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Abstract—This paper presents the application of fusion meth-
ods to a visual surveillance scenario. The range of relevant
features for re-identifying vehicles is discussed, along with the
methods for fusing probabilistic estimates derived from these
estimates. In particular, two statistical parametric fusion methods
are considered: Bayesian Networks and the Dempster Shafer
approach. The main contribution of this paper is the development
of a metric to allow direct comparison of the benefits of the
two methods. This is achieved by generalising the Kelly betting
strategy to accommodate a variable total stake for each sample,
subject to a fixed expected (mean) stake. This metric provides
a method to quantify the extra information provided by the
Dempster-Shafer method, in comparison to a Bayesian Fusion
approach.

Keywords—Dempster-Shafer; evaluation; vehicle; fusion;
Bayesian;

I. INTRODUCTION

In recent years, the amount of surveillance video data has
substantially increased, and this trend appears set to continue.
Norris and Armstrong [1] estimate that in a typical urban area,
a person could be observed from as many as 300 cameras
each day. With such a significant quantity of surveillance data,
some tasks are impractical to accomplish with purely manual
analysis. This implies a need for processing systems which
are capable of analysing video data in an automatic or semi-
automatic way.

There are many challenges in Automated Video Surveil-
lance (AVS); two main problems that any system needs to
overcome are, firstly, the uncertainty associated with the mea-
surement of the object, which is due to the large variability of
factors such as illumination, pose, and in-class variations of
shape. The second problem is the identification of a suitable
method to fuse the information from different sources, in
order to extract various types of inferences, depending on the
situation or the user needs.

Multisensor Information Fusion (MIF) is the study of
techniques to overcome the latter problem, to achieve more
accurate inference, than could be achieved by the use of a
single sensor alone [2]. The inferences that can be made, using
these techniques, range from simple estimates the identity of
a certain entity, through to complex inferences about current
or future relationships between multiple entities and the events
with which they are involved.

As the types of information in this report are noncom-
mensurate, the data must be fused at a decision level [3].
Decision-level fusion consists of merging information at a
higher level of abstraction, combining the results from multiple
algorithms to yield a final ‘fused’ decision [4]. The data is
therefore processed separately by multiple algorithms, e.g.
to identify and classify observed entities and events, based
on their different features. The resulting information is then
combined, applying a chosen set of decision rules to obtain
an overall inference. Due to the uncertain nature of the input
data, the inference is often expressed in a probabilistic form.
Two well-known types of decision rules are Bayesian inference
and the Dempster-Shafer (DS) theory, and these could both be
applied to a specific fusion scenario, e.g. combining multiple
cues extracted from surveillance video.

To the best of the authors’ knowledge, there are no previous
proposals for how to conduct a performance evaluation for
these two fusion methods. One reason for this absence is that
the two methods express their results in different forms: while
a Bayesian analysis uses probabilities alone, DS encompasses
the additional concepts of belief and plausibility. A neutral
basis must be established to compare the two. Thus, this
paper investigates how the standard theory for evaluation of
Bayesian estimates can be extended to accommodate the DS
methodology, which is arguably a generalization of Bayesian
analysis.

The remainder of the paper is organised as follows. In
Section II a review of literature dealing with information fusion
within the video surveillance domain is conducted. Section
III introduces a surveillance scenario and the uncertainties
in the extractable features from this scenario. In Section IV,
an introduction to Bayesian and Dempster-Shafer theory is
given and in Section V the generalised evaluation framework
is introduced. Some experiments are conducted in Section VI
with the conclusion presented and further works proposed in
Section VII.

II. LITERATURE REVIEW

Unlike other research fields where MIF have been used
extensively, such as fault diagnostics [5], computer intrusion
detection [6] and a range of military applications [3], MIF is
a relatively new techniques for automated video surveillance,
with comparatively few publications.



Snidaro et al [7] weighted the confidence measure from
different sensors monitoring same scene to produce more
accurate pedestrian tracking results. Similarly, Kumar et al
[8] applied Fuzzy Logic modelling to produce a ‘belief mass’
for each of the sensors, to address the pedestrian tracking
issue in varied illumination conditions. Recently, Torabi et
al. [9] advanced Kumar’s idea by applying fusion techniques
to track multiple people walking in close proximity. In
this work, data from colour-based and thermal sensors
are fused to achieve the task of tracking peoples in both
indoor and outdoor environments in varied lighting conditions.

