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Abstract - Remote environmental and industrial sensing
based on multi-spectral or radar imaging today plays an
important role in ensuring sustainability and protection of
natural resources, in saving time and energy in industry and
agriculture, and in many other applications. Numerous
examples of such systems exist which provide information
like product quality to manufacturers, crops growth
parameters to farmers or structural integrity details to civil
engineers. With recent developments in electromagnetic
millimetre-wave (mm-wave) technology and artificial
intelligence implementation, short range mm-wave remote
sensing is experiencing strong growth with the market
dictating new applications with increasingly higher levels of
system autonomy. The objective of this paper is to
demonstrate methodology and hardware used in shortrange radar sensing and use it to build-up a database of
scattering images which will allow us the extraction of key
signal parameters for particular objects and subsequently
allow autonomous object classification using machine
learning principles.
Keywords – short-range radar, FMCW radar, radar
imaging, object classification

I.

INTRODUCTION

The idea of short-range microwave radar systems with
IoT communication possibilities has the potential to
improve the quality of service in many areas ranging from
security and surveillance to healthcare, agriculture and
infrastructure monitoring. Technology of these radar
systems is developed primarily in connection to certain
fields of application and major advances have been made
in detection of vital signs [1–4], structural health
monitoring [5-7], different kinds of gesture detection and
characterization [8,9] and in all kinds of ranging and
tracking applications [10,11] where radars for autonomous
vehicles are the most common example [12-14].
Significant advancements are related also to synthetic
aperture radar (SAR) and inverse synthetic aperture radar
(ISAR) which are being used not only in classic terrain
imaging applications, but also in indoor localization,
target tracking, fall detection, etc. [15,16]
These advancements have been further enhanced by
increased use of conventional machine learning (ML) [1719] algorithms to optimize the desired application. Most
commonly used algorithms were support vector machine
(SVM) [20], dynamic time warping (DTW) [21] or
random forest classifier [18]. However, the drawbacks of
ML approaches such as lack of robustness, required high
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level of apriori knowledge and dependability on the
quality of the original dataset, have prompted recently
increased interest in deep learning (DL) approaches [22],
which can avoid these limitations. Through hierarchical
architectures DL approaches extract different problem
features automatically and by doing so apriori specific
knowledge is not necessary. Deep learning techniques
have accelerated development in numerous fields [23] and
even very complex problems related to difficult
classifications and similar can be tackled [24,25].
Our aim is to develop a low-cost short-range radar
system for autonomous object classification using
frequency modulated continuous wave (FMCW) radar
system. In order to apply deep learning techniques for
classification it is still necessary to build a comprehensive
database of radar scattering images and this is the focus of
this paper where we will demonstrate the basic design of
the radar itself, modifications with respect to classic
FMCW architectures and obtained scattering images.
Several databases are mentioned in the literature [26,27],
however, due to differences in used equipment, lack of
normalization, different frequency ranges, etc., it is
difficult to combine and use these results in new studies.
The paper is organized in the following way; in
Section II, an overview of the used FMCW architecture is
given with the highlight on the used polarimetric diversity,
followed by Section III where results of the measurements
are presented and analysed, again with a special focus on
results obtained for different polarizations. Finally, the
obtained results are discussed with the perspective of
future work in Conclusion.
II.

PRINCIPLES OF FMCW RADAR

Classic CW radar system uses a known microwave
frequency signal, transmits it in the desired direction and
captures the reflection of the signal from the objects
which are present in the radar field-of-view. Depending
on the desired application, the signal can be purely
continuous (unmodulated) or modulated, which leads to
two most common types of radars, Doppler mode radar
and frequency modulated continuous wave (FMCW)
radar.
Doppler radars are based on single frequency signal
which thanks to Doppler effect is shifted in reception
when the target is moving. This type of radar can be
realized at very low-cost and it is found in many devices
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and applications which require detecting moving objects
or for measuring object velocity. However, Doppler
radars cannot determine the distance from the object or
measure certain parameters of an object (size,
composition, etc.). For this reason, we will focus on
FMCW architecture as the basis of our radar system.
FMCW based radar transmits a signal with a known
frequency modulation, typically triangle, sawtooth, or
sinusoidal. Local oscillator (LO) signal is transmitted and
when reflected from a target it is received with a delay
with respect to the original LO signal. Using principle of
homodyne detection, the delayed reflected signal and LO
signal are mixed in the receiver producing baseband
signal corresponding to the frequency shift (so called beat
frequency Δf or fB). Beat frequency is then proportional to
the time delay Δt knowing that

,

(1)

where T is the modulation period and B is the sweep
bandwidth. The range to target can then be expressed as

