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ABSTRACT Efficient management of on-shelf availability and inventory is a key issue to achieve customer
satisfaction and reduce the risk of profit loss for both retailers and manufacturers. Conventional store audits
based on physical inspection of shelves are labor-intensive and do not provide reliable assessment. This paper
describes a novel framework for automated shelf monitoring, using a consumer-grade depth sensor. The aim
is to develop a low-cost embedded system for early detection of out-of-stock situations with particular regard
to perishable goods stored in countertop shelves, refrigerated counters, baskets or crates. The proposed
solution exploits 3D point cloud reconstruction and modelling techniques, including surface fitting and
occupancy grids, to estimate product availability, based on the comparison between a reference model of
the shelf and its current status. No a priori knowledge about the product type is required, while the shelf
reference model is automatically learnt based on an initial training stage. The output of the system can be
used to generate alerts for store managers, as well as to continuously update product availability estimates
for automated stock ordering and replenishment and for e-commerce apps. Experimental tests performed
in a real retail environment show that the proposed system is able to estimate the on-shelf availability
percentage of different fresh products with a maximum average discrepancy with respect to the actual one of
about 5.0%.

INDEX TERMS Automated stock monitoring, intelligent retail, RGB-D sensors, 3D reconstruction and
modeling.

I. INTRODUCTION
A product is Out-Of-Stock (OOS) when it is not available
on shelf for customer purchase for some contiguous time [1].
Efficient Consumer Response (ECR) [2] reports that stock-
outs are a central concern for consumers, being the third most
important issue for shoppers, after the desire for shorter lines
at the cash register and more promotions. If OOS conditions
occur repeatedly, customer satisfaction is reduced with poten-
tially negative effects for both retailers and manufacturers.
Significant research efforts have been devoted, so far, by aca-
demic and industrial bodies to address the OOS problem,
mainly focusing on supply chain management issues. Never-
theless, the overall OOS rate remains high in all retail sectors
[3], [4], with an estimated loss of profit for the retail industry
of billions of euros per year.

The associate editor coordinating the review of this manuscript and
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Investigations on root cause analysis of OOS worldwide
revealed that most of responsibility for lowering OOSs rests
in the retail store with, on average, 25% of OOSs being
shelf-OOSs (SOOSs), i.e., the product is available but the
shelf has not been refilled yet [3]. SOOSs are particularly
frustrating, since there is still stock in the store, meaning that
forecast may have been correct and the supply and delivery
functions were executed appropriately, but due to replen-
ishment delays or errors, the product could not land in the
shopper’s cart. High checking frequency of shelves can help
reducing SOOS events. However, current human-based sur-
vey practices are labor-intensive and do not provide reliable
assessment, especially for Fast-Moving Consumer Goods
(FMCG), fresh food and products with a due date.

In the last decade, advanced sensor-based technologies
mainly using Auto-ID systems, weight sensors and imag-
ing devices have been proposed for automatic stock mon-
itoring and inventory [5], [6]. While these systems were
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shown to improve on-shelf availability to some extent, fur-
ther research efforts are still needed towards the develop-
ment of more robust and efficient technological solutions,
able to deal with the large variability of store environments
and goods.

In this work, a novel framework for online shelf monitoring
using a depth sensor is proposed. It can generate a 3D point
cloud of the shelf and products therein, while recovering
information on the actual product availability, based on sur-
face reconstruction and modelling techniques. No a priori
knowledge of the product characteristics is required. The only
assumption is that the shelf can be represented as a planar sur-
face, whose model is built via an initial automated calibration
stage. Then, points sticking out of the plane are segmented
as belonging to items on the shelf and are used to estimate
the current product On-Shelf Availability (OSA). The latter
is defined in terms of percentage of the volume occupied by
the items on the shelf with respect to the maximum available
space. The module is integrated into an eco-sustainable elec-
tronic commerce system, in order to provide updated stock
inventory data to an e-commerce app.1

Experimental validation was carried out in a real retail
environment with an Intel RealSense D4352 sensor. Different
types of products were considered with specific attention to
critical items such as perishable and fresh goods stored in
countertop shelves, refrigerated counters, baskets and crates.
Results show that, despite the low quality of the sensor data,
it is possible to extract useful information about the shelf
status in a completely automated and non-invasive way, thus
overcoming time and cost problems related to traditional
man-made surveys.

