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Abstract: Artificial intelligence has increasingly taken over various aspects of daily life,
resulting in the proliferation of smart devices and the development of smart living and
working environments. One significant domain within this technological advancement
is human activity recognition, which includes a broad spectrum of applications such as
patient monitoring and supervision of children’s activities. In this research, we endeavor
to design a human activity recognition system that effectively analyzes multi-user data
through a machine learning framework centered on graphical plot images. The proposed
methodology uses a PIR sensor-based system. This system uses a two-stage process; the
first one involves generating new image datasets as density map images and graphical
representations based on the Kyoto CASAS multi-user dataset. In the second stage, the
generated data are provided to a sequential convolutional neural network, which predicts
the 16 activities developed by two users. To generate the new datasets, we only used data
from ambient sensors, which were organized in windows. We tested many types of window
dimensions and extra features such as temporal aspect and the limitation of two activities
in one window. The neural network was optimized by increasing the deconvolutional
layers and adding the AdamW optimizer. The results demonstrate the viability of this
method, evidencing an accuracy rate of 83% for multi-user activity and an accuracy rate of
99% for single-user activity. This study successfully achieved its objective of identifying an
efficient activity recognition methodology and a data image representation. Furthermore,
future enhancements are anticipated by integrating data sourced from PIR sensors, with
information gathered from user-personal devices such as smartphones. This approach is
also applicable to real-time recognition systems.

Keywords: multi-user activity recognition; CASAS; plot image generation; plot image
generation analysis; Kyoto multiresident ADL activities set; Keras

1. Introduction
Human activity recognition has found applications in many different fields such as

homes and offices [1]. Due to the emergence of intelligent environments like homes and
offices, human activity recognition has become increasingly necessary. This is motivated by
the desire to transform the environment in which a person performs day-to-day activities
to improve the quality of life. In [2], it was mentioned that these intelligent environ-
ments can help monitor disabled or elderly people who need permanent supervision. The
system can be enabled to detect unusual activities that do not align with the monitored
patient’s routine.
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Human activity recognition, or HAR, can be divided into two large categories based
on the types of sensors involved:

• Ambiental sensors;
• Wearable sensors.

Human activity can be described as a sequence of intended actions since we define
human activities as actions that are intentional and not just a reaction to environmental
impulse [3–5]. Also, when we consider multi-user activities, we look at activities where we
have more than one participant. Activities that are executed at the same time are defined as
an activity group [6]. Activities that are performed independently at the same time, and
there are no intersections between them, are considered multi-individual activities. If the
activities intersect, they are considered hybrid activities, a mix between multi-individual
activities and group activities. These hybrid activities can be further classified into three
subcategories based on the interaction between activities:

• Simultaneous activities;
• Collaborative activities;
• Concurrent activities.

The simultaneous activities category requires each user to perform an activity that
is not related to other activities and takes place at different locations in an environment
such as a house. Collaborative activities specifically involve identical actions in the same
location. The category of concurrent activities requires users to perform different actions
in the same location. In the same activity, each individual has a potentially different
behavior. Ambient sensors generate data that do not provide direct information about user
identification. Wearable sensors present a disadvantage, especially for certain activities,
even if they would be the best solution for identifying users. The compromise solution
would be to extract each user’s behavior based on the ambient sensors’ data and then
identify the users according to the behaviors [7]. The activity recognition and person
localization/identification come with their own set of problems. Locating people requires a
high-precision interpretation of the sensor data. Also, between locations without sensor
coverage, an approximation of the user’s position must be used with as much accuracy as
possible [8].

In the past, only RFID (radiofrequency identification) was used as a stable method for
identifying users; today, several types of devices can be used. For example, devices can com-
municate via Bluetooth, Ultra-Wideband (UWB), and ZigBee, but the major disadvantage
of these devices is that they have to be worn at all times [9]. Fixed ambient motion detec-
tion devices have their disadvantages; for example, infrared sensors are sensitive to heat
sources or strong light, and surveillance cameras have reduced performance in some poor
visibility conditions [10]. Most people own a smartphone and carry it for extended periods;
this can be a motion detection solution. Although the activities, which can be recognized
with the data obtained from these devices, are limited, they can play an important role
in the identification of the user. The adopted solution must be a compromise, neither too
uncomfortable for the user nor too complex for the environment, and it must also respect
privacy rules [11]. The human activity recognition process involves activities carried out
at home or in indoor spaces, as well as activities outside of residential spaces. Geospatial
location data are also needed for outdoor activities, not just human action-specific data [12].

