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Abstract— Radar cross section (RCS) is a measure of the
reflective strength of a radar target. Chipless RFID tags use this
principle to create a tag that can be read at a distance without
needing a power-hungry radio transceiver chip and/or battery. A
chipless tag consists of a pattern of conductive and dielectric
materials that backscatter electromagnetic (EM) waves in a
distinctive pattern. A chipless tag can be read and identified by
analysing the reflected waves and matching it with a predefined
EM signature. In this paper, for the first time, several regression-
based machine learning (ML) models are evaluated to detect
identification and sensing information for an RCS-based chipless
RFID tag. The simulated EM RCS signatures containing an 8-bit
identification code and six capacitive sensing values are evaluated.
The EM RCS signatures are evaluated within the UWB frequency
band from 3.1 to 10.6 GHz. A dataset of 1,530 simulated signatures
with relevant features are utilised for model training, validation,
and testing. Root mean square error (RMSE) is used as the
quantitative metric to evaluate their performance. It is found that
Support Vector Regression (SVR) models provide the minimum
RMSE for the identification code. At the same time, the Gradient
Boosted Trees (GBT) regression model performed better in
detecting the sensing information.

Index Terms— Chipless RFID, Electromagnetic Signatures,
Machine Learning, Radar Cross Section, Regression, Supervised
Learning.

I. INTRODUCTION

Passive RFID can be divided into traditional chip-based and
chipless RFID (CRFID). The main difference is that with a
traditional RFID tag, sensor integration, wireless data
modulation, and data storage are all handled on-chip [1-5]. In
contrast, a CRFID tag does not require a chip or battery to
function. By altering the tag’s structural features, which also
regulate its resonant characteristics, data can be encoded,
creating a means for passive data encryption in the
backscattered Electromagnetic (EM) waves [6-8]. The reader’s
data processing methods are the only means through which the
encoded information on the tag may be retrieved (See Fig. 1).
Numerous applications that call for low-cost, reliable, and fully
printable identifying and sensing tags have succeeded with
CRFID technology [9, 10]. The absence of chip, battery, and
other electronics provides CRFID tags with added versatility in
harsh and dynamic environments as compared to chipped
counterparts [11]. Based on the design and detection
mechanism, CRFID tags are categorized into time-domain
reflectometry-based, spectral-signature-based, and hybrid-
based tags [6]. In this paper, the Radar Cross Section (RCS)
spectral-signature based tags are considered.
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Fig. 1. Overview of the machine learning assisted RCS based CRFID system.
(VNA: Vector Network Analyzer)

RCS is a measure of the reflective strength of a radar target
and is measured in square meters (sm). In an RCS CRFID
system, the tag acts as the radar target. When a plane wave
interrogates such tag consisting of an array of resonant elements,
a frequency selective reflection is achieved, creating peaks and
troughs in the frequency response. The presence or absence of
resonance peaks associated with the resonators of the tag is used
to encode bit information ‘0’ or ‘1’ (see Fig. 1). A binary
sequence can thus be generated and utilised to create different
Identification codes (IDs). The operating frequency band, tag
size, number of resonators, and encoding techniques determine
the number of IDs that can be encoded using a CRFID tag.
Sensing features can also be added by loading one or more
resonators with certain materials which have electrical
properties that vary in response to external stimuli or
surrounding environmental conditions, resulting in a change in
the tag’s overall RCS response [9]. The backscattered signals of
the tags are typically prone to background clutter, noise and
interference affecting the RCS response (i.e., resonant
frequencies, magnitudes, and phases) [12, 13]. This may lead to
an inaccurate detection of the information carried by the tags.

In order to develop a reliable identification and sensing
system, accurate detection of the tags backscattered signal is of
paramount.



Several studies have applied supervised machine learning and
deep learning algorithms to overcome the above challenge. The
pattern classification capability of such techniques can mitigate
the challenge mentioned above, paving a way to a robust
chipless reading system [12-18]. For example, in [16], the
authors use an RCS-based tag for gesture recognition. The tag
is developed using three split ring resonators to create a specific
3-bit EM signature in the backscattered EM wave. A Feed
Forward Artificial Neural Network (ANN) is utilised to train the
models and to classify the eight possible combinations. Further,
in [17], the authors utilize a deep learning-based security model
to provide a high accuracy of above 93%, when classifying a
cloned tag from the genuine CRFID tag even in the presence of
additive RF interference in real-time.

In [12], the authors use RCS-based tags to develop a
segregation system for a plastic recycling application. A
Random Forest classifier is used and trained with a dataset
consisting of 300 data points to detect two plastic types (2 IDs).
The authors achieved an accuracy of 90% when classifying the
two plastic types from homogenous bales. In another scenario,
for non-homogeneous bales an accuracy of 65% was achieved.
These papers, however, are limited to the number of IDs used
for training. These papers also lack an efficient model
evaluation for a given sensing technique. However, to develop
high data storage capacity CRFID sensor tags for various loT
(Internet of Things) applications, it is essential to evaluate cases
with relatively higher number of ID’s and sensing capability.

