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Abstract. This paper presents a method that analyzes human behavior in a 
shopping setting. Several actions are detected and we are especially interested 
in detecting interactions between customers and products. This paper first  
presents our application context, the advantages and constraint of a shopping 
setting. Then we present and evaluate several methods for human behavior un-
derstanding. Human actions are represented with Motion History Image (MHI), 
Accumulated Motion Image (AMI), Local Motion Context (LMC), and Interac-
tion Context (IC). Then we use Support Vector Machines (SVM) to classify ac-
tions. Finally, we combine LMC and IC descriptors in a real-time system that 
recognizes human behaviors while shopping to enhance digital media impact at 
the point of sale. 

1   Introduction 

Behavior understanding is a growing field of computer vision. Several applications 
are developed in order to detect human behaviors in various contexts, such as content-
based video analysis and indexing, video-surveillance, interactive applications, etc. 

Marketing is a new field of applications that uses computer vision systems to 
measure media, and display, efficiency. The marketing field has evolved lately. The 
use of digital media, or digital signage, at point of sale becomes more and more 
popular. This media offers new forms of communication with customers that bring 
along new issues. For example, media playing advertising clips one after another 
does not have significant impact on customers. It is then of primarily concern to 
identify ideal content and location for these media, in order to maximize its impact 
on customers. Nowadays several software systems help solving these problems. A 
few systems track customers, in a video-surveillance context, to obtain statistical 
information regarding customers’ habits and displacement inside shopping malls. 
Various systems calculate directly the media audience and opportunity to see the 
media, using face detection. 

The study introduced in this paper is along the same lines and aims at improving 
the impact of digital media by maximizing interaction between media and customers. 
Furthermore, we want to produce statistical data on customers’ interaction with prod-
ucts. More specifically, we detect customers picking up products from known areas in 
real-time using a fixed camera. The detection of such an event results, for example, in 
playing a clip related to the product. 

After a short review, we present the system: first the video analysis part, then the 
behavior description and recognition. Finally we show some results and conclude. 
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2   Previous Work 

Human behavior can be identified in many different contexts [5] [18] [12]. The goal 
of behavior analysis is to recognize motion samples in order to draw high-level con-
clusion. 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.  

Behavior analysis is generally composed of two steps: description and recognition 
of actions. Action description selects relevant measurements that characterize various 
actions in a specific context. Recognition is usually composed of two processes. First 
labelled data is generated and used as training. Then these training samples are used 
to recognize actions using learning methods, such as Hidden Markov Model, Neural 
Networks [17], Support Vector Machine (SVM) [6] [14], etc. However, recognition 
can be accomplished using a logical model based on the description measurements, 
such as Finite State Machine (FSM) [7]. Although this method is not very flexible, it 
can be applied without the training phase. 

In our study, we combine FSM and SVM. FSM are used to detect the simple ac-
tions and SVM classify interactions between customers and products. 

3   Shopping Setting 

This section presents the shopping setting with more details. As we see in the previ-
ous work, behavior analysis is used in various contexts. Several datasets were used as 
a baseline for many researchers. We categorize four sorts of datasets used for differ-
ent applications. 

First datasets, like [14] [1] [19], aim at detecting specific motion behavior like 
people waving, jumping, walking, running, boxing, etc. Videos are mainly taken with-
out camera motion and focus essentially on the actor. 

The second type of datasets [9] [16] are directly extracted from movies. These 
datasets are used to detect people shaking hands, hugging, answering the phone, etc. 

Different kind of behavior can be detected in a video-surveillance setting [11] [16], 
like meetings, language drop, crowd analysis, etc. 

The last type of datasets concern sports videos [13]. The configuration varies and 
can be focused on the actors, extracted from a TV-show, or surveillance like. 

Nowadays, only a few papers used dataset coming from point of sale [15] [6]. The 
shopping setting is between behavior analysis like [14] that observes a person to de-
tect its moving behavior and video-surveillance that detect interactions between peo-
ple, luggage, specific areas of the scene, etc. Thus we want to detect customer moving 
behavior as well as interaction with specific areas of the scene, i.e. products areas. 

