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Abstract: Human Activity Recognition (HAR) has been made simple in recent
years, thanks to recent advancements made in Artiﬁcial Intelligence (AI) techniques. These techniques are applied in several areas like security, surveillance,
healthcare, human-robot interaction, and entertainment. Since wearable sensorbased HAR system includes in-built sensors, human activities can be categorized
based on sensor values. Further, it can also be employed in other applications such
as gait diagnosis, observation of children/adult’s cognitive nature, stroke-patient
hospital direction, Epilepsy and Parkinson’s disease examination, etc. Recentlydeveloped Artiﬁcial Intelligence (AI) techniques, especially Deep Learning
(DL) models can be deployed to accomplish effective outcomes on HAR process.
With this motivation, the current research paper focuses on designing Intelligent
Hyperparameter Tuned Deep Learning-based HAR (IHPTDL-HAR) technique in
healthcare environment. The proposed IHPTDL-HAR technique aims at recognizing the human actions in healthcare environment and helps the patients in managing their healthcare service. In addition, the presented model makes use of
Hierarchical Clustering (HC)-based outlier detection technique to remove the outliers. IHPTDL-HAR technique incorporates DL-based Deep Belief Network
(DBN) model to recognize the activities of users. Moreover, Harris Hawks Optimization (HHO) algorithm is used for hyperparameter tuning of DBN model.
Finally, a comprehensive experimental analysis was conducted upon benchmark
dataset and the results were examined under different aspects. The experimental
results demonstrate that the proposed IHPTDL-HAR technique is a superior performer compared to other recent techniques under different measures.
Keywords: Artiﬁcial intelligence; human activity recognition; deep learning; deep
belief network; hyperparameter tuning; healthcare
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1 Introduction
The past decade experienced a dynamic evolution of Human Activity Recognition (HAR) systems
owing to increasing deployment of smart devices like IoT devices, smartphones, etc. HAR model can be
categorized under sensor- and vision-based models based on the type of data under treatment. The current
study targets wearable sensor HAR models in healthcare that are the most commonly used sensor-based
HAR systems [1]. To be speciﬁc, wearable sensor HAR system does not encounter serious privacy
problems as in vision-based HAR system which makes the former an appropriate choice for healthcare
application. In wearable sensor HAR scheme, the users wear portable mobile devices with built-in
sensors [2]. The activities of the users are then categorized based on characterization and measurement of
sensor signals, when the user performs their day-to-day activities.
HAR for healthcare systems has several possible applications that involve (1) Paradigm shift for gait
diagnoses from costly motion lab to communities [3]. Gait analyses could be employed in several
medical applications like gait modiﬁcation (to avoid failing), stroke detection and also in the detection of
speciﬁc earlier disease. (2) Intervention for children and cognitive behavior monitoring & adult with
Attention Deﬁcit or Hyperactivity Disorder (ADHD). Sensors can be leveraged for such people to explore
ﬁdgeting negatively/positively that affects their attention. (3) Stroke patient hospital directions. In this, a
person must be directed to a hospital so that this case can be treated. UCSF is proposed as a device on
the basis of accelerometer sensors to make crucial decisions. (4) Epilepsy and Parkinson’s diseases
analysis. Physicians have gathered a huge database of information on episodic and electrophysiology
memory in human patients and rodents. The analyses results of this sensing information could be
employed in several treatment processes and disease diagnosis [4]. (5) Vision RT, a costly device, can be
employed to ensure the safe delivery of radiation therapy to cancer patient, due to their movements. It is
worth to exploit the sensors in the diagnosis of patients’ motion, when considering radiation therapy for
lesser afﬂuent community.
A number of research works, conducted in the recent years, has focused on HAR systems. These works
can be categorized under two major classes namely wearable- and ambient sensor-based models [5]. Usually,
ambient sensor-based models deploy temperature, camera, sound, surveillance, and indoor sensor nodes to
capture environment-based context signals to identify a person’s day-to-day activities in a ﬁxed space (for
example, recovery center, smart home etc.). This sort of ﬁxed-enviornment-requirement make it unsuitable
for analyzing standard outdoor activity. Simultaneously, wearable sensor-based approaches make use of
smartphones/wearable devices to obtain and monitor on-body physiological signals through gyroscope,
accelerometer, and magnetometer sensors. In the study conducted earlier [6], the researchers evaluated
angular velocity and acceleration sensor data using low-cost wearable device to ﬁnd out user’s location data
and recognize their physical behaviors such as standing, walking, and sitting. In literature [7], the authors
applied Principal Component Analyses (PCA) and independent component analyses to recognize an
individual person’s walking posture, according to their acceleration data, gathered from buttocks. The study
result shows that HAR technique-based wearable sensors might perform well for low level vision. However,
it fails in higher level recognition task management for complex activity recognition [8].
Deep Learning (DL) model has been widely employed in HAR application. The usage of CNN, with time
series classiﬁcations, has two major beneﬁts over previously employed methods such as scale invariance and
local dependency. Here, Recurrent Neural Networks (RNN) can utilize time-order relationships among sensor
readings [9]. Unfortunately, DL methods are energy intensive in nature. The key objective of this study is to
recommend an efﬁcient and compact HAR-DL method for healthcare application.
The current study proposes an Intelligent Hyperparameter Tuned Deep Learning-based HAR (IHPTDLHAR) technique for healthcare environment. The proposed IHPTDL-HAR exploits Hierarchical Clustering
(HC) for outlier detection process. In addition, the proposed IHPTDL-HAR technique includes a DL-based

