
This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2021.3080655, IEEE Access

                                                                                       
 

VOLUME XX, 2017   1
                                                                                                                                

Date of publication xxxx 00, 0000, date of current version xxxx 00, 0000. 

Digital Object Identifier 10.1109/ACCESS.2017.Doi Number 

Human Presence Sensing and Gesture 
Recognition for Smart Home Applications with 
Moving and Stationary Clutter Suppression 
Using a 60-GHz Digital Beamforming FMCW 
Radar 
PRATEEK NALLABOLU1, (Student Member, IEEE), ZHANG LI2, (Student Member, IEEE), 
HONG HONG2, (Senior Member, IEEE), AND CHANGZHI LI1, (Senior Member, IEEE)  
1Department of Electrical and Computer Engineering, Texas Tech University, Lubbock, TX 79409, USA  
2School of Electronic and Optical Engineering, Nanjing University of Science and Technology, Nanjing 210094, China 

Corresponding author: Prateek Nallabolu (e-mail: prateek-reddy.nallabolu@ttu.edu) and Changzhi Li (changzhi.li@ttu.edu). 

This work was supported in part by National Science Foundation under the grant ECCS-1808613 and ECCS-2030094. 

ABSTRACT With the advancement of radio frequency (RF) assisted smart home technology, it is critical 
for the RF sensors deployed indoors to isolate the target of interest from unwanted clutter sources. This paper 
presents a novel method for suppressing both moving and stationary clutters in an indoor environment to 
localize stationary human subjects with a millimeter-wave frequency-modulated continuous-wave (FMCW) 
radar. The method derives its roots from the intrinsic high-pass filter (HPF) characteristic of the exponential 
moving average (EMA) algorithm, a preferred approach for background stationary clutter suppression. In this 
work, emphasis was laid on expanding the capability to detect and suppress unwanted moving clutter sources 
in the indoor environment along with stationary clutters, which has not been widely explored before. The 
proposed method removes motion artifacts so that the characteristic respiratory signal can be identified for 
human-aware localization. The paper provides experimental validation of the proposed method, wherein a 
60-GHz FMCW radar with digital beamforming (DBF) capability was used to identify the 2-D location of a 
sitting human subject, with a moving window curtain in the background acting as a strong moving clutter 
source along with other stationary clutters. In addition, a lateral hand gesture recognition technique is 
presented, wherein the EMA algorithm was used to enhance the signature of the hand motion. The 
instantaneous position of the hand at the beginning and end of the gesture was determined to classify the 
gesture as a left-to-right or right-to-left hand swipe. 

INDEX TERMS Exponential moving average (EMA) algorithm, frequency-modulated continuous-wave 
(FMCW) radar, gesture recognition, human localization, moving clutter suppression, smart homes. 

I. INTRODUCTION 
Smart homes are emerging residences equipped with a 
multitude of interactive sensors and internet-connected 
devices that provide the users an elevated level of comfort, 
security, and improved energy conservation [1]-[6]. The 
internet of things (IoT) era has allowed single-point remote 
access and control to all the appliances in the home. The 
advancement of various sensor technologies has seen a 
paradigm shift in smart home technologies from remote access 
to user-centric context-aware computing. 

The user-centric approach relies on human (user) presence 
sensing and activity recognition to create an ambient 
intelligent environment [7]-[9]. For example, the detection of 
human subjects can be used to automatically turn on/off lights, 
fans, etc. In intelligent heating, ventilation, and air 
conditioning (HVAC) systems [10], [11], the knowledge of 
the location and the number of human subjects in an indoor 
space will be helpful to automatically control the amount of 
airflow as well as the direction of airflow. Smart homes can 
assist elderly people and those suffering from cognitive 
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deficiencies to perform activities of daily living (ADL) [12], 
[13]. 

Technologies such as cameras, passive infrared (PIR) 
sensors, ultrasonic sensors, and radars are the fundamental 
building blocks of advanced cognitive sensing in smart homes. 
These sensors are used to detect human subjects and their 
activities. Camera-based solutions can detect human targets 
[14], [15], but higher computational cost, sensitivity to 
ambient light, and privacy concerns limit their deployment. 
Passive infrared (PIR) sensors and ultrasonic sensors were 
used for detecting human subjects in [16]-[18]. However, PIR 
sensors are insensitive to low levels of motion, and ultrasonic 
sensors require a direct line of sight between the sensor and 
the occupants. Radars operating in frequency-modulated 
continuous-wave (FMCW) [19]-[21], frequency-shift keying 
(FSK) [21]-[23], and ultra-wideband (UWB) [24]-[26] mode 
have gained significant interests for their ability to alleviate 
privacy concerns, detect micro motions like human vital signs, 
and offer through-the-wall detection capabilities. 