The rest of the paper is structured as follows. Section II
reports related work. The data acquisition system and the pro-
posed algorithms for online OSA estimation are described in
Section III. Experimental results are presented in Section IV.
Conclusions are drawn in Section V.

II. RELATED WORK
To ensure high on-shelf availability of products, human-based
audits have been traditionally adopted by retailers. However,
such a method is labor-intensive and subject to human error.
In addition, its effectiveness highly depends on the frequency
of the surveys. As a result, sensor-based technologies have
emerged in the last decade to automatically monitor on-shelf
availability and detect OOS on a rapid basis, without having
to conduct physical store audits.

In this respect, pilot studies carried out by some
well-established retailers have shown that Radio-Frequency
Identification (RFID) solutions are helpful to improve inven-
tory tracking and reduce stockouts [7], [5]. However, RFID
technology is still expensive and requires time-consuming
item-level tagging, which prevents its widespread use. As an
alternative, in [8], a wireless sensor network is proposed for

1http://www.eshelf.it/
2https://www.intelrealsense.com/depth-camera-d435/

real-time shelf monitoring, using IR-based sensors, that can
be installed and removed through bars attached to the shelves.
Smart shelves using weight sensors have been developed
in [9] to detect weight changes and determine accordingly
the number of products available on the shelf. However,
weight sensors entail high installation costs. In addition,
they can only determine the number of products stacked on
the shelf without accounting for possible product misplace-
ments, as they do not allow for product identification and
tracking [10].

More recently, computer vision systems have been
proposed by many as a promising solution for smart retail
applications including detection of misplaced products [11],
verification of planogram compliance [6], and stock assess-
ment [12]. Cameras for data gathering can be installed at
fixed locations in the store [6], or integrated into smart-
phones [13], manually-driven carts [12] or on-board mobile
robotic platforms [14]. Image processing techniques mainly
using state-of-the-art feature-based or template-based match-
ing algorithms have been adopted to look for anomalies
and trigger alarms for store managers. For instance, in [11],
an image matching technique using SURF features is devel-
oped to match the current image of a shelf with a reference
image of the same shelf to estimate on-shelf availability and
detect product misplacements. The method is demonstrated
for a limited number of test cases with no performance met-
rics. Exhaustive template matching is employed in [15] to
look for products in an image of the shelf to count prod-
ucts and raise alarms in case of stock-out events or product
misplacements. This technique is computationally expensive
as it requires several templates to be created for a product
under various lighting conditions, angles and distances. Fur-
thermore, the authors only present qualitative results for a
single test case.

In order to cope with the high variability of store envi-
ronments, the use of machine learning techniques has been
proposed, to ensure higher robustness and accuracy, although
at the cost of labor-intensive manual image annotation for
training. An example can be found in [12], where a supervised
learning approach based on Support Vector Machines (SVM)
is developed for OOS detection in panoramic images of
retail shelves. The camera image setup includes a camera
cart that is moved parallel to the shelf to acquire images
from multiple viewpoints. Results are presented from super-
market shelves containing labels near the ruptures showing
a detection accuracy of 84.5% in detecting OOS events.
In [14], Deep Convolutional Neural Networks (DCNNs) are
proposed to classify three types of shelves, namely shelves
with special offers, shelves with a standard layout and shelves
with SOOSs situations, based on visual and textual clues of
monocular images acquired by a camera mounted on-board
an autonomous mobile robot.

While 2D images convey detailed information about the
surveyed scene and allow for accurate detection of planogram
anomalies or ruptures, results are highly affected by occlu-
sions due to perspective effects. As an alternative, RGB-D
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sensors, i.e., depth sensing devices that work in association
with RGB cameras by augmenting conventional 2D images
with distance information in a per pixel basis, have been
demonstrated to be successful in different fields, such as
indoor and outdoor environment mapping [16], [17] and ges-
ture recognition [18]. An application of RGB-D sensors in
the context of intelligent retail can be found in [19], where
a top-view RGB-D camera is employed to monitor shop-
pers’ behaviors. A Smart Shelf concept has been recently
demonstrated by Intel [20] using Intel’s RealSense depth
cameras linked to stock sensors, to automatically recognize
products and display associated information such as pricing,
promotional offers or other appropriate content.

