


intense edges. Most notably, the edges of the tree on the
right side of the image become very strong features and
this is a major contributor to increased SI. At the point
where smoke fills almost all of the scene (t = 52s, in
Fig. 10 d), all objects are thickly shrouded in smoke and
the SI drops significantly.

SI appears to be a promising way to monitor condi-
tions where the level of detail in the image has changed.
Images that are very low in SI may be considered unhelp-
ful for feature or object identification. Sudden variations
in SI could indicate that features are being obscured. In-
deed, this study has shown that known challenging per-
ception conditions such as dust and smoke tend to ob-
scure edges in the environment and reduce SI. However,
the level of SI can also vary depending on the environ-
ment and the lighting condition as edges are more likely
to be detected when a scene has good contrast. SI could
be a powerful discriminatory metric but will require fur-
ther context.

4.3 Temporal Perceptual Information
Measurement (TI)

The temporal perceptual information measurement (TI)
[ITU-T, 1999] is based on the motion difference feature,
M n (i; j ), which is the difference between the pixel values
(of the luminance plane) at the same location in space
but at successive times or frames. This metric provides
a measure of the amount of temporal changes in a video
sequence, thus taking higher values for high motion se-
quences [Correia and Pereira, 2003]. It can be expressed
as:

M n (i; j ) = Fn (i; j )− Fn−1 (i; j ) (4)

where Fn (i; j ) is the pixel at the i th row and the j th

column of the nth frame in time.
The measurement of Temporal information (TI) is

computed as the standard deviation of the pixel values
in M n (i; j ) over all values of i and j .

T I = std[M n (i; j )] (5)

If frames are similar then TI will be close to zero. The
more motion seen in adjacent frames results in a higher
value of TI.

The temporal perceptual information measurement is
a method of formalising change in time between images.
Figures 11 and 12 show that in situations where the en-
vironment is stable, the TI value is very low, whereas
with the introduction of dust and smoke the TI increases
markedly. The TI measure provides an indication of
whether there is a dynamic element to the scene. In this
form, temporal information may not directly provide sig-
nificant information when applied to mobile robotics as
simple motion of the robot will always result in changes

(a) t = 1s (b) t = 10s (c) t = 23s (d) t = 35s

Figure 11: Two synchronised sets of visible (top) and
thermal infrared (bottom) camera images are shown af-
ter coarse alignment and pixel-by-pixel computation of
TI. The TI values from both the colour and infrared
cameras are shown for Dust.

(a) t = 1s (b) t = 30s (c) t = 35s (d) t = 52s

Figure 12: A set of visible images are shown after coarse
alignment and pixel-by-pixel computation of TI. The TI
values from both the colour and infrared cameras are
shown for Smoke.
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Table 1: Response of Metrics to Dust and Smoke
Dust Smoke

Metrics Visual IR Visual IR
Shannon Info ↗(∗) ↘ ↗ −→
Spatial Info ↘ ↘ ↗↘ −→
Temporal Info ↗ ↗ ↗ −→

(∗) The Shannon Information consistently increased when
dust appeared in these examples. However, as discussed
previously, it has been observed to be dependent on the
background.

from frame to frame. However, if smaller sections of two
images are presumed to be looking at the same scene (e.g.
from a transformation using onboard navigational equip-
ment), these could be compared for temporal changes.

5 Conclusion and Future Work

The purpose of this work is to propose and illustrate met-
rics that can contribute to the improvement of the per-
ception model by evaluating the quality of sensor data.
In particular, the focus of this paper was to show that it
is possible to obtain a better discrimination of recognised
outdoor challenging conditions (such as airborne dust or
smoke) using those metrics computed from visual and
infrared data.

Table 1 summarises the response of the metrics in gen-
eral terms without discussing the absolute value or rel-
ative change. The symbol “↗” indicates that the value
of the metric was observed to consistently increase when
the condition described appears in the scene. Similarly,
“↘” and “−→” indicate that the metric consistently de-
creased or no effect was observed, respectively. “↗↘”
illustrates that although the condition had an effect on
the metric output, the response was variable, thus no
straight-forward systematic conclusion could be driven
in that case (see Section 4.2).

Relying on information theory, the proposed metrics
should have the potential to be generalised to various
types of sensors. This work is a preliminary study that
calls for several areas of future developments, which are
discussed below.

Extension to the dynamic case

The experimental study presented in this paper has been
based on sensor data gathered in a static environment,
with a motionless vehicle. Naturally, the movement of
the vehicle is likely to generate changes in the back-
ground of the images which will make the interpretation
of the evolution of the considered metrics more difficult.
However, it is believed that if the overlap between suc-
cessive images is sufficient and is estimated, a similar
exploitation of these metrics would still be possible.

Local information analysis
In this paper the analysis of the metrics was made on full
images, with full resolution. Nevertheless, local analyses
are likely to be more efficient and possibly more accurate
in the future, as smaller areas of study may allow for the
localisation of failures. This will become more relevant
especially when dealing with multiple sensors that have
overlapping regions of perception space which does not
include the whole scan or image.

Combination of Information
An important part of future work will be dedicated to
the development of a framework for combining informa-
tion provided by various metrics and also various sen-
sors. Evaluating the correlation between data from dif-
ferent sensors, for example through mutual information
[Mackay, 2007, §8.1], offers promising perspectives [Un-
derwood, 2009, §5.2]. Indeed, studying the agreement,
and more importantly the disagreement between sensors
should lead to an increasing power of discrimination of
challenging situations. A compelling example is in the
presence of smoke, which does not affect the IR camera,
contrary to the visual camera (as illustrated in Fig. 7).
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