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Abstract. In the context of retailing, the monitoring of consumer
behaviours is particularly important for supporting vendors in their man-
agement and marketing decisions. Many studies have been carried out
about various aspects and consequences of different behaviours. However,
only recently the potential of computing systems is being used for auto-
mated data collection and processing. In this work, we present a novel
pervasive system able to automatically monitor consumer behaviour in
front of shelves in an intelligent retail environment (IRE). Data collected
are stored into a cloud server for data analysis and insights, ready to be
used by a Decision Support System (DSS).

The completely autonomous and low cost system proposed in this
paper is based on a software infrastructure connected to a video sensor
network. A set of computer vision algorithms, embedded in the distrib-
uted RGB-D cameras, provides information concerning customer behav-
iour, in particular, user-shelf interactions described with temporal and
spatial features. This large number of analytics allows insight deductions.
The use of distributed vision sensors inside a retail environment is novel
and produces really valuable data for brands and retailers.

The feasibility and the effectiveness of the proposed architecture and
approach have been tested on real retail environments.

Keywords: Ambient intelligence - Computer vision - Embedded sen-
sors + Pervasive systems - Consumer behaviour - Retail

1 Introduction

In literature, there are several researches that study the behaviour of consumers
in retail environments, for example, [7,15] and references therein. In particular,
Puccinelli et al. [15] identified seven topic areas of consumer behavior research in
retail environments: (1) goals, schema and information processing, (2) memory,
(3) involvement, (4) attitudes, (5) affect, (6) atmospherics and (7) consumer
attributions and choices. For each topic, they highlighted the most important
issues necessary to be further investigated.
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A common characteristic of all these studies is to do not use automated
approaches for data acquisition and information retrieval. They mainly focus
on consumer research and retailing from the social, psychological and marketing
point of views. On the contrary, the potential of computing to improve all aspects
of retail is firstly studied in deep in [9]. In particular, computer vision systems
appear very useful in retail environments (as well as in other application fields),
mainly for the huge amount of data and the possibility of an automatic data
collection. Obviously, an increasing number of these applications [13,19] have
been and are possible thanks to the strengthening of information systems, the
development of more stable and efficient vision algorithms and also the higher
speed and the lower price of current hardware.

Focusing on computer vision approaches of consumer attributions and
choices, Chandon et al. [2] and Strandvall [16] both used eye tracking meth-
ods for measuring the value of point-of-purchase. Maatta et al. [12] classified
shopper motion into four behaviour classes, distinguishing if their movement is
neutral or repetitive. Another approach for video-based extraction of customer
movements at the point of sale is described in [8]: their human behaviour analy-
sis is based on the measurement of the customer trajectories inside the store and
on the time spent by each person in each zone of the store. According to [14],
newer video surveillance applications, not necessarily related to security issues,
were developed for shopping, not only to identify anomalous activities, but also
to identify people and to analyse consumer behaviour.

At the same time, other pervasive computing approaches were adopted to
solve problems in retail environments. Another system developed for the retail
store is “SmartStore” [6], which analyses the customer interest immediately,
gathers the sensing data from large-scale area and attaches massive tiny sensors
to shopping items.

Our research focuses on the implementation of a software infrastructure cou-
pled with a hardware technology to build a pervasive computing intelligent sys-
tem for detecting and analysing the human behaviour in real retail stores.

By means of video cameras and computer vision algorithms, our pervasive
system detects human motion and then describes human behaviour by quantita-
tive parameters. More in detail, the main objective is to analyse the interactions
between customers and products on the shelves. Therefore, our system detects
and monitors people when they are in front of a shelf, using a distributed video
sensor network. This allows us to better detail the activities of consumers when
they stop in a zone of the store, e.g., the objects of the shelf that are touched
by each person.

The installation of the system in several parts of the store provides large
volumes of multidimensional data on which to perform statistics and deduce
insights. The analysis of these data offers a unique possibility to better under-
stand several crucial aspects of a retail ambient, e.g., the appealing of a product,
a good positioning of different products on a shelf, the human traffic in front of
each shelf.
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Just because the sensor installation should be repeated in several zones of
the shop to collect a significant large amount of data, we developed a system
that can be easily scaled, from a single shelf installation to a large widespread
grid of sensors.