In this work, a 3D shelf monitoring system using an
RGB-D sensor, namely an Intel RealSense D435 camera,
is proposed. To the best of our knowledge, this is the
first application of such a technology for online estimation
of product on-shelf availability and early OOS detection.
Compared to state-of-the-art vision-based methods, the main
novelty of the proposed system is that it exploits depth
information in order to not only provide an alert about the
presence/absence of a product, but also to estimate the num-
ber of items actually available on the shelf, thus yielding
a more precise and timely knowledge of the shelf status.
In addition, no manual training is required, nor a priori
information on the shelf or product characteristics is needed,
whereas the only assumption is that the surveyed items lay on
a planar shelf surface whose model is automatically built via
an initial automated training phase.

III. MATERIALS AND METHODS
A shelf monitoring framework using 3D data from a depth
sensor is proposed to automatically estimate the availability
of products on shelves and early detect OOS in a retail
environment. The system is intended to continuously survey
critical products, such as perishable and fresh goods stored in
countertop shelves, baskets or crates, although the proposed
strategy is able to deal with any type of product available in
a store. Some typical scenarios are shown in Fig. 1.
The overall processing pipeline is shown in Fig. 2. The sen-

sor provides a 3D reconstruction of the scene, which is com-
puted based on an infrared (IR) stereo processing algorithm
running on-board the camera and is used for OSA estimation,
as follows. First, a preliminary calibration stage is performed
to built a reference model of the shelf in absence of products,
using a plane fitting algorithm. Once the shelf model has been
recovered, for each novel sensor acquisition, points sticking
out of the shelf reference plane are segmented as belonging to
products and are fed as input to a 2.5-dimensional occupancy
grid algorithm to estimate the overall product volume. Such
an estimate is retained as a measure of the product OSA.

In the rest of this section, first the acquisition platform and
the experimental environment used for algorithm develop-
ment and testing are introduced. Then, the single steps of the
processing workflow are described.

FIGURE 1. Typical displays of fresh products: (a) cold cuts and cheese
counter, (b) vegetable baskets and crates.

FIGURE 2. Schematic of the system workflow.

A. SYSTEM ARCHITECTURE AND SETUP
An Intel RealSense D435 imaging system is used. It features
a left-right IR stereo pair and a color camera. The stereo pair
consists of two global shutter CMOS monochrome cameras,
with a nominal field of view of 87(H ) × 58(V ) × 95(D)
deg, depth output resolution up to 1280 × 720 and frame
rate up to 90 Hz, which were limited to 640 × 480 and
a frame rate of 6.0 Hz. The reconstruction distance ranges
from 0.105 m up to about 10.0 m. The color camera is
a FullHD (1920 × 1080) Bayer-patterned, rolling shutter
CMOS imager. The stream acquired by the color camera
is time-synchronized with the stereo pair and is combined
with stereo information to recover a color 3D point cloud
of the scene. In this work, however, depth information is
used for OSA estimation, while RGB images are employed
for visualization purposes only. The sensor also includes
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FIGURE 3. System setup and output: (a) schematic view of the sensor
setup; (b) RGB image; (c) depth image. In (c), brighter points represent
farther regions.

an infrared texture laser-based (Class 1) projector with a
fixed pattern, which helps improving image matching in
textureless surfaces, which is especially useful in indoor
environments, where homogenous regions are more likely to
occur.

Datasets were acquired for different shelf types and prod-
ucts in a retail point of sale in Bari, Italy, using the ROS
wrapper for Intel RealSense.3 A typical setup with the sensor
downward looking at a cheese shelf is shown in Fig. 3 (a)
along with the output of the sensor in Fig. 3 (b) and (c).
It is worth to note that the proposed approach is indepen-
dent of the orientation in space of the shelf support surface
and, therefore, also applies to inclined or vertical shelves.
In particular, in the latter case, the shelf back panel would
provide the reference shelf plane in a forward-looking camera
setup.

3https://github.com/IntelRealSense/realsense-ros

B. ON-SHELF AVAILABILITY ESTIMATION
A 3D reconstruction and modelling algorithm to estimate
online the OSA of a product is developed. It consists of three
main modules:

1) shelf model building;
2) product segmentation;
3) product OSA estimation.

Each module is described in detail in the following.

