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ABSTRACT
Physical distancing measurements are accepted to be critical strate-
gies to slow the spread of COVID-19 disease. Most of the recent
works to measure the physical distancing between people aims
for easy-to-deploy systems such as contact tracing applications to
speed up the deployment process. However, these systems, which
rely heavily on the Bluetooth proximity sensor, tend to have seri-
ous performance and reliability issues. This paper proposes and
explores using Thermal Sensor Array (TSA) towards physical dis-
tancing measurement. Distance estimation is achieved through
using a multilayer perceptron (MLP) artificial neural network to
measure the sensor-to-human distance and then to compute the
physical distancing accordingly. Based on the conducted experi-
mental work, the proposed sensor-to-human distance estimator’s
median overall error is ±0.2m for unseen testing data.

CCS CONCEPTS
• Security and privacy → Privacy protections; • Computing
methodologies→ Computer vision; Machine learning approaches.
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1 INTRODUCTION
Coronavirus disease 2019 (COVID-19) has been causing tremendous
change and economic damage worldwide. Reported studies show
an increase in the unemployment rate by at least 20% [11], and
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millions of job losses [23], leading to a global recession. The non-
pharmaceutical approach to slow the spread of contagious diseases
such as COVID-19 and SARS has become imperative to reduce
deaths and economic recovery worldwide.

One solution to adhere to social distancing in domestic envi-
ronments is an alert-based physical distancing measurement. In
general, human-centred measurement systems rely on the use of
a regular pair of cameras [10]. Although the performance of the
vision-based sensors is high, it violated people’s privacy, specifi-
cally, sensitive domestic environments such as hospitals, nursing
homes, and many more. On the other hand, relying on multiple
cameras is a costly and complicated installation process.

This paper proposes a privacy-preserving, non-contact, low-cost,
and low-power human physical distancing measurement approach
using Thermal Sensor Array (TSA). Unlike regular cameras, TSA
produces a low-resolution image that returns the temperature ma-
trix of the Field-of-View (FoV) objects. This makes it insensitive to
the light but sensitive to thermal radiation. Besides, TSA measures
the total amount of the incident IR flux resulting in the ability to de-
tect the stationary FoV’s objects. The methodology of the proposed
approach includes semantic segmentation for human presence seg-
mentation, a human subject counter, a sensor-to-human distance
estimator using an artificial neural network, and finally, a physical
distancing estimator.

The remaining parts of this paper are organised as follows: in
Section 2 a summary of the related work regarding human phys-
ical distancing measurement approaches is presented. Section 3
explains the proposed framework architecture. Experimental re-
sults are presented and discussed in Section 4 followed by pertinent
conclusions drawn in Section 5.

2 RELATEDWORK
Research to measure human physical distancing can be classified
into either passive or active approaches. The passive-based systems
usually rely on the use of vision sensors such as regular cameras
or expensive high-resolution thermal cameras[1, 13, 24, 27, 30].
One of the advantages of using vision sensors is that there are no
requirements for users to carry any particular devices. They still
perform reliably in measuring human physical distancing, thanks
to the extensive research in computer vision. However, they raise
concerns about people privacy in domestic settings such as nursing
homes, hospitals, or even smart homes to support independent
living for older adults.

Recently, there has been a growing interest in active-based ap-
proaches due to their deployability feature, e.g. contact tracing apps,
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Figure 1: A schematic diagram of the proposed social distancing monitoring system.

which use Bluetooth proximity sensor to track human’s physical
distancing. However, they exist problems in performance and re-
liability [7, 18, 28]. This raises a growing interest in more reliable
proximity sensing solutions for sensitive environments [4].

Authors in [17] proposed an Ultra-sound based sensing approach
to measure the human physical distance. The reason behind the
Ultra-sound sensor is that it has higher accuracy than Bluetooth.
However, its prone to multi-path propagation errors pose robust-
ness concerns in real-use case scenarios. Also, there exist other
important viable methods, including cellular and GPS [29], capacity
body sensing [2], magnetic field [3].

Besides the aforementioned applications, the TSA is another
low-cost solution. Since it does not produce any human identifying
information, it is considered a privacy-preserving sensor [20, 21].
This sensor has also been proposed for human position applications
in several reports [5, 9, 12, 15, 22, 31]. But none of them explicitly
propose to measure the human physical distance. In this paper, the
utilisation of this privacy-preserving sensor in physical distancing
measurement is evaluated.

3 THERMAL SENSING FOR PHYSICAL
DISTANCING MEASUREMENT

A schematic diagram of the proposed framework is shown in Figure
1. The data collection stage for the proposed approach depends on
the Melexis MLX90640 TSA sensor1. The motivation behind propos-
ing TSA for human-centred applications in a domestic environment
is the ability for this sensor to maintain the people privacy as there
is no human identification information resulting from it.

The second stage of the proposed framework is to accurately do
the semantic segmentation for the human presence from a noisy
heat environment, followed by a stage to count the number of peo-
ple in the obtained thermal scene. In the third and fourth stages, the
sensor-to-human and the human-to-human distances are measured.
A detailed description of these functional stages is provided below.

