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Abstract: Over the last decade, there is a surge of attention in establishing
ambient assisted living (AAL) solutions to assist individuals live independently. With a social and economic perspective, the demographic shift toward
an elderly population has brought new challenges to today’s society. AAL can
offer a variety of solutions for increasing people’s quality of life, allowing them
to live healthier and more independently for longer. In this paper, we have
proposed a novel AAL solution using a hybrid bidirectional long-term and
short-term memory networks (BiLSTM) and convolutional neural network
(CNN) classifier. We first pre-processed the signal data, then used timefrequency features such as signal energy, signal variance, signal frequency,
empirical mode, and empirical mode decomposition. The convolutional neural network-bidirectional long-term and short-term memory (CNN-biLSTM)
classifier with dimensional reduction isomap algorithm was then used to select
ideal features. We assessed the performance of our proposed system on the
publicly accessible human gait database (HuGaDB) benchmark dataset and
achieved an accuracy rates of 93.95 percent, respectively. Experiments reveal
that hybrid method gives more accuracy than single classifier in AAL model.
The suggested system can assists persons with impairments, assisting carers
and medical personnel.
Keywords: Ambient assisted living; convolutional neural network; dimensionality reduction; frequency-time features; wearable technology

1 Introduction

Ambient assisted living (AAL) is an emerging technology for solving the challenges of elderly
people. AAL helps people to stay connected socially and live autonomously into old age by integrating
smart technology like sensors, smart interfaces, actuators, and artificial intelligence [1]. AAL has
This work is licensed under a Creative Commons Attribution 4.0 International License,
which permits unrestricted use, distribution, and reproduction in any medium, provided
the original work is properly cited.
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evolved rapidly in daily-life activities like providing assistive technologies to disabled people and
providing easiness in acceptability, accessibility, and usability of advanced technologies [2]. Moreover,
emerging AAL technology has decision-making capability to anticipate and respond intelligently to
the upcoming needs of elder people [3].
As elder people have many age-related diseases, and therefore the need of health assistance systems
is increasing annually. The most generic method of monitoring these people is physical observation
which is expensive and impractical in real life. AAL technologies like video surveillance systems, careproviding robots, and human-computer interaction recognition systems are generally targeting elderly
people but these technologies can also assist physically and mentally impaired people [4]. Moreover,
people suffering from obesity, diabetes, and people conscious of their fitness can also take advantage
of such AAL systems. Hence, the AAL-based real-time monitoring is affecting people of every age
ranging from people with disabilities to people linked with sports activities, which is the major branch
of the human activity recognition (HAR) domain [5].
The key reason of using wearable sensors, i.e., accelerometers and gyroscopes in AAL systems
is the ease of recording a person’s daily activities [6]. Continuous activity records help the caretaker
keep a check on the physical and mental condition of the patient, resulting in improving the person’s
mental and physical condition. The continuous feedback of the patient’s activities makes it easier
for the caretaker to diagnose the medical condition of the patient [7]. Moreover, AAL is also
providing a system for independent living to elderly people and patients with other mental pathologies.
Furthermore, HAR systems can be designed to interact with users to change their behaviors and
lifestyles towards more active and healthier ones. Recently, numerous intelligent systems based on
wearable sensors have been designed for diagnosis of medical conditions, like the parkinson disease,
cardiac rehabilitation, physical therapy, detecting abnormal activities, physical activity of adolescents,
detecting fall of elderly people, and analyzing sleep patterns of children, and adolescents [8].
This paper focuses on the classification of activities recorded by the movements and positioning
of inertial sensors. The proposed system includes five main steps: First, signal acquisition and
preprocessing is done using Chebyshev, Kalman, and dynamic data reconciliation (DDR) filters.
Seccond, signal normalization is applied to the filtered signal. Third, time-frequency features are
extracted from the signal. In addition to that, dimensionality reduction is done using projecting
matrix and convolutional neural network-bidirectional long-term and short-term memory (CNNbiLSTM) classifier. For AAL environment system, the HuGaDB benchmark dataset composed of
diverse patterns of activities has been used to assess the proposed model. The main contributions of
this paper are as follows:
• We proposed multifeature extraction algorithms for a variety of signal patterns that include
both time domain and frequency domain features.
• We used the Isomap algorithm to optimize the data for complicated human activity patterns,
which offered contextual information as well as classifying behaviours.
• In addition, the CNN-biLSTM classifier was utilized to classify the HuGaDB public benchmark dataset, and the results were significantly better than other state-of-the-art approaches.
The rest of this paper has been structured as follows: Section 2 gives the detailed description of
related work in the field of time-frequency and deep learning model. Section 3 covers the details of the
proposed AAL architecture. Section 4 consists of experimental results. Finally, Section 5 comprises of
the conclusion and future perspectives of our proposed model.
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2 Related Work