CSSE, 2023, vol.44, no.2

963

Deep Belief Network (DBN) model to recognize the activities of user. Furthermore, hyperparameter tuning of
DBN model is accomplished using Harris Hawks Optimization (HHO) algorithm. Lastly, a wide-range of
experimental analysis was conducted upon benchmark dataset and the results were inspected under
dissimilar aspects.
2 Literature Review
Jeong and Oh [10] developed a HAR system as DL classiﬁcation method that distinguishes several human
activities. The action is performed solely based on the signals from wristband accelerometer, worn by a person
and based on user's convenience. In this method, 3-axis sequential acceleration signal data is collected within a
predetermined time window slice. Then, the data is employed as input to the classiﬁcation model. Particularly,
the authors were interested in developing a DL method that can outperform the traditional ML methods in terms
of classiﬁcation accuracy. In this study, a total of 13 activities, based on laboratory experiment data, was
employed to compare the performance. The researchers validated the classiﬁcation performance using
CNN-integrated with AE feature reduction and parameter tuning.
Li et al. [11] proposed tri-PSDRNN and PSDRNN systems to exploit the explicit feature extraction process
before DRNN. Especially, the researchers considered PSD feature that could capture the frequency features
while at the same time, it can also preserve consecutive time features of data collected from PSD feature
vector and smartphone accelerometer, correspondingly. The extracts from triaxle acceleration and linear
acceleration were employed as inputs in succeeding DRNN classiﬁcation method. Zhu et al. [12] presented
a semi-supervised DL technique with temporal ensembling of deep LSTM. This method is intended to
identify HAR system using smartphone inertial sensor nodes. Using DNN processing, the features are
extracted for local dependency in recurrent frameworks. In addition, ensemble method was used based on
unlabeled and labeled data so that one can integrate unsupervised and supervised losses to leverage the
unlabelled data when supervised learning model could not leverage the same.
Agarwal et al. [13] proposed a Lightweight DL method for HAR that requires less computation power.
This characteristic makes it appropriate for its placement on edge device. The performance of the presented
method was validated on the participant’s data for 6 day-to-day activities. The experimental result showed
that the presented method outperformed most of the existing DL and ML methods. Mukherjee et al. [14]
proposed an ensemble of three classiﬁcation methods such as CNN-LSTM, CNN-Net, and Encoded-Net
and named it as EnsemConvNet. All these classiﬁcation models are based on 1D CNN, though it differs
based on the number of dense layers. Further, the framework also has another kernel size employed in
this model. Every method accepts time series data as two dimensional matrix by considering a window of
data at a time to infer data that eventually predict the types of HAR system.
Gumaei et al. [15] proposed an efﬁcient multi sensor-based architecture for HAR systems with a hybrid
DL method that integrates SRU and GRU of NNs. The researchers employed deep SRU to process the
sequence of multimodal input data through a capacity of its internal memory state. Furthermore, the study
also employed deep GRU to learn and store the information on the number of historical data that gets
passed on to upcoming state to resolve instability/ﬂuctuations in accuracy and vanishing gradient
problems. Luo et al. [16] demonstrated a new method in the name of HQADeepHelper to assist in
practicing and learning deep methods for HQA. In this method, users can upload self-gathered HQA
datasets and knowledge graphs and perform simple conﬁguration through knowledge graphs, electing
datasets, evaluation metrics, and neural network models.
Abdel-Basset et al. [17] presented supervised dual-channel models which consist of LSTM model and
an attention model for temporal fusion of inertial sensor data that co-exists with a convolution residual
network for spatial fusion of sensor data. Further, the researchers presented an adoptive channel
squeezing process to ﬁne tune the CNN feature extraction ability with multichannel dependencies.
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Janarthanan et al. [18] proposed a UDR-RC that enhances the data from on-nodule wearable sensor during
preprocessing to obtain less computational time i.e., 11.25 ns for test set size. Further, the model is also
intended to improve detection accuracy in feature extraction and selection inside the NNs for HAR
system. In this study, coder structure is merged with Z-layer system for developing the DL model to
reduce reconstruction error and improve accuracy.
Hassan et al. [19] introduced a smartphone inertial sensor-based method for HAR systems. At ﬁrst,
effective features are extracted from raw information such as autoregressive coefﬁcient, mean, median,
and so on. The feature is then processed using LDA and KPCA to make it powerful. Finally, the feature
is trained by DBN model for effective HAR system. Gudur et al. [20] developed an ActiveHARNet, a
resource-effective deep ensemble method that supports on-device incremental learning and inference. This
model has the ability to characterize the model’s uncertainty via approximation in Bayesian NN with
dropout. This can be integrated with appropriate acquisition function for active learning.
3 The Proposed Model
In this study, an efﬁcient IHPTDL-HAR technique is developed to determine human activities under
healthcare environment. The presented IHPTDL-HAR technique is comprised of three major processes
namely, HC-based outlier detection, DBN-based classiﬁcation, and HHO-based hyperparameter
optimization. Fig. 1 illustrates the overall block diagram of the proposed IHPTDL-HAR model. These
modules are discussed brieﬂy in following sections.

