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Abstract— Existing traffic video summarization algorithms are
capable of detecting one-class (i.e., collision) anomaly and cannot
handle uncertainty issues arising between two-class anomalies,
such as collision and near-miss. To address the issues, a new
video summarization algorithm, namely Z-numbers-based spatio-
temporal rough fuzzy granulation (Z-STRFG) is developed.
In Z-STRFG, various spatio-temporal features are computed
over the video frames and used for obtaining the approximate
anomaly-prone regions in terms of granules. In these regions,
uncertainty (i.e., fuzziness) may arise among three scenarios,
namely collision, near-miss, and normal traffic. Therefore, two
types of rough fuzzy granules (RFGs) along with their roughness
scores are computed to distinguish the aforesaid three scenarios.
For each RFG, Z-number is computed based on the membership
value of its roughness score to ensure a higher degree of reliability
in the detection of anomaly class. Aforesaid characteristics of
Z-STRFG improve its speed and accuracy for traffic anomaly
detection. The efficacy of Z-STRFG has been demonstrated over
130 real-time traffic videos containing collisions, near-misses, and
normal traffics. The superiority of Z-STRFG over some state-of-
the-art is also proved through extensive experiments.

Index Terms— Traffic anomaly detection, video summarization,
spatio-temporal features, rough fuzzy granules, Z-numbers.

I. INTRODUCTION

TRANSPORTATION system plays a significant role in
the movement of people and goods from one place to

another place. However, it poises a serious concern due to
the occurrences of collisions. Global road crash statistics
reports show 1.3 million people die annually due to colli-
sions [1]. In addition to investigating the collision, it has
been recognized from the statistics reported in [2] that the
investigation of near-miss is also important in reducing the
probability of occurrences of collision, thereby improving
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the road safety. Nowadays, it is a common practice to use
computer vision techniques for modeling and analyzing var-
ious traffic scenarios from surveillance videos. Cameras are
installed on the road-side for monitoring, analyzing, and
capturing the every minute details of traffic. As enormous
data (e.g., video stream) is collected by the camera, it may
be laborious and time consuming to scrutinize and identify
the anomaly contents present within it. Therefore, it is essen-
tial to reduce the unwanted contents from the video-stream
to make it more precise. This can be achieved by video
summarization.

Video summarization is an economical way of representing
the video clips consisting of relevant activities [3]. An opti-
mal video summary should have two properties, such as
appropriate representation of the desirable events and het-
erogeneity for ensuring the least redundancy. As it is useful
for effective and quick browsing of the relevant activities
from the video, it can extensively reduce the human efforts
for finding the informative video contents. It has revealed
demonstrated success in various domains, including remote
investigation, medical diagnosis, and accident analysis [4].
Mostly, video summarization algorithms [5], [6] use the
entire frame as a feature map for anomaly detection, thereby
increasing the computational cost. Some improved algorithms,
such as perceptual video summarization (PVS) [4] and video
synopsis using stereo camera [7] can speed up the process
of anomaly detection by considering the object-level features
only. Aforesaid algorithms are capable of detecting collision
only and cannot handle the uncertainty issue arising between
collision and near-miss. Moreover, there remain a few chal-
lenges in real-time applications due to the occlusion issue.
Deep convolutional neural networks (CNNs) [8] are useful
for detecting objects in complex scenario and hence, object
level features. Since the classification accuracy of deep CNN
model is restricted to the classes of the training samples, some
desirable regions i.e., foreground objects (FOs) with unknown
classes may not be detected, thereby affecting the anomaly
detection accuracy.

In order to address all the issues, an optimization algorithm
is proposed based on the concepts of spatio-temporal features
(STFs), rough fuzzy set (RFS), and Z-numbers for collision
and near-miss detection and video summarization. Here, object
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detection is done over the frames primarily to extract the
foreground regions and to reduce the working area. This
task is done in unsupervised way, as we aim to correct the
localization of FOs. Then, the motion state of traffic flow
(consisting of FOs) can be taken care of using STFs, and
uncertainty issue can be handled using the concepts of RFS
and Z-numbers. Initially, using salient STFs, approximate
anomaly-prone regions are obtained over the video frames.
The probability of occurrence of the event in these regions
is higher than those belonging to any other regions. These
regions are called granules, which are formed using the
process, called granulation [8]. A granule is defined as a cluster
of indiscernible contents drawn together. The formation of
clusters within an image is called image segmentation [9],
which is the primary task of various detections, such as object
detection, anomaly detection, and intrusion.

Performing optimum image segmentation is effective in
finding regions of interest (RoIs) for anomaly detection. Fuzzy
geometry [10], histogram thresholding [9], and hierarchical
syntactic approach [11] are the effective ways of image
segmentation. In [8], it was demonstrated how effectively
STFs-based granulation was more effective than only spa-
tial or temporal features-based granulation for extracting the
RoIs (i.e., segmented image) in terms of object localization.
Therefore, in this study, STFs-based granules are formed over
the video frames to extract the approximate anomaly-prone
regions in terms of RoIs. These regions may belong to either
collision, near-miss, or normal traffic. No definite classes can
be assigned to these regions as there are an underlying fuzzi-
ness (i.e., uncertainty). Therefore, these granules are called
fuzzy granules (FGs). The said uncertainty has been modeled
by defining rough fuzzy granules (RFGs) based on the concept
of RFS. By definition, a RFS [12] is the approximations of a
fuzzy set in a crisp approximation space. Whereas, a fuzzy
rough set [12] is the approximations of a crisp set in a fuzzy
approximation space. Rough-fuzzy hybridization was first
envisioned in [13] for developing efficient decision-making
systems with real-life applications. This integration aims to
combine judiciously the merits of fuzzy sets in handling
uncertainties arising from overlapping regions or classes, and
that of rough set in dealing with the uncertainties due to
granularity in the domain of discourse. It, therefore, provides
a stronger paradigm for handling uncertainties.

