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abstract
In this work, we examine the classic problem of robot navigation via visual simultaneous localization and
mapping (SLAM), but introducing the concept of dual optical and thermal (cross-spectral) sensing with
the addition of sensor handover from one to the other. In our approach we use a novel combination of
two primary sensors: co-registered optical and thermal cameras. Mobile robot navigation is driven by two
simultaneous camera images from the environment over which feature points are extracted and matched
between successive frames. A bearing-only visual SLAM approach is then implemented using successive
feature point observations to identify and track environment landmarks using an extended Kalman filter
(EKF). Six-degree-of-freedom mobile robot and environment landmark positions are managed by the EKF
approach illustrated using optical, thermal and combined optical/thermal features in addition to handover
from one sensor to another. Sensor handover is primarily targeted at a continuous SLAM operation during
varying illumination conditions (e.g., changing from night to day). The final methodology is tested in
outdoor environments with variation in the light conditions and robot trajectories producing results that
illustrate that the additional use of a thermal sensor improves the accuracy of landmark detection and
that the sensor handover is viable for solving the SLAM problem using this sensor combination.
© 2012 Elsevier B.V. All rights reserved.

1. Introduction
Autonomous robotics is an increasingly growing area in research and development within both academia and industry [1].
A key part of autonomous navigation for robotics used in a wide
range of applications is the ability to localize within a given environment and additionally map that same environment. This is the
classical simultaneous localisation and mapping (SLAM) problem
of mobile robotics [2].
In this work, we uniquely use co-registered optical and thermal camera sensors and develop a SLAM system on a mobile robot
platform capable of exploring and mapping a given environment.
Furthermore, we introduce the concept of sensor handover, specifically to address the issues of extreme changes in illumination over
a long-timescale SLAM mission (i.e. multi-day missions) where the
advantages of thermal sensing are key under certain twilight/night
illumination conditions whilst optical sensing remains for brighter
illumination periods.
The novel aspects of this work are the cross-spectral SLAM
(i.e., combined thermal and optical sensing) for mobile robot and
additionally the concept of sensor handover between different
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sensors on a given SLAM mission. An example can be seen in Fig. 1,
where thermal features introduce additional information to the
scene not present from the optical sensor alone.
A simultaneous localization and mapping (SLAM) approach
based on purely optical imagery features is susceptible to changing environmental lighting conditions for long-duration SLAM
missions and additionally limits feature availability for nocturnal SLAM operations [3,1,2,4,5]. For long-duration SLAM missions
within a military/security operational setting (e.g., transport or
sentry), an autonomous system would require continuous daylight
and nocturnal operation. A cross-spectral SLAM approach offers a
robust navigation able to operate during day and night illumination
transition without interruption of operations. Furthermore, a requirement exists to perform handover from one sensing modality
to the other in order to carry out such continuous operations over
changing illumination conditions. This is achieved using a passive
sensing approach (i.e., visual SLAM). In addition, the cross-spectral
capability of dual optical/thermal sensing facilitates includes scene
detail and detects object presence (Fig. 2) not readily available in
prior optical-only SLAM approaches [3].
In this work, we combine the use of speed-up robust feature
points (SURF [6]), the proposed visual SLAM approach of [4] and
additional robust RANSAC-based feature matching [7] as a solution
to the visual SLAM problem over cross-spectral optical and thermal
imagery. Additionally we consider the novel concept of sensor
handover within this multi-modal sensing context.
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Fig. 1. Detection of human presence using optical and thermal cameras.
Source: SATURN project, Salisbury Plain, Wiltshire, UK, June 2009.

Fig. 2. Urban environment—thermal sensing examples.

2. Prior work
From the survey of [1], mobile robot navigation can be summarized into three principal subgenres: (a) map-based navigation
(the mobile robot has an a priori map of the environment), (b) mapbuilding-based navigation (the robot constructs a map of the environment) and (c) mapless navigation (the mobile platform does not
use an explicit model and navigates based on object identification).
The SLAM problem is essentially a map-building-based navigation in which the system has a known kinematic model of the mobile robot performing the mapping task. Starting from an unknown
position inside the environment, the aim of SLAM is to localize the
vehicle within the environment and concurrently build an incremental navigation map using the observed landmarks from sensor
information.
A useful method to decrease the positioning error of the robot
inside the environmental map is the loop closing method. This
method is key within SLAM; it consists of re-estimating the map
when the robot returns to a previously visited location and, in
this case, the robot is able to recognize the SLAM landmarks and
increase the accuracy of the overall map. This method permits the
construction of map with greater consistency through reducing
the localization and the position errors of the landmarks [8],
increasing the robustness of the overall pose estimation within the
environment.
A wide range of devices can be used for robot navigation and
they allow the detection of the necessary SLAM landmark information. Commonly SLAM is achieved using laser range sensors [8,10],
which facilitates the recovery of explicit scene depth information
or an alternative active sensing approach (e.g., LIDAR [11], millimetre wave radar [2]).
By contrast, visual SLAM uses a passive sensing approach based
commonly on multiple views from a single camera (monocular

