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Abstract— This paper presents a new application that aims at 
improving communication and interactions between digital 
media and customers at a point of sale.  

Our system analyzes in real-time human behaviour while 
shopping. In particular, the system detects customer’s interest 
in products and interaction such as people grabbing products.  

This system is based on a behaviour model. A video analysis 
module detects motion, tracks moving object, and describes 
local motion. Then specific behaviours are recognized and 
sentences are generated. Finally, our approach is tested on real 
video sequences. 

Keywords: Computer vision; Human behaviour analysis; 
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I.  INTRODUCTION 

Computer vision applications are developed in various 
fields such as surveillance [11], traffic monitoring [10], 
video games, marketing, etc. 

The field of marketing has evolved lately, with an 
extensive use of digital media at point of sale. This media 
offer a new form of communication with customers that 
brings along new issues. For example, playing advertising 
clips one after another does not have significant impact on 
customer. Thus, two major information must be identified: 
media location and media content. Nowadays a few software 
systems exist that help solving these challenges. Concerning 
media location, some systems track customers to obtain 
statistical information regarding their habits and 
displacements inside the shopping mall. Other systems 
calculate directly the media audience, using face detection, to 
evaluate media impact. 

The study, introduced in this paper, is in the same context 
and aims at adapting the displayed clips to the behaviour of 
the present customer. We want to improve interaction 
between customer and media to improve its impact. Our 
system requires a scene analysis that leads to an 
interpretation of the customer’s behaviour. In particular, we 
detect people grabbing objects in known areas in real-time. 
The detection of such an event results in playing a clip 
related to the specific product, for example. 

After a short review, we present the system: first the 
behaviour model and the video analysis module, then 
behaviours recognition and semantic interpretation, see   

figure 1. We show some results and conclude with future 
work. 

II. PREVIOUS WORK 

This section presents behaviour analysis and semantic 
description of behaviour. Our behaviour analysis and 
semantic interpretation are based on a video analysis module 
composed of motion detection and object tracking [15]. For a 
general overview, the reader can refer to several surveys [5] 
[12] [10]. 

A. Human behaviour analysis 

Human behaviour can be identified in many different 
contexts [6] [5] [12]. Humans are considered as deformable 
objects. The goal of behaviour analysis is to recognize 
motion samples in order to draw high-level conclusion. 
There are several issues due to the fact that we match real-
world activities to outputs perceived by a video processing 
module. We have to select relevant properties computed with 
video processing tasks and handle the incompleteness and 
uncertainty of these properties.  

The analysis is usually made in two steps: description 
and recognition of actions. The first step is to define a model 
that describes each relevant action in our specific application 
context. Then there are two main possibilities. First, there is 
a training phase using labeled data and then data is classified 
based on the training set, using learning method as Hidden 
Markov Model, Neural Networks [14], Support Vector 
Machine (SVM), etc. Secondly a logical model is generated 
that do not always require a training phase [1] [7]. However 
these last methods are not very flexible because they rely on 
scene knowledge. 

In our study we combine a logical model, using finite 
state machine, with a learning method based on SVM. 

B. Semantic description of behaviour 

Many applications require a description of object 
behaviour in natural language, suitable for non-specialist 
operator. There are two main categories of behaviour 
description methods. Statistical models, like Bayesian 
network model interpret events and behaviour as interactions 
between objects by the analysis of time sequences and 
statistical modeling [14]. Formalized reasoning represents 
behaviour patterns using symbol systems then recognizes 
and classifies events with reasoning methods [8]. We choose 
formalized reasoning for its simplicity. 

 



 
Figure 1.  Motion detection on videos from LAB1 (left) and MALL1 

(right). Frames are on the first row, rough motion detection on the second, 
and filtered result on the third. 

III.  BEHAVIOUR MODEL 

This section presents the model that defines human 
behaviour while shopping. At a point of sale, customers walk 
around products, look at prices, pick up products, etc. We 
create six states that correspond to the current behaviour of a 
person. The chain of states describes the scenario that the 
person plays.  
• Enter: A new person appears in the scene. 
• Exit : The person leaves the scene. 
• Interested: The person is close to products, i.e. possibly 

interested. 
• Interacting : The person interacts with products, is 

grabbing products.  
• Stand by: The person is in the scene but not close to any 

product area or image boundary. The person can be 
walking or not. 

• Inactive: The person has left the scene. 

IV.  VIDEO ANALYSIS 

In order to detect the six states, we require information 
concerning every person in the scene. For every frame, we 
need people’s location, contours, etc. Therefore we use a 
motion detection and object tracking process. The areas 
where products heap are located are assumed to be known. 
During the initialization of the system the user can manually 
select the products areas. Then, the identification of product 
grabbing events is done through a description and 
classification of a person local motion, position relative to 
product areas, and overlapping surface with product area.  

