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a b s t r a c t

Vehicle tracking is an attractive problem in the field of public transportation with several research
projects conducted using Kalman filter (KF) to tackle this. While a driver may act on his own decision,
there exist parameters affecting his behavior so called situation assessment such as neighboring
drivers, possible obstacles, or alternative routes changing over time. In this paper, utilizing online situ-
ation assessment (SA) inside Kalman filter is studied. Motion History Graph is used as online modeling
of the history of the vehicle motions and is used to augment the estimation. Experimental results on
video sequences from different datasets show an average 25 percent performance improvement when
using online SA inside KF.

© 2020 Elsevier B.V. All rights reserved.

1. Introduction

Vehicle tracking is considered a well-known problem in the
field of intelligent transportation systems including unmanned
vehicle control, video surveillance, traffic control, and urban man-
agement. It is defined as to track an object in a video sequence
over time [1].

Adaptive filters such as Kalman filter (KF) [2], are widely used
as common methods in object tracking [3,4]. KF uses concepts of
prior and posterior estimations, and state estimation propagation
to finally estimate the object state at each time interval.

The concept of Situation Assessment (SA) is known as to recog-
nize the environmental conditions and changes as an effective pa-
rameter on the driver decision. It consequently affect the method
of estimation and tracking [5,6]. To this end, different tools are
exploited such as radars, cameras, and sensors in addition to
specific rules like ‘‘priority to right’’.

In this paper, SA information extracted from surveillance cam-
eras in a driving environment is combined with KF equations. The
resulting modified KF is able to track objects in different situation
scenarios based on SA information and state estimation from KF.

The paper is organized as follows: Some motivation exam-
ples are described in Section 2, while Section 3 covers related
work. The proposed method is studied in Section 4 and finally,
experiments and results are analyzed in Section 5.

2. Motivation

In a driving environment where different parameters can af-
fect a driver behavior, various situations may occur. Two sample
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situations are shown in Fig. 1, where in Fig. 1(a), the green vehicle
starts its path from the yellow star point. When it arrives at the
red star point, there is an option to go to either straight or left.
Fig. 1(b) represents a 3-way intersection in which the vehicle has
the option to keep its direct path or take the left turn when it
arrives at the position marked with a red star.

In both cases, SA provides augmenting information to guide
the estimation process. However, in red star point in Fig. 1(a), SA
expresses that there are equal probability to take either of the
two available paths. Consequently, since SA will guide KF to take
the average path, SA information is not considerably effective.

In such cases, the extent to which SA information is included
in the estimation process plays an important role in the results.
If the estimation is affected highly by SA information, prior es-
timation is ignored slightly, while if a proper combination of SA
information and state-based information is chosen, it results in a
more confident estimation.

Fig. 1(b) represents a 3-way intersection. Assume that based
on the SA information, a vehicle starting its path from the right
side will take the left turn with probability of 90% versus 10%
probability of taking the direct path. SA will definitely aid the esti-
mation process for these cases since Kalman filter lacks
environment-related information.

Additionally, some experiments are conducted to show how
SA information can guide the estimation process. A Kalman filter
is used to track a vehicle initially located in the position marked
by a yellow arrow in Fig. 2. The Kalman filter loses the vehicle
when it turns to the left represented by a red line between frames
(3) to (5). By considering SA information that expresses a vehicle
may turn to left at that point on 67 percent, the correct tracking
takes place as shown by the yellow arrow.
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Fig. 1. Two situations: (a) A roundabout (b) A 3-way intersection.

Fig. 2. How Kalman estimates with and without SA information.

3. Related work

Object tracking is considered a well known topic in the field
of video processing [7] and is studied from different perspec-
tives. Kalman filters are the most practical tools to offer efficient
solutions.

In addition, some research rely on assessing the underlying
situation and employing data extracted from environment to
guide the tracking process. The goal of Situation Assessment (SA)
is to enhance the quality of information and detect objects from
an operational point of view [8].

