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Abstract—Research on visual odometry and localisation is
largely dominated by solutions developed in the visible spectrum, where illumination is a critical factor. Other parts of
the electromagnetic spectrum are currently being investigated
to generate solutions dealing with extreme illumination conditions. Multispectral setups are particularly interesting as they
provide information from different parts of the spectrum at
once. However, the main challenge of such camera setups is the
lack of similarity between the images produced, which makes
conventional stereo matching techniques obsolete.
This work investigates a new way of concurrently processing
images from different spectra for application to visual odometry.
It particularly focuses on the visible and Long Wave InfraRed
(LWIR) spectral bands where dissimilarity between pixel intensities is maximal. A new Multimodal Monocular Visual Odometry
solution (MMS-VO) is presented. With this novel approach, features are tracked simultaneously, but only the camera providing
the best tracking quality is used to estimate motion. Visual
odometry is performed within a windowed bundle adjustment
framework, by alternating between the cameras as the nature of
the scene changes. Furthermore, the motion estimation process
is robustified by selecting adequate keyframes based on parallax.
The algorithm was tested on a series of visible-thermal
datasets, acquired from a car with real driving conditions. It
is shown that feature tracking could be performed in both
modalities with the same set of parameters. Additionally, the
MMS-VO provides a superior visual odometry trajectory as one
camera can compensate when the other is not working.

I. I NTRODUCTION
As visual based localisation techniques are becoming more
advanced and reliable, the use of cameras has widely spread
in research fields such as robotics, autonomous driving or
mapping. They have now become the primary choice for scene
perception when building autonomous systems.
Monocular Visual Odometry (VO) is especially interesting
for small and light-weight platform such as ground robots
or unmanned air vehicles (UAVs). It consists in estimating
the 6 Degrees Of Freedom (DoF) ego-motion of a single
moving camera. 2D features are detected in the different
images acquired and matched to produce correspondences. The
relative transformations between camera poses can then be
recovered with 2D-to-2D motion estimation, solely based on
the correspondences in the images [1], or alternatively with
3D-to-2D motion estimation [2], [3].
While 2D-to-2D estimation only describes the geometric
relationship between two views, 3D-to-2D estimation can be
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used to jointly optimise the 3D points of the scene and the
camera poses (position and orientation) in bundle adjustment
scheme. These parameters are estimated by minimising an
error metric between the observed and 3D features re-projected
in the different images [4]. Two general approaches can
be distinguished: feature-based methods which minimise the
geometric error between an observed feature (obtained after
matching) and its re-projected position in the image [1], [2];
and direct methods which minimise the photometric error
between images, or in other words the difference in pixel
intensities between local regions [5], [6].
Visual Odometry differs from Visual Simultaneous Localisation and Mapping (V-SLAM) in the way it makes use of
the 3D points. While V-SLAM approaches build a consistent
map of the environment and estimate the global pose of
the camera in it, VO only estimates local motion which is
accumulated over time to build the full camera trajectory [7].
Thus, V-SLAM can benefit from optimisation techniques such
as loop closure, when the vehicle returns to a previously
visited location [8]. The estimated trajectory can be further
corrected and a more precise localisation is obtained. This,
on the other hand, makes V-SLAM computationally heavier
and leads to some specific issues such as map/feature data
association [9]. Since the aim of the paper is to evaluate the
use of multispectral images for self localisation, it focuses on
VO and relative motion estimation rather than developing a
full SLAM framework.
Due to the nature of projective geometry, monocular vision
systems suffer from a scale ambiguity. At least two views
are necessary to reconstruct the 3D position of a 2D feature,
but because depth information is lost during the projection,
an overall ambiguity remains. Even if the global scale cannot
be recovered, several methods exist to estimate relative scale
changes. For instance, in [10] a closed-form method with
three views is proposed. It has the advantage of being much
faster than iterative optimisation, but it is also less precise.
To estimate the pose of a new frame relative to previous
poses, a wide range of Perspective N Points (PnP) algorithms
exist, such as P3P [11], [12] or EPnP [13]. These algorithms
are based on 3D-to-2D correspondences. Compared to them,
bundle adjustment is the most complete and accurate technique
for computing relative poses over several views.
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Even though multispectral imaging has been studied for a
long time for medical applications [14], it only gained a certain
interest in recent years for navigation purposes. Indeed, visionbased navigation has been largely dominated by the use of the
different types of visible cameras. Yet, other spectral bands
like the thermal band appear to be useful in many problems
related to autonomous navigation such as space rendez-vous
[15], navigation under varying illumination conditions [16] or
pedestrian detection [17]. Although it remains overlooked, a
few works on multispectral visual odometry can nevertheless
be found. In [18], a new descriptor was developed to match
multispectral stereo images and perform VO on car datasets.
Then, Poujol et al. fused visible and thermal images to create
enhanced images that they used for monocular VO [19].
Finally, in the concept of multispectral stereo odometry was
extended to unmanned air vehicle (UAVs) in [20].
In order to extend the available literature, this work proposes
the following innovations:
•