SLAM) [11–15,4] or stereo-based approaches [14,16] to recover
scene depth information. Visual SLAM [9] is commonplace within
autonomous robotics and it is frequently augmented with odometry, inertial navigation and satellite-based GPS navigation sensors
[11,2,16,17].
In general, one or more sensors are utilized and combined
using a sensor fusion approach [18] to increase the overall SLAM
robustness. In this work we consider the fusion of cross-spectral
video sources (optical/thermal) to target long-term illuminationindependent visual SLAM using a passive sensing approach. These
are augmented with inertial and GPS sensors on our robot platform.
2.1. Visual SLAM
From [9], within the visual SLAM problem we can identify two
main classes related to the method used to extract the information
from the sensing devices. The first method is called feature-based
methods [9], and it consists of extracting a sufficient number of
features (e.g., points, lines, edges) and sequentially matching them
between successive images. The matching stage is the key of
all SLAM approaches: erroneous matching means erroneous pose
estimation and hence erroneous map construction. The second
class of methods based on [9] is the direct methods. The required
information or parameters are directly extracted from the pixel
intensity values (such as image brightness and illumination-based
cross-correlation) [19].
Several techniques within the literature have been used for
SLAM, including corner detection [13,20], scene flow [9,21], generalized feature points [6,22] and generalized segmentation [3,15].
In this work we uniquely extend earlier visual SLAM approaches
to consider the use of such feature-based methods over a crossspectral imagery with the target of being able to perform a sensor
handover from optical to thermal sensing enabling long-term
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Fig. 3. SURF features extracted for (a) optical camera and (b) thermal camera.

visual SLAM, from passive image-based sensing, under extreme
illumination variance.
3. Optical and thermal features
In our visual SLAM we require a feature-based method to
extract information from our cross-spectral imagery. To meet both
the scale and rotational invariance requirements of SLAM together
with our desire for computational efficiency (enabling real-time
performance) we select the SURF-based approach of [6].
3.1. SURF features
The speeded-up robust feature (SURF) method [6] is a robust
image feature point detector and descriptor partially based on the
seminal scale-invariant feature transform (SIFT) method [22]. As
with the SIFT method, the SURF method is both scale and rotation
invariant, but it is computationally faster, and thus makes it a good
candidate feature detection algorithm for our application.
The first step of the SURF method is the detection of characteristic feature points in the image whilst the second step is to assign
a unique descriptor to each detected point. The descriptor is a parameter vector of the feature point that aims to be unique because
it is then used to subsequently match feature points between images. It has also to be noise robust, and invariant to scale and rotation in order to match the same points in different images.
The detector used in the SURF method [6] is based on the
Hessian matrix of the image. Given a point x = {x, y} in an image
I, the Hessian matrix H (x, σ ) in x at scale σ is defined as follows:
H (x, σ ) =



Lxx (x, σ )
Lxy (x, σ )

Lxy (x, σ )
,
Lyy (x, σ )



(1)

where Lxx (x, σ ) is the convolution of the Gaussian second-order
derivative δ 2 /δ x2 g (σ ) with the image I at the point x, and similarly
for Lxy (x, σ ) and Lyy (x, σ ), as described in [6]. To obtain a scaleinvariant feature, the images are successively smoothed with a
Gaussian filter and spatially subsampled [23].
In general, the SURF method [6] has being shown to perform
better than other methods relative to its feature extraction performance against computational cost [24]. In our implementation we
extract a 128-dimension SURF descriptor. SURF features are initially detected independently in each of the optical and thermal
images (Fig. 3). In order to facilitate the relative correspondence
of features occurring in either of these images, thermal to optical
sensor calibration is required to calculate the relative image plane
transformation between the two sensors.
3.2. Thermal to optical sensor calibration
An initial calibration of each optical and thermal camera is carried out to calculate the intrinsic and extrinsic camera parameters [25,26] denoted by optical and thermal camera calibration

matrices, KO and KT , respectively. These are required in order to
recover the transformation between the two image planes permitting the use of common reference frames for the two camera
sensors (local and global; see Section 4.1). This transformation allows the mapping of feature points detected in the thermal camera
image to the spatial reference frame of the optical camera image,
thus allowing the features detected in each image to be used in
unison. This transformation is denoted as the planar homography
that projects one image plane (thermal) to the other camera (optical). This type of mapping can be expressed in terms of matrix
multiplication [25]. Given a point xT in the thermal image and a
correspondent point xO in the optical image (taken from the same
scene) we can express the operation of the homography mapping
as follows:
xO = sHxT ,

(2)

where xO = {xO , yO , 1} and xT = {xT , yT , 1} are in homogeneous
coordinates, the parameter s is an arbitrary scale factor and H is a
3 × 3 transformation matrix.
The homography can be calculated using four correspondent
planar points identified in each of corresponding optical and
thermal scene images [25]. In Fig. 5, we see the thermal image
transformed using the calculated homography H overlain on the
corresponding optical image based on the two original optical and
thermal input images shown in Fig. 4.
In order to compute the homography matrix H, four points in
both views (i.e. four correspondent points in the thermal image and
in the optical image) are selected and successively calibrated using
the correspondent calibration matrix (i.e., KT and KO ) to correct for
camera lens and barrel distortions as follows:
T

T


xT = KT x′ T and 
xO = KO x′ O ,
(3)


T
where x′ T = x′ T , y′ T , 1 is a point in the thermal image after the

T
distortion correction and 
xT = x̃T , ỹT , 1 is the corresponding



T
T
calibrated point (x′ O = x′ O , y′ O , 1 and 
xO = x̃O , ỹO , 1 are the

optical points after distortion correction).
Successively, the points x′ T and x′ O are used to compute the
homography matrix Hc between the calibrated points. Given a
calibrated thermal point 
xT , the corresponding optical point is now
estimated as follows:


xO = Hc
xT ,

(4)

where Hc is now the homography based on the corrected thermal
and optical images with respect to the distortion characteristics
identified in the imagery. This calibration procedure to recover the
homography Hc is required for each individual camera set up.
Looking at the detail of Fig. 5(b), we can see that the optical and
thermal images do not completely match due to parallax between
the images, but this homography is empirically a good result for
the feature matching required in this work.
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Fig. 4. Images used to compute the homography that maps the (a) thermal images to the (b) optical images.