This research aims to develop an efficient way of recognizing human activity for daily
tasks based on a continuous activities dataset. The main objectives are the following:

• Validating the proposed method by testing with plot images, which were generated
on the basis of the Aruba CASAS dataset from our previous study, and comparing the
results with our research described in [13].
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• Generating new images based on the proposed method from our study [13] but using
the Kyoto Multiresident ADL Activities dataset provided by the Center for Advanced
Studies in Adaptive Systems (CASAS).

• Using a new data representation method and comparing the results with the previ-
ous method.

• Optimizing the activity recognition neural network and testing several parameters to
increase the activity recognition accuracy.

• Recognizing daily activities through a method capable of interpreting continuous data
flows and creating a method compatible with real-time systems.

The improved results of the neural network were validated using the study’s single-
user dataset [13] to assess the recognition rate. The recognition rate obtained was 84.54%.
Our method achieved a 99% result on the same dataset. In this way, we have the confir-
mation that the network structure is a performant one for recognizing images that contain
information about the user’s activity. Having confirmed the operation of the method chosen
in this study, we generated images for the multi-user dataset, using two methods of graphic
data representation from the datasets made available by the CASAS project. The graphic
method was chosen for the following reasons:

• Image recognition algorithms are very efficient.
• The graphic representation can take into account the spatial aspect of the activity by

depicting it in the form of a map.
• New features can be introduced to improve the graphic representation, including the

temporal spectrum and not the actual activity execution time.

A fixed-size data window was chosen for each image (graphical representation). These
data are represented by two methods. The first is to represent data using density maps
in which, for each sensor activation, the representation color will intensify. Regarding
the location where the state of a sensor is represented in the image, it corresponds to
the location on the map of the residential space. The second representation option is the
graphical representation option of the data from a data window. Data representation
involved plotting coordinates and connecting consecutive points to observe temporal
changes in sensor activations by comparing shifted coordinates. These generated images
were uploaded to a cloud location and then fed to a sequential convolutional neural
network, using the Google Colab platform. Details related to the dataset, the window
generation process in Section 3, and the structure of the neural network can be found in
Section 4.

Given this way of representing data using fixed-size windows, the method can also
be used in real-time recognition systems. For each window, a time-related dimension is
used, and all sensor activations at that moment are taken into account. For the real-time
method, these windows can retrieve the data (sensor activation status) directly from the
active CASAS system. The problem of recognizing multi-user activities is very different
from those of single users. A single-user activity is easier to represent both graphically and
using a set of numerical data. When we talk about the recognition of multi-user activities,
the problem of collaborative activities and the interleaving of data from sensors come
into play. Another issue is represented by user identification in the context of multi-user
activities. In this study, we analyze the recognition of activities at a given time, without
trying to recognize the identity of the users involved.
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2. Related Works
2.1. Sources of Data Acquisition

The evolution of technology has driven researchers to advance more and more in the
field of HAR for both residential and medical environments [12]. In some applications,
real-time recognition of human activity can be much more efficient and with satisfying
results for the end user [14]. Data used to determine activities can be derived from multiple
sources [15–17], such as wearable sensors or even smartphones [11]. These devices can be
positioned in different locations on the user’s body, such as the pants pocket or the chest
pocket of the shirt. The data used for activity recognition can also be collected from ambient
sensors, even from a network of these ambient sensors that cover the entire residential
space [18]. Another HAR idea is based on acoustic and sound signals [19]. A hybrid
approach, which uses multimodal data, seems to be increasingly popular since it brings
together data from ambient and wearable sensors [12,20]. Mechatronic devices can be used
as an actuation device. An exoskeleton device attached to the finger that can be used in the
medical field for patients with speech problems or immobilized [21].