The machine learning validation technologies for AAL system, established so-far could be broadly
classified into two types as described below.
2.1 Activity Recognition Using Time-Frequency Features

Many researchers have extensively worked on the well-known features of human activity recognition systems in assorted domains. Shi et al. [9] employed features corresponding to time-frequency
domain for brain activity recognition using the wavelet packet decomposition (WPD) tool. The WPD
works by decomposing frequencies of low and high components within the signal to get the specific
band of particular components. They have achieved an accuracy of 90.89%. The approach offers a
high time-frequency resolution and noise suppression capability, but it requires a lot of computation,
so it can only be used for small samples. Wang et al. [10] proposed an action detection method for an
artificial knee system. They gathered data from inertial sensors and then fractional Fourier transform
(FRFT) is applied to the data and then eight time-frequency features were extracted. In this paper, the
standard deviation, interquartile range, variance, mean, and peaks were selected to form the feature
vector and gain good recognition accuracy in this regard. The real-time performance of HAR system
might be affected when a large amount of data is processed at once. Rosati et al. [11] performed feature
extraction in time-domain for human activity recognition (HAR) classification. Later on, the resultant
features are further reduced using genetic algorithm. Support vector machine (SVM) technology is
used for accurate classification of data. It is easy to implement genetic algorithm with SVM classifier.
However, because of the uncertainty principle’s restriction, the approach is unable to achieve ideal
temporal and frequency resolution at the same time. Debs et al. [12] linearly encoded acceleration
signal in the frequency and time domain by applying a linear transformation on the inertial data.
Acceleration signals are then anonymized by filtering themin time-frequency domain. Finally, they
have obtained a recognition rate of 85%. The particular approach has poor noise suppression and timefrequency resolution. Jourdan et al. [13] designed a novel mechanism of preprocessing the raw signal
with median and butterworth filter on a mobile phone. The preprocessed data is then sent to a server for
feature extraction and activity classification. The frequency domain features include discrete Fourier
transform (DFT), energy, and entropy. While, time domain features include mean, standard deviation,
signal magnitude, and signal-pair correlation. The random forest classifier efficiently classified the
data with a mean accuracy of 87%. Leonardis et al. [14] split the data into 5 s frames and extracted
342 features in the time, frequency, and time-frequency domains by using a correlation-based and
genetic algorithm feature selection process. The author claim that the proposed technique successfully
identified 90% of the actions. Chinimilli et al. [15] proposed a real-time human locomotion detection
system using amplitude and omega features on six periodic activities, including level walking, stair
ascent, stair descent, uphill, downhill, jogging, and running. Two successive peaks in the thigh angle
signal has been further fed to k-nearest neighbors for the recognition of activities in an outdoor
environment.
2.2 Activity Recognition Using CNN and LSTM