Figure 1: Overall process of IHPTDL-HAR model
3.1 Design of Hierarchical Clustering Based Outlier Detection Technique
Primarily, Hierarchical Clustering (HC) technique is used to remove the existence of outliers present in
input healthcare data. When the information is preprocessed, HC-based outlier detection techniques are
executed to get rid of the outliers that exist in information. The presented method works in a bottom-up
manner. Now, the clusters are merged until a single cluster gets achieved. The overall process is iterated
to deﬁne an optimum number of clusters that ﬁts the data [21]. It starts with the deliberation of all
instances as an individual cluster which subsequently undergoes j X j  1 merging step. In order to
decrease the number of merging steps, HC model generally uses a low complexity primary clustering
 cluster, N
  j X j. Primary clustering generates small-sized clusters which
process for the production of N
considerably decreases the computational difﬁculty of HC algorithm. In HC technique, the clusters are
merged in such a manner that the quadratic mutual data gets maximized. Here, two methods are
presented for merging namely, ‘split & merge’ clustering and ‘agglomerative’ clustering.
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Then, the modiﬁcation is evaluated on quadratic mutual information after incorporating the pairs of
clusters and the optimum cluster is found. The pairs are elected and the quadratic mutual data gets
enhanced. The cluster which use minimal distortion is found after which it is employed in enhancing a
distortion rate function. Assume the clusters X A & X B are integrated to produce X c ¼ X A [ X B , then the
modiﬁcation in quadratic mutual information, D~IA;B , is deﬁned as follows.