RFGs, thus formed over the FGs, are classified as either
collision, near-miss, or normal traffic through minimization of
the roughness score. To further obtain the reliability of the
detected anomaly class for an RFG, the concept of Z-numbers
is used. Z number [14] consists of two tuples. First tuple is
the probability of occurrence of an event. Whereas, the second
tuple is the reliability of occurrence of the same event, and it
is defined using the linguistic terms (LTs). A recent study [15]
reveals how the concept of Z-numbers can be used in video
processing to explain a scene with certainty in the form of
natural language. In this study, Z-number for an RFG is
computed using the membership value (MV) of its roughness
score. Based on this MV, LTs are assigned to the second tuple
of Z-number by the users. Therefore, it may contains a degree

of uncertainty. Thus, it is required to measure the uncertainty
in Z-number for the correct classification of an anomaly.
Three rules are defined using the information of RFGs and
Z-numbers for classifying the event as collision, near-miss,
or normal traffic. All these tasks constitute an optimization
algorithm, named as Z-numbers-based spatio-temporal rough
fuzzy granulation (Z-STRFG). The number of FGs in a frame
is less than the number of FOs present in the same frame.
For any frame, only FGs are used in Z-STRFG for anomaly
detection, thereby reducing the computational cost. Moreover,
RFGs can handle uncertainty occurred in real-time scenarios,
thereby enhancing the detection accuracy.

The effectiveness of Z-STRFG along with various com-
parisons has been demonstrated extensively over 130 traffic
videos acquired from YouTube8M [4], Urban Tracker [4], and
a plant in India. Plant video data is a new real-life traffic data,
not available in on-line, and is named as Anomaly20. Based on
the aforesaid discussion, innovation/contributions of the study
are summarized as:

(i) A new video summarization algorithm, namely
Z-STRFG is developed for detecting two types of
traffic anomalies, viz, collision and near-miss, from
surveillance videos using the formation of STFs and
RFGs, and Z-numbers-based linguistic description.

(ii) Various STFs are defined over the video frames for
representing the approximate anomaly-prone regions.

(iii) RFGs are formed over the said regions using the STFs
in enabling efficient detection of collision and near-miss
events through the minimization of roughness scores.

(iv) The use of Z-number for each RFG in ensuring the
reliability of the detected anomaly is unique.

(v) A real-time traffic data, namely Anomaly20 is prepared
based on traffic videos acquired from a plant in India.

The article proceeds as follows. Related works are reported
in Section II. The basic theory of RFS is stated in Section III.
Z-STRFG is illustrated in Section IV. Results are reported in
Section V. Finally, we conclude this study in Section VI.

II. RELATED WORKS

A. Video Summarization

Video summarization algorithms are broadly categorized
into two classes: static image-based summarization (containing
optimal frames) [16] and dynamic video-based summariza-
tion (containing video clip) [4]. Summarization problem is
highly dependent on the subjectivity. Local patch learning
and blob sequence-based optimization is done in [17] for
video summarization and anomaly detection. Ribbon carving
approach-based optimization is presented in [18]. Clustering-
based object tracking is done in [3] for summarizing the video.
Sub-modular optimization is introduced in [19]. Here, uncon-
strained maximization of non-monotonic and non-negative
sub-modular function is used as an optimization algorithm.
Although aforesaid studies show the advancements in video
summarization for simple traffic; however, they are restricted
to the detection of collision.
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B. Traffic Anomaly Detection

A detailed review on collision detection at road intersection
is presented in [20]. Structural similarity-based approach is
proposed in [21] for collision detection. This method fails to
classify vehicles far from a surveillance camera. The symmetry
property of the motion intersection field between two vehicles
is used in [6]. The vehicle trajectory is analyzed in [22] for
collision detection. A feature-fusion deep learning framework
is developed in [23] for collision detection. Another important
traffic anomaly is near-miss. Vehicle alignment, speed, and
position are used for near-miss detection. A two stream
network is developed in [24] for near-miss detection. The deep
networks are restricted to the classes of the training samples.
By definition, near-miss is the close proximity between two
objects having no abrupt change in their trajectories. Whereas,
for collision, an abrupt change in the motion flow is found.
It creates uncertainty between collision and near-miss. Various
well-known RFS-based granular computing methods, such
as rough and kernel sets-based STFs [25] and fuzzy rough
granules [26] are developed for handling the uncertainty issue.
These methods are restricted to the one-class outliers and the
use of numerical, categorical, or mixed data types. As per the
author’s knowledge, to date, no studies have been carried out
to handle the said uncertainty issue.

Aforesaid issues of video summarization and traffic anomaly
detection are addressed in this study, where a new video sum-
marization algorithm, namely Z-STRFG is developed by incor-
porating the concepts of RFS and Z-numbers, as described in
Section IV.

III. PRELIMINARIES

In this section, the basic theory of RFS is presented. RFS is
a generalization of the rough set, derived from the approx-
imation of a fuzzy set defined over a crisp approximation
space [12]. Let U and V be two finite non-empty universes
of discourse and R ∈ Q(U × V ) a binary relation from U
to V . The ordered triple (U, V , R) is called a two universes
approximation space. For any fuzzy set Y ∈ F(V ), the lower
and upper approximations of Y , namely R(Y ) and R(Y )
concerning the approximation space (i.e., fuzzy sets) of U
(for each x ∈ U ), are defined as

R(Y )(x) = ∩{Y (y)|y ∈ F(x)} (1)

R(Y )(x) = ∪{Y (y)|y ∈ F(x)} (2)

where F(x) represents the successor neighborhood of x for R
and it is defined as

F : U → Q(V ), F(x) = {y ∈ V : (x, y) ∈ R} (3)

where F represents the set-valued mapping from U to Q(V ).
The ordered set-pair (R(Y ), R(Y )) is referred to as a rough
fuzzy set, and R(Y ) and R(Y ) are referred to as lower and
upper rough fuzzy approximation operators, respectively.

IV. PROPOSED Z-STRFG

The proposed Z-STRFG for video summarization and traffic
anomaly (i.e. collision and near-miss) detection is discussed
in this section. An overview of Z-STRFG is shown in Fig. 1.
It is seen from Fig. 1, initially, STFs are obtained from

Fig. 1. Z-STRFG.

the consecutive P number of input frames, as explained in
Section IV-A. These features are fed to the optimization algo-
rithm to obtain FGs, which are further used to generate RFGs
for anomaly detection, as explained in Section IV-B. To ensure
the reliability of the detected anomaly class, Z-number is
computed, as stated in Section IV-C.