3.1. Kalman filters

Kalman filters (KF) are members of adaptive filters family and
are available in different versions including Distributed Kalman
Filter (DKF) and Interactive Kalman Filter (IKF) and are useful
tools for vehicle tracking [9–12]. In a Kalman filter, the process
and measurement equations are specified as Eqs. (1) and (2)
respectively.

Xt+1 = AtXt + ωt (1)

Yt = CtXt + νt (2)

where process behavior function Atn×n and output matrix Ctm×n
are deterministic matrices and Xt ∈ Rn, Yt ∈ Rm, ωt ∈ Rn,
νt ∈ Rm are state vector, measurement vector, process noise, and
measurement noise respectively at step t . Additionally, ωt and νt
are uncorrelated white noises with covariance matrices Qt and Rt ,
respectively as specified in Eq. (3).

Qt = E[ωtω
T
t ] > 0

Rt = E[νtν
T
t ] > 0

(3)

Prior and posterior estimations are also defined as Eqs. (4) and
(5) respectively.

X̂−t = At−1X̂t−1 (4)

X̂t = X̂−t + Kt (Yt − Ct X̂−t ) (5)

3.2. Situation assessment

To contribute environmental information into estimation pro-
cess, situation assessment is a need. Leonhardt et al. [13] pro-
posed a lane change classification scheme based on a Bayesian
network model. They include various environmental parameters
and driver-related variables such as radar, camera, head tracking,
and GPS to guide the estimation process.

The driving task requires the perception of relevant objects
in a traffic situation by the driver [14]. This leads to the idea of
track-to-track fusion lane assessment to propose an object and
situation assessment system by Kim et al. in [6]. The proposed
system uses radars to extract object information and fuses them
into lane information captured from camera.

Farahi et al. [15] proposed a probabilistic learnable tracker
that employs a probabilistic graph constructed based on the
previously observed motion paths.

In [16], Li et al. proposed a method of inspecting situation
assessment as a part of shared control strategy. It defines TTC as
the time for two vehicles to collide if they continue at their cur-
rent speed and same path when the driver keeps the current lane
unchanged. Furthermore, the intention of the driver to change the
lane is classified by a semi-supervised machine learning method.

Golestan et al. proposed a framework for communication be-
tween vehicles and the infrastructure in [5]. The source of the
operational information was from either local information i.e. the
vehicle itself, or global information coming from the communica-
tion infrastructure.

Lui et al. [17] transformed the driver intention identification
problem into a time series classification issue and used k-means
clustering to mark the collected data. opening degree of the accel-
erator pedal, vehicle speed and brake pedal force are considered
as the LSTM classification model inputs.

4. The proposed online SA-Kalman filter

The proposed method of extracting SA information from the
set of available video sequences and associating them with KF
is described in this section and incorporates two main steps.
The first step is called SA extraction phase, while the second
step, augmenting KF with SA phase, specifies how to apply the
extracted information to the Kalman filter.

The overall scheme of the proposed method is illustrated in
Fig. 3. The SA extraction phase is highlighted in orange color,
while the green hatch box shows the second phase, i.e., augment-
ing KF with SA.

4.1. SA extraction phase

In order to assess a traffic situation, the only available data is
the video sequence taken from surveillance cameras. Therefore,
coordinates, velocity, and acceleration of each vehicle in the video
sequence are accessible. To learn the situation assessment by
a surveillance camera, a video sequence including n frames is
acquired, which is called the learning sequence.

Three steps are defined to complete the learning process as
follows:

• Extraction of low level features from the learning video.
• Construction of the spatial–temporal database.
• Assignment of the proper assessed situation to each vehicle.
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Fig. 3. Overall scheme of the proposed method.

Fig. 4. A sample of path extraction from video sequence.

4.1.1. Extraction of low level features from learning video
In each frame, vehicles are detected using a CNN-based vehicle

tracker proposed in [18] and then tracked using a Kalman filter.
The vehicle motion path in this sequence is tracked and is further
used for learning the situation assessment.

