent, a nodding mirror is used to alternate
the vertical scan direction, avoiding the need for a quick
return. The sensor is capable of producing 500,000 points per
second, with a maximum frame rate of 10 Hz, a horizontal
FOV of 90 degrees, and a vertical FOV of up to 45 degrees.
For our work, we acquire scans with a resolution of 480×360
pixels at 2 Hz.
Our method does not require this particular mirror assembly, or even knowledge of the scanning mechanism. As a
result, we believe the method can be directly applied to a
number of two-axis scanning lidars, such as the mirror-based
Optech ILRIS-3D scanner, Nippon Signal’s FX8 MEMSmirror scanner, or the popular ‘do-it-yourself’ SICK/Hokuyo
planar lidar on a pan-and-tilt unit.
To fully demonstrate the generality of our method, let us
first consider the problem with using the dominant parametric
approach. To write out the inverse sensor model (a.k.a the
ray casting model), we need to know the pose of the laser
rangefinder, →
F l (as defined in Figure 1), the polygonal mirror
−
position and rotational axis as represented by →
F p , the size
−
of the polygonal mirror, the nodding mirror position and
rotational axis as represented by →
F k , and finally the offset,
−
if any, between the nodding mirror’s reflective surface and its
rotational axis. Additionally, we need to consider the offsets
in the angular encoders’ outputs due to mounting tolerances.
To perform a complete calibration, all of these parameters
would need to be estimated. In practice, to keep the number
of variables to a manageable amount, some carefully chosen
assumptions are generally made [12]. For example, assuming
an orthogonal relationship between the laser rangefinder
and the polygonal mirror’s rotational axis would drastically reduce the complexity of the resulting mathematical
model. This formulation requires intimate knowledge of the
hardware, which is not always available to the end user.
Moreover, the resulting model is sensor-specific.
An alternative to solving for the sensor’s full parametric
model is to map the difference between its actual and ideal
behaviour. We will refer to this difference as a distortion,
borrowing the term from the computer vision approach to
passive camera calibration. The non-ideal behaviour of a
real lens is said to have radial and tangential distortions in
comparison to the simplified pinhole camera model.
A similar method of distortion mapping, known as volumetric error correction, is used in the precision machining
community. During the calibration process, data from an
unbiased instrument, such as an external laser interferometer
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is compared against data from encoders mounted on the CNC
machine. The difference is then used as a feed-forward correction during the actual machining operation [15], resulting
in significant improvement in tool position accuracy.
A. Sensor Model
We will start our formulation by defining the ideal sensor
model and a grid-based model for distortion mapping.
1) Ideal sensor model: Drawing from the similarity of
the bearing and tilt encoder angles to azimuth and elevation
in the spherical coordinate frame, we can write out the
ideal inverse sensor model using the spherical-to-Euclidean
coordinate conversion formula. In this case, the fixed sensor
frame orientation is defined as follows: x-axis parallel to the
rotational axis of the hexagonal mirror (toward the front of
the sensor), y-axis to the port side (left side when viewed
from behind) of the sensor, which constrains the z-axis to
point to the top of the sensor. Note the position of this
frame is not strictly defined at this point. Let a bearing, tilt,
T
and range measurement be defined as y := α β r

T
and the Euclidean point be defined as x := x y z .
The mapping from measurement to Euclidean coordinates is
given by


r cos α cos β
(1)
x = f−1 (y) =  r sin α  .
r cos α sin β
From the above inverse model, we can write the ideal sensor
model, in which
√


arctan y, x2 + z 2
.
(2)
y = f(x) =  parctan (z, x)
x2 + y 2 + z 2

The physical construction of our sensor is different from the
ideal model, and we will use an additive distortion model
to handle this difference, where variables with (·)′ represent
real measurements, and variables without (·)′ represent ideal
measurements. Our distortion model is
α′
′