Clutter removal is a major concern for human presence 
sensing in modern smart homes. Since there are many clutter 
sources at home, it is essential to suppress the reflections from 
strong clutter sources that mask the human target signature. 
The clutter sources can be broadly classified into stationary 
and moving clutters. Stationary clutter sources are objects like 
sofa, table, etc. Moving clutter sources include window 
curtains, blinds, table fan, etc. With the emphasis on using 
radars for indoor human presence sensing, a literature review 
was carried on the existing clutter suppression methods [27]-
[39]. Existing works on background clutter suppression using 
radars concentrated mainly on the removal of stationary 
clutter. A simple background subtraction technique was used 
to remove reflections from stationary targets in pulse-Doppler 
radars [27], strong Tx-Rx leakage in FMCW radars [28], and 
enable through-the-wall human localization by attenuating the 
reflections from the wall [29], [30]. By taking advantage of the 
constant phase response of stationary targets across successive 
FMCW chirps, a coherent phase difference approach was used 
to recognize pedestrians in the presence of strong background 
clutter [31] and distinguishing moving targets from stationary 
targets [32]. An additional reference antenna was used to 
remove multi-path clutter by observing the frequency domain 
correlation between the echo signal and the reference signal 
captured by the reference antenna [33]. The exponential 
moving average (EMA) algorithm extracted from the moving 
target indicator (MTI) was used to remove stationary targets 
while measuring vital signs and tracking multiple human 
subjects [34]-[36]. In [37], an adaptive EMA algorithm was 
proposed for UWB radars to suppress stationary clutter and 
maintain the signals reflected from a human subject.  

However, strong reflections from moving clutter sources 
can also mask the reflected signals from a human body, 
thereby failing to detect the presence of a human target. 
Notable works on moving clutter suppression include 
segmentation of multiple targets having different Doppler 

frequencies based on higher-order infinite impulse response 
(IIR) and finite impulse response (FIR) MTI filters [30]. 
Nevertheless, higher-order IIR filters are prone to instability, 
and FIR filters have low computation speed and require large 
memory. A 2nd-order harmonic radar was proposed to 
eliminate unwanted moving and stationary clutter information 
while retaining information from specific targets that can 
generate non-linear responses [38]. However, the radar 
requires additional hardware like diplexers and wide 
bandwidth antennas to capture both fundamental and 
harmonic responses. An intermodulation radar and a wearable 
non-linear tag were used to identify stationary human subjects 
in the presence of strong stationary and moving clutter sources 
[39]. However, the human subject needs to wear the tag all the 
time, which can cause discomfort, and the radar receiver chain 
requires expensive circuitry to filter the echoes from the 
fundamental frequency tones. 

Hand gesture recognition using radar sensors has gained 
significant interest in the past decade due to the increasing 
applications of human-machine interaction like gesture-
controlled smart TVs, smart homes, and mobile devices. Hand 
gesture recognition based on Doppler and FMCW radars was 
discussed in [40]-[46]. Doppler radars rely only on the micro-
Doppler analysis, while FMCW radars utilize micro-Doppler 

 
FIGURE 1.  Graphical illustration of the 2-D map of the indoor 
experiment setup obtained (a) without EMA algorithm, (b) using 
conventional EMA algorithm, and (c) using the proposed moving clutter 
suppression method. 
 

FIGURE 2.   Block diagram of the 60-GHz FMCW radar and a high-level 
representation of the signal processing flow for the proposed moving 
clutter suppression method. 
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and range-Doppler processing to classify multiple gestures 
using machine learning techniques. A challenging case for 
radars is to extract unique features for hand gestures with 
similar range-Doppler and time-Doppler characteristics, as in 
the case of lateral hand motions like left-to-right and right-to-
left hand swipe. Although lateral hand gesture detection has 
been explored in previous works, there are several drawbacks. 
A 5.8-GHz Doppler radar was employed to classify lateral 
hand swipe motions based on their micro-Doppler features 
[40]. However, the speed of the left-to-right and right-to-left 
hand swipe motions was varied intentionally to avoid 
generating the same Doppler spectrograms for both the 
gestures. In [41], a continuous hand motion tracking algorithm 
was presented using a Doppler radar with one transmitting 
(Tx) and two receiving (Rx) antennas. However, Doppler 
radars are highly susceptible to other moving targets in their 
proximity, whose motion frequencies can overlap with the 
hand gesture signature. Hand gesture recognition based on 3-
D convolutional neural networks (CNN) was proposed in [43], 
where a 24-GHz FMCW radar with 1Tx-2Rx antenna 
configuration was used to classify lateral hand sliding motions 
that exhibited non-identical range trajectories with time. In 
[44], an FMCW radar with one Tx antenna and four Rx 
antennas distributed in a 2-D plane was used to classify several 
gestures, including lateral hand swipe motions.  