For identification of types of vehicles in surveillance data,
Sun et al [10] used ‘inductive loop signatures’ system that
was build with some specialised equipment and reported an
accuracy of 90%, on a three-category problem, .Sumalee et
al. [11] applied similar ideas and applied it to the problem
of vehicle re-identification within video. The author also
introduced other vehicle features such as colour, shape and
size that are derived from video image data using different
image processing techniques. These features are then fused
together using a probabilistic fusion technique to provide
a probabilistic measure for the re-identification decision.
The overall re-identification accuracy was about 54%, which
represents the current state-of-the-art.

III. PROBLEM INTRODUCTION

The paper reports on aspects of an investigation using
a surveillance test bed with high-definition CCTV cameras,
monitoring vehicles entering and exiting a car park over
an extended period of time. The investigation concerns the
feasibility of automatic inference methods that require the
fusion of multiple features, and also fusion of data from
multiple segments of video, possibly from different cameras.
Examples of this type of inference task are the following:

1) ‘Has this vehicle been here before?’
2) ‘Is the car park full?’

To make inferences such as these, a key capability is the ca-
pacity to re-identify a vehicle, possibly from the reverse angle.
There will often be some degree of uncertainty associated with
the estimation of identities of any observations. One aspect of
the investigation is to quantify and minimise the extent of this
uncertainty, in both the input and output of the fusion process.
The following subsections review the relevant forms of input
data, and then in section IV methods to fuse these uncertainties
are introduced.

A. License Plate

A vehicle’s license plates are its most discriminating
features, however automatic recognition of the characters is
a challenging task even when specialised equipment is used.
There are many factors that affect the accuracy, which can be
categorised into plate variation and environmental variations
as outlined by Du et al [12]. In this review paper, they also
outline the accuracy rates for the current state of the art
techniques, which are typically between 90 - 97% depending
on plate format. The majority of the technique described

are designed for vehicles that are almost stationary, and the
accuracy rate decreases when moving-image (video) data is
used.

Uncertainties are also introduced when comparing two
vehicle license plates. A popular method that is used when
comparing two strings is the Hamming Distance [13], however
this requires the strings to be of the same size, while real and
estimated license plate strings can have variable lengths, so
a more sophisticated metric is required. Alternatively, fuzzy
string searching methods which have been adopted for DNA
comparisons can be used. A popular metric is the Damerau -
Levenshtein distance [14], which measures the number of edit
operations needed to make the strings identical by allowing 4
different edit operations; insertion, substitution, deletion and
transposition. Since all edit operations are assign the same
weight, true-negative results could score identically with true
positives results, thus a degree of uncertainty still exists in the
measured metric.

B. Vehicle Manufacturer’s Logo

Vehicle logo classification is a type of shape classification
and the logo class can be used as feature to assist with the
vehicle recognition problem. Typically, a reference point is
required, such as position of the license plate, to find and
extract the logo region and estimate the category. Another
challenge is the uncontrolled environment: the size and
orientation of the logo can vary. These factors contribute to
the uncertainty associated with the results.

Some additional uncertainty is also introduced by the
classification approach. Two techniques have been previously
proposed: multi-class classification or one-against-all binary
classification. The challenge with multi-class classification, as
the number of possible logo categories increase, is the training
or the definition of a space where clusters for the different
categories are sufficiently far apart. Thus, the correct match
would be the cluster with shortest distance between the query
sample and the correct cluster. However due to the similarity
between the different logos this is not always possible. The
current best result for classify 5 different logo classes is
achieved by Wang et al [15], namely about 84% success
for 5 different categories. The challenge with one-against-all
binary classifier is the requirement of having for n classifiers
for the n categories, therefore for a given logo there will be
multiple estimates that need to be resolved. For similar logos
the estimate the certainty score associated with the output
from the multiple classier might be very similar. The current
best results using one-against-all methods were achieved
by Psyllos et al. [16] averaging 91% overall classification
success for 10 categories, but this bias for front views only in
controlled lighting conditions.

C. Vehicle Colour

Colour is an important cue in the surveillance context,
for example for the re-identification of pedestrians. The re-
identification of vehicles, based on colour, is less extensively
researched, for perhaps three reasons. First, colour alone



could not re-identify the vehicle as many many vehicles
share the same colour. Second, its perceptibility degrades
significantly in deteriorated lighting conditions. Finally, an
appropriate colour model is not straightforward to define:
sometimes a single value is useful, but in other situation
colour can be described using several colour channels. The
overall colour of a vehicle is difficult to summarise as
windows and wheels have large contrasting colour schemes
compared to the body. One possible solution is suggested
by Psyllos et al [17], where the authors collected a RGB
histogram for a range of patches on the vehicle and chose the
peak of each of the components to represent the overall colour.