Deep learning techniques have been widely deployed in extensive research areas to automatically
detect/classify data samples. Mohammadian et al. [16] designed a convolutional autoencoder to
denoise the signal for abnormal human movements of accelerometer signals. The authors mentioned
that they will implement the mobile application in real-time in the future. Nukala et al. [17] presented
custom-designed approach for a gait analysis system using an artificial neural network. This system
claims to efficiently classify falls and daily activities. The triaxial accelerometer and gyroscope sensors
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are placed on human body at T4 and belt position. The implemented model is then implemented
by transmitting data in between wireless gait analysis sensor (WGAS) and personal computer (PC).
The model achieved a reliable accuracy for assisted living environments. Kwon et al. [18] performed
gesture pattern classification using convolution neural network (CNN). The proposed model is tested
in an indoor environment. The model efficiently classified the 10 gestures with a recognition accuracy
of 90%. However, these systems has been tested only in an indoor activities and with constraint
environment. Hence, these methods are not suitable enough to incorporate influence of the sensor
errors in an unrestricted environment.
With the use of a neural network to classify complex human behaviors, many researchers have
adopted long short-term memory (LSTM) to model their human activity recognition systems. These
systems are usually based on unidirectional or bidirectional LSTMs, which utilize the past and
future information to predict the current information for the recognition model. Jian et al. [19]
anticipated hand gesture recognition system using LSTM based dynamic probability on the arabic
numerals gesture (ANG) dataset. The data is firstly segmented into sub periods and then LSTM
based classification algorithm is applied to each sub period to recognize hand gestures in a realtime environment. The non-maximum suppression is applied on the classified sub period to further
eliminate any invalid substance from the resultant data. The proposed model has achieved substantial
accuracy over the ANG dataset. Cui et al. [20] utilized unidirectional and bidirectional network
architectures for the prediction of traffic state. The model verification is done on two real-world
datasets. Mekruksavanich et al. [21] presented a smart home-based solution using LSTM in time
domain series. Bayesian optimization is further applied on the resultant vector of LSTM to tune the
hyperparameters of LSTM resultant vectors. The model is trained over UCI-HAR publicly available
smartphone dataset and 10-fold cross-validation is applied for the validation of the proposed model.
The main drawback of these systems are that only single LSTM classifier might not be sufficient
enough to overcome noise suppression, to estimate continuous variables of activities, and to learn
orientation of the sensor within a consecutive time frames.
Some researchers have also worked on hybrid approach: combination of neural networks and
LSTM. Pienaar et al. [22] presented long short-term memory and recurrent neural network (LSTMRNN) mechanism for human activity recognition (HAR). While Xia et al. [23] utilized long shortterm memory and convolutional neural network (LSTM-CNN) based architecture for recognition
of human activities. These systems have efficiently classify human activities within a controlled and
uncontrolled environment. Hence, these systems inspired us to develop a novel hybrid approach for
human activity recognition.
In general bidirectional networks, bidirectional long short-term memory (biLSTM) is quite better
than unidirectional network LSTM, which preserves the information of the model from past and
future. Moreover, deep neural network automatically extracts complex human behaviors from the raw
datasets. In this study, we have used time-frequency feature extraction alongwith a hybrid approach of
CNN and biLSTM to build a model which can recognize the complex AAL human behaviors in in a
spontaneous way. The complete description of our proposed model is explained in Section 3.
3 Material and Methods

The model has been designed to evaluate the improvement in the ambient assisted living (AAL)
system by using contextual information of inertial sensors. The aim was to classify complex activities
within a real-time environment. In Section 2, we didn’t find a system efficient and accurate enough
for real-time decision making system. Hence, a system has been designed for a complex sequence of
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actions, presented in the below subsections. The architecture of the proposed model has been elicited
in Fig. 1. The proposed model has been divided into five phases: preprocessing, signal normalization,
feature extraction, dimensionality reduction using projecting matrix, and a convolutional neural
network-bidirectional long-term and short-term (CNN-biLSTM) classifier. Initially, the system takes
3-axis accelerometer and gyroscope values together as input to the system. The data has been taken
from human gait database (HuGaDB) dataset that recorded the signal stream of six inertial sensors,
attached on the left and right thighs, feet, and shins. This dataset is unique in the sense of its granularity,
with actions composed of a single action performed for a long time and short movements of different
activities performed for a few seconds. The inertial sensors data has been rectified by applying 3
different filters, i.e., lookahead filter, Kalman filter, and dynamic data reconciliation (DDR) filter.
These signals has been further normalized to hinder any complex values in the feature normalization
step. Finally, optimization and classification has been applied on the resultant data.