ðtþ1Þ
D~IA;B ¼ ~I ðtþ1Þ X ; X^  ~I ðtÞ X ; X^
!
 2jjX jjX j
XN
XN
1
2 
A
B
(1)
¼
2dA;B 
d þ jX B j
d
þ
jX A j
l¼1 B;l
l¼1 A;l
jX j
jX j2
jX j2


whereas ~I ðtÞ X ; X^ indicates the quadratic mutual data at step, r. The closed form Eq. (1) offers an optimum
pair without the integration of pairs and the quadratic mutual information is evaluated. At the same time, the
ðtþ1Þ
maximal D~IA;B at every hierarchy estimates the actual number of clusters.
On the contrary to agglomerative clustering, ‘split and merge’ clustering technique is employed in the
recognition of clusters in a hierarchy for removal procedure. The clusters are made up of poor impacts on
quadratic mutual information which refers to the scenario that once the cluster is removed, mutual data
can be improved. Consider the cluster X A is made up of worst impacts on mutual information and the
quadratic mutual data, D~IA is altered while the scenario is conveyed as follows.




ðtþ1Þ
¼ ~I ðtþ1Þ X ; X^  ~I ðtÞ X ; X^
D~IA
!


XN
1
jX A j2
j X A j XN
jX k j XN
(2)
¼
dA;A  2
d þ
d
þj
l¼1 A;l
k¼1;k6¼A j X j
l¼1 k;A
jX j
jX j2
jX j2
Poor cluster instances are assigned to remaining clusters of the clustered space based on minimal
Euclidean distance. While, the nearest sample is assigned in the beginning. This process is followed till
one residual cluster is reached. Then, based on the drastic extension in quadratic mutual information from
ðtþ1Þ
several hierarchies D~IA , the actual cluster count is evaluated.
3.2 Design of DBN-Based Activity Recognition Technique
DBN model is applied for the detection of human activities based on human recognition from the data
collected through sensors. DBN technique is designed by superimposing multiple RBMs. In order to
supervise the training process, a layer of BPNN is further reached to ﬁnal layer. This DBN technique
procedure is mostly comprised of two phases such as pre-training procedure and ﬁne-tuning procedure.
Initially, the unsupervised learning procedure is assumed to be a way for pre-training the RBM network.
Next, pre-trained layers are performed while the BPNN is implemented in the ﬁnal layer of DBN technique
for ﬁne-tuning. RBM model is composed of two layers of neurons in which one is a visible layer with
features and is implemented to have the input information. Another one is the hidden layer implemented to
recreate the features. In order to design the RBM, the nodes of all the layers are not linked whereas the
nodes amongst all layers are linked to one another. So, every neuron procedure forms a bipartite graph.
RBM method is an energy-based probability technique. The trained procedure is used to treat all the
trained samples as state vectors so as to maximize the probabilities of occurrence [22]. To provide a state
ðv; hÞ, assume that the number of neurons from a visible layer is m, let the number of neurons during
hidden layer is n: vi implies the written state value of ith neuron node, hj signiﬁes the state value of jth
neuron node. h ¼ ai ; bj ; wij denote many parameters in RBM, particularly, in the visible layer, ai
refers to the stated bias of ith neuron node and in hidden layer, bj implies the bias of jth neuron node,
also, wij demonstrates the weight of association between ith as well as jth neuron nodes. The energy
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function is assigned as follows.
Xn
Xm Xn
Xm
a
v

b
h

h w v
Eðv; hjhÞ ¼ 
i
i
j
j
i¼1
j¼1
i¼1
j¼1 J ij i

(3)

With Eq. (3), the probability distribution of joint is attained as follows.
Pðv; hjhÞ ¼
Z ðhÞ ¼

X

1 Eðv;hjhÞ
e
Z ðhÞ

(4)

eEðv;hjhÞ

(5)

v;h

In Eq. (4), Z ðhÞ represents the distribution function in RBM. Fig. 2 depicts the structure of DBN model.

Figure 2: DBN structure
The probability of single hidden layer unit existence stimulated in RBM is as follows.


X


P hj ¼ 1jv ¼ sigmoid bj þ
v
w
i
ij
i

(6)

The probability of single visible layer unit presence stimulated in RBM is as follows.