An important feature in analyzing and interpreting the traffic
scene is the vehicle’s motion specification, from which the driver
behavior is extracted. This feature holds both spatial and tem-
poral information. In this step, tracking path for each vehicle in
the learning video is learned. Fig. 4 represents a sample of the
obtained paths in a video sequence.

The low level features in the learning video can be represented
using a vector at time t for vehicle i as shown in Eq. (6).

Vi,t = [xi,t , yi,t , vi,x,t , vi,y,t , ai,x,t , ai,y,t ] (6)

4.1.2. Construction of the spatial–temporal database for SA: Motion
history graph (MHG)

Motion Flow History (MFH) and Motion History Image (MHI)
are introduced in [19] and [20] and is constructed using infor-
mation vector in compressed MPEG video stream. The moving
object actions are characterized by MFH and MHI representing
spatio-temporal motion vector information.

The vehicle motion paths are extracted in the learning video
sequence to assess the situation in the traffic scene. A database

of vehicle motion paths is constructed using this video sequence.
The database has to store spatial and temporal information of
motion paths in each frame. Afterwards, MHG is constructed
based on a weighted directed graph. The procedure is described
as follows:

(a) The path coordinates in x–y plane are used.
(b) The paths are clustered into n clusters using a fuzzy k-

means method. Each cluster center has an x–y coordinate.
(c) A Weighted Directed Graph (WDG) is constructed using n

cluster centers.
(d) For each cluster center Ci, a vector vCi = [vCi,x, vCi,y]

is considered as the node average velocity. vCi,x is the x
element of velocity average of all passing vehicles from the
node. vCi,y is defined similarly.

(e) Finding out the weights in WDG: By tracking vehicles
moved from cluster center Ci to Cj, the number of moved
vehicles between the two cluster centers is measured. Each
movement increases the weight by one. The weight of edge
eij connecting Ci to Cj is shown as nij.

(f) For each edge eij connecting Ci to Cj, a vector aeij =
[aeij,x, aeij,y] is defined. aeij,x is the x element of acceleration
average of all passing vehicles on eij. aeij,y is similarly
defined.

In Fig. 5, WDG is constructed for three video sequences from
UA-DETRAC dataset [21] in which the transition weights between
graph cluster centers are also shown. At each frame, to assign
each vehicle to a cluster, the Euclidean distance is used.

MHG database is then defined as Eq. (7).

MHG = {Prij, TVij|i, j = 1, . . . , n} (7)

where TVij = [Cj, aeij ] is the transition vector, Cj is the jth cluster
center in WDG represented by vector Cj = [xCj , yCj , vCj,x, vCj,y],
and Prij is the probability of moving from node i to node j and is
defined as Eq. (8).

Prij =
nij

Ni
(8)

where nij is the number of passed vehicles from node i to node
j and Ni is the total number of vehicles passed from node i.
Additionally, for each i,

∑
j∈Ni

Prij = 1. Therefore, this graph
represents a priori knowledge from vehicle motions in traffic
scene and it can be designed offline based on the video sequence.

4.1.3. Assigning the proper assessed situation to each vehicle at time
t

In the previous section, a WDG was constructed for the traffic
scene in which the motion paths were specified by means of the
probability of vehicle movement. In Fig. 6, assume that a vehicle
V ∗ is detected at time t and is clustered into C4. The goal is to
find out its situation assessment.

There are two motion paths for C4. In a Cartesian coordinate
plane, C4 approaches to C6 and C5 with probability of 72% and 28%,
respectively. Therefore, for each node of MHG, the probability of
moving each vehicle towards each direction is defined.

Fig. 5. Samples of constructing WDG on three video sequences.
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Fig. 6. A sample of clusters in WDG.

Fig. 7. How SA is calculated for each cluster center at time t .

