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Abstract. The public location of CCTV cameras and their connexion
with public safety demand high robustness and reliability from surveil-
lance systems. This paper focuses on the development of a multimodal fu-
sion technique which exploits the benefits of a Bayesian inference scheme
to enhance surveillance systems’ reliability. Additionally, an automatic
object classifier is proposed based on the multimodal fusion technique,
addressing semantic indexing and classification for forensic applications.
The proposed Bayesian-based Multimodal Fusion technique, and partic-
ularly, the proposed object classifier are evaluated against two state-of-
the-art automatic object classifiers on the i-LIDS surveillance dataset.

1 Introduction

The recent outbreak of vandalism, accidents and criminal activities, has affected
the general public’s concern about security. Nowadays, higher safety levels and
new security measures are demanded. Monitoring private areas (i.e. shopping
malls) and public environments prone to vandalism (i.e. bus stations) has be-
come a crucial task generating a great growth of deployed surveillance systems.
The enormous amount of information recorded daily for monitoring purposes
is typically controlled by surveillance operators and removed some time later
due to storage space limitation. Besides, the lack of pre-processing of the video
data increases the complexity of the forensic search and restrains the evolution
towards autonomous surveillance systems.

Existing limitations of surveillance video systems demand the development
of automatic and smart surveillance solutions to detect and classify objects and
events. Despite the huge interest in real-time surveillance applications, accurate
object indexing and classification techniques are demanded to improve post-
investigations and tackle efficient surveillance object and event storage by using
semantic indexing/classification.

Over the past several decades, many different approaches have been proposed
to automatically represent objects or concepts in videos. Numerous features
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analysing visual appearance, motion, shape or temporal evolution have been
proposed and selected depending on their performance for diverse applications
[1]. Single features or inputs are capable of obtaining high accuracy results and
tackle specific problems, i.e. object detection. However, the use of complementary
information increases the accuracy of the overall decision making process and
enhances the possibilities and capabilities of different systems to perform more
sophisticated tasks, i.e. object classification, speaker identification, etc. Mul-
timodal fusion research was motivated for the exploitation of complementary
resources/inputs to enhance the system performance; gaining much attention
in research areas such as machine learning, pattern recognition and multimedia
analysis.

Typically surveillance applications are affected by several restrictions such as
low quality images or environmental factors. The public location of surveillance
cameras, usually in un-controlled environments, affects not only the quality of
the images but also the availability of the image itself. Such constraints limit the
range of multimodal fusion techniques, demanding a method capable of dealing
with lack of information as well as the presence of uncertainty. The close rela-
tionship between surveillance applications and safety demands high robustness
and their continuous-working mode.

Two contributions are presented in this paper. Firstly, a Bayesian inference
scheme able to fuse several diverse-nature cues is presented, providing a multi-
modal fusion technique capable of handling the absence of information and the
presence of uncertainty. Secondly, a surveillance object classifier exploiting the
benefits of the proposed Bayesian multimodal fusion approach is proposed based
on the analysis of visual and temporal information.

The remainder of this paper is organised as follows. In Section 2, an exhaustive
study of the existing multimodal fusion techniques and their impact on surveil-
lance applications is presented. The proposed Bayesian-based multimodal fusion
technique is further detailed in Section 3, while Section 4 presents the proposed
surveillance object classifier developed based on the proposed Bayesian inference
scheme to enhance the classifier performance in situations of absent information.
Experimental results and the performance evaluation of the proposed Bayesian-
based object classifier against state-of-the-art object classifiers are presented in
Section 5. Whilst, Section 6 draws conclusions and presents the potential future
work.

2 Literature Review

The variety of media, features or partial decisions provide a wide range of options
to address specific tasks. However, the different characteristics of the modalities
involved in any analysis hinder the combination for several reasons including,
(i) the particular format acquisition of different media, (ii) the confidence level
associated to each data depending on the task under analysis, (iii) the inde-
pendent protection of each type of data and (iv) the different processing times
related to the different type of media streams. Multimodal fusion techniques can
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be performed at different levels, tackling such constraints from different angles,
distinguishing mainly two, feature and decision level [2].