1) SHELF MODEL BUILDING
A preliminary calibration stage is performed to automatically
build amodel of the shelf in absence of products. Specifically,
a planar model of the shelf support surface is assumed.

Without loss of generality, let us consider a top-view
camera configuration, with the camera looking downward
at the shelf as shown in the schematic of Fig. 3 (a). To fit
the plane model, the relations correlating multiple views of
the empty shelf by means of a maximum likelihood esti-
mation algorithm, namely the M-estimator SAmple Consen-
sus (MSAC) [21], are computed. In detail, N subsequent
point clouds spanning a few seconds of acquisition, are
used to solve a constrained nonlinear optimization problem
with the aim of minimizing the Maximum Likehood Estima-
tion (MLE) error, while filtering out measurement noise.

Once the shelf model has been built, it can be used in
successive acquisitions for product segmentation and OSA
estimation.

2) PRODUCT SEGMENTATION
A segmentation algorithm is applied to separate points
belonging to items on the shelf from points pertaining to
the shelf itself. Specifically, points whose distance from the
shelf reference plane is higher than a threshold are retained as
belonging to product instances and are further processed for
OSA estimation. The segmentation threshold is automatically
set, based on the sensor depth RootMean Square (RMS) error
at the given plane distance [22].

It is worth noticing that the segmentation process can be
successfully performed only in absence of shelf occlusions,
due, for instance, to the presence of shoppers or employees in
close proximity of the shelf. In the current implementation,
scenes whose minimum distance from the camera is lower
than the sensor height relative to the shelf completely filled,
are discarded.

3) PRODUCT OSA ESTIMATION
In the context of this work, the OSA level of a given product
is defined in terms of percentage of occupied shelf volume.

Given a raw 3D point cloud, different modelling
approaches can be adopted for volume estimation, such as
convex hull, alpha-shape and occupancy grid [16]. Here,
a 2.5-dimensional occupancy grid approach is employed.
Specifically, first, a squared 2D grid with size s is fitted to the
product point cloud; then, each cell i = 1, 2, . . . n of the grid
is assigned a depth value Hi, corresponding to the average
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distance of all points of the cell from the shelf reference plane.
The volume Vi of each cell can be successively computed as:

Vi = s× s× Hi (1)

The volume Vt occupied by the whole product at a certain
observation time t can be estimated as:

Vt =
n∑
i=1

Vi (2)

Finally, the OSA percentage of the product is recovered as:

OSA% =
Vt
Vmax

× 100 (3)

where Vmax is the maximum product volume, i.e., the volume
occupied by the product when the shelf is fully replenished.
Vmax can be either calculated based on the knowledge of
the shelf geometry or directly estimated by the proposed
volume estimation approach after complete shelf refill. If the
maximum number of products Nmax corresponding to Vmax
is known and under the assumption that all items of the
product occupy a similar volume, then the number of items
per product at time t can also be easily recovered as the
nearest integer of:

Nt = OSA% × Nmax (4)

IV. EXPERIMENTAL RESULTS
Experimental tests were performed in a real retail environ-
ment with the depth sensor mounted in a top-view configura-
tion as shown in Fig. 4.

FIGURE 4. Experimental setup in a real retail environment.

In order to evaluate the feasibility of the proposed method
under various conditions, different products and shelf types
were taken into account, including four varieties of cheese
stored in countertops with different packaging and four kinds
of fruit, stored in baskets or crates. For each product cate-
gory, the accuracy of the proposed OSA estimation approach
was evaluated by adding or removing a certain number of
items from the shelf and comparing the result of the algo-
rithm with the ground-truth obtained by visual inspection.
Specifically, the actual availability level OSA%GT was com-
puted by manually counting the number of products available
on the shelf NGT and dividing this number by the maxi-
mum number of products that can be contained by the shelf
Nmax , i.e.:

OSA%GT = NGT /Nmax × 100 (5)

The discrepancy between the estimated and actual OSA level
at a given observation time t is defined as:

dt = |OSAt%GT − OSA
t
%| (6)

Then, the average discrepancy and standard deviation
between estimated and actual OSA over all the frames of an
acquisition sequence is computed as

Ē =
1
T

T∑
t=1

dt (7)

σ =

√√√√ 1
T − 1

T∑
t=1

|dt − Ē|2 (8)

for t = 1, 2, . . . ,T with T being the number of analysed
frames. The average discrepancy can also be expressed in
terms of absolute error on the estimation of the available
number of products by multiplying its value byNmax . In addi-
tion, the coefficient of determination (r-squared) considering
manual measurements and estimated OSA levels is computed
as a further performance metric.