β
r′

:=
:=
:=

α + δα(α′ , β ′ , r′ ) + nα ,
′

′

′

β + δβ(α , β , r ) + nβ ,
r + δr(α′ , β ′ , r′ ) + nr ,

(3)
(4)
(5)

where δi(·, ·, ·) is a distortion function, and ni is a zero-mean
Gaussian measurement noise. These are combined to give us
the following stacked distortion equation:
y′ := y + D(y′ ) + n

n ∼ N (0, R) ,

(6)

where R is the covariance of the measurement noise.
2) Distortion model: The distortion model, D(·), captures
the difference between the actual sensor behaviour and the
ideal sensor model. In other words, for every raw sensor
measurement, y′ , we want the ability to reconstruct its
corresponding measurement, y, in the idealized sensor space,
and vice versa. Since y′ is three-dimensional, we naturally
may be led to the use of a grid-based mapping using trilinear
interpolation. However, if we strategically place the origin
of the ideal sensor frame where the laser beam nominally

intersects with the nodding mirror, located at →
F k in Figure 1,
−
at a zero-degree bearing and a zero-degree tilt, then the
range component, r′ , will have trivial impact on ideal bearing
and tilt readings. As such, it may be feasible to capture
the distortion using only the values of the two encoders
as inputs, and hence only bilinear interpolation is required.
Avoiding the need to deal with distortion as a function of raw
range, r′ , is also a necessary compromise dictated by the size
of the checkerboard pattern and the pixel resolution of the
lidar; given the fixed angular resolutions in each scan, it is
not possible to reliably extract checkerboard corner features
beyond a certain range.
Next we rewrite the distortion function as
D(α′ , β ′ ) = Φ(α′ , β ′ )c ,

(7)

where Φ(·, ·) is a predetermined set of basis functions, and c
are coefficients. In this work, we choose to use a grid-based
bilinear interpolation for our basis functions.
3) Bilinear interpolation: We begin using a familiar example: terrain mapping. One way to capture a continuous
landscape is by sampling it at regular intervals. This effectively carries out a grid-based (along the x- and y-axes)
discretization with elevation sampling, v, at each vertex.
From the discretized samples, we can then look up the
interpolated elevation, vx,y , at an arbitrary location using its
neighbouring samples, (v0,0 , v1,0 , v0,1 , v1,1 ). Procedurally,
we first compute interpolation constants based on the location
of the point relative to its neighbours:
x − x0
y − y0
λx =
,
λy =
.
(8)
x1 − x0
y1 − y0

By definition, interpolation requires x0 ≤ x ≤ x1 and y0 ≤
y ≤ y1 , which implies that 0 ≤ λx ≤ 1 and 0 ≤ λy ≤ 1. We
interpolate along the x- and then y-axis to obtain vx,y :
vx,y =



1 − λy λy





1 − λx λx
0
0
0
0 1 − λx λx




v0,0
 v1,0 
.
 v
0,1
v1,1
(9)


The matrix-notation in (9) is for a 1 × 1 grid with four
samples. To generalize the interpolation math for higherresolution grids, let us consider a size M ×N grid containing
(M + 1)(N + 1) samples. We assume the samples are
arranged as a column vector in the following order:
v=



v0,0 v1,0 · · · vM −1,0 vM,0 · · · v0,N · · · vM,N

T

.
(10)

An arbitrary location would then have four neighbour
samples, denoted by vh,i , vh+1,i , vh,i+1 , vh+1,i+1 . Indices
h = 0 . . . M and i = 0 . . . N , where xh ≤ x ≤ xh+1 and
yi ≤ y ≤ yi+1 . Using these generalized parameters, we
update (8) as
y − yi
x − xh
λx =
,
λy =
.
(11)
xh+1 − xh
yi+1 − yi

We recognize that a given interpolation process actively
involves only 4 samples in v,

T
v = · · · vh,i vh+1,i · · · vh,i+1 vh+1,i+1 · · · . (12)
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A projection matrix, P, is then used to pick out the four
necessary rows of v, resulting in a generalized bilinear
interpolation equation for arbitrary grid size:
vx,y =



|

1 − λy λy





1 − λx λx
0
0
0
0 1 − λx λx
{z
Λ(x,y)



j,k

P v. (13)
}

To store additional information (say temperature and humidity maps), we simply repeat the above step three times:
 1  
 1 
vx,y
v
Λ(x, y)
0
0
2
=
 vx,y
  v2  .
0
Λ(x, y)
0
3
v3
0
0
Λ(x, y)
vx,y
{z
} | {z }
|
Φ(x,y)

c

(14)

