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ABSTRACT

KEYWORDS

The recognition of human activities of daily living has gained increasing attention in recent years due to its potential to promote
autonomy for elderly people in their own homes and its usage for
security surveillance in scenarios such as supermarkets, banks, etc.
Infrared thermal array has been proposed as a non-invasive device
for human activity detection, which has the advantages of low-cost,
low-power, and high-performance capabilities. However, most of
the ambient-based sensor research has not considered animal pets,
whose bodies have similar temperature to human body, that may
live with the elderly people in a single inhabitant environment.
This has led to a gap in the usability and deployability of such
systems on a broader range. This paper proposes a filtering method
for removing thermal noises, including those radiated by pets, from
the acquired heat-map. Therefore, only the presence of a human
in the thermal scene is considered for further activity recognition.
This paper shows the possibility of using an entropy point estimate
for a one-dimensional heat-map histogram as a distinctive attribute
to distinguish between heat-maps of the human and animal pet
with 100% achieved accuracy.

Thermal Sensing; Noise Removal; Ambient Intelligence; Multioccupancy; Independent Living; Activities of Daily Living; Image
Segmentation; Entropy; Principal Component Analysis

CCS CONCEPTS
• Computing methodologies → Machine learning; Activity
recognition and understanding; • Hardware → Emerging technologies.
∗ Abdallah

Naser is a PhD research student who has conducted the research as part of
his thesis.
† Ahmad Lotfi is the corresponding author. The corresponding email address is:
ahmad.lotfi@ntu.ac.uk
Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.
PETRA ’20, June 30-July 3, 2020, Corfu, Greece
© 2020 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 978-1-4503-7773-7/20/06. . . $15.00
https://doi.org/10.1145/3389189.3397988

ACM Reference Format:
Abdallah Naser, Ahmad Lotfi, Junpei Zhong, and Jun He. 2020. Human
Activity of Daily Living Recognition in Presence of an Animal Pet Using
Thermal Sensor Array. In The 13th PErvasive Technologies Related to Assistive
Environments Conference (PETRA ’20), June 30-July 3, 2020, Corfu, Greece.
ACM, New York, NY, USA, 6 pages. https://doi.org/10.1145/3389189.3397988

1

INTRODUCTION

Long-term care expenditures for elderly people will increase due to
the increasing population of elderly people [19]. Furthermore, the
acceptability of nursing homes among senior citizens is low [20].
Therefore, there is a necessity to promote autonomy among elderly
people by finding new alternative solutions that provide them with
independent living in their homes.
There have been numerous reported research works to help
elderly people to live independently. The proposed solutions experienced notable hindrances in the deployment stage mainly due to
the assumption that the home environment is occupied by a single
person [5]. Homes, in reality, often contain more than one occupant,
which is referred to as multi-occupancy. Furthermore, the existing
solutions do not take into account pets that may live at home with
the elderly people in single or multi-occupancy environments [5].
A reported study has estimated that pets are owned by 24% to 31%
of UK households [17].
The research into Activity of Daily Living (ADL) recognition
in a domestic environment can be categorised mainly into three
types: wearable sensor-based, ambient sensor-based, and visionbased. Vision-based ADL recognition systems perform well in a
multi-occupant environment. However, they may have a violation
of people’s privacy in the context of the home environment. By
contrast, ambient sensors, such as a Passive Infra-Red (PIR), do
not perform very well in multi-occupancy applications [15]. Most
of the work that uses wearable sensors required from the user to
carry a device. In the context of older adults, carrying a device
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Figure 1: A schematic diagram of the proposed noise removal system.
is not convenient [8]. Further, there are difficulties in designing
a wearable-based device such as energy-efficient, fabrication, and
light-weight [16].
This paper is making an attempt to address the issue of identifying an occupant performing routine ADL using a Thermal Sensor
Array (TSA). The proposed system is tested in the presence of thermal noise presented as an animal pet or a second occupant living
with the main older adults.
This paper is organised as follows: in Section 2, a summary
of the related work regarding multi-occupancy is presented. In
Section 3, the proposed system architecture is explained. Results of
the experimental evaluation are presented in Section 4. Pertinent
conclusion are drawn in Section 5.

