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Abstract:
Disabled individuals movement monitoring is an important part in healthcare and assistive technology for guaranteeing their safety,
independence, and overall well-being. The main aim is to detect abnormal movements, recognize daily activities, and identify fall events. There
are diverse wireless sensing technologies such as Wi-Fi, Radio Frequency Identification (RFID), and Bluetooth (ZigBee) are used to monitor the
movements of disabled individuals by detecting disturbances in electromagnetic waves. Among them, RFID is an automatic, non-contact
technology aimed to detect the movement of individuals based on radio frequency tags. Conventional deep learning approaches often addressing
the movement’s detection of disabled individuals, but, the accuracy faced major challenging issues. This paper proposes a novel model called
Gradient Tuned Dense Transfer Learning (GTDTL) model is developed. The developed GTDTL model employs deep transfer learning model
for accurate movement’s detection of disabled individuals with lesser time consumption. The overall structural design of transfer learning model
consists of two phase’s construction namely pre-trained and new model. In the beginning, transfer learning model constructs the pre-trained deep
learning model called DenseCNN model with many layers, including an input layer, hidden layers and an output layer. Initially, number of RFID
data samples is collected from the dataset and it given to the input layer. Consequently, data pre-processing is carried to handle missing data and
outlier’s removal. Followed by, the more pertinent feature selection process is carried out. Finally, activity recognition is performed with the
selected features. As a final phase of transfer learning, the fine tuning process is performed to optimize the error by employing stochastic sampling
squirrel search algorithm. As a final point, accurate and time efficient activity recognition results are obtained at the output layer with high
accuracy and minimal time consumption using RFID data samples. Experimental assessment of proposed GTDTL model is conducted using
various assessment metrics such as accuracy, precision, sensitivity, F1-score, specificity, and recognition time. The quantitatively analyzed results
expose that the proposed GTDTL attains higher accuracy in recognition with minimal time consumption as well as lesser error compared to
traditional deep learning methods.
Keywords: Disabled Person movement detection, Long Frequency RFID tag, Transfer learni Gradient Tuned Dense Transfer Learning,
DenseCNN model, stochastic sampling squirrel search algorithm
1. Introduction
Monitoring the movement of disabled individuals is a significant facet of ensuring their protection and improving their quality of life. People
with physical disabilities often face complexity in performing daily activities. Therefore, continuous monitoring of their activities is essential
for early detection of abnormal conditions. Recently, various wireless technologies namely, wearable sensors, RFID, Bluetooth are enabled the
development of smart monitoring for disabled individuals. By analyzing these sensor data, it becomes feasible to recognize irregular movement
patterns and abnormal walking behavior. In the movement detection, RFID tags are efficient to track the location or movement of the individual
within particular location. When the visually challenged person moves through different locations, RFID readers positioned to detect the tag and
transfer the information to the monitoring system through the IoT devices. This helps to relatives or neighbors monitor the activity patterns and
guarantee the safety of the person. Therefore, an effective deep learning system with RFID technology is required for disabled person’s activity
detection to ensure timely intervention, reduce risks associated with mobility issues, and enhance overall well-being.
A new fusion model that integrates radio frequency identification (RFID) and Radar technologies (RFiDAR system) was introduced in [1] with
an LSTMyvariational autoencoder (LSTM-VAE) model to improve Human activity recognition accuracy and reliability. However, the
performance error rate was not reduced. Time-streaming Multiscale Transformer called TransTM was introduced in [2] for RFID-based human
activity recognition (HAR) to collect the behavioral features that recognizes human activities and human-to-human interactions. However,
significant reduction in human activity recognition time was not achieved. Metaheuristic optimization-driven ensemble model was introduced in
[3] for disabled persons indoor activities recognition using loT applications. Hover, the model did not may focus on incorporating more robust
data preprocessing techniques and transfer learning for improving the efficiency of the model. Temporal Contrastive Learning in Human Activity
Recognition approach was developed in [4] for human activity recognition based on meaningful feature representations for time-series data.
However, the impact of preprocessing unlabeled data on the performance of human activity recognition was not analyzed. Temporal
Convolutional Network with Augmentations and Attention model was introduced in [5] to enhance computational efficiency and accuracy.
However, applicability and adaptability of the proposed method, with different subjects, and for more complex activities was not investigated. A
federated learning model was developed in [6] for human activity recognition based on wearable IoT device. However, the model failed to focus
on enhancing the system through selecting significant features. A novel computational radio frequency identification (RFID) system was
developed in [7] for contactless activity recognition to help the blind individuals. But, the system did not utilize the machine learning approach
model for accurate activity recognition.A novel Patient tracking system was introduced in [8] that utilize the RFID wristbands for real-time
monitoring of patient movement activities. However, the system’s adaptability and scalability of the model was not improved. An RFID-based
System was introduced in [9] to guide the visually impaired people. However, time consuming was not efficiently reduced for accessibility of
visually impaired people. Double tag array strategy was introduced in [10] utilizing ultra-high frequency passive RFID technology for
significantly improved the recognition accuracy with minimal average error. However, it failed to reduce computational complexity and enhance
real-time processing capability within large-scale scenarios.
A DeepSORT tracking algorithm was designed in [11] for human tracking system based on RFID technologies. However, the algorithm did not
focus on integrating the processes to enhance the tracking accuracy of the model. Deep learning based predictive analytics was developed in [12]
for contactless human physical activity monitoring based on radio frequency identification (RFID) tags. However, it failed to accurately detect
indoor activities. Transparent RFID Tag Wall (TRT-Wall) system was introduced in [13] with the aim of contactless human activity monitoring
based on passive ultra-high frequency (UHF) radio-frequency identification (RFID) tag array. However, the system did not developing a user
identification and recognition model with minimal complexity. A novel RFID based indoor positing system was developed in [14] capable of
locating and tracking activities of the persons. But, the model was not efficient in handling multiple activities of the persons. Transformer network
encoder model was introduced in [15] to improve activity recognition and fall detection accuracy based on radio frequency identification (RFID).
However, it failed to explore contactless real-time fall detection for multiple users using human body feature signals.
1.1 Proposal key contribution : The limitations of existing methods are overcome through the introduction of a novel GTDTL model. The major contributions
of the GTDTL model are listed below,
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. To design a novel model called GTDTL for accurate disabled person movement issue detection based on Long Frequency RFID tag information’s
collected from the dataset. In order to achieve this contribution, GTDTL model includes various processes namely data pre-processing, feature selection,
classification and fine tuning.

. To minimize the time consumption of the disabled person activity recognition, data preprocessing and feature selection are carried out in GTDTL model.
A Generalized regression imputation method is employed for handling the missing RFID tag data. The Rosner's test analysis is employed to detect and remove the
outlier data. Moreover, the two segment regression is employed for relevant feature selection based on Soergel similarity index

. To increase the accuracy, Simple matching coefficient is employed in Dense CNN model for evaluating the different features and analyzes data samples
and provides the accurate activity classification results of disabled peoples. Moreover, stochastic sampling squirrel search algorithm is employed to fine tune the
hyperparameter to enhance the accuracy by minimize the error.

. At last, complete experiment is carried out to examine the performance of our GTDTL model and other deep learning methods.

