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Abstract

The Human Activity Recognition (HAR) systems have been recognized as
one of central important components in numerous inevitable everyday-
life applications, e.g. healthcare, security, search and rescue. In order to
overcome the wearable sensor burden, RF-based HAR has become a
promising technology candidate for many applications to save on privacy
concern. The fundamental concept of this systems is achieved by the fact
that human movement will affect the RF propagation path and
characteristics, which will lead to reflected signals with distinctive
fingerprint for different activities. In this research, a comprehensive
review of RF-based HAR with the utilization of Software Defined (SDR)
technology is presented for practical implementation by transmitting the
RF signals towards the human and receiving signals from various
scenarios through the utilization of several Universal Software Radio
Peripheral (USRP) platforms. This research gives details about the types
of HAR classifiers, human activities, type of the utilized waveforms and
systems architectures. The High classification accuracies for different
tasks have been achieved with the use of various deep learning, machine
learning and model-based techniques. The efficacy of SDR technology has
been demonstrated in real-time practical HAR systems.

1. Introduction

Recently, Human Activity Recognition (HAR) has been utilized for a wide applications,

including military, academic, healthcare, surveillance, and others. Depending on the purposes,
HAR aims to identify the physical duties performed by a specific person or group of people [1,
2]. Others defined HAR as the process of recognizing and classifying human actions as normal
or abnormal and have greatly benefited global human safety and well-being [3, 4].

Regarding computer vision and pattern recognition, HAR is a prevalent issue, and it is used to
detect diverse human activities [5]. Various aspects affected the effectiveness of HAR, including
lighting, background, cluttered scenes, camera angle, and action complexity [6]. The emphasis
nowadays, is focusing on using effective methods or systems for identifying anomalies in
human behaviour, which can be utilized for prediction or decide the best course of action [7].

According to the information types, HAR can be divided into three categories: sensor-based,
vision-based HAR [8, 9] and Radio Frequency (RF)-based HAR [10]. Sensor-based approach
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analyses information as time series from sensors like: accelerometers, gyroscopes, radars, and
magnetometers. This approach includes sensor selection, data collection, feature extraction,
model training and model testing [11].

Vision-based approach, on the other hand, uses camera data in video or picture format, then
analysed, processed using image segmentation, filters and other image processing techniques
to detect these activities [12-14]. Vision-based HAR has its own drawbacks, like susceptible to
environmental factors, such as camera angles, illumination, and overlapping between
individuals [15, 16]. While sensor-based HAR offers better convenience and privacy than
vision-based HAR [6, 17]. The most up to date HAR is RF-based, the main idea of this type that
the human activity causes changes in environmental RF signals, which in turn causes RF signals
to reflect by human bodies in a unique manner caused a thumbprint [18]. Fig.1 illustrates the
three categories of HAR process.

Constructing a transmitter and receiver for continual sending and receiving of RF signals is
necessary for many RF-based devices [10, 18]. RF-based approach is suitable for identifying
indoor activities in the healthcare system. These systems use radar, infrared, or Wi-Fi-based
sensing modalities [19-21].

To Identify or classify the human activities, Deep Learning (DL) algorithms and conventional
Machine Learning (ML) techniques can be used effectively. Support Vector Machines (SVM),
Long Short-Term Memory (LSTM), and Convolutional Neural Networks (CNN) are the most
often utilized supervised methods for HAR. DL approaches have gained popularity due to their
ability to automatically extract features from vision or image data, as well as time-series data,
making it simple to learn high-level and significant characteristics. Modern DL approaches like
CNN and LSTM demand larger datasets than traditional ML algorithms like SVM [22-24].

Deep learning architecture-based recognition of human behavior generally has four phases.
The first phase involves on selecting and implementing input devices, such as sensors and
cameras or RF signal.

The second phase is data collecting, wherein an edge device is employed to interpret data
from input devices and transmit it to the primary server via diverse communication techniques.

Edge computing, which combines edge servers for dependable real-time information
processing and sensors for data perception, is utilized for data collecting and processing. DL
algorithms are used at the feature extraction and selection to extract the required features from
the raw signals as phase three. A notification mechanism that allows an agent a machine or a
human to be informed is included in the last phase [25, 26].

In this article, a comprehensive review of RF-based HAR is presented. This work discusses
the utilization of Software Defined Radio (SDR) development platforms for HAR with various
transmission signals and environment. Also, various DL and ML classification algorithms for
activity recognition are discussed.

