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Abstract. Video Analytics covers a large set of methodologies which
aim at automatically extracting information from video material. In the
context of retail, the possibility to effortlessly gather statistics on cus-
tomer shopping behavior is very attractive. In this work, we focus on
the task of automatic classification of customer behavior, with the ob-
jecting to recognize buying events. The experiments are performed on
several hours of video collected in a supermarket. Given the vast effort
of the research community on the task of tracking, we assume the exis-
tence of a video tracking system capable of producing a trajectory for
every individual, and currently manually annotate the input videos with
trajectories. From the annotated video recordings, we extract features
related to the spatio-temporal behavior of the trajectory, and to the user
movement, and analyze the shopping sequences using a Hidden Markov
Model (HMM). First results show that it is possible to discriminate be-
tween buying and non-buying behavior with an accuracy of 74%.

Keywords: Trajectory analysis, Optical flow, Hidden Markov Models,
Shopping Behavior.

1 Introduction

There is an increasing amount of research in the area of video analytics and
semantic interpretation as an application to automatic surveillance, traffic mon-
itoring, video games, marketing, etc. In the field of marketing it is of primary
concern to identify the most appealing products and services for customers and
to maximize their impact on the shopping behavior. Computer vision provides
multiple techniques which enable surveillance [5], action recognition, and behav-
ior interpretation of customers. Tracking people inside the shop can have many
applications, such as global shopping behavior recognition, region of interest de-
tection both individually and for a group of customers, measured at a specific
moment or over time intervals. We plan to use the existing surveillance systems
to observe the shopping behavior of people [4], to get a better understanding of
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their needs. The action recognition module can provide cues regarding customers’
interest in products and can help interpreting different interaction patterns, such
as grasping a product immediately, after a period time or even after more visits
at the same place. In this paper we propose an automatic surveillance system for
detecting customers’ buying behavior based on tracking and motion information
and tested on real-life recordings in a shopping mall. Its applicability resides
in identifying different buying patterns in terms of number of interactions and
time spent in the vicinity of a product but also in finding for which products
categories the customers have trouble deciding. As a result, appropriate actions
could be taken such as new products arrangements and more efficient usage of
the store space. Next we provide an overview of related studies, then the de-
sign of our system is presented, followed by the data acquisition process and
the experimental results section. Finally we formulate our conclusions and give
directions for future work.

1.1 Related Work

People tracking, behavior analysis, and prediction were investigated by Kanda
et al. in [3]. Accumulated people’s trajectories over a long period of time pro-
vided a temporal use-of-space analysis facilitating the behavior prediction task
performed by a robot. Hu et al. [2] used the Motion History Image (MHI) along
with the foreground image obtained by background subtraction and the his-
togram of oriented gradients (HOG) [1] to obtain discriminative features for
action recognition. Next a multiple-instance learning framework SMILE-SVM
was build to improve the performance. This approach proved its effectiveness
on a real world scenario from a surveillance system in a shopping mall aimed at
recognizing customers’ interest in products defined by the intent of getting the
merchandize from the shelf. These approaches are suitable for action recognition
under varying conditions in complex scenes such as background clutter or partial
occluded crowds; still they require supervised learning based on a large reliable
dataset. Human behavior analysis while shopping was investigated by Sicre and
Nicolas in [7]. They propose a finite-state-machine model for simple actions de-
tection, while the interaction between customers and products is based on MHI
and accumulated motion image (AMI) [8] description and SVM classification. It
remains to be proved and tested whether this method will be applicable in an
uncontrolled real-life scenario which deals with occlusions and different types of
settings. Another issue regards the variability of performing an action in relation
with the dataset size, which in this case is limited to 4 persons.

2 Proposed Methodology

Based on observations made in real shops we proposed a number of shopping
behavior models as described in [4]. There are many individual differences in
shopping behavior of people. Some shoppers know what they want and the lo-
cation of that product (goal oriented), others prefer to inspect the offer (looking
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around), some are helpless and would need support (disoriented), while others
are actively looking for assistance, finally some shoppers are just looking for
interesting products or just enjoy being in a shop (fun-shopper). We assume
the ultimate goal of shopping is to buy a required product. Next the design of
our system for automatic assessment of customers’ buying behavior is presented.
We propose a modular approach and we describe next the functionality of each
module. A diagram of the proposed system is shown in Fig. 1.