1.2 Paper Organization

The rest of this paper is organized as follows. Section 2 provides an extensive review of previous works. Section 3 presents a detailed description of the proposed
GTDTL model along with its architectural design. Section 4 outlines the experimental framework and offers a complete description of the datasets. Section 5
discusses the experimental outcomes and includes a comprehensive comparative assessment of the proposed GTDTL model with existing deep learning techniques
using several performance metrics. Finally, Section 6 summarizes the study and highlights the major findings of the research.

2. Related works

A hardware-based RFID identification and tracking system was developed in [16]. However it failed to explore the integration of RFID data for
improving efficiency. A novel behavior recognition model was introduced in [17] using RFID technology with multi-feature analysis. However
it failed to enhance overall enhancing recognition performance. An integration of particle swarm optimization (PSO) and a four-stage forward
neural network (4SFNN) were developed in [18] to improve the prediction accuracy. However, final prediction accuracy was not achieved with
less mean absolute error rate. Deep Learning with a Snake Optimiser approach was designed in [19] for advanced smart human activity
recognition with disabilities with high precision and adaptability. But the computational efficiency of the model was not addressed. Multiscale
convolutional hybrid Transformer model was introduced in [20] for achieving high average recognition accuracy. However, hyperparameter
settings were not analyzed. An innovative RFID (Radio-Frequency Identification)-based tracking system was developed in [21] to enhance the
detection and localization. However, it failed to refine the system performance. A new cost-effective radio frequency identification (RFID)-based
tracking system was introduced in [22] for robust and accuracy of human activities. However, enabling more accurate tracking system was major
concern. Deep Learning-based architecture was developed in [23] for human activity recognition. However, the model did not achieve efficient
trade-off between accuracy and computational cost. An ensemble of deep learning models was introduced in [24] to monitor and detect various
conditions and activities within indoor spaces for disabled people. However, it failed to improve the adaptability of models for diverse disabilities peoples.An
Optimised Hybrid Deep Learning Model was introduced in [25] for human activity recognition and improves the quality of life for people with disabilities.
However, it did not integrating adaptive learning mechanisms to noisy inputs. An Improved Pelican Optimisation with Recurrent Neural Network model was
developed in [26] to improve indoor activity detection systems for individuals with disabilities. However it failed to focus on expanding the system to handle multi-
modal sensor data by integrating the transfer learning (TL) and adaptive learning strategies for improving practical usability. Binary grey wolf optimization-driven
ensemble deep learning model were developed in [27] for activity recognition of disabled peoples. But it failed develop more robust data pre-processing techniques,
and improve model efficiency. Deep learning based activity recognition were introduced in [28] for significantly enhances feature extraction and accuracy of
human activity recognition. However, it failed to further enhance the accuracy and robustness of system. An ensemble of three different deep learning algorithms
were designed in [29] for identifying human activity using sensor data. However the model was more complexity in human activity recognition. Deep learning
models were developed in [30] for sensor-based human activity recognition. However, efficient deep learning models were not employed for accurate recognition.
3. Proposal Methodology

Human Activity Recognition (HAR) for individuals with disabilities has become an increasingly significant research field in artificial intelligence
(AI). The main aim of HAR systems is to detect and categorize human activities by analyzing data collected through different wireless sensing
technologies. In these systems, large volumes of individuals with disabilities personal information including location data, body movements,
health-related parameters, and daily behavioral patterns are collected by means of RFID technology. In this paper, a new model Gradient Tuned
Dense Transfer Learning (GTDTL) model is proposed to support Human Activity Recognition specifically designed for individuals with
disabilities. This proposed Gradient Tuned Transfer Learning model incorporates various processes into the transfer learning model such as data
preprocessing, feature selection, classification, and fine-tuning to achieve more effective recognition. The deep learning architecture reduces

errors and enhances the accuracy of classification by applying fine tuning process with the help of optimization.
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Figure 1 Architecture of the proposed GTDTL model
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Figure 1 portrays the overall structure of the proposed method for accurate activity recognition for disabled individuals effectively using RFID
dataset. In GTDTL model, RFID tags are fixed to the body of disabled individuals to enable the monitoring and movement issue detection. The
collected data is transmitted through Internet of Things (IoT) systems for further analysis. This process helps guarantee timely detection and
improves the protection and well-being of disabled individuals. These RFID tags collect information related to body movements and physical
actions performed by the person. The proposed architecture recognition diagram includes four key stages namely data acquisition, pre-
processing, feature selection, classification into different classes. At first, RFID tag information’s are collected from the suitable dataset for
further processing. Following the data acquisition, pre-processing step is employed to smooth raw dataset into more appropriate format which
comprises of two major processes namely missing data imputation and outlier data removal. Once complete the preprocessing step, the significant
feature selection and removal process is carried out by employing the two segment regression analysis aimed to reduce the time complexity. As
a final point, the classification step is executed in proposed GTDTL model for multi class activity detection by the means of selected relevant
features attaining higher accuracy with lesser errors. When movements are detected, the system automatically sends notifications to relatives or
nearby neighbor’s mobile phones .to ensure the safety of the disabled person. These various processes of the proposed GTDTL model are detailed
in the under subsections.

3.1 Data acquisition

The basic step of the proposed GTDTL model is a data acquisition, which involves collects large volume of data samples to provide as input for the activity
recognition process. In the proposed model, RFID dataset for Device-Free Ambient Assisted Living Monitoring are gathered from https://github.com/care-
group/RFID-Datasets . The RFID dataset contains a total of 25,924 snapshots of data, where snapshots were recorded at a rate of one snapshot per second. This
therefore represents around 7 hours and 12 minutes of raw data. In the CSV and ARFF files of the RFID data, there are 196 targets. The data is collected from 6
different participants (i.e. disabled peoples) linearly over time. The columns include Activity, location, participant ID, and timestamp are recorded for each participants.

3.2 Transfer learning based disabled person movement detection

Once the RFID tag samples are collected from the dataset, the proposed GTDTL model utilizes the deep transfer learning approach to accurately
classify disabled person movements. This transfer learning method utilizes information gained from a previously trained model and adapts it to
a new prediction task. On the contrary to traditional deep learning techniques, the transfer learning model is capable of achieving higher
classification performance even when datasets vary in size, while minimizing the training time as well as lower computational cost. Accordingly,
the proposed transfer learning model improves both the efficiency and reliability of human activity detection using RFID tag information’s. The
complete architecture of the transfer learning framework is presented in Figure 2.

Bretrained mecel Figure 2 given above depicts the conceptual structure

of the proposed deep transfer learning framework
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{ 3.2.1 Pre-trained classification model construction
- || The proposed transfer learning framework initially
constructs a base model for classification using a dense convolutional network (DenseCNN). DenseCNN is a specialized deep learning model
consists of numerous organized layers that assist effective feature propagation and reuse. The main advantage of DenseCNN is to improve the
efficiency by connecting each layer to other layer within a dense block. Hence it facilitates enhanced information flow throughout the entire
network model. The detailed structure of the developed base network is presented in Figure 3.
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Figure 3 given above illustrates structure of a DenseCNN architecture to perform the classification of multiple activities of disabled propels using
RFID tag information. As shown in figure 3, input and output layers are always only one layer, whereas the middle layers also called as hidden
layers which include three sub-layers namely convolutional layer, pooling layer and fully connected layer. Each layer in the network architecture
includes small parts called artificial neurons or nodes to process the given input RFID tag information collected from the dataset. Each neuron
in hidden layers receives inputs from previous layer and processes them, also generates the results to successive layers.