Our system is able to detect all the objects on the shelf that interact with the
customer using only one RGB-D sensor for each shelf, while in [7] the activity
recognition needs an RFID sensor mounted on each object to be performed.

We developed a software infrastructure that is able to automatically detect,
measure and store crucial information for a retail ambient. In particular, our per-
vasive system does not need to interact with customers to retrieve the desired
information, as for the cases of the interactive display [17] or the mobile phone [5],
where direct customer interactions with the systems are used to exchange infor-
mation between shoppers and the retail ambient. In our case, information are col-
lected automatically through the computer vision algorithms that we developed.

Summarizing, the paper presents a smart and low-cost embedded sensor net-
work for intelligent retail environments (IREs) able to identify customers and
to analyse their behaviour and shelf interactions. Major characteristics of this
system are the general and easily scalable architecture really focused on the
retail environment application and the very precise and reliable computer vision
algorithms, which are able to run efficiently in low cost hardware and to collect
automatically several relevant information.

The paper is organized as follows: in Sect. 2 we describe the IRE architecture
and application requirements; Sect. 3 describes the implemented computer vision
algorithms, focusing on people monitoring and detection of user-shelf interac-
tions; experimental setup and results are presented in Sects. 4 and 5, respectively;
finally, conclusions and future works are presented in Sect. 6.

2 IRE Architecture and Application Requirements

The hierarchical architecture of the proposed pervasive retail environment is
shown in Fig.1 along with the information provided at each abstraction layer.
Sensor nodes, able to measure autonomously a part of the environment, are
logically connected to the concept of shelf, multiple shelves are part of a store
and, finally, several stores are part of a retailer chain. The general idea is based
on several aggregation layers that provide to the system different information,
from raw data to high level data analytics and insights.

At the single camera node level only raw data are available; a first data
processing to provide interaction maps occurs at the shelf level. Multi camera
analysis is also functional to perform flow comparisons in different areas of the
store. At the top level general insights, store comparisons, store optimizations
and re-design can be performed by retailers.

The functional requirements of the system, concerning what the system is able
to do, its expected behaviour and which are its input/output functions, are:

1. counting the number of people “passing by” the camera vision area;
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Fig. 1. The hierarchical architecture and the information provided at each abstraction
layer of an intelligent retail environment.

for each person detected by the camera, storing the input/output position
and the permanence time in the camera vision area;

storing all the interactions with the shelf:

(a) who performed the action;

(b) which product was touched;

. sending and saving data in a remote database (cloud) available for statistical

analysis;

from any remote location, controlling RGB-D camera parameters:
(a) video streaming visualization;

(b) redefinition of shelf area;

(c) software upgrade;

restoring data from a backup.

Non-functional requirements establish constraints on the system or on its

development process, defining how it should be achieved. For the implementation
of the system, precise constraints have been imposed:

1.

vision sensors should be ceiling mounted, which limits both their size and the
total weight of all components to be supported by the structure;

. cameras should be connected to a main router via a wireless network and

accessible from outside of the store for remote control;
the whole system should be low cost and scalable.

3 Computer Vision Algorithms

The whole system can be seen as a big sensor network where each node is a
micro system that analyses the consumer behaviour in front of a specific shelf of a
store. Each node consists of an embedded system that includes an RGB-D sensor,
ceiling mounted and looking to the scene from the top, and a software component
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to send the calculated information to the cloud. Adding a new node/shelf does
not require structural modifications of the entire system, so that it is possible to
install several RGB-D sensors in every store.

In this section we focus the attention on the two vision algorithms that we
have already developed, processed by every node: people monitoring and user-
shelf interactions.

To build a system able to detect automatically all the relevant data for a retail
environments other algorithms are being developed. In particular, our current
researches concern also person re-identification, in order to create an architecture
comprehensive of highly-integrated systems able to totally monitor consumer
behaviour in a retail environment. The first problem, even if highly studied
in the literature [1], is not as much treated for top-view images, where the re-
identification of each visitor is made using features like height, colors of hairs and
clothes of people that are in the camera field. The second research, on the base
of our previous work on Ambient Assisted Living field [11], intends to propose an
audio framework able to recognize voice commands by continuously monitoring
the acoustic retail environment. Echo and interference cancellation algorithms
guarantee a reliable keyword extraction, which is a very important aspect from
the store point of view, since it allows to know and follow customer preferences.