Instead of storing elevations, temperatures, and humidities
along an xy-grid, we use this technique to capture the
measurement distortions in bearing, tilt, and range as a
function of raw bearing, α′ , and raw tilt, β ′ , measurements.
Note that while this generalized math makes no assumption
of uniform grid spacing, we choose to work with square grid
and uniform spacing in our application.
B. Bundle Adjustment Formulation
1) Problem setup: Our calibration algorithm is a batch
bundle adjustment technique that solves for the following
variables:
Tkm : 4 × 4 transformation matrix that represents the
relative pose change from checkerboard pose m to
camera pose k,
c : distortion mapping coefficients,
where k = 1 . . . K is the time (frame) index and j = 1 . . . J
is the landmark (checkerboard corner) index. The position of
the j-th checkerboard corner relative to checkerboard pose
m, expressed in frame m, pj,m
m , is a known quantity that we
measure directly from the physical checkerboard.
These variables are combined with (1), (6), and (14) to
produce the following measurement error term:

′
′
ejk (Tkm , c) := y′jk − f Tkm pj,m
− Φ(αjk
, βjk
)c, ∀(j, k).
m
(15)
where y′jk is the measured quantity and f(·) is the nonlinear
ideal sensor model defined in (1).
Note the potential interaction between the camera pose,
Tkm , and the distortion coefficients, c. For instance, all
camera poses may be overestimated by a few degrees in
pitch, only to be compensated by the same amount of tilt
distortion in the reverse direction. Left as is, the system has
no unique solution. To address this problem, we introduce a
weak prior on the distortion parameters, which results in the
following additional error term:
ep (c) := c.

We seek to find the values of Tkm and c to minimize the
following objective function:
1X
T
ejk (Tkm , c) R−1
J(x) :=
jk ejk (Tkm , c)
2
1
T
+ ep (c) Q−1 ep (c) ,
(17)
2
where x is the full state that we wish to estimate (poses and
calibration), Rjk is the symmetric, positive-definite covariance matrix associated with the (j, k)-th measurement, and Q
is a diagonal matrix controlling the strength of the prior term.
In practice, only weak priors on the bearing and tilt vertex
coefficients are necessary. We then solve this optimization
problem by applying the Gauss-Newton method [16].
2) Linearization strategy: In this section, we will present
a linearization strategy taken directly from existing state
estimation machinery. The complete derivation can be found
in [17]. In order to linearize our error terms, we perturb the
pose variables according to
⊞

Tkm = e−δψkm T̄km ,
where we use the definition,
 ×
 ⊞
v
u
:= T
v
0

(18)


−u
,
0

(19)

and (·)× is the skew-symmetric operator given by


 ×
0
−u3 u2
u1
u2  :=  u3
0
−u1  .
−u2 u1
0
u3

(20)

It can be shown that for a small pose perturbation, δψ, the
linearization can be further simplified to


(21)
Tkm ≈ 1 − δψ ⊞
km T̄km ,
where 1 is a 4 × 4 identity matrix.
After solving for the incremental quantities at each iteration of Gauss-Newton, we will update the mean quantities
according to the following update rules:
T̄km

←

c̄ ←

⊞

e−δψkm T̄km

(22)

c̄ + δc.

(23)

3) Linearized error terms: The last step is to use our
perturbed pose expressions to come up with the linearized
error terms. Consider just the first nonlinearity before the
ideal sensor model:
j,m
pj,k
k := Tkm pm .

Substituting (21), we obtain


⊞
j,m
pj,k
k ≈ 1 − δψ km T̄km pm

(16)
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⊞
j,m
= T̄km pj,m
m − δψ km T̄km pm

j,m ⊟
= T̄km pj,m
δψ km
m + T̄km pm
i δψ 
h

⊟
km
,
T̄km pj,m
0
= p̄j,k
m
k +
{z
} | δc
|
{z }
=:Hjk

=:δxjk

(24)
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Fig. 2. Stages of calibration dataset post-processing: (a) Lidar intensity images with enhanced contrast through linear range correction [18]. (b) Corners
extracted from a intensity image using Harris corner detector. Note the labelled index number next to each corner. This sequence of corner extraction was
consistent over all images, thus providing the necessary data association for bundle adjustment. (c) Based on the sub-pixel coordinates of corners extracted
in (b), we interpolated the lidar measurements from nearby pixels to obtain the full bearing, tilt, and range measurements of the extracted corners. Here
we re-projected the corner measurements into Euclidean space using (1), and plotted them over the original lidar point cloud for visual verification.

where we define the operator,

 ⊟
t1
s
:= T
t
0


s×
,
0T

(25)

which exhibits the useful relationship,
⊟

δψ ⊞ Tp = −(Tp) δψ.