X
w
h
Pðvi ¼ 1jhÞ ¼ sigmoid ai þ
ij
j
j

(7)

BPNN has been utilized in several domains, due to its strong adaptive capability, non-linear mapping
capability, and generalization capability. It can also alter the error with BP. The BP of BPNN proceeds an
error signal based on original forward propagation direction. It can update the weight and threshold of all
neurons from all hidden layers while the error signal can often be minimized with the error function.
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The error function is as follows.
1 Xk
ðYk  Ok Þ2
E¼
k¼1
2

967

(8)

In Eq. (8), Yk denotes the desired output, Ok is declared as the original output and N represents the
number of neurons from resultant layer.
3.3 Design of HHO Based Hyperparameter Tuning Technique
In ﬁnal stage, the hyperparameters involved in DBN model are optimally adjusted by HHO algorithm.
This is a novel metaheuristic method, proposed to resolve the global optimization problem. As a general rule,
HHO simulates the behavior of hawks in nature at the time of catching and searching their prey. Like other
MH models, HHO too performs the search procedure in two phases (viz., exploitation and exploration)
depending on distinct approaches. This stage is described in detail herewith.
In exploration phase, HHO method upgrades the location of present hawk ðXi ; i ¼ 1; 2; . . . ; N Þ
(whereas N indicates the overall
 number of hawks) based on arbitrary location of other hawks (X) or the
average of the position XAvg for each hawk. Here, election procedure has a similar possibility to switch
between two procedures as given herewith.
Xi ðt þ 1Þ ¼

X
 r ðt Þ  r1 jXr ðt Þ 
 2r2 X ðt Þj; q  0:5;
q < 0:5;
Xb ðt Þ  XAvg ðt Þ  x;

whereas x ¼ r3 ðLB þ r4 ðUB  LBÞÞ and XAvg is expressed as follows.
1 XN
X ðt Þ
XAvg ðt Þ ¼
i¼1 i
N

(9)

(10)

Generally, the key objective of this phase is to widely spread the hawks over search space. The next
subsection discusses how hawk changes its status from exploration to exploitation.
When changing from exploration to exploitation phase, the hawk moves to exploitation phase, according
to their energy, E which is calculated as follows.


t
(11)
E ¼ 2E0 1 
t max
whereas E0 2 ½1; 1 represents arbitrary values and t max and t represent the overall number of iterations and
the present iteration.
In exploitation phase, HHO is created by different approaches and some arbitrary parameters are
employed to switch among these methods [23]. This method is formulated as following: (1) hard besiege,
(2) soft besiege, (3) hard besiege with progressive rapid dives, and (4) soft besiege with progressive
rapid dives.
Soft besiege: At this stage, the hawk moves around an optimal one and is expressed as follows.
X ðt þ 1Þ ¼ DX ðt Þ  EjJ  Xb ðt Þ  X ðtÞj; J ¼ 2ð1  r5 Þ

(12)

4X ðt Þ ¼ Xb ðt Þ  X ðtÞ

(13)

Hard besiege: At this stage, the hawk upgrades their location according to the distance between them and
optimal hawks and is formulated below.
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X ðt þ 1Þ ¼ Xb ðtÞ  E  j4X ðtÞj

(14)

Soft besiege with progressive rapid dives: In this phase, it is assumed that the hawk has the capacity to
choose a subsequent action. 0 is taken from the succeeding formula.
Y ¼ Xb ðt Þ  EjJ  Xb ðt Þ  X ðtÞj

(15)

Levy ﬂight (LF) is employed to calculate rapid dives during this phase.
Z ¼ Y þ S  LF ð DÞ

(16)

whereas S represents an arbitrary vector with size 1  D and D represents the dimension. Additionally, LF
operator is determined as given herewith.
LF ð xÞ ¼ 0:01 

ur
jmj1=b

(17)

ð1 þ bÞ  sin ðpb=2Þ
r¼ð
Þ1=b ;
ðð1 þ bÞ=2Þ  b  2ððb1Þ=2Þ
whereas u & m represent the arbitrary parameters of LF operator and b ¼ 1:5 respectively. Hard besiege is
also implemented by the following equation.
X ðt þ 1Þ ¼

Y 0;
Z0;

if F ðY 0 Þ , F ðX ðt ÞÞ;
if F ðZ 0 Þ < F ðX ðt ÞÞ;

(18)

whereas Z 0 & Y 0 are evaluated as follows.
Y 0 ¼ Xb ðt Þ  E J  Xb ðtÞ  XAvg ðt Þ