2

RELATED WORK

Various machine learning models based on different sensors have
been used to identify ADL of the single-occupancy problem [15, 23,
23], where only one person is assumed to exist at any given time.
Using the non-invasive sensors in elderly people’s home would
be a solution for the privacy issue and may encourage elderly people to use such applications. One of the solutions that consider the
privacy issue in a home environment is reported in [12]. In this
work, entropy measures are used to determine the multi-occupancy
in ADL. The target was to determine the visiting time of the elderly
people in a single-occupancy environment. The authors accomplished this by comparing the entropy of binary data collected from
PIR sensors in the single and multi-occupancy scenarios. This approach does not consider an animal pet as a noise factor that may
change the entropy value of a single-occupancy state, which leads
to a miscalculation of the visit time.
The work presented in [27] introduces a tracking algorithm for
the location of residents and counting them in a home environment.
Unlike other research work, this does not rely on ground-truth
annotated sensor data, sensor layout, and floor plans. Other PIRbased sensing research has been shown for activity recognition [7,
10, 11, 13, 21]. However, none of these works has considered animal
pets that may alter the output of any of these activity recognition
systems.
Indeed, the recognition of ADL in single-occupancy or multioccupancy with an animal pet is still an open question without using

the vision sensors [4]. For instance, some work employed thermal
sensors to estimate the occupancy in an indoor environment [3, 26].
However, their proposed methods did not consider animal pet and
other hot objects, such as kettles, as noised factors that would
results in an error in the estimation of the occupancy.
There are limited reported work using the TSA for animal detection. Authors in [14] have used a TSA with a resolution of 4 × 16 to
detect dogs near the power equipment to protect wild animals from
mutilation or being killed during haymaking. However, this work
only identifies heat above the environmental temperature, but it
did not perform as a fine-grained categorisation, such as human,
animals or other objects.
Other solutions based on vision sensors have also been suggested
for home environment [2, 9, 22, 25]. Due to privacy concerns, the
acceptability of vision-based approaches is not considered high.
The proposed solution in this paper differs from previous works.
The differences are in:
• the choice of the sensor resolution. The resolution of the
proposed sensor provides high performance in maintaining
the privacy and human heat-map detection.
• the novelty of segmenting a human heat-map from a noisy
environment. This environment may contain objects with
the same temperature as human bodies such as animal pets,
higher temperatures such as a hot kettle, or even lower temperatures than the human body like environmental objects.
• the ability to adapt appropriately to an unseen indoor environment with a new temperature degree.
The experimental results also show 100% accuracy for distinguishing between human heat map and animal pet heat-map.

3

THE PROPOSED SYSTEM

A schematic diagram of the proposed system is shown in Figure 1.
The system entry is a noisy heat-map that may have a human presence with other noises that may negatively affect the performance
of recognising the ADL.
The first stage in the proposed system is Temperature Filter
that seeks to remove all heat sources from heat-map which are
not in the human body temperature range. In the Second stage,
Connected-Component Filter is used to removing all heat sources
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within the human temperature range but represented in a relatively
small volume in the thermal scene. In the third stage, an animal
pet filter is used to eliminate the heat sources for objects with
a high resemblance to humans, such as an animal pet. A detailed
description of these functional stages will be given in the subsequent
Sections. At last, the system outputs a filtered heat-map with the
possible human presence.
The proposed filters aim to keep the presence of human while
removing any other noise factors. By doing so, the recognition of
ADL can be achieved without considering the static or moving
objects with a similar temperature of humans, such as hot kettles
or animal pets.

3.1

Temperature Filter

This filter aims to remove any heat source that does not have a temperature similar to that in humans. Non-human heat sources can be
objects with a specific temperature identical to the temperature of
the home environment, such as chairs or high-temperature objects
compared to human temperatures such as a hot kettle.
Our previous research [18] has found that the acquired human
temperature by the proposed sensor can be any value in the range
of 27◦𝐶 and 33◦𝐶. The reason behind this range is due to the fact
that the human body covered with clothes has a lower temperature
than the exposed parts. The temperature filter can be applied by
checking each FIR in the gathered heat-map if it is in the human
temperature range using the following formula:

𝑥 for 27 <= 𝑥 < 33
𝑦=
𝑤ℎ𝑒𝑟𝑒 𝑥 = 𝐹 𝐼𝑅
(1)
0 otherwise
To illustrate the proposed filtering system, consider the heat-map
presented in Figure 2 (a). The result of applying the temperature
filter on the heat-map is depicted in Figure 2 (b). The temperature
filter removes all heat sources whose temperatures are below or
above human body temperatures, such as the background of the
thermal scene.

