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Abstract—Motion and depth perceptions allow, to the human
visual system, of interpreting the object movements by sur-
rounding environmental information processing. The cognitive
science applied to computer vision field can be considered an
important innovation in order to increase the detection and
tracking performances. These tasks play a fundamental role for
detecting and tracking of dim moving point targets in Infra-Red
(IR) images, which are characterized by low levels of SNR.

In such cases, by means of the paradigm of Track-Before-
Detect (TBD) based detection algorithm, it is possible to distin-
guish the target from image background.

This paper presents an innovative TBD based approach relies
on interacting multiple target models, which is called Fusion
Filters (FFs), for far objects in IR sequences. Specifically, through
two different Kalman filters it is possible to estimate separately
position and dimension of the target. By means of switching
probabilistic models, the proposed framework infers on the
different target motion percepts. Such a process permits to obtain
the global state of the object by merging position with size esti-
mates. The experimental results on real and simulated sequences
demonstrate the effectiveness of the proposed approach.

Index Terms—Bayesian filtering, Track-Before-Detect, Inter-
active Multiple Models, Bayesian switching models, Infra Red
images,

I. INTRODUCTION

Since the last decade, Infra-Red (IR) target detection and
tracking have received considerable attention in civil and mil-
itary applications, such as IR precise guidance, early warning,
video surveillance, search and tracking [1]. Researchers have
shown an ever-increasing interest in the IR sensors thanks
to their capability of reconstructing the scenes by thermal
radiation, even in poorly illuminated environments [2].

The IR Search and Track (IRST) systems are mostly used to
detect long-range maritime and airborne threats. Typically in
IR images, being the target far from the receiver, it can appear
as dim point, which is characterized by weak target radiation
energy (i.e. low absolute value of the signal) [3].

In this context, it is possible to employ the Track-Before-
Detect (TBD) technique in order to increase the detection
performances. In according to TBD algorithm the signal
tracking is performed before of declaring it as target.

Several TBD approaches based on different techniques are
proposed in the literature. For instance, in [4] a video content
analysis based TBD method, for improving the detection of the

target by consistent trajectories, is presented. More recently, a
target track recognition approach based on an adaptive Hough
transform processing has been shown in [5]. In [6] a dynamic
programming approach deals on multi-targets tracking prob-
lem. Different techniques based on probabilistic approaches
have been presented in [7] and [8]. Boers et al. in [9] present
an extended object model. Specifically, an augmented state
vector (formed by position, velocity and size) has been used
for increasing the accuracy in position and velocity estimation
of the target.

The video content analysis, based on human visual percep-
tion mechanisms, can represent a major technological break-
through in object detection and tracking on image sequences.
The biological visual system has the ability to perceive motion
(i.e. position) and depth (i.e. size) of the elements in the scene
as well. The underlying neuronal mechanisms, of this process,
rely on a competitive stimulus selection between position
and distant sensory inputs. Within this biological framework
the neural information propagation is an essential part of
motion perception. Basically, individual neuron can respond
to different motions which correspond to their receptive field.
Within the human visual cortex the estimates from different
neurons must be fused into a global motion estimate.

This paper presents an innovative TBD algorithm, under the
influence of visual perception mechanisms, for the detection
and tracking of moving point in IR video sequences. Such
a artificial visual perception frameworks can interpret the
surrounding environment by processing the acquired infor-
mation. The main contribution of this work is to propose a
bio-inspired competitive system based on the combination of
Interacting Multiple Models (IMMs) and TBD, which is called
Fusion Filters (FFs). Through two different Kalman filters, it is
possible to distinguish parallel from perpendicular movements
to the image plane. The first one is addressed to target parallel-
movement state estimations (i.e. position), while the second
is oriented to target perpendicular-movement state estimations
(i.e. size). In the present work, we use two Kalman filters with
the Joint Probabilistic Data Association Filter (JPDAF) [10],
such a combination technique is a common statistical approach
to the problem of potential candidate association to a track.
We therefore propose a switching Bayesian model in order to



implement the competitive neuronal stimulus selection. Such
models are linked to higher level switching variable, which is
able to switch among alternative Kalman filters. The proposed
framework provides a target global state estimation by merging
position with size estimates.