In this paper, a new approach is devised to suppress not only 
stationary clutter but also unwanted moving clutter sources in 
an indoor environment for stationary human target localization 
using a 60-GHz FMCW radar. By taking advantage of the 
intrinsic high-pass filter (HPF) nature of the EMA algorithm, 
filters with different cut-off frequencies are designed by 
varying the weighting factor α in the EMA algorithm to 
differentiate between various moving targets in the 
environment. Using prior knowledge of typical human 
respiration frequencies, moving targets falling outside the 
range of these frequencies can be identified as moving clutter 
sources. The single-input multiple-output (SIMO) 
configuration of the 60-GHz FMCW radar allows for locating 
the 2-D position of the human target with the help of digital 

beamforming. Additionally, a lateral hand gesture detection 
method aided by the conventional EMA algorithm is 
proposed, which offers a lower computational cost solution to 
identify left-to-right and right-to-left hand swipe gestures that 
have mirrored motions with identical Doppler stamps and 
minimal radial movement. The EMA filtering helps to 
suppress the reflections from the human body and enhance the 
hand gesture signature. The instantaneous 2-D position of the 
hand is measured at the beginning and end of the gesture using 
digital beamforming to identify the direction of the hand 
swipe. 

The paper is organized as follows. The theory of the 
proposed moving clutter suppression method and the lateral 
hand gesture recognition technique is discussed in Section II. 
In Section III, the simulation results of the moving clutter 
suppression method are presented. Experiments conducted to 
validate the proposed concepts, and the results are discussed 
in Section IV. Finally, conclusions are drawn in Section V. 

II. THEORY 

A. MOVING CLUTTER SUPPRESSION 
Fig. 1(a) and (b) graphically illustrate the ability of the 
conventional EMA algorithm to suppress stationary clutter, 
whereas Fig. 1(c) shows the goal of the proposed method to 
additionally suppress the unwanted moving clutter and 
precisely locate the human target using an FMCW radar with 
digital beamforming capability. A coherent FMCW radar can 
accurately track the range of a moving target and provide its 
Doppler information. The mathematical expression for the 
beat signal sb(t) generated by an FMCW radar is [19] 𝑠 (𝑡) = 𝜎 exp 𝑗 4𝜋𝛾𝑅(𝜏)𝑡𝑐 +  4𝜋𝑓 𝑅(𝜏)𝑐 +  𝜑 , (1) 

 
FIGURE 3.  Variation of the magnitude response of the EMA filter with 
the weighting factor α. 
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FIGURE 4.  Graphical illustration of the lateral hand gesture movement 
and the 2-D position of the hand at the start and end of the gesture for 
(a) left-to-right and (b) right-to-left hand swipe. 
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where σ is the amplitude of the baseband signal, γ is the slope 
of the chirp signal transmitted by the radar, t is the fast-time, 
R(τ) is the range evolution of the target along the slow-time τ, 
fc is the center frequency of the chirp signal, and c is the speed 
of light. The slope of the chirp signal is mathematically given 
as γ = B × PRF, where B and PRF represent the bandwidth and 
chirp repetition frequency of the transmitted chirp signal, 
respectively. φ is the residual video phase which can be 
ignored. A fast Fourier transform (FFT) is performed on the 
beat signal to identify the range of the target, which is 
represented as 𝑠 (𝑓) =  𝜎𝑇exp 𝑗 4𝜋𝑓 𝑅(𝜏)𝑐 𝑠𝑖𝑛𝑐 𝑇 𝑓 − 2𝛾𝑅(𝜏)𝑐 , (2) 