Fig. 1. System Overview

2.1 Trajectory Extraction

First the trajectory extraction module is employed. Currently the customers’
trajectories are manually labeled, given that our goal consisted in the high-
level analysis of behavior. In our future work, trajectories will be extracted by
adopting person detection and tracking. For this task we used our frame based
annotation tool which enables both person and event annotation.

2.2 Trajectory Analysis

Global motion analysis provides a first insight into customers’ shopping behav-
ior. Therefore the Trajectory Analysis module is employed to extract relevant
trajectory features. We started from the feature set ft = [x, y, x

′
, y

′
, x

′′
, y

′′
]

proposed in [11], described by position (x,y), velocity (x
′
, y

′
), and acceleration

(x
′′
, y

′′
). We decided to exclude spatial features (x,y) in order to prevent learn-

ing of a preferred shopping path, while our interest resided in capturing motion
characteristics. The curvature k of a trajectory was considered due its properties
such as invariance under planar rotation and translation of the curve [9].
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′
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′
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′
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Based on experiments we noticed that the best feature set for encapsulating tra-
jectory information was the following one: ft = [x

′
, y

′
, x

′′
, y

′′
,
√

(Δx2+Δy2), k],
where Δx = x(t) − x(t − 1) and Δy = y(t) − y(t − 1).
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2.3 Stationary Segments Detector

The next module of our system is responsible for detecting segments of interest
and potential buying segments. The detection is performed using the features
defined in the previous section. Due to non-linearity of persons’ motion and
errors introduced by the manual annotation, we used Gaussian smoothing of
velocity. In this way each velocity value vμ is approximated by:

vμ =
∑t=μ+σ

t=μ−σ vt ∗ N(t; μ, σ2) (2)

where N is a density function for normal distribution with the mean μ and
variance σ2.

2.4 Human Body Area Extraction

For each trajectory segment detected by the previous module, the human body
area is extracted. To this aim, for every frame in a segment, we estimate a binary
mask corresponding to a human in a given trajectory point, according to [6].
We then combine all binary masks belonging to a segment into one area. The
combined binary mask is used to extract image content from every frame. The
extracted image content is rectified along the radial direction (see an example
in Fig. 2), to remove the influence of the orientation, i.e. so that all people are
in the upright position.

Fig. 2. Overview of the Human Body Area Extraction and Motion Analysis modules.
From left to right, clockwise: human binary mask from [6], highlighted in red; rectified
area defined by the combination of binary mask in the stationary segment; optical flow
and corresponding color coding; histogram of optical flow.

2.5 Motion Analysis

We assume buying behavior can be characterized by motion patterns, such as
picking a product and putting it in the shopping basket. The motion analysis
module is applied to each segment, by estimating optical flow in the rectified
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Fig. 3. Motion Flow Visualization. Overlay color is according to color coding shown in
Fig. 2.

areas between every two consecutive frames. Normalized histograms of motion
vectors in 8 directions are extracted from the whole image patch and also by
considering a image patch segmentation into three regions corresponding to the
approximate position of the head, body and legs of a person. We tested several
optical flow algorithms both in terms of accuracy and also execution time such
as Lucas-Kanade or Horn-Schunk and the best results were obtained using the
method proposed by Liu [10]. An example of a buying event is depicted in Fig. 3.

2.6 Classification

Classification techniques can be divided into two groups, namely supervised and
unsupervised. From the supervised group (e.g. Hidden Markov Models (HMMs),
SVM, and Gaussian Mixture Models (GMMs)) we chose a HMM-based classifica-
tion method due to its characteristics such as incorporating dynamics of motion
features during time and ability to capture temporal correlations. The extracted
features (trajectory and optical flow) were fed to a HMM and the maximum
likelihood rule was used to decide the label corresponding to each interesting
trajectory segment.