In this paper, for the first time, machine learning models are
trained to detect a higher bit capacity CRFID sensor tag
compared to works already presented in the literature. This work
considered an 8-bit capacity (ID 1 - 255) tag with six possible
sensing states (0.1, 0.2, 0.3, 0.4, 0.5, and 0.6 pF) for each ID. In
this work, unlike above papers, the dataset is built using 1,530
different EM signatures. Also, unlike [12] this work does not
use ML methods to classify between two classes (i.e. material
types), but relies on regression methods to directly predict
continuous values (IDs and sensing value). The objective of the
paper is to assess and compare various ML regression models to
investigate which one best fits the provided EM signatures and
patterns.

II. CRFID TAG TOPOLOGY

For this study, the RCS-based CRFID tag design that we
previously developed in [8] is used. As shown in Fig. 2(a), the
tag consists of a calibration ring at the outermost edge, a sensing
ring at the innermost edge, and eight rings in between for 8-bit
data encoding. The tag is printed on a 1-mm thick FR4 substrate
(& = 4.6 and tan 8 = 0.025) having a copper thickness of 0.035
mm. The information from the tag is retrieved by observing its
RCS. As introduced in [8], the presence of the ring and its
associated trough is utilised to represent bit ‘1’ and their absence
is used to represent bit ‘0°. CST Microwave Studio software was
used to simulate the tag [19]. A vertically polarized plane wave
was used to excite the tag remotely, and an RCS probe was used
to obtain the RCS of the tag. One example of the tag RCS
response is shown in Fig. 2(b) for a tag carrying an encoded
information ‘11111111 with four sensing states.
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Fig. 2. (a) Topology of CRFID tag used in this study (.= 10.85 mm). (b)
Simulated EM RCS response representing ‘11111111 with capacitive sensing
mechanism.

As mentioned, the innermost ring, which is associated with
the last trough, is used for sensing. The frequency shift in the
location of the last trough is used to indicate the change in the
target sensing parameter, which is demonstrated in this case by
varying the value of the capacitor on the innermost ring. It can
therefore be understood that two forms of data encoding
techniques are used in this tag: Amplitude Shifts for the
identification data and Frequency Shifts for the sensing data.
More details on the tag design and its working principles can be
acquired from [8].

III. RESEARCH METHODOLOGY

In supervised learning, a model is trained to utilise direct
feedback from provided labelled datasets and outputs.
Applications for supervised learning include outcome
prediction and data classification. Based on the task that the ML
model needs to perform, one can either use classification or
regression models.

In this paper, regression models are used for our dataset as
the ML model is asked to predict a numerical value from some
given inputs. To solve this task, the learning algorithm is asked
to output a function fi R, — R [20]. Four different popular ML
models were evaluated for our dataset, namely, Support Vector
Regression (SVR), Decision Trees (DT), Gradient Boosted
Trees (GBT), and Random Forest (RF) [21].



A. Machine Learning

The input dataset for our ML models was attained from CST
EM simulations. All 1,530 EM signatures were obtained from
simulations consisting of ID 1 — 255 and six sensing states for
each ID (corresponding to 0.1 — 0.6 pF capacitances). Tag ID-0
is not considered in the dataset, as it would be specific to only
sensing points. EM signatures distributed along 3.1 to 10.6 GHz
band were normalized into 1001 frequency sampling points, and
the RCS magnitude was measured in decibels as dBsm. Further,
the magnitude RCS response was used to acquire several
relevant features to increase the data for training the models.
Features such as min, max, mean, standard deviation, skewness,
peaks, kurtosis, coefficient of variation (CV), root mean square
(RMS), peak-to-peak, and signal magnitude area (SMA) were
considered for feature extraction.

These features were first extracted for all samples for each
EM signature, and then for samples relevant to the frequency
samples needed for sensing and identifying each bit (Shown in
Fig. 3). In accordance with the encoding principle, the samples
relevant to identify the presence and absence of troughs, which
corresponds to bit-1 and bit-0 respectively, were chosen.
Therefore, a total of eleven features for each sampling band
(e.g., eight bands for the IDs, and one band for the sensing
value) plus for the whole signal were obtained. An example of
the sampling bands are shown in Fig. 3 for Tag ID 255 with a
sensing value of 0.6 pF.

As aresult, the input dataset consists of 110 relevant features
extracted from the RCS magnitude EM signatures. Python is
chosen to develop the models. A total of 1,530 EM signatures
were used in the final dataset. The dataset was split into 80% for
the development set, and 20% for final testing, with the
development set split 75/25 in training and validation sets, as
shown in Fig. 4. The values of the dataset’s numeric columns
were then converted to a standard scale by normalization, which
prevented information loss or distortion due to variances in the
ranges of values. The standardization of value is achieved by
equation (1), where ‘N” and ‘A4’ are the normalized and actual
values, respectively.
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Fig. 3. Representation of the simulated RCS EM Signature sampling blocks
that were considered during feature extraction.