The outgoing set of cluster Ci is defined as OCi: the set of
clusters that have an incoming edge from cluster Ci e.g. OC4 =

{C5, C6}. In order to assign the situation assessment to V ∗ that
belongs to C4, the below procedure is followed:

SAV∗ = Pr45 × TV45 + Pr46 × TV46

SAV∗ = Pr45 × [C5, ae45 ] + Pr46 × [C6, ae46 ]
(9)

where SAV∗ is a vector as shown in Eq. (10).

SAV∗ = [xSV∗ , ySV∗ , vSV∗,x , vSV∗,y , aSV∗,x , aSV∗,y ]
T (10)

In general, in the test video sequence, for assigning SA to each
vehicle V ∗, the following procedure is considered:

(a) After V ∗ is detected at time t in test sequence, the cluster
Ci is assigned to it using the Euclidean distance.

(b) SAV∗ is calculated as shown in Eq. (11).

SAV∗ =

⎡⎢⎢⎢⎢⎢⎣
xSV∗
ySV∗
vSV∗,x
vSV∗,y
aSV∗,x
aSV∗,y

⎤⎥⎥⎥⎥⎥⎦ =
⎡⎢⎢⎢⎢⎢⎣

xc1 xc2 ... xcm
yc1 yc2 ... ycm
vc1,x vc2,x ... vcm,x
vc1,y vc2,y ... vcm,y
aci1,x aci2,x ... acim,x
aci1,y aci2,y ... acim,y

⎤⎥⎥⎥⎥⎥⎦×
⎡⎢⎢⎢⎢⎢⎣
Pri1
Pri2
.

.

.

Prim

⎤⎥⎥⎥⎥⎥⎦
(11)

where C1, C2, . . . , Cm ∈ OCi. This is schematically depicted
in Fig. 7.

Further in this section, it is studied that WDG weight are
updated online according to environmental changes in the road
or emergency events occurred.

4.2. Online situation assessment

In real world, cases may occur due to a temporary change in
motion paths or emergency events e.g. existence of an obstacle or
blocking a part of a lane. This may result in changes in probability

Fig. 8. The scheme of online storing of movement history for each edge at time
t .

of movements from a graph node to another. Consequently, it
is required to update edge weights in WDG according to online
changes.

Specifically, the clustering process and construction of MHG
nodes is performed offline, while updating WDG weights is done
online.

The method employs a history window with defined size s
to store the number of vehicle passes from each edge. Changes
to this value over time make change to edge weights accord-
ingly. The process is completely independent of the estimation
procedure.

To evaluate the time complexity of the proposed weight up-
date mechanism, one can consider that the number of nodes is
n and the maximum number of outgoing edges from each node
is 8 (including major and minor turns). Therefore, in the worse
case, all outgoing edges from all nodes are changed. Hence, time
complexity is O(n).

Fig. 8 represents the proposed scheme of storing history of
movement along each edge. Each edge eij is assigned a buffer
called Bij where passing one vehicle from this edge at the current
time instant t puts a 1 in the head of the buffer and brings the
item at buffer rear out.

Pij was previously defined in Eq. (8). In order to update Pij at
time t , Eqs. (12) and (13) are specified.

nij,t =

s−1∑
l=0

Bij,t−l (12)

Ni,t =
∑
j∈ONi

nij,t (13)

Consequently, Pij,t is define as Eq. (14)

Prij,t =
nij,t

Ni,t
(14)

4.3. Augmenting KF with SA (SAKF and SAKF+)

In the previous phase, the learning video was used to construct
MHG. The next phase is dedicated to assign the proper SA to each
cluster and to import the relations into Kalman filter.

In this paper, SA is considered as a prior knowledge and makes
changes to KF prior estimation equation as shown in Eq. (15).
Posterior estimation equation is the same as Eq. (5).

X̂−t = λ(AX̂t−1)+ (1− λ)(SAt ) (15)

where 0 ≤ λ ≤ 1 is the tuning parameter that controls to what
extent SA affects the estimation.