•

it proves that, unlike feature matching, correspondences
between consecutive frames can easily be computed with
feature tracking in both visible and LWIR modalities
without the need of tuning detection/matching parameters
for each one of them. The features obtained can be used
to perform accurate visual odometry.
it tackles the challenge of extreme illumination conditions
by presenting a multispectral monocular VO solution
(MMS-VO) able to switch between modalities to always
select the images that present the best tracking capabilities.

Section II introduces MMS-VO and presents the two main
aspects of the proposed solution, namely feature tracking and
bundle adjustment. In Section III, a series of experiments show
the robustness and suitability of the solution for multispectral
navigation in three different scenarios, including single modality failures.
II. P ROPOSED APPROACH
A new monocular VO framework for both infrared and
visible images is presented. It carefully selects appropriate
keyframes and processes them in a windowed bundle adjustment optimisation scheme (see Fig. 1). Features are registered
and tracked over a sliding window using a pyramidal LucasKanade algorithm (p-LK) [21]. The choice of feature tracking
over feature matching was driven by the speed of the algorithm
and consistency between images of each modality. Because it
is fast, p-LK can deal with a greater number of features from
which robust motion estimation can be performed. Furthermore, since it relies on the pixel consistency over consecutive
frames, it can be used on various modalities with a common
set of independent parameters (window size, optimisation stop
condition, etc...). Hence, it does not require to tune specific
thresholds and parameters intrinsic to each spectrum, which
is usually the case when matching features, because the
quality of the descriptors is directly affected by the nature
of the images [22]. Based on optical flow, this technique is

Fig. 1: Flowchart of the monocular VO algorithm for a single
modality.

nevertheless affected by the texture and contrast present in the
images.
For each new image, a set of additional features is detected
in the previous image and added to the existing set of registered features. This guarantees that a sufficient number of
points are tracked as the sliding window progresses, despite
some of them being discarded or leaving the image scope.
To ensure a robust tracking, the features that do not satisfy
the epipolar constraint are removed. Additionally, to avoid
degenerate cases where motion is limited between consecutive
images, a keyframe approach is employed. As seen in Fig. 1,
the validity of the current image is assessed by computing
its parallax with the last keyframe. The parallax corresponds
to the 2D shift produced between two images, due to pure
translation between their camera centres. If the parallax is sufficient, a new keyframe is generated, otherwise, the image and
tracked features are discarded. The observed points are then
triangulated from the N −1 first views of the window. From the
generated point cloud, the new camera pose is estimated with
the P3P method [12], employed in a RANSAC framework to
robustify the conducted estimation. Finally, bundle adjustment
is applied to the whole window in order to refine the structure
of the scene and the camera pose estimation. The points that
have not been triangulated properly (do not appear in front
of the camera) or which have been labelled outliers during
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the RANSAC scheme are not used in the bundle adjustment
optimisation.
A. Feature tracking (p-LK)
As mentioned previously, the use of optical flow based
tracking [23] was preferred in order to develop a feature
association technique which do not depend on the nature of
the images. Thus, features are extracted based on the eigenvalues produced by the covariance of the gradient image. The
threshold imposed to these eigenvalues is set low intentionally
to detect enough features regardless of the contrast in the
images. A certain subset (around 500 features) is then selected
so all its elements are homogeneously distributed in the image.
This guarantees that a constant number of features is being
tracked, even if the environment/contrast varies over time, but
it also ensures a generic extraction that could be adopted for
all modalities.
Once extracted, features are tracked between consecutive
frames with the pyramidal Lucas-Kanade method [21] and robustly rejected by running the 5-point algorithm in a RANSAC
scheme [24]. Features are tracked until they fail to be tracked
properly or leave the scope of the image. As the Lucas-Kanade
method relies on the pixel intensity invariance between consecutive images, this guarantee that it will produce similar results
in every modality as long as this principle is respected.
Finally, the processing speed of this method allows both
modalities to be processed simultaneously, in real-time, which
creates an opportunity to select the best modality for motion
estimation. Therefore, only one set of 2D/3D points, from
a single modality, is used to perform bundle adjustment. To
determine which set to use, the camera providing the highest
number of inliers after triangulation and P3P estimation is
selected.
B. Bundle adjustment
Based on the pinhole camera model, a 3D feature Xi is reprojected into a specific 2D location xij in image Ij by the
following re-projection function:
xij : R6+3 7→ R2