The remainder of this paper is organized as follows: in
section II, switching Bayesian IMM approach is discussed.
In section III, the proposed FF framework for target detection
and tracking on IR video sequences is presented. Specifically,
in subsections III-A and III-B the TBD and FF algorithms are
explained. Results and conclusions are drawn in section IV
and V respectively.

II. SWITCHING BAYESIAN INTERACTING MULTIPLE
MODELS (IMMS)

The recursive Bayesian filtering is a mathematical method
for target state estimation by using the dynamic and the
measurement models. Such a method allows to solve the
problem to track an object, which is moving in an environment.
The IMM-based tracking methods assume that the behavior
of a target can be described through m ∈ {1, ...,M} different
state transition models, where M is the maximum number of
employed filters. So that the optimum target states are provided
by fusing each estimate of all M models.

Here two behaviors (i.e. m∈ {1,2}) are considered: parallel
(i.e. position estimation m = 1) and perpendicular (i.e. dimen-
sion estimation m = 2) movements to image plane, Fig. 1.
By means of switching Bayesian model based approach, we
describe the interactions, i.e. the combinations, between the
position and dimension estimation models. In this case, the
interactions are modeled by the switching variable m. Such a
parameter describes the errors of the single state estimations,
so that the proposed IMM approach can predict the next more
likely state estimation filter based on different observation
models.

Fig. 1(a) shows that when an object is moving parallel to
image plane does not change its size. While, the perpendicular
movements imply target size changes (e.g. when it is approach-
ing to the sensor), Fig. 1(b). The first object behavior can be
described by kinematic component estimation model, which
is called constant size filter. The second target behavior can
be defined by means of dimension estimation model, namely
growing size filter. We define a position state vector of the
target as follow:

Xk = [pl , pr,vx,vy] , (1)

where pl =(xk
l ,y

k
l ) and pr =(xk

r ,x
k
r) correspond to down-left

and upper-right points at k time instant. While vx = xk
l − xk−1

l
and vy = yk

l − yk−1
l are the velocities along x and y axes

respectively. We note that vx and vy can be also defined by
using pr coordinates. The object at k time instant can be
described by a bounded box (see the Fig. 1(a)). Let us define
a dimension state vector of the target as follows:

dXk = [dx,dy,dvx,dvy] , (2)

(a) parallel-movement (b) perpendicular-movement

Fig. 1. Examples of possible object movements.

where dx = xk
r −xk

l and dy = yk
r−yk

l are the object dimensions
along x and y axes respectively, see Fig. 1(a). While dvx and
dvy are two “enlargement” velocities of the target. The IMMs
based on the Kalman filters is given by the following equation
systems: {

Xk = A1 ·Xk−1 +nk−1
1

Zk = H1 ·Xk +wk
1,

(3)

{
dXk = A2 ·dXk−1 +nk−1

2
Zk = H2 ·dXk +wk

2,
(4)

where Zk
i is the measurement generated by the object at the

time instant k, and Am and Hm are the mth state transition and
the observation models respectively. The process noise nk

m and
wk

m are assumed to be independent zero-mean white Gaussian
with covariance matrices Qm and Rm.

Fig. 2. Representation of switching dynamical Bayesian networks based IMM
algorithm.

Each filter, i.e. equation systems (3) and (4), can estimate
the dynamic evolutions of the target positions (Xk

1 ≡ Xk) and
sizes (Xk

2 ≡ dXk). It is possible to define a switching variable
m as target “behavior” parameter.

By means of the switching Bayesian model, it is possible
to describe the interactions between the filters, Fig.2. A new
combined state vector defined as global state is defined as:
Xk = [Xk

1 ,X
k
2 ], can be considered as the output of switching

Bayesian IMM.
We assume that target behavior changes are described by a

Markovianity dynamic process. Such a method can be defined
by the state transition probabilities πl, j, i.e. l 7−→ j, as follows:

πl, j = P
(

mk = j|mk−1 = l
)
, (5)



where l, j ∈ {1,2} represent the filter indexes at k−1 and k
time instants respectively. In according to [11], it is possible
to compute the so call switching model transition probability
µ

j|l
k|k−1 at the time step k−1 as follows:

µ
j|l

k|k−1 =
1
c̄ j
·πl, j ·µ l

k−1|k−1, (6)

where µ l
k−1|k−1 is the switching prior probability of the

model l at time instant k. While, c̄ j is a normalization term
defined as: c̄ j =

1
∑

2
l=1 πl, jµ

l
k|k

. We note that by using the µ
j|l

k|k−1

the framework can predict the next target behavior model (i.e.
Kalman filter). For example, during the prediction phase, if the
most likely future (i.e. at k+1 time instant) model is m= 1, the
global target state estimation is given by: Xk+1 = [Xk+1

1 ,Xk+1
2 ].