A. Salient Spatio-Temporal Features (STFs)

As said earlier, various STFs corresponding to each detected
FO are defined and used for obtaining the FGs over the video
frames. Initially, spatial features, namely distance, total area,
and common area between two FOs, and positions of their
centroids are computed in each frame of a video. Then, the
change of the aforesaid spatial features is computed in the
temporal domain through consecutive frames of the video for
obtaining the STFs. Let, ft be the current frame and { ft−i }P

i=1
be its previous P(= 3) frames. First, FOs are detected over
these frames using the Mixture of Gaussian, and fitted by
bounding-boxes. Let at

i be the i th FO in ft , and at
i (x, y) be

the spatial co-ordinate of the centroid for at
i . For each detected

FO, various salient features, namely speed saliency, neighbor-
distance saliency, intersection over union (IoU) saliency, and
area saliency are defined. Characteristics of these features are
defined as follows.

1) Speed Saliency (SS): SS refers to the weighted average
speed change of an object over frames. Let SS(at

i ) be the
speed saliency for at

i . The SS(at
i ) is defined as

SS(at
i ) =

∑P
j=1 |at

i (x, y) − at− j
i (x, y)| · exp− j 2

∑P
j=1 j · exp− j 2

(4)

where |at
i (x, y) − at− j

i (x, y)| defines the position change of
at

i from ft− j to ft . exp− j 2
represents a non-negative weight

associated with time and is sensitive to immediate frame.
2) Neighbor-Distance Saliency (NDS): NDS measures the

minimum change in nearness for a FO in any frame with
respect to other FOs present in the same frame. Let n be
the number of FOs present in ft , and dist

i, j be the dis-
tance between centroids of at

i and at
j . Let N DS(at

i ) be the
neighbor-distance saliency of at

i , defined as

N DS(at
i ) = ∧

j �=i⋃
j∈n

dist
i, j · exp

−
√

dist
i, j

(wt
i + wt

j ) · ∑
j exp

−
√

dist
i, j

(5)
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where ∧ represents the minimum operation and wt
i represents

the width of the bounding-box fitted over at
i . The term

exp
−

√
dist

i, j is a non-negative weight associated with at
i , and

signifies that it is locally sensitive to its immediate neighbor.
The term 1

(wt
i +wt

j )
is associated with at

i , and signifies that it

nullifies the effect of non-neighbor FOs having larger area and
far away from at

i .
3) IoU Saliency (IoUS): IoUS measures the weighted aver-

age common area between a FO in ft and all other FOs
from ft−1. Let dist,t−1

i, j , (bt
i ∩ bt−1

j ), and (bt
i ∪ bt−1

j ) be the
distance, common area, and total area, respectively, between
at

i and at−1
j . Then IoU S for at

i is defined as

IoU S(at
i ) = 1

C S(at
i )

m∑
j=1

bt
i ∩bt−1

j

bt
i ∪bt−1

j
· exp

−
√

dist,t−1
i, j

∑m
j=1 exp

−
√

dist,t−1
i, j

(6)

where m represents the number of FOs present in ft−1. The
term C S(at

i ) measures the number of centroids presents in bt
i ,

and it is sensitive to the close proximity. The intuition behind
this measurement is to find the weighted average overlapping
area for each FO present in ft .

4) Area Saliency (AS): AS measures the weighted total area
between a FO in ft and its immediate neighbors from ft−1.
Let AS(at

i ) be the area saliency of at
i , defined as

AS(at
i ) = ∧

at
i ∈bt

i ∩bt−1
j⋃

j∈m1,m1≤m

(bt
i ∪ bt−1

j ) · exp−dist,t−1
i, j (7)

The intuition behind this measurement is to find the minimum
weighted total area between a FO in ft and its immediate
neighbors from ft−1.

Here, SS, IoU S, and AS are the STFs, and N DS is the
spatial feature. Aforesaid features are used in the optimization
algorithm for traffic anomaly detection and video summariza-
tion, as explained in the next section.

B. Optimization Algorithm

The defined features, such as NDS, SS, IoUS, and AS are
fed to the optimization algorithm for generating the approxi-
mate anomaly-prone regions in terms of FGs, as there is an
underlying uncertainty among collision, near-miss, and normal
traffic. The said uncertainty has been modeled by defining
RFGs, as it is reputed in taking care of the uncertainty issues
arising from the overlapping region(s). The granules are intro-
duced based on the problem definition used in the optimization
algorithm. Optimal video summarization is a maximization
problem, where the perceptual quality of the summarized video
should increases while minimizing the redundant frames. Let
I and Is be the input and summarized videos, respectively,
and D be the perceptual quality of Is . Then, maximization
problem is defined as

max D s.t . Is ∈ I

Is =
{
∀l fl ∈ I |∀g,h(FGl

g ∩ FGl
h �= 0)

}g �=h
(8)

where
{

FGl
1, FGl

2, . . . , FGl
G

}
defines the set of G(g, h ∈ G)

number of FGs formed over fl , and FGl
g ∩ FGl

h defines the
common area between gth and hth FGs. More this common
area increases the perceptual quality (D) of fl , and hence, it is
added into the Is .

As said earlier, RFGs are defined over FGs for handling
uncertainty issue present in it. Frame (∈ I ) containing the
lower approximation set (i.e., set of members certainty clas-
sified to the anomaly) of RFGs (i.e.,

{
RFG

}
) with minimum

roughness score (≈0), is considered as the optimal frame for
anomaly detection. The fuzziness of FGs is best character-
ized by its membership function (MF), and is handled using
RFGs. The formation of FGs over each frame is defined in
Section IV-B.1. FGs are assigned with MVs, as defined in
Section IV-B.2. Optimal frame selection using RFGs is stated
in Section IV-B.3.

1) Formation of FGs: Three FG sets, namely {FG1},
{FG2}, and {FG3} are obtained over the video frames using
the values of various STFs. Let

{
At

} = {
at

i

}
i∈n be the set of

n number of FOs present in ft . Formation of
{

FGt
1

}
,
{

FGt
2

}
,

and
{

FGt
3

}
over ft is defined as follows.