The variation of colour observations wuth respect to
changes in environmental conditions can be mitigated to some
extent by using the HSV space, as this is more tolerant [11] to
such change. Considering these challenges, the measurements
from two ‘vehicle colour sensors’ could be used to produce
an estimate of the probability that these two observations
refer to the same vehicle, or that the two observations refer
to vehicles having the same colour model (which excludes
the problem of estimating prior probabilities of the various
colour models).

D. Vehicle Shape Classification

Vehicle shape classification has commanded significant
attention from researchers, as reported by Kanwal et al [18],
the review concentrated on the various software based vehicle
classification techniques, which have classification accuracies
between 82% – 95%. The authors concluded that the best
classifier was a hybrid system based on a Dynamic Bayesian
Network classifier, however, direct comparison is between
approaches is inappropriate as definition of the vehicle classes
are different between the methods reviewed. These results
demonstrate that some uncertainty is a consequence of the lack
of a global definition of the vehicle shapes or classes.

Like many shape recognition problems, vehicle shape clas-
sification is restricted in several ways. The two main restric-
tions are shadowing and viewing angle. Shadows can have
the effect of increasing the apparent size of the vehicle, and
effective shadow removal is necessary. For most techniques,
the vehicle orientation (in relation to the camera) is critical
for the shape to be classified correctly.

E. Spatio-temporal Information

Spatio-temporal information can be used to estimate the
probability that two observations refer to the same vehicle.
Three such cues are: the time of the observation, the gate
the vehicle used to enter (or exit), and the characteristics
of the trajectory associated with each driver, which may be
distinguishable over repeated observations. The first two cues
will have negligible measurement noise; the third is a more
complex measurement process. .

IV. STATISTICAL PARAMETRIC FUSION METHODS

In this section we will cover the formulation of the statis-
tical parametric fusion methods that is under investigation.

Fig. 1. Simple Bayesian Network for integration of multiple visual surveil-
lance cues.

A. Bayesian Models

Bayes rule [19] lies at the heart of many data fusion
methods. Using Bayes’ theorem , we assume hi is a hypothesis
about a state, taking values in the set of hypotheses H =
h1, ...hn, exactly one of which is ‘true’, and the remainder
being ‘false’. The prior probabilities, P (hi), i = 1, ..., n
constitute the prior probability mass function of the hypotheses
hi:

0 ≤ P (hi) ≤ 1 and
n∑
i=1

P (hi) = 1 (1)

Often, the hypothesis with the highest prior probability
will turn out to be the ’true’ one. However, a more accurate
estimation of the state can be made by incorporating some
relevant ‘posterior’ evidence, x. It is assumed that the hi
are distributed according to the class-conditional probability
distribution function P (x|hi) [20]. Therefore, given the prior
probability and the class conditional probability, the posterior
probability could be calculated using the Bayes’ formula:

P (hi|x) =
P (hi)P (x|hi)∑n

j=1(P (hj)P (x|hj))
(2)

The denominator is the ”evidence factor”, which nor-
malises the posterior probabilities so they will sum to one.

An extension of Bayesian inference is the Bayesian Net-
work [20], which is a probabilistic graphical model that
represents a set of random variables and their conditional de-
pendencies via a directed acyclic graph, as modelled in Figure
2. Each leaf node represents the evidence from each of the
features supporting the querying root node, and the root node
represents the query of which the system tries to establish the
truth. Each leaf node will have a conditional probability matrix
which is associated to the relationship linking the evidence
to the root node. These conditional probabilities could be
generated using data obtained directly from observations made
about the environment. Furthermore, these can be updated over
time to improve the accuracy of the model.

Equation 2 needs to be adopted to allow the calculation of
joint evidence, as the class-conditional probability distribution
function for a joint set of evidence, P (x1, ...xc|hi) in general
does no have an analytic solution and it may not be possible
to numerically evaluate it for all instances of the evidence.
To overcome these issues, the assumption is made that the



leaf nodes are conditionally independent, therefore their co-
occurrences can be calculated as a simple multiplication.
Equation 2 is now transformed into:

P (hi| ∩ck xk) =
P (hi)

∏k
i=1 P (xk|hi)∑n

j=1(P (hj)
∏k
i=1 P (xk|hj))

(3)

B. Evaluation of Bayesian Models

For a discrete set of outputs, Bayesian models can be
evaluated using a Kelly [21] betting criterion. This consists of
placing a nominal ”stake” on each possible output, in propor-
tion to the odds estimated, using the available observations.
The pay-off can be defined using the prior (fair) odds. The
doubling rate is proportional to mean information gain: the
average amount of information provided by the observations
can be infered from the outcome of the betting strategy.