3.1 People Monitoring

In this part we describe our algorithm for people monitoring, which consists of
two steps: background subtraction and people detection.

As regard background subtraction, in this work we implemented the algo-
rithm of Zivkovic [20], because it ensures a lower computation time than the
method we used in [10,18].

For people detection we used the segmentation algorithm named Multi-Level
Segmentation, which has in input the foreground depth image (the output of
the background subtraction algorithm) and in output the highest point of each
person. The algorithm is explained in detail in the pseudo-code Algorithm 1. The
MULTILEVELSEGM function has in input the foreground image (f(x,y)). First
of all, FINDPOINTMAX function calculates the highest point of whole image
(max) and its coordinates (point,,qa.). In line 3, the level counter assumes the
threshold value, that is a fixed value corresponding to average height of a human
head (we adopted the value 10 cm). So, the number of segmentations is strictly
related to the height of the tallest person. The output condition of the while loop
is when the segmentation level becomes negative (above the floor). The SEGM
function yields in output a binary image with blobs representative of moving
objects that are above the segmentation level (maxz — level). This binary image
is the input of FINDCONTOURS, an OpenCV function that returns a vector of
points for each blob. Then, the FILTERCONTOURS function deletes noise (blobs
with a little dimension and/or a bad shape). The for loop from line 8 to line
14 inserts in the vector points the highest point/depth value (FINDPOINTMAX
function) of each blob identified by means of the FILTERMASK function. Finally,
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(b)

Fig. 2. Head recognition (2b): different colors of the blob highlight the head of the
people detected in the scene (2a). Parameters defining a shelf zone (2c) (green area).
(Color figure online)

MULTILEVELSEGM function returns a vector with all maximum local points.
The length of this vector indicates the number of people that are in the image.

The Multi-Level Segmentation algorithm intends to overcome the limitations
of the binary segmentation method proposed in [10] in case of collisions among
people. In fact, using a single-level segmentation, in case of a collision, two people
become a single blob (person), without distinguishing between head and shoulders
of the person. By using this new approach, when a collision occurs, even if two
people are identified with a single blob, the head of each person is anyway detected,
becoming the discriminant element. Figure 2 highlights the head of each person
obtained by the Multi-Level Segmentation algorithm: different colors highlight the
head of a person detected by the camera. In case of collisions (Figs. 2a and b) the
yellow blob contains two people and both heads are also detected.

3.2 Detection of User-Shelf Interactions

In this subsection, we focus on the algorithm for the detection of interactions
with the shelf. A shelf zone is the part of the store interested by an interaction

Algorithm 1. Multi-Level Segmentation algorithm

1: function MULTILEVELSEGM( f(z, y))

2 (maz, pointmaz) = FINDPOINTMAX(f (2, 1)
3: level = threshold

4 while (maz — level) > 0 do

5 Frever (@, y) = SEGM(f (2, y), (maz — level))
6: contours = FINDCONTOURS( fievel (2, V))

7 FILTERCONTOURS(contours)

8: for each contour i € contours do

9: fmask(z,y) = FILTERMASK(fievet (z,Y), %)

10: (Vmazs Pmaz) = FINDPOINTMAX(fimask (2, y))
11: if pmaz € points then

12: points.PUSHBACK (Pmax )

13: end if

14: end for

15: level = level + threshold

16: end while

17: return points

18: end function
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between the hand of the shopper and a product in the shelf. As described in [4],
it is defined by the user during the installation phase and it is characterized
by the following tree parameters, written in a configuration file: the maximum
distances of the left (x4;), right (z4,-) and frontal (y4) shelf sides from the image
borders (see Fig. 2c). This setting is valid for most of the shelves of a store, but
it is possible to define other areas of interest (e.g., in the case of a circular island
when a cylinder-shaped configuration is needed).

The Multi-Level Segmentation algorithm, described in the previous para-
graph, allowed us to detect the head and the body contours of each person. The
contour of the head is used to track the movements of a person within the scene.
The contour of entire body is used to identify interactions with the shelf. The
three vertical planes built at the distances x4, x4, yq4 from the image border
and defining the shelf zone are used to detect interactions. When the contour of
entire body intersects at least one of the three planes we establish that a contact
occurs and so determine the 3D coordinates of the contact point.