(i)
{

FGt
1

}
set extraction:

{
FGt

1

}
set consisting of n1 FOs,

is obtained over ft using the values of N DS for (P + 1)
frames, defined as{

FGt
1

} = {∀i a
t
i |N DS(at

i ) < T t
1

}n1≤n
i∈n1

(9)

where T t
1 = ∨

{
∧

{
N DS(at− j

i )
j∈P
i∈n

}}
. Here ∨ represents the

maximum operation. The
{

FGt
1

}
set is used to determine the

maximum nearness between FOs and their neighbors.
(ii)

{
FGt

2

}
set extraction:

{
FGt

2

}
set consisting of n2 FOs,

is obtained over ft using the values of SS for (P +1) frames,
defined as {

FGt
2

} = {∀i a
t
i |SS(at

i ) < T t
2

}n2≤n
i∈n2

(10)

where T t
2 = ∨

{
∧

{
SS(at− j

i )
j∈P
i∈n

}}
. The

{
FGt

2

}
set is used

to determine the maximum tolerable speed for each FO.
(iii)

{
FGt

3

}
set extraction:

{
FGt

3

}
set consisting of n3

FOs, is obtained over ft using the values of IoU S and AS,
defined as{

FGt
3

} = {∀i a
t
i |IoU S(at

i ) > T t
3 &AS(at

i ) < T t
4

}n3≤n
i∈n3

(11)

where T t
3 and T t

4 are defined as:

T t
3 =

{
∨ {

IoU S(at
i )

}
i∈n , if dist,t−1

i ≤ m1

0, otherwise
(12)

T t
4 =

{
∧ {

AS(at
i )

}
i∈n , if dist,t−1

i ≤ m2

0, otherwise
(13)

where, m1 and m2 are two distance thresholds, and depends on
the inherent information of the input video. The

{
FGt

3

}
set is

used to determine the maximum common area between each
FO and its neighbors. Following Eqs. 9, 10, and 11, it can be
concluded that

Affirmation 1: A rough estimation of u-FGs (
{

FGt
1

}
,{

FGt
2

}
,

{
FGt

3

}
) over ft is a set of u(∧(n1, n2, n3)) FOs

which may belong to the anomalous event.
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FGs are assigned with MVs to characterize the fuzziness
present in it, stated as follows.

2) Assignment of MVs: Three FGs are assigned with MVs.
Let μh , μm , and μl be the MVs of three subsets (high,
medium, and low, respectively) for a set (F) [27]. The left
trapezoidal (Ltrap), middle trapezoidal (Mtrap), and right
trapezoidal (Rtrap) MFs are used to represent the three subsets.
These MFs are formulated using the four thresholds, namely
a, b, c, and d , as defined in Eqs. S.1, S.2, and S.3 in
the supplementary material. As FGs are formed using the
knowledge of STFs, the MVs are assigned to the defined
features for characterizing the fuzziness. To observe the influ-
ence of a feature on the performance, three sub-systems are
created by only changing the values of the feature in each
system. From an exhaustive study, it was found that, for an
anomalous event corresponding to a FO, the values of SS,
N DS, and AS should be high and IoU S-value should be
low. For at

i , three MVs, namely μSS
h (F)(at

i ), μSS
m (F)(at

i ),
and μSS

l (F)(at
i ) are assigned to the three sub-systems corre-

sponding to SS, and are measured using Eqs. S.1, S.2, and S.3,
respectively. In the same way, for each at

i , MVs are assigned
to the three sub-systems corresponding to N DS, and AS.
Whereas, for IoU S-feature corresponding to at

i , three MVs,
namely μI oU S

h (F)(at
i ), μI oU S

m (F)(at
i ), and μI oU S

l (F)(at
i ) are

assigned to the three sub-systems and are measured using Eqs.
S.3, S.2, and S.1, respectively. Let μ

()
in(F)(at

i ) and μ
()
un(F)(at

i )
be the MVs of intersection and union sets of the three sub-
systems for at

i corresponding to the feature (say,()), and are
measured using Eq. S.4 (refer to the supplementary material).
Based on the MVs of defined STFs, MVs are assigned to the
three FGs, as defined in the following section.

(i) MVs of
{

FGt
1

}
: The optimization algorithm takes{∀i N DS(at

i )
}

as inputs and generates two output vari-

ables μ
{FGt

1}
in (F) and μ

{FGt
1}

un (F) for
{

FGt
1

}
, defined as

μ
{FGt

1}
in (F) = ∀iμ

N DS
in (F)(at

i )|at
i ∈ {

FGt
1

}
μ

{FGt
1}

un (F) = ∀iμ
N DS
un (F)(at

i )|at
i ∈ {

FGt
1

}
(14)

(ii) MVs of
{

FGt
2

}
: The optimization algorithm takes{∀i SS(at

i )
}

as inputs and generates two output vari-

ables μ
{FGt

2}
in (F) and μ

{FGt
2}

un (F) for
{

FGt
2

}
, defined as

μ
{FGt

2}
in (F) = ∀iμ

SS
in (F)(at

i )|at
i ∈ {

FGt
2

}
μ

{FGt
2}

un (F) = ∀iμ
SS
un (F)(at

i )|at
i ∈ {

FGt
2

}
(15)

where μSS
in (F)(at

i ) and μSS
un (F)(at

i ) represent the MVs of
intersection and union sets for at

i corresponding to SS.
(iii) MVs of

{
FGt

3

}
: Optimization algorithm takes{∀i I oU S(at

i )
}

and
{∀i AS(at

i )
}

as inputs and generates two

output variables μ
{FGt

3}
in (F) and μ

{FGt
3}

un (F) for
{

FGt
3

}
,

defined as

μ
{FGt

3}
in (F) = ∧

{
∀iμ

I oU S
in (F)(at

i ), μ
AS
in (F)(at

i )
}

μ
{FGt

3}
un (F) = ∨

{
∀iμ

I oU S
un (F)(at

i ), μ
AS
un (F)(at

i )
}

(16)

where (μI oU S
in (F)(at

i ), μAS
in (F)(at

i )) and (μI oU S
un (F)(at

i ),
μAS

un (F)(at
i )) represent the MVs of intersection and union sets

for at
i corresponding to IoU S and AS, respectively.

As u − FG event set represents the approximate anomaly-
prone regions, this set with MVs are used for the generation
of RFGs. Three rules are defined using the lower (i.e., set
of members must belong to the anomaly) and upper (i.e., set
of probable members belong to the anomaly) approximation
sets of RFGs to obtain the optimal frames containing either
collision, near-miss, or normal traffic, stated as follows.