Feature-level multimodal fusion includes all the approaches which combine
the available input data before performing the objective task. In this case, the
number of features extracted from different modalities must be combined in a
unique vector (output) which will be considered as a unique input by the objec-
tive task. The main advantages of the feature-level multimodal fusion techniques
consist of the need for a unique learning phase for the combined feature vector
and the possibility to take advantage of the correlation between multiple fea-
tures from different modalities [3]. On the other hand, feature-level multimodal
fusion presents several disadvantages (i) the difficulty to learn cross-correlation
amongst features increases with the number of different media considered, (ii)
the feature format should be the same before their fusion and (iii) the synchro-
nisation between features is more complex due to their different modalities [4].
Moreover, Zhang et Izquierdo demonstrated the fundamental need of considering
the different nature of the features prior to their fusion, admitting that features
“existing” in different feature spaces could not be combined in a linear manner
without further consideration [5].

Decision-level multimodal fusion proposes to individually analyse each input,
providing local decisions. Those decisions are then combined using a fusion unit
to make a fused decision vector that is analysed to obtain a final decision, con-
sidering such decisions as the output of the fusion technique. Unlike feature
level fusion techniques, decision level multimodal fusion techniques benefit from
unique representation despite the use of the multiple media modalities; easing
their fusion, the scalability of the system and enabling the use of different and
the most suitable techniques to obtain partial solutions. However, the acquisi-
tion of partial solutions prevents the considering of the features correlation and
is affected by the individual learning process associated to each feature.

In the last few years, multimedia researchers have developed numerous mul-
timodal fusion techniques to perform various multimedia analysis tasks. Some
of the most well-known fusion techniques include (i) linear weighted fusion [6,7],
(ii) Support Vector Machines (SVM) [8,9], (iii) Bayesian inference [10,11], (iv)
Dempster-Shafer theory [12] and (v) Neural Networks [13,14]. In surveillance,
automatic object classification is an active research field due to the dependence
of the event detection and classification techniques prior to this step.

Typically, surveillance object classifiers are based on binary decisions. For in-
stance, in [15], the authors compute high dimensional features based on edges
and use SVM to detect human regions. While, Paisitkriangkrai et al. [16] propose
a pedestrian detection algorithm based on local feature extraction and SVM clas-
sifiers. Within binary classification, several vehicle classification techniques used
SVMs to map the detected objects into different categories [17,18]. The former
[17] proposes a vehicle classifier where the features to model each object are ex-
tracted using Independent Component Analysis while SVM is used to categorise
each vehicle into a semantic class. While the latter [18] classifies vehicles in night
time traffic using SVMs over their eigenspaces. However, several approaches
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propose object classification using a probabilistic framework based on Bayesian
Networks, Neural Networks or Hidden Markov Models (HMM) [19,20]. In [19], a
multi-class vehicle classification system is presented based on the analysis of rear-
side view images. Authors classify the vehicles into four classes including Sedan,
Pickup truck, SUV/Minivan and unknown, extracting a set of features to build
a feature vector which later is processed by a Hybrid Dynamic Bayesian Net-
work. Zhang et al. addressed the problem of automatic object classification for
surveillance videos focusing on traffic monitoring [21]. Their approach consists on
the application of Adaboost for feature selection and classification formulation.
The classification stage consists of the weighted combination of several weak
classifiers. Additionally, generative models like HMM and Graph Models have
also been used for object recognition. For instance, in [20], a new detection and
recognition method for moving objects is proposed. The authors apply temporal
difference for moving object detection, use the discrete wavelet transformation
technique to extract the feature vectors and conduct object recognition using
HMMs. Finally, in [22], the authors present an empirical performance compar-
ison between several classifiers, such as SVM, Bayesian Network Classifiers or
Decision Trees, based on a feature vector built with smoothed discrete cosine
transform (DCT) features, 2D moment-based features, horizontal and vertical
projection and morphological features, to classify objects in real-world video
surveillance scenes.