Since X̂t−1 is defined, SA can be specified as Eq. (16).

SAt = X̂t−1 +∆SAt (16)
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Fig. 9. How SA is calculated for each cluster center at time t .

where ∆SAt is a vector representing the distance between poste-
rior estimation at time t − 1 and the estimation at time t using
the assessed situation SAt . The vector is shown in Eq. (17).

∆SAt = [∆xi,t , ∆yi,t , ∆vi,x,t , ∆vi,y,t , ∆ai,x,t , ∆ai,y,t ] (17)

Considering Eq. (17) rewrites Eq. (15) as:

X̂−t =λ(AX̂t−1)+ (1− λ)(X̂t−1 +∆SAt )

=
(
λA+ (1− λ)

)
X̂t−1 + (1− λ)∆SAt

(18)

The state equation, the observation equation, and the posterior
estimation equation in SAKF remains not changed compared to
the standard KF.

Fig. 9 illustrates a sample representation of how SA infor-
mation is combined with Kalman estimation. In this sample, a
vehicle is placed at position (5,1) at time t . the goal is to estimate
its position at time t + 1. In Fig. 9(a), there are shown three
possible paths provided by SA information shown by red arrows.
Kalman filter, on the other hand, estimates the next position to
(1,5) shown by the blue dashed arrow. The result of Eq. (11) for
m = 3 is a vector to point (4.4, 3.7) shown by a red line in
Fig. 9(b). Using Eq. (15), with λ = 0.6, the final estimated position
is measured (2.36, 4.48), represented by a black dotted vector.
Consequently, it can be stated that SA will make changes to both
size and angle of AX̂t−1 vector.

Totally, for cases like a 3-way intersection where turning to
one side other than continuing to the direct path is more proba-
ble, assigning a low value for λ is quite useful. On the other hand
in a regular roundabout environment, 0.5 can be a good set point
for λ since there are several possible exit paths.

Using online situation assessment strategy introduced in Sec-
tion 4.1, SAKF+ is proposed to employ the online SA inside KF.
SAKF+ differs from SAKF in terms of online edge weight update.

4.3.1. SAKF optimal gain
Similar to KF, the optimal Kalman gain is chosen according

to two constraints: unbiasedness and minimum-variance estima-
tion.

Since X̂t−1 is the estimation value in the previous step and
∆SAt represents the deterministic prior knowledge value that is
added to X̂t−1, SAKF optimal gain will be calculated as follows.

To satisfy unbiasedness constraint, if X̂t be a good estimate
of Xt , then it is expected that the estimation error be zero as
represented in Eq. (19).

E[X̃t ] = E[X̂t − Xt ] = 0 (19)

where it results in Eq. (20):

E[X̃t ] = (I − KtCt )
(

(1− λ)
(

∆SAt + (I − A)X̂t−1

+ AE[X̃t−1] − E[ωt−1]
)) (20)

If we have

γt = (1− λ)
(
∆SAt + (I − A)X̂t−1

)
(21)

it is possible to rewrite E[X̃t ] as

E[X̃t ] = (I − KtCt )(γt + AE[X̃t−1] − E[ωt−1])+ KtE[vt ] = 0 (22)

To satisfy minimum variance constraint, Pt should be evalu-
ated as Eq. (23).

Pt = E[X̃t X̃t
T
] (23)

If ζt is defined as Eq. (24),

ζt = (1− λ)
(

∆SAt∆SAt
T

+
(
(I − A)X̂t−1

)(
(I − A)X̂t−1

)T )
(1− λ)

(24)

then (23) is converted to Eq. (25)

Pt =(I − KtCt )(At−1Pt−1AT
t−1 + Qt−1 + ζt )(I − KtCt )T

+ KtRtK T
t

(25)

Considering two Eqs. (26) and (27), Pt is calculated as in
Eq. (28).

