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Abstract—In this paper, a robust, easy-to-deploy UHF-RFID
system to classify transpallet actions at gates or checkpoints
has been presented. The system is based on deploying a set of
reference RFID tags on the floor of the checkpoint arranged in a
matrix form. In addition, a single RFID reader antenna, which is
over the checkpoint, is used to query both the reference tags of the
system and those that are used identify goods and transpallets.
When a transpallet crosses the controlled gate or checkpoint,
it directly blocks the reference tags under it. Hence, reference
RFID tags under the transpallet are progressively shadowed. As
a consequence, if the number of readings of each reference tag is
observed versus time, the movement direction of the transpallet
can be inferred. This information was used to build images which
are then fed to a Convolutional Neural Network (CNN) that
classifies transpallet movements in incoming, outgoing or passing
through the controlled checkpoint. A total of 159 measurements
were acquired for different transpallet trajectories using 24
reference tags and a CNN was trained showing promising results.

Index Terms—RFID, CNN, action classifier

I. INTRODUCTION

Radio Frequency IDentification (RFID) technology has con-
tributed to the development of a wide range of applications in
retail [1]- [2], healthcare [3]- [4], manufacturing, supply chain
and logistics [5]. In particular, in supply chain applications
sometimes it could not be necessary to measure the good
position in real-time through localization systems [6], but
rather to identify specific actions such as entering or exiting
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from a warehouse area. In this regard, different approaches
were proposed to implement UHF-RFID gates in the points of
interest across the supply chain. Some of them were based on
creating controlled reading zones isolated from their surround-
ings by using tunnel gates [7]. Others rely on extra hardware
(e.g. motion sensors or cameras) to determine when a cargo
was crossing a point of interest [8]- [9]. Although effective,
those solutions require extra space, cost and complexity, which
in case of using cameras may also raise privacy concerns.
Another solution employed the signature captured from dif-
ferent reader antennas to estimate the movement direction of
tagged goods [10]. Other authors proposed the use of low-level
parameters extracted from the reader measurements such as the
Received Signal Strength Indicator (RSSI) or the timestamps
indicating when the data were acquired [11]. Alternatively,
the phase of the tag backscattered signal can be employed, by
taking advantage from the good movement through a forklift
[12] or along a conveyor belt [13].

Recently, machine learning methods were used in the con-
text of RFID systems for localization purposes [14]- [2] and
to discriminate tag actions in UHF-RFID gates [15]. This
paper presents an innovative approach to classify transpallet
movements at checkpoints by using a Convolutional Neural
Network (CNN) [16]. CNNs, which have been successfully
used for pattern and image recognition among other appli-
cations [17], have multiple layers whose purpose is to extract
meaningful features from input data. In particular, convolution
operations are performed to the input data by means of several
filters [16]. The proposed system uses a CNN which employs
the data obtained using a single RFID reader antenna and a
set of reference tags in order to classify the movement of
transpallets. In particular, incoming, outgoing and passing (i.e.
moving goods which do not cross the RFID gate) actions are
distinguished.

The paper is organized as follows: Section II presents the
classification method description and Section III describes the978-1-7281-0589-5/19/$31.00 ©2019 IEEE



results of the experimental analysis. Finally, the conclusion is
drawn in Section IV.

II. METHOD DESCRIPTION

The proposed system relies on the use of a single RFID
reader antenna and several RFID reference tags. The latter are
deployed below the antenna and arranged in a matrix form
as depicted in Fig. 1. The working principle is based on the
fact that when a transpallet or a metallic cart moves over the
reference tags, it blocks the line-of-sight between them and
the reader antenna. Therefore, the tags which are under the
transpallet are shadowed until the transpallet passes through,
producing a particular signature that can be used to classify the
transpallet action: incoming, outgoing or passing. The concept
of shadowing in RFID systems was previously used in [18]-
[19] in device-free localization.

RFID antenna

Reference RFID tags

Incoming 
goods

Outgoing 
goods

Passing
goods

Fig. 1. Basic scheme of the proposed system. Incoming, outgoing
and passing movements are shown in red, blue and green arrow,
respectively.

The shadowing of reference tags produced by the transpallet
movement can cause several effects which are listed below:

• Reduction of collected RSSI samples.
• Significant decrease of tags readings number when the

transpallet is moving.
• Missing reads of tags right under the cart.
Specifically, we use the evolution of the number of readings

of each reference tag with time to classify transpallet actions
(RSSI is more affected by multipath). In particular, as the
reader is continuously querying tags, the number of readings
of each reference tag is grouped in predefined time slots. The
duration of the time slots, denoted as twin, must be long
enough so that all the reference tags can be read within each of
them. On the other hand, its duration should not be too long,
since in that case the signature produced by the transpallet
movement would vanish.

Right after a transpallet moves over the reference tags, the
number of readings of each reference tag within the different
time slots is arranged in an image form. The obtained image,
which summarizes the retrieved information of the transpallet

movement over the reference tag, is then used as the input of
a CNN in charge of classifying the transpallet action.