A. SHELF MODELLING
The shelf model building procedure for pre-packed slices of
Silano cheese stored in a countertop and for a watermelon
basket is shown in Fig. 5 and 6, respectively.
For both product types, a planar model of the shelf is built

based on the plane fitting algorithm described in Section III-
B1 (upper row of Fig. 5 for the cheese shelf and of Fig. 6
for the watermelon basket). To account for sensor noise,
a sequence of frames spanning a few acquisition seconds is
used for estimation of the reference shelf plane model. In this
case, experiments have proven that six images, corresponding
to a time interval of 1.0 s, are enough to filter outlier points
from the input point clouds, giving more robust representa-
tions of the plane parameters.

Once the model of the blank shelf has been computed,
it can be employed to estimate the available quantity of prod-
ucts based on the 2.5D occupancy grid approach, described
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FIGURE 5. Shelf modelling (a)-(b)-(c) and maximum volume estimation (d)-(e)-(f) for a box of pre-packed
Silano cheese on a cheese counter. (a)-(d) Color images with highlighted the shelf Region of Interest (ROI);
(b)-(e) top view of the 3D reconstruction of the shelf ROI; (c) result of plane fitting for shelf modelling in
absence of products; (f) product modelling using 2.5D occupancy grid for maximum volume estimation.

FIGURE 6. Shelf modelling (a)-(b)-(c) and maximum volume estimation (d)-(e)-(f) for a watermelon basket.
(a)-(d) Color images with highlighted the shelf Region of Interest (ROI); (b)-(e) top view of the 3D reconstruction of
the shelf ROI; (c) result of plane fitting for shelf modelling in absence of products; (f) product modelling using 2.5D
occupancy grid for maximum volume estimation.

in Section III-B2. In particular, the maximum product vol-
ume can be computed after full replenishment of the shelf
(lower row of Fig. 5 for the cheese shelf and of Fig. 6 for

the watermelon basket) and is used as the reference volume
Vmax in Eq. 3. Fig. 5 (f) and Fig. 6 (f) show the result of
the grid fitting algorithm for Silano cheese and watermelon,
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FIGURE 7. OSA estimation for different pre-packed cheese varieties. From top to bottom: Silano, Rodez, Scamorza
Bianca, Grated Parmesan. From left to right: color images, occupancy grid-based product modelling and OSA
estimates (gray) compared with ground-truth (black).

respectively. Similar results were obtained for all analysed
product categories.

B. OSA ESTIMATION
Results of tests carried out on cheese counters are reported
in Fig. 7. Four types of pre-packed cheese are analysed,
namely (from top to bottom) Silano, Rodez, Scamorza Bianca
and grated Parmesan. For every product, the first two columns
show a sample image and the corresponding occupancy

grid-based product modelling, respectively. In the third col-
umn, the result of the OSA estimation algorithm (gray line)
in emptying and/or refilling sequences is compared with
the ground truth (black line). Specifically, in each test,
the shelf box is gradually refilled starting from an OOS
condition (OSA% = 0) or emptied after full replenishment
(OSA% = 100). One every sixth frames is processed and
the estimated OSA level is compared with the actual value.
The average discrepancy Ē , the standard deviation σ and the
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FIGURE 8. OSA estimation for different fruit varieties. From top to bottom: watermelons, peaches, plums and persimmons. From left to right: color
images, occupancy grid-based product modelling and OSA estimates (gray) compared with ground-truth (black).

FIGURE 9. Example of OSA estimation for pre-packed artichokes on a vertical shelf (red rectangle), using a forward-looking camera
configuration. In (a) the system reports a full product availability with an OSA estimate of 99.5%. However, once the foremost product row has
been removed (b), it appears that only a few misplaced product units are actually available. The indication of the OSA level can be therefore
misleading in such cases due to occlusions. Nevertheless, the system can be still effectively used for OOS detection, as in the case of figure (c),
where all product items have been removed from the shelf.

r-squared coefficient are then computed. Numerical results
for all tests are collected in Table 1. It can be seen that a
maximum average discrepancy of about 5.0% is obtained for
the Rodez cheese, which for a maximum number of products
in the shelf box Nmax = 15 corresponds to an average
error of 0.75 (i.e., less than 1 product) over the estimated

number of available items. An r-squared coefficient higher
than 0.98 is reached for all tests showing a good agreement
between estimated and ground truth OSA values.