Fig. 5. (a) Untransformed and (b) transformed images (overlay of the optical and thermal images using calibrated homography Hc ).

As introduced earlier, the homography matrix H is used to
express the thermal image or thermal detected features within
the reference frame of the optical camera (i.e., the reference
frame used for the SLAM system). To compute the transformation
from a thermal feature point in the thermal image plane to
the optical image plane, we use the homography matrix H and
the intrinsic camera parameters KT and KO resulting from the
single calibration of the thermal and optical camera, respectively.
Following this approach the transformed thermal feature points
are now expressed in the optical camera reference frame and
they are ready for use in the initialization of the SLAM approach
described subsequently.

coordinates can be recovered, and the feature is selected as a candidate landmark to be added to the 3D environment map. The resulting map thus contains information about the position estimation of
each identified landmark and its associated positional error [4].
In addition a dead reckoning approach using inertial wheel encoders and a secondary GPS receiver are used as additional sensors to resolve the global robot motion and position. As the robot
continues in motion through the environment, management and
merging of this information is required to maintain the environmental map. To facilitate the combination of this multi-sensor data
for the estimation of the robot current position, an implementation
of an extended Kalman filter [27] is used.
4.1. Feature extraction and initialization

4. From a video to a map
Following the mono-SLAM approach of [4], we construct a
system based on a single camera sensor capable of building a 3D
environmental map and self-localizing itself within that map over
a given period of time. From [4] we develop an initial solution
for monocular SLAM using optical sensing, inertial wheel encoder
inputs and GPS—upon which thermally sensed features are latterly
overlain.
In summary, the general approach is to extract SURF feature
points and subsequently either initialize new features or match detected features against those within an existing feature database
(i.e., known features from previous images). New features are initialized to select a set of possible 3D positions (i.e., 3D possible coordinates). Each new feature is initialized as a sum of Gaussians
that is then updated with each subsequent observation [4]. From
several successive observations, the depth of the feature and its 3D

From each captured optical and thermal image frame, SURF
features [6] are extracted. Subsequently the extracted features are
matched between successive frames on a per-sensor basis. This
initial set of matches is used to build an initial feature database
for each sensor (separately). These databases are then used to
track the image to image features as the robot transits through
the environment (optical and thermal separately). New feature
points are added to these databases every n frames based on a
parallel matching technique. This technique consists in matching
features among m image frames, allowing the system to add
features which are more frequently present in the field of view of
the camera sensors. With this method we then are able to increase
the probability of landmark detection as the initial feature points
used are more stable over time.
After a feature is detected we follow the approach of [4], and
each SURF feature point is initialized with a set of candidate
positions and updated using successive observations as described
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in [4]. For each update of the feature positions, the 3D coordinates
of the initial set is pruned until a last update selects one candidate
as the initial 3D coordinates (see Section 4.2).
For a single feature point, once extracted from the image, the
only information about its position in space that can be immediately recovered is the 2D pixel coordinates in the image with
respect to the camera reference frame. Given a 3D point P with
coordinates X = {X , Y , Z } in the scene, we can express its corresponding 2D image pixel coordinates using the calibration matrix
K as follows:
u

 
λx = λ v


=

1

fsx
0
0

0
fsy
0

ox
oy
1

X
Y
Z

 
= KX,

(5)

where λ is the distance (depth) of point X along the z axis of the
camera, x = {u, v} the 2D pixel coordinates in the image camera
plane of P and f the camera focal length, whilst sx and sy are the
lengths of the pixel along the horizontal and vertical directions respectively and ox and oy are the x and y coordinates of the optical
centre of the image plane. The matrix K and the relative elements
are recovered from prior calibration [26, see Section 3.2].
From Eq. (5), we can see that the depth λ is the Z coordinate of
a feature, which is in general unknown at this stage of SLAM when
using a monocular camera model [4]. Multiplying the 2D pixel
coordinates x = (u, v) by the inverse of the calibration matrix,
we obtain the expression to recover the 3D coordinates X of P up
to a scalar factor λ:
X
Y
Z

 
X =

= λ K −1

 
u

v

.

(6)

The scalar factor λ represents the unknown depth of the point P.
Division of Eq. (6) by λ gives:
X /λ
Y /λ
Z /λ


X /λ =



X /Z
Y /Z
1


=



x
y
1

u

 
=

 
= K −1 v .

(7)

The next stage is the recovery of the direction of the point with
respect to the camera reference frame. The direction of a feature is
represented by the angles θ and φ :
(8)

and these angles refer to a polar reference frame, as shown in Fig. 6.
As we use images from a single camera, the current depth of
a feature point P, translated as radius ρ in a polar coordinates
system (see Fig. 6), is unknown, as previously outlined. Based
on [4], we estimate the spatial position (and thus the depth) of a
feature initializing the correspondent 3D coordinates using a sum
of Gaussians. This sum of Gaussians is successively updated using
observations of the same feature over time based on our feature
matching methodology (to achieve consistent match features
we use a nearest-neighbour technique [28] in combination with
the RANSAC algorithm [7]). The main hypothesis that allows us
to compute this initial set of Gaussians for a feature point is
the established specific depth range [ρmin , ρmax ] for any given
sensor. However, the initial values of ρmin and ρmax are somewhat
arbitrary, and can be set empirically based on the environment and
known sensor capabilities.
Following the approach of [4], the 3D coordinates of a point P
can thus be expressed as:
P (θ, φ, ρ) = Γ (θ , σθ ) · Γ (φ, σφ ) ·



ωi Γi (ρi , σρi ),

the sum of Gaussians that approximates the a priori knowledge
of the depth. According to [4] the depth of the feature can be
computed using the following geometric series:

ρ0 = ρmin /(1 − α),
ρi = β i · ρ0 ,

(9)

(10)

σρi = α · ρi ,

ρn−2 < ρmax / (1 − α) ,

1

  

arctan (
y/x)
θ
=
,
φ
− arctan (1/ x2 + y2 )

Fig. 6. Representation of a feature in polar coordinates (θ, φ ).