3.2

Connected Component Filter

The aforementioned temperature filter can remove any heat noise
whose temperature is not in the range specified above, for example,
a hot kettle. However, the temperature filter will not be effective in
removing other thermal noise that has a similar human temperature, such as a kettle with warm water. The proposed connected
component filter in this section aims to eliminate thermal noise
based on the size of the occupied area of the heat map instead of
using only temperature values.
The first step of this filter is to localise each object in the heat
map. After that, the 8-connected algorithm [6] is applied to find
each connected-component in the heat-map as the second step. The
idea behind this algorithm is to cluster each object based on the
connectivity of its intensity values. Two “pixels”1 whose edges or
corners are reaching with each other are considered belonging to
the same object. In other words, Pixel belongs to the same object if
they have the same intensity and are connected along the horizontal,
vertical, or diagonal direction.
1 The

concept of the pixel is borrowed from computer vision taking into account the
intensity values in a heat-map.
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The third step is to measure its size in order to determine whether
or not the calculated size of the binarized heat-map belongs to the
human class. Figure 2 (c) shows a binary image of the heat-map
after applying the temperature filter. The reason behind binarizing
the heat-map is to have the same pixel intensity for each object in
the image. In this paper, any connected-component with less or
equal to 30 pixels is considered as noise to be removed.

3.3

Animal Pet Filter

The purposes of the temperature and the connected-component
filters were twofold:
(1) eliminating thermal noise with a temperature different from
human temperature;
(2) eliminating thermal noise similar to human temperatures
but with smaller sizes.
In this section, an animal pet filter is introduced to eliminate animal
pets from the resultant heat-map of the previous steps. The target
of this filter is to remove the thermal noise radiated by animal pets,
whose bodies have similar temperature to human body temperature
and are with relatively larger sizes than the threshold specified in
the connected-component filter above.
Figure 3 shows the proposed flow diagram of the proposed animal
pet filter. The input of this filter is the heat-map, which indicates
as the region of interest (ROI) after applying the above filters. The
filter classifies each ROI into an animal pet or human based on two
different feature extraction methods:
The first approach, using Principal Component Analysis (PCA)
with 95% of the variance. PCA is a linear technique for a dimensional reduction based on a linear mapping of the data from highdimensional space to a lower-dimensional space. Mathematically,
PCA is an orthogonal linear transformation that transforms the
data to the greatest variance as a new coordinate system using the
scalar projection of the data to lie on the first coordinate, which is
referred to as the first principle component. The second greatest
variance on the second coordinate, and so on. The transformation

is described by a set vector of weights 𝑤 (𝑘) = 𝑤 1, . . . , 𝑤 𝑝 (𝑘) that
transform each row vector 𝑥 (𝑖) of a data matrix 𝑋 with columnwise zero mean to a new vector of principal component scores
𝑡 (𝑖) = (𝑡 1, . . . , 𝑡𝑙 ) (𝑖) , where each of the 𝑝 columns represents a specific kind of feature (in this paper, represents each heat-map), and
each of the 𝑛 shows a different iteration of the experiment. The
individual variables (𝑡 1, . . . , 𝑡𝑙 ) (𝑖) of 𝑡 computed by:
𝑡𝑘 (𝑖) = x (𝑖) · w (𝑘)
for 𝑖 = 1, . . . , 𝑛

(2)

and 𝑘 = 1, . . . , 𝑙

In order to maximise variance, the first weight vector has to satisfy:
(
w (1) = arg max
∥w ∥=1

)
Õ

(𝑡 1 ) 2(𝑖)

(
= arg max

𝑖

∥w ∥=1

Õ

x (𝑖) · w

2

)
(3)

𝑖

and
w (1) = arg max

 𝑇 T

w X Xw
w𝑇 w

(4)
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Figure 2: Human heat-map segmentation, (a) original heat-map, (b) heat-map after applying temperature filter, (c) regions of
interest, (d) heat-map after animal pet filter.

w (𝑘) = arg max

n

X̂𝑘 w

2

o

= arg max

∥w ∥=1

( 𝑇 𝑇
)
w x̂𝑘 x̂𝑘 𝑤
w𝑇 w

(6)

By doing so, the remaining eigenvectors of 𝑋 𝑇 𝑋 , with most significant information, are determined by their corresponding eigenvalues. Hence, the weight vectors are eigenvectors of 𝑋 𝑇 𝑋 . The
decomposition of 𝑋 for full principal components can be given as:
T = XW

(7)

In the second approach, the entropy method is used. The entropy
of one-dimensional histogram of each ROI X is calculated:

𝐻 (𝑋 ) = −

𝑛
Õ

𝑃 (𝑥𝑖 ) log 𝑃 (𝑥𝑖 )

𝑤ℎ𝑒𝑟𝑒

𝑛 = ℎ𝑖𝑠𝑡𝑜𝑔𝑟𝑎𝑚 𝑏𝑖𝑛𝑠 (8)

𝑖=1

Depending on the result of the classification stage of each extracted
feature vector, the filter will remove the ROI from the heat-map,
if the extracted feature vector classifies as an animal pet and will
retain the ROI otherwise. Figure 2 (d) shows the result of applying
this filter on the heat-map shown on Figure 2 (b).