P−t = At−1Pt−1AT
t−1 + Qt−1 + ζt (26)

K d
t = CtP−t CT

t + Rt (27)

Pt = KtK d
t K

T
t − P−t CT

t K
T
t − KtCtP−t + P−t (28)

To obtain minimum-variance estimation, a Kalman gain is
suitable to minimize the error variance of Eq. (28). Finally, Kalman
gain is calculated as in Eq. (29).

∂TrPr
∂Kt

= 0⇒ Kt = P−t CT
t (K

d
t )
−1
=

P−t CT
t

CtP−t CT
t + Rt

(29)

4.3.2. SAKF algorithm
Vehicle tracking algorithm using SAKF is then defined as

shown in Algorithm 1.

Algorithm 1 SAKF Algorithm

1: procedure SAKF()
2: VS ← The video sequence with m frames
3: MHG← Construct_MHG(VS)
4: for each (cluster C in MHG) do
5: Calculate ∆SA(C)
6: if t = 0 then
7: X̂0 ← E[X0]

8: P0 ← E[(X0 − E[X0])(X0 − E[X0])T ] = Π0

9: while termination condition has not met do
10: t = t + 1
11: i← cluster with least Euclidean distance to X̂t−1
12: ∆SAt ← ∆SA(i)
13: State_Estimation_Propagation() Eq. (15)
14: Error_Covariance_Propagation() Eq. (26)
15: Kalman_Gain_Matrix() Eq. (29)
16: State_Estimation_Update() Eq. (5)
17: Error_Covariance_Update() Eq. (25)

4.4. Stability analysis

In this section, stability of the proposed method is inves-
tigated. At first, the proof is started by obtaining bounds for
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Fig. 10. Estimating sine-like signals using KF and SAKF (a) different available sine-like signals used to construct MHG (b) two sample nodes of MHG at points A and
B for which outgoing edged are drawn using black arrows (c) the result of estimation using KF and SAKF: KF incorrectly estimates along with the red dashed line,
while SAKF uses MHG and correctly estimates along with the blue arrow.

the error covariance matrix via constructing a suboptimal linear
estimation of the system state.

A Lyaponov function for evaluating convergence of KF is de-
fined as Eq. (30) given that mt is an optimal mean-square es-
timate of state Xt and Pt is the covariance matrix of estimation
error, i.e. ξt = Xt −mt .

V (Xt , t) = mT
t P
−1
t mt (30)

for which, it is proven that there are upper and lower bounds as
represented in Eq. (31).

0 ≤ γ1(∥ Xt ∥) ≤ V (Xt , t) ≤ γ2(∥ Xt ∥)
for all Xt ̸= 0, t ≥ M

(31)

where γ1(∥ Xt ∥) and γ2(∥ Xt ∥) are continuous non-decreasing
scalar functions and M is an integer greater than zero.

According to the definition of P−t , it is defined for KF and SAKF
as Eqs. (32) and (33).

P−t KF = At−1Pt−1AT
t−1 + Qt−1 (32)

P−t SAKF = At−1Pt−1AT
t−1 + Qt−1 + ζt

= P−t KF + ζt
(33)

Since P−t SAKF in Eq. (33) in the sum of ζt (which is a posi-
tive matrix) and P−t KF in Eq. (32), then the Lyaponov function
denominator for SAKF will be greater than that of KF and con-
sequently Eq. (31) for SAKF still remains greater than zero and
bounded.

For the Lyaponov function, it should be evaluated that:

V (Xt , t)− V (Xt , t − N) ≤ γ3(∥ Xt ∥) < 0
for all Xt ̸= 0, t ≥ M

(34)

where γ3(∥ Xt ∥) is a continuous scalar function. It has been
proven for KF that:

V (mt , t)− V (mt−N−1, t − N − 1) ≤
t∑

w=t−N

(
mT

wC
T
wR
−1
w Cwmw + νT

w(P
−

w )−1νw

)
< 0

(35)

Correspondingly, the right side of Eq. (35) is modified as Eq. (36).