(26)

Inserting (24) into the full measurement error expression in
(15), we have


ejk (x̄jk + δxjk ) ≈ y′jk − f p̄j,k
+
H
δx
jk
jk
k
′
′ 
− Φ αjk
, βjk
(c + δc)


j,k
′
′
′ 
≈ yjk − f p̄k
− Φ αjk
, βjk
c
{z
}
|
ejk (x̄jk )

′
′ 
δxjk
− Fjk Hjk δxjk − 0 Φ αjk
, βjk
{z
}
|

Fig. 3. Our calibration dataset contains 55 unique checkerboard poses. The
poses shown here are simultaneously estimated with distortion parameters
with bundle adjustment, since our calibration technique does not use external
localization information.

IV. E XPERIMENT

=:Ejk

= ejk (x̄jk ) − [Fjk Hjk + Ejk ] δxjk
|
{z
}

A. Calibration Dataset

=:−Gjk

= ejk (x̄jk ) + Gjk δxjk

where
Fjk :=

∂f
∂p

(27)

.
p̄j,k
k

The prior error term is linear, and has a trivial linearized
form when perturbed:
ep (c̄ + δc) := ep (c̄) + δc.

(28)

We can then insert the linearized approximation (27) and
(28) into the objective function in (17), causing it to become
quadratic in δx, and proceed in the usual Gauss-Newton
fashion, being sure to update our transformation matrix
variables using the procedure in (22) at each iteration.
C. Measurement Correction
Once the values of the distortion mapping coefficients, c,
are determined, we simply manipulate (6) and (7) to obtain
the corrected measurement according to
y = y′ − Φ(α′ , β ′ )c.

(29)

Our calibration data were collected using a single checkerboard target measuring 0.8 m in width and 0.6 m in height.
The complete dataset contains scans taken at 55 unique target
poses, shown in Figure 3, with 15-20 scans at each pose to
account for noise in the lidar data. Sample intensity images
are provided in Figure 2(a). Next, we extracted grid corners
from the images using the Harris corner detector supplied
by the Camera Calibration Toolbox for Matlab [4], shown in
Figure 2(b). Figure 2(c) demonstrates our verification process, in which we overlap the extracted corners’ Euclidean
positions on top of the original lidar point cloud.
B. Calibration Results
The following procedure is used for evaluating measurement accuracy. After applying the distortion correction per
(29), we find the optimal alignment between the extracted
corner’s Euclidean re-projection and the known position of
the checkerboard corners using singular value decomposition. The idea here is that a bias-and-noise-free sensor
should produce measurements that align perfectly with the
groundtruth. We will measure any deviation in alignment by
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Fig. 4. There was a large improvement in accuracy after calibration, even
with the lowest possible resolution of distortion map.