Let us consider the input RFID dataset ‘D’ which comprises of numerous samples ‘S’ or RFID tag information as well as features
{A1, Ay, ..., Ap}. These input samples and features are generally arranged in the form of matrix representation. Therefore, input matrix
representation of the dataset is formulated as follows,

Ay A, .. Ay
[Sll 512 " Sln]
Q= [Sy1 Spp o Son| m=rows,n = columns @))]
Sml SmZ i Smn

Where, Q represents an input matrix representation where each column represents ‘m’ number of features{A;, A5, ..., A, }, each row represents
‘n’ number of samples ‘S = {S;,S,, ..., Sp}” respectively. This input matrix representation is given to the input layer of the DenseCNN
architecture. The input layer received the data only and it did not perform any computation process. The RFID tag information is transferred to
the first hidden layer of DenseCNN architecture.
. convolutional layer (preprocessing)
In the DenseCNN architecture, the convolutional layer acts as the first hidden layer. It consists of multiple artificial neurons that slide over the
input data to capture RFID tag information of each disabled persons. By stacking several convolutional layers, the architecture progressively
learns RFID tag information, enabling accurate data preprocessing and analysis of complex input data.
Data preprocessing is carried out for transforming the raw dataset into suitable format by handling the missing data and outlier data removal.
Generalized regression imputation model is employed in the convolutional layers to handle the missing data samples within the dataset. Missing
data refers to the value of variables is not recorded or unavailable. The Generalized regression imputation model is a machine learning technique
to detect the unavailable data based on already known data samples. Therefore, the missing data imputation process is expressed as follows,
Su=Po+ Zi=1PiSi+te (2)
Where, S); denotes a missing data, 5, and f; represents the regression coefficient, S; represents the known data samples, e denotes a residual
or error term for the missing observation.
During the preprocessing stage, an outlier is a data point that considerably diverges from other data observations within a dataset. The proposed
model utilizes the Rosner's test analysis for detecting the multiple outliers within the dataset. This test helps to distinguish outliers that are either
much lesser or much larger than the rest of the samples. Rosner's test based outlier detection is then computed as follows,
RT =argmaxH (3)
H=SL [ @

Where, RT Rosner's test analysis, S; represents a data samples in the particular cell, S indicates a mean value of particular data samples,
o represents a mean absolute deviation. In Rosner’s method for detecting outliers based on the largest standardized distance between an
observation and the mean of the dataset. In this manner, the entire outlier data samples are detected within the dataset. Accordingly, the detected
outlier data samples are removed from the dataset.
. Pooling layer (feature selection)
The next step of proposed GTDTL model is the feature selection for choosing the relevant features from the dataset to reduce the dataset’s
dimensionality in pooling layer. This model employs two segment regressions to recognize and maintain important features while discarding
irrelevant ones. The segment regression is employed for measuring the linear relationship between input variables (features) and an output
variable (target).
The proposed regression utilizes the Soergel similarity index function to analyze the linear relationship between the features and a target (i.e.
activity recognition). This helps to determine the more significant features from high dimensional dataset into low dimensional space. Let us
consider the set of features in the RFID dataset.

Aj ={A,4;, ..., Ay} wherej=123..m (5)
The Soergel similarity index between the target variable and the input RFID tag features is computed by using following expression.
_ 2?1:1|AJ_AT|2
SSI = [z;';l max(A,-,Aa] ©
Where, SSI denotes a Soergel similarity index which helps to measure the similarity between features A; and other target features Ar. Based on
the similarity, contextual relationship between the features and target is obtained. The output of similarity returns the values between 0 and 1.
The two segment regression method is employed to differentiate the relevant and irrelevant features based on Soergel similarity index output.
Aprretevant = R1.SSI + Ky, if SSI < T @)
Aretevant = R2.SSI + K, if SSI >T ®)

Where, Apeievant’ indicates the relevant features sets,Aj reievane denotes a irrelevant features sets, SSI denotes a Soergel similarity index,
regression coefficient  Ry’, ° R,’ and regression constants ‘ K;’, K, with respect to threshold (T). From the assessment results, ‘Ageievant’
features sets are considered for activity recognition. The selected features results are transferred into fully connected layers for analyzing the
selected features and generating the activity recognition results at output layer.

. Fully connected layer (classification)

Finally, activity recognition is performed in fully connected layer also known as a dense layer to perform the classification with the selected
features. The main process of the fully connected layer is to integrate all the selected features from the previous layers (pooling layers) and
perform the classification tasks to produce the desired activity recognition. In this layer, simple matching coefficient statistical method is used to
determine the similarity between the training and testing data samples.

_ (Str N Sts)
SMC - [ES:r+E Sts_(str n Sts) ] (9)

Where, SMC indicates a simple matching coefficient,S;, denotes a training samples, S; indicates testing samples, S;,- N Sys denotes a mutual
dependence between the two samples, ), S, denotes a score value of training samples S;,.”, ) S¢s denotes a score value of testing samples ‘S;’.
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The matching coefficient (SMC) provides the output value between 0 and 1. Based on coefficient results, various activities of disabled persons
are classified at the output layer.
The output of the fully connected layer is obtained at the output layer with the help of softmax activation function.
Yo= 7 (ng)’;" he) (10)
exp(Ye
= ey (D

Where, T represents a softmax activation function, Y, indicates an output of the model for multiple class ‘k’. The softmax activation
function produces outputs in the range [0, 1]. Using this activation output, the network generates multiple activities classification results at the
output layer. The algorithm of pre-trained model is described as follows,
// Algorithm 1: Pre-trained classification model construction

Input: Dataset ‘DS’, Samples ‘S = {S;, S,, .... S}, Features ‘A, Ay, ..., Ay’
Qutput: Activity recognition

Begin

Step 1: Collect number of number of Samples ‘S = {S;,S,, ... S}, Features ‘A4, A4,, ..., Ay, from input dataset ‘DS’
Step 2: Samples given to input layer of dense convolutional network

Step 3: Transfer the input samples to Convolutional layer

Step 4: For each samples S;

Step 5:  Handle missing data using (2)

Step 6:  Find the outlier data using (3)

Step 7: If (argmax H) then

Step 8: Samples is identified as outlier

Step 9:  else

Step 10:  Samples is identified as normal

Step 11: End if

Step 12: For each preprocessed dataset

Step 13: Compute the similarity between the features using (6)

Step 14: Apply the segment regression

Step 15: if (SSI < T) then

Step 16: features is said to be irrelevant

Step 17: else

Step 18: features is said to be relevant

Step 19: End if

Step 20: Select the relevant features and removed others

Step 21: End for

Step 22: For each selected features and training samples----- fully connected layer
Step 23: Compute the simple matching coefficient using (10)

Step 24: Obtain classification results with softmax activation function using (17)
Step 25: Return final classification output

Step 26:  End for

End

Algorithm 1 given above depicts the various process involved for constructing a pre-trained classification model for human activity
recognition. The pre-trained model considers the RFID input samples and features collected from the dataset and it given to the input layer. The
input samples and features are then transferred to the convolutional layer. In this layer, preprocessing is carried out which includes missing data
handling and outlier removal. The pre-processed dataset is then proceeds to the max pooling layer, which used for retaining the more revenant
features and removing the others based on similarity index output. In the fully connected layer, selected features with training samples are
processed using matching coefficient for classification purposes. At last, output layer applies a softmax activation function to generate the multi
class classification outcomes. By following this structured Dense CNN, the pre-trained classifier model is able to accurately detect the different
movements of disabled persons.