V (mt , t)− V (mt−N−1, t − N − 1) ≤
t∑

w=t−N

(
mT

wC
T
wR
−1
w Cwmw + νT

w(P
−

w + ζt )−1νw

)
< 0

(36)

5. Evaluations and experimental results

To evaluate the proposed method, some experiments are de-
veloped with results discussed. Experiments are conducted on a
computer with a Core i7-4500 CPU, 8 GB of main memory, and
an NVIDIA GeForce GTX 740M graphics card. Videos from youtube
are used for running experiments to include real world cases.

Fig. 11. Estimation of a sine-like signal using KF and SAKF.

5.1. Signal estimation using SAKF

In the first set of experiments, estimation of a sine-like signal
using Kalman filter and the proposed method is studied. Fig. 10
represents the evaluated experiment. In Fig. 10(a) a collection of
sine-like signals are presented. Fig. 10(b) depicts two cluster cen-
ters A and B, located at (x = 0, y = 0) and (x = −3.2 π

2 , y = 0.6),
respectively and their outgoing edges showing different learned
paths. Finally, in Fig. 10(c), two sample signals are studied.

Since the signal entering to cluster center B, shown by green
dots, is a sine-like signal, the Kalman filter continues its estima-
tion in a sine signal form. On the other hand, SA information tells
that it may not obey the expected raw sine-shape, since it has two
outgoing edges shown in 10(b). Therefore, using SA information
will definitely adjust the filter estimation.

Specifically, for a sine-like wave shown in Fig. 11, real signal
shape, measured signal, KF estimation and SAKF estimation is
represented. RMSE for KF estimation is 0.39, while for SAKF, RMSE
is 0.30. Therefore, SA information helps to refine the estimation
by knowing the overall form of the wave in addition to the history
of similar signals.

5.2. Tracking single vehicle using SAKF

To evaluate the effect of using SA inside KF, a 3-way inter-
section is considered as the traffic situation. In this case, λ plays
an important role. If λ is close to 1, the term including SA infor-
mation approaches to zero and the estimation is mainly obtained
by AX̂t−1, while setting λ close to 0, results in an estimation that
mostly depends on SA information.

The video sequence shown in Fig. 12 is a sample of videos
evaluated in this phase. In this video, a vehicle enters the street
from the bottom and turns to the right while arrives at to the
intersection. However, due to the change in the illumination at
the intersection position, KF loses the vehicle since it considers
a fixed-accelerate move, while SAKF considers a possibility of a
turn at that point. This results in successful tracking by SAKF.
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Fig. 12. Comparing KF vs. SAKF for cases where there is an option to turn for λ = 0.4.

Fig. 13. Comparing instant RMSE of KF and SAKF for a 100-second video
sequence: λ = 0.5.

Fig. 14. SAKF gain convergence over successive frames.

In Fig. 12, frames (a1) to (d1) represent the unsuccessful
tracking using KF, while frames (a2) to (d2) reflect the behavior of
SAKF for λ = 0.4 when the vehicle turns to the right. Frame (c1) is
the point where the vehicle is lost by KF because of a change in il-
lumination and consequently, the vehicle moving behind that has
a similar illumination level to shadow, is incorrectly considered
as the target. On the other hand, in (c2), SAKF correctly continues
to track the vehicle since it makes use of SA information during
learning phase.

In order to quantify the results and comparisons, root mean
square error (RMSE) is used as defined in Eq. (37).

RMSEx =

√ 1
Ts

Ts∑
t=1

(
xest (t)− xref (t)

)2 (37)

Experimental results of comparing instant RMSE of the two
tracking methods KF and SAKF for a 100-second video sequence
from UA-DETRAC dataset is illustrated in Fig. 13. Average RMSE
for KF and SAKF is 0.45 and 0.39 respectively. SAKF shows an
average 14% improvement in RMSE.

Fig. 15. A sample of instant changes in traffic flow and the resulting behavior
by drivers.