Experiments carried out for different fruit types, namely
(from top to bottom) watermelons, peaches, plums and per-
simmons, are shown in Fig. 8. Starting from anOOS situation,
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TABLE 1. OSA estimation for different cheese types: error analysis.
Average error Ē , standard deviation σ and r-squared coefficient between
estimated and actual OSA percentage.

TABLE 2. OSA estimation for different fruit types: error analysis. Average
error Ē , standard deviation σ and r-squared coefficient between
estimated and actual OSA percentage.

the boxes are gradually replenished reaching the condition
of full product availability. Numerical results are reported
in Table 2. A maximum average discrepancy of about 2.5%
is reached for Persimmons, which for a maximum number of
available productsNmax = 30 corresponds to an average error
of 0.75 (i.e., less than 1 product) over the estimated number of
available items. An r-squared coefficient higher than 0.99 is
reached for all tests.

As previously noticed, the proposed system is independent
of the orientation of the shelf in space and in particular it
can be adopted for vertical shelves. A sample sequence is
shown in Fig. 9 for pre-packed artichokes. Initially, the sys-
tem estimates a product availability of 99.5% (Fig. 9(a)),
since, from a frontal camera view, the shelf appears as fully
replenished. However, after removal of the foremost product
row, it appears that only a few misplaced product packages
are actually available (Fig. 9(b)), showing that for vertical
shelves, the indication of the OSA level may be misleading
due to occlusions. Nevertheless, the system can be still suc-
cessfully adopted for early OOS detection, as shown in the
frame of Fig. 9(c).

V. DISCUSSION AND CONCLUSION
Anovel framework to estimate online the on-shelf availability
of products in a retail environment, based on 3D data provided
by an Intel RealSense D435, is proposed. The system is
intended to early detect out-of-stock events, as well as to
provide continuously updated information on product avail-
ability for e-commerce apps and stock inventory purposes.
Experimental results obtained in a real point of sale are
presented to demonstrate the performance of the proposed
approach. It is shown that the system is able to accurately
estimate the on-shelf availability percentage of different types
of fresh products with a maximum average discrepancy
between estimated and actual OSA percentage of about 5.0%
with respect to the actual one and an absolute error over
the estimated number of products less than one unit for all
the tested item categories. The coefficient of determination

considering manually measured and estimated OSA levels
appears also high, with values higher than 0.98 in all test
cases. Overall, it is shown that the proposed framework is
effective for online estimation of product on-shelf availability
in a non-invasive and automatic way.

The system exploits 3D sensory data acquired by a
consumer-grade RGB-D sensor (worth a few hundred Euros)
as the only input. This proved to be a good trade-off between
performance and cost-effectiveness. Obvious improvements
would derive from the adoption of higher-end depth cameras
available on the market, ensuring more accurate and less
noisy depth estimation. However, vision-based approaches
typically suffer from errors due to occlusions and under/over
exposition. An optimal placement of visual sensors and light-
ing sources (such as shelf lighting) would be beneficial to
maximize the camera coverage with good illumination con-
ditions. The integration of complementary sensor types, like
load or IR sensors, can be also considered to enhance the
overall system reliability. Compared to most of previous
approaches, one advantage of the proposed framework is that
it does not require a priori knowledge of shelf or product
characteristics, whereas the only assumption is that the shelf
can be modelled as a planar surface whose parameters are
learnt via an initial automatic calibration phase. In the cur-
rent system implementation, the segmentation of different
product categories within the camera field of view is based
on manual segmentation of the RGB image returned by the
sensor. However, the adoption of automated image segmen-
tation techniques is under investigation to further reduce
the need of human inputs. Further work will regard the use
of RGB information in addition to 3D data for tasks such
as automated product identification, detection of misplaced
products or product occlusions and planogram compliance
verification in general. Future research objectives will also
deal with the integration of the proposed method on-board
mobile platforms such as mobile robots or smart shopping
carts to reduce the need for environment infrastructuring and
increase the overall system flexibility.
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