The rest of the article is organized as the following: the RF-based HAR is discussed in section
2, Software Defined Radio (SDR) Technology in section 3, literature review in section 4, and
comparison among the literature performances in section 5, and finally the conclusion in
section 6.
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2. Radio Frequency-Based Human Activity Recognition

For the elderly and those with physical disabilities, wearable sensors require humans to
carry or wear sensors, which is intrusive, unpleasant, and uncomfortable. Vision-based systems
have their own drawbacks [27]. RF-based HAR systems have several benefits over vision-based
and wearable sensor-based techniques and can be defined as systems which recognize the
activity of a person using analysis of radio signals while the person itself is not required to carry
a wireless device. RF-based HAR systems are a more suitable option for smart homes and
healthcare applications [28].

Radio systems can emit RF signals and receive reflected radio signals after colliding with
objects, estimating the size, form, distance and motion. Radio signal-based sensing modalities
employed in surveillance scenarios can thus detect stationary objects, persons, and human
motions using the properties of the received signal to infer human activity [29].

Using RF Channel State Information (CSI)-based signals for activity detection has several
advantages, including the ability to capture small scale multipath propagation, resolve battery
issues, and provide wider coverage areas than wearable sensing devices or cameras-based
systems. The CSI-based technology can detect human behavior even through barriers and
difficult circumstances, surpassing other existing techniques [30].

For real-time implementation the Software Defined Radio (SDR) technology has been gained
attention recently in an indoor and outdoor environments, wide range of frequencies that assist
to detection the activity are available and the same device can be used for transmitting and
receiving the RF signal [31]. Fig.2 illustrates the RF-based HAR process.
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Fig. 2. RF-based HAR system process

3. Software Defined Radio (SDR) Technology
SDR is a communication device in which the radio can be controlled and run in software. SDR
platforms can transmit and receive while the physical components (Filters, Amplifiers,
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Modulators, Coders, Detectors, and others) are implemented in software, unlike what is in
traditional radio. SDRs can be utilized to test numerous waveforms, communication protocols
and distinct algorithms in software. In addition, SDRs provide a wide degree of freedom for
various transceiver applications and are also used for multichannel applications like passive
radar systems and direction-of-arrival (DoA) measurement setups [32, 33].

Universal Software Radio Peripheral (USRP) is an SDR platform by Ettus Research which are
designed for RF applications. USRP are ideal for developing and prototyping complex wireless
designs. The USRP communication system can adapt to its environment owing to SDR instant
configuration changes. The USRP can be used for RF-based HAR for CSI extraction and dataset
collection [34]. Fig. 3 illustrates HAR system using USRP.
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Fig. 3 HAR system using USRP platform ensure traces are distinguishable in black and white

4. Literature Review

Many researchers have investigated and presented models for HAR. The following are
literatures that use SDR technology.

In [35], a wireless technology was proposed for sensing and recognition of human gesture
using USRP-N210s platform. The proposed approach achieved an average accuracy of 94% in
office environment and a two-bedroom apartment. The study of HAR utilized SDR platform and
ML classifiers is shown in [36]. The researchers considered activity detection with one and two
stages classifiers. Additionally, the results indicate that the localization of a detected activity
can occur simultaneously within an area of less than 1 meter radius.

In [37], an SDR of two USRPs platform is utilized for HAR. Orthogonal Frequency Division
Multiplexing signals are used to extract the channel state information. The results show that
the amplitude fluctuated when activity was exist between the transmitter and receiver.

An SDR device with Doppler elaboration features presented in [38] for non-contact human
respiration signals sensing. A quadrature receiver used to overcome the critical issues related
to the occurrences of null detection points while the phase-locked loop components included
in the software defined radio transceiver are successfully exploited to guarantee the phase
correlation between I/Q signal components. Experimental results show that the proposed
model has the ability to accurately detect human breath.

In [39], the authors suggested a WiGrus model for human gesture recognition. WiGrus utilized
the CSI from the WiFi signals to recognize the hand gestures. The USRP and WiFi both utilized
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to obtain the signals information (amplitude and phase. The 2-stages RF algorithm is used for
recognition and compared with ML algorithms SVM, KNN, Decision Tree, XGBoost, and CNN.
The recognition accuracies achieved were 96% and 92% using the two scenarios Line of Site
and Non Line of Site, respectively.