Where Xk+1
1 is the object position state estimation provided

by the constant size based Kalman filter, while the estimation
of target dimension is Xk+1

2 = Xk
2 . As will be discussed in the

next section, after the target state observations, the proposed
Fusion Filter updates the estimates, the covariance matrices of
the constant and growing size filters and the switching prior
probabilities as well.

III. PROPOSED FUSION FILTER (FF) FOR TARGET
DETECTION AND TRACKING ON IR VIDEO SEQUENCES

In this section the proposed FF approach for object detection
and tracking in IR sequences is presented. The method per-
forms two fundamental steps. Firstly, an image preprocessing
phase relies on TBD framework is addressed to detect the
target. Secondly, by using switching IMM based FF (see
section II) the target tracking phase is performed.

A. TBD based image preprocessing for target detection

The image preprocessing consists of smoothing non-
linearities, e.g. due to atmosphere temperature variations, and
complexities of the background. In this work, we assume that
the pixels intensity in the IR images are strictly related to
the temperature of the objects. This is not generally true if
a precise radiometric calibration is not performed. We note
that the background temperatures depend from the altitude
above ground level. In [12] it has been shown that if the pixels
belong to same row, they have roughly the same temperature
and intensity. We define an image I formed by R×C. Each
pixel of the image is defined as pr,c ∈ I. Where r ∈ {1, ...,R}
is the row index, while c ∈ {1, ...,C} is the column index.
In order to remove background non-linearity, we compute a
filtering image processing. The average intensity of pixels for
a fixed row r∗ ∈ {1, ...,R}, i.e. E{pr∗,c}= ∑

C
c=1

pr∗ ,c
C , has been

subtracted from each pixel belongs to the same row. The new
pixel intensity p̃r∗,c ∈ Ĩ, where Ĩ is the filtered image, is given
by: p̃r∗,c = pr∗,c−E{pr∗,c}.

We compute the mean E{Ĩ} and the sampling variance S{Ĩ}
of the image Ĩ, as follow:

E{Ĩ}=
R

∑
r=1

C

∑
c=1

p̃r,c, (7)

S{Ĩ}= ∑
R
r=1 ∑

C
c=1
(

p̃r,c−E{Ĩ}
)2

R ·C
, (8)

In order to identify the cluster of most brightness points,
which is considered as target, we define a false alarm proba-
bility PFA. It can be generally defined as:

PFA = 1− 1√
2π

∫
λ

−∞

e−
x2
2 dx = Q(λ ) (9)

By such PFA it is possible to compute a threshold as follows:
T = E{Ĩ}+λS{Ĩ}, where λ = Q−1 (PFA).

By a thresholding method a new binary image Î has been
generated, where each pixel p̂r,c ∈ Î is given by the following
procedure: p̂r,c = 0 if p̃r,c < T otherwise p̂r,c = 255.

We point out that, these brightness points should not neces-
sary belong to a target, this fact is due to the object fragmen-
tation problem. Basically, each fragment is separately tracked
for a maximum of 5 frames. In this multiple brightness points
tracking, JPDAF is an essential technique for associating each
fragment observation to its corresponding track. So that, an
adaptive classification combined with TBD procedure will be
introduced in order to associate the sparse observations (i.e.
points or fragments) to a target. To this purpose, Simple Linear
Iterative Clustering (SLIC) via super-pixels has been applied to
the image Ĩ, [13]. This method allows to find different groups
of pixels, so defining an effective “adaptive” target model. By
mapping procedure between each fragment and the super-pixel
based model, it is possible to determine the group identity
(target-ID) of each brightness point. In our method, if a point
obtains the same target-ID in eighty percent of the cases (i.e.
4 on 5 frames) the fragment will be definitely associated to a
target. We have empirically defined this threshold in order to
limit the delay introduced by the method and in the meanwhile
augmenting the robustness of the detection.