2.2. Image Representation of Dataset

Image recognition techniques were initially based on transforming temporal sensor
data into spatial representation in the form of images. This allows data features to be
represented by colors or textures; thus, the data are represented in the form of a scalogram.
Generated scalograms contain vertical stripes, reflecting the frequency components and
energy differences between bands. Texture information improves classification and captures
fine details, resulting in the high accuracy of the wavelet scalogram-based method. The
method obtained a recognition rate of 99.11% compared to the recognition rate of 94.58%
obtained with the classical numerical representation [22].

The two-dimensional representation of one-dimensional data, such as the amplitudes,
nonlinearity, and local temporal relationships of the data, is another method of graphical
representation. Each characteristic is represented with a color, and then these three color
channels are represented in a single multicolor image. With this method, a recognition rate
of 99.40% [23] was obtained.

For gesture recognition, a method was used to represent the raw data obtained from
the electromyographic system. These data were represented in the image in grayscale,
where these values were distributed. The recognition rate obtained with this method is
99.95% [24].

2.3. Image Recognition Methods

A method for determining multi-user human activities using wireless signals. The
data were collected for 16 different activities, including individual and group activities.
Three automatic activity recognition algorithmic methods were tested. The input data
provided to the neural networks were matrices that contained the values of the wireless
signals transmitted and received by the antenna, as well as the response frequency. The
method based on the Extra Trees (ET) algorithm obtained an average accuracy of 98%,
which is the best performing among the evaluated models. The Random Forest (RFo)
method had an average accuracy of 97%. The lowest recognition rate method was the one
based on the Decision Tree (DT) algorithm with an accuracy result of 90% [25].

The hybrid data representation method combines existing data with future data, which
are represented in the form of monochrome thermal maps. The recognition algorithm is
based on a convolutional neural network (CNN) combined with Gated Recurrent Unit
(GRU) technology. The optimal approach for data graphic representation, which gave the
best results, was to use a mix of a 30 min data window containing data already collected
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(past) and 15 min of future data (assumed). The recognition rate varies from 98% to 100%
depending on the complexity of the activities. The study included eight static and dynamic
activities: toileting, resting, exit, cooking, shower, PC, sleep, and kitchen [18].

The dataset provided by the Center for Advanced Studies in Adaptive Systems
(CASAS) at Washington State University is described in the article [13]. It uses both
single-user and multi-user data. The tested model is based on the Markov model using
the recorded data. For single-user data, the recognition rate was 83%. When it comes to
the presence of pets in the residential space, the recognition rate drops between 3 and 6%.
For data taken from the multi-user residential space, the recognition rate with this method
is 11%.

An innovative method that can be used to improve the HAR rate is a multi-agent
model, called Hydra-TS, used for data augmentation. It proposes a multidimensional
representation and the relationships between events. Even if this method is still at the
beginning stages, the results are quite promising. With a recognition rate of about 67%,
this method can determine the relationships between individuals, which can improve
multi-user recognition [26].

The multi-user Kyoto dataset from CASAS was processed by adding features based
on the most frequent activity. Two algorithms are tested, namely long-short-term memory
(LSTM) and BiLSTM. The accuracy results for multi-users were 39% in the case of LSTM
and 37% in the case of BiLSTM [27].

An efficient method of recognizing multi-user activities uses a dataset collected with
data taken from two users. The users had 16 independent and collaborative activities. The
recognition method is in two stages; the first stage involves the recognition of individual
activities, and then, in the second stage, the generated data are provided to a network that
predicts the following activities. A DNN network was used, and a recognition rate of 66.7%
was obtained [28].

In Table 1, the results obtained by other studies in the field are presented. The
results from studies using the CASAS multi-user dataset serve as references for this study.
Although the results for other datasets are better, they use a dataset collected specifically
for that study.

Table 1. Results from related works.

Reference
Number Algorithm Activities Dataset Recognition

Rate

[25] Extra Tree 16 activities collected during the research 98%

[25] Random
Forest 16 activities collected during the research 97%

[25] Decision Tree 16 activities collected during the research 90%

[18] CNN + GRU 8 activities collected during the research 99%

[29] Markov daily
activities CASAS single user 83%

[29] Markov daily
activities CASAS multi-user 11%

[26] Hydra-TS daily
activities CASAS multi-user 67%

[27] LSTM daily
activities CASAS multi-user 39%

[27] BiLSTM daily
activities CASAS multi-user 37%

[28] DNN 16 activities collected during the research 66.7%
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3. Dataset and Data Representation
3.1. Dataset Information