C. Dempster Shafer (DS) Models

The Dempster-Shafer theory was introduced by Dempster
[22] and further developed by Shafer [23]. Like Bayesian
probability theory, DS also deals with subjective probability.
Therefore, DS could be seen as an extension of Bayesian
approach to probability, as the latter does not explicitly model
a lack of knowledge (or ‘ignorance’).

Let Θ = h1, .., hn be a collection of mutually exclusive
set of hypotheses to a given query, called the frame of
discernment. A basic belief assignment (bba) is a function of
Θ from 2Θ → [0, 1] that assigns a mass of belief to each
subset A of the frame of discernment Θ , satisfying

m(∅) = 0 and
∑
A⊆Θ

(4)

The basic belief mass m(A) represents a measure of
the belief that is assigned to the subset A ⊆ Θ , given the
available evidence, and that cannot be committed to any strict
subset of A. All the assigned probability sums to unity and
there is no belief in the empty set (∅).

There are two additional facets associated with each bba,
which are all functions of 2Θ → [0, 1]; firstly, the Belief
measure, Bel(A) =

∑
B⊆Am(B), which represent the

exact support for A and secondly, the Plausibility measure,
Pl(A) =

∑
A∩B 6=∅m(B), represents the possible support for

A. [Bel(A).P l(A)] constitute the the interval of support to A
and forms the lower and upper bounds of the probability to
which A is supported.

To combine the different sources of information, Demp-
ster’s combination rule is used. The successful application
of this rule assumes that the different bba are independent
pieces of evidence and uses the orthogonal sum to combine
the multiple belief structures. For two bba m1 and m2, the
combination rule is as follows:

[m1 ⊕m2](θ) =

∑
Ai∩Bj=θ

m1(Ai)m2(Bj)

1−K
(5)

where:

K =
∑

Ak∩Bm 6=∅

m1(Ak)m2(Bm) (6)

Demspter’s rule of combination is both commutative and
associative [24]: these two properties mean that evidence could
be combined (⊕) iteratively using the Equation 5 and in any
order in pair-wise way .

m1 ⊕m2 ⊕ ...⊕mk (7)

D. Evaluation of DS Models

There is no single universally agreed procedure for the
evaluation of a DS model. Where DS is applied within a ‘goal-
oriented’ environment, the ‘true’ hypothesis is chosen based
on its corresponding belief and plausibility. One method is to
choose the hypothesis with the highest belief and plausibility.
Alternatively the choice can be made by selecting the highest
belief and the lowest interval of e.g. (plausibility - belief).
However, these are all heuristics that do not appear to accom-
modate all the features of the DS representation. Furthermore,
when the number of hypotheses is limited (≤ 2) then it may be
difficult to find a outright winner, when using these methods.

V. A GENERALISED EVALUATION APPROACH

In section IV-B it was discussed how the information
provided by the posterior estimates acted to reduce the overall
uncertainty about the state: the effectiveness (or accuracy) of
any given Bayesian model can be evaluated by measuring
the reduction in uncertainty relative to prior model. This is
equivalent to measuring the side information that the mea-
surements provide about the system. These probabilistic mea-
surements can be combined in many different ways, assuming
independence or some model of co-dependency, for example
using parametric or explicit models. In all cases, however, the
Bayesian model outputs an overall probability per hypothesis,
and the accuracy of any given model can be evaluated by
measuring the expected log probability or entropy of the
correct hypothesis.

H(X) = 〈− log p(x)〉 (8)

≈ −1

n

n∑
i=1

log p(xi) (9)

The information gain is proportional to the mean doubling rate,
W̄ :

W̄ = log

〈
1

p(x)

〉
(10)

= 〈− log p(x)〉 (11)

≈ −1

n

n∑
i=1

log p(xi) (12)



It is not straightforward to apply this Bayesian,
information-theoretic evaluation method to a DS model. That
type of model contains two scalar quantities for each hy-
pothesis: the belief and the plausibility. Neither of these
quantities directly relate to a Bayesian probability, and so it
is not clear how to apply the various information-theoretic
results noted above. Nevertheless, the sections below describe
a context where the log optimal doubling rate can be used to
evaluate additional meaning that is expressed by the belief and
plausibility, provided by the DS model.