A. Motion detection and object tracking 

Motion detection and object tracking identify contours 
and location of every moving object in the scene for every 
frame. The method used is divided in two phases: first, 
motion detection finds moving regions that do not belong to 
the background. Then, these regions are tracked over the 
frame sequence. Fast methods were selected in order to cope 
with the real-time constraints of our final application. 

Motion detection uses a pixel based model of the 
background. A mixture of Gaussians is associated with each 
pixel, in order to characterize the background [13] [16]. This 
model is updated on-line. A Gaussian distribution is matched 
to the current value of each pixel. If this Gaussian belongs to 
the background, the pixel is classified as such. Otherwise it is 
considered as foreground, see figure 2. Morphological filters 
are finally applied on this result. 

     
 

     
 

     
Figure 2.  Motion detection on videos from LAB1 (left) and MALL1 

(right). Frames are on the first row, rough motion detection on the second, 
and filtered result on the third. 

In practice, a detected object, or person, can be covered 
by several disconnected regions, because the algorithm 
misses part of the person, see figure 2. Thus, we need to 
merge regions. Our merging process is separated in two 
phases. 

The first step checks overlapping regions bounding 
boxes. Overlapping surface areas are calculated. If these 
overlapping areas are bigger than a given threshold, regions 
are merged, as well as if a region is inside another region’s 
bounding boxes. 

The second step selects regions close one to another and 
regions with small overlapping surface areas. These selected 
regions are listed as potential merge. 

We create new regions that are the merge of each couple 
of selected regions. These new regions are added to the list 
of newly detected regions. Then the matching process, 
described in the following paragraph, matches this list of 
new regions with previously tracked regions. Current regions 
that are the most similar to previous frame regions are 
matched and considered as the most relevant.  



Object Tracking is composed of two processes. First, 
we calculate, for each region, a descriptor based on its 
position, size, surface area, first and second order color 
moments. These descriptors are then matched from one 
frame to the next, using a voting process that determines 
regions that are the most similar in the two sets of regions. 
Secondly, we use matched regions to build and update the 
object list. An object is a region that was tracked on several 
frames. Newly matched regions are used to update 
information about objects: location, size, colors, etc. Then 
unmatched regions are compared to inactive unmatched 
object to solve miss-detections. We also detect regions split 
and merge that help detecting occlusions. 

B. Grabbing product event description 

This section focuses on tracked person’s interactions with 
product areas, i.e. people grabbing products. While grabbing 
a product, a person first reaches out with its arm, then grasps 
a product, and finally take the product. These different 
phases in the “product grabbing” event correspond to 
observable local motion of the person over a local period of 
time. As in [3] and [14], we define local motion descriptor. 
However this descriptor is not robust enough to noise and 
since we do not want to use a long training, we decide to 
create an interaction descriptor to help characterize product 
grabbing events. These descriptors are used in the behaviour 
recognition phase, see Section 5, and are defined as follows. 

Local motion descriptor is built for each frame for 
every tracked person, see figure 3. First, each person’s mask 
is scaled to a standard size of 120x120 pixels, while keeping 
aspect ratio. Then, the optical flow is computed using Lucas 
Kanade algorithm [9]. The result of this process is two 
matrixes with values of motion vectors along x and y axis. 
We separate negative from positive values in the two 
matrixes, and end out with 4 matrixes before applying a 
Gaussian blur on each of them, to reduce the effects of 
noises. A fifth matrix is computed that represent the person’s 
silhouette. We reduce the dimensionality of these matrixes to 
save computation time. Each matrix is divided into a 2x2 
grid. Each grid cell gets its values integrated over an 18-bin 
radial histogram (20 degrees per bin). Matrixes are now 
represented by a 72 (2x2x18) dimensional vector. The full 
frame descriptor possesses then 360 (72x5) dimensions. 

To take into account temporal information, we use 15 
frames around the current frame and split them in three sets 
of 5 frames: past, current, and future. After applying 
Principal Component Analysis on each set’s descriptors, we 
keep the first 50 components for the current set, while we 
only keep the first 10 components for the past and future 
sets. The motion context descriptor possesses then 70 
(10+50+10) dimensions and is added to each frame 
descriptor. 