This study utilized the Kyoto Multiresident ADL Activities dataset created by the
Center for Advanced Studies in Adaptive Systems at Washington State University. The
dataset is freely available and can be downloaded from [30]. The Aruba single-user dataset
was also used to prove the concept and is freely available and can be downloaded from [31].
For this study, two methods of data graphical representation were used. For the first
method, the data were represented as density maps, and for the second method, the data
were represented as a temporal perspective graph. The raw dataset includes the activation
and deactivation status of the PIR sensors that are part of the main data acquisition system.
In order to be able to represent the data, the dataset was first cleaned of redundant data
such as sensor inactivity status states. The main dataset used for this study is the Kyoto
Multiresident ADL Activities set, provided by the Center for Advanced Studies in Adap-
tive Systems (CASAS) at Washington State University. In order to generate this dataset,
40 people participated and followed a list of activities they had to perform. Table 2 presents
the list of activities, which is also mentioned in the article [32], the number of persons and
the activity type. The activities were carried out in sets of two people and the activities
were both individual and collaborative. This means that at one point in time, one or two
people carried out activities, some of whom intersected with each other. The study that
describes the data acquisition system, activities, and raw data representation is described in
the article [32]. In addition, the dataset is annotated from the point of view of the activities
and the people who actually performed the activities. The data are stored in text type files,
where the states of the sensors recorded during the data collection are saved and structured
as one record per row. A single recording contains the recording date, time, sensor name,
sensor status, the label with the people performing the activity, and the activity number as
presented in Table 2. The reason is that the “OFF” state of the sensor does not represent the
end of the activity in the sensor’s action area but rather its state of inactivity. This state is
inserted automatically after a period of time specific to each type of sensor. In the dataset,
there are data that were incorrectly recorded or did not appear labeled, and they were
removed so as not to negatively influence the recognition of the activities. For the current
study, only the data from the motion sensors (marked with M) and those placed on the
doors of the rooms (marked with D) were taken into account. In the pre-processing phase,
only the chosen sensor type data were retrieved and used further. Although not used, the
dataset also contains raw and labeled data from other sensor types, but since they are more
uncommon than the PIR-based sensors, they were discarded. Figure 1 shows the steps that
were followed to clean the raw data.

Figure 1. Initial data cleaning from redundant data.
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Table 2. Detailed activities scenario [32].

Activity
Number Description Persons Activity

Type

1 Fill medication dispenser in the kitchen using items obtained from
the cabinet. Return items to the cabinet when done Person A Individual

2 Hang up clothes in the hallway closet. The clothes are laid out on
the couch in the living room Person B Individual

3
a. Move the couch and coffee table to the other side of the liv-
ing room
b. Request help from Person A

Person A and B Collaborative

4 Sit on the couch and read a magazine Person B Individual

5
Water plants located around the apartment. Use the watering can
located in the hallway closet. Return the watering can to the closet
when finished.

Person A Individual

6 Sweep the kitchen floor using the broom and dust pan located in
the kitchen closet. Return the tools to the closet when finished. Person B Individual

7 Play a game of checkers for a maximum of five minutes Person A and B Collaborative

8 Set out ingredients for dinner in the kitchen Person A Individual

9 Set dining room table for dinner Person B Individual

10 Read a magazine on the living room couch Person A Individual

11

Simulate paying an electric bill. Retrieve a check, a pen, and
an envelope from the cupboard underneath the television in the
living room. Use the telephone book in the dining room to look up
a number for a utility company to confirm the amount on the bill.
a. Person B requests help from Person A to find the number for
the utility company
b. Person A will stop the current task to help and finish a task
when done helping

Person A and B Collaborative

12 Gather food for a picnic from the kitchen cupboard and pack them
in a picnic basket Person A Individual

13

Retrieve dishes from a kitchen cabinet.
a. Person B requests help from Person A to identify the cabinet in
which the dishes are located.
b. Person A will stop the current task to help and finish a task
when done helping

Person A and B Collaborative

14 Pack supplies in the picnic basket Person B Individual

15 Pack food in the picnic basket and bring the basket to the front
door of the apartment. Person A Individual

3.2. Density Map Graphic Representation Method

The graphic representation method used in our study [13] involves the creation of a
density map based on the sensor activation signals. In order to represent the map as close
as possible to reality, a matrix was created that contains the sensors and the locations where
they are installed. As can be seen in Figure 2, this matrix was created by superimposing it on
the house map and determining the matrix point where each mounted sensor is displayed.
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Figure 2. Matrix of positioning sensor on map.

