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Abstract. With numerous applications in distinct domains, especially
healthcare, human activity detection is of utmost significance. The objec-
tive of this study is to monitor activities of daily living using the pub-
licly available dataset recorded in nine different geometrical locations
for ninety-nine volunteers including young and older adults (65+) using
5.8 GHz Frequency Modulated Continuous Wave (FMCW) radar. In this
work, we experimented with discrete human activities, for instance, walk-
ing, sitting, standing, bending, and drinking, recorded for 10 s and 5 s.
To detect the list of activities mentioned above, we obtained the Micro-
Doppler signatures through Short-time Fourier transform using MAT-
LAB tool and procured the spectrograms as images. The acquired data
of the spectrograms are trained, validated, and tested exploiting a state-
of-the-art deep learning approach known as Residual Neural Network
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(ResNet). Moreover, the confusion matrix, model loss, and classifica-
tion accuracy are used as performance evaluation metrics for the trained
ResNet model. The unique skip connection technique of ResNet min-
imises the overfitting and underfitting issue, consequently resulting accu-
racy rate up to 91%.

Keywords: Radar sensor · Non-invasive healthcare · Human activities
identification · Deep learning · ResNet

1 Introduction

Activities of daily living (ADL) are essential and routine tasks that most healthy
young and older adults can perform without assistance. The inability to perform
these ADL might cause unsafe conditions and poor quality of life [1]. The health-
care team should be aware of the importance of assessing ADL in patients to help
ensure that patients who require assistance and are identified [2]. Thus monitor-
ing ADL is of utmost importance since any activity undetected can cause fatal
injuries [3].

Recently, several sensing technologies have been implemented in this con-
text to resolve these crucial issues and allow the identification of several human
activities [4–12] or activities in order to detect critical events like falls [13–15].
Wearable sensors [16], thermal imaging [17], pressure sensors [18], and Radio Fre-
quency (RF) sensors such as lightweight and low-cost radar schemes are among
the technologies which can be effectively used for the identification of human
activities [7,19,20]. To choose one or more technologies [20–24], we must ana-
lyze the benefits and drawbacks of each sensor when it comes to performance
evaluation metrics like false alarms, model accuracy, proportion of failed identi-
fications, cost, user compliance, and ease of deployment. Pressure and wearable
sensors, for instance, have high detection accuracy, nevertheless, the gadget must
be worn on the human’s body, which can be uncomfortable at times, and the
thermal imaging camera poses privacy issues. The radar sensor, on the other
hand, provides an inexpensive, non-contact, and readily deployable solution for
monitoring everyday activities [25].

This paper presents a deep learning-based solution utilizing Residual Neural
Network (ResNet) for the identification of prevalent human activities like walk-
ing, sitting, standing, and other activities. To record human activities, we have
used Frequency Modulated Continuous Wave (FMCW) radar exploiting Micro-
Doppler (MD) signatures. Volunteers took part in the data collection process,
which occurred in distinct locations. After data prepossessing, the deep learning
model was trained to identify unknown human activities.
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2 Methodology

2.1 Data Acquisition

We have used the dataset obtained for the recently finished project “Intelligent
RF Sensing for Falls and Health Prediction - INSHEP” funded by Engineering
and Physical Sciences Research Council (EPSRC).
(http://researchdata.gla.ac.uk/848/) [26].

This dataset was recorded using an FMCW radar functioning at C-band
(5.8 GHz) over a bandwidth of 400 MHz and an output power of +18 dBm. The
radar was connected to an antenna with +17 dBm gain. A total of 99 volunteers
took part in the experimental campaign, with an age range of 21 years to 99 years
at 9 different and separate locations and data was recorded for 10 s (walking)
and rest of the activities for 5 s with 3 repetitions for each activity. The received
signal was used to generate MD signatures using Short-time Fourier transform.
The typical radar working principle is shown in Fig. 1(a), where a radio frequency
signal is transmitted and received when encountering any object within its range.
Figure 1(b) depicts the typical waveform of FMCW radar. Every movement of
the body produces a distinct MD signature that can be employed to distinguish
between various everyday activities [27–29]. Fundamentally, FMCW radar is a
kind of radar sensor that, like a basic continuous-wave radar, emits continuous
transmission power. FMCW radar, unlike continuous-wave radar, can adjust its
working frequency throughout the measurements.