3) Optimal Frame Selection Using RFGs: Optimal frames
contain either collision or near-miss. To differentiate colli-
sion scenario from near-miss, two RFGs, namely RFGco

and RFGnm are defined. Given a video (I ) with T frames
having a set of attributes μ

{FG1}
in (F), μ

{FG1}
un (F), μ

{FG2}
in (F),

μ
{FG2}
un (F), μ

{FG3}
in (F), and μ

{FG3}
un (F), where F is the prob-

able event set. As said earlier, Is is the summarized video
having s number of optimal frames, and D is its perceptual
quality. Is describes the anomaly type based on the roughness
score of RFGco and RFGnm sets. Roughness score of a
set is computed using the cardinality of its lower and upper
approximations. Let v be the number of RFGs obtained in
ft . D-lower approximation of v-RFG is the set of FGs that
can be certainty classified as members of the F based on
the knowledge in D. D-upper approximation of v-RFG is
the set of possible members of F . D-lower and D-upper
approximation sets for RFGco and RFGnm over ft are
(RFGco

t , RFGnm
t ) and (RFGco

t
, RFGnm

t
), respectively.

This is defined in the following section.
Lemma 1: For v − RFGco,

{
RFGco

t
}

set and its MVs,
μ{cot}(F) over ft are defined as

μ{cot}(F) = ∧
{
∀k �=l

k,l ∧ μ
{FGt

k}
in (F), μ

{FGt
l}

in (F)

}
{

RFGco
t} =

{
∀i a

t
i |μ{cot}(F)(at

i ) �= 0
}

(17)

Lemma 2: For v − RFGco,
{

RFGco
t
}

set and its MVs,
μ{

cot
}(F) over ft are defined as

μ{
cot

}(F) = ∧
{
∀k �=l

k,l ∨ μ
{FGt

k}
in (F), μ

{FGt
l}

in (F)

}
{

RFGco
t
}

=
{
∀i a

t
i |μ{

cot
}(F)(at

i ) �= 0

}
(18)

Lemma 3: For v − RFGnm ,
{

RFGnm
t
}

set and its MVs,
μ{nmt }(F) over ft are defined as

μ{nmt}(F) = ∨
{
∀k �=l

k,l ∧ μ
{FGt

k}
in (F), μ

{FGt
l}

in (F)

}
{

RFGnm
t} =

{
∀i a

t
i |μ{nmt }(F)(at

i ) �= 0
}

(19)

Lemma 4: For v − RFGnm ,
{

RFGnm
t
}

set and its MVs,
μ{

nmt
}(F) over ft are defined as

μ{
nmt

}(F) = ∨
{
∀k �=l

k,l ∨ μ
{FGt

k}
in (F), μ

{FGt
l}

in (F)

}
{

RFGnm
t
}

=
{
∀i a

t
i |μ{

nmt
}(F)(at

i ) �= 0

}
(20)
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Roughness scores (Rt ) for collision (v − RFGco) and near-
miss (v − RFGnm ) sets over ft are defined as

Rt
co = 1 −

{
|RFGco

t |/|RFGco
t |
}

Rt
nm = 1 −

{
|RFGnm

t |/|RFGnm
t |
}

(21)

where |()| represents the cardinality of a set (say, ()). The MV
of Rt for a set (say, ()) is defined as

μRt
()
(F) = ∨

{
μ{

()t
}(F), μ{

()t
}(F)

}
(22)

In all frames of I , roughness scores for both RFGco and
RFGnm sets are computed, wherever applicable. For any
frame ft , if Rt

co = Rt
nm , or |RFGco

t | = |RFGnm
t | = 0,

then its content is classified as normal scenario. Whereas,
in ft , if Rt

co < Rt
nm , then, its content is classified as collision,

otherwise, near-miss. Thus, ft is included in the Is . In this
way, uncertainty among three said traffic scenarios is handled.
Further, to obtain the reliability of the detected anomaly
class described by the Is , the Z-number is computed for
〈{RFGco} , {RFGnm}〉, as defined in the next section.

C. Z-Numbers for Ensuring the Class of the Detected Event

For a RFG, to further ensure about the detected anomaly
class, Z-number is computed using the MV of its roughness
score. Z -number has two tuples (H, E), where H represents
the real-valued uncertain variable and E defines the reliability
of H . As the traffic anomalies are classified as collision or
near-miss corresponding to a RFG through the minimization
of its roughness score, it is used for the computation of
Z-number in order to assess the reliability of the detected
anomaly class. How is the concept of Z-numbers used in this
study, is shown using an example: X = 〈Colli sion〉: name
of the event, and Y: collision must happen in the frame ft ,
if μRt

co
is (AI, > 0.9). This evidents that the decision criteria

i.e., the MV of roughness score corresponding to a RFGco

must be greater than 0.9 for a collision scenario is ‘Absolutely
Important’ (AI). Then, H : Context =

〈
μRt

co
= (AI,> 0.9)

〉
,

and E : Relevance of H given X within the context of Y =
〈Certainty〉. This means reliability of the decision is certain.
Based on the values of H , five LTs, namely ‘Not Likely’ (NL),
‘Less Likely’ (LL), ‘Likely’ (LY), ‘Most Likely’ (ML), and
‘Certainty’ (CY) are defined for E . As the RFG is used to
extract the crisp knowledge from the video, the MV of RFG
(i.e., μ{()t}) is used to define the MV of E (i.e., μt

rel (E())).
As the LTs for E are user defined, this term (E) may contains
uncertainty. Therefore, a quantitative indicator is defined to
measure the uncertainty in Z-number to check if the LTs of
E are correctly defined or not. Uncertainty in Z-number (say,
Zuc(t)

() ) for an event set (say, ()) in ft is defined as

Zuc(t)
() = 1

2

{
μRt

()
+ μt

rel (E())
}

(23)

where μRt
()

and μt
rel(E())(= μ{()t}) are the MVs of roughness

and reliability, respectively, for an event set (say, ()) from ft .
Three rules are defined using RFG and Z-number for traffic
anomaly classification in each ft , as follows.