The more active a sensor is, the more intensely it is represented on the map, where
it is highlighted by a different shade. Using this method, we generated images of
227 × 227 pixels using data from the Kyoto Multiresident ADL Activities set.

In Algorithm 1, the pseudocode used to generate images using the density map
method is presented. The first step is to read the input dataset file and initialize the activity
group. For each line item in the dataset file, we check if we have a condition called activity
begin. If an activity is starting, we add the current data item to the activity group. If we
do not have an activity begin scenario, we create the target folder and path, map activity
group items to a matrix after we plot the heat map plot type, and save the resulting PNG
image. In the end, we also need to clear the activity group. The data window process was
handled using the following Formula (1), where t represents the time and S represents the
sensor identification and the graphical coordinates.

F(t) =
n

∑
1

Ss(x, y), t ∈ R, n ∈ N (1)

An example of generated images can be seen in Figure 3. Several window variants
were generated for testing. The figure shows the data for activity 1, which is an individual
activity. In Figure 3a, a data graphical representation based on nonoverlapping data
window frames was used. In Figure 3b, we can see that for the same activity, the generated
image has an overlapped larger data window frame. For Figure 3c,d, the generation of
superimposed windows with data window frames of 5 s and 10 s was analyzed. The
difference compared to the previous version is that it was limited to only two activities per
represented image.

(a) (b) (c) (d)

Figure 3. Density map generated from Kyoto dataset Multiresident ADL Activities: (a) window of 3 s
without overlapping; (b) window of 8 s with 5 s overlapping; (c) window of 8 s with 5 s overlapping
and limitation to 2 activities; (d) window of 13 s with 10 s overlapping and limitation to 2 activities.
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Algorithm 1 Generating density map plot algorithm

Require: n ≥ 0 ▷ Data item count from input dataset file
Ensure: g = [] ▷ Activity group

for i = 1, 2, . . . , n do
b← is activity begin
if b = true then

g← dataset[i]
else

Create target path and folder
Map activityGroup g items to matrix
PlotMatrix using Heatmap plot type and save PNG image
g = []

end if
end for

3.3. Coordinates of Sensor Locations Graphical Representation Method

For the method analyzed in this study, the same dataset and sensor location matrix
were used. The Scatter Plot style was used for graphic representation. An image is 227× 227
in size. A graph represents a window of data from the time set. Each active sensor in the
window is graphically represented by a point whose coordinates represent the sensor’s
location in the matrix. To create a linear relationship of activities, the next displayed active
point is joined to the previous one by a line. Several sets were generated with different
data window parameters, but also the introduction of a normalized temporal side, more
precisely using the data order to normalize the temporal one. The temporal aspect was
introduced by scaling the coordinates on the x-axis with a constant value of 3 units. The
exact time value was not used because some activities may last longer and others less so,
and the data window limits the activity in time. An example of generated images can be
seen in Figure 4.

(a) (b) (c) (d)

Figure 4. Graphical representation of data generated from Kyoto dataset Multiresident ADL Activities:
(a) window of 10 s without overlapping; (b) window of 30 s without overlapping; (c) window of 50 s
without overlapping; (d) window of 50 s without overlapping without temporal normalization.

In Algorithm 2, the pseudo-code used to generate images using the scatter plot is
presented. The first step is to read the input dataset file. For each line item in the dataset
file, we initialize the activity group that will store multiple line items. We then add the
current data item to the activity group. Then for each item, from the current position to any
item inside the defined data window (using the time in seconds), we add the next rows to
the activity group. When the activity group is full of items, more than two, we create the
target folder and path, map the activity group items to a list of 2D points, and leverage the
ScottPlot library to plot the scatter image type and save a PNG image.
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Algorithm 2 Generating scatter plot algorithm