4   Behavior Model 

This section presents the model used to define human behavior while shopping. At a 
point of sale, customers walk around products, look at prices, pick up products, etc. 
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We create six states that correspond to the current behavior of a person. The chain of 
states describes the scenario played by the person. The same model is used for higher-
level scenario detection and semantic interpretation [15]. 

• 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 stopped. 
• Inactive: The person has left the scene. 

5   Video Analysis 

In order to detect behaviors, 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. 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. [20] presents a clear overview of the object 
tracking methods. 

 

    . 

    . 

Fig. 1. Motion detection on videos from LAB1 (top) and MALL1 (bottom) datasets. Frames are 
on the first columns, rough detection on the second and filtered results on the third. 

Motion detection uses a pixel based model of the background to generate precise 
contour of the detected regions. A mixture of Gaussians is associated with each pixel, 
in order to characterize the background [21]. This model is updated on-line. A Gaus-
sian distribution is matched to the current value of each pixel. If this Gaussian belongs 
to the background, the pixel is classified as such. Otherwise the pixel is considered as 
foreground. Morphological filters are finally applied on this result, see figure 1. 
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Object Tracking is composed of two main processes. First, we calculate, for each 
region, a descriptor based on its position, size, surface area, first and second order 
color moments. Then, these descriptors are matched from one frame to the next, using 
a voting process. Secondly, we use matched regions to build and update the object 
list. An object is a region that was tracked for several frames. Matched regions are 
used to update information about objects: location, size, etc. Then unmatched regions 
are compared to inactive unmatched object to solve miss-detections. We also detect 
regions split and merge to detect occlusions. 

6   Behavior Description 

We focus 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. Following the 
idea that similarity between various motions can be identified through spatio-
temporal motion description, a corresponding descriptor has to be composed of sets 
of features sampled in space and time [17] [4]. This section presents various descrip-
tion methods. 
 

 

Fig. 2. Diagram showing how MHI and AMI are generate from the frame sequence 

6.1   Motion History Image 

MHI is a temporal template used as model for actions [2]. MHI offers information 
concerning a person shape and the way it varies along a local period of time. We 
aggregate a sequence of foreground object masks, scaled to a standard size of 
120x120 pixels, see figure 2. MHI is computed as follows: 
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We define two energy histograms by projecting MHI values along horizontal and 
vertical axis [8]. These energy histograms are calculated as follows: 
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H andW are relatively the height and width of our scaled image. We 

have 120== WH . These two energy histograms are used as a 240 (120x2) dimen-
sional descriptor to recognize Interactions. 

6.2   Accumulated Motion Image 

AMI [8] was inspired from MHI and Motion Energy Image (MEI) [2]. As we see in 
the previous section, MHI and MEI use the entire silhouette. However, only areas 
including changes are used to generate the AMI that is defined as follows: 
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Where )1,,(),,(),,( −−= tyxItyxItyxD . We note that the image difference is 

calculated between two scaled masks and we keep 15=T , see figure 2.  
We calculate the same energy histograms presented in the previous section that are 

used as descriptor (240 dimensions) to recognize interactions. 

6.3   Local Motion Context 

We then choose to describe motion using pixel-wise optical flow [4]. Since optical 
flow is not very accurate, we use histograms of features over image regions. Such a 
representation is tolerant to some level of noise, according to [17]. 

Local motion: First, each person’s mask is scaled to a standard size of 120x120 pix-
els, while keeping aspect ratio. Then, the optical flow is computed using Lucas Ka-
nade algorithm [10]. 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 ma-
trixes, and end out with 4 matrixes before applying a Gaussian blur to reduce the 
effects of noises. 

Silhouette: A fifth matrix, representing the person’s silhouette, is computed from the 
scaled mask. 

Data quantization: We reduce the dimensionality of these matrixes to filter noises 
and 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.  
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Fig. 3. Diagram representing the local motion and behavior context descriptor same summed  

Temporal context: 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 (PCA) 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 temporal context descriptor possesses 
then 70 (10+50+10) dimensions. 

The final descriptor is composed of 430 (72x5+70) dimensions, see figure 3. 