ωi ∝ ρi ,

(11)

ρn−1 ≥ ρmax /(1 − α).

(12)

Once again the values of α (=0.25) and β (=2.5) are chosen empirically but following constraints related to the distribution of a
Gaussian that we
[4]. After
this initialization,

 pwant to obtain

p
is coneach Gaussian µi = {ρi , θ , φ, } , i = σρ2i , σθ2 , σφ2
verted from polar coordinates to Cartesian coordinates:

  ρi cos φ cos θ  xi 
θ
µ =g
= ρi cos φ sin θ = yi
φ
−ρi sin φ
zi
c
i

c

i

=G

p


GT = σx2i , σy2i , σz2i ,





(13)

(14)

i

where G = ∂ g /∂ X |(ρi ,θ ,φ) .
The reference frame used to express the initial 3D coordinates
of a feature point is the robot reference frame at the instant when
the feature is seen the first time.
After this initialization, we obtain n 3D coordinates of the same
feature, and an update stage is necessary to select which Gaussian
best approximates the feature pose. An example of the output of
the initialization process is shown in Fig. 7, where each Gaussian
in the set is represented as an ellipsoid of error and the orientation
is related to the first relative direction in which the feature was
initially seen.
4.2. Initial position update and landmark initialization

i

where P (θ , φ, ρ) represents the spatial
 position of P with its
relative error in polar coordinates and i ωi Γi (ρi , σρi ) represents

Using successive observations of the same feature point, a
selection procedure can be performed computing an estimation of

200

M. Magnabosco, T.P. Breckon / Robotics and Autonomous Systems 61 (2013) 195–208

10

Z [m]

8
6
4
2
0
15

X [m]

10

35
30
2
205

60
55 50 5
4 40

5 0 .5
0

10

5

0

-70
-60 -65
-45 -50 -55
-40
-30 -35
Trajectory of the
-20 -25
-5 -10 -15
Mobile robot
Y [m]

-75 -80

Fig. 7. Feature initialization—landmark selection and estimation related to the robot position.

frame. The robot reference frame differs from the image reference
frame by two simple rotations along the z and x axes of π /2.
From the specification of the variables, we can thus formulate
a computation for ẑi , the prediction of the ith observation in the
current robot reference frame, as follows:

 



ẑi = h to X̂r0 , from X̂rtf , µci





= H X̂r0 , X̂rtf , µci ,

(16)

where
Fig. 8. Feature/landmark position vector with respect to different robot reference
frames.
Table 1
Description of the variables used in our formulation.
Symbols

Description

Xr

global (or world) reference frame, taken as the first position of the
mobile robot
robot reference frame where the landmark is initially seen,
coordinates are expressed with respect to the global reference
frame
current robot reference frame, coordinates are expressed with
respect to the global reference frame
rotation matrix, R, and translation vector, T , that express the
rotation from the robot reference frame at time t to the global
reference frame
rotation matrix, R, and translation vector, T , that expresses the
rotation from the global reference frame to the current robot
frame
3D coordinates of the ith landmark with respect to the global
reference frame
3D coordinates of the ith landmark with respect to the robot
reference frame
3D coordinates of the ith landmark with respect to the current
robot reference frame

tf

X̂r

X̂r0
r
tf

R, Trr→tf

, Trr→0

0
rR

µri
µci
µ0i

the normalized likelihood for each Gaussian, Γi . The likelihood of Γi
to be an estimation of the observed feature is computed as follows:
Lti =

1

2π

√
|Si |



T −1 

1
exp −
zt − ẑi Si
zt − ẑi ,
2

(15)

where Si is the covariance of the innovation zt − ẑi [4]. The
prediction of the observation ẑi = (θi , φi ) is estimated considering
each Gaussian in the current robot frame (i.e., at time t) and zt is
the observation at the corresponding time t.
In Fig. 8 and Table 1 we present three different robot reference
frames generally used and the notation of the landmark vector
with respect to these reference frames (i.e., µri , µci and µ0i ).
All the information from the images is acquired in the image
reference frame, while the information stored in the EKF and in the
subsequent 3D environmental map refers to the robot reference



µri = from X̂rtf , µci =rtf R · µci + Trr→tf ,


µ0i = to X̂r0 , µri =0r R · µri − Trr→0 ,


arctan
(−zi0 /x0i )





  


θi
0
yi
,
ẑi =
=


− arctan  
φi






2
2


x0i + −zi0

(17)
(18)

(19)

based on the formulation of [4]. From Eqs. (18) and (19) we can
see how the variable ẑi is the Cartesian coordinates µ0i transformed
into the polar reference frame, from where we can indicate h()
to be the transformation from Cartesian coordinates to polar
coordinates [4].
Furthermore, in Eq. (15) we use the matrix Si , the covariance of
the innovation zt − ẑi , which is computed as follows:
Si = H1 PX 0 H1T + H2 PX tf H2T + H1 PX 0 ,X tf H2T
r

r

+ H2 P T 0

tf

Xr ,Xr

r

H1T + H3

c


r

H3T + Rt ,

(20)

i

where
H1 =

∂H
,
∂ Xr0

H2 =

∂H
∂

tf
Xr

and

H3 =

∂H
∂µci

(21)

where Rt is the covariance associated with the observation zt and
P(k) is the co-variance matrix associated with a given reference
frame k from Table 1 (where reference frame k in Table 1 is relative
to the origin with associated transformation done by T and R).
Following [4], to compare the likelihood of each Gaussian, we
use the normalized likelihood; that is, for hypothesis i, the product
of likelihoods obtained for Γi is


t

Lti

Λi =  
j

t

Ltj

.