Figure 1: The classification framework of the proposed ambient assisted living (AAL) system
3.1 Signal Acquisition and Data Preprocessing

The inertial sensors data is highly sensitive to random noise which badly effects the feature
extraction process [24]. Hence, three different filtration techniques, i.e., Chebyshev, Kalman, and
dynamic data reconciliation (DDR) filter have been applied to eliminate the noise associated with the
inertial data. The Chebyshev filter [25] smoothens the sensors data, eliminates power line interloping,
and enhances the accuracy of inertial signal (See Fig. 2). The Kalman filter [26] is a finite, linear, and
discrete time-varying filter that reduces the mean-square error (See Fig. 3). The DDR filter works
on the data reconciliation principle which integrates the sample information corresponding to time
instant t and time window H. The samples given to filter should be long enough to capture the dynamic
behaviour of activities. In this system, one minute long data has been fed to the DDR [27] filter to get
the desired results (See Fig. 4). The DDR filter, gave a better response than Chebyshev and Kalman
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filter on human gait database (HuGaDB) dataset. Therefore, the DDR filter has been chosen for the
next process.

Figure 2: The filter response of chebyshev filter

Figure 3: The filter response of kalman filter

Figure 4: The filter response of dynamic data reconciliation (DDR) filter
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3.2 Window Selection

The inertial signal cannot be fed to the system at once, therefore an appropriate window segment
is needed to efficiently extract the contextual information of AAL activity behavior. The different
window blocks have been tested by the researchers for the complete analysis of human behavior. Most
researchers have used the block of 4-5 s for efficient analysis of human activity recognition [28]. The
HuGaDB dataset contains some activities having repetitive motion patterns for a long duration of
time like walking, sitting, standing, and bicycling. These activities can be accurately predicted due
to high logical consistency with the previous frame but multiple activities performed during a short
interval of time become more complex. These complex human motions need data to be long enough for
accurate prediction of the subject’s behavior. Out of many experiments, the window of 7 s kept balance
in accurate prediction and recognition delay. As a result, 7 s window size was selected for maximum
results. To maintain consistency in human motions, the contextual information of the previous frame
is passed on to the next frame within a consecutive frame [29]. In our assessment 94% of the start and
stop breakpoints of a given activity are accurately predicted.
3.3 Signal Normalization

The existence of sudden fluctuations in the signal impair the feature extraction and classification
process and performance. There’s a risk that variables with greater magnitude will be given more
weight. As a result, before feeding the signal to the feature extraction process, it is critical to normalize
the signal to ensure that time-domain features are not biased towards one feature. The normalization
has been performed on the signal to rescale the data between 0 and 1. The signal normalization
performs better and converges faster on a smaller scale [30]. The resultant rescaled coefficients has
been scaled so they are less sensitive for the feature extraction process. The formula for normalization
is given in Eq. (1)
x − xmin
(1)
xnorm =
xmax − xmin
where the minimum value xmin has been subtracted from each entry x and the resultant value has been
divided by the range. The range is the difference of minimum xmin and maximum xmax value. The minmax scaling has been done on the signal and is re-scaled between 0 and 1, as depicted in Fig. 5.

Figure 5: The scalable output of signal normalization
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3.4 Feature Extraction

This is the most critical phase of a machine learning model, in which the meaningful attributes
need to be represented for the accurate recognition of the performed activities. In the proposed system,
time-frequency features simplify the analysis of inertial data. The stream of normalized data has been
fed as input to this phase [31]. The detailed explanation of each feature has been described below.
3.4.1 Signal Energy

The energy of the signal has been obtained by squaring the normalized signal and summing the
signal from initial window segment to the N number of sliding window signals [32]. The signal energy
has been defined as Eq. (2).
N−1
1 
Sig [n]2
Se =
N n=0

(2)

where, Sig [n] , is the signal of the inertial sensor. Se Represents the energy of the signal. The energy
signal is a useful feature in detecting a transition within an activity motion and efficiently detecting a
noticeable change in the energy of a signal obtained through the inertial sensor. The variation in the
signal energy is illustrated in Fig. 6.