Interaction descriptor uses information coming from 
the object tracking process. Six values are used: the person’s 
surface covering a product area, a Boolean that rises when 
this covering surface is bigger than a theoretical hand size, 
the surface of the person, the height of its bounding box, the 
position of the top and the bottom of the bounding box along 
y axis. These measurements, related to the height and 

 
Figure 3.  Diagram representing the descriptor. 

position of the bounding box, have meaningful variations as 
a person reaches out for products. We assume that people 
appears vertically in the scene. The surface tends to increase 
as a person grasps a product, when products are big enough. 
These measurements fill the interaction context descriptor 
that possess 90 (6x15) dimensions, because we keep each 
measurement of the 15 frames. 

V. BEHAVIOUR RECOGNITION 

This section presents the behaviour recognition process. 
Based on the behaviour model, we detect the six states and 
build a Finite State Machine (FSM). 

Using video analysis information, for each frame, the 
state of each object has to be identified among the six pre-
defined states: 

Enter is detected when a person appears and is 
connected to an image boundary. 

Exit  is detected when a previously tracked person is 
connected to an image boundary. 

Interested is detected when a person’s contour connects 
a product area.  

Stand by is detected when a person is in the scene and 
not connected to a product area or an image boundary.  

Inactive is detected when the system loses track of a 
person. This event happens when a person has left the scene 
or is occluded by something in the scene, or another person. 

Interact  is detected using SVM [2] on the local motion 
and interaction descriptors. First, there are two phases in the 
data classification: training and testing. The data corresponds 
to several instances. An instance is composed of a “target 
value” and several “attributes”. In our case, the target value 
is 0 or 1 depending if a product grabbing event, i.e. Interact 
state, occurs or not. The attributes correspond to each value 
of our descriptor. SVM creates a model that predicts target 



value from attributes, by solving the following optimization 
problem. 
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Where iy are target values,ix are attributes, iξ is the error 

in the training set, vectorw  and scalar b are the parameter 
of the hyperplane. Finally, 0>C  is the penalty parameter 
of the error term. 

Training vectors ix  are mapped into a higher 

dimensional space by the functionφ . In this higher 
dimensional space, SVM finds a separating hyperplane that 
maximize the margin. The system uses a radial basis 
function (RBF) kernel:  
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Although, different kernels exist, we choose RBF 
because it handles nonlinear relations between attributes and 
target values, unlike linear kernel. RBF also has less hyper 
parameters and less numerical difficulties than polynomial or 
sigmoid kernels. 

Finite State Machine is used in order to organize and 
prioritize the six states [1] [7]. The state machine is 
synchronous and deterministic. Synchronous means that the 
machine iterates over each new frame. Based on the previous 
state, the system calculates a new one by testing each 
transition condition. If a condition is satisfied, the system 
moves to the new state. Otherwise, the system stays in the 
same state. The machine is deterministic because for each 
state, there can not be more than one transition for each 
possible input. One FSM model the behaviour of one person. 
We save the person’s path through its FSM in order to 
interpret a high-level scenario. Figure 4 shows a possible 
path through the FSM. 

VI.  SEMANTIC INTERPRETATION 

This section aims at describing a person’s behaviour in 
natural language and is based on all previous analysis. The 
generated sentences summarize the current state of action of 
a person. 

Expressing human activities is accomplished using case 
frames [8] [4]. This tool links cases to sentences in natural 
language. We use simple case frames composed of three 
categories as illustrated in the following example: 

 
[AG: “Person 1”, PRED: “interacts with”, LOC: “area 1”] 

 
AG, PRED and LOC are the agent, the predicate, and the 

locus of the described action respectively. These three cases 
allow us to describe all the actions we look for. 

Sentences are built using a hierarchy of actions (HoA) 
that is composed of case frames to represent each node. A 
parent node derives its children by redefining the verb 
(predicate is modified) or the locus (locus is modified) as 
shown in figure 5. In particular, by going through the HoA, 

 
Figure 4.  Part of the Finite State Machine, all transitions are not written to 

make it clear. 

 
Figure 5.  Sample of the hierarchy of action. 

the case frame is refined until a final node is reached. Final 
nodes do not have children and contains all the components 
of the sentence we want. Here are the final node predicates: 
 

is walking around - is stopped - enters the scene - exits 
the scene - is interested in - interacts with - is gone 

 
We explain in the algorithm that follows how case frames 

are generated from the HoA. 
1. Let s be the current final node. For each new frame, 

case frames are evaluated from the top of the HoA to 
determine the new final node s’. 

2. If the node s and the node s’ are identical, no case 
frame is generated, and we go back to step 1. 

3. Otherwise, a case frame associated to the new state s’ 
is generated, and we go back to step 1. 

 
More specifically, when a state change occurs, a case 

frame is generated, and a sentence is printed. 