4 EXPERIMENTAL RESULTS
4.1 Data Collection

Figure 3: Flow-chart for the animal pet filter.

The principal component 𝐾𝑡ℎ can be found, first, subtracting the
first 𝑘 − 1 components from 𝑋

X̂𝑘 = X −

𝑘−1
Õ

Xw (𝑠) wT(𝑠)

(5)

𝑠=1

Second, extract the maximum variance from the new matrix by
finding the weight vector:

To evaluate the performance of the proposed system, a data collection system based on MLX90640 [1] infrared thermal sensor array
is used. The sensor returned the temperature of the detected objects
in the Celsius scale. This sensor provides a privacy-preserving and
low-cost capabilities [24]. The resolution of this sensor is a 32 × 24
pixels, which makes a total of 768 Far Infrared Radiation (FIR). The
sensor is accessible via the I2C interface, and it is suitable for a
battery-powered solution as its consumption is less than 23 𝑚𝐴. The
sensor’s operational temperature range between −40◦𝐶 and 85◦𝐶
and able to measure objects with temperatures between −40◦𝐶 and
300◦𝐶. The refresh rate of this sensor is between 0.5 and 64 𝐻𝑧, and
this makes it capable of detecting human movements.
The detected temperatures of the objects from the sensor vary
depending on the distance. For instance, if the sensor is placed on a
vertical position, such as on the wall, it will affect the proposed temperature filter (see Section 3.1) in distinguishing human radiation
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Table 1: Results of human and animal pet classification using PCA.
Classification Algorithm
Medium KNN
Cosine KNN
Naive Bayes
SVM

Accuracy
50.0%
75.0%
95.0%
100.0%

Table 2: Results of human and animal pet classification using entropy point estimation.
Classification Algorithm
Medium KNN
Cosine KNN
Naive Bayes
SVM
Figure 4: The entropy point estimation from heat-map histograms.

and radiations from other noised object, due to the difference in distances. Therefore, choosing an appropriate placement of the sensor
in the room is an important step to get accurate results from the
temperature filter method. In our system, the sensor was installed
on the ceiling of the room. The reason for this installation is to
ensure that the distance between the objects and the sensor is fixed
in most of the residential homes. The collected data-set consists of
40 heat maps that contain human and animal pets as well as other
environmental noises and a sample human presence alone. Additionally, 30 heat-maps that include hot objects and other kinds of
environmental noise were included. The dataset re-sampled using
cross-validation to split it into 75% for the training set and 25% for
the testing set.

4.2

Animal Pet Filter

This section presents the animal pet filter classification results and
their interpretations. To validate the performance of the filter, a
subset of the dataset contains 81 ROIs for both the human heatmap and cat as a pet case study. Experimental investigations were
conducted with four classifiers to examine the performance of the
two feature-extraction methods.
From Table 1, which includes the accuracy of individual classifiers that use PCA feature vectors, it can be observed that the
performance of PCA use varies based on the classifier itself. The
medium KNN classifier gives the lowest performance with an accuracy of 50%, cosine KNN 75%, Naive Bayes 95%, and SVM achieved
the best performance among them with an accuracy equal to 100%
in distinguishing between a cat and human heat-maps.
Figure 4 shows the entropy estimation of the 1 − 𝐷 histogram
for mentioned subset data-set. The first 40 samples in the Figure
belong to the cat class, while the remaining 41 belong to the human
class. It can be observed that cat heat-maps entropy estimates are
lower than human heat-maps. The assumed reason for entropy is
low in animal pet heat-maps compared to humans is the animal
pet does not have a variation in their body temperatures. However,

Accuracy
100.0%
100.0%
100.0%
100.0%

humans do have as a result of wearing clothes in some parts of their
bodies. Table 2 shows the result of using the same classifiers used
with the PCA method. The four classifiers provided 100% accuracy
in classifying heat-maps into pet and human classes.

5

CONCLUSIONS AND FUTURE WORKS

This paper proposed a novel framework to solve the problem of
recognition of the human presence in the activity of daily living by
eliminating different noise factors, for example, animal pets, using
the TSA sensor. The framework in non-invasive and low-cost. At
the same time, using the proposed methodology and sensor leads
to a robust recognition framework of human activity that is not
sensitive to the presence of animal pets or other warm objects.
The framework includes the stages of a temperature filter, a
connected-component filter and an animal pet filter. The results
indicate that the combination of such filters as well as the entropybased feature extraction, all choices of various kinds of classification
methods result in a very good performance. Also, if the PCA method
is chosen as the feature extraction, the SVM method should be used
to guarantee a good classification result.
In our data-set, the human presence is collected while they are
standing. Future work can be extended to recognise different human activities such as standing, sitting, and sleeping using thermal
sensing.
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