Figure 6: Inertial energy of the signal
3.4.2 Signal Variance

The signal variance is defined as the average of the squared difference [33]. The signal variance is
defined as;


N−1
N−1






1
1
Sig [n]
Sig [n] −
σs2 =
(3)
N − 1 n=0
N n=0
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where, Sig [n] , is the inertial sensor’s signal. σs2 represents the variance of the signal. The signal variance
is a useful feature to assist the discrimination between low and high-intensity motion.
3.4.3 Frequency Analysis

The frequency of a signal varies with different movements. The frequency analysis features help
in capturing periodic movements related to the subject’s activity [34]. The resultant peak in the signal
gives useful information of the type of activity performed by the subject. The data of the inertial
signal will remain constant if the person is standing still. The frequency analysis of the signal has been
observed using fast Fourier transform (FFT) and reported in Fig. 7.

Figure 7: Frequency analysis of the signal
3.4.4 Empirical Mode Decomposition

Empirical Mode Decomposition (EMD) also known as intrinsic mode functions (IMFs) is
commonly used for processing real-time signals from sensors which breaks every signal into many
zero mean oscillatory modules [35]. Algorithm 1 represents the logical representation of EMD.
Algorithm 1: Empirical Mode Decomposition
Input: Inertial Sensors Signal (Sig [n])
Output: EMD_Vector_Array (Ev )
Ev [n] ← [ ]
do
Extrema [N] ← calculate_extrema(GetLocalMaximaMinima(Sig [n]))
Envelope [N] ← calculate_envelope( Extrema [N])
Average [N] ← calculate_average( Envelope [N])
Result [N] ← Sig [n]- Average [N]
While (Result [N] = = Stopping_Criteria)
Ev [n] ← Result [N]
return EMD_Vector_Array (Ev [n])

3.5 Dimensionality Reduction Using Isomap

As a result of dimensionality reduction, the data consumes less training time and therefore the
overall performance is increased. It efficiently transforms non-linear data to linearly separable form
[36]. To further enhance the accuracy of classification in the proposed system, the dimensionality
reduction method has been used to reduce the high dimensional feature matrix to low dimensional
using Isomap. Isomap algorithm calculates the pairwise distances of the input feature vector. Next, a
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k-nearest neighbors (KNN) classifier has been used to calculate the nearest neighbors of each feature’s
vector. Once the neighbors are found, the KNN builds a weighted graph where vectors are connected
only if they are the nearest neighbors of each other [37]. Next, the Dijkstra algorithm has been used
to calculate the minimal path between vector points in a graph called geodesic distance. Finally,
multidimensional scaling (MDS) has been used to compute the vector points in low dimension such
that the distance between the points has been completely preserved [38]. As shown in Fig. 8, the graph
has achieved the spike at x = 0.76. This means that the values are improved at its maximum point of
0.76, indicating that we’ve achieved the global minimum and is thus achieved the maximum possible
dimensional reduction.

Figure 8: The results of Isomap, dimension reduction algorithm
3.6 CNN-biLSTM Classifier

In this paper, two deep neural networks bidirectional long-term and short-term memory networks
(biLSTM) and convolutional neural network (CNN) have been merged to form a CNN-biLSTM
classifier for the logical classification of extracted features [39]. The CNN model has three layers. The
first layer of the CNN segments the inertial sensor’s data by sliding the window of a signal. The next
two layers effectively derived features from short and fixed lengths of the segments within the segments
which are not highly relevant. The bidirectional long short-term memory (biLSTM) is similar to long
short-term memory (LSTM) except for the recurrent block.
The one dimensional-convolutional neural network and long short-term memory (1D-CNNbiLSTM) learns the data in bidirectional layers [40]. First, it feeds the data in the forward direction,
i.e., from beginning to end and then it feeds the data in the backward direction, i.e., from the end to
beginning. Thus bidirectional LSTM acquires information from both past and future states as shown
in Fig. 9.
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Figure 9: The logical classification of human gait database (HuGaDB) dataset via convolutional neural
network-bidirectional long-term and short-term memory (CNN-biLSTM) classifier

