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Abstract— The paper presents an approach to detection of 
abnormal crowd behaviour at microscopic level. The 
characteristic individual and group motion patterns are specified 
with fuzzy predicates. The human interpretation of video 
sequences of abnormal crowd behaviour, based on common-sense 
knowledge, is mapped into fuzzy logic functions. Based on the 
evaluation of these functions, the abnormal crowd behaviour is 
detected. The usability of the proposed approach is tested on video 
sequences with ground truth annotations. The preliminary 
experimental results showed that the approach supports an 
efficient representation of expert knowledge and detection of 
anomaly crowd behaviour. 
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I.  INTRODUCTION 

Recently, crowd analysis is one of the most active research 
areas in computer vision [1-5]. Among four main processes of 
crowd analysis: crowd motion detection, crowd tracking, crowd 
density estimation, and crowd behaviour, the last is perhaps the 
most challenging. Crowd behaviour combines crowd detection, 
motion and tracking and it is based on different models [6] 
(social force model (SFM), Bayesian model, Hidden Markov 
model (HMM), model based on histograms of motion, flow-
based model, …).  

Crowd motion patterns include any recognizable spatio-
temporal regularity of moving crowds. Depending on the level 
of a crowd representation and analysis (microscopic, 
macroscopic, or mesoscopic) motion patterns represent 
object/entity movement, global movement of the crowd and 
combination of object/entity and global movement (e.g. 
movement of an individual in the crowd).  

Crowd motion patterns are important for understanding the 
behaviour of small or medium groups in pedestrian crowds or 
large-scale crowds of thousands and thousands of people. Crowd 
behaviour analysis usually classifies crowd scenes manly into 
normal and abnormal. There are approaches which refine crowd 
behaviour into classes such as bottlenecks, fountainheads, lanes, 
arches, and blocking, or escape and non-escape activity [7]. 

Solmaz et al. described five basic motion patterns for 
classification of crowd behaviours: blocking, lane, bottleneck, 
arches and fountainheads [7]. The authors used a fluid-dynamic-
like model (Lagrangian particle model) where crowds are treated 
as collection of interacting particles. The proposed method 
combines low-level local motion features obtained by optical 
flow and high-level information obtained by analysing several 

regions of interest in the scene. By using the stability analysis of 
fluid-dynamic model, the determinant and corresponding 
eigenvalues of the Jacobian matrix are obtained and applied for 
recognition crowd motion patterns (Figure 1.). 

 
 a) Blocking       b) Lane          c) Bottleneck      d) Arch        e) Fountainhead 
  (Δ < 0)             (Δ = 0)         (Δ >  0;  < 0)     (Δ >  0;  < 0)     (Δ >  0;  < 0) 

Figure 1.  Crowd motion patterns [7]; Δ = λ1 λ2 is determinant of the Jacobian 
matrix JF, and  = λ1 + λ2, where λ1 and λ2 are eigenvalues of JF. 

In [8], a vision-based approach to analyse small groups in 
pedestrian crowds is described. The approach combines 
detection, multi-object tracking and sociological models of 
small groups of individuals. The groups are discovered by 
hierarchical clustering using the Hausdorff distance defined 
with respect to pairwise proximity and velocity of the 
pedestrians in a crowd. Trajectories of moving groups are 
obtained by solving a linear tracklets assignment problem and 
using Hungarian algorithm. 

In [9], Heldens et al. used a three-stage pipeline for 
analysing crowd movements. In the first stage, the behaviour of 
each person at each moment in time is represented using low-
dimensional data point. In the second stage, these data points 
are clustered based on spatial relations. In the third stage, 
concatenation of these clusters is performed based on temporal 
relations. The authors define four types of crowd motion 
patterns: curved lanes, parallel lanes, intersecting lanes and 
divergent lanes.  