i ∈ [1, N ], j ∈ [1, M ]

xij = π(S) = Pj Xi

(1)

where Pj is the projection matrix for image Ij . It encapsulates
the camera pose and calibration parameters. S corresponds to
the vector of all parameters to be optimised. It contains the 3D
location and 3D rotation vector each camera (6 DoF) as well
as the 3D position of each feature (3 DoF). Rotation vectors
are used as local parameterisation for the current iteration to
improve the stability of the algorithm and are accumulated in
global quaternion representations.
The least-squares cost function used for this bundle adjustment is defined as the sum of squared errors (SSE) for all N
points in each camera:
N

M

1 XX
∆xTij Wij ∆xij ,
f (S) =
2 i=1 j=1

∆xij = xij − xij

(2)

where Wij is a symmetric positive definite matrix. For
this least-squares formulation to have a meaningful statistical
interpretation, Wij should represent the inverse covariance of
the observed feature xij [4]. It then coincides with the loglikelihood of xij .
To avoid poorly tracked features to have a negative impact
on the optimisation, a Maximum-Likelihood estimator function ρi (x) is added to the formulation to reduce the influence
of such features. In the implementation of this algorithm, the
Hubert loss function was chosen [25]. The bundle adjustment
formulation becomes:
N

arg min
S

M

1 XX
ρi (∆xTij Wij ∆xij )
2 i=1 j=1

(3)

Obviously, the main drawback of bundle adjustment is
the number of parameters which grows every time a new
keyframe is added or when new features are detected. This
makes it impossible to use for real-time navigation when the
framerate is high (more than 10 Hz) and the amount of points
is significant (several hundreds). Hopefully, it does not have
to be applied to all frames and points. Instead, it could be
used locally with a limited number of parameters to refine the
previously estimated structure and camera path [26], [27]. This
method is called windowed bundle adjustment (WBA) or local
bundle adjustment and consists in optimising only the latest
camera poses, in a certain window, and the corresponding
features that have been observed in that interval.
III. E XPERIMENTAL VALIDATION
The performance of the proposed monocular VO framework
is evaluated with visible and infrared thermal images on a
series of image sequences representing real driving conditions.
The images were acquired from a car where a BlueFOX
(Matrix Vision) camera and a Tau2 (FLIR) camera were
installed on the car roof. The car was driven in a semiurban environment. The third sequence presents particularly
challenging illumination conditions. The sun being low in the
sky, it produced image glare in the visible images when facing
it, and low-textured images were generated when driving in
the shade of the trees. Ground truth was recorded by an
MTi-G GNSS sensor (Xsens) which combines inertial data
and GPS coordinates to produce an accurate pose estimate.
Finally, camera calibration parameters were obtained using the
multispectral calibration algorithm described in [28].
A. Feature tracking between modalities
To show the suitability of the proposed approach, the
number of features retained after outlier rejection, at each
iteration, is analysed. Table I shows the average and standard
deviation of the number of inliers for each modality. New
features are added at every iteration to keep the total number
of features constant at 500 features. A first rejection is applied
by computing the essential matrix in a RANSAC scheme.
The inlier threshold applied is 1px. Then, the remaining
features are triangulated and P3P is performed as explained
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TABLE I: Number of inliers remaining after outlier rejection
for visible, infrared and the modality selected at each iteration.