The important characteristic that distinguishes the {belief,
plausibility} pair, from the {probability} singleton, is that the
former pair can encode, using their difference, an expression
about the uncertainty of the estimate. Thus, if in a certain case
the DS model provides a pair {0.05, 0.95}, how can this be
distinguished from the pair {0.45, 0.55}, and can either of
these be evaluated against a Bayesian predicated estimate of
0.5?

It is proposed that the contribution of these extra indica-
tions, provided by DS, can be quantified using an appropri-
ate generalization of Eqn. 10. That equation represents the
standard Bayesian evaluation, using the expectation of the log
posterior over a sample set. There, the contribution of each
element in the sample set is implicity scaled to one.

The proposed generalization, to accommodate the extra
indication output of DS, is to assign a weight αi to each
sample, subject to the constraint that 〈αi〉 = 1. Thus the
evaluation metric is then written as this:

W̄ =
−1

n

n∑
i=1

αi log p(xi) (13)

If these weights are given random values, e.g. uniformly
in the interval between 0 and 2, then it can be shown that
the measurements obtained from Eqn. 13 are unchanged from
those obtained from Equ. 10. However, allowing these weight
to be interpreted as a ‘degree of confidence in the estimate’.
For those samples about which the model estimate may be
considered ‘more accurate’, the intention is to assign a larger
scaling weight, and for those estimates about which there is
a greater degree of uncertainty, the intention is to assign a
smaller weight, thus fulfilling the overall constraint on the
weights that their expectation is unity.

This creates the opportunity to define an evaluation proto-
col that can be used for both Bayesian and DS.

VI. EXPERIMENTS

A. Toy Example

The proposed evaluation procedure is applied to a toy
example: an estimated model for a two-horse race with infor-
mation provided by two sources: measurement of the Horses’
attributes, and measurement of the Jockeys’ attributes. In this
scenario, the evaluation metric is mean percentage winnings
(or losses) per race, following a Kelly Betting strategy, using
the estimated model. This has a direct relation to the informa-
tive capacity of the model. Fundamentally, this percentage will
depend on the relationship between three probabilistic models.
The first model is the real (actual) probabilities that determine

the outcome of the race. The second model determines the
bookmakers’ odds, which is used to calculate the pay-off after
the outcome of each race. The third model is the estimated
model, that represents a subjective understanding of likely
outcome of each race, using the two sources.

B. Kelly Betting with DS-dependent stake

The usefulness of the estimated model can be measured
by using it in a Kelly betting strategy, which is the log
optimal strategy: the stake for each outcome is placed in
proportion to the model prediction (estimated probability) for
it. Conventionally, for each race, the sum of these bets (i.e. the
total stake) can be fixed at an arbitrary quantity; the total stake
for each race can be fixed at an arbitrary value, e.g. 1, and the
log of the winnings accumulated. However, to accommodate
the extra information provided by DS, this total stake is
varied depending on the interval between the plausibility and
support. Over the evaluation sample, the expected (mean) stake
is constrained to be equal to the stake used for the simple
evaluation.

As a starting point, let all three models be identical: in
this scenario, the expected outcome of both the fixed-stake
and DS-dependent strategies is to ‘break-even’, both with
standard Kelly betting (fixed stake size) and the generalised
Kelly strategy, where the total stake each race is allowed to
vary.

The above outcome is observed for any joint distribution
between sources, i.e. for both correlated and anti-correlated
distributions of ‘Horse’ and ‘Jockey’ measurements. However,
the DS analysis does treat these two cases differently: divergent
estimates between the two sources will result in a larger
‘unknown state’ than the case in which they are in agreement.

C. Perturbing the Prior Estimate

In this experiment the prior information provided to the real
and bookmakers’ model is the same, but the prior information
from the sensors to the estimated model is perturbed from
the real model, to simulate some imperfection in the available
information. The perturbation takes the form of a percentage
change to the estimated ‘difference between means’ that forms
the model for generating each sensor measurement. The sign of
the change is also generated randomly with equal probability.

Since the real and bookmakers’ odds are still identical,
Kelly betting using the estimated model will always result in
losses; however, more succesful fusion strategies will reduce
these losses, and the extent of the reduction can be used
to evaluate the efficiacy of the fusion strategy, using this
generalised Kelly betting process, in which a variable total
stake is allowed for each case.