In this paper, the fuzzy logic predicates for specifying the 
crowd motion patterns are proposed. The fuzzy logic functions 
based on the subset of fuzzy logic predicates for describing 
motion patterns for a group of objects/individuals are used to 
represent common-sense knowledge for two anomaly crowd 
behaviour models: Alarm_runaway and Alarm_bottleneck. The 
assignment functions for fuzzy predicates and fuzzy functions 
for detection of anomaly behaviour are determined by using 
ground truth notations for the crowd video sequences. 

II. FUZZY LOGIC PREDICATES, FUZZY LOGIC FUNCTIONS 

AND CROWD BEHAVIOUR 

To represent and describe crowd motion patterns at the 
microscopic level which is suitable for low-density crowds 
where the movement of each individual (or small group) 



pedestrian is concerned, we propose two types of fuzzy 
predicates for describing crowd motion patterns of individual 
and group of individual. 

A. Fuzzy predicates for the individual motion patterns 

Let us suppose that the position of each tracked individual 
oi, i = 1, …, n, at discrete time point tj, j = 1, …, k, is represented 
with space points (𝑥 , 𝑦 ), where n is the number of tracked 
individuals and k is the total number of frames in a video 
sequence.  The positions of all tracked individuals in the video 
sequence (𝑥 , 𝑦 ), i = 1, …, n, and j = 1, …, k, are obtained by 
multi-object detection, tracking and re-identification algorithms 
[10]. 

Let us define a fuzzy predicate as a mapping (called an 
assignment function or simply, assignment): O×T×R → [0,1], 
where O is a set of n tracked individuals, T is a set of k time 
points and R is a set of n trajectories of individuals.  Each 
trajectory consists of corresponding position points, i.e. 
trajectory 𝑟     contains k position points  (𝑥 , 𝑦 ), (𝑥 , 𝑦 ), … ,

𝑥 , 𝑦    of an individual 𝑜   [11]. The assignment function 
maps an element of s ∈ O×T×R to a degree of fulfilment which 
determines to what degree the predicate is valid. The 
assignment functions are determined based on human common-
sense knowledge and interpretation of the ground truth 
anotations of a learning set of video sequences. 

Definitions, as well as, illustrations of direction fuzzy 
predicates for motion patterns for individual objects (Inline, 
Turn_left, Turn_right, Circle) and velocity fuzzy predicates 
(Standstill_Individual, Slow_individual, Fast_individual) are 
given in our paper [11]. 

B. Fuzzy predicates for the motion patterns for a group of 
individuals 

Fuzzy predicates for the motion patterns for a group of 
individuals on microscopic level are defined based on 
interactions of the individuals and their trajectories. In general, 
each fuzzy predicate for a group of individuals is defined as 
𝒫 (O)×T×  𝒫(R) →  [0,1]  which maps each element of g ∈ 
𝒫 (O)×T×  𝒫(R)  to a degree of fulfilment, where 𝒫 (O) is a 
power set of tracked individuals O = {o  , o , … , o  } , T =
{t  , t , … , t  } is a set of time points, and 𝒫(R) is a power set of 
trajectories of objects, i. e. R = {r  , r , … , r  } [11]. A heuristic 
assignment function is used to compute the actual truth value to 
which a sample g fulfils the given predicate. The main reason 
for above definition of the fuzzy predicate for a group of 
individuals is our intention to define different groups of 
individuals in several regions of interest in a video scene. To 
demonstrate behaviour model for only one group, the mapping 
is restricted to samples g represented by triplets O, 𝑡 , R , 
where j =1, ..., k. 

The fuzzy predicates for a group of individuals are classified 
as follows: distance predicates (Next_to, Near_to, Faraway); 
velocity predicates (Standstill_group, Slow_group, Fast_group) 
and dynamic predicates (Dispersing, Gathering). 

1) Distance predicates 
The truth value estimation procedure for the 

Next_to O, 𝑡 , R  predicate is as follows: 

INPUT: n position points for the time point tj, 
 𝑥 , 𝑦 , … , 𝑥 , 𝑦   from the set R, where n is the number 

of objects in a group. 