33 Construct new classification model based activity recognition
The proposed transfer learning approach construct the new model using a number of input RFID tag information’s by utilizing the knowledge
obtained from preceding pre-trained network architecture. As shown in Figure 2, many layers in new classification model typically referred to
as frozen layers that are preserved from the pre-trained model, and their process also remain unaltered. However, only the fine-tuning tasks is
employed to refine the total architecture of pre-trained model

In the first frozen hidden layer (i.e. convolutional layer), the proposed transfer learning model performs the data preprocessing which involves
missing data handling and outlier data removal. First, the missing data handling process is carried out in the convolutional layer of new
classification model using generalized regression imputation model according to the equation (2). The outlier removal process is done by
employing Rosner's test analysis along with the equation (3).
In the second hidden layer (i.e. pooling layer), the new classification model performs similarity using (6) (7) (8) allowing it to preserve the more
relevant features.
The fully connected layer utilizes the matching coefficient to analyze the training and testing data samples using (9). Based on the matching
coefficient outcomes, the multiple classes of activity recognitions are observed. For each result, the recognition error is calculated as based on
squared difference between the actual and predicted output.

2
RE = (Yact - Ypre) (12)
In order to minimize the recognition error, the hyperparameters (weights) gets updated using gradient function as follows,
ORE
Waew = Wora = 1 [52|  (13)
o . . . ]
Where,w,,,, indicates an updated weights, w,;4 represents a current weight, 7 denotes a learning rate, % represents the first-order

derivative function regarding recognition error ‘RE’ and weight ‘w’. From the above analysis, multiple weight values are computed. The fine
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tuning phase of the DenseCNN helps to improve the accuracy by decreasing the error. In order to perform the fine tuning process, stochastic
sampling squirrel search algorithm is employed. The squirrel search algorithm is a meta-heuristic technique inspired by the behavior of food
source searching of flying squirrels. In this fine tuning process, squirrels represent candidate hyperparameter solutions i.e. number of updated
weights, while the food sources correspond to the fitness function to evaluate result quality. At first, a population of squirrels is randomly created
within the search space. These candidate solutions are then iteratively updated to identify the optimal one. The population initialization process is
executed as follows,
Wi = Wy, Wy, W3, ... Wi (14)
Where, wy. denotes a ‘k’ number of weights updated using gradient function. For each weight, the fitness is calculated depends on the recognition
error.
fitness(wy) = argmin RE (15)

Where fitness(w;) represents a fitness for each weight, arg min represents an argument minimal function, RE indicates a
recognition error. Among the population, the current best weight is chosen based on the fitness estimation. The current best is chosen based on
stochastic universal sampling method. The selection of current best is detected based on probability estimation as given below,

Ps _ fitness(wy) (16)
Y=t fitness(wy)

Where, P; indicates a selection probability calculated depends on ratio of every individual weight fitness 'fitness(wy)’ to the average
fitness of the population in 7" individual ‘Y%_, fitness(wy) ‘. Therefore high probabilities of weight are selected as currents best. Followed
by, the different behaviors of squirrels are executed along with the best fitness function.
. Generate New Locations through Gliding

The gliding process is one of the behaviors of squirrels for generating the new locations from the previous locations. In this process,
new locations generation is obtained as follows,

X" = X, 47 @c 05 X, — Xpest]  (17)

Where, X;" denotes a new location of the squirrels, X; represents old location of the squirrel, r indicates a random gliding distance, ¢ represents
a gliding constant,0.5|X; — X}.s;| denotes a variance between the current position of squirrel ‘X;” and best position of the squirrel X} ;.

. Check Seasonal Monitoring Condition:

The next behavior is a seasonal monitoring mechanism. The foraging behavior of flying squirrels is considerably influenced by
changing the seasonal conditions. In this process, the flying squirrels changed from active to inactive modes in winter season to escape local
optima.

5= J(Xt = Xpest)® (18)

Where, & represents a seasonal constant, X} denotes a current solution, X, indicates a current best solution.
_10xexp(=6)
6min - 365(:/%”)*2_5 (19)
Where 6,,;, represents a minimum seasonal constant, ‘t’ indicates an iteration, t,,,, represents a maximum iteration. The seasonal monitoring
behavior indicating that the flying squirrels drop the ability to efficiently explore for food sources. This condition persists until the algorithm
reaches the maximum number of iterations. If the seasonal constant did not fall below the threshold, the algorithm continues by generating new
candidate positions and updating the new seasonal state. Through this iterative procedure, the optimal weight is determined. These optimized
parameters contribute to minimize the errors during the activity recognition stage. As a result, accurate human activity recognition results are
observed at the output layer with softmax activation function.
Ynew = T(Wpo * he) (20)

Where, T represents a softmax activation function, Y., indicates an output of the new classifier model. The algorithm process of new
classification model based activity recognition is given below,

/] Algorithm 2: New classifier model based activity recognition

Input: Dataset ‘DS’, Samples ‘S = {S;, S,, .... S}, Features ‘A, Ay, ..., Ay’
Qutput: Accurate activity recognition

Begin

Step 1: Collect number of number of Samples S = {S;, S5, ....Sp,}’, Features ‘A4, A4, ..., A, from input dataset ‘DS’ --- input layer
Step 2: Samples given to input layer of dense convolutional network
Step 3: Transfer the input samples to Convolutional layer

Step 4: For each samples S;

Step S:  Handle missing data using (2)

Step 6:  Find the outlier data using (3)

Step 7: End for

Step 8: For each pre-processed outcomes —pooling layer

Step 9: Select relevant features using (8)

Step 10: Remove relevant features using (7)

Step 11: End for

Step 12: For each training samples----- Fully connected layer

Step 13: Measure the matching coefficient using (9)

Step 14: Obtain classification results

Step 14: End for

Step 15: For each classification result

Step 16:  Measure the recognition error ° RE using (12)

Step 17: Update the weights using (13)

Step 18: End for

Step 19: Initialize the population of the weights using (14)

Step 20: for each weight ‘ wy’
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Step 21:  Compute the fitness ‘fitness(wy)’ using (15)
Step 22:  End for

Step 23: Select current best using (16)

Step 24: While (t <Max_t) do

Step 25: Generate new location using (17)

Step 26:  Check Seasonal Monitoring Condition using (18)
Step 27:  if (6 < &pmin ) then

Step 28: Relocate the search space

Step 29: Obtain the optimal weight

Step 30:  else

Step 31: t=t+1

Step 32: go to step 24

Step 33: End if

Step 34: End while

Step 35: Return (optimal solution)

Step 36: Process the entire structures

Step 37: Obtain final classification results at output layer using (20)
End

Algorithm 2 describes a step by step process of transfer learning—based model designed to enhance human activity recognition accuracy while minimizing error
rate. The proposed method initiates by selecting a set of training samples, which are provided as inputs to the new denseCNN model. For each input data sample,
data preprocessing is carried to clean the raw dataset. Followed by, significant features are selected for accurate classification. Finally, the matching coefficient is
employed for classifying the various activities of disabled peoples. For each classified results, recognition error is computed. Based on error, the weight values
get updated. To enhance accuracy and reduce restoration error, a squirrel search algorithm is utilized. This algorithm determines an optimal weight values based on
fitness evaluation. Followed by, different behavioral mechanisms are evaluated. This process gets iterated and refined until reaches the predefined maximum number
of iterations. Finally, optimal weight is then applied to improve the accuracy of human activity recognition for disabled persons.