A HAR system proposed in a quasi-real time approach utilizing a non-invasive algorithm [40].
The wireless signals obtained using an SDR platform used as dataset. The ML algorithms are
used for classification. The higher recognition accuracy achieved using Random Forest
algorithm is 96.70%. In [41], DL-based CNN models used for detection mobility of the ankle in
patients who have ankle fracture surgery. The USRP platform used to capture the CSI. The
recognition accuracy achieved using ZFNet and AlexNet was 98.98% which is higher to that in
ML classifiers.

In [42], a non-contact sensing environment utilizing artificial intelligence was proposed for
recognition of post-surgery activities. The USRP platform was employed to obtain data from
spinal cord operated patients throughout weight lifting activities. The OFDM scheme has been
utilized for CSI extraction. The achievement accuracy using K-nearest neighbour, a ML
algorithm was 99.6%.

In [43], the authors suggested deployable, non-invasive, flexible, and adaptable framework
using SDR platform for HAR, where two USRPs used for CSI extraction. Various ML classifiers
used (K-Nearest Neighbour, Decision Tree, Discriminant Analysis and Naive Bayes) for the
suggested framework performance assessment. The recognition accuracy achieved using K-
nearest neighbour was 89.73%, which outperforms the other utilized algorithms.

For large and small scales human body movement recognition, a model was designed using
the USRP to extract the channel state information (CSI) from the received signal in [44]. Based
on CSI signature, the human activities were recognized.

In [45], a Matlab model was designed with USRP platform to track breathing rate and small
scale body movement. The OFDM signal is used in the transmitter and receiver to capture the
CSI. The USRP data used with ML algorithms for recognition and the performance compared
with wearable sensor. The results show that K-Nearest Neighbour achieved highest accuracy
of 91%, while 48.99%, 59.72% and 71.131% achieved using discriminant analysis, naive bayes
and decision tree. In [46] a Deep Gated Recurrent Unit (DGRU) algorithm has been proposed
for HAR. The USRP was used to implement IEEE 802.11a for CSI extraction and dataset
collection. Also a LSTM algorithm used as an advanced DL technology. The suggested model
achieved 95-99% recognition accuracy.

Intelligent wireless walls (IWW) was suggested for high precision HAR in complicated
environment in [47]. The proposed model comprises the utilization of a reconfigurable
intelligent surface (RIS) and ML algorithms. Two USRPs (X300) and (X310) used as a
transmitter and receiver in two scenarios of environments. The maximum detection gain
achieved compared with conventional intelligent surface were 28% and 25% using multi-floor
and corridor junction scenarios respectively.

In [48], HAR system was proposed based on a distributed MIMO Radar with multiple antennas
of millimeter wave MIMO Radar architecture (Ancortek SDR-KIT 2400T2R4) in an indoor
environment. Two separate and identical monostatic radar subsystems were employed to
detect and record the bidirectional movement of humans from two different angles. A feature
extraction network extracts various features, then a multiclass classifier used to recognize five
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different types of human activity. The suggested system achieved 98.52% recognition accuracy,
which outperforms the accuracy of SISO radar by almost 9%.

A HAR system is built in a multi-floor scenario where the transmitter and receiver were
connected to a universal software radio peripheral platform in a non-line-of-site environment.
The data was collected in two cases of Intelligent Reflecting Surface (IRS), turn off and turn on.
The accuracy achieved using three different machines learning algorithms-support vector
machine bagging, and decision tree were 31%, 23%, and 24%, respectively, improvement in
the case of turn-on IRS [49].

A non-contact smart sensing through the wall system is proposed using USRP platform for
HAR in [50]. An OFDM signal is used at the transmitter and receiver to extract CSI. ML
algorithms have been utilized for classification the activities. The performance of the proposed
approach archived 99.7% recognition accuracy using fine tree algorithm.

In [51], a distributed 2*2 MIMO system configured from the Ancortek SDR-KIT 2400T2R4
mm-Wave radar in a Single-Input-Single-Output (SISO) was used for HAR. The proposed system
uses the dynamic time wrapping algorithm for gesture recognition and the performance
outperform to that of SISO, where the capability to recognition in all direction is higher.

A smart monitoring for HAR framework was proposed in [52] using two USRPs platforms and
ML algorithms. The proposed system, operates at 3.75 GHz, has the ability to recognize sixteen
different activities based the learning technique using the obtained CSI. Up to 98% recognition
accuracy was achieved using the proposed approach.