where T is the duration of each chirp signal, and f is the 
frequency domain equivalent of the fast-time. To obtain the 
Doppler information of the targets, the FMCW radar transmits 
a sequence of chirp signals, referred to as frames. The time-
domain data obtained for all the chirps in the frame can be 
arranged in a 2-D matrix with dimensions nsamples × nchirps, 
where nsamples represents the number of samples in each chirp 
and nchirps represents the number of chirps in a frame.  After 
applying FFT along each row, i.e., fast-time FFT, the 
frequency-domain data can be represented in a 2-D matrix of 
size nFFT × nchirps, where nFFT represents the number of points 
used for performing the FFT operation. Each column of the 
above frequency-domain matrix can be attributed to a unique 
range bin, which carries information about targets at that 
distance in front of the radar. To calculate the Doppler 
frequencies of the targets, range-Doppler processing is 
performed by applying FFT along the columns of the 
frequency-domain matrix, which is referred to as the slow-
time FFT. For targets like human subjects that exhibit vital-
Doppler motion characteristics, the slow-time phase history 
4πfcR(τ)/c is evaluated at the range bin corresponding to the 
human subject to calculate the vital-sign information. 

Fig. 2 represents the 60-GHz FMCW digital beamforming 
radar architecture along with the proposed moving and 
stationary clutter removal method. In an indoor environment, 
the effective beat signal generated by an FMCW radar is the 
sum of individual beat signals generated due to multiple 
reflecting sources in the vicinity of the radar. The effective 
beat signal can be given as 

𝑟 (𝑡) =  𝜎 , [𝑠 (𝑡)] , + 𝑛(𝑡) , (3) 

where k is the slow-time index representing the kth chirp in the 
frame, L is the total number of reflecting sources, and n(t) 
represents the noise. The beat signals from some of the 
reflecting sources are unwanted clutter signals, which have to 
be suppressed. 

The EMA algorithm is a first-order FIR filter that calculates 
the weighted mean of time-series data. The method derives its 
name due to the exponential decay of the weighting factor for 

previous data inputs. The EMA algorithm is widely used for 
stationary clutter suppression due to its ease of implementation 
and ability to continuously update the background clutter 
information. The clutter information is updated using the 
previous clutter data and the instantaneous received signal, 
which is then used to calculate the clutter-less data. The 
weighting factor α is used to assign weights to the contribution 
of the previous clutter data and the instantaneous received 
signal in calculating the new clutter data. 

Mathematically, the background clutter data ck(f) is 
calculated as 𝑐 (𝑓) =  𝛼𝑐 (𝑓) + (1 − 𝛼)𝑟 (𝑓), (4) 

where 0 < α < 1 and rk(f) is the FFT output of  rk(t). The clutter-
less data yk(f) is calculated as 𝑦 (𝑓) =  𝑟 (𝑓) −  𝑐 (𝑓). (5) 

Equation (4) represents a low-pass digital filter (LPF) and 
(5) represents a high-pass digital filter. The transfer function 
of the high-pass filter in the z-domain is given as 𝐻(𝑧) =  𝑌(𝑧)𝑅(𝑧) = 𝛼 −  𝛼𝑧1 −  𝛼𝑧  . (6) 

From (6), it can be observed that the value of α determines the 
cut-off frequency of the filter. The higher the value of α, the 
lower is the cut-off frequency. From an FMCW radar point of 
view, (4) can be understood as a low-pass filter applied across 
the slow time, which retains the stationary target information. 
On the other hand, (5) preserves the information of moving 
targets. As the value of α increases, moving targets with very 
low motion frequencies can also be identified. Fig. 3 
represents the magnitude response of the EMA filter for 
different α values. It can be observed from Fig. 3 that for lower 
values of the weighting factor (α = 0.3), the cut-off frequency 
of the EMA filter is high, thereby attenuating stationary targets 
as well as moving targets with very low Doppler frequency. 
Conversely, for higher values of the weighting factor (α = 0.9, 
0.99), the attenuation of slowly-moving targets is significantly 
reduced while the stationary targets are still suppressed. It 
should be noted that given the motion frequency of a moving 
target, the value of α can be chosen accordingly to either retain 
or suppress the corresponding target information. 