(22)
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Fig. 9. From an observed feature point in the image frame to a landmark in the 3D
environmental map.

The normalized likelihood is computed every time we have a
new observation zt of the feature point for each Gaussian, and the
Gaussian associated with the worst hypotheses is pruned if Λi <
τ (τ = 0.5/n, n = number of Gaussians remaining). Following
several observations we end up with a single Gaussian, and the
associated 3D coordinates of the feature are compared with the last
observation using the χ 2 test [4,5]. If the coordinates pass the χ 2
test, the associated feature is declared as a landmark and is inserted
in the landmark database and deleted from the correspondent
features database (i.e., optical or thermal). If this is not the case,
this means that the feature is not in the pre-specified depth range
[ρmin , ρmax ] that we have identified in the initialization stage or
alternatively the observations were not consistent enough so the
feature has been rejected by the χ 2 test.
The process from initial feature to a new landmark is shown in
Fig. 9 with the reduction in spatial Gaussian (illustrated in two dimensions). The leftmost image (Fig. 9) represents the initialization
stage of a feature as a sum of Gaussians. The successive two images
in Fig. 9 show that, thanks to successive observations of the same
feature, some Gaussians are subsequently pruned,leaving a single
estimate of the 3D position with a Gaussian error.
When only one Gaussian remains and passes the χ 2 test, the
feature is declared as a landmark and it is projected into the
global reference frame. At the final stage, the past observations
of the feature point are used to update the estimation of the
landmark position and reduce the overall error related to the
Gaussian (see right image in Fig. 9) prior to be added to the 3D
environment map. As the number of landmarks detected from
the environment increases, we slowly build up a 3D landmark
map of the environment as the mobile robot transits through the
environment.
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combination with the inertial wheel encoders and additional GPS
receiver data to better estimate the 3D map of the environment
and the position of the robot within the environment map.
The state of the EKF is composed by the current robot position,
the past n robot positions and the m landmark estimates. The prior
n robot position are not subjected to update or prediction within
the EKF framework. These robot positions are kept to allow the
position update process to identify the robot position where a
feature is initially detected.
The overall EKF state can be represented as follows:

X =

 Xt 
r 


 .. 




. 



 0

Xr
t

X l ,1 






.. 



 . 



t

,

X l ,m

P

Xrt





P =





···
..
.

P X t ,X 0
r

r

..
.

PX 0
r

PXrt ,X t

..
.

l,1

P X 0 ,X t
r

PX t

l,1

l,1

···
···
···
···
..
.

PXrt ,X t 

..
.

(23)

l,m




PX 0 ,X t 
r
l,m 
,
PX t ,X t 
l,1 l,m 
.. 
. 
PX t

l,m

Xrt

where X is the state vector and
represents the current position
of the robot, Xr0 is the first saved past position of the robot and
Xlt,i=1,...,m is the position of the ith landmark at time t. The matrix P
is the covariance matrix of the entries of the EKF state vector, and
it represents the error of the estimations.
After a given amount of iteration, the overall size of the EKF state
increases due to the addition of new landmarks within the environment map and the constant recording of prior robot positions. In
order to reduce both the memory footprint and the computational
cost of the overall EKF process, the size of the EKF state vector is
managed by removing prior robot positions that are not used for
subsequent feature tracking from the vector used in the initial position update process (see Section 4.2).

4.3. Robot position and 3D map update

5. Results

Once we start constructing the environment map, we use
observations of the identified landmarks as additional information
input to the extended Kalman filter (EKF) [27,29]. This is used in

This work is realized on Pioneer 3-AT mobile robot platform
equipped with both optical and thermal cameras (Visionhitech
VC57WD-24 CCTV—spectral range: 400–700 nm/Thermoteknix

Fig. 10. Pioneer 3-AT equipped with optical and thermal sensors.
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Fig. 11. Outdoor test environment: (a) optical camera, (b) thermal camera.

10

-20

the image)]. By contrast, from the thermal camera a variety of
features are still detected with varying signature features, such as
people and aspects of building within the environment (Fig. 11(a)).
In general the feature density within the thermal imagery is lesser
than the corresponding optical imagery (Fig. 3). However, it has to
be noted that the density of the available optical imagery features
is dependent on the illumination condition, whereas the thermal
features are largely constant and dependent on the thermal
dynamics of the environment rather than varying illumination
conditions.

-25

5.1. Optical SLAM

-30

As first reference implementation we use a single camera
system replicating the proposed solution of [4] using only the
optical camera sensor. For all the reported examples, satellite
imagery [30] is overlaid onto the 2D environmental map (see
Fig. 13(a)). For this case 135 optical landmarks are detected with
average error ±2.10 m, ±0.40 m and ±0.21 m along the x, y and z
axes, respectively.
A second example is presented in a different environment
setting for comparison with the resulting 2D map/satellite imagery
shown in Fig. 12. For this example case 129 optical landmarks are
detected with average error ±1.46 m, ±0.60 m and ±0.43 m along
the x, y and z axes, respectively.
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Fig. 12. 2D environmental map for the optical sensor SLAM analysis (case 2).