The measurement setup used to test the proposed method,
which consisted of 24 reference tags arranged in 4× 6 matrix
form and a single reader antenna, is depicted in Fig. 2. The
space between tags was 30 cm (in order to reduce the coupling
between them) and the width of the metallic cart was 38 cm.
It must be pointed out that the separation between tags should
be smaller than the width of the cart or transpallet, so it cannot
pass between tags without shadowing them. In addition, it
should be noted that in a warehouse scenario usually the width
of the transpallet or cart carrying goods would be larger than
38 cm, yielding a more visible signature as more tags would
be shadowed.
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Fig. 2. Measurement setup at the facilities of the University of Pisa.
Reference tags numbering is shown to ease the interpretation of the
results.

An example of the images which summarize the retrieved
information of the transpallet movement for an incoming, an
outgoing and a passing trajectory are depicted in Fig. 3a, 3b
and 3c, respectively. The images were obtained using the setup
shown in Fig. 2 by moving a metallic cart. As can be observed,
there is a significant reduction of the number of readings of
the reference tags when the cart moves over them (dark-blue
pixels of the images), which is followed by an increase of the
readings as the metallic cart continues its movement outside
the check point defined by the grid of reference tags.

An example of these images for an incoming movement,
an outgoing trajectory and a passing one are depicted in Fig.
3a, 3b and 3c, respectively. The images were obtained using
a total of 24 reference RFID tags arranged in 4 rows and six
columns, as will be described in Section III, moving a metallic
cart. As can be observed, there is a significant reduction of the
number of readings of the reference tags when the cart moves
over them (dark-blue pixels of the images), which is followed
by an increase of the readings as the metallic cart continues



its movement outside the check point defined by the grid of
reference tags.
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Fig. 3. Number of readings of each reference tag for the different
time slots using twin = 400ms for an incoming (a), outgoing (b)
and passing (c) movement of the metallic cart.

III. EXPERIMENTAL ANALYSIS

In order to build a data set to train and test the CNN, 159
measurements were performed. Among those measurements,
50 were incoming movements, 49 were outgoing trajectories
and 60 were passing ones. The gathered data were randomly
distributed in two groups: the first one (with 60% of the
data) to train the network and the second one (with the
remaining 40%) to test its performance. The CNN was trained
for different sizes of the filters of the convolutional layer and

for a different duration of the time slots, twin. Results are
summarized in Table I, where the test accuracy for the different
configurations is shown. As can be seen, for twin = 400ms
and a filter of 7×7 size, a test accuracy of 1 is reached.
Therefore, although the size of the data set was modest, the
obtained results using the proposed system are promising.

TABLE I. Test accuracy

Size of the filter
twin (ms) 4×4 5×5 6×6 7×7 8×8 9×9

200 0.922 0.922 0.953 0.969 0.984 0.953
400 0.938 0.922 0.969 1 0.953 0.984
600 0.922 0.953 0.891 0.938 0.906 0.906

Finally, once the action of the transpallet is classified, it is
necessary to determine which goods were being transported.
In order to do so, it is possible to track the phase history
of tagged goods and compare it with the one of the tag of
the transpallet. With the purpose of validating this approach,
during the measurements a set of static tags was deployed to
resemble static goods in the surroundings of a check point.
In addition, two tags were attached to the metallic cart to
simulate a tagged transpallet and the transported goods (see
tags on the wood support in Fig. 2). The obtained phase history
for the deployed tags for an outgoing trajectory is depicted
in Fig. 4. As can be seen, the phase history of static tags is
approximately flat whilst the phase history of the tags attached
to the cart shows two clear stages. First, the phase grows as the
cart moves towards the RFID antenna over the reference tags.
Second, it decreases as the cart leaves the antenna behind. As
a consequence, static goods can be distinguished from goods
on a transpallet crossing a checkpoint by comparing the phase
history of the tag of the transpallet with the phase history of
other detected tags corresponding to goods.
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Fig. 4. Phase history of three static RFID tags and two tags attached
to the moving metallic cart during an outgoing trajectory.

IV. CONCLUSION

In this paper, a novel UHF-RFID system to classify transpal-
let actions at gates or checkpoints was proposed. The required
hardware to deploy the system is minimal. It relies on the use
of only one reader antenna and a set of RFID reference tags



which are deployed on the floor of the controlled checkpoint
arranged in a matrix form. Using this setup, when a transpallet
moves through a check point, it shadows the tags underneath
it. This shadowing effect results in a reduction in number
of readings of shadowed tags, yielding a signature of the
transpallet movement. In particular, the number of readings of
each reference tag (grouped in time slots) was used to create
images which are used to feed a CNN, which is able to classify
transpallet movements as incoming, outgoing or passing.

The proposed approach was tested deploying a total of 24
reference RFID tags and a metallic cart was used to perform
159 different trajectories (incoming, outgoing and passing).
The obtained data was aggregated using different time slots
duration and for several parameters of the CNN. Results
show a promising performance in terms of validation accuracy.
Finally, the phase history was used to discriminate the moving
goods from static ones, whose phase history is approximately
flat.
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