4. Experimental Setup

An experimental analysis of the proposed GTDTL model and baseline deep learning methods, namely RFiIDAR system [1] and TransTM [2] are implemented
using the Python programming high level programming language with RFID-Datasets taken from https:/github.com/care-group/RFID-Datasets. The RFID dataset
contains a total of 25,924 snapshots of data, where snapshots were recorded at a rate of one snapshot per second. This therefore represents around 7 hours and 12
minutes of raw data. In the CSV and ARFF files of the RFID data, there are 196 features and other features such as activity, location, participant ID, and timestamp
for each participant. The data is collected from 6 different participants (i.e. disabled peoples) linearly over time.

4.1 Implementation results

The GTDTL model is extensively analyzed to estimate its efficiency in analyzing disabled person movement issue detection. The evaluation
includes several key stages, including RFID tag data acquisition, preprocessing, feature selection, and classification, utilizing the RFID-Datasets
taken from github repository. Initially, the numbers of RFID tag data are collected from the dataset as shown in figure 4.

RFID-Data Acquisition
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Figure 4 RFID tag data acquisition
The dataset consists of 12 different activities and includes a total of 25,924 data snapshots as shown in figure 5.
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Figure 5 class activity distributions
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The figure 5 illustrates the distribution of activity labels in the dataset. Following RFID tag data acquisition, preprocessing step is carried out,
including missing values handing and outlier’s removal. The dataset size after missing data imputation was 16,999KB, which was reduced to
14,102KB after outlier removal. The preprocessing results are shown in figure 5.

Data Preprocessing
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Figure 6 data preprocessing
After the RFID tag data preprocessing, the GTDTL model performs the dimensionality reduction process using the two segment regression
algorithm to discover and preserve the most pertinent features while discarding others. Based on calculated similarity values, the model selects
103 key features from 200 attributes for accurate classification. In the final stage, the GTDTL model performs the activity detection of disabled
peoples using RFID tag information’s using simple matching coefficient with selected features.

Disabled Person Movement Detection
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Figure 7 disabled people’s movement detection

5. Performance analyses of different methods

This section presents a relative performance examination of different approaches, including the proposed GTDTL model and existing methods
referenced in RFiDAR system [1] and TransTM [2]. The assessment is conducted using numerous performance metrics, such as accuracy,
precision, sensitivity, F1-score, and recognition time. These metrics are used to comprehensively evaluate the efficiency of each method. The
results of the analysis are presented with the help of both tabular data and graphical visualizations to provide a clear assessment and better
explanation of the different approaches.

Accuracy: It measures a performance of model correctly classify activities of disabled persons based on collected data (e.g., from RFID tag).
It refers to the ratio of correctly predicted labels to the total number of data samples collected from the RFID tag dataset. It is calculated using

the following formula:
Accuracy = S cr —) 21
TP+TN+FP+FN

Where, TP (True Positive) indicates correctly recognized activities of disabled persons, TN (True Negative) indicates correctly recognized that a
certain activity was not occurrence, FP (False Positive) represents an incorrectly recognized an activity, FN (False Negative) represents the
system fails to distinguish an activity that truly take place.

Precision: it is a key performance metric that measures the quality of positive detection made by the recognition model. It refers to the

proportion of correct positive predictions out of all positive predictions. The overall precision is formulated as follows,
. TP
Precision = —— (22)
TP+FP
Where, TP (True Positive) indicates correctly recognized activity, FP (False Positive) denotes an incorrectly recognized activity.

Sensitivity: it also measures the system's capability to distinguish all actual data samples of a particular activity. The overall sensitivity of the
model is mathematically expressed as follows,

Sensitivity = (23)

TP+FN
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Where, Re TP (True Positive) indicates correctly recognized, FN (False negative) denotes the system failed to detect the activity that truly
happened.
F1 score: it is a metric that incorporates both precision as well as recall into a single value providing a reasonable measure of a model’s
performance.

F1 score = 2 % [—Prec.lsfon*senﬂ.n.v L.ty] (24)

Precision+Sensitivity.
Specificity: It computes the model's ability to efficiently distinguish negative. It measures the capacity of the model to correctly recognize
negative instances and is calculated as the ratio of true negatives to the sum of true negatives and false positives.
TN
(25)

TN+FP

Specificity =
Where, ‘TN denotes a true negative and‘FP’ indicates a false positive.
Recognition time: it refers to the amount of time consumed by algorithm to perform movement detection of disabled people. It includes the
overall time consumption is mathematically expressed as follows

RT = ¥, S; * TME[AD] (26)
Where, RT indicates a Recognition time, S indciates a number of data samples, TME[AD] indicates a activity detection of time consumption of
disabled peoples. It is measured in terms of seconds (sec).
Table 1 Comparison of Accuracy

Number of Accuracy (%)
RFID data Proposed Existing Existing TransTM [2]
samples GTDTL RFiDAR
system [1]
2500 97.2 94 92.4
5000 97.33 93.85 92.28
7500 97.58 93.86 92.33
10000 98.02 94.03 92.45
12500 97.41 94.23 92.63
15000 97.85 93.65 92.54
17500 97.22 93.44 92.77
20000 97.67 93.85 92.74
22500 97.58 94.08 93.03
25000 97.68 94.12 92.74
Number of RFID data samples Vs Accuracy(%o)
mm Proposed GTDTL
mm Existing RFiDAR system|[1]
mm Existing TransTM [2]
98
< 96 1
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Number of RFID data samples

Figure 8 graphical chart of accuracy comparison

Figure 8 reveals the accuracy of detecting the accuracy versus number of RFID data samples about the disabled peoples varying from 2500 to
25000, as collected from the dataset. As revealed in figure 8, the number of sample data represented in horizontal direction, while the vertical
axis demonstrates the corresponding accuracy of movement detection. The graph illustrates that the proposed GTDTL model outperforms the
existing approaches namely RFiDAR system [1] and TransTM [2] respectively. Let us consider the input RFID data samples of 2500 in the first
iteration. By applying the GTDTL model, enhanced accuracy of activity detection is found to be 97.2%. In comparison, the accuracy of the
existing methods [1] and [2] are observed to be 94% and 92.4%, respectively. Similarly, ten different outcomes are observed and compared. This
improved performance is achieved owing to the application of a deep transfer learning approach. This model analyzes both training and testing
data samples by applying the Dense CNN model using simple matching coefficient. By transferring the knowledge from a pre-trained model of
deep transfer learning approach, Dense CNN model efficiently processes RFID tag feature vectors, leading to improved accuracy in detecting
the activities of the disabled peoples in various locations at different time instance’s. The fine tuning process of Dense CNN model minimizes
the false positive and false negative performance results in activity detection. Therefore, average of these ten evaluation results illustrate that the
accuracy of the GTDTL model improved approximately by 4% and 5% when compared to existing methods [1] and [2], respectively.
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Table 2 Comparison of precision