Require: n ≥ 0 ▷ Data item count from input dataset file
Ensure: g = [] ▷ Activity group

for i = 1, 2, . . . , n do
g = []
g← dataset[i]
w← DataWindowIndex
for j = i, . . . , w do

g← dataset[j]
end for
if g > 2 then

Create target path and folder
Map Activity group g items to list of 2D points
Plot matrix using Scatter plot type and save PNG image

end if
end for

3.3.1. Scatter Plot Data Image Generation

From the main CASAS dataset, a comma-separated value file was extracted, which
contains basic activity information such as timestamp, sensor activation state, user ID,
and activity type. These data were imaged by the .Net DataSetProcessor application. This
process involved overlapping logic as for each record in the initial input data file, we
gathered a data window and created a plot image. Multiple data window values were used
for tests, with the following values: 3, 5, 10, 20, 30, and 50 s. Based on this data window
group of sensor activations, a list of two-dimensional points is created using the house
map matrix as a coordinate source. Once the list of points is generated, the ScotPlot library
is leveraged to create a corresponding scatter plot image. Thus, the image will contain a
graphical representation of the points and links between the points.

3.3.2. Temporal Scatter Plot Data Image Generation

The logic for the generation of the temporal Scatter plot data image is similar to the
generation of the basic Scatter plot data image. We still use data windows to generate a list
of two-dimensional points. The main difference is that we introduce a temporal aspect to
displaying the data but in a normalized form without relying on the actual timestamp of
the raw sensor data. This is achieved by replacing the X axis in the list of two-dimensional
points with an incremental index, simulating the temporal aspect but without taking into
account the actual time between the sensor events. The index is incremented with a constant
value of 3 to ensure that the plot generation is optimal. This generates a plot image that
represents a graphical sensor activation path.

The ScottPlot.NET library is showcased here together with sample code [33]. More
details can be found on this project’s GitHub page here [34] version 5.0.53 and on the Nuget
package here [35]. Multiple versions of this “ScottPlot” library were used, including 4.1.71
and 5.0.53.

The source code for the proposed multi-user human activity recognition system is
available in a public git repository [36].

4. Image Recognition Method
The Google Colab platform was used to develop the project. It is a tool that allows

you to upload data and create machine learning models using a cloud infrastructure.
This platform allows for working with industry standard libraries such as Keras and
TensorFlow [37]. In addition to CPU processors, Google Colab also provides GPU graphics
processors that allow for higher speeds. This platform was chosen because the project
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needed image processing. Using the Keras library, a sequential network was modeled. As
can be seen in the Figure 5 diagram, the first step was to load the images from a Google
Drive. With the help of the Dataset.cache and Dataset.prefetch functions, the images
were loaded into the Google Cloud Drive. In this way, the neural network will be able to
process the images much better and faster. Once loaded, these images are normalized using
parameters [0, 1] and rescaling with parameters [0, 255]. The next step was to create the
neural model.

Figure 5. Flow diagram in developing the convolutional neural network using the Google
Colab platform.

The chosen model was the sequential model that is suitable for image recognition. The
model contains, as can be seen in the Figure 6 diagram, an image rescaling layer, followed
by three convolutional layers, each with a Conv2D, MaxPooling2D and ReLU function. The
last two layers include the flatten layer and the connection layer using the Dense function,
which is a fully connected layer. As an optimization property, the Adam algorithm was
used, which is optimal from a computational point of view and uses few computational
resources. It works very well for problems such as large volumes of data and complex
parameters. Table 3 presents the layers of the convolutional network and the values of
the test parameters. To optimize the recognition rate, several convolutional layers were
added. The pooling parameter for the pooling layer was adjusted. The results obtained are
described in the Section 5. From the complete dataset, 70% training and 30% validation
were used.

Table 3. Sequential neural network parameters.

Layer Type Output Shape

rescaling_1 (Rescaling) (None, 227, 227, 3)
conv2d (Conv2D) (None, 227, 227, 16)

max_pooling2d (MaxPooling2D) (None, 227, 227, 16)
conv2d (Conv2D) (None, 113, 113, 32)

max_pooling2d (MaxPooling2D) (None, 56, 56, 32)
conv2d (Conv2D) (None, 56, 56, 64)

max_pooling2d (MaxPooling2D) (None, 28, 28, 64)
flatten (Flatten) (None, 50176)
dense (Dense) (None, 128)

dense_1 (Dense) (None, 10)
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Figure 6. Sequential model architecture block diagram.