Rule 1: If μRt
co

= (AI,> 0.9), Rt
co < Rt

nm , and Zuc(t)
co <

Zuc(t)
nm , then the event is classified as ‘Collision’.
Rule 2: If μRt

nm
= (AI,> 0.9), Rt

co > Rt
nm , and Zuc(t)

co >

Zuc(t)
nm , then the event is classified as ‘Near-Miss’.
Rule 3: If Rule 1 and Rule 2 are not satisfied, then the

event is classified as ‘Normal Scenario’.
The μRt

()
is found to be greater than 0.9 for obtaining maxi-

mum accuracy using the validation 21 videos. Therefore, in the
aforesaid rules, 0.9 is considered as the threshold for anom-
aly classification. The results of Z-number for ensuring the
correctly defined LTs and classified anomalies are explained
in Section V-C.2. The pseudo-code of Z-STRFG is shown
in Section S.II in the supplementary material. Experimental
results are discussed in the next section.

V. EXPERIMENTS

Our study has three broad sub-objectives: (i) to perform
video summarization using v-RFGs over the real-time videos,
(ii) to demonstrate the utility of Z-numbers over v-RFGs for
real-time anomaly classification, and (iii) to demonstrate the
superiority of Z-STRFG over some state-of-the-art video sum-
marization and deep learning-based traffic anomaly detection
algorithms. The details of used datasets, experimental set up,
and experimental results are discussed in Sections V-A, V-B,
and V-C, respectively.

A. Datasets

To assess the effectiveness of Z-STRFG for video summa-
rization and traffic anomaly detection, a total of 130 real-time
traffic videos have been used. The videos contain all possible
nature of the three types of scenarios, namely collision, near-
miss, and normal traffic. These videos are contributed by
YouTube8M [4] (YT8M), Urban Tracker [4] (UT), and Anom-
aly20 (An20) datasets. As many researchers have already
used YT8M and UT videos in their studies [4], [5], [6],
[16], [22] and proved their usability by providing detailed
experimental results, we have used these videos in our study.
YT8M contains 2727 videos on various traffic events. Of them,
53 videos containing collision and normal traffic are selected.
YT8M has no annotated videos; therefore, it is used for
testing purposes only to get the generalization ability of the
Z-STRFG. UT contains 4 videos of normal traffic. Z-STRFG
is used on the UT videos to check whether it successfully
differentiates normal traffic from the collision and near-miss.
While these two datasets (i.e., YT8M and UT) are found
suitable for experimental purposes, this is not true for the
near-miss detection. There are no near-miss videos present in
these two datasets. Therefore, we have developed a dataset and
named it An20. This dataset is collected from a plant in India.
It contains a total of 30, 29, and 14 videos, which are related
to near-miss, collision, and normal traffic, respectively. They
are used for both the validation and testing of the developed
Z-STRFG.

B. Experimental Setup and Parameter Analysis

In experimental setup, algorithms are coded in Ubuntu
14.04, with Python 3.7 using an Intel i5 processor clocked at
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3.30 GHz and 8.00 GB of memory. The libraries used are cv2,
Numpy, and Scikt. As the formation of FGs over video frames
is based on four thresholds (i.e., T1, T2, T3, and T4), parameter
analysis is done to obtain the optimum FGs. Thresholds T1, T2,
and T3 depend on the hyper-parameter m1, and threshold T4
depends on m2. The optimal values of m1 and m2 are obtained
using the grid search algorithm over the 21 validation videos.
From the experiment, we have found that mean absolute
error (MAE) is minimum for the combination of m1 = 2 and
m2 = 5. Therefore, m1 = 2 and m2 = 5 are used in this study.
A detailed information about thresholds selection is given
in Section S.III in the supplementary material. According to
the abnormality nature of the video content, STF-values are
updated automatically. Hence, based on the values of STFs,
FGs and RFGs are formed and used for self-learning of the
thresholds using the roughness minimization of the RFGs.
In this way, the developed Z-STRFG algorithm holds its
generalization capability. Hence, the chance of over-fitting of
Z-STRFG is negligible. A detailed analysis has been given in
Section S.IV in the supplementary material to check whether
Z-STRFG algorithm is over-fitted or not.

C. Experimental Results and Discussions

Experiments along with comparisons are conducted to
evaluate the effectiveness of the Z-STRFG for video
summarization and traffic anomaly detection, in line with three
objectives, as discussed in Sections V-C.1, V-C.2, and V-C.3.

1) The Effectiveness of v-RFG for Obtaining the Optimal
Video Summary: A good video summary should contains three
stages (i.e., pre-anomaly, anomaly, and post-anomaly) of an
event. These stages are analyzed using the information of v-
RFGs, which are obtained over FGs. I (∀t ft ∈ I ) is the input
video over which FGs and RFGs are obtained to extract the
summarized video (Is ) from I . FGs are obtained based on
the STFs thresholding. The graphs of various STFs using the
optimal values of m1 = 2 and m2 = 5 for a FO (ai , say), are
shown in Figs. 2(a) to 2(d). From these figures, it is evident
that for an anomalous situation, STFs, including NDS, SS,
and AS for a FO (ai ) should be low and IoUS should be
high. The graphs of MVs for all the said STFs corresponding
to the collision and near-miss events are shown in Figs. 2(e)
to 2(h). From these figures, it is evident that the Ltrap, Mtrap,
and Rtrap MFs are fitted over the MVs for all STFs. From
Fig. 2(f), it is seen that thresholds a = 2, b = 2.8, c = 3.9, and
d = 4.1 satisfy the Ltrap, Mtrap, and Rtrap MFs corresponding
to the MVs of SS. In the same way, thresholds selection for
membership assignment corresponding to NDS, IoUS, and AS
is done based on the Figs. 2(e), 2(g), and 2(h), respectively.
If N DS, SS, AS, and IoU S for a FO follow the decision
criterion, as shown in Eqs. 9, 10, and 11, then FG1, FG2, and
FG3 are formed over the ai . The formation of FG1, FG2,
and FG3 over different frames (i.e., 45th, 62nd , and 68th)
corresponding to ai s are shown in Figs. 3(a), 3(b), and 3(c),
respectively.

As said earlier, FGs are formed using STFs and there are
an underlying fuzziness, which are characterized by MVs.
v-RFG set is obtained over FGs using the MVs of their

Fig. 2. STFs and corresponding MVs for ai .