STEP 1: At the time point tj for a set of corresponding n 

position points 𝑥 , 𝑦  average value of n(n-1)/2 
distances between all possible point pairs is determined. 

STEP 2: The estimated truth value of the Next_to O, 𝑡 , R  
predicate is obtained by mapping the average value of distances 
to an interval [0, 1]  with an experimentally determined 
assignment function (Figure 2.). 

The truth value estimation procedure described for Next_to 
predicate, is also used for other distance predicates (Near_to 
and Faraway), except that in STEP 2 appropriate assignment 
functions are used. 

2) Velocity predicates 
The truth value estimation procedure for the 

Fast_group O, 𝑡 , R  predicate is: 

INPUT: n position points for each one of m time points tj-m+1, 
…, tj,  j  ≥ m, the total of n×m position points are given,  

𝑥 , 𝑦 , … , 𝑥 , 𝑦 , … , 𝑥 , 𝑦 , … ,

𝑥 , 𝑦  from the set R, where n is a number of objects in a 
group. The value of m is constant, and it is experimentally 
determined based on a learning dataset. It defines a time 
window (m frames in the past, starting from the current frame 
with index j). 
STEP 1: Determine an average distance that all objects travel 
between two consecutive frames: 

( )
 ∑ ∑ 𝑥 , 𝑦 − 𝑥 , 𝑦 . 

STEP 2: The estimated truth value of the Fast_group O, 𝑡 , R  
predicate is obtained by mapping the average distance obtained 
in the STEP 1 to an interval [0, 1]  with an experimentally 
determined assignment function (Figure 2.). 

The truth value estimation procedure described for 
Fast_group predicate, is also used for other velocity predicates 
(Standstill_group and Slow_group), except that in STEP 2 
appropriate assignment functions are used. 

3) Dynamics predicates 
The truth value estimation procedure for the 

Dispersing O, 𝑡 , R  predicate is as follows: 

INPUT: n position points for the time point tj-m and n position 
points for the time point tj from the set R: 
 𝑥 , 𝑦 , … , 𝑥 , 𝑦 , 𝑥 , 𝑦 , … , 𝑥 , 𝑦  , 

where n is the number of objects in a group. 

STEP 1: At the time point tj-m for the set of corresponding n 

position points 𝑥 , 𝑦  the average value of  
n(n-1)/2 distances between all possible point pairs is 
determined. The same procedure is performed at time point tj 

and corresponding n position points 𝑥 , 𝑦 . 
STEP 2: The difference of the average value of distances for 
the time point tj and the average value of distances for the time 
point tj-m is calculated. 



STEP 3: The estimated truth value of the Dispersing O, 𝑡 , R  
predicate is obtained by mapping the difference of the average 
value of distances to an interval [0, 1] with an experimentally 
determined assignment function (Figure 2.). 

The truth value estimation procedure for the 
Gathering O, 𝑡 , R  predicate is the same as that for the 
Dispersing O, 𝑡 , R  predicate, except that in STEP 3 an 
appropriate experimentally determined function is used. A high 
positive and negative difference of the average value of 
distances indicates a high degree of fulfilment for the 
Dispersing and Gathering predicates, respectively. 

The assignment functions for the fuzzy predicates: 
Fast_group, Disspersing, Faraway and Near_to, which are used 
in runaway scenario are depicted in Figure 2. 

 
Figure 2.  Assignment functions for fuzzy predicates used in runaway 

scenario.  

The above mention fuzzy predicates for the motion patterns 
for a group of individuals and/or for the individual motion 
patterns can be used for building the fuzzy functions suitable 
for making inferences about complex crowd behaviour. The 
fuzzy functions are application specific and their truth values 
are, in general, obtained with a composition of fuzzy predicates 
and fuzzy logical operators [12, 13]: negators, conjunctors (t-
norms), disjunctors (t-conorms) and implicators. 