The frequency of human respiration falls in the range of 0.1-
0.7 Hz. Therefore, the value of α can be set to a higher value 
to identify a human subject. However, if there are other 
moving clutter sources in the environment, even those sources 
would appear in the output of the EMA algorithm. An 
additional moving clutter suppression step is introduced where 
the EMA outputs of two different values of α are subtracted to 
attenuate the unwanted motion frequencies. If the motion 
frequencies of the stationary human subject (respiration) and 
the moving clutter source vary largely, the values of α can be 
chosen accordingly to uniquely locate the human subject in the 
presence of strong moving clutter. From Fig. 3, it can be 
noticed that the EMA filters designed with α values of 0.9 and 
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0.99 can recognize human targets using their inherent 
respiratory motion and other large Doppler generating clutter. 
However, the magnitude response of the filters for the above 
two α values varies vastly at very low frequencies that 
correspond to the frequency range of the human respiration, 
while it remains constant for moving clutter with large 
Doppler frequencies that fall in the passband of the filter. 
Therefore, by subtracting the filter response calculated using 
(4) and (5) for α values of 0.9 and 0.99, the signature of the 
human target gets amplified relative to the signature of the 
moving clutter. 

In specific scenarios, the motion frequency of the moving 
clutter may fall marginally outside the passband of the EMA 
filters obtained for weighting factors of 0.9 and 0.99, thereby 
leading to the slightly different magnitude of the moving 
clutter echo at the output of the two filters. This mismatch in 
magnitude retains a very low energy signature of the moving 
clutter while subtracting the responses of the two filters. To 
eliminate this residue, additional signal processing is 
performed by observing the signal strength of the echoes for α 
= 0.9 and 0.99 EMA filters. The difference in the moving 
clutter echo signal strength is minimal for the above-
mentioned EMA filters, whereas the human echo would have 
a larger difference. If the signal strength ratio lies below a 
certain threshold, the echo can be identified as the moving 
clutter residue and then suppressed. The threshold is chosen as 
the ratio of the magnitude response of the α = 0.99 and 0.9 
EMA filters at 8 Hz, which is significantly higher than the 
characteristic respiration frequency of a human subject. This 
assumes that the moving clutter has at least such a high motion 
frequency. 

The proposed moving clutter suppression step is applied 
across all the range bins, thus suppressing stationary and 
moving clutter information at every range. To calculate the 
angular information of the target, digital beamforming 
technique is employed. In this method, the generated baseband 
responses from multiple receiving antennas are multiplied 
with corresponding complex weights, then summed to extract 
the target information along an azimuth direction θ. This is 
equivalent to physically steering the antenna beam towards the 
azimuth angle θ using the analog beamforming method. The 
complex weights (am) can be represented as a combination of 
amplitude (Am) and phase (ϕm) weights. To obtain the target 
information along θ using a uniformly spaced 1-D antenna 
array, the amplitude weight for each antenna element is kept 
constant (normalized to unity), and a progressive phase shift is 
applied across consecutive antenna elements. To digitally steer 
the beam along the azimuth direction θ using an FMCW radar 
with nRX receiving antenna elements, the corresponding 
complex weights for each antenna element can be calculated 
as: 𝑎 =  𝐴 𝑒 ,  𝐴 = 1,  𝜙 = 2𝜋(𝑚 − 1)𝑑𝑐𝑜𝑠𝜙𝜆 ,  𝑚 = 1,2, … . , 𝑛 , (7) 

where d is the spacing between the antenna elements and λ is 
the wavelength in air calculated at the center frequency fc. 

The flow to differentiate the human subject from moving 
clutter can be realized in detail using the following steps. 

1. Using the SIMO configuration of the FMCW radar, 
the received signals across multiple antennas after 
FFT processing along the fast time can be 
represented using an array D[nchirps × nFFT × nRX]. 

2. For each steering angle θ ∈ θN along the azimuth 
direction, perform digital beamforming operation on 
each slow time data instance of D to get the target 
information Eθ [nchirps × nFFT] along θ direction, prior 
to applying the EMA algorithm. θN represents the 
entire set of steering angles along the azimuth 
direction. 

3. For each α ∈ [0.9, 0.99], calculate the clutter-less data 
using (5) for each steering angle θ. Perform the mean 
of the absolute values along the slow time for the 
computed data. Place the obtained clutter-less data 
for all the steering angles into a matrix E(α), whose 
size is given by θN × nFFT. E(α) represents the clutter-
less 2-D map data for a given α. 

4. Calculate E(0.99) – E(0.9) to get the 2-D map data 
with a strong human target signature along with the 
moving clutter residue. To remove the clutter 
residue, identify the location of the data points whose 
magnitude ratio (E(0.99)/E(0.9)) is below a certain 
threshold along each row of the above-calculated 2-
D map data, and replace their corresponding 
magnitudes with the least data point magnitude in 
that row. The resulting 2-D data contains only the 
echo of the human target. 