4 Experimental Setting and Results

In this section, the experiments have been performed on a Desktop PC equipped with Intel(R)
Process(R) CPU G3260, 8GB RAM, 3.30 GHz processing power, 64-bit operating system, and Windows 10, using Anaconda Spyder Python IDE. The leave-one-subject-out (LOSO) cross-validation
method has been used to evaluate the performance of our proposed model on the human gait database
(HuGaDB) benchmark dataset. The HuGaDB dataset has been already described in Section 3.1.
Moreover, the proposed AAL system has been validated through precision, recall, and F-measure
parameters. Finally, a comparison with other state-of-the-art methods has been done to prove that
our model outperforms them in terms of accuracy.
4.1 The HuGaDB Datasets Description

The human gait database dataset (HuGaDB) [24] contains a continuous recording of data
obtained from six inertial sensors. In total, 12 activities were performed by 18 participants which
include running, going up and down, walking, sitting, standing up, sitting down, standing, bicycling,
sitting in a car, up and down by elevator. The sensors were located on shins, feet, and left and right
thighs. This dataset is unique in the sense that the participant performed each activity for a long time
or a combination of activities for a short interval of time, and hence 10 h of total data is recorded.
4.2 Performance Parameters and Evaluations

The proposed methodology has been validated with recognition accuracy, precision, recall, and
F1-score. Details of parameters for individual experiments have been deliberated as follows
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4.2.1 Experiment I

The leave-one-subject-out (LOSO) cross-validation is an authentic model validation technique. It
has been used to assess the performance of the proposed model on the HuGaDB dataset. The LOSO
validation technique efficiently certified the performance of our AAL scheme with a mean accuracy
of 93.95% as shown in Tab. 1.
Table 1: Confusion matrix certified the accuracy of the human gait database (HuGaDB) dataset
Classes

SC

UE

DE

ST

SU

SI

SD

BC

GU

DS

RN

WK

SC
UE
DE
ST
SU
SI
SD
BC
GU
DS
RN
WK

91.7
0
0
0
0
3.05
0
0
0
0
1.30
0

0
92.09
3.6
0
0
0
0
0
1.00
0
0
1.00

0
4.60
93.05
0
0
0
2.0
0
0
0
1.10
0

0
0
0
92.70
3.0
0
0
1.54
0.50
0
0
0

2.08
0
2.3
2.2
94.0
2.6
0
0
0
2.00
2.00
0

3.05
0
0
2.1
1.50
94.35
0
0
0.50
0.90
0
0

1.20
0
0
3.0
1.50
0
95.09
0
0
0
0
0.31

0
0
0
0
0
0
0
93.06
0
3.00
0
0

0
0.91
0
0
0
0
1.91
0
96.8
0
0
2.00

1.97
2.4
1.05
0
0
0
0
0
0
94.02
0
1.00

0
0
0
0
0
0
1.00
2.4
1.20
0
95.6
0

0
0
0
0
0
0
0
3.0
0
0.08
0
95.0

Mean Accuracy = 93.95%
Notes: SC= sitting in a car; UE= up by elevator; DE=down by elevator; ST= standing; SU= standing up; SI= sitting; SD= sitting down;
BC= bicycling; GU= going up; DS= down the stairs; RN= running; WK= walking. The diagonal values represent the prediction rate of
positive classes.

Utilizing the confusion matrix, the going up (GU) activity has achieved the highest accuracy
of 96.8%. While vectors of some activities are confused with each other like some vectors of sitting
down and standing up are confused. Similarly, the activities of going up and down the stairs are also
confused due to the repetition of similar movements. However, the overall accuracy of 93.95% proves
the robustness of our model.
4.2.2 Experiment II

In this section, precision, recall, and F-measure parameters validate the performance of the
proposed model as shown in Tab. 2.
It is observed from Tab. 2 that the bicycling, running, and walking activities achieved the
maximum percentages of true positives while others have the least precision rates due to more falsepositive results.
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Table 2: Validation of proposed ambient assisted living (AAL) system with precision, recall and F1measure over the benchmark dataset
Dataset

Interactions

Precision Recall

F-measure

HuGaDB

Sitting in a car
Up by elevator
Down by elevator
Standing
Standing up
Sitting
Sitting down
Bicycling
Going up
Down the stairs
Running
Walking