Wi-Fi CSI-based HAR is proposed in [53], with assessments and contrasts using CNN, LSTM,
and combination (CNN+LSTM) approaches. The USRP used for CSI collection to recognize six
different human activities. The accuracy achieved with LSTM was 95.3%, outperforming CNN
and combining the combination. In [54], a USRPs-X300/X310 are utilized for human activities
data collection. The CSI is used in ML classifiers for detection. The proposed techniques
achieved up to 90% recognition accuracy.

A multi-sensing data fusion system was proposed in [55], for HAR. A neuromorphic
computing was utilized to integrate distinct hardware devices (inertial measurement unit
(IMU) sensors, software-defined radios, and radars). Feature selection, feature extraction, and
hopfield neural network were used for one-shot learning. The results show that the proposed
approach achieved 98.98% recognition accuracy.

A continuous wave radar was implemented at 2.4GHz for fall detection in [56]. The ML
Decision Tree algorithm was used to classify an SDR signals for human fall detection. The
maximum accuracy achieved of this proposed system is 99.4%.

An SDR was used to collect CSI, IQ samples, and received signal strength of WiFi and radar
signals for HAR in [57]. The proposed system achieved 65.09% and 97.78% classification
accuracy with CNN architecture using WiFi-based activity and Radar, respectively.

5. Literatures Performance Comparison

The design configuration and performance of the studied literatures using the SDR technology
are listed in Table 1, where various classification techniques were used. Some studies used ML
algorithms that comprises decision tree, k-nearest neighbor, fine K-nearest neighbor, support
vector machine, Random Forest, Discriminant Analysis, Naive Bayes, Extra Tree, and bagging
classifier). Other literatures utilized DL networks such as CNN and LSTM that have achieved
higher recognition accuracy. Also, some literatures used the model-based classification

algorithms.
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Many literatures presented the transmitter and receiver sides in different positions, utilizing
more than one USRP for transmitting and receiving with a distance between them, while others
used a single USRP for transmitting and receiving as listed in Table 2.

The utilization of the USRP in such literatures can correct frequency and phase offsets using
OFDM technique by desynchrony of local oscillators between the transmitter and receiver.
Thus, CSI can be extracted which contains detailed amplitude and phase information and can
be expressed as:

H(f) = H(f)eU? (1)

where, H(fi )is the amplitude of CSI and 2H (f;)is the phase information of CSI. The
information of the CSI can be extracted from the received OFDM subcarriers, which can be
represented as:

H = (hl,hz,h3, ....... th) (2)

The measurement of the amplitude and phase of CSI performed using the Inverse Fast Fourier
Transform block at the transmitter and Fast Fourier Transform block at the receiver. The
channel response H(f) can be expressed as:

_ x(f)
H() =35 3)

where, x(f) is the transmitted OFDM signal and Y (f) is the received OFDM signal.

At the receiver, the OFDM signal used for extract the CSI, where the amplitude frequency
response for each human activity obtained for several seconds. Each collected data consist of
several OFDM symbols and subcarriers. After data collection, a preprocessing and classification
techniques are used for activity recognition.

Some literatures used a Frequency Modulated Continuous Wave (FMCW) 2 x 2 MIMO radar
chirp waveform to obtain the Doppler information of a moving human from different
perspectives. Every transmitter broadcasts the chirp waveform on a regular basis during the
specified timeslot. The human range and micro-Doppler information can be obtained from the
phase and frequency fluctuations of the backscattered signal using the appropriate radar signal
preprocessing techniques.

In [40], In-phase/Quadrature (I/Q) continuous wave signal has been used for transmitting as
the following:

Ix(t) = cos[an,Ft + HIF[t]] (4)

Qrx(t) =si n[27Tf1Ft + 0;p [t]] (5)

where, f;r the intermediate frequency and 8, the phase noise.
The SDR device complete the transmitting processing and up converted the signal to the

carrier frequency. The received [/Q components attenuated due to the propagation phenomena
and delayed a period of time. By splitting the received signal and allocating it in parallel to the
two demodulator branches, the received I/Q components are extracted. The down conversion
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procedure carried out by shifting the spectrum of the two signal components from the carrying

frequency to the intermediate frequency once more by mixing and filtering operations.

Table 1. Studied Literatures Techniques and Performance.