B. FF based target tracking phase

How it has been explained in section 2, the proposed
switching Bayesian IMMs algorithm infers on the potential
candidate estimates providing by the two different Kalman
filters. So that, the IMM-based tracking method can provide
the object global estimate.

We define Pm
k|k and Pm

k−1|k−1 to be the updated (a posteriori)
estimate covariance matrices of the general mth Kalman filter
(i.e. m = 1 constant or m = 2 growing size filters) at k and
k−1 time instants respectively. The computations carried out
through a Bayesian filter are based on the error propagation of
the estimates from one filtering step to the next. Such a process
can be considered as uncertainty propagation. In according to
the information theory, the covariance matrices can be seen
as an informativeness measure of each single state estimation
(i.e. position and size). In particular, the FF uses the elements
on the diagonal of the covariance matrix in order to measure
the uncertainty/information of the estimations. For this reason,
we consider the trace the covariance matrix: tr(Pm

k|k).
In order to evaluate the informativeness temporal variations

of the state estimations, we define a gradient of the trace,



namely velocity parameter, as follows: ṫr(Pm
k|k) = tr(Pm

k|k)−
tr(Pm

k−1|k−1).
The following analysis cases arise from the previous dis-

cussed concepts:
• if ṫr(Pm

k|k)< 0 , the velocity values are negative, this case
corresponds to estimate uncertainty reductions (i.e. infor-
mation growth). This can be considered as the optimal
situation, where a filter (i.e. constant or growing size
filters) is able to improve the prediction of the target
global state.

• If ṫr(Pm
k|k)> 0 the gradient assumes positive values, there-

fore the uncertainty increases (i.e. information reduction).
• In the last case, we can observe that ṫr(Pm

k|k) = 0. In such
situations, the informativeness about the state estimation
can be considered as stable.

In the algorithm 1 the switching prior probabilities updating
rule is presented. Here, the update of the µm

k|k is based on
the velocity parameters comparison, i.e. the gradient of the
covariance matrices traces P1

k|k and P2
k|k. We consider a negative

exponential function e−ṫr(Pm
k|k), as a weigh parameter, in order

to update the switching prior probabilities. For example, when
ṫr(P1

k|k) < ṫr(P2
k|k) the constant size filter receives a greater

weight than the growing size filter. Therefore, the prior infor-
mation on the next most likely filter will be updated.

Data: ṫr(P1
k|k), ṫr(P2

k|k), µ1
k−1|k−1, µ2

k−1|k−1
Result: µ1

k|k, µ2
k|k

µ1
k|k = µ1

k−1|k−1 · e
−ṫr(P1

k|k);

µ2
k|k = µ2

k−1|k−1 · e
−ṫr(P2

k|k);
Algorithm 1: Updating of the switching prior probabilities.

IV. RESULTS

In order to prove the general applicability of the proposed
system, we have analyzed the FF performances on synthetic
and real IR sequences. The experimental phase has been
divided in two part. In the first part of the test, we have
analyzed the framework considering separately parallel or
perpendicular movements of the target. In the second part,
we have evaluated the system for detection and tracking of
objects with multiple movements, i.e. combinations of parallel
and perpendicular transitions to the image plane.

A. Parallel or perpendicular movement analysis

We have simulated a video sequence of 150 frames, 25 [fps].
Such a synthetic sequence reproduces target perpendicular
movements. The simulation considers an object which is
gradually increasing its size, maintaining a fixed position on
the image plane. The false alarm probability setting is based
on the consideration that the PFA values are strictly related to
the recognition of potential targets in the scene, i.e. higher PFA
values more objects are tracked.

In order to set the threshold T we have considered the fol-
lowing false alarm probability from experience: PFA = 10−12.

In order to underline the differences among the compared
filters, in Fig.3, only few frames, of the synthetic sequence, are
presented. The target position state estimation errors (provided
by the constant filter) are faster increasing than the estimations
provided by the FF. In this case, the proposed filter is able to
perceive the gradual changes in the target dimension. Indeed,
the constant filter interprets the size variations as substantial
target movements.