1Far Infrared Thermal Sensor Array is available from:
https://www.melexis.com/en/product/MLX90640/Far-Infrared-Thermal-Sensor-
Array

3.1 Human Presence Segmentation
To locate the human presence in the acquired thermal scene, three
sequential phases are utilised (pre-processing, semantic segmen-
tation using encoder-decoder convolutional neural network, and
post-processing) as described in our previous work [19].

In the pre-processing phase, the resolution of TSA-based thermal
images is enhanced by interpolating the original TSA output matrix
from 32 × 24 to 96 × 72. Furthermore, the thermal noises generated
by non-human subjects such as a hot kettle is filtered, by setting
the maximum human temperature using the TSA as 33◦C . This is
determined by empirical studies. In contrast, the minimum temper-
ature is not fixed as the human temperature varies depending on
the sensor to the human distance. Building on this, any temperature
with a value greater than 33 is converted to the lowest acquired
temperature value in the thermal scene. Finally, each pre-processed
heat-map is then converted to RGB image to align with the input
layer of the used encoder-decoder convolutional neural network to
semantic segment the human presence.

Since the TSA is a low-resolution sensor, the human shape varies
significantly from different sensor placement. Therefore, semantic
segmentation, which classifies every pixel in the pre-processed
image into human or background, is applied to segment the human
presence from a noisy heat-map using an encoder-decoder convolu-
tional network called U-net [25]. This network has a total number
of 23 convolutional layers located in two paths. The first path is to
capture the thermal image context using a typical convolutional and
max-pooling layers, which is called the encoder. The second path is
the decoder that enables the precise localisation using transposed
convolutions. Adaptive Moment Estimation (Adam) [14] is used to
optimise the network. The meanmt (the first squared gradients)
and the uncentered variance vt (the second squared gradients) are
computed as follow:

mt = β1mt−1 + (1 − β1)дt (1)

vt = β2vt−1 + (1 − β2)д
2
t (2)
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Figure 2: An Illustrative result of the human presence seg-
mentation, (a) the thermal image after applying the pre-
processing techniques, (b) the human presence location post
applying the human segmentation.

The decays rates at the initial time steps are small, and thus these
two estimates are biased to zero. To overcome the zero-bias problem
first and second-moment estimates:

m̂t =
mt

1 − βt1
(3)

v̂t =
vt

1 − βt2
(4)

Finally, the network weight is updated as follow:

wt = wt−1 − η
m̂t

√
v̂t + ϵ

(5)

The initial default value for β1 is 0.9, β2 is 0.999, and 10−8 for ϵ .
Finally, a set of post-processing techniques are used to reduce

the errors, which may appear in the output of the used network,
e.g. the variation in the thickness of the people clothes that could
be seen as background pixels by the network or an object with
a similar human temperature such as a warm cup of coffee. The
8-connected algorithm [8] is used to find every connected compo-
nent in the mask obtained by the semantic segmentation network.
Any connected component should be larger than 30 pixels in size,
if not, then that component is considered thermal noise to be re-
moved. Consequently, the Flood-Fill algorithm [16] is used to fill
holes in human presence in the mask obtained from the semantic
segmentation phase.

When humans have long distances from each other, the human
presence at a farther distance is considered as background by the
network, because the temperature variance between these humans
is high. Hence, TSA output the temperature of FoV’s objects in
the form of a matrix. A colour-map scheme is then applied to
these temperature matrices to represent them visually. To solve this
issue, an extra-human presence validation is proposed to repeat
the previous steps starting from getting a new RGB image without
the locations of identified human pixels until the scene turned to
an empty human scene. By doing so, the mask, which shows the
human presence location in the thermal scene, results from repeated
human segmentation.

Figure 2 (a) shows the pre-processed TSA output and Figure 2
(b) shows the corresponding human presence location (mask) after
applying the human segmentation techniques. Once the location of

human presence is determined from RGB images, human tempera-
tures are restored through multiplying the masks by interpolated
heat-maps.

3.2 People Counter
The next step after determining the human presence pixels in the
thermal scene is to count the number of human subjects. A clas-
sification model is trained to predict the number of people in a
given thermal scene. Boosting is a type of classification that in-
tends to boost a classifier’s performance that performs badly in a
given classification problem, which is called weak learner by fusing
multi-learners to form one strong learner.

AdaBoost.M2 [6] boosting algorithm, an extension of AdaBoost
algorithm to a multi-class problem is employed in a holistic classifi-
cation approach. Continually, the human heat-maps produced from
the human segmentation techniques are used to train the classifica-
tion model. In each training iteration, the misclassified samples bear
more weights than those correctly classified ones in the previous
iteration while the weight at the initial iteration is equal for all the
training samples. In doing so, the update rule assures the upper
bounds on training and generalisation error rates.