MIRICLE 110K—spectral range: 8–12 µm). Furthermore, the mobile
robot is equipped with a GPS GlobalSat BU–353 receiver and it is
manually controlled at a variable speed within the test scenario
used. The system configuration is shown in Fig. 10.
The system is tested over a range of outdoor environments
around the Cranfield University campus (Fig. 11(a)–(b)).
In general, within these test environments we see a diverse
range of features at a varying depth detected from the optical
camera due to the large level of detail within the image and our
choice of the feature detector [6, Refer to Fig. 3 and Fig. 11 (Fig.
3 for the features and Fig. 11 for the difference in the details of

5.2. Thermal SLAM
The experiments from Section 5.1 are repeated using the
thermal sensor (features detected on the same physical ‘run’
of the robot). Both cameras are initialized identically, with the
only exception being the initial value of the depth range limits
[ρmin , ρmax ]. In general, the minimum ray ρmin used to initialize
new thermal feature points is larger than the one used for optical
features (see Section 4.1). The motivation for this is related to the
different field of view of the thermal sensor, which is significantly
narrower than that of the optical sensor. As a consequence,
following the initialization process (see Section 4), the ellipses of
error for the thermal landmark results are larger than for optical
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Fig. 13. 2D environmental map for the (a) optical sensor SLAM analysis, (b) thermal sensor SLAM analysis and (c) cross-spectral SLAM analysis (case 1).
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landmarks (compare Fig. 13(a) and (b)). For the thermal case shown
in Fig. 13(b), the analysis using the thermal sensor detects seven
thermal landmarks with average error ±8.31 m, ±1.30 m and
±0.97 m along the x, y and z axes, respectively.
Comparing the optical and thermal analyses for this case
(compare Fig. 13(a) and (b)), we see a significant reduction in the
landmarks detected during the exploration of the area. This can
be attributed to a low level of thermal detail within this particular
portion of the environment and additionally the narrower field of
view of the thermal camera sensor.
For the second thermal SLAM test case, the 2D environmental
map is shown in Fig. 14; it detects 122 thermal landmarks with
average error ±0.94 m, ±0.68 m and ±0.31 m along the x, y
and z axes, respectively. For this case, we notice a similar level
of landmark detection as in the corresponding optical case (see
Fig. 12), and additionally note the comparable average errors over
the set of detected landmarks. Overall we can see that thermal
sensor-based SLAM can perform at a comparable level to that
obtained using the optical sensor.
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5.3. Cross-spectral SLAM

-55

The experimental analysis undertaken in Sections 3.1 and 3.2
is repeated using both the optical and thermal camera sensors for
independent feature detection as a conduit to landmark detection.
For the first analysis case, using the cross-spectral SLAM approach
(Fig. 13(c)), the level of optical landmark detection is comparable
to the prior optical sensor only case (Fig. 13(a)), but we see a
significant increase in the number of thermal landmarks detected
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Fig. 14. 2D environmental map for the thermal sensor SLAM analysis (case 2).

with respect to the prior thermal sensor only analysis (Fig. 13(b)).
Furthermore, the environmental map is represented in three
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Fig. 15. 3D environmental map for the cross-spectral SLAM analysis (case 1).
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Table 2
Final value of the EKF state vector {X , Y , Z , γ , β, α} for the cross-spectral SLAM, the
optical sensor only SLAM and thermal sensor only SLAM (case 1).

X (m)
Y (m)
Z (m)
γ (°)
β (°)
α (°)

Cross-spectral SLAM

Optical SLAM

Thermal SLAM

51.82 ± 0.39
−9.59 ± 0.66
0.22 ± 0.45
−0.55 ± 8.96
−2.73 ± 8.56
−14.42 ± 4.59

51.61 ± 0.39
−9.41 ± 0.65
0.37 ± 0.40
−3.85 ± 8.04
−4.25 ± 7.81
−14.67 ± 4.59

51.91 ± 0.40
−9.73 ± 0.65
0.06 ± 0.47
−1.60 ± 9.06
−5.32 ± 7.84
−14.40 ± 4.59

5
0
-5
-10
-15

dimensions in Fig. 15 to give an alternative illustration of the
overall estimated map following the SLAM result presentation
style of the original base work [4].
For this case, the combination of the optical and thermal sensors
allows the system to detect 96 optical landmarks and 36 thermal
landmarks with average error ±3.06 m, ±0.34 m and ±0.31 m
along the x, y and z axes, respectively. In comparison to the optical
sensor only implementation of [4] (Section 4.1) we show that
the cross-spectral SLAM approach gives an increase of 18.2% of
the landmarks detected. The is attributable to the fact that the
cross-spectral SLAM using two sensors is able to extract more
information from the explored environment.
During this experiment a number of dynamic objects (people)
with significant thermal and optical features also enter the
environment within the field of view of the sensors. It is important
to outline that the presence of these dynamic objects in the scene
did not affect the overall operation of the approach. This can be
attributed to the threshold added before the use of any given
observation vector in the update stage of the EKF that allows
the system to have a robust feature/landmark matching process
(Sections 4.2 and 4.3).
Table 2 shows the final estimated positions of the mobile robot
for the three sensor variation approaches (i.e., cross-spectral SLAM,
optical SLAM and thermal SLAM). The final error associated with
the robot position estimation using combined sensing is almost
identical to those estimated from the optical sensor only case,
but notably the use of the thermal camera provides additional
information during the mapping phase of the SLAM approach with
the advantage of providing further thermal features/landmarks.
This is achieved without introducing further significant errors into
the system.
From Table 2, if we consider that the mobile robot is moving on
a surface that can be considered planar, we can observe that the
results obtained for the cross-spectral SLAM system give a better
estimate of the robot position with particular regards to the robot
orientation along the x and y axes.
Fig. 16 shows the 2D environmental map of the second analysis
case for combined cross-spectral sensing. In comparison with
the optical sensor only case (Fig. 12) and the thermal sensor
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Fig. 16. 2D environmental map for the cross-spectral SLAM analysis (case 1).