Number of precision
RFID data Proposed Existing Existing TransTM [2]
samples GTDTL RFIDAR
system [1]
2500 0.967 0.935 0.922
5000 0.965 0.933 0.92
7500 0.966 0.935 0.921
10000 0.97 0.942 0.925
12500 0.963 0.946 0.928
15000 0.974 0.939 0.922
17500 0.977 0.936 0.926
20000 0.976 0.935 0.924
22500 0.968 0.944 0.921
25000 0.966 0.943 0.922
Number of RFID data samples Vs Precision
mm Proposed GTDTL
mm Existing RFiDAR system[1]
mm Existing TransTM [2]
0.98 -
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Figure 9 graphical chart of precision comparison

Figure 9 symbolizes the graphical chart consequences of the precision in activity detection using three various deep learning methods
namely GTDTL model outperforms the existing approaches namely RFiDAR system [1] and TransTM [2] based on a dataset of RFID tag
information. In the chart, the horizontal axis indicates the number of data samples, while the vertical axis specifies the precision output. The
overall upshots reveal that the precision performance of GTDTL model outperforms is better than that of existing methods [1] and [2].
Considering RFID tag data samples of 2500, the GTDTL model achieved a precision of 0.967%. The other two conventional methods [1] and
[2] observed the precision of 0.935 and 0.922 respectively. . This upgrading performance is achieved by applying a GTDTL model to effectively
investigate the RFID tag features vectors in the hidden layer of DenseCNN by employing matching coefficient and offer superior results. In
addition, the squirrel search algorithm is employed to refine the DenseCNN layers, aiming to decreasing the errors during activity detection. This
approach considerably enhances accuracy by achieving high true positive rate and decrease false positive, thereby increasing the precision.
Therefore, the comparison of these results demonstrates that GTDTL model increases the precision approximately by 3% and 5% when compared
to existing methods [1] and [2], respectively.

Table 3 Comparison of sensitivity

Number of sensitivity
RFID data Proposed Existing Existing TransTM [2]
samples GTDTL RFIDAR
system [1]
2500 0.986 0.966 0.953
5000 0.984 0.965 0.952
7500 0.983 0.97 0.95
10000 0.985 0.968 0.949
12500 0.983 0.965 0.946
15000 0.988 0.962 0.948
17500 0.984 0.963 0.947
20000 0.988 0.967 0.944
22500 0.989 0.968 0.945
25000 0.988 0.969 0.952

https://mswmanagementj.com/ 4782



MSW MANAGEMENT -Multidisciplinary, Scientific Work and Management Journal
ISSN: 1053-7899
Vol. 36 Issue 1, 2026, Pages 4773-4786

Number of RFID data samples Vs Sensitivity
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mm Existing RFiDAR system|[1]
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Figure 10 graphical chart of sensitivity comparison
Figure 10 reveals the performance effects of sensitivity regarding number of data samples ranges from 2500 to 25000 collected from the RFID tag dataset. The
performance analysis of the sensitivity is examined through three dissimilar deep learning methods namely GTDTL model existing approaches namely RFiDAR
system [1] and TransTM [2]. Among three different methods, the GTDTL model displays a visible development in sensitivity performance compared to existing
methods [1] and [2]. For instance, 2500 RFID tag data samples are considered in first iteration, the performance of sensitivity using GTDTL model is found to be
0.986, the recall values of 0.966 and 0.953 are recorded using [1] and [2], respectively. For each method, dissimilar performance results are observed about
different numbers of input RFID tag data samples. The overall observed results of the GTDTL model are compared to the existing methods. This development is
achieved by applying robust fine-tuning process in deep transfer learning model. By employing a DenseCNN, the model reduces the squared error between
predicted and actual outcomes through optimal hyperparameter selection using squirrel search optimization. This iterative process continues until attained minimal
error, directing to reduce in false-negative rates and enhance in true positive outcomes for increasing the accuracy. The comparison consequences shows that the
performance of the sensitivity using GTDTL model is considerably improved by 2% and 4% compared to [1] and [2], respectively.
Table 4 Comparison of F1 score

Number of F1 score
RFID data Proposed Existing RFiDAR Existing TransTM [2]
samples GTDTL system [1]

2500 0.976 0.950 0.937
5000 0.974 0.948 0.935
7500 0.974 0.952 0.935
10000 0.977 0.954 0.936
12500 0.972 0.955 0.936
15000 0.980 0.950 0.934
17500 0.980 0.949 0.936
20000 0.981 0.950 0.933
22500 0.978 0.955 0.932
25000 0.976 0.955 0.936

Number of RFID data samples Vs F1 score
mm Proposed GTDTL
mm Existing RFiDAR system[1]
mm Existing TransTM [2]
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Figure 11 graphical chart of F1 score comparison
Figure 11 illustrates the performance of graphical chart of Fl-score by varying numbers of data samples ranges from 2500 to 25000 by
implementing three models namely the proposed GTDTL model existing approaches namely RFiDAR system [1] and TransTM [2]. The F1-
score offers as a harmonic mean of precision as well as recall, providing a reasonable evaluation of the model's efficiency. The improved
performance of the GTDTL model is accomplished due to the integration of a deep transfer learning strategy, which precisely performs the
activity recognition. Overall, the relative results emphasize that the GTDTL model achieves an improvement in F1-score of approximately 3%
compared to [1] and 4% compared to [2].
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Table S Comparison of specificity

Number of specificity
RFID data Proposed Existing Existing TransTM [2]
samples GTDTL RFiDAR
system [1]
2500 0.95 0.9 0.88
5000 0.945 0.896 0.875
7500 0.944 0.898 0.874
10000 0.942 0.902 0.882
12500 0.94 0.906 0.884
15000 0.938 0.905 0.887
17500 0.936 0.904 0.885
20000 0.935 0.901 0.888
22500 0.937 0.899 0.887
25000 0.938 0.898 0.886
L.00 Number of RFID data samples Vs Specificity
' mm Proposed GTDTL
0.98 mm Existing RFiDAR system[1]
mm Existing TransTM |2]
0.96
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Figure 12 graphical chart of specificity comparison

Figure 12 exhibits a chart analysis of specificity performance against different samples sizes, ranging from 2500 to 25000. The specificity values
are estimated using the proposed GTDTL model and compared with two existing methods, [1] and [2]. In this chart, the horizontal direction
designates the number of different samples obtained from the dataset, while the vertical axis reflects the equivalent specificity. The experimental
consequences disclose that GTDTL model delivers higher specificity than the other two approaches. For example, in the initial evaluation with
2500 RFID tag data samples, the GTDTL model achieved a specificity of 0.95, while methods [1] and [2] recorded 0.9 and 0.88, respectively.
This development is achieved due to model’s advanced feature analysis capabilities enabled by the transfer learning, which enhances the activity
detection of true negatives and reduces false positives, thereby increasing the overall accuracy. At last, the average across ten runs, the GTDTL
model demonstrated an improvement in specificity of approximately by 4% than [1] and 7% than [2].