The following process is followed to develop our ML
regression models, where ‘X’ represents the input RCS
magnitude values, ‘y’ represents the output labels consisting of
the tag ID (1-255) and the sensing capacitance values (0.1 to 0.6
pF for each ID):

e The model is trained on the training dataset (X _train,
y_train);

e A grid search is used during training to select the optimal
hyper-parameters and features (Fig. 4) for each model;

e The model is checked for overfitting using the validation
dataset (X_val);

e If overfitting does not occur, the model is trained on the
development set using the optimal hyper-parameters
defined in the previous step (X _dev, y_dev);

e The model makes predictions on the unknown test
dataset (X _test) and the predictions are evaluated using
RMSE scores.
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Fig. 4. Basic flow diagram of the overall machine learning process.



The validation set was used to make sure the models did not
overfit, e.g. the model becomes too specific to the training
dataset and does not generalise well to new unseen data. Due to
the two different encoding techniques, two separate models are
developed for the tag ID and capacitive sensing. Feature
selection was included in each model, so that only the most
relevant features from the input dataset were utilised for
developing the model and avoid overfitting.

In order to fit the data and eliminate the irrelevant features,
the Recursive Feature Elimination with Cross Validation
(RFECV) approach is used. Cross-validation is used with RFE
to score several feature subsets and choose the top scoring
collection to determine the ideal number of features. Further, a
grid search approach with a 10-fold cross-validation was
performed to use the best hyper-parameters for each model (Fig.
4). As shown in Table I, the quadratic scoring metric known as
RMSE given by Eq. (2) was utilised to evaluate model
performance. In terms of outliers, RMSE penalizes their
existence by generating huge errors. Hence, as in our case, it is
helpful when huge inaccuracies are not desired.

RMSE = =37, (y; — 9;)? )

Where 7 is the number of observations, y; is the actual value,
and y; is the predicted value.

RMSE calculates the average magnitude of the errors. It is
the average of the squared deviations between the predicted
results and actual observations. Each model was evaluated for
RMSE on all training, validation, and test sets [21].

IV. RESULTS

Based on the training and validation dataset RMSE scores
the best hyper-parameters were selected to evaluate the RMSE
for test dataset (Table I). It is observed that the SVR model
performed well on the ID and sensing data. The results show
that the model can accurately predict the unknown test data set.
A minimum error of 1.32 on the test set was observed for the tag
ID task, which means the models are predicting quite
reasonably. Indeed, the normalized RMSE (using the max and
min output values, respectively 255 and 1) is calculate as
1.32/254 = 0.52%. Further, the DT and RF models performed
poorly with the given data. It is observed that the error increased
significantly for ID detection, while there was a slight increase
in sensing error. Lastly, GBT regression was utilised, and as
seen the results for the sensing improved significantly to 0.032
pF. The normalized RMSE in this case was approximately 6.4%.
This is vital in developing models with high resolution sensing.
The RMSE for ID, however, increased compared to SVR. It can
be concluded that two different independent models are required
to detect ID and sensing (capacitance) values on the adopted
chipless RFID sensor tag. Moreover, it is seen that all the
models were able to generalize to new data well, implying a
good progress towards a machine learning assisted chipless RF
identification and sensing detection system.

Table 1. Summary of RMSE results for the evaluated ML models

Tag ID Capacitive Sensing (pF)
Model . .
Training Val* Test Training Val* Test
SVR 1.56 1.84 1.32 0.062 0.065 0.069
DT 9.27 9.06 9.14 0.098 0.111 0.119
RF 11.34 11.25 12.9 0.089 0.094 0.092
GBT 1.60 2.24 234 0.019 0.038 0.032

Best results are highlighted in bold (*Validation)

V. CONCLUSION AND FUTURE WORK

In this paper, the performance of four different well-known
ML regression models were evaluated. For the first time
reported in the literature, these regression models are evaluated
to detect 8-bit ID and sensing information for an RCS based
CRFID sensor tag. Each ID has six sensing states contained in
the same EM signature. The EM signatures in the given input
dataset consisted of peaks and troughs in the simulated RCS
signature. The trough's presence, absence, and frequency
shifting represented the logic-‘1’, ‘0’, and sensing points,
respectively.

It is observed that low RMSE values are obtained by training
two different ML models for ID and sensing values. The SVR
model performed better for ID detection with an RMSE of 1.32,
while GBT achieved the lowest RMSE for sensing detection at
0.032 pF. The next step is to evaluate these models with
measured datasets. Further, a measured dataset of all the tag IDs
and sensing states will be utilised for the training and testing of
the models. The intention is to utilize this knowledge to develop
and adopt several other ML models, including neural networks,
and probabilistic models like Gaussian process to reduce
detection errors.

The future models will also include the measured data such
that the models can be developed with several changing
parameters (i.e., read range, tag alignment, RF noise, etc.). The
goal is to show that the tag can be detected with the correct ID
and high-resolution sensing information on several IoT
platforms (when the sensor tag is placed in close proximity with
objects of varying dielectric properties such as conductivity,
permittivity, and permeability) where the effects of clutter,
frequency, phase, and amplitude shifts are also taken into
consideration.
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