only case (Fig. 14) this cross-spectral SLAM analysis obtained 104
optical landmarks and 67 thermal landmarks with average error
of ±1.06 m, ±0.43 m and ±0.26 m along the x, y and z axes,
respectively.
Despite the decrease of the number of thermal landmarks
detected in the combined system with respect to the thermal
sensor only analysis (Section 5.2), the positional errors (ellipses
in Figs. 13(b)–14 and Figs. 13(c)–16) for the thermal landmarks in
the cross-spectral SLAM analysis are actually smaller than those
recovered in the thermal sensor only case. Comparing the crossspectral SLAM system with respect to the single optical camera
implementation of [4] we have an increase of 32% in the number
of landmarks detected and a decrease of 27.4%, 28.3% and 39.5% in
the average landmark error along the x, y and z axes, respectively.
It is important to notice that the increase in the overall number of
landmarks results in a higher number of landmark observations.
These combined optical and thermal landmark observations are
dependent on the current robot position (the landmark position
observations are indirect), and when used as input to the EKF this
dependency on the current status of the mobile robot positioning
allows us to reduce the overall EKF state vector error. The
corresponding 3D map of the combined system for this second case
is shown in Fig. 17.
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Fig. 17. 3D environmental map for the cross-spectral SLAM analysis (case 2).

0
-5
-10
-15

Y [m]

-20
-25
-30
-35
-40
-45
-50
60

65

70

75

80

85

90

95 100 105 110 115 120 125 130 135 140 145 150 155 160
X [m]

Fig. 18. 2D environmental map for the cross-spectral SLAM analysis (case 3).
Table 3
Final value of the EKF state vector {X , Y , Z , γ , β, α} for the cross-spectral SLAM, the
optical sensor only SLAM and thermal sensor only SLAM (case 2).

X (m)
Y (m)
Z (m)
γ (°)
β (°)
α (°)

Cross-spectral SLAM

Optical SLAM

Thermal SLAM

45.96 ± 0.96
−52.28 ± 0.43
0.05 ± 0.47
−3.65 ± 9.48
−12.82 ± 9.46
−81.49 ± 4.20

45.90 ± 0.96
−51.95 ± 0.43
0.07 ± 0.47
−20.18 ± 8.94
−18.59 ± 8.73
−81.41 ± 4.20

45.92 ± 0.96
−52.34 ± 0.43
0.01 ± 0.48
−2.91 ± 9.49
−11.14 ± 9.49
−81.76 ± 4.20

is present in the resulting environment map (Figs. 18 and 19).
This extent of landmark positioning errors is related to the initial
coordinates used for a new landmark; landmarks that are detected
further away from the camera sensors are going to be initialized
with a larger correspondent error as the initial error is proportional
to the distance of the landmark from the camera (see Section 4.1).
Fig. 19 represents the 3D environmental map for the combined
system of this third case.
5.4. Sensor handover within SLAM

From Table 3 we can observe that for this case the cross-spectral
SLAM performs better in terms of estimated final robot position
than in the optical sensor only case, suggesting that the crossspectral SLAM approach benefits from the addition of thermal
landmark observations improving the mobile robot localization
within the environment.
This experiment is carried out for a third case and the 2D
environmental map is shown in Fig. 18. In this example we can
see a prevalence of optical landmarks at the beginning of the
navigation whilst a detection of thermal landmarks seems to
dominate the last part of the mobile robot route. This is related
to a higher presence of optical features in the first part of the
mobile robot route in comparison to the end of the route, whilst
for thermal features the opposite trend is apparent. In this example
213 landmarks are detected: 141 are optical landmarks and 72 are
thermal landmarks, with an average error ±1.82 m, ±1.49 m and
±0.58 m along the x, y and z axes, respectively.
For this third case, different optical and thermal landmarks are
detected during the navigation, and a wide range of error ellipses

As shown in Section 5.3, the combined use of optical and thermal sensors allows the mobile robot to perform the SLAM task independent of illumination conditions and improves estimation of
the robot position compared to a single sensor SLAM approach [4].
Another advantage of this approach is that if features from one
of the two sensors become unavailable the system is still able
to explore the environment, performing SLAM and detecting features/landmarks, as the data from the remaining sensor is used to
complete this portion of the SLAM task. To test the performance of
the system, we simulate a sensor handover situation where we essentially remove the optical sensor as an input to the system within
the SLAM mission and rely on thermal features only for a midportion of the mission. This is performed over a short period of a
longer mission to simulate a significant illumination change (darkness) affecting the availability of optical features for visual SLAM.
In Fig. 20, we see a second analysis case (previous case 2 from
Section 5.3) where optical camera features are not used from frame
220 until frame 1560 of the overall data sequence (the optical
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Fig. 19. 3D environmental map for the cross-spectral SLAM analysis (case 3).
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Table 4
Final value of the EKF state vector {X , Y , Z , γ , β, α} for regular cross-spectral SLAM
and sensor handover case (case 2).