Fig. 16. Comparing instant RMSE of KF, SAKF, and SAKF+ for a 100-second video
sequence: λ = 0.5 with online WDG edge update.

To analyze the effect of SA on the filter gain, two items should
be noted: (1) SA and information provided by the MHG represent
the history of movement paths over the past times. In a normal
driving environment, there is no frequent sudden path changes,
and also such rare behaviors by drivers are ineffectual in a large
volume of data constructing MHG. (2) Kalman filter estimations
also show smooth changes over time. Consequently, adding SA
information does not impose drastic changes in estimations. The
SAKF optimal gain convergence is illustrated in Fig. 14.

As an extended experiment, a situation is studied where a sud-
den change is happened in the road. In this case, two drivers stop
their vehicle suddenly in the middle of the road. As a result, other
vehicles try to change their path by turning to right. Therefore,
online update of WDG edges is effective.
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Fig. 17. Sample frames of three video sequences including roundabout, autobahn, and intersection.

Table 1
Comparing KF vs. SAKF in terms of average RMSE.
Sequence Method Average RMSE

Autobahn KF 0.45
SAKF+ 0.42

Intersection KF 0.48
SAKF+ 0.36

Roundabout KF 0.48
SAKF+ 0.35

To evaluate the efficiency of the proposed online weight up-
date process, a video sequence from youtube [22] is considered of
which some frames are shown in Fig. 15. RMSE for each individual
vehicle is shown in Fig. 16. In this figure, it is shown that SAKF+
which is equipped with online edge weight update scheme is
capable of providing less average RMSE since it is 0.45, 0.39, and
0.36 for KF, SAKF, and SAKF+ respectively.

To compare average RMSE for different traffic situations, three
sample frames from the input video sequences including [23–25],
shown in Fig. 17, are also evaluated. Two methods KF and SAKF+
are applied to these video sequences. The results are shown in
Table 1 Averagely, 25 percent improvement in average RMSE is
obtained. The best improvement is attained in roundabout and
intersection situations, while in autobahn video sequence, RMSE
for KF and SAKF+ is 0.45 and 0.42 respectively.

Additionally, it is worth noting that since λ is the parameter to
tune the effect of previously assessed situation information and
tracking equation of KF without any SA information, increasing
this value, the effect of Kalman filter is also increased and the
effect of learnt SA information is decreased, and vice versa.

Therefore, classification of videos for detecting the proper
value for this parameter cannot be effective. For example, in
similar traffic situations of a roundabout, there may be different
details, hence different values for λ may be useful. In each video
sequence, some initial frames are used to tune λ to obtain its
proper value.

In order to study the effect of different values for λ on RMSE,
an experiment is conducted with varying λ values in a round-
about situation. Values of λ are selected from the set of {0, 0.1,
0.2, . . . , 0.9, 1}. The results are shown in Fig. 18. The figure
represents that for this traffic situation, 0.5 is a proper value for λ,
while decreasing this value has a considerable negative effect on
RMSE, since KF loses its effect rapidly. RMSE also increases when
λ increases from 0.5 towards 1 i.e. the method acts like KF.

6. Conclusion and future work

In this paper, a vehicle tracking method is proposed that
uses Kalman filter and online situation assessment information
together to obtain an accurate estimate of moving vehicles. SA in-
formation extracted from history of motions in the environment
augments the decisions made by the filter.

In order to include instant changes that may occur in ongoing
traffic and events such as obstacles, temporary constructions, or
crashed into the estimation process, the idea of online update of
SA information was designed.

Fig. 18. Effect of different λ values on RMSE.

Different experiments were conducted on several cases includ-
ing signal estimation and vehicle tracking on different datasets
in various scenarios. The results show promising enhancement
in estimations when using SA and online SA update scheme
comparing to different experiments on Kalman filter.

As a suggestion to extend the current work, we are working on
a hierarchical SA update scheme and WDG edge update to include
both short- and long-term changes independently in order to
include both effectiveness.
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