
demonstrate accuracies between 5cm to 20 cm depend-
ing on the local beacon density. We have found these
accuracies to be adequate for undertaking autonomous
materials handling tasks.

Since the internal map used by the vision-based lo-
caliser consists of external infrastructure edges (Figure
7), the vehicle starts its mission outside its parking shed
to allow the vision system to localise. The vehicle then
conducts a mission involving reversing to picking up its
payload, circling the test environment, reversing in to
drop off the payload, and then lining up to reverse into
the shed to park and shutdown. We show results from
the start location to the park location which is inside
the building. We let the localiser run inside the building
to examine the drift in the localiser once it has lost its
references.

4 Results

The lighting parameters tested for the thermal and vis-
ible cameras were:

� no site or vehicle lights

� vehicle lights only

� site lights only

� both vehicle and site lights

For each combination of lights and cameras, a set of
figures is presented in this section. These show - the path
comparison between the ground truth localiser (shown
in red), edge-based localiser (shown in green) and wheel
odometry (shown in blue); the error between the edge-
based localiser and ground truth; histogram of the er-
rors over the run; and a sample image from the camera.
For the path comparisons, the start locations are shown
where the blue circles appear and the end is at the top
left of the figures.

To provide a reference to the integrity of the vision-
based localiser, a trial run was conducted during a
sunny day when illumination conditions were considered
favourable. Figure 9 shows the resulting path compari-
son to the ground truth localiser.

4.1 No Site Lights

We arranged for the building and security lights to be
turned off for the tests in this section. The only constant
light source for all tests was from a screen mounted on
the side of the vehicle used for monitoring the vehicle’s
systems. Figure 10 shows the environment from a build-
ing webcam with site lights off and the vehicle lights on.
The light at the front (left) is an orange system indicator
light and appears bright in the figure due to the webcam
overexposing the image. The onboard cameras cannot
see these dim lights and they have a negligible effect on
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Figure 9: Performance of the vision localiser during a
cloudy day with relatively uniform lighting across the
test environment. This is used as a benchmark for com-
paring the night trials with. Note, this was undertaken
with manual driving. The blue circle in (a) represents
the starting point of the test run.

environment illumination. The higher light is the for-
ward facing driving light and the lower is the computer
screen.

Figure 10: The test environment with vehicle lighting
and no site lighting.

Visible Camera Results

The results in this section are for the visible camera’s
localisation performance compared to the laser-beacon
localiser. Figure 11 was undertaken with no site or ve-
hicle lights and Figure 12 is with only vehicle lights.

Thermal Camera Results

The thermal camera results are included to evaluate how
well the vision localiser can process the different modal-
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Figure 11: Performance of the vision localiser with no
site lights or vehicle lights.
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Figure 12: Performance of the vision localiser using only
vehicle lighting.

ity and for completeness (Figures 13 and 14). No addi-
tional pre-processing steps were undertaken on the ther-
mal image stream before generating position estimates.

4.2 Site Lights

In these tests, the site lights were activated. These con-
sist of standard external shed lights and personal door
lights. Figure 15 shows a view from a building webcam
with the site and vehicle lights on. Note the vehicle’s
side lights illuminating the shed.
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Figure 13: Performance of the thermal camera localiser
with no lighting.
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Figure 14: Performance of the thermal camera localiser
using only vehicle lighting.

Visible Camera Results

The visible camera results are shown in this section in
Figure 16 with no vehicle lights and Figure 17 with ve-
hicle lights adding illumination to the scene.

Thermal Camera Results

This section shows the results from the thermal camera
with no vehicle lighting in Figure 18 and with vehicle
lighting in Figure 19.
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Figure 15: The test environment with site and vehicle
lighting.
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Figure 16: Performance of the vision localiser with site
lights and no vehicle lights.