The Contact Detection algorithm is explained in detail in the pseudo-code
Algorithm 2. The FINDINTERACTIONS function has in input the depth image of
the sensor and the contour vector. Each point of each contour is analysed (from
line 2 to line 4) to find contact points with shelfzone. If a contact occurs the
PUSHBACK method inserts in the vector vec the 3D contact point, where the
third dimension corresponds to the depth value. Finally, the function returns
vector vec with all the contact points.

4 Experimental Setup and Data Stored

The system setup is based on state of the art and low cost RGB-D sensors. For
the development of this framework a single board computer is used since it is
sufficiently small, suited to manage all functions and low consuming.

The camera sensor captures depth images with dimensions of 320 x 240 pixels
at a rate up to 30 frames per second. The depth value is stored using 16 bits
allowing a spatial resolution of few millimeters.

In addition to the RGB-D sensor, a Wi-Fi module is connected to the board
to transmit the elaborated data to a cloud server by the home wireless net-
work. Image-processing elaborations and transmission of only synthetic data are
performed on the single board computer to respect privacy regulation.

Algorithm 2. Contact detection algorithm

1: function FINDINTERACTIONS(d(z, y), peopleV ec)
2 for each contour i € peopleVec do

3 for each point p € i.GETCONTOURS( ) do
4 if d(p.z,p.y) € shelfzone then

5: vec.PUSHBACK (d(p.z, p.y))

6: end if

7 end for

8 end for

9 return vec

10: end function
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With this hardware setup the proposed algorithms are able to process the two
video flows at 20 fps on the described low cost hardware. The cameras have been
installed on panels in the suspended ceiling of the store. Each system yields as
output a significant amount of data that are stored in the cloud, so that they can
be successively analysed to extract useful indicators. The final tests in real stores
have been realized installing RGB-D cameras for a time period of 3 months, in
order to obtain statistically significant data.

A ground truth for algorithm accuracy evaluation was collected both in the
laboratory and in some days of the real environment tests.

The indicators adopted to evaluate shopper behaviour and preferences can be:

— Number N, of “passing by” people, that is people crossing camera field of
view;

— Number V, of visitors in each zone in which the image is subdivided;

— Number V of “passing by” people interacting with the shelf, where Vy C N,;

— Number I, of interactions for each person, with Iy = I/V,, where I is the
number of the interactions;

— Average visit time T' = Zfil At; /N, where the visit time At; is the perma-
nence of each person in the camera view;

— Number N of products touched;

— Duration of interactions T = Zle 0t;, where 8t; = tjend — liyinit is the
difference between final and initial instant of interaction i;

— Average interaction time T, =Ty /1.

5 Results

Table 1 summarizes the results obtained by monitoring 7 stores using a total of 15
cameras and for a working period equivalent to 45 months by a single camera.
The values in the table refer to the most significant indicators introduced in
Sect. 4. They reveal that the average visit time in front of the shelf is 6.21 s, while
the average interaction time is 1.23s. Moreover, the number of interactions for
each person is higher than the number of products touched, corresponding to
1.45 interactions for each person.

5.1 Efficiency and Reliability of Algorithms

The two main requirements/capabilities that the software has to satisfy are: (1)
to monitor people; (ii) to understand the occurrence of an interaction between
a shopper and a shelf.

Table 1. Values of indicators for experiments in real stores.

Indicator | IV, Vs I T N T;
Value 87885 (17762 |1.456.21s 25710 | 1.23s
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Table 2. People detection confusion and user-shelf interaction matrices.

TP |FN|FP|Total TPR
People detection 1110 29 | 11 |1150 |0,9902
User-shelf interaction | 1050 | 233 | 254 | 1537 | 0,8052
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Fig. 3. Visit time histogram related to the overall studied period (3a). Visit time
histogram related to three different time slots: (i) 6.00 to 8.00 (green line). (i) 11.00—
13.00 (red line) (4i1) 16.00-18.00 (blue line) (3b). (Color figure online)

To compare results we considered the sensitivity or true positive rate TPR =
TP/P, where TP is the number of true positives, calculated by counting the real
number of people “passing by” the camera and P = (TP + F'N), where FN is
the number of false negatives, corresponding to the “passing by” people that
the camera has not detected. The same evaluation method has been applied for
establishing the correctness of the user-shelf interaction.