3 Bayesian-Based Multimodal Fusion

The all-pervasive presence of CCTV cameras, their location in public uncon-
trolled areas and the strict relationship with safety and security demand a high
reliability and continuous work of any surveillance application despite the ab-
sence of limited information. Consequently, in this paper, a Bayesian-based mul-
timodal fusion technique is proposed to probabilistically combine diverse-nature
cues while addressing the absence of information and the presence of uncertainty
by the means of inferring information from previously acquired knowledge.

Bayesian Networks enable the robust integration and combination of multiple
diverse-nature sources of information applying rules of probability theory. Fusion
techniques based on Bayesian Networks benefit from three fundamental advan-
tages. First, the Bayesian inference method allows the combination of multimodal
information due to its possibility of adaptation as the information evolves as well
as its capability to apply subjective or estimated probabilities when empirical data
is absent [2]. Secondly, the hierarchical structure provides flexibility and scalabil-
ity, facilitating not only the inclusion of additional information, but also enabling
the degradation of the a-posteriori probability in case of the absence of a certain
cue/s. Finally, Bayesian Networks allow domain knowledge to be embedded in the
structure and parameters of the networks, allowing the adjustment of the fusion
technique to the domain and scenario’s requirements.

The proposed Bayesian-based multimodal fusion technique provides a prob-
abilistic framework capable of combining multimodal cues at the decision-level,
unifying the output of several modules to provide a unique output in the
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decision-making process. In addition to the advantages provided by the Bayesian
Networks, the proposed multimodal fusion technique benefits from (i) the nor-
malised and unique representation of the information despite the multiple media
modalities considered within the analysis and (ii) the combination of different
nature features considering their own feature space and unique metrics.

The topology applied in the proposed Bayesian-based multimodal fusion tech-
nique is shown in Figure 1. The multimodal cues to combine are independent
and can be derived from different inputs, i.e. video, metadata, sound. Consider-
ing the decision-level fusion as a classification problem, the Bayesian inference
scheme can be formulated using the maximum a-posteriori criterion (MAP):

D = argmax
i

{P (Ci|F1, F2, ..., FL)} = argmax
i

{
L∏

j=1

P (Fj |Ci)P (Ci)} =

= argmax
i

⎛

⎜⎜⎜⎜⎝

∏L
j=1 P (Fj |C1)P (C1)∏L
j=1 P (Fj |C2)P (C2)

...∏L
j=1 P (Fj |CN )P (CN )

⎞

⎟⎟⎟⎟⎠

where P (Ci|F1, F2, ..., FL) defines the probability of a concept Ci to be the final
decision undertaken by the classifier, D, considering all the individual partial
decisions provided by individual classifiers; Fj are the individual classifiers that
provide partial decisions to the Bayesian inference scheme; P (Ci) represent the
a-priori probability of the i concept; L defines the amount of partial decisions
incorporated in the multimodal fusion and N represents the number of concepts
involved in the classification problem.

Regarding the conditional probability matrices connecting each partial deci-
sion to the network, shown in Figure 1, Bayesian Networks allow specification
according to the scenario and application. Consequently, the relationships among
the analysed cues can be set manually or learned from training data.

4 Bayesian-Based Object Classifier for Forensic
Applications

In order to evaluate the proposed Bayesian-based Multimodal Fusion technique,
a surveillance object classifier framework based on the proposed Bayesian infer-
ence scheme is presented. The scalable hierarchical structure of the Bayesian-
based Multimodal Fusion technique allows the incorporation of various classi-
fiers, enabling a high level of flexibility and adaptation to the scenario under
analysis in the form of a-priori probabilities.