C. Common-sense knowledge for defining two models of 
anomaly crowd behaviour 

In the context of common-sense knowledge by observing 
the specific video sequences [14], the scenarios of anomaly 
crowd behaviour (Alaram_runaway and Alarm_ bottleneck) at 
the microscopic level in the surveillance applications can be 
described as follows: 

Alarm_runaway: 
A runaway situation occurs when at the beginning, several 

individuals that are close to each other (i.e. they form a group 
of people). Suddenly, they start to run away, velocity of each 
individual increases, the group is dispersing, and the individuals 
are becoming more and more distant. 

Alarm_bottleneck: 
A bottleneck occurs when at beginning, several individuals 

are near to each other and moving fast in the same direction. 
With the passing of time, the individuals become closer and 
closer to each other, and they move slowly or stand still.  

The Alarm_runaway fuzzy function at the time point tj is 
defined as follows: 

Alarm_runaway (tj) = Near_to O, 𝑡 , R  ˄ 
Fast_group O, 𝑡 , R  ˄ Dispersing O, 𝑡 , R  ˄ 
Faraway O, 𝑡 , R , where j > l, and ˄ is a conjunctor and it 
corresponds to minimum value of fuzzy predicates. 

The Alarm_bottleneck fuzzy function at the time point tj is 
defined as follows: 

Alarm_bottleneck (tj) = Near_to O, 𝑡 , R  ˄ Gathering O, 𝑡 , R  
˄ [(Fast_group O, 𝑡 , R  ˄ Slow_group O, 𝑡 , R ) ˅ 
(Fast_group O, 𝑡 , R  ˄ Standstil_group O, 𝑡 , R )], where 
 j > l. 

Note that due to limited space of the paper, we only defined 
the fuzzy predicates needed for fuzzy function which specifies 
the Alarm_runaway behaviour model (Figure 2.). 

III. PRELIMINARY RESULTS 

The feasibility of the proposed approach for detection of the 
abnormal crowd behaviour is verified on a crowd video dataset 
[14]. The ground truth annotations of the positions of 
individuals in the videos and crowd behaviour patterns are 
obtained by crowdsourcing. The videos used for testing contain 
normal and abnormal crowd scenarios. Figure 3. depicts the 
truth values of the selected predicates and the values of the 
fuzzy logic function Alarm_runaway. The alarm threshold for 
the runaway scenario is experimentally selected as 0.4.  The 
tracklets of the individuals in the selected frames at the 
interesting time points are depicted in Figures 4 and 5. The 
obtained predicate truth values and the fuzzy logic function 
values are in accordance with the ground truth annotations. In 
the experiment, we illustrated that the proposed approach 
successfully predicted the exact time point at which abnormal 
crowd runaway behaviour scenario occurred. 

 
Figure 3.  Fuzzy predicates and Alarm_ runaway fuzzy function.  
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Figure 4.  Tracklets for selected frames.  

 
Figure 5.  Selected frames illustrate active occurrence of the Alarm_runaway 

(threshold 0.4). 

IV. CONCLUSION 

An approach to detection of the abnormal crowd behaviour in 
video surveillance scenes at the microscopic level is proposed. 
It is based on human interpretation of video sequences and 
mapping this common-sense knowledge interpretation into 

fuzzy logic functions for two types of anomaly behaviour: 
runaway and bottleneck. The building blocks of the fuzzy 
logical functions are the fuzzy predicates for which the 
assignment functions are determined based on an expert 
interpretation of training video sequences. The proposed 
approach is evaluated on the simulated crowd events [11] and 
ground truth annotations of the real video sequences. The 
obtained results of the preliminary experiments showed that the 
approach supports an efficient representation of the expert 
knowledge, and detection of the anomaly crowd behaviour. The 
research in the near feature will be oriented to anomaly 
behaviour detection based on the non-ideal, i.e. real trajectories 
and tracklets obtained by robust multi-object tracker, and 
exhaustive testing of the proposed approach on the video 
sequences of the real crowd scenes. 
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