6.4   Interaction Context 

This last descriptor is based on interaction with product areas. These areas are as-
sumed to be known. We use six measurements calculated as follow:  

• The person’s surface covering a product area. 
• A Boolean that is true when this covering surface is bigger than a theoretical 

hand size or when a person is connected to a product area and there is motion de-
tected on this area. 

• The surface of the person. 
• The height of its bounding box.  
• The position of the bottom of the bounding box along y axis. 
• The position of the top of the bounding box along y axis.  

The first measurement increases when a customer is reaching out before taking a prod-
uct. The second measurement detects motion in products area. In fact, when a product 
is taken motion is detected where the product is missing. Furthermore, the measure-
ments, related to the height and position of the bounding box, have meaningful  
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variations as a person reaches out for products. 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 last frames. 

After running some tests, see results section 8, we decide to combine the local mo-
tion context and the interaction context description into one descriptor of 520 
(430+90) dimensions, see figure 3. 

7   Interaction Recognition 

This section presents the behavior recognition process. Based on the behavior model, 
we detect the six states and build a Finite State Machine (FSM). Using video analysis 
and behavior description 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 an-
other person. 

• Interaction is detected using SVM [3], with a radial basis function kernel, on 
various descriptors presented above.  

 

 

Fig. 4. Part of the Finite State Machine. All transitions are not written to make it clear. 

Finite State Machine is used in order to organize and prioritize the six states [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 calcu-
lates 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 transi-
tion for each possible input. One FSM model the behavior of one person, see figure 4. 
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8   Results 

Datasets description: We use different datasets taken with the same camera, with 15 
frames per second. A part of the datasets was taken in our laboratory (LAB1 and 
LAB3). 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 5. Products taken by people have different shapes, 
colors, and sizes in the video sequences. Furthermore, all products are identical in the 
heaps. LAB3 and MALL2 are two datasets where multiple people interact together. 
Two to four people interact simultaneously in the scene, see figure 5. 

Table 1. Recall-Precision table for the Interact state for various descriptors on two datasets 

 

Table 2. Recall-Precision Table for the Interact state using two descriptors on complex datasets 

 
 
Tests on datasets: In order to recognize product grabbing events, we use a cross 
validation process, see table 1 and 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. It is interesting to note that using this process, we only use a few minutes of 
video as training with a few actors. 
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Fig. 5. Screenshots from LAB3 datasets on the first columns and MALL1 and MALL2 datasets 
on the right 

After testing the four descriptors on various datasets, see table 1, we noticed that 
the appearance is not necessarily preserved from one sequence to another. Further-
more some videos show customers with shopping cart or basket that are detected as 
foreground. These detections modify completely the appearance of the persons. 

Then we decided to combine the two descriptors offering the best results to test 
more datasets, see table 1. We compare result using only the Interaction context (IC) 
descriptor and combined local motion and interaction context (MI) descriptor. The MI 
performs as good as IC for precision, but offers better results for recall on the first 
datasets. On multiple people datasets, MI performs slightly better than IC on average. 
However, local motion description tends to be noisier, due to occlusions and a few 
object tracking mismatches. IC remains robust in these situations and the recognition 
rates in multi-person datasets are as good as in the first datasets, see table 2. 

MALL performs better than LAB on recall and precision for the Interact state due 
to the position of the camera, located directly above the products and closer on MALL 
than on LAB, see table 2 and figure 5. We understand that the camera location is 
really important to maximize the accuracy of the system. A position close to the prod-
ucts 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. 

Computation time: The application has to generate responses quickly as soon as a 
specific event is detected. The program is tested on a Pentium M, 1.73 Ghz with 
500Mb 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 compu-
tational expensive process. 

9   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. We evaluate 
various methods for behavior analysis and Interact context description outperforms 
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the other methods. By combining Interact context and local motion context descrip-
tion, we improve these results. Interactions with products are well detected with a 
precision of 0.79 and a recall of 0.85.  

As future work, the method can be generalized and tested on various complex 
scenes: products on vertical racks, complex products like clothes. It would also be 
interesting to look for other behaviors and scenarios that can be characterized and 
detected using this technique. 
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