mean inliers per frame
standard deviation

296
67

mean inliers per frame
standard deviation

338
63

mean inliers per frame
standard deviation

206
85

Thermal MMS-VO
Sequence 1
303
322
57
52
Sequence 2
356
369
54
47
Sequence 3
221
254
79
76

60

Y (m)

Visible

Multispectral Monocular VO

40

20

TABLE II: Number of images selected by MMS-VO for each
sequence.

0

GPS
MMS-VO
-60

-40

-20

0

20

X (m)

Sequence 1
60
96

Sequence 2
427
668

Sequence 3
124
179

a: Sequence 1.
Multispectral Monocular VO

in Section II. The selected re-projection error threshold was
2px. This means that the inlier features at the end of the
process satisfy the epipolar constraint between the last and
current keyframe, but they are also re-projected correctly in
the current image with an accuracy of 2px. The third column
of Table I corresponds to MMS-VO, where both multispectral
images are processed concurrently and the modality providing
the highest number of inliers is selected to perform bundle
adjustment.
As shown in Table I, more than half the total number of
points is retained for the first two scenarios, offering a high
number of strong features for subsequent motion estimation.
As for the third sequence, where illumination conditions are
challenging, the number of inliers remain important with more
than 40% of the 500 original features retained. Additionally,
Table II highlights the complementarity of visible-thermal
images in the proposed multispectral solution as it can be seen
that there is no camera that always produces the best matches.
Instead, each modality is selected alternately as the vehicle
moves and the environment changes. Nevertheless, it can be
noticed that infrared images are selected more often.
B. Multispectral Monocular VO
Errors are evaluated by computing the Euclidean distance
between each estimated camera position and the closest GPS
measurement in time. Because of the error accumulation, two
types of errors are considered. The first one is the final position
of the trajectory, which shows how far the estimation ends up
compared to the ground truth, and the second one is the mean
error which shows the quality of the estimation over the whole
trajectory. These results are summarised in Table III.
The scale ambiguity is not addressed here because it exists
several ways to solve it. Instead, the focus of this paper
is to show the suitability of p-LK and bundle adjustment
for both visible and infrared images. Therefore, a global
scale is estimated over the first 10 frames, by computing the
ratio between the 2D translation vector obtained from GPS

300

Y (m)

Visible
Thermal

200

100

0

GPS
MMS-VO
-200

-100

0

100

X (m)

b: Sequence 2.
Fig. 2: Trajectories generated by MMS-VO on Sequence 1 and
2.

measurements and the 2D translation vector obtained from
BA.
Even though some drift can be noticed in Fig. 2, the overall
trajectories, for sequence 1 and sequence 2, are estimated
properly. A final positioning error not exceeding 14m after
almost 500m traveled and a mean error of 2% the distance
traveled on average are achieved. These results demonstrate the
suitability of the proposed multispectral approach for visual
odometry. It is hard to compare such multispectral technique
with others since most state-of-the-art works were designed for
stereo visible images or fused with inertial data in a SLAM
framework. Nonetheless, the results presented are not so far
from the one obtained by state-of-the-art algorithms on the
Kitti dataset [29]. Because it utilises a simple BA framework to
compute motion, it could still be enhanced in order to improve
the odometry accuracy. However, what is demonstrated here
is the suitability of both visible and thermal feature tracking
for motion estimation.
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TABLE III: Errors comparison between MMS-VO and the
ground truth (GNSS).
distance traveled
Error on final point (m)
Mean error (m)
Error on final point (%)
Mean error (%)