B. LATERAL HAND GESTURE RECOGNITION 
Fig. 4(a) and (b) illustrate the left-to-right and right-to-left 
lateral hand gestures, respectively. P1 and P2 represent the 
position of the hand at the start and end of the gesture. A novel 
approach to distinguish the above-mentioned hand gestures is 
devised, where a SIMO FMCW radar with beamforming 
capabilities is used to determine the instantaneous 2-D 
position of the hand at the start and end of the gesture.  

However, the radar cross-section of the hand is very small, 
and the reflections from the human subject can mask the 
signature of the hand movement. Since the Doppler 
frequencies of the hand gesture and the human vital signs vary 
considerably, the conventional EMA filter with a weighting 
factor of 0.3 is used to suppress the reflections from the human 
body and retain the signature of the hand movement. This 
additionally filters the reflections from any stationary objects 
nearby. The EMA filtering is applied to the recorded slow-
time data for all the nRX receiving antennas after performing 
FFT. The start and end timestamps of the hand gesture are 
measured from the filtered data. Digital beamforming is then 
applied to the data corresponding to the start and end 
timestamps to locate the instantaneous 2-D position of the 
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hand. If the shift in the angular position of the hand is 
clockwise, the hand motion can be recognized as a left-to-right 
hand swipe, whereas the right-to-left hand swipe would create 
an anti-clockwise shift in the angular position of the hand. 

III. SIMULATION 
To initially verify the effectiveness of the proposed moving 

clutter suppression method, simulations were carried out in 
MATLAB software. The FMCW chirp signal was configured 
to have a bandwidth of 1 GHz and a chirp duration of 64 μs. A 
total of 16000 chirps were considered with a pulse repetition 
frequency of 806.67 Hz. The sampling rate was set to 1 MHz. 
The key FMCW parameters are listed in Table I. A human 
target with a vital-Doppler frequency of 0.4 Hz, a moving 
clutter with a Doppler frequency of 20 Hz, and a stationary 
target were assumed as reflecting sources at a distance of 1 m, 
2 m, and 3 m, respectively, from the radar. It should be noted 
that the sampling frequency along the slow-time is equal to the 
pulse repetition frequency. For the above-mentioned 
parameters, the radar can detect moving targets with a 
maximum Doppler frequency of 403.33 Hz. 

To demonstrate the effect of the weighting factor α on the 
outcome of the EMA algorithm, two different values, 0.5 and 
0.99, were considered. For α = 0.5, the stationary and human 
targets were highly suppressed, while the moving clutter 
signature was strong, as shown in Fig. 5(a). For α = 0.99, the 
stationary target was highly suppressed, whereas the human 
target and the moving clutter had strong peaks, as shown in 
Fig. 5(b). From Fig. 5(b), it can be observed that the 
conventional EMA algorithm retains the moving clutter 
signature. To completely suppress the signature of the moving 
clutter, the proposed method was simulated using α values of 
0.99 and 0.9. For α = 0.9, the 3-dB cut-off frequency of the 
filter was 13 Hz. The normalized magnitude response of the 
filter was -30dB at 0.4 Hz and -0.2 dB at 20 Hz. Similarly, for 
α = 0.99, the equivalent EMA filter had a cut-off frequency of 
1.24 Hz with a normalized magnitude response of -10 dB at 
0.4 Hz and -0.002 dB at 20 Hz. Upon subtracting the two filter 
responses, the signature of the moving clutter source was 
highly suppressed while that of the human subject was 
relatively boosted.  A magnitude ratio threshold of two (linear 
scale) was considered to eliminate the moving clutter residue. 
This threshold value was the ratio of the magnitude response 

of α = 0.99 and 0.9 EMA filters at 8 Hz frequency for the 
above-mentioned radar parameters. Fig. 5(c) shows the 
obtained result where both the stationary and moving clutter 
sources were totally suppressed. 

IV. EXPERIMENTS 

A. MOVING CLUTTER SUPPRESSION 
For experimental validation, the FMCW radar chip 
BGT60TR13C from Infineon Technologies AG shown in the 
inset of Fig. 6 was used. The radar chip can provide a full-scale 
bandwidth of 5-GHz. The radar has one transmitting antenna 
(Tx) and three receiving antennas (Rx1, Rx2, and Rx3). The 
three receiving antennas are placed in an L-shape to provide 
beamforming capabilities along the azimuth and elevation 
directions, as shown in the inset in Fig. 6. In this experiment, 
two receiving antennas (Rx2 and Rx3) were used to perform 
digital beamforming along the azimuth direction. The FMCW 
parameters used for the experiments are listed in Table I. The 
experiments were conducted in an indoor environment. A 
moving window curtain was used as the source of moving 
clutter because it is one of the most common sources of 
moving clutter in office spaces, living rooms, and bed spaces. 
A table fan placed inside the closet, as shown in Fig. 6, was 
used to move the curtain located at 1.8m and 90°. The curtain 
has an aperiodic and random motion, with motion frequency 
varying between 10 Hz and 200 Hz. A human subject was 
seated at 1m and 120° relative to the radar position. The 
experimental setup also consists of stationary clutter sources, 
including a mirror and a wall.  