The DS fusion strategy provides a rationale for varying
the total stake: when there is a large ‘unknown state’, the total
stake can be reduced, and conversely when there is a small
unknown state, a comparatively large total stake can be used.
This strategy is repeated over 15,000 samples, at each level of
estimated model perturbation, to compare the mean percentage
loss from the DS strategy against the default (fixed total stake)
alternative.



Fig. 2. Effect on Variation the amount of perturbation

The results of this simulation are plotted in Figure 2: this
shows a clear advantage from the use of the DS fusion strategy,
in that approximately one-third of the adverse effect of the
model perturbation is removed, as a consequence of using DS
outputs to determine the stake size. One explanation for this
effect is that cases in which source estimates were disagree-
ment are more likely to have been significantly effected by
the perturbation, and so the consequential reduction in total
stake reduced the effect of that more substantial inaccuracy in
probability.

D. Application to Surveillance Fusion

The above scenario can be adapted to simulate the infor-
mation fusion process that is required for visual surveillance
scenarios, as outlined in Section III. For example, one of the
key capabilities is the re-identification of vehicles, from a pairs
of observation pair of vehicle. The above methodology can be
used to evaluate the benefit of using the fusion method that
exploits the DS outputs, using probabilistic sensor measure-
ments of e.g. vehicle type, make, colour and license plate. In
this scenario we would be expecting to maximize winnings,
rather than minimize losses. In other words, the bookies odds
would be the prior probability of correctly re-identifying the
vehicles (without any sensor measurements) and the estimate
would be expected to be significantly more certain.

It is worth emphasising that the utility of the proposed
evaluation methodology is that it allows fusion methods to
output a measure of the confidence in a particular estimate, and
this confidence is then used to weight the importance of this
estimate in the overall evaluation of the method accuracy. An
overall constraint on the mean weight is imposed, to enforce
like-with-like comparisons, and prevent acceptance of the the
trivial zero-weight solution. The DS approach does provide a
measure of confidence, via the support and plausibility, and so
this can be used to generate a weighting.

It is important to examine the significance and utility of
the proposal in the context of evaluation of automated video
analytics systems. A frequent criticism of these systems is
that they are unable to indicate when they are ‘not sure’.
Hence, this proposal fits well into that context: by requiring
that a system also output a weight that is used to calculate the

evaluation, the indication of certainty is incorporated, and in a
straightforward manner, consistent with standard information-
theoretic evaluation of ‘side-information’. Furthermore the
proposed strategy is identical to the standard information-
theoretic evaluation, in the limiting case of when each weight
is constant and equal.

Nevertheless, there are still several tasks that remain to be
completed. There are various ways in which the DS output
could be transformed into a single weight, and it is not yet
clear which would be the most appropriate. One specific
aspect requiring attention is the mechanism to enforce a fixed
mean weight, over the test set ensemble. Another task is a
more comprehensive evaluation over the range of possible
perturbations, to verify that the proposed approach works in
this range. It may be possible to obtain some theoretical results
for this general case, too.

VII. CONCLUSION

This paper has examined the features, and methods for
fusing them, that can be used for vehicle re-identification.
This task is one of the fundamental building blocks that allows
inferences about other, more complex and extended, queries to
be attempted. Instead of using any single visual feature of the
vehicle, which is restrictive and suboptimal in the final result,
the aim is to use a statistical parametric fusion of multiple
vehicle features to provide a more precise estimate. The main
contribution of this paper is the development of an evaluation
metric, based on the Kelly betting strategy to allow the
direct comparison of Bayesian and Dempster Shafer methods
for fusion. The metric accommodates the extra information
provided by the DS model, by allowing a variation in the
per-outcome stake, subject to a constraint on the expected
overall stake. This accommodates fusion methods that provide
an indication of the uncertainty of the fused estimate, such as
the Dempster Shafer approach. It was shown, using a simple
example, that under certain (broad) conditions the DS model
provided an improvement in the mean log winnings, which
are a fundamental information metric of the standard Bayesian
evaluation, being proportional to the side-information provided
by the observation. We also described how this simple example
can be adapted to the surveillance scenario. Furthermore, it
seems capable of being applied to the general case of fusion
problems.

This paper has introduced the idea of adapting information
fusion methods to the domain of video analytical and has
outlined the potential benefits. Further work is required to fully
integrate all of the features into the two fusion framework
defined in this paper. Once the fundamental block of re-
identifying the vehicle has been formalised, the framework
would be extended to allow inferences of higher value surveil-
lance information.
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