0.92
0.93
0.92
0.91
0.90
0.91
0.90
0.98
0.93
0.89
0.98
0.98

0.94
0.94
0.91
0.92
0.92
0.92
0.93
0.98
0.94
0.91
0.98
0.98

0.93
0.94
0.91
0.92
0.91
0.92
0.93
0.98
0.94
0.90
0.98
0.98

92.9

93.9

93.6

Average

4.2.3 Experiment III

In this section, comparison of the proposed model has been done against other state-of-the-art
models. Tab. 3 depicts the optimal performance of our proposed methodology over the HuGaDB
dataset and Tab. 4 depicts optimal performance of the proposed system with other state-of-the-art
domains.
Table 3: The optimal accuracy of the proposed technique over state-of-the-art method
Dataset

Authors

HuGaDB

Lahmiri et al. [41]
Gochoo et al. [42]
Seiffert et al. [43]

Methodology

Complexity measures
Adagrad
Kinematic features with kernel sliding
perceptron
Gochoo et al. [42]
Stochastic gradient descent
Proposed Methodology Time-frequency features + CNN-biLSTM
classifier

Recognition
accuracy (%)
85.91
89.90
91.76
92.50
93.95
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Table 4: The comparison of the proposed method with other state-of-the-art domains
Authors

Domain

Methodology

Recognition
accuracy (%)

Jian et al. [19]

Long short-term memory

83.00

Debs et al. [12]
Mohammadian et al.
[16]
Jourdan et al. [13]

Time-frequency features
Neural network

Wang et al. [10]

Time-frequency features

Kwon et al. [18]

Neural network

Shi et al. [9]

Time-frequency features

Xia et al. [23]

Hybrid approach

Proposed method

Hybrid approach

Long short-term
memory-based dynamic
probability
(DP-LSTMs)
Linear transformation
Convolutional
autoencoder
Discrete Fourier
transform (DFT),
energy, and entropy
Fractional Fourier
transform (FRFT)
Convolution neural
network
Wavelet packet
decomposition
Long short-term
memory and
convolutional neural
network LSTM-CNN
Time-frequency features
+ CNN-biLSTM
classifier

Time-frequency features

85.00
85.00
87.00

89.39
90.00
90.89
92.63

93.95

5 Discussion

A total of 21,600 windows were processed (12 activities × 18 participants × 100 windows). The
LOSO validation scheme was used to create the training and testing sets. The dynamic data reconciliation (DDR) filter captures the nonlinear response of activities in the first step. The signals were then
split using a 7-second sliding window. Within a successive frame, the contextual information from
the previous frame was passed on to the next frame. This option offers a nice balance of real-time
data processing and immediate activity detection. The min-max signal scaling has been performed to
the signal to dynamically adjust the data between 0 and 1 in order to offer fair weights and reduce
rapid oscillations in the signal. Following that, the Isomap dimension reduction algorithm identified
the optimal time-frequency features. The features has been reduced from 342 to 120 using the Isomap
technique. Finally, the CNN-biLSTM classifier has been trained and validated using 120 features.
The Section 4 reveal that hybrid method gives higher accuracy of 93.95% than state-of-the-art single
classifier in AAL model.
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6 Conclusion

Our proposed AAL recognition system attained high scores in Experiment II. Initially, the data of
the triaxial accelerometer and gyroscope dataset is denoised with Chebyshev, Kalman, and dynamic
data reconciliation (DDR) filters. The DDR filter has achieved a higher accuracy in the filtration
process. The DDR filter output has been further processed with 7 s sliding windows that efficiently
identify variation across 12 different activities. Furthermore, time-frequency features have been an
addition to the performance of the model. Next, the obtained features have been processed through
the Isomap dimensional reduction algorithm. Finally, the CNN-biLSTM classifier uses meaningful
features to identify different activities. Finally, comparison has been done against other state-of-theart methods to prove the robustness of our proposed AAL model.
In future work, the CNN-biLSTM model will be further developed in the future using other hyper
parameters like as regularization, learning rate, batch size, and others. Furthermore, we will create our
own AAL-based dataset with more difficult tasks to tackle significant problems in the AAL domain.
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