3.3 Sensor-to-Human Distance Estimation
Several TSA-based features have been evaluated to measure the
sensor-to-human distance. Specifically, the mean, maximum, mini-
mum, average, and variance in human presence temperature are
extracted from 0.5m to 6.5m with a distance step of 0.5m. Further-
more, the size of human presence and the entropy point’s estimation
at the previously mentioned distances are considered. Hence, the
entropy point estimate is calculated for each segmented human
presence temperature as follow:

H (X ) = −

n∑
i=1

P (xi ) log P (xi ) where n = histoдram bins (6)

These features are then used to train A Multilayer perceptron
(MLP) artificial neural network to measure the sensor-human dis-
tance. This network has only one input layer, one hidden layer with
sigmoid neurons, and one output layer. The equation to calculate
the neurons in this network is given in Equation 7. r is the number
of extracted features, and x is the extracted feature vectors.

v =
r∑
i=1

xi ·wi (7)

To following equation is used to compute the weights between
the hidden and output layers:

wjk(p + 1) = wjk(p) + ∆wjk(p) (8)
p represent iteration number used to propagate error signal from

the output and hidden layers while ∆w jk is the weight correction,
which is found as follow:

∆wjk(p) = η × yj(p) × δk(p) (9)
The training algorithmused to train this network is the Levenberg-

Marquard back-propagation algorithm [26].
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Figure 3: Illustrative use case scenarios for measuring the physical distance between two human subjects, (a) ∆d is less than
2m, (b) ∆d is 0m , (d) when ∆d is greater or equal to 2m.

3.4 Human-to-Human Distance Estimation
The size of the inspection area captured in the FoV varies at different
depth distances, which means that the TSA covers a wider area
at greater distances than those at close distances. To measure the
physical distance, the inspection area’s size should be known at
the specified depth of human presence. Therefore, the second step
after calculating the sensor-to-human distance is to find the size of
the inspection area on the depth of the human as follows:

m = 2 × d × tan
(
FoV

2

)
(10)

where d is the sensor-to-human distance and FoV for the used TSA
is 55◦ × 35◦. Assuming a human subject is located 2m far from the
sensor position, the inspection aream at their location would be
2.08m × 1.26m. Since the measurement unit for images is in pixel,
then the horizontalm is converted into a pixel unit through dividing
m over the horizontal image resolution, which is 32. In the example
where human is located at 2m far from the sensor, each pixel in the
horizontal width of the image is equal to 0.065m. This process is
repeated to localise the human presence in the FoV for each human
subject.

Figure 3 shows an illustrative use case scenarios to measure the
physical distance between two human subjects. In Figure 3 (a) the
difference between the sensor-human distances ∆d to both subjects
is less than 2m. Also, ∆z, which is calculated from the horizontal
inspection area’s size m and the human presence mask for each
human subject, is not zero. Building on this, the physical distance p
can be formulated as the hypotenuse in the Pythagorean theorem,
and thus its value can be calculated as follows:

p =
√
∆z2 + ∆d2 (11)

The second use case scenario is when ∆d is zero as shown in
Figure 3 (b). In this case, the physical distance is ∆z itself. On the
other hand, when ∆z is zero, the physical distance is ∆d , as shown
in Figure 3 (c).

4 EXPERIMENTS
To evaluate the performance of the proposed methodology, exper-
iments were performed in different data collection stages shown
in Figure 4. In both stages, the TSA placed in the vertical position
at the height of 1.57m. The size of the first dataset collected is 203

Figure 4: The scene of the data collections stages, (a) the first
data collection stage, (c) the second data collection stage.

to assess the performance of the people counter scheme with one,
two, three, and four human subjects moving in the sensor’s FoV.

The second collected dataset aims to assess the performance of
the proposed sensor-human distance estimation. The size of the
second dataset is 703. This dataset was collected from six different
participants at a distance ranging from 0.5m to 6.5 with a step
distance equal to 0.5m. To overcome any estimator’s overfitting
issue during the training phase, participants were asked to move
on these 13 different steps.

4.1 People Counter and Distance Estimation
Experimental Results

The first experiment was to use the first collected dataset to evaluate
the performance of the classification model to count the number of
people of the TSA’s output. In this experiment, the dataset is split
into 70% for training and 30% for testing. The performance of this
classification model in counting the number of people is 98.43%
achieved accuracy.

The second collected dataset was divided into two subsets, with
the first subset being used to train the ANN to map between sensor
position and human presence distance. The second subset, which
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is a completely unseen data, is used to predict the sensor-human
distance. The performance of this approach is reported in terms
of the median overall error in predicting sensor-human distance,
which is ±0.2m.

5 CONCLUSION
This paper proposes a privacy-friendly physical distancing mea-
surement framework. The proposed framework consists of multiple
stages semantic segmentation for thermal human presence, peo-
ple counter, a sensor-to-human distance estimation, and human to
human distance estimation.

From the obtained results, it can be concluded that the TSA,
in combination with accurate processing techniques, could be a
promising approach to fight the fast spread of contagious diseases
such as COVID-19. Future work could be conducted to fuse multiple
TSAs to cover a wider inspection area.
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