4.3 Discussion

The results in Table 1 summarise the localisation per-
formance. We can see that the best results in terms of
mean error (defined by the mean absolute Euclidean dis-
tance for all points) and standard deviation are obtained
when the vehicle lights are on and the site lights are off.
Notice that this result is only approximately 20% worse
than that obtained for the best day-time run (indicated
by the row “Day”). The performance of the visible cam-
era with no lighting except for the screen mounted on the
side of the vehicle is interesting. In images with a strong
light source such as roadside or building lights, there is a
wide contrast in the image from darkness to potentially
the bright light source itself. Consequently, edge extrac-
tion is inconsistent around the environment depending
on the type and coverage of the lighting. Whereas the
onboard screen provides diffuse illumination across the

55

60

65

70

75

80

85

105 110 115 120 125 130 135 140 145

y 
(m

)

x (m)

Laser Ground Truth
Vision Localizer

 Wheel Odometry

(a) Path comparison

0

0.5

1

1.5

2

0 200 400 600 800 1000 1200 1400

E
st

im
at

ed
 p

os
iti

on
 e

rr
or

 (
m

)

Distance travelled (m)

Error between Vision Localizer and lpose

(b) Path error

0

20

40

60

80

100

120

140

0 0.5 1 1.5 2
meters

Histogram of the Euclidian position error between lpose and vision

(c) Error histogram (d) Camera view

Figure 17: Performance of the vision localiser using site
and vehicle lighting.
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Figure 18: Performance of the thermal camera localiser
with site lights and no vehicle lighting.

scene, the edges are more consistent in brightness.

On the other hand, when the site lights are on, the
vehicle lights do not bring as much benefit, as expected.
Nonetheless, a visual analysis shows that the vehicle
lights do help in reducing the apparent effect of the point
source illumination and overexposure of the site lights
on the camera, even though this did not influence signif-
icantly the results.

Although the thermal camera provides good images,
this modality does not render sharp enough edges for the
algorithm. This is illustrated by the poor results in the
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Figure 19: Performance of the thermal camera localiser
with site and vehicle lighting.

thermal rows in Table 1, in particular where the particle
filter diverges (e.g. Figure 18). Adjusting the filtering
parameters does not aid significantly, as it causes an ex-
cessive number of “false” edges, which are not included
in the 3D model. It is also clear in the figures that
the different lighting methods did not affect the thermal
camera images, which is to be expected. This is evident
from the high standard deviation and by analysing the
cross-track error compared to the ground truth. Even
though the values in Table 1 appear as though some
lighting scenarios gave reasonable performance, in prac-
tice the resultant position estimates were variable since
the thermal images were not clear enough for the vision-
based localiser.

All figures show that the results are degraded the most
whilst the vehicle was cornering. The main reason is due
to the amount of time the sensor needs for the incident
light to charge each pixel, and under fast rotation the
image quality decreases compared to straight driving.

All the other cameras tested (reported in Section 3.3)
did not yield any meaningful results, with the algorithm
diverging from the start. Therefore, those results are not
reported.

5 Conclusions

We have evaluated different types of common lighting
available to a vehicle working around an industrial site,
for it to be able to localise itself using onboard image-
based localisation. A suitable vision-based localisation
method that has demonstrated good performance in the
test environment under daytime illumination, includ-
ing sunny, cloudy and dusty days, was used. The in-

put image stream came from an off-the-shelf visible-
light monochrome camera and a thermal infrared cam-
era. The different lighting conditions included the faint
glow from a computer monitor on the side of the vehi-
cle, vehicle operating lights, and site lights. Tests un-
der different lighting conditions were conducted during
night time autonomous vehicle operations at an indus-
trial site. In general, the visible-light camera showed
the best performance with only vehicle lights and no site
lights. This is mainly due to the more consistent lighting
across the scene from the local source, rather than large
point sources on infrastructure lighting which effect the
camera’s exposure compensation across the image which
tends to provide more localised bright and dark areas.
Depending on the vehicle operation and local environ-
ment at the time, this setup could be sufficient for au-
tononomous control of the vehicle. One aspect of future
work will be to examine the possibility.
As expected, the camera selection has a critical ef-

fect on the algorithm’s performance. A low sensitiv-
ity camera provides sufficient image information. Before
converging to the Basler sca1400-gm, several tests were
made with a number of different cameras, most of which
were not satisfactory. Our tests indicated that sensors
with a relatively high quantum efficiency (above 60%)
and low dark noise can potentially be considered candi-
dates for mobile robotic platforms operating in relatively
low light outdoors. This, of course, depends on the na-
ture of the algorithm and the task in hand. The thermal
camera’s performance was noticeably poor which high-
lights the need to tune the localisation technique to the
camera. In this case, either the localisation algorithm
needs to be tuned to allow the fuzzier edges appearing
in the image to be tolerated, or a preprocessing step in-
troduced to sharpen the edges. These possibilities, and
the possibility of fusing the different image streams will
also be investigated as part of future work.
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