VII.  RESULTS 

A. Data description 

We use different datasets taken with the same camera. A 
part of the datasets was taken in our laboratory (LAB1, 2, 
and 3). The others were taken in a real shopping mall 
(MALL1 and MALL2). The two first datasets (LAB1 and 
MALL1) possess five and six sequences respectively and 
contains a lot of interactions with products. Two and four 
different people are shopping respectively, see figure 2. 
LAB2 is a dataset where there is no interaction with the 
products and has three different actors. Objects or products 
taken by people have different shapes, colors, and sizes in 
the video sequences. Also, all products are identical in the 
heaps. LAB3 and MALL2 are two datasets where multiple 



people interact together. Two to four people interact 
simultaneously, see figure 6. 

B. Tests on datasets 

We run tests on various video sequences. As the system 
generates a state for each detected object, for each frame, we 
compare these results to the ground truth that was labeled by 
hand. Then, we calculate the percentage of correct states, see 
table 1. The dataset LAB2 does not contain interaction with 
products. This dataset has better results than the LAB1, and 
we conclude that the system is more precise when there are 
fewer states to detect. 

In order to recognize product grabbing events, we use a 
cross validation process, see table 2. In other words, to 
recognize events on a video, we use all the other sequences 
of the dataset as training and then calculate recall and 
precision. We note that using this process, we only use a 
couple of minutes of training with a few people. 

The dataset LAB1 gives better percentage results than 
MALL1. This difference is mainly due to noises that are 
more significant in MALL1 as well as slight camera motion 
during the capture. However, MALL1 performs very well on 
recall and precision for the Interact state due to the position 
of the camera, located directly above the products and closer 
to them than on LAB1, see table 2. We understand that the 
camera location is really important to maximize the accuracy 
of the system. A position close to the products performs 
better on Interact state recognition. However, having the 
camera too close to the products make us lose information 
about the customers, since they are only detected when they 
are near the products. 

After preliminary tests, the local motion descriptor alone 
offers poor results for the Interact state detection, due to the 
small training and noises. This is the reason why, we test this 
descriptor combined with the interaction context descriptor. 
As we see on table 2, we compare result using only the 
interaction context descriptor (ICD) and both motion and 
interaction context descriptor (MID). The MID performs as 
good as ICD for precision, but offers better results for recall 
on the first datasets. On multiple people datasets, MID 
performs slightly better than ICD on average, however local 
motion description tends to be noisier, due to a few object 
tracking mismatches. The ICD remains robust in these 
situations and the recognition rates in multi-person datasets 
are as good as in the first datasets, see table 2. 

The semantic interpretation offers interesting results, see 
figure 6. Since this interpretation directly relies on the state 
recognition, a few errors occur. For example, miss-detections 
occur on the Exit state on MALL datasets, due to the camera 
position, see figure 6 second sequence. 

C. Computation time 

Finally, the application has to generate responses quickly 
as soon as a specific event is detected. The program is tested 
on a computer with a Pentium 4, 3 Ghz and 1Gb of RAM. 
The application can analyze 6 to 10 frames per second for an 
image resolution of 704x576 or 640x480 respectively. 

Motion detection is the most computational expensive 
process. 

VIII.  CONCLUSION 

This paper presents a novel type of application, using 
computer vision in the field of marketing, to improve 
interaction between customers and digital media. The system 
detects, tracks, and analyzes behaviours of shoppers 
regarding their actions, interests, and interactions with 
products at a point of sale. The system is tested and offers 
interesting results, 73% of the frames are correctly labeled, 
for sequences taken in a real environment. Interactions with 
products are well detected with a precision of 0.79 and a 
recall of 0.85. This evaluation helped us understand how the 
system behaves to maximize its efficiency. A prototype will 
soon be tested for a long period of time. 

As future work, the method can be improved with 
algorithms that better manage occlusions. It would also be 
interesting to look for other behaviours and scenarios that 
can be characterized and detected using this technique. 
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TABLE I.  TABLE REPRESENTING THE PERCENTAGE OF CORRECTLY 
DETECTED STATES FOR EACH FRAME, ON VIDEOS OF VARIOUS DATASETS. 
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Figure 6.  Results for MALL 2 video 1 

 

TABLE II.  TABLE REPRESENTING RECALL-PRECISION OF INTERACT 
STATE DETECTION. TWO DESCRIPTORS ARE TESTED ON VARIOUS VIDEOS: 
INTERACTION CONTEXT IC AND MOTION AND INTERACTION CONTEXT MI. 
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Figure 7.  Results for LAB 1 video 1 

 
 