computing the Euclidean distance between each measured
corner and its groundtruth position, and then find the mean
of this error for each scan and at each checkerboard pose.
We started the calibration process at the minimum resolution for distortion mapping, which uses a 1 × 1 interpolation
grid for each measurement dimension (bearing, tilt, and
range) or 12 coefficients in total (size of c). Surprisingly, at
this grid resolution we still obtained significant improvement
in measurement accuracy.
Figure 4 shows the nominal alignment error before and
after calibration for each of our 982 scans. Each ‘step’ in
the graph represents a single checkerboard pose, and small
fluctuations within the ‘step’ are caused by sensor noise and
error in corner extraction. The consistent error magnitude
in scans taken from the same pose indicates there are no
significant outliers in our dataset. Notice that across all the
poses we have achieved significant improvement in accuracy;
the calibration reduces the average sensor measurement error
from over 25 mm to 5.59 mm.
Next we incrementally increased the distortion mapping
resolution from using only 1 grid segment in each dimension,
up to 6. The results are displayed in Figure 5. As the
number of distortion parameters is increased, we note a
diminishing return in the reduction of measurement error.
At grid resolution N , we need three N × N grids or
3(N + 1)2 coefficients in our state vector, c. In addition
to the fact that higher resolution is more prone to overfitting, the (N + 1)2 increase in state size coupled with
the cubic complexity of solving bundle adjustment made it
unappealing for us to use a very high resolution. We found
the 3 × 3 grid resolution to be a reasonable compromise,
and have been using it as the standard calibration model
for our lidar-based navigation work. Computationally, the
Matlab implementation we executed on a 2010 Macbook
Pro with Intel i7 CPU at 2.66 Ghz and 4 GB of memory
converged in 14.5 seconds at the 3 × 3 grid distortion.
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Fig. 5. We incrementally increased grid resolution from 1 × 1 to 6 × 6.
While the measurement error continues to decrease, there is a clear trend that
higher resolution models offer diminishing returns in accuracy improvement.

GPS Antenna
AC Generator
Autonosys Lidar
ROC6 Rover

Fig. 6. An image of our field robot during a 1.1 km autonomous repeat
traverse at the Ethier Sand and Gravel pit in Sudbury, Ontario, Canada.

C. Driving Results
To be relevant to field robotics, we believe it is necessary
to validate the calibration approach by demonstrating its
benefit in an actual application that involves the sensor. For
this we revisited a visual odometry dataset that was collected
prior to the calibration work, and retroactively applied the
calibration during offline state estimation. Figure 6 provides a
overview of our field robot hardware configuration. Details of
the hardware configuration and the original field experiment
can be found in [18].
Figure 7 shows that without calibration the rover pose
estimate suffered from a slow drift in pitch. This eventually
led to large estimation error over the 1.1-km trajectory. With
the lidar calibration applied, the bias in pitch was no longer
noticeable. As a result, the overall estimate followed far more
closely to the groundtruth measured by a DGPS.

3677

80

VI. ACKNOWLEDGMENT
We wish to thank Dr. James O’Neill from Autonosys for
his help in preparing the lidar sensor for our field tests. We
also wish to thank the Natural Sciences and Engineering
Research Council of Canada and the Canada Foundation for
Innovation, Defence R&D Canada at Suffield (particularly
Jack Collier), the Canadian Space Agency, and MDA Space
Missions (particularly Cameron Ower, Raja Mukherji, and
Joseph Bakambu) for providing us with the financial and
in-kind support necessary to conduct this research.

y [m]

60
40
20
0

Start/End

−20
−40

z [m]

0

−25
−50
−75
−100
−100

GPS
With Calibration
Without Calibration
−50

0

R EFERENCES
x [m]

50

100

150

(a) Rover pose estimates

Euclidean Error [m]

120
100

Without Calibration
With Calibration

80
60
40
20
0
0

200

400
600
800
Traversed Distance [m]

1000

1200

(b) Estimation error
Fig. 7. Without calibration, biased sensor measurements caused the rover
pose estimates to drift systematically. The estimate drift reversed when the
rover switches traverse directions, hence the error reduction in parts of the
estimate. Once we applied the calibration to the lidar measurements, the
pose estimate experienced significantly lower error growth. The estimate
was produced using a relative continuous-time SLAM algorithm [19].

V. C ONCLUSIONS
In this work, we have presented a geometric lidar calibration method that closely resembles traditional camera
calibration. It offers the following advantages:
1) Leveraging lidar intensity images allowed for the use
a planar calibration target, which is more flexible than
existing lidar calibration methods that require either
external localization or a more specialized calibration
environment.
2) By not formulating the sensor model around a specific
scanning mechanism, we have arrived at a generalized
calibration method that is directly applicable to a
number of two-axis scanning lidars.
We have demonstrated the calibration method experimentally
on a complex two-axis scanning lidar, reducing the sensor
measurement error from over 25 mm to less than 5.5 mm.
Furthermore, we have shown that the calibration work drastically improves the rover navigation pose estimation accuracy.
We plan to apply the calibration method on another scanning
lidar sensor in the near future, and package the source code
for release to the research community.
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