Two baseline classifiers provide partial decisions to the proposed decision-level
multimodal fusion for the classification of moving objects detected in outdoor
surveillance videos monitoring urban scenarios. First, a set of visual features
are extracted and combined using a feature-level multimodal fusion technique
which preserves the non-linearity of the different feature spaces, as detailed in
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Fig. 1. Bayesian-based object classifier framework

[23]. Secondly, a set of features describing the object’s temporal evolution and
behaviour are extracted and combined using a behavioural fuzzy classifier, as
detailed in [24]. Each of the partial decisions corresponds to an input to the
Bayesian inference scheme and represents a classification decision accompanied
by a certainty value on the classification. The Bayesian inference scheme is em-
ployed to combine the partial decisions considering also the knowledge acquired
from the scenario under analysis.

Each individual classifier provides a partial decision coupled together with a
conditional probability matrix describing the probability of a detected moving
object, or observation Ok , to belong to each of the semantic concepts, Ci, i =
1, ..., N , considered within the classification scenario:

⎛

⎜⎜⎝

P (C1|F1) P (C1|F2)
P (C2|F1) P (C2|F2)

· · · · · ·
P (CN |F1) P (CN |F2)

⎞

⎟⎟⎠

where Fj represents each of the individual classifiers whose decisions are fused
applying Bayes’ probabilistic rules. Each partial decision could perform auto-
matic object classification. However, the integration of several features, derived
from different and uncorrelated media, addresses higher robustness, stability,
flexibility and adaptation towards the scenario under analysis.

Bayesian Networks enable the continuous work of the multimodal classifier
due to their reliability in the presence of missing evidence, either partially or
completely. The Bayesian inference scheme allows the system to classify any
observation despite the lack of partial decisions, but rigorously decreases the
certainty on the classification accordingly.
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The proposed Bayesian-based object classifier presents a semantic classifica-
tion technique based on the fusion of diverse-nature cues to provide semantic
indexing of previously detected moving objects. Consequently, semantic index-
ing would not only facilitate the forensic search and retrieval but would also
adapt the search to human understanding. Ultimately the semantic classifica-
tion provides a step forward towards semantic event indexing.

5 Experimental Results

This section evaluates the performance of the proposed Bayesian-based object
classifier for forensic applications. The surveillance dataset and ground truth
are further explained and the quantitative evaluation of the experimental re-
sults presented. Finally, a comparison between the individual classifiers and the
proposed Bayesian-based object classifier is detailed.

5.1 Dataset and Ground Truth

In order to evaluate the performance of the Bayesian-based Multimodal Fusion
technique, the proposed Bayesian-based object classifier has been applied to a
variety of outdoor video sequences belonging to the i-LIDS dataset1, provided by
the U.K. Home Office. The video sequences recorded under realistic conditions
are provided for different scenarios. Our study focuses on urban environments;
therefore, the dataset under analysis is Parked Vehicle Detection. Through a
careful examination of the dataset, two semantic object categories were noted to
be highly repetitive in the sequences, namely Person and Vehicle. The proposed
Bayesian-based Object Classifier categorises each moving object detected within
the surveillance video as person, vehicle or unknown.

To study the efficiency of the Bayesian-based Multimodal Fusion technique,
a ground truth has been manually annotated. A total of 1567 objects were in-
cluded, 6% were person while 50% were vehicle. Due to the imposed guidelines
for the manual annotation, objects presenting certain constraints such as small
blob size, partial occlusion of the object over 50% or multiple objects coexist-
ing in a blob, were annotated as unknown. The proposed approach automatically
classifies objects according to the partial decisions provided by independent clas-
sifiers, analysing diverse-nature cues, and inferring information in the presence
of (either partially or completely) missing evidence.

5.2 Quantitative Performance Evaluation

To evaluate the performance of the proposed Bayesian-based object classifier
and, ultimately, the performance of the Bayesian-based Multimodal Fusion tech-
nique, we assumed a tracking algorithm fed the individual classifiers with de-
tected moving objects or observations. Two individual classifiers based on the
extraction of visual and temporal information, respectively, categorise each ob-
servation into one of the two semantic concepts defined for the scenario. A con-
ditional probability matrix is calculated by each individual classifier and passed

1 Imagery Library for Intelligent Detection Systems, i-LIDS. http://ilids.co.uk

http://ilids.co.uk
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to the Bayesian inference scheme. The Bayesian-based Multimodal Fusion tech-
nique combines the different partial decisions to achieve a unique classification
considering diverse-nature cues while preserving their individual feature spaces
and metrics. The obtained results are shown in Table 1.