5. Results
The results obtained using standard parameters proved to be effective within the

scope of this study. Table 4 presents the results for different types of tests. The best result
was obtained using data windows of 50 s with a scatter plot representation. Unlike the
temporal spectrum version, this method also gave very good results for validation. This
data representation method also works for continuous data flows, so this method can
also be used to recognize real-time activities. Also, from this table, it can be seen that the
recognition algorithm works very well on the dataset with a single user, the recognition
rate being 99%.

To validate the dataset, a T-test was implemented in the Google Colab platform. Based
on the recognition rate and the standard deviation coefficient, the T-test values and the
probabilistic value were calculated. Table 5 shows the results for the sets tested. For the
type of graphic representation of scatter plots, the introduction of the temporal spectrum
did not bring any positive benefit. Instead, the differences between the representation with
density map and scatter plot can be observed both from the recognition rate and from the
t-test value. The scatter plot representation type is clearly superior to the density map type.

To improve the method, several parameter values were tested. In Table 6, the recogni-
tion results value rate is highlighted, as well as the parameter values. The convolutional
layer pooling value was modified because it has a direct effect on the features that are
extracted in the learning process. In addition, additional convolutional layers were added.
The best result was obtained with four additional convolutional layers. The optimization
algorithm was modified, and AdamW and Adadelta had the best results. Unlike the initial
version, the recognition rate improved by 4%. The proposed implementation trains an
image classification model using a batch size of 32; these images are processed before the
model weights are updated. Input images are resized to 227 × 227 pixels before being fed
into the model. A validation split of 0.3 is used, which means that 30% of the dataset is
reserved for evaluating the performance of the model during training and prevent over-
fitting. The model is trained for 20 epochs, giving it multiple passes through the entire
dataset to learn the patterns in the data. The Adam optimizer, known for its efficiency, is
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employed to update the model’s weights and guide the learning process. This optimizer
helps in achieving faster convergence and potentially better accuracy.

Table 4. Results obtained.

Dataset Type
Number

Single-
User/Multi-

User

Windowing
Size

Extra-
Parameters

Image Repre-
sentation

Recognition
Rate on
Training
Process

Recognition
Rate in

Validating
Process

Aruba
CASAS 1 Single-user Activity

length - Density map 99% 99%

Kyoto
CASAS 2 Multi-user 3 s without

overlapping Density map 54% 44%

Kyoto
CASAS 3 Multi-user 8 s

with
overlapping

5 s
Density map 55% 46%

Kyoto
CASAS 4 Multi-user 8 s

with
overlapping

5 s, limitation
to two

activities per
image

Density map 52% 45%

Kyoto
CASAS 5 Multi-user 30 s

without
overlapping,

lines and
points

Scatter plot 75% 73%

Kyoto
CASAS 6 Multi-user 50 s

without
overlapping,

lines and
points

Scatter plot 79% 74%

Kyoto
CASAS 7 Multi-user 30 s

without
overlapping,

lines and
points,

normalized
temporal

aspect

Scatter plot 68% 49%

Kyoto
CASAS 8 Multi-user 50 s

without
overlapping,

lines and
points,

normalized
temporal

aspect

Scatter plot 79% 56%

Kyoto
CASAS 9 Multi-user 10 s

without
overlapping,

lines and
points,

normalized
temporal

aspect

Scatter plot 45% 30%
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Table 5. Results obtained by applying T-test to compare datasets.

Dataset 1 Dataset 2 T-Statistic Value p-Value

Scatter Plot 50 s windowing without
overlapping, lines and points

Density map 8 s windowing with
overlapping 5 s 16.97 0.1812 × 10−40

Scatter Plot 50 s windowing without
overlapping, lines and points

Scatter Plot 50 s windowing without
overlapping, lines and points,
normalized temporal aspect

0.0 1.0

Density map 8 s windowing with
overlapping 5 s

Scatter Plot 50 s windowing without
overlapping, lines and points,
normalized temporal aspect

−24.59 0.6367 × 10−117

Density map 8 s windowing with
overlapping 5 s

Density map 8 s windowing with
overlapping 5 s with overlapping 5 s,
limitation to two activities per image

6.70 0.256 × 10−11

Table 6. Results with different parameters.