(2)
Complete architecture of the FMCW system is shown in
Fig. 1. Depending on the application this baseband signal
is then processed further, either in analogue or digital
domain.
In our case, the FMCW radar is based on the well known
MIT scheme developed by G. Charvat [28] operating at
2.4 GHz. With respect to the classic measurement
scheme, we also employ polarization change (both Tx
and Rx polarizations can be manually changed, and any
linear polarization can be achieved) in order to acquire
more information on the target object/objects which will
lead to a more successful classification later. Used
FMCW radar system was built using commercial
components and it works at 2.4 GHz with sweep
bandwidth of 200 MHz (based on this sweep bandwidth,
the expected range resolution of the system is ΔR =
c/(2Δf) = 0.75m).

All components were separately tested to ensure the
required sweep bandwidth and to set the output power to
10 dBm. This limits the maximum range of the radar due
to signal loss to approximately 40m in our test cases.
Obtained baseband signal is passed through AD converter
and recorded as audio stream for further processing. In
the detection process, the received signal is multiplied by
the window function and transformed into frequency
domain by utilizing the FFT operation. This gives us the
beat frequencies corresponding to the range of the target.
III.

RESULTS

Primary objective of this work is to acquire a series of
radar scattering images for different objects and
polarizations in order to form a database which will serve
in developing and training the classification algorithms.
The goal is to test the system with the same objects in a
closed laboratory environment with minimum
interference and open space scenario where different
interfering signals and reflections are possible.
First recording session in the lab environment (semiclosed anechoic chamber) revealed the limitations of the
space since there was not enough room to position the
radar at a reasonable distance from the objects. Fig. 2.
shows the momentary IFFT spectrum for a large metal
box placed 2 m from the radar antennas.

Fig. 2. Output from the IFFT block in FMCW processing showing the
detected beat frequencies in baseband for measurement in the lab
environment.

Fig. 1. FMCW radar principal components and layout
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Fig. 3. Range diagram for a stationary object in indoor environment
(horizontal polarization).

When the beat frequency is translated into range and
plotted vs. time we obtain Fig. 3. where it is very difficult
to detect any information due to high level of clutter and
noise. This can be mitigated to some level by using
certain processing techniques, different kinds of
windowing and similar. One commonly used is coherent
change detection (CCD) [28,29] which is applied to
improve detection of moving objects by subtracting the
previous signal from the current one. That way only
changes in the recording are identified and it is easier to
detect moving objects. This is visualized in Fig. 4. where
the object (metal box) is moving away and towards the
radar in outdoor environment. The first image Fig. 4.a
shows the case when no CCD is applied, and Fig. 4.b.
shows the results with CCD, clearly showing the benefit
of such processing since a significant clutter reduction is
achieved. If the application requires the image in Fig. 4.b.
can be analyzed further and also the speed of the object
can be easily determined from the slope in this range vs.
time display.
The results so far were a reconstruction of similar tests
from the literature in order to verify the functionality of
the developed radar system and data processing. The
following recordings reveal the added information which
can be gained by using multiple polarizations which in
return should enable the upcoming steps related to object
classification.
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(a)

(b)
Fig. 4. Range detection (horizontal polarization) for a moving object; (a)
without CCD, (b) with CCD.

Fig. 5. reveals the difference between the horizontal and
vertical polarization recordings when a person is walking
away and towards the radar for the case when no CCD
processing is applied. The same is repeated in Fig. 6. with
CCD applied. Although the difference between
polarizations is quite small there is a visible difference
which can be extracted and our preliminary testing with
different objects has revealed that particular shapes will
have a dominant relation between polarization results
which will be used in our classification process.
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(a)

(a)

(b)
Fig. 5. Range detection for a moving object; (a) horizontal polarization
without CCD, (b) vertical polarization without CCD.

(b)
Fig. 6. Range detection for a moving object; (a) horizontal polarization
with CCD, (b) vertical polarization with CCD.

IV.

CONCLUSION

As indicated in the Introduction there is a growing
interest for using radar sensing in various applications
other than automotive industry and terrain mapping. With
the increased availability of required electronics and
reduced prices, even low-cost devices are becoming
possible, and in this paper our first goal was to
demonstrate the basic principle of low-cost FMCW radar
in S-band that can be applied in various application
scenarios. In particular, we focus on building a database of
moving objects recorded using FMCW radar with various
antenna polarizations. Several radar recordings are shown
here indicating small, but visible differences between
results obtained using different polarizations. These and
other recorded signals will be utilized in future steps to
autonomously classify different objects and the
knowledge gathered in these scenarios will be used in
radar sensing at higher mm-wave bands.
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