5
0

X (m)
Y (m)
Z (m)
γ (°)
β (°)
α (°)

-5
-10
-15

Cross-spectral SLAM

Handover

45.96 ± 0.96
−52.28 ± 0.43
0.05 ± 0.47
−3.65 ± 9.48
−12.82 ± 9.46
−81.49 ± 4.20

45.84 ± 0.97
−52.22 ± 0.44
0.05 ± 0.47
−2.47 ± 9.47
−12.85 ± 9.39
−81.42 ± 4.24
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Fig. 20. 2D environmental map for the handover analysis (case 2).

features are absent over 30% of the mission). In this first handover
case, 118 landmarks are detected, of which 62 are thermal and 56
are optical detected landmarks, with an average error of ±0.59 m,
±0.22 m and ±0.15 m along the x, y and z axes, respectively.
Comparing the sensor handover condition with the crossspectral SLAM case, it is notable that fewer landmarks are detected
with particular reference to optical landmarks. This is somewhat
to be expected because it is the data from the optical camera
in which we are simulating an outage, requiring handover, for
approximately a third of the overall mobile robot navigation route.
In Table 4, we report the final position of the robot for both
the cross-spectral SLAM and the sensor handover conditions. The
estimated position for the mobile robot under the sensor handover
condition is comparable in terms of the error intervals with the
cross-spectral SLAM case, and from this we can see that the
combined sensing approach is able to cope with the missing sensor
data that could be caused by extreme changes in illumination
conditions (i.e., day/night operation) or sensor malfunction.
The same handover analysis is carried out on the third case
(see Fig. 21). Similarly, for this analysis case, the optical camera

is not being used for approximately 30% of the navigation route
to simulate a significant change in the lighting condition which
limits the usefulness of the optical camera features. This result is
illustrated graphically in Fig. 21 and additionally with comparison
to the cross-spectral SLAM case in Table 5.
In this case the approach is able to detect 167 landmarks; 62
are thermal and 105 are optical landmarks, with an average error
of ±1.29 m, ±0.54 m and ±0.09 m along the x, y and z axes,
respectively. The number of landmarks detected is again fewer
than in the cross-spectral SLAM case but this is related to the
absence of optical data information for part of the robot navigation
route.
The final robot position estimation is reported in Table 5 with
the relative errors and compared to the cross-spectral SLAM case.
From Table 5 we can see the difference in the robot position
estimation of 4 m for the X position and 2 m for the Y position.
In this final case the thermal camera is notably positioned to an
offset to the optical sensor field of view (see Fig. 22) in an attempt
to maximize the number of near field features detected by the
thermal sensor. This configuration in addition with the narrow
field of view of the thermal sensor (in comparison with the optical
camera) shows that purely thermal camera navigation is not ideal
and the overall system suffers to a greater degree with a lack of
optical data during the handover condition. However this does
not affect the ability of the system to estimate its position and
detect landmarks, but does appear to affect the localization of its
overall final performance. Future work will look at using multiple
thermal sensors or a wider field of view to give greater coincidence
coverage of both the optical and thermal field of views within this
task (Fig. 5).
In general, we can see that the SLAM approach can cope well
under optical to thermal sensor handover conditions, simulating
daylight to nocturnal illumination changes, and we see that the
impact on the overall localization and mapping components of the
SLAM task is minimal.
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Fig. 21. 2D environmental map for the sensor handover case analysis (case 3).

Fig. 22. Example of the output during the navigation (case 3).
Table 5
Final value of the EKF state vector {X , Y , Z , γ , β, α} for regular cross-spectral SLAM
and sensor handover case (case 3).

X (m)
Y (m)
Z (m)
γ (°)
β (°)
α (°)

Cross-spectral SLAM

Handover

148.00 ± 0.60
−7.52 ± 0.63
0.35 ± 0.44
10.99 ± 4.28
−11.13 ± 6.68
51.09 ± 2.98

144.21 ± 0.34
−5.16 ± 0.47
0.27 ± 0.34
3.72 ± 2.33
−11.22 ± 5.27
58.30 ± 1.85

6. Conclusion
We present a solution for the SLAM problem using combined
optical and thermal sensing. An implementation of the technique
of [4] is successfully achieved, and it permits the introduction of
two novel aspects of this work: (1) the additional use of a secondary thermal sensor to complement the existing optical sensor
in the SLAM navigation task (cross-spectral SLAM navigation) and
(2) sensor handover between cameras operating in different parts
of the spectrum over a single SLAM mission. The evaluation of the
approach presented confirms that the information added by the
thermal camera improves the performance of the monocular SLAM
approach (despite being used as independent, non-stereo sensors)
as it increases the number of detected landmarks and decreases

the average error related to the landmark positions. Furthermore,
it improves the estimation of the mobile robot position throughout
the time integration steps (i.e., improved localization). This performance of the system is confirmed for different types of environment and in varying lighting conditions including the presence of
moving objects within the scene.
In addition, we illustrate the first use of cross-spectral sensor
handover where for a single SLAM mission we perform part of the
route with combined optical and thermal (cross-spectral) sensing
and perform handover to a single sensor (thermal camera) during
the mission. This work extends the state of the art with respect
to the monocular single sensor SLAM approach of [12,13,4] by
illustrating its extension to cross-spectral sensing and additionally
with the ability of handover between multi-sensor and single
sensor sensing with minimum effect on the overall localization and
mapping.
Further work could develop the integration of an optical flow
technique [21] as a supplementary tool for the measurement
of the robot motion, cross-spectral stereo [31] and additionally
consideration of SLAM loop closing in a multi-sensing/crosssensing environment.
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