(a)

(b)

Fig. 1. (a) Typical radar working principle using reflected RF signal (b) FMCW radar
waveform.

In this work, five distinct human activities were recorded using FMCW radar
in separate locations, which were walking forward and back, sitting on a seat,
standing from a seat, bending down to pick up an item, and drinking from a cup
in standing position, as illustrated in Fig. 2 and listed in Table 1. Each human
was asked to replicate the same task two or three times in order to collect data.

http://researchdata.gla.ac.uk/848/
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Figure 3 depicts the MD signatures of the data measurements. The spectrograms
of a subject walking forward and back in front of radar are easily distinguishable
from other activities. Activities like sitting on a seat and getting up from a seat
are almost flipped images of each other. As shown in Fig. 3, when a subject bends
down to pick up an item, the positive Doppler frequency changes significantly
from 1.5–3 s. As the subject stood up again, a substantial alter in frequency was
noted from 3.5–5 s.

Table 1. List of activities performed on humans.

Label Activity

Activity 1 Walking (Forward and Back)

Activity 2 Sitting (On a Seat)

Activity 3 Standing (From a Seat)

Activity 4 Bending (Pick up Object)

Activity 5 Drinking (Standing Position)

Fig. 2. Illustration of five distinct human activities. Activity 1 (Walking), Activity 2
(Sitting), Activity 3 (Standing), Activity 4 (Bending), Activity 5 (Drinking).

2.2 Classification Using Residual Neural Network

Machine learning-based techniques have been successfully employed in the past
for different classification tasks [30–35]. In this paper, to classify distinct human
activities through the obtained spectrograms, we have utilized a deep learning-
based algorithm called Residual Neural Network or ResNet. The ability to train
such a deep neural network (DNN) involves the use of skip connections. The
input that feeds a layer is also applied to the output of a layer further up the
stack. The aim of training a DNN is to get it to model a target function h(x). If
the network’s output to the input is linked, for instance, adding a skip connec-
tion, the network would be strained to model f(x) = h(x) − x instead of h(x)
[36,37]. This is referred to as “Residual Learning”, as shown in Fig. 4.
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Fig. 3. Spectrograms of older adult with limited mobility - five different human activ-
ities.

Fig. 4. ResNet learning framework.

The weights of a standard DNN are nearly zero when it is first initialised, so
the network only outputs values near to zero. When a skip connection is added
to the resulting network, it simply outputs a replica of its input, in other terms,
it models the identity function at first. The training process can be significantly
accelerated if the target function is close to the identity function which is fre-
quently the case. Moreover, by adding a large number of skip connections, the
network can begin to improve even though many layers are yet to learn. The
signal can effectively traverse the whole network due to skip connections tech-
nique. The ResNet can be thought of as a pile of residual units, each of which is
a diminutive neural network with a skip connection.
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Furthermore, the establishment of a statistical relationship between the par-
tial differential equation and the convolutional-residual-block assists to under-
stand that why ResNet can be deeper to generate fine results in different tasks
[38]. First, consider the following two-order partial differential equation:

∂u(x, t)
∂t

=
1
2
σ2 ∂2u(x, t)

∂x2
+ b

∂u(x, t)
∂x

+ cu(x, t) (1)

Equation 1 can be written in discrete form as:

u(x, t + 1) − u(x, t) = 1
2σ2(u(x + 1, t) − 2u(x, t) + u(x − 1, t)) + b

2 (u(x + 1, t)
−u(x − 1, t)) + cu(x, t)

(2)
Equation 2 can be rewritten in convolutional form as:

u(x, t + 1) = u(x, t) +
[
1
2

(
σ2 + b

)
, c − σ2, 1

2

(
σ2 − b

)] ∗ u(x, t) (3)

As regard to the convolutional-kernel as w(x, t), Eq. 3 has the same structure
as residual-block:

u(x, t + 1) = u(x, t) + w(x, t) ∗ u(x, t) (4)