Table 6 Comparison of recognition time

Number of Recognition time (seconds)
RFID data Proposed Existing RFIDAR Existing TransTM [2]
samples GTDTL system [1]

2500 575 65 725
5000 60.3 68.3 75.9
7500 65.2 70.5 80.4
10000 68.2 75.2 90.7
12500 72.8 78.6 92.6
15000 80.6 89.4 95.6
17500 88.3 95.4 106.5
20000 92.1 103.5 112.4
22500 105.6 116.4 126.8
25000 116.5 127.9 133.7
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Number of RFID data samples Vs Recognition time (seconds)
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Figure 13 graphical chart of recognition time comparison
Figure 13 demonstrates the performance outcomes of recognition time using three models namely the proposed GTDTL model existing
approaches namely RFiDAR system [1] and TransTM [2]. Each model is estimated over ten experiment runs, using a data of 25000 unique RFID
tag data samples. As disclosed in the figure 13, recognition time of all three methods gets increased while enhancing the number of data samples.
However, in a specific trial with 25000 RFID tag data samples, the GTDTL model consumed only 57.5sec, while [1] and [2] consumed 65sec
and 72.5sec, respectively. The efficiency of the GTDTL model is achieved due to its integrated data preprocessing and important feature selection
method. Specifically, it employs the two segment regressions to determine and preserve the more significant features while removing the
irrelevant features. This efficient reduction in feature space significantly reduces the activity recognition time. Finally, the overall result
emphasize that the GTDTL model reduced the performance of recognition time by 9% and 19% when compared to the existing approaches.
6. Conclusion
This paper proposed a disabled person movement issue detection task of collecting RFID data with the help of IoHT device through the GTDTL
model. The proposed deep learning GTDTL model is employed for accurate multi-classification of disabled person activity detection. In GTDTL
model, the transfer learning model initiates the data preprocessing and the selection of important features from the RFID dataset, aiming to
minimizing the overall time required for activity detection. This GTDTL model employs the model’s capability to transfer learned knowledge,
enabling efficient analysis of RFID tag features using matching coefficient to enhance the accuracy of the model. Moreover, error rate is further
minimized through fine-tuning process related with activity detection. A comprehensive statistical assessment is carried out using several
performance metrics, such as accuracy, precision, sensitivity, F1-score, specificity, and time. The experimental outcomes expose that the GTDTL
model consistently outperforms conventional deep learning approaches by achieving higher accuracy, faster times, and lesser error rates.
References
[1] Muhammad Zakir Khan, William Taylor, Muhammad Usman, Jawad Ahmad, Nacem Ramzan, Bilal A. Khawaja, “RFiDAR: Contactless
RFID and Radar Data Fusion for Enhanced Human Activity Recognition”, IEEE Internet of Things Magazine , Volume 8, Issue 4, 2025, Pages
60— 69. DOI: 10.1109/I0TM.001.2400222
[2] Yi Liu, Weiqing Huang, Shang Jiang, Bobai Zhao, Shuai Wang, Siye Wang, Yanfang Zhang, “TransTM: A device-free method based on time-
streaming multiscale transformer for human activity recognition”, Defence Technology, Elsevier, Volume 32, February 2024, Pages 619-628.
https://doi.org/10.1016/.dt.2023.02.021
[3] Munya A. Arasi, Hussah Nasser AlEisa, Amani A. Alneil & Radwa Marzouk, “Artificial intelligence-driven ensemble deep learning models
for smart monitoring of indoor activities in IoT environment for people with disabilities”, Scientific Reports, volume 15, 2025, Pages 1-23.
https://doi.org/10.1038/s41598-025-88450-1
[4] Xiaobing Chen, Xiangwei Zhou, Mingxuan Sun, and Hao Wang, “Temporal Contrastive Learning for Sensor-Based Human Activity
Recognition: A Self-Supervised Approach”, IEEE Sensors Journal, Volume 25, Issue 1, 2025, Pages 1839 - 1850.
DOI: 10.1109/JSEN.2024.3491933
[5] Chih-Yang Lin, Chia-Yu Lin, Yu-Tso Liu, Yi-Wei Chen, Timothy K. Shih, “WiFi-TCN: Temporal Convolution for Human Interaction
Recognition Based on WiFi Signal”, IEEE Access, Volume 12,2024, Pages 126970 — 126982. DOI: 10.1109/ACCESS.2024.3428550
[6] Angelo Trotta, Federico Montori, Leonardo Ciabattini, Giulio Billi, Luciano Bononi, Marco Di Felice, “Edge human activity recognition
using federated learning on constrained devices”, Pervasive and Mobile Computing, Elsevier, Volume 104, 2024, Pages 1-15.
https://doi.org/10.1016/j.pmcj.2024.101972
[71 Muhammad Zakir Khan, Turke Althobaiti, Muhannad Almutiry and Naeem Ramzan, “Empowering the Blind: Contactless Activity
Recognition with Commodity Software-Defined Radio and Ultra-High-Frequency Radio Frequency Identification”, Sensors, Volume 24, Issue
11, 2024, Pages 1-12. https://doi.org/10.3390/s24113645
[8] Marian Stoica and Alexandru-lonut Nitu , “Tracking Patient Movements Using an IoT and RFID System-A Case Study in a Romanian
Clinic”, Logistics, Volume 9, Issue 1, 2025, Pages 1-14. https://doi.org/10.3390/logistics9010034
[9] Iulia-Francesca Kovacs, Andrei-Cristian Karolyi, Cristina-Sorina Stangaciu, Valentin Stdngaciu ,Sergiu Nimar a and Daniel-loan Curiac,
“An RFID-Based Indoor Guiding System for Visually Impaired People” Information, Volume 16, Issue 3,2025, Pages 1-
23. https://doi.org/10.3390/info16030220
[10] Honggang Wang, Sicheng Li, Yurun Zhou, Yongli Wang, Ruoyu Pan and Shengli Pang, “Tag-Array-Based UHF Passive RFID Tag Attitude
Identification of Tracking Methods”, Sensors, Volume 24, Issue 19, 2024, Pages 1-22. https://doi.org/10.3390/s24196305
[11] Asmaa Abdullah Hamad, Thair Ali Salih, Ahmed Falih Mahmood, “ntegration of DeepSORT and RFID Technology for Enhanced
Human Tracking”, NTU Journal of Engineering and Technology, Volume 3, Issue 4, 2024, Pages 17-25. doi: 10.56286/ntujet.v3i4.1095.
[12] Yanshou Wang, “Contactless human activity and sport action identification based on UHF RFID tag wall and AI”, Physical Communication,
Elsevier, Volume 64, June 2024, Pages 1-11. https://doi.org/10.1016/j.phycom.2024.102347

https://mswmanagementj.com/ 4785


https://doi.org/10.1109/IOTM.001.2400222
https://doi.org/10.1016/j.dt.2023.02.021
https://doi.org/10.1038/s41598-025-88450-1
https://doi.org/10.1109/JSEN.2024.3491933
https://doi.org/10.1109/ACCESS.2024.3428550
https://doi.org/10.1016/j.pmcj.2024.101972
https://doi.org/10.3390/s24113645
https://doi.org/10.3390/logistics9010034
https://doi.org/10.3390/info16030220
https://doi.org/10.3390/s24196305
https://doi.org/10.56286/ntujet.v3i4.1095
https://doi.org/10.1016/j.phycom.2024.102347