3 Experimental Results

3.1 Data Acquisition

In order to test our system in a realistic environment, we recorded video material
in a supermarket, at different time intervals, using a fish-eye camera attached to
the ceiling. An example of the acquired type of images is shown in Fig. 2.
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Fig. 4. Trajectory density map (left), and buying event density (right), computed on
the dataset adopted for the experimental evaluation. Color coding shows in red areas
with higher density.

We collected and manually annotated approximately 5 hours of recordings
resulting in 270 customers’ trajectories, from which 100 trajectories contained
buying segments. We define as a buying event an action of a customer who picked
a product and put it in the shopping basket or just took it with him/her. The
total number of annotated buying events was 130, since some of the trajecto-
ries contained more than one buying event. A density map of the annotated
trajectories and for the buying events is shown in Fig. 4. We present next the
experimental results obtained using the recorded data.

3.2 Experiments

We performed a number of tests in order to find the best feature descriptor and
HMM topology for our buying behavior analysis system as described in Section
2. We investigated different detection methods of potential buying trajectory
segments. The aim was to detect automatically the segments containing buying
events. From our observations of buying behavior we noticed that the action
of buying a product usually happens after the customer stopped for a period
of time in the products area. By employing a stationary detector as described
in Section 2.3 based on slow velocity and duration of staying in the vicinity of
a product of at least one second we were able to detect 90% of all the buying
actions, meaning 118 segments out of 130. The rest of 10% were associated with
a different type of behavior (goal oriented) characterized by a customer which
knows what he wants and picks that product very quickly and then continues his
shopping trip. By applying the stationary detector the number of analyzed video
frames (N) was reduced to 67% of which 17% corresponded to buying segments
and 50% to non-buying ones.

In order to refine our analysis, we employed motion analysis in the detected
stationary trajectory segments. Normalized histograms of optical flow (HOF)
was selected as feature. Adopting a quantization of the optical flow directions
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in 8 bins proved to be the best tradeoff compared to average length and angle.
Furthermore, we investigated the influence of computing optical flow histogram
in separate regions of the rectified image patch, and concatenating them to allow
for an increased level of detail. We refer to HOF for the case of a single histogram,
HOF3x1 for the case of subdivision of the image in 3 vertical subregions, and
HOF3x3 for the subdivision of 9 subregions. The performance of a HMM is
highly dependant on its topology. In order to determine the best topologies for
our HMM models we performed an extensive search, by employing a diverse
number of states (1-10), number of Gaussian Mixtures (1-20), and also network
topologies (left-to-right, ergodic model). We found out that the best accuracy of
74% was obtained for a HMM model (left-to-right) with 6 states and 2 GMMs,
for HOF3x3, using a 9-fold cross validation testing approach. The ROC curves
obtained for the different HOF features are shown in Fig. 5. The improvement
in accuracy of HOF3x3 over HOF3x1 and HOF features indicates that such
separation allows to better discriminate actions, possibly because of different
body parts movement which are related to the buying actions.

Fig. 5. ROC curves for HOF features

The number of HMM training iterations plays an important role at determin-
ing the best tradeoff between true positives and false positives rate. In our case
10 iterations were enough to learn the two HMM models, while using a bigger
number of iterations led to overfitting the non-buying HMM model in detriment
of the buying one. The miss-classified false negatives are due to the challenging
type of data, such as occluded buying sequences either by another customer or
by the person herself, while the false positives contain examples of customers’
picking a product and then putting it back or just interacting with the shopping
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basket without putting a new product. Still given the difficulty and variability
of the recorded data we consider that our approach is quite good at detecting
customers’ buying behavior under varying conditions.

4 Conclusion and Future Work

We presented an approach towards understanding customers’ shopping behavior
applied to real-life recordings in a supermarket. We designed and implemented
a first running prototype for detecting customers’ buying behavior. We used
global features extracted from trajectories to detect potential buying segments
and we extracted optical flow from an interesting area for action recognition.
We achieved a best accuracy of 74% by using HOF3x3 features. As future work
we plan to improve and refine the action recognition module by using different
types of features such as interest-points models and an extended set of shopping
related actions. We also aim at extending the system by fusing the data from
cameras at different location and view angles.
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Context Modeling (ViCoMo) project.
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