Table 1. Performance evaluation of the proposed Bayesian-based object classifier

Concepts True Positive True Negative False Positive False negative

Vehicle Observations 619 31 16 17
% 97 66 34 3

Person Observations 31 619 17 16
% 66 97 3 34

Typically, in surveillance applications, there are two fundamental objectives:
(i) to achieve a high true positive rate balanced with a low false negative rate
which reveals the capability of the classifier to detect the desired concepts and
(ii) to maintain a low false positive rate in order to avoid false alarms within
the surveillance application. The results provided by the Bayesian-based object
classifier (refer to table 1) reveal, for the semantic concept Vehicle, a high rate
of true positive detections coupled with a low false negative rate, 97% and 3%,
respectively, while maintaining a moderate rate of false positive detection, 34%.
The semantic concept Person presents lower true positive and false negative rate,
66% and 34%, respectively, while scoring a remarkable false positive rate, 3%.
The results, both the false positive rates for vehicles and the true positive rate
for person, are directly affected by the sparseness of the concept person within
the ground truth.

The main objective of this paper was to present a multimodal fusion technique
which would allow the integration of various different-nature features indepen-
dently of which media were they derived from, to benefit from (i) the repre-
sentability provided by each feature, (ii) their un-correlation in order to cover
a bigger spectrum, and (iii) the robustness acquired by the system due to the
consideration of multiple partial decisions rather than relying in a single deci-
sion. In order to demonstrate the improvement on the performance, the proposed
Bayesian-based object classifier is compared with the individual classifiers which
provided the partial decisions (refer to table 2).

According to the comparative results shown in Table 2, the proposed Bayesian-
based object classifier outperforms both individual classifiers. While independent
classifiers, based on visual and temporal features, achieve a true positive rate
of 77% and 79% respectively, this is exceeded by the Bayesian object classifier
in 20% for the semantic concept Vehicle. However, the improvement undertaken
by the proposed fusion approach is smaller, increasing the true positive rate by
2% and 9% for the visual and temporal features classifiers. Similarly, the other
rates (true negative, false positive and false negative) present improvements
whenever the Bayesian-based object classifier is applied compared to the results
provided by the independent classifiers. Finally, detailed analysis reveals that
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Table 2. Performance comparison between the proposed classifier and the two inter-
mediate state-of-the-art classifiers

Concepts True True False False
Positive Negative Positive Negative

Vehicle Visual Features [23](%) 77 64 36 23
Temporal Features [24](%) 79 57 43 21

Bayesian (%) 97 66 34 3

Person Visual Features [23](%) 64 77 23 36
Temporal Features [24](%) 57 79 21 43

Bayesian (%) 66 97 3 34

the proposed multimodal fusion enhances the object classification procedure,
increasing positive detection while reducing false alarms.

6 Conclusions and Future Work

In this paper, a probabilistic multimodal fusion technique was proposed to inte-
grate diverse-nature cues in surveillance applications. In order to evaluate the fu-
sion technique, a Bayesian-based object classification framework was presented.
The main objective was to create a scalable technique which allowed the prob-
abilistic combination of multiple features while preserving their nature. The
proposed Bayesian inference scheme addressed the, partial or total, absence of
information, by degrading the classification results accordingly. The proposed
object classifier combined the decisions provided by two state-of-the-art object
classifiers in a probabilistic framework which also considered the scenario a-
priori knowledge. The proposed approach outperformed both state-of-the-art
classifiers, demonstrating the benefits of combining uncorrelated features to im-
prove the classification results and to enhance the robustness of the classification
framework.

Considering the dependence of the event classifiers on the object classification
results, in the future, we plan to use the Bayesian-based Multimodal Fusion
technique to combine classification results, arisen from various object classifiers,
to perform event detection and classification.
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