Sequence 1
133m
7.70
1.98
5.79
1.48

Squence2
494m
13.37
12.45
2.71
2.52

Visible
distance traveled
Error on final point (m)
Mean error (m)
Error on final point (%)
Mean error (%)

Monocular VO
140
GPS track
Visible VO
Thermal VO

120

Visible failures
Thermal failures

100

Y (m)

80

60

40

20

0
-40

-20

0

20

40

60

X (m)

a: Independent trajectory estimation on Sequence 3.
Monocular VO
140
GPS track
Visible poses
Thermal poses

120

100

Y (m)

80

60

40

20

0
-40

-20

0

20

TABLE IV: Errors comparison between each modality and the
alternating technique on Sequence 3.

40

60

X (m)

b: Alternating trajectory estimation.
Fig. 3: Trajectories generated by thermal VO, visible VO and
MMS-VO in Sequence 3.

C. Failure recovery
In this section, the advantage of multispectral monocular
VO is further demonstrated through the results obtained by
the proposed algorithm on the third dataset (sequence 3) with
challenging illumination conditions. The trajectories obtained
by visible VO and thermal VO are shown in Fig. 3a. It can
be seen that both modalities fail to estimate motion for a few
frames because the quality of the images deteriorates.
An example of images that caused these failures can be
seen in Fig. 4. The visible camera is not able to detect and

18.68
9.67
11.32
5.86

Thermal Multispectral
165m
55.12
11.33
6.81
4.16
33.4
6.87
4.13
2.52

track features properly as it is facing the sun and the topright corner of the image becomes excessively bright while
the rest of image is completely dark. The thermal camera on
the other hand, produces images of particularly low contrast
when facing trees. Some features are detected in the right side
of the images but they are too few and too close to each other
to have a meaningful representation of the movement of the
camera, making motion estimation impossible. Moreover, due
to the accumulative nature of VO, these failures are affecting
the rest of the trajectory which is then drifting away from the
GPS track (see Fig. 3a).
However, with a calibrated multispectral setup, MMS-VO
makes it possible to continue performing VO when one of
the cameras fails to produce decent images, as long as the
other one captures enough details to run the p-LK method.
This would be impossible with a single camera or with stereo
cameras of the same modality as both sensors would be
affected in the same way. To fully take advantage of the
multispectral setup, a single VO trajectory is computed using
each camera alternatively, instead of producing two trajectories
corresponding to each modality. Fig. 3b shows the trajectory
obtained with MMS-VO. Although a notable drift can be seen,
the trajectory is fully recovered, even when one of the cameras
fails to produce adequate images. This is confirmed by the
analysis of the errors obtained (see Table IV), as each modality
alone produces larger errors.
It must be kept in mind that this solution is only valid
when p-LK is unsuccessful with one of the cameras. This
would not be possible if both cameras fail to produce satisfying
images at the same time. Nevertheless, the experiment shown
demonstrates the superiority of MMS-VO over single band
monocular VO solutions for challenging illumination conditions or low contrast environments.
D. Processing time
To show the suitability of the solution for real-time applications, the time spent to process each multispectral pair was
measured and the results are gathered in Table V. The program
was tested on a computer with an Intel i5-2410M CPU running
at 2.30GHz on a Linux desktop environment. Because the task
is identical for each modality, the program developed is multithreaded and each image is processed in a separate thread. As
it can be seen in Table V, the average processing time is around
60ms. Thus, the program can handle images incoming at 15
fps. It can be noticed that the standard deviation is much more
important for the last dataset. This is because it takes more
time to reject outliers when tracking becomes less accurate in
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a: Visible fails.

b: Infrared fails.

Fig. 4: Example of images where p-LK fails and the corresponding p-LK tracking results. Each blue line represents the location
of a feature in the current and the previous frame.
TABLE V: Time spent to process a multispectral image pair.
mean (ms)
std. dev. (ms)

Sequence 1
65.7
11.4

Sequence 2
57.3
9.2

Sequence 3
60.8
30.7
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a certain modality. Nevertheless, images could be queued if
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