Fig. 7(a) represents the 2-D map of the experimental space 
before applying the EMA algorithm. It is clear from Fig. 7(a) 
that the location of the human subject cannot be uniquely 
identified. The strong clutter sources mask the human body 
signature. Fig. 7(b) and 7(c) represent the human localization 
results using the conventional EMA algorithm and the 
proposed moving clutter suppression method, respectively. 
The data for Fig. 7(b) was obtained using the conventional 
EMA algorithm with an α value of 0.99. The signature of the 
curtain is illustrated, which could be misinterpreted as a 
human subject. Further, ghost targets were observed in Fig. 
7(b) due to possible multiple reflections between the wall and 
the curtain, creating ghost images of the curtain at a farther 

 
FIGURE 5.  Simulation results demonstrating the high-pass filter nature of the conventional EMA algorithm for α value of (a) 0.5 and (b) 0.99. (c) 
Suppression of stationary and moving clutters using the proposed moving clutter suppression method. 
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range. Since the ghost targets have the same Doppler 
characteristics as the curtain, they would also be suppressed 
using the proposed method. It is evident from Fig. 7(c) that the 
2-D location of the human subject could be uniquely identified 
using the proposed method that was able to effectively 
suppress the signature of the curtain, its ghost images, and 
most of the curtain residue. The magnitude ratio threshold was 
chosen as two for these measurement results. The leftover 
curtain residue appears due to the poor angular resolution 
provided by the 60-GHz FMCW radar, which offers only two 
receiving channels for digital beamforming. It should be noted 
that there was no residue at the true angular location of the 
curtain, which verifies the effectiveness of the proposed 
method.  

In a different experiment scenario shown in Fig. 8(a), the 
table fan was used as the moving clutter source. Comparing 
Fig. 8(b) and (c), it can be noticed that the signature of the fan 
was suppressed without any ghost targets. The above two 
experiments verify the 2-D human localization capability of 
the proposed method in the presence of a window curtain/table 
fan acting as a moving clutter and other stationary clutter 
sources, including the wall, sofa, and mirror. It also 
demonstrates the advantage of the proposed algorithm over the 
conventional EMA to suppress unwanted moving clutters. 

In the 2-D map results presented in Fig. 7 and Fig. 8, it can 
be observed that the echoes of the targets are spread out in the 
angular axis. The effective 3-dB beamwidth of an antenna 

array depends on the number of elements in the array. Since 
the 60-GHz FMCW radar provides only two antenna channels 
(Rx2, Rx3) for beamforming along the azimuth, it offers a 
large beamwidth, thereby causing the target echoes to appear 
as wide arcs in the 2-D map plots. However, the signal strength 
of the arc is the highest at the true angular location of the 
targets, as evident from Fig. 7(c), where the echo of the human 
subject has the highest energy signature at 120°. In general, the 
proposed clutter removal method is applicable to systems with 
more antenna channels to achieve better 3-dB beamwidth and 
completely remove any moving clutter residue. 

B. LATERAL HAND GESTURE RECOGNITION 
Experiments were conducted using the same radar chirp 
BGT60TR13C to validate the proposed lateral hand gesture 
recognition method. A human subject seated at 1.5 m and 90° 
in front of the radar was performing the gestures illustrated in 
Fig. 4. The FMCW parameters for this experiment are 
mentioned in Table I. The receiving antennas Rx2 and Rx3 
were turned on to enable digital beamforming along the 
azimuth. 

 

 

 

FIGURE 7.  Experiment results obtained (a) without applying EMA, (b) 
using the conventional EMA algorithm, and (c) using the proposed 
moving clutter suppression method. 