Ref. Year Utilized Techniques Activities Accuracy
. Push, pull, dodge, punch x2,
[35] 2013 Hldden.Ma.rkov MOd?lS’ circle, strike, kick, bowling, 94%
Dynamic Time Warping drag
[36] 2014 ML Classifiers Walking, standing, lying, 5.1, ¢ 700,
empty, crawling
. . Not
[37] 2019 Data for recognition only Not mentioned specified
. . . Not
[38] 2019 Radar signal processing Not mentioned specified
Anzlrlgicslpglifc?ﬂgltle)(z/r\;gszlet Hand Gestures (up, down, left, 96% in LOS,
[39] 2019 YIS, right, OTW, Boxing, Circle 92% in
Transform, CNN, ML .
e Slide) NLOS
Classifiers
[40] 2020 ML Classifiers Standing Up, Sitting Down 90%
[41] 2020 CNN Ankle Activities 98.98%
- Multi-Pose Complex Weight 0
[42] 2020 ML Classifiers Lifting Activities 99.6%
Standing UP, Walking, Sitting
[43] 2020 ML Classifiers on a Chair, Bending Down, 89.73%
Exercise
[44] 2020 Variances of CSI signatures No activity, Walkl_ng, Sitting on N(.)t.
a Chair specified
Elevated Breath, Normal
. , 0
[45] 2021 ML Classifiers Breath, Shallow Breath 91%
[46] 2021 DGRU, LSTM Fall, jump, La}&' E“n' Sit Walk, g5_g90,
High
[47] 2022 ML Classifiers Sitting, Standing, Walking =~ 2 c1racies
maximum
100%
. Falling, Walking, Standing up, 0
[48] 2022 Feature extraction, CNN Sitting down, Picking an object 98.52%
[49] 2022 ML Classifiers Sitting, Standing, Walking 86%
[50] 2022 ML Classifiers Standing, Walking, Running, 99.7%
Bending Fall
[51] 2022 ML, deep CNN Classifiers Fall Detection N(.)t.
Specified
[52] 2022 ML Classifiers Sitting, Standing, Walking 98%
(53] 2023 LSTM-CNN No Act1v1t¥, Sitting, Standlng, 91%
Leaning, Walking
[54] 2023 ML Classifiers Leaning, wa_lk_lng, standing, 90%
Sitting
[55] 2023 Hopfield Neural Network Standing Up, Sitting Down 98.98%
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Decision Tree ML

[56] 2024 Classifiers Walking, Fall 99.4%
Run, fall, Walk, Lie down, 65.09%,
[57] 2024 CNN Stand up, Sit down, Pick up 97.78%

Table 2. Studied Literatures Waveforms and SDR Utilization.

Number of the Utilized

Reference  Waveform (Signal) USRP SDR Type
[35] OFDM 2 USRP-N210
[36] FM radio 2 USRP N200
[37] OFDM 2 USRP
[38] IQ Continuous Wave 1 USRP-2920
[39] OFDM 1 USRP N210
[40] OFDM 2 USRP X310/X300
[41] OFDM 2 USRP B210
[42] OFDM 2 USRP B210
[43] OFDM 2 USRP X310/X300
[44] OFDM 2 USRP X310/X300
[45] OFDM 2 USRP X310/X300
[46] OFDM 2 USRP
[47] OFDM 2 USRP X310/X300
[48] FMCW 2x2 MIMO 1 SDR-KIT 2400T2R4
[49] OFDM 2 USRP X310/X300
[50] OFDM 2 USRP B210
[51] FMCW 2x2 MIMO 1 SDR-KIT 2400T2R4
[52] OFDM 2 USRP X310/X300
[53] OFDM 2 USRP X310/X300
[54] OFDM 2 USRP X310/X300
[55] OFDM 1 USRP X300
[56] Digital signal 1 USRP B205-mini
[57] FMCW 6 NI B205 mini, B201,

X310, E312, RTL, HackRf

6. Conclusion

Over the last decade, researchers worldwide have concentrated on detecting human
activities. HAR systems are classified into three types: sensor-based, vision-based, and RF-
based HAR. This article provides an exhaustive review of the RF-based HAR systems using SDR.
The RF-based HAR is chosen over the sensor-based and vision-based HARs because it does not
require any wear sensor. It can be conclude that the majority used techniques of ML and CNN.
Many researches focused on large scale activities regarding to the upper and lower limps, while
other focused on small scale activities like breathing.

Regarding to the accuracy, the overall accuracy of various techniques were below the
acceptable ratio (less than 90%). The utilizing SDR technology for HAR on the other hand is
much better than other wireless products due to its flexibility and scalability to perform a
wireless designs. Various SDR platforms have been utilized in the literatures for CSI and dataset
collection with various system designs in various environments. The SDR-based HAR achieves
higher recognition accuracies using various ML and DL algorithms.
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