Fig. 3. Formation of the v-FG, v-RFG, and event sets.

union and intersection sets which are related to the MVs
of STFs. From Figs. 2(e) to 2(h), it is evident that, for all
STFs, intersect value between Ltrap, Mtrap, and Rtrap MVs
is non-zero. Therefore, for ai , FG1, FG2, and FG3 have non-
zero MVs. These MVs are used to extract the set of RFGs.
Two RFG sets, v − RFGco and v − RFGnm are obtained
over ai for different frames of I . Both v − RFGco and
v − RFGnm have lower approximation sets (i.e., {RFGco}
and {RFGnm }) and upper approximation sets (i.e., {RFGco}
and {RFGnm }). The formation of these sets over a video
frame is depicted in Fig. 3(d). From this figure, it is seen
that lower and upper approximation sets for both RFGco and
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Fig. 4. Z-STRFG output.

TABLE I

TRANSFORMATION RULES OF LT FOR STFS

RFGnm are obtained over ai . It is evident from this figure
that {RFGco} = {RFGco}, therefore, Rt

co = 0. On the con-
trary, in the same frame, {RFGnm } < {RFGnm}, and hence
Rt

nm �= 0. Therefore, in this frame, Rt
co < Rt

nm . This evidents
that collision might have happened in this frame. Resultant
frame where collision is occurred is shown in Fig. 3(e).
In the same way near-miss is also detected with the condition
Rt

nm < Rt
co. Resultant frame where near-miss is occurred is

shown in Fig. 3(f). From Fig. 3(f), it is seen that more than two
FOs (corresponding to the object dense scenario) are partially
occluded, and hence, detected using a single bounding-box,
as object localization is done in unsupervised way. Various
STFs along with rules for traffic flow are defined to form
the RFGs in discriminating between collision, near-miss, and
normal traffic. Hence, the performance of Z-STRFG has not
been much affected by the functionality of object detection
performance, even in an object dense scenario.

It is also observed from these figures that frames containing
either RFGco or RFGnm represent the anomaly location, and
would include in the Is . Therefore, we can interpret that Is

with v-RFG set is a meaningful subset of I with the following
properties: (i) it is the subset with lower cardinality than
I but convey same information about an anomaly, and (ii)
threshold(s) selection based on v-RFG set is more prominent
and speedy than threshold(s) selection based on the informa-
tion of entire frame. As a result, video frames get quickly
optimized using v-RFG set. Thus, the effectiveness of v-RFG
set for obtaining the optimized video summary is proved.
Further, Z-numbers are computed for v-RFG set to ensure the
reliability of the detected anomaly. Experimental results are
stated in the next section.

2) The Usefulness of Z-Numbers Along With v-RFG Set
for Anomaly Classification: Z-number corresponding to the
v-RFG set is computed to obtain the reliability of the classified
anomaly. RFGs are obtained over FGs, whose MVs are
computed using the MVs of STFs. Therefore, the first tuple
(H ) of Z-number is defined by some LTs based on the MVs
of STFs. Various LTs are assigned to each STF based on its

TABLE II

Z-NUMBERS FOR Rt
co

TABLE III

Z-NUMBERS FOR Rt
nm

MVs. The transformation rules of LTs for each STF are defined
after checking the range of MVs corresponding to the same
STF using 21 videos. Results are shown in Table I. Three LTs,
namely ‘High’, ‘Medium, and ‘Low’ are assigned to each STF.
In Table I, MVSS , MVAS , MVN DS , and MVI oU S represent the
range of MVs (i.e., values of thresholds a, b, c, and d) for SS,
AS, NDS, and IoUS, respectively. From Fig. 3(f), it is evident
that, thresholds a = 2, b = 2.8, c = 3.9, and d = 4.1 are
selected for membership assignment corresponding to SS.
These thresholds are used for defining LTs corresponding to
SS as shown in the 2nd column of Table I. It is seen that if
MVSS is varied from 2 to 3.9, then ‘High’ term is assigned to
SS. It means this range of speed saliency is highly sensitive
to the anomaly. Likewise, all other LTs and MVs are assigned
to each STF. If either ‘Medium’ or ‘Low’ term is assigned
to any STF, then it is either moderate or less sensitive to the
anomaly.

As said earlier, E of Z -number represents the reliabil-
ity of the decision. The ranges of values for LTs corre-
sponding to E are ‘NL’ = (0, 0.2), ‘LL’ = (0.2, 0.4),
‘LY’ = (0.4, 0.7), ‘ML’ = (0.7, 0.9), and ‘CY’ = (0.9, 1).
Whereas, three LTs, namely ‘Absolutely Important’ (AI),
‘Important’ (Im), and ‘Less Important’ (LI) are defined for
the tuple H. The transformation rules of LTs for H cor-
responding to collision and near miss events are shown in
Tables II and III, respectively. As LTs are user-defined,
there is an uncertainty in Z-number, and it is measured to
ensure the reliability of the detected anomaly class. For two
frames (refer to Figs. 3(e) and 3(f), respectively), uncertainty
in Z-number for both Rt

co (i.e., Zuc(t)
co ) and Rt

nm (i.e., Zuc(t)
nm )

are measured using the information of LTs for both H and E ,
as reported in Tables II and III, respectively. From the Table II
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TABLE IV

REDUCTION RATIO CONTAINING ANOMALY CONTENT

(first row), it is seen that the decision rule μRt
co

> 0.9 is ‘AI’
for classifying an anomaly as ‘Collision’. Moreover, ‘CY’ is
assigned to E . It indicates that reliability of the decision is
certain. Then, Zuc(t)

co for collision detection is 0.3. Similarly,
from Table III (first row), it is seen that, μRt

nm
> 0.9 is

‘AI’ for near-miss detection, and this decision is certainty
reliable. Then Zuc(t)

nm for near-miss detection is 0.35. For ft ,
if Zuc(t)

co < Zuc(t)
nm , μRt

co
= (AI,> 0.9), and Rt

co < Rt
nm ,

then this frame must contains collision scenario. From these
tables, it is evident that by using Z-number with v-RFG set,
uncertainty between collision and near-miss is handled, and
the anomalies are detected successfully, thereby improving the
detection accuracy. The effectiveness of Z-STRFG over some
state-of-the-art is depicted in the next section.