(19)

Z 0 ¼ Y 0 þ S  LF ð DÞ:
For clarity, the preceding method is implemented based on hawk energy E and arbitrary value; r.
Consider that jE j ¼ 1:5, representing the operator of exploration stage, is employed to update the location
of hawks. If E ¼ 0:7 and r ¼ 0:6, the soft besiege approach gets employed. When E ¼ 0:3 and r ¼ 0:6;
the hawk's location gets upgraded by operator of hard besiege approach. Hard besiege using progressive
rapid dives approach is employed to upgrade the position of present hawk.
4 Performance Validation
The experimental validation of the presented technique was performed upon Localization Data for
Person Activity (LDPA) dataset retrieved from UCI database. It comprises of seven classes namely, FLD
(Falling, lying down), LDSD (Lying down, sitting down), LOAF (Lying, on all fours), LS (Lying,
sitting), SUFLSUFS (Standing up from lying, standing up from sitting), SUFSSUFSOG (Standing up
from sitting, standing up from sitting on the ground) and FSD (Falling, sitting down).
The results of the analysis accomplished by the proposed IHPTDL-HAR technique on classiﬁcation of
different classes before and after outlier detection process are given in Tab. 1. The ﬁgure reports that
IHPTDL-HAR technique classiﬁed 640 instances under FLD class before outlier detection and
610 instances after outlier detection. In line with this, a total of 4357 instances was classiﬁed by
IHPTDL-HAR technique before outlier detection and 4264 instances after outlier detection. Lastly,
IHPTDL-HAR technique classiﬁed 322 and 284 instances under FSD before and after outlier detection
processes respectively.
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Table 1: Results of the analysis of IHPTDL-HAR technique before and after outlier detection processes
No. of classes

Before outlier detection

After outlier detection

FLD
LDSD
LOAF
LS
SUFLSUFS
SUFSSUFSOG
FSD

640
556
4357
5944
1411
305
322

610
541
4264
5861
1384
296
284

Fig. 3 portrays the confusion matrix generated by IHPTDL-HAR technique on the classiﬁcation of
different classes under training/testing data in the ratio of 80:20. The ﬁgure portrays that the proposed
IHPTDL-HAR technique categorized 117 instances under FLD, 100 instances under LDSD,
833 instances under LOAF, 1087 instances under LS, 266 instances under SUFLSUFS, 55 instances
under SUFSSUFSOG, and 54 instances under FSD.

Figure 3: Confusion matrix of IHPTDL-HAR model on training/testing dataset (80:20)
ROC analysis was conducted and the results accomplished by IHPTDL-HAR technique under
80:20 training/testing data set are demonstrated in Fig. 4. The ﬁgure depicts that the proposed IHPTDLHAR technique achieved a proﬁcient performance with high ROC of 99.7749%.
Fig. 5 showcases the confusion matrix generated by IHPTDL-HAR method on the classiﬁcation of
different classes under 70:30 training/testing data. The ﬁgure states that IHPTDL-HAR method
categorized 172 instances under FLD, 149 instances under LDSD, 1102 instances under LOAF,
1608 instances under LS, 355 instances under SUFLSUFS, 75 instances under SUFSSUFSOG, and
72 instances under FSD.
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Figure 4: ROC Analysis Results of IHPTDL-HAR model on training/testing dataset (80:20)

Figure 5: Confusion matrix of IHPTDL-HAR model on training/testing dataset (70:30)
ROC analysis was conducted and the results accomplished by IHPTDL-HAR method under
70:30 training/testing data are shown in Fig. 6. The ﬁgure represents that IHPTDL-HAR methodology
resulted in a proﬁcient performance with an increased ROC of 99.0359%.
Fig. 7 illustrates the confusion matrix generated by IHPTDL-HAR method on classiﬁcation of distinct
classes under 60:40 training/testing data. The ﬁgure describes that the proposed IHPTDL-HAR methodology
categorized 214 instances under FLD, 193 instances under LDSD, 1439 instances under LOAF,
1998 instances under LS, 480 instances under SUFLSUFS, 99 instances under SUFSSUFSOG, and
94 instances under FSD.
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Figure 6: ROC analysis of IHPTDL-HAR model on training/testing dataset (70:30)