According to the results of the aforementioned analysis, any two-order partial
differential equation could be altered as residual-block through a convolutional-
kernel size of three, and any higher-order partial differential equation could
be transformed to a residual-block through a greater convolutional-kernel. The
residual-block and the two-order partial differential equation have a correspon-
dence since the ResNet kernel size is normally minimal. Furthermore, the Fourier
Transform is commonly utilized in the solution of partial differential equation,
and it can help explain why, as previously mentioned, deeper ResNet contributes
to better results. We get the following statistics by applying the Fourier Trans-
form to Eq. 1:

T̂x =
1
2
σ2 ∂2

∂x2
+ b

∂

∂x
+ c ⇐⇒ T̂p = −1

2
σ2p2 + ibp + c (5)

T̂pũ(p, t) =
d
dt

ũ(p, t) (6)

Solution of Eq. 6 is:

ũ(p, t) = eT̂ptũ(p, 0) (7)

If time t is minimal adequate, we get:

ũ(p, t) ≈
(
1 + T̂pt

)
ũ(p, 0) (8)
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The following relationship can be obtained from the convolutional theorem
by applying the inverse Fourier Transform to Eq. 8:

u(x, t) = u(x, 0) + tT̂xδ(x) ∗ u(x, 0) (9)

Equations 4 and 9 are explicitly similar, and the convolutional-kernel w(x, t)
in continuous space corresponds to tT̂xδ(x). From a discrete point of view,
Eq. 4 characterises the relation between the partial differential equation and
the ResNet, while Eq. 9 captures the nature of the relation in the continuous
domain. The numerals of the convolutional-kernels in residual-blocks are excep-
tionally minor. This is consistent with the fact that time t is short, since a short
time span t means that the convolutional-kernel tT̂xδ(x) is mathematically small
from Eq. 7–8. Furthermore, the lower size of the convolutional-kernels results in
a low-order partial differential equation, which streamlines the iterative system’s
evolution. The analysis of the relation between the partial differential equation
and residual-block provides insight into better comprehension of ResNet.

3 Results and Discussion

The ResNet algorithm considered in this study to identify distinct human activ-
ities was constructed in Python, primarily utilizing the TensorFlow and NumPy
libraries. In this work, classification accuracy metric was taken into consideration
to assess the performance of a trained model. The classification accuracy, in this
case, human activity identification accuracy, can be described as the proportion
of accurately identified human activities to the total number of human activities.

Identification Accuracy =
Number of human activities identified

Total number of human activities
(10)

The dataset acquired consisted of five diverse human activities as listed in
Table 1. Overall, 48 × 5 spectrograms were used for simulations, in which 22 × 5
were used for training, 4 × 5 for validation, and 22 × 5 for testing. Considering
the size of a dataset, the number of epochs were set to 15 only and the DNN
model ResNet was able to achieve accuracy up to 91%, as demonstrated in Fig. 5.
Moreover, the model loss was recorded less than 0.5 as the number of epochs
enhanced.

Additionally, Fig. 6 presents a confusion matrix of different human activi-
ties identified through the trained deep learning model. The ResNet was able to
identify the walking activity with 100% accuracy. Moreover, there were only two
misclassified instances for sitting and standing activities, hence exhibiting accu-
racy up to 90%. Whilst testing the trained model ResNet, the bending activity
revealed maximum misclassified instances up to four against the drinking activ-
ity, therefore disclosing 81.8% accuracy. Lastly, the drinking activity unveiled
95% accuracy with only one misclassification against bending activity.



Monitoring Discrete Activities 35

(a) (b)

Fig. 5. (a) ResNet model accuracy and (b) model loss against the number of epochs.

Fig. 6. Confusion matrix of five distinct human activities classified through ResNet.

4 Conclusions and Future Work

The idea behind this research is to exploit existing radar data to classify activi-
ties of daily living when data was obtained in nine different locations for ninety-
nine volunteers. In this work, we provided preliminary findings for a simplified
method that utilizes the FMCW radar to recognise distinct human activities such
as walking, sitting, standing, bending, and drinking. As part of the experimen-
tal study, subjects were requested to undertake the five aforementioned human
tasks at different geometrical positions. The radar system’s MD signatures were
then used as image data, and diverse features were extracted, validated, and
trained using a well-known deep learning approach called ResNet. After training,
the model was tested on various human activities spectrograms and simulation
results revealed that ResNet attained up to 91% accuracy overall.