After 14 frames (see Fig.3) the global state estimation,
computed by the proposed system, obtains the same efficiency
(i.e. MSE values) of the growing size filter.

In order to investigate the efficiency of the FF detection
and tracking performances for target parallel movements,
a public video sequence, i.e. “Plane Motion and Tracking”
collection 1 [14], has been used. In this sequence a small object
is moving on the image plane. In this case, we have considered
the following false alarm probability from experience: PFA =
10−5. In Fig. 4 the gradient trends of the tracks of covariance
matrices, for FF and the constant size filter, are shown.
The proposed FF has the same efficiency, in state position
estimations, of the constant size filter; indeed the distance
between the two curves is extremely small.

Fig. 3. A comparison of state estimation errors for the simulated sequence.
The figure presents the Minimum Square Errors (MSE) between the filter
estimations and the ground truth. The proposed FF (blue line), constant size
filter (gray line) and growing size filter (red line).

Fig. 4. Gradient of the covariance matrix track curve for “Plane Motion and
Tracking” sequence collection 1.



Fig. 5. Gradient of the covariance matrix track and a qualitative sketch of the
target movement changes for “Night” sequence. Gradient curves: FF (orange
line); constant size filter (blue line). Qualitative target movement changes:
transitions on image plane with small size changes (thin green arrow), while
evident perpendicular movements with small position transitions (thick green
arrow)

B. Combinations of parallel and perpendicular movements
analysis

This second and more essential part of the experimentation
faces the problem of simultaneously detection and tracking ob-
ject with multiple movements (behaviors), i.e. parallel and per-
pendicular transitions to the image plane. In this test we have
employed a public video sequence, namely “Night”, which is
available on https://www.youtube.com/watch?v=4i1IiYTOPPE.
In order to set the threshold T we have considered the follow-
ing false alarm probability from experience: PFA = 10−20.

In the “Night” sequence, an airplane appears at frame 857
and maintains its size until the frame 861. Then it starts
to alternate parallel and perpendicular movements. In the
Fig. 5 the qualitative sketch of the movement changes and
corresponding gradient values are shown.

During a parallel movements (i.e. 858÷ 861 frames) the
gradient curve of FF quickly tends to zero. Therefore, FF is
able to stabilize faster the uncertainty on object global state
estimation than the constant filter. When the target increases
its dimension (i.e. 862÷865 frames), the uncertainty, on the
size estimation provided by FF, decreases and the gradient
reaches a minimum value (frame 863). This descent of the
gradient can be seen as an information gain on the size than
position estimations. After this target size transition phase,
the uncertainty on the object global state estimation tends
to decrease again. This situation is due to a new changes
in the behavior of the target: from perpendicular to parallel
movements to the image plane.

In Fig. 6 a comparison between the errors on the position
state estimation, for the FF and the constant size filter, is
presented. FF presents a lower MSE (between global state
estimation and ground truth) than the constant size filter.

V. CONCLUSIONS

Detection and tracking of dim moving points in IR images
have received a considerable attention from several scientific
research studies. Among the different strategies, TBD emerges

Fig. 6. The figure shows MSE comparison, between constant and FF, on
target state position estimations for the ”Night” sequence.

as one of the most interesting technique. It is indeed able
to simultaneously track and detect a target. In this paper
presents an innovative TBD algorithm, under the influence of
visual perception mechanisms, has been proposed. By means
of switching model based IMM paradigm has been designed
an innovative framework for target state estimation, called
Fusion Filter. Such a framework improves the performance
of the TBD algorithm. Trough the cooperation between two
independent Kalman filters (i.e. constant and growing size
filters), the presented FF is able to estimate a target global
state.

The proposed method has been tested on real (i.e. IR and
visible) and synthetic image sequences, both of them contain
singular and multiple behaviors of the targets. In the result
section, we have demonstrated that the proposed method can
distinguish the parallel from the perpendicular movements to
the image plane. The experimentation clearly illustrates that
FF outperforms each independent Kalman filter in detection
and tracking of the target. Furthermore, we have demonstrated
how, by the proposed information adaptation rule, the system
is able to update the switch parameters in order to provide an
accurate target global state estimation. Future developments
of this work may include an extension of the FF for multiple
objects tracking.
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