TABLE I 
KEY FMCW RADAR PARAMETERS 

 Clutter suppression Hand gesture 
recognition 

Chirp start frequency 60 GHz 60 GHz 
Chirp stop frequency 61 GHz 60.5 GHz 
Bandwidth 1 GHz 500 MHz 
Samples per chirp 64 64 
Sampling frequency 1 MHz 1 MHz 
Chirp time 64 μs 64 μs 
Chirp repetition rate  806.67 Hz  806.67 Hz 
Chirps per frame 16 16 
Number of frames 1000 200 
Number of active 
receiver channels 

2 2 

 

 
FIGURE 6.  Experiment setup for background moving and stationary 
clutter suppression. (Inset: radar module and its antenna configuration) 
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In the first scenario, the human subject performed the left-
to-right swipe. Fig. 9(a) shows the obtained slow-time range 
map for Rx3 antenna data prior to EMA filtering. It can be 
observed that the strong reflections from the human body 
completely overwhelm the hand gesture signature. After 
applying EMA filtering with α = 0.3, the reflections from the 
human body and the wall were filtered, as shown in Fig. 9(b). 
The value of α was chosen such that the human body 
reflections were highly suppressed without filtering the hand 
gesture signature. While performing the gesture, the hand of 
the human subject extends around 0.3 m away from the body. 
For a human seated at 1.5 m, the hand motion signature should 
be around 1.2 m, which was observed in Fig. 9(b). The start 
and end timestamps of the gesture were measured as 1.1 s and 
2 s. The digital beamforming results at these timestamps 
shown in Fig. 9(e) and (f) indicate a clockwise shift in the 
angular position of the hand, thereby confirming the theory 
presented in Section II-B. With a similar setup, the human 
subject performed the right-to-left hand swipe. The slow-time 

range maps before and after applying the EMA filtering are 
shown in Fig. 9(c) and (d). With the start and end timestamps 
measured as 1.2 s and 2.1 s, the 2-D maps in Fig. 9(g) and (h) 
indicate an anti-clockwise shift in the instantaneous position 
of the hand. Comparison between the existing and proposed 
lateral hand swipe recognition techniques is summarized in 
Table II. 

A small gap in the hand gesture signature can be observed 
in Fig. 9(b) and (d). This occurs when the hand is precisely in 
front of the radar during the gesture. In this instance, the 
reflections from the hand are very minimal, creating a slight 
discontinuity in the hand gesture signature. Since the angular 
resolution of the radar is limited, the hand motion was 
performed with a larger lateral displacement to demonstrate 
the shift in the hand position. When radars with a higher 
number of antenna channels are used, lateral hand gestures 
with smaller displacements can also be easily recognized. The 
instantaneous 2-D position of the hand can be integrated as a 
new feature to existing machine learning techniques that are 

FIGURE 8.  (a) Experiment setup using a table fan as moving clutter source. The obtained 2-D maps using (b) conventional EMA algorithm and (c) 
proposed moving clutter suppression method. 

FIGURE 9.  The slow-time range maps for the left-to-right hand swipe: (a) before and (b) after applying EMA filtering, and the right-to-left hand swipe: 
(c) before and (d) after applying EMA filtering. The instantaneous 2-D position of the hand at the: (e) start and (f) end of left-to-right lateral hand 
gesture, (g) start and (h) end of right-to-left hand gesture. 
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already trained to classify multiple gestures, allowing them to 
identify the above-mentioned hand swipe motions. 

V. CONCLUSION 
Measurements from a millimeter-wave digital beamforming 
radar were processed using the EMA algorithm with different 
α values, then combined to suppress both moving and 
stationary clutter sources to successfully locate stationary 
human subjects in an indoor environment. The proposed 
method was developed by exploring the unique frequency 
response of the EMA algorithm and assuming that the 
dynamics of the moving clutter source are different from 
human respiration with periodic characteristics. Experimental 
results were presented to demonstrate the ability of the 
proposed method to uniquely identify the 2-D location of a 
human subject in a highly cluttered environment composed of 
a moving window curtain and other stationary clutters. 
Utilizing the 1Tx-2Rx antenna configuration of the 60-GHz 
radar, a cost-effective solution to classify the direction of 
lateral hand motion was proposed by employing EMA 
filtering in conjunction with digital beamforming. The EMA 
algorithm was used to boost the signature of the hand motion 
and attenuate the strong reflections from the human body and 
other stationary clutter sources in the vicinity, while the 
direction of lateral hand motion was identified by tracking the 
2-D position of the hand using digital beamforming. Future 
work includes exploring higher-order EMA filters and 
addressing the limitations of the current approach, which 
include suppressing moving clutter sources with motion 
patterns closer to the respiration of the human subject. 
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