In the future, we aim to experiment with diverse diminutive human activities
such as chest movement, lung movement, and minor gestures through hands or
feet. Furthermore, we intend to utilize cutting-edge deep learning techniques
such as Generative Adversarial Networks in order to regenerate lower acquired
classes or instances from the datasets, hence increasing the performance of the
trained algorithm.



36 U. Saeed et al.

References

1. Nguyen, H., Lebel, K., Bogard, S., Goubault, E., Boissy, P., Duval, C.: Using
inertial sensors to automatically detect and segment activities of daily living in
people with Parkinson’s disease. IEEE Trans. Neural Syst. Rehabil. Engineering
26(1), 197–204 (2018)

2. Soma, T., Lawanont, W., Yokemura, T., Inoue, M.: Monitoring system for detecting
decrease of living motivation based on change in activities of daily living. In: 2020
IEEE International Conference on Consumer Electronics (ICCE), pp. 1–4 (2020)

3. Saeed, U., et al.: Discrete human activity recognition and fall detection by combin-
ing FMCW RADAR data of heterogeneous environments for independent assistive
living. Electronics 10(18), 2237 (2021)

4. Shah, S.A., et al.: Privacy-preserving wandering behavior sensing in dementia
patients using modified logistic and dynamic newton Leipnik maps. IEEE Sens.
J. 21(3), 3669–3679 (2021)

5. Hossain, T., Inoue, S.: Sensor-based daily activity understanding in caregiving cen-
ter. In: 2019 IEEE International Conference on Pervasive Computing and Com-
munications Workshops (PerCom Workshops), pp. 439–440 (2019)

6. Totty, M.S., Wade, E.: Muscle activation and inertial motion data for noninvasive
classification of activities of daily living. IEEE Trans. Biomed. Eng. 65(5), 1069–
1076 (2018)

7. Shah, S.A., et al.: Sensor fusion for identification of freezing of gait episodes using
Wi-Fi and radar imaging. IEEE Sens. J. 20(23), 14410–14422 (2020)

8. Tuncer, T., Ertam, F., Dogan, S., Subasi, A.: An automated daily sports activities
and gender recognition method based on novel multikernel local diamond pattern
using sensor signals. IEEE Trans. Instrum. Meas. 69(12), 9441–9448 (2020)

9. Shah, S.A., et al.: Privacy-preserving non-wearable occupancy monitoring system
exploiting Wi-Fi imaging for next-generation body centric communication. Micro-
machines 11(4), 379 (2020)

10. Shah, S.A., Fioranelli., F.: RF sensing technologies for assisted daily living in
healthcare: a comprehensive review. IEEE Aerosp. Electron. Syst. Mag. 34(11),
26–44 (2019)

11. Shah, S.A., Fan, D., Ren, A., Zhao, N., Yang, X., Tanoli, S.A.K.: Seizure episodes
detection via smart medical sensing system. J. Ambient Intell. Humaniz. Comput.
11, 1–13 (2018). https://doi.org/10.1007/s12652-018-1142-3

12. Shah, S.A., et al.: Buried object sensing considering curved pipeline. IEEE Anten-
nas Wirel. Propag. Lett. 16, 2771–2775 (2017)

13. Taylor, W., Shah, S.A., Dashtipour, K., Zahid, A., Abbasi, Q.H., Imran, M.A.:
An intelligent non-invasive real-time human activity recognition system for next-
generation healthcare. Sensors 20(9), 2653 (2020)

14. Mohankumar, P., Ajayan, J., Mohanraj, T., Yasodharan, R.: Recent developments
in biosensors for healthcare and biomedical applications: a review. Measurement
167, 108293 (2021)

15. Ali, F., et al.: An intelligent healthcare monitoring framework using wearable sen-
sors and social networking data. Future Gener. Comput. Syst. 114, 23–43 (2021)

16. Dua, N., Singh, S.N., Semwal, V.B.: Multi-input CNN-GRU based human activity
recognition using wearable sensors. Computing 103(7), 1461–1478 (2021). https://
doi.org/10.1007/s00607-021-00928-8

17. Naik, K., Pandit, T., Naik, N., Shah, P.: Activity recognition in residential spaces
with internet of things devices and thermal imaging. Sensors 21(3), 988 (2021)

https://doi.org/10.1007/s12652-018-1142-3
https://doi.org/10.1007/s00607-021-00928-8
https://doi.org/10.1007/s00607-021-00928-8