Table 2 shows the results of our performance analysis on 4 out of the 7 stores
where the system was installed. We have checked the passages and the inter-
actions of consumers measured by the system with the ground truth. More in
detail, Table 2 corresponds to the confusion matrices of the people detection and
contact detection algorithms. Since our system is built to detect only positive
events (detection of people), we can not provide a value for true negative events.
Also the number of negative events is unknown. For these reasons, typical confu-
sion matrix parameters (e.g., specificity) are not listed. The sensitivity obtained
was 99.02% and 80.52% for the people detection and the hand detection algo-
rithm, respectively.

5.2 Shopper-Shelf Interaction

Once we have demonstrated the high efficiency and robustness of our algorithms,
their outputs can be used for statistical analysis.

For example Fig.3a shows the histogram of the visit time At; related to
the overall testing period. Each bin corresponds to an elapsed time of 1s. The
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plot shows that there are several counts (47% of the total) with a visit time
smaller than 3, which can be easily interpreted as not-interacting people. The
mean visit time higher than 3s is equal to 6.46s. This value, when compared to
similar results related to other shelves, can describe the appealing of the shelf to
shoppers. Namely, the larger is the mean value higher is the shelf attractiveness.
At the same time, the total number of counts indicates if the shelf is located or
not in a populated place of the shop.

Since our system detects the precise date/time when each shopper appears
in the camera field of view, it is possible to make the same histogram of Fig. 3a
for different time slots. Figure 3b shows an example of this for three different
time slots: (¢) from 6.00 to 8.00; (4) 11.00-13.00; (44) 16.00-18.00. During the
first slot the shop is closed, hence the data refer only to shop operators. From
the remaining slots we can evince that the morning time slot is more populated
than the afternoon one. Such information can be very useful to better organize,
for example, the staff of the shop according to the time slot with the maximum
flux of buyers.

Going into the detail of the products hosted by the shelf, our system is able
to storage all the interactions between the shopper and the shelf. Together with
this, we can discriminate among three different types of interaction: neutral if
the hand exceeds the threshold without taking anything; emphpositive when the
object is picked up; negative when the object is put back after a pickup.

As expected the most interacted zone of the shelf is the central one, but look-
ing at the width distribution of the interactions (Fig. 4a, top panel) it is possible
to discriminate at least another peak around shelf width equal to 800 mm, that
probably corresponds to an appealing product.

Figure 4 shows maps of the contact points, identified by colored zones, gener-
ated during the processing. In particular, Fig. 4a, b, ¢ show respectively, positive,
negative and neutral interactions.

Furthermore, Fig.4 represents some example of a planogram, that is a
detailed visual map that establishes the position of the products in a shelf. So
to obtain the contact map, the system automatically compares the coordinates

Fig. 4. Maps of interactions produced by the software in a test conducted by our
research in a real environment. 2D plots showing the shelf along its width (z azis) and
height (y azis) in millimetres. (Color figure online)
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of contact points with ancillary information provided by the planogram man-
agement software. The planogram management software and the smart camera
hardware are described in [3].

6 Conclusions and Future Works

We developed a pervasive, intelligent vision system for retail applications. It
consists in a software infrastructure coupled with a low cost hardware that:
(4) receives images from an RGB-D camera; (i) elaborates the images with
computer vision algorithms; (4ii) extracts information and collects them into a
database for statistical analysis and for being used by a DSS.

The implemented computer vision algorithms: (i) detect the people in the
camera field of view; (i) measure the visit time of each person; (i77) detect
occurrences of interactions between shoppers and products on the shelf.

The system has been installed in real retail stores. The long life and real
environment tests show the effectiveness of the described system and, in general,
the feasibility of the proposed architecture and approach.

The efficiency of the system is defined by its capability in detecting people
and shelf interactions. Results show that the people detection algorithm has a
very high sensitivity (99%), while the hand detection algorithm shows a good
sensitivity slightly above 80%.

The collected information can be used for several useful statistical analyses,
since they enhance, e.g., the knowledge of shopper-shelf interactions and the
product appeal, as shown in Subsect. 5.2.

The system can be used as part of a sensor network focused on retail reality
mining, with the purpose of better understanding customer interactions in retail
environments.

Our future projects are directed towards a detailed study of person re-
identification using top-view images, a task necessary to assign a single and
robust ID to each buyer, and audio recognition. Among several other informa-
tion, this will allow us to better describe the client behaviour inside the entire
shop and not only in front of a single shelf.
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