Dataset Recognition
Rate Validation Rate Optimization Parameters

Kyoto CASAS windowing 50 s
and scatter representation 82% 77%

four convolutional layers were added;
pooling parameter was modified 128, 256,
512, 512

Kyoto CASAS windowing 50 s
and scatter representation 80% 75% two convolutional layers were added; pool-

ing parameter was modified 128, 256

Kyoto CASAS windowing 50 s
and scatter representation 83% 76%

four convolutional layers were added;
pooling parameter was modified 128, 256,
256, 256; AdamW optimizer

Kyoto CASAS windowing 50 s
and scatter representation 83% 78%

four convolutional layers were added;
pooling parameter was modified 128, 256,
256, 256; Adadelta optimizer

In Table 7, we compared the results obtained in this study with studies that use the
CASAS multi-user database. We noticed that this proposed model is efficient at recognizing
multi-user activities.

Table 7. Our result compared to other related work.

Type Number from Table 4/Reference
Number Method Recognition Rate

6 7 convolutional layers + AdamW 83%

6 7 convolutional layers Adadelta 83%

8 7 convolutional layers 79%

[26] Hydra-TS, an innovative multi-objective
generative adversarial network 67%

[27] LSTM 39%

[27] BiLSTM 39%

[28] DNN 2 steps recognition 66.7%
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6. Conclusions
Recognizing multi-user activities requires complexity and diversity. User actions can

be individual or collaborative. The targeted activities can be simple and involve little action,
including reading or recreational activities, but also complex, including cooking or cleaning.
Recognizing activities in residential spaces not only helps to identify activities but also
improves everyday life. These intelligent residential spaces contribute to energy efficiency,
optimizing the environment to meet the user’s needs. It can even help identify negative
habits and behaviors that can affect health.

Any intelligent activity recognition system or intelligent residential space must respect
data confidentiality and respect the users’ personal space without interfering with their
lives or trying to control them. One of the problems with the smart environment is that a
user feels under surveillance and that he no longer has the freedom to carry out his activity
without reasoning for each action he takes. That is why this type of system should use
noninvasive electronic data recording systems and compensate for the missing information
by using even more intelligent recognition methods. This study aimed to find a graphical
representation method, which is as efficient as possible with the data obtained from a
PIR sensor-based system. From the graphical representation methods tested, we conclude
that the most efficient method was using generated windows based on coordinates. The
length of the windows with a good result was 50 s. The tests in which this value was used
obtained a recognition rate of 79%. We improved the recognition rate by 4% by finding
parameter values that help in this regard. This was achieved by completing the initial
architecture of the sequential neural network with four more convolutional layers and
using the AdamW and Adadelta optimizer. With an accuracy result of 83%, this study met
its objective of finding an efficient method of activity recognition. At the same time, the use
of data windows proved to have a positive effect on the representation of chronological
data. From the tests performed, it was proven that the window overlap did not have a
positive result in the case of this method; moreover, it led to the creation of too much
information data, which led to a decrease in recognition rate.

Recognizing activities in a multi-user residential space is a complex process that
involves, first and foremost, an understanding of the activities performed and the need for
space adaptability and flexibility. Secondly, it also involves the integration of technologies
for improving the housing experience. It also requires a careful approach to montoring the
users and protecting their privacy rights. Taking into account the good results obtained with
this method, we will, in a future study, create a real-time system that recognizes activities
and anticipates, based on future behaviors, the possible health problems that the users of
the smart residential space could experience. The study method successfully identified
multi-user activities at specific moments. Users cannot be identified, and activities are
detected only as they occur individually or collaboratively. The dataset’s existing data
make solving this problem challenging. In addition, for user identification, we can improve
this method by combining the data taken by the PIR sensors with data taken from a user’s
gadgets such as smartphones. These data can bring about new information about the
user’s location and behavior. Using a wearable device that the user is likely to have,
such as a smartphone or a smart watch, the user does not feel invaded by technology.
This new modal dataset will represent the input from which the algorithm will be able to
extract new features, resulting in a better recognition rate. We have managed to obtain a
better recognition rate, as compared with other studies, due to the chosen graphical image
representation. This representation uses small images, takes into account the physical
layout of a house, and highlights the links between activated sensors.
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