Figure 7: Confusion matrix of IHPTDL-HAR model on training/testing dataset (60:40)
Fig. 8 showcases that IHPTDL-HAR approach accomplished a proﬁcient performance with a maximum
ROC of 98.4930%.
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Figure 8: ROC analysis of IHPTDL-HAR model on training/testing dataset (60:40)
Tab. 2 provides the results of a comprehensive classiﬁcation analysis attained by IHPTDL-HAR
technique under varying training/testing data. The results demonstrate that IHPTDL-HAR technique
classiﬁed all the samples under proper class labels in case of varying training/testing data. For instance,
with 80L20 training/testing data, IHPTDL-HAR technique classiﬁed the instances at an average PPV of
0.8879, TPR of 0.9470, TNR of 0.9919, accuracy of 0.9853, F-score of 0.9101, and a Hamming loss of
0.0514. Likewise, with 70:30 training/testing data, the proposed IHPTDL-HAR approach classiﬁed the
instances with an average PPV of 0.7893, TPR of 0.8830, TNR of 0.9812, accuracy of 0.9685, F-score of
0.8226, and a Hamming loss of 0.1103. Similarly, with 60:40 training/testing data, the IHPTDL-HAR
methodology classiﬁed the instances at an average PPV of 0.7632, TPR of 0.8566, TNR of 0.9739,
accuracy of 0.9580, F-score of 0.7972, and Hamming loss of 0.1471.
Table 2: Results of the analysis of IHPTDL-HAR model under different measures
Training/
Testing

Methods

PPV

TPR

TNR

Accuracy

F-Score

Hamming loss

80:20

FLD
LDSD
LOAF
LS
SUFLSUFS
SUFSSUFSOG
FSD
Average

0.5792
0.9524
0.9964
0.9927
0.9301
0.8333
0.9310
0.8879

0.9590
0.9259
0.9766
0.9275
0.9603
0.9322
0.9474
0.9470

0.9663
0.9980
0.9983
0.9946
0.9916
0.9958
0.9985
0.9919

0.9660
0.9951
0.9913
0.9649
0.9883
0.9943
0.9974
0.9853

0.7222
0.9390
0.9864
0.9590
0.9449
0.8800
0.9391
0.9101

–
–
–
–
–
–
–
0.0514
(Continued)
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Table 2 (continued)

Training/
Testing

Methods

PPV

TPR

TNR

Accuracy

F-Score

Hamming loss

70:30

FLD
LDSD
LOAF
LS
SUFLSUFS
SUFSSUFSOG
FSD
Average
FLD
LDSD
LOAF
LS
SUFLSUFS
SUFSSUFSOG
FSD
Average

0.4943
0.8663
0.8989
0.9914
0.9269
0.6198
0.7273
0.7893
0.4602
0.8075
0.8148
0.9940
0.9023
0.6513
0.7121
0.7632

0.9399
0.9198
0.8616
0.9147
0.8554
0.8427
0.8471
0.8830
0.8770
0.8935
0.8435
0.8524
0.8664
0.8390
0.8246
0.8566

0.9535
0.9940
0.9539
0.9937
0.9921
0.9882
0.9931
0.9812
0.9503
0.9909
0.9089
0.9959
0.9890
0.9898
0.9927
0.9739

0.9529
0.9909
0.9242
0.9587
0.9778
0.9849
0.9899
0.9685
0.9469
0.9870
0.8878
0.9324
0.9762
0.9864
0.9890
0.9580

0.6478
0.8922
0.8798
0.9515
0.8897
0.7143
0.7826
0.8226
0.6037
0.8484
0.8289
0.9178
0.8840
0.7333
0.7642
0.7972

–
–
–
–
–
–
–
0.1103
–
–
–
–
–
–
–
0.1471

60:40

Fig. 9 shows the results achieved by IHPTDL-HAR method from training and validation accuracy
analysis. The outcomes describe that the accuracy value got increased at maximum epoch count. Besides,
the validation accuracy was considerably superior to training accuracy.