3) Comparative Studies: To assess the performance of
Z-STRFG-based video summarization, five types of compara-
tive studies based on: (i) anomaly classification, (ii) reduction
ratio, (iii) detection rate, (iv) CPU runtime, and (v) statistical
analysis are done, as discussed in the following section.

a) Anomaly classification: Experiments are performed
at different circumstances, namely pre-anomaly, anomaly,
post-anomaly, intersection, and non-intersection to prove the
effectiveness of Z-STRFG over some state-of-the-art, such
as Ki and Lee [16], Aköz and Karsligil [5], Yun et al. [6],
Song et al. [22], and PVS [4]. From the study, it was found
that PVS is better than others except Z-STRFG for collision
detection under aforesaid circumstances. However, the PVS
method cannot detects near-miss. Whereas, the developed
Z-STRFG takes care of both collision and near-miss detec-
tion. Example results of collision and near-miss detection by
Z-STRFG are shown in Figs. 4(a) to 4(c) and Figs. 4(d)
to 4(f), respectively. This proves the superiority of
Z-STRFG.

b) Reduction ratio: The reduction ratio (RR) is defined as
the ratio between the number of frames obtained in the Is and
the total number of frames present in the I . The lower RR indi-
cates the conciseness of the summary. It preserves the informa-
tion of an anomaly with respect to the number of frames [4].
To preserve the anomaly, the frames with uncertainty may
be repeated in the summary. This redundancy can be han-
dled using Z-STRFG through minimization of the roughness
score and use of Z-number. In Table IV, the comparison of
RR between Z-STRFG and some state-of-the-art is reported.
Results are based on the frames present in Figs. 4(a) to 4(c).
Here, Figs. 4(a), 4(b), and 4(c) represent the Z-STRFG output
for the stages of pre-collision, collision, and post-collision,
respectively. Z-STRFG offers preference to the RFGs obtained
in I . This is more promising for anomaly detection as the
RFG must contain the summary (pre, during, and post) of an

anomaly occurred in the video, thereby reducing the number
of redundant and uncertain frames in the video summary. From
Table IV, it is seen that Z-STRFG is superior to others in terms
of RR.

c) Detection rate: True positive rate (TPR), false-positive
rate (FPR), and accuracy are used as detection rate to evaluate
the performance of Z-STRFG. TPR is the rate of truly detected
events, whereas, FPR is the rate of wrong detection. Here,
the performance of Z-STRFG is compared with three video
summarization methods, such as Song, Ki, and PVS and five
deep learning-based traffic anomaly detection methods, such
as ResNet-50 + CBAM + LSTM (RCL) [23], Local patch
learning (LPL) [17], Clustering-based tracking (CBT) [3], Two
Stream CNN (TSC) [24], and TPS mapping (TPSM) [28].
Out of these, first three deep models are used for collision
detection and rest two are used for near-miss detection. YT8M
is used for testing purpose for all aforesaid video summariza-
tion and traffic anomaly detection methods. Whereas, PVS is
tested over YT8M and An20. UT dataset is used to check
whether Z-STRFG can differentiate collision and near-miss
from normal traffic or not. The Z-STRFG is used over all
the aforesaid datasets, and compared the results wherever
applicable, as shown in Table V. From this table, it is seen that
state-of-the-art is applicable for either collision (co) or near-
miss (nm) detection. Whereas, Z-STRFG is applicable for both
collision and near-miss detection. It is also seen that Z-STRFG
is superior to some conventional and deep learning-based
techniques for both collision and near-miss detection in terms
of TPR, FPR, and accuracy.

d) CPU runtime: The computational complexity for the
Z-STRFG algorithm is O(nt · (4nt + 2 + nFG + nRFG)) in the
worst case, where nt , nFG , and nRFG represent the number of
FOs, FGs, and RFGs, respectively obtained in ft . CPU runtime
for PVS is 3fps [4], whereas, CPU runtime for Z-STRFG is
11fps. Therefore, Z-STRFG is superior to PVS in terms of
CPU runtime.

e) Statistical analysis: A non-parametric statistical test is
conducted to ensure the statistical significance of Z-STRFG
over some state-of-the-art, namely PVS, RCL, TSC, and
TPSM. Out of various non-parametric tests, Wilcoxson
signed-rank test is conducted with α = 0.05. Here, null
hypothesis H0 is set as ‘Z-STRFG is statistically significant
than state-of-the-art’. If the p-value is found to be less than
0.05, then H0 will be failed to reject; otherwise, H0 will be
rejected. Based on the TPR, Wilcoxon signed-rank test is done
for each pair-wise algorithms. Results are shown in Table VI,
where ‘×’ represents ‘Not Applicable’. It is found that each
pair-wise (i.e., Z-STRFG vs PVS and Z-STRFG vs RCL for
collision detection, and Z-STRFG vs TSC and Z-STRFG vs
TPSM for near-miss detection) comparison shows a statis-
tically significant difference (in terms of p-values) between
two algorithms at α = 0.05. It is evident from this table
that Z-STRFG is statistically significant than PVS and RCL
for collision detection, and TSC and TPSM for near-miss
detection (as p < 0.05). All results prove the superiority of
Z-STRFG over some state-of-the-art in terms of detection rate,
speed, and video summarization.
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TABLE V

ANOMALY DETECTION RATE

TABLE VI

STATISTICAL SIGNIFICANCE TEST RESULTS

VI. CONCLUSION

A new video summarization algorithm, namely Z-numbers-
based spatio-temporal rough fuzzy granulation (Z-STRFG)
is developed to handle the uncertainty issue arises in
between collision, near-miss, and normal traffic. Various
spatio-temporal features are computed and are used for gen-
erating the approximate anomaly-prone regions. Only these
regions are used for obtaining the two types of rough fuzzy
granules (RFGs) along with their roughness scores in dis-
criminating between collision, near-miss, and normal traffic.
Further, Z-number is computed over each RFG to obtain
the reliability of the detected anomaly class. In Z-STRFG,
the process is restricted to the fuzzy granules, rather than
considering all foreground objects, which leads to a sig-
nificant improvement in anomaly detection speed. The use
of RFGs and Z-numbers in handling uncertainty is more
effective than using only saliency costs. This improves the
detection accuracy even in case of dense scenario having
occluded objects. Experimental results reveal that Z-STRFG
is superior to Ki and Lee [16], Aköz and Karsligil [5],
Yun et al. [6], Song et al. [22], RCL [23], LPL [17], CBT [3],
PVS [4], TSC [24], and TPSM [28] when tested over either
YouTube8M [4] or Anomaly20, wherever applicable. Anom-
aly20 is a new real-life traffic data acquired from a plant in
India. Z-STRFG is restricted to the monocular vision.
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