Monitoring Discrete Activities 37

18. Jiajun, X., Wang, G., Yufan, W., Ren, X., Gao, G.: Ultrastretchable wearable
strain and pressure sensors based on adhesive, tough, and self-healing hydrogels
for human motion monitoring. ACS Appl. Mater. Interfaces 11(28), 25613–25623
(2019)

19. Saeed, U., et al.: Wireless channel modelling for identifying six types of respiratory
patterns with SDR sensing and deep multilayer perceptron. IEEE Sens. J. 21(18),
20833–20840 (2021)

20. Dong, B., et al.: Monitoring of atopic dermatitis using leaky coaxial cable. Healthc.
Technol. Lett. 4(6), 244–248 (2017)

21. Yang, X., et al.: s-band sensing-based motion assessment framework for cerebellar
dysfunction patients. IEEE Sens. J. 19(19), 8460–8467 (2018)

22. Haider, D., et al.: An efficient monitoring of eclamptic seizures in wireless sensors
networks. Comput. Electr. Eng. 75, 16–30 (2019)

23. Khan, S.A., et al.: An experimental channel capacity analysis of cooperative net-
works using universal software radio peripheral (USRP). Sustainability 10(6), 1983
(2018)

24. Yang, X., et al.: Diagnosis of the hypopnea syndrome in the early stage. Neural
Comput. Appl. 32(3), 855–866 (2020). https://doi.org/10.1007/s00521-019-04037-
8

25. Shah, S.A., Fioranelli, F.: Human activity recognition: preliminary results for
dataset portability using FMCW RADAR. In 2019 International Radar Confer-
ence (RADAR), pp. 1–4. IEEE (2019)

26. Shah, S.A., Li, H., Shrestha, A., Yang, S., Fioranelli, F., Kernec, L.: Intelligent RF
sensing for falls and health prediction - inshep – dataset (2019)

27. Amin, M.G., Zhang, Y.D., Ahmad, F., Dominic Ho, K.C.: Radar signal processing
for elderly fall detection: the future for in-home monitoring. IEEE Signal Process.
Mag. 33(2), 71–80 (2016)

28. Fioranelli, F., Kernec, J.L., Shah, S.A.: Radar for health care: recognizing human
activities and monitoring vital signs. IEEE Potentials 38(4), 16–23 (2019)

29. Shah, S.A., Abbas, H., Imran, M.A., Abbasi, Q.H.: RF sensing for healthcare
applications. Backscattering RF Sens. Future Wirel. Commun. 157–177 (2021)

30. Saeed, U., Jan, S.U., Lee, Y.-D., Koo, I.: Fault diagnosis based on extremely ran-
domized trees in wireless sensor networks. Reliab. Eng. Syst. Saf. 205, 107284
(2021)

31. Ashleibta, A.M., Abbasi, Q.H., Shah, S.A., Khalid, A., AbuAli, N.A., Imran,
M.A.: Non-invasive RF sensing for detecting breathing abnormalities using soft-
ware defined radios. IEEE Sens. J. 21, 5111–5118 (2020)

32. Jan, S.U., Lee, Y.-D., Shin, J., Koo, I.: Sensor fault classification based on support
vector machine and statistical time-domain features. IEEE Access 5, 8682–8690
(2017)

33. Saeed, U., Lee, Y.-D., Jan, S.U., Koo, I.: CAFD: context-aware fault diagnostic
scheme towards sensor faults utilizing machine learning. Sensors 21(2), 617 (2021)

34. Huma, Z.E., et al.: A hybrid deep random neural network for cyberattack detection
in the industrial internet of things. IEEE Access 9, 55595–55605 (2021)

35. Churcher, A., et al.: An experimental analysis of attack classification using machine
learning in IoT networks. Sensors 21(2), 446 (2021)

36. He, K., Zhang, X., Ren, S., Sun, J.: Deep residual learning for image recognition. In:
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition,
pp. 770–778 (2016)

https://doi.org/10.1007/s00521-019-04037-8
https://doi.org/10.1007/s00521-019-04037-8


38 U. Saeed et al.
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