Figure 9: Accuracy analysis of IHPTDL-HAR model
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Fig. 10 depicts the results of training and validation loss analysis accomplished by IHPTDL-HAR
manner. The outcomes showcase that the loss value got reduced with an increase in the amount of
epochs. In addition, the validation loss was signiﬁcantly minimum related to training loss.

Figure 10: Loss analysis of IHPTDL-HAR model
Tab. 3 demonstrates the comparative analysis results of IHPTDL-HAR model against existing
techniques in terms of accuracy, PPV, and hamming loss.
Table 3: Comparative analysis of IHPTDL-HAR model against existing approaches
Methods

Accuracy

PPV

Hamming loss

House A-Bernoulli NB
House A-Decision Tree
House A-Logistic Regression
House A-KNN
House B-Bernoulli NB
House B-Decision Tree
House B-Logistic Regression
House B-KNN
IHPTDL-HAR

78.70
88.00
81.40
75.80
95.90
97.20
96.50
93.10
98.53

64.00
79.40
69.20
64.90
79.40
86.40
82.70
79.80
88.79

0.213
0.120
0.186
0.242
0.061
0.058
0.055
0.069
0.051

Fig. 11 demonstrates the accuracy analysis results achieved by IHPTDL-HAR technique against recent
approaches on test dataset. The ﬁgure reports that House A-KNN and House A-Bernoulli NB techniques
attained the least accuracy values such as 75.8% and 78.7% respectively. In line with this, both House ALR and House-A DT techniques obtained slightly improved accuracy values such as 81.4% and 88%
respectively. Followed by, House B-KNN, House B-Bernoullin NB, House B-LR, and House B-DT
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techniques reached moderately closer accuracy values such as 93.10%, 95.9%, 96.5%, and 97.2%
respectively. However, IHPTDL-HAR technique outperformed the previous methods and achieved a
maximum accuracy of 98.53%.

Figure 11: Accuracy analysis of various methods with proposed model
Tab. 3 showcases the PPV analysis results achieved by IHPTDL-HAR method against recent approaches
on test dataset. The ﬁgure describes that House A-Bernoulli NB and House A-KNN methods reached
minimum PPV values such as 64% and 64.90% correspondingly. Also, House A-LR and House-A DT
methodologies gained somewhat higher PPV values like 69.20% and 79.40% correspondingly. At the
same time, House B-Bernoullin NB, House B-KNN, House B-LR, and House B-DT methods achieved
moderately closer PPV values namely, 79.40%, 79.80%, 82.70%, and 86.40% correspondingly. Finally,
IHPTDL-HAR method outperformed previous methods through a maximal PPV of 88.79%.
Tab. 3 shows the superior performance of IHPTDL-HAR algorithm against existing techniques on test
dataset in hamming loss analysis. The table shows that House A-KNN and House A-Bernoulli NB methods
obtained the maximum hamming losses such as 0.242 and 0.213 correspondingly. Similarly, House A-LR
and House-A DT methods gained slightly maximum hamming loss values like 0.186 and
0.120 respectively. Similarly, House B-KNN, House B-Bernoullin NB, House B-DT, and House B-LR
algorithms attained moderately closer hamming loss values namely, 0.069, 0.061, 0.058, and 0.055.
Eventually, IHPTDL-HAR method outperformed all other existing algorithms and achieved the least
hamming loss of 0.051. Based on the detailed observations made from results, it is obvious that the
proposed IHPTDL-HAR technique is a proﬁcient tool to recognize human actions in healthcare environment.
5 Conclusion
In this study, an efﬁcient IHPTDL-HAR technique is derived to determine human activities under
healthcare environment. IHPTDL-HAR technique is comprised of three major processes namely, HCbased outlier detection, DBN-based classiﬁcation, and HHO-based hyperparameter optimization. The
application of outlier detection process and hyperparameter tuning process helps in considerable increase
in recognition performance. In order to showcase the superiority of the proposed IHPTDL-HAR
technique in terms of performance, extensive sets of simulations were conducted and the outcomes were
inspected under diverse aspects. The experimental outcomes established the superior performance of
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IHPTDL-HAR technique over recent techniques under different performance measures. In future, IHPTDLHAR technique can be deployed in real-time smart hospitals and smart homes to assist patients and elderly
people.
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