MSW MANAGEMENT -Multidisciplinary, Scientific Work and Management Journal
ISSN: 1053-7899
Vol. 36 Issue 1, 2026, Pages 4773-4786

ELSEVIER

[13] Muhammad Zakir Khan, Muhammad Usman, Ahsen Tahir, Muhammad Farooq, Adnan Qayyum, Jawad Ahmad, Hasan Abbas, Muhammad
Imran & Qammer H. Abbasi, “Transparent RFID tag wall enabled by artificial intelligence for assisted living”, Scientific Reports, volume 14,
2024, Pages 1-15. https://doi.org/10.1038/s41598-024-64411-y

[14] Jodo S. Pereira, “Long-Range RFID Indoor Positioning System for an Autonomous Wheelchair”, Sensors, Volume 25, Issue 8, 2025, Pages
1-28. https://doi.org/10.3390/s25082542

[15] Muhammad Zakir Khan, Muhammad Usman, JawadAhmad, Muhammad Mahboob Ur Rahman, HasanAbbas, Muhammad Imran &
Qammer H.Abbasi, “Tag-free indoor fall detection using transformer network encoder and data fusion”, Scientific Reports, volume 14, 2024,
Pages 1-19. https://doi.org/10.1038/s41598-024-67439-2

[16] Christoph Heuer, Victoria Jung, Sigrid Brell-Cokcan, “A hardware-based RFID identification and tracking system for components in
digitalised construction logistics”, Developments in the Built Environment, Elsevier, Volume 23, 2025, Pages 1-14.
https://doi.org/10.1016/j.dibe.2025.100726

[17] Honggang Wang, Xinyi Liu, Lei Liu, Bo Qin, Ruoyu Pan and Shengli Pang, “UHF RFID Sensing for Dynamic Tag Detection and Behavior
Recognition: A Multi-Feature Analysis and Dual-Path Residual Network Approach”, Sensors, Volume 25, Issue 17, 2025, Pages 1-24.
https://doi.org/10.3390/s25175540

[18] Raghad Tariq Al Hassani, and Dogu Cagdas Atilla, “Human Activity Detection Using Smart Wearable Sensing Devices with Feed Forward
Neural Networks and PSO”, Applied Sciences, Volume 13, Issue 6, 2023, Pages 1-13. https://doi.org/10.3390/app13063716

[19] Manal Abdullah Alohali, Mohammed Yahya Alzahrani, Asmaa Mansour Alghamdi & Ishfaq Yaseen, “Advanced smart human activity
recognition system for disabled people using artificial intelligence with snake optimizer techniques”, Scientific Reports, volume 15, 2025, Pages
1-16. https://doi.org/10.1038/s41598-025-16180-5

[20] Yi Liu, Weiqing Huang, Shang Jiang, Bobai Zhao, Shuai Wan, Siye Wang, Yanfang Zhang, “TransTM: A device-free method based on time-
streaming multiscale transformer for human activity recognition”, Defence Technology, Elsevier, Volume 32, 2024, Pages 619-628.
https://doi.org/10.1016/5.dt.2023.02.021

[21] Manpreet Kaur, Sukhwinder Singh Sran, Manoj Kumar, “Enhancing Dementia Patient Tracking: A Comparative Study of RFID-Based
Detection Systems Using Parked and Moving Vehicles”, International Journal of Intelligent Systems and Applications in Engineering, Volume
11, Issue 6s, 2023, Pages 882—892. https://ijisac.org/index.php/IJISAE/article/view/7332

[22] Mhd Wasim Raed, Mohamed Deriche, Rao Bin Rais, Khalid Ammar, Mohamed Nasor, “A Smart RFID-Driven System for Dementia Patient
Tracking: A Machine Learning Approach for Monitoring and Localization”, International Journal of Technology, Volume 16, Issue 6, 2025, Pages
2101-2121. https://doi.org/10.14716/ijtech.v16i6.7791

[23] Vladimiro Suglia, Lucia Palazzo, Vitoantonio Bevilacqua, Andrea Passantino, Gaetano Pagano and Giovanni D’Addio, “A Novel
Framework Based on Deep Learning Architecture for Continuous Human Activity Recognition with Inertial Sensors”, Sensors, Volume 24, Issue
7, 2024, Pages 1-22. https://doi.org/10.3390/s24072199

[24] Faisal S. Alsubaei, Abdulrahman A. Alshdadi & Mohammed Rizwanullah, “Smart indoor monitoring for disabled individuals using an
ensemble of deep learning models in an IoT environment”, Scientific Reports, volume 15, 2025, Pages 1-16. https://doi.org/10.1038/s41598-
025-00374-y

[25] Hend Khalid Alkahtani, Nouf Al-Kahtani, Gouse Pasha Mohammed & Radwa Marzouk, “An integration of deep learning models for
effective classification of human activity patterns in disabled people using gesture analysis”, Scientific Reports, volume 15, 2025, Pages 1-13.
https://doi.org/10.1038/s41598-025-27450-7

[26] Munya A. Arasi, Hanadi Alkhudhayr, Abdulwhab Alkharashi & Amani A. Alneil, “Enhancing indoor activity recognition for disabled
persons using multi head self attention recurrent neural network with improved pelican algorithm”, Scientific Reports, volume 15, 2025, Pages
1-15. https://doi.org/10.1038/s41598-025-14515-w

[27] Hamed Alqgahtani, “Implementing ensemble of deep learning model with optimization techniques for human activity recognition to assist
individuals with disabilities”, Scientific Reports, volume 15, 2025, Pages 1-16. https://doi.org/10.1038/s41598-025-09970-4

[28] Mingxing Nie, Liwei Zou, Hao Cui, Xinhui Zhou and Yaping Wan, “Enhancing Human Activity Recognition with LoRa Wireless RF Signal
Preprocessing and Deep Learning”, Electronics, Volume 13, Issue 2, 2024, Pages 1-25. https://doi.org/10.3390/electronics 13020264

[29] S.M. Mohidul Islam, Kamrul Hasan Talukder, “Ensem-DeepHAR: Identification of human activity in smart environments using ensemble
of deep Ilearning methods and motion sensor data”, Measurement: Sensors, Elsevier, Volume 36, 2024, Pages 1-16.
https://doi.org/10.1016/j.measen.2024.101398

[30] Farhad Mortezapour Shiri, Thinagaran Perumal, Norwati Mustapha, Raihani Mohamed, “Deep Learning and Federated Learning in Human
Activity Recognition with Sensor Data: A Comprehensive Review”, CMES - Computer Modeling in Engineering and Sciences, Elsevier, Volume
145, Issue 2, 2025, Pages 1389-1485. https://doi.org/10.32604/cmes.2025.071858

https://mswmanagementj.com/ 4786


https://doi.org/10.1038/s41598-024-64411-y
https://doi.org/10.3390/s25082542
https://doi.org/10.1038/s41598-024-67439-2
https://doi.org/10.1016/j.dibe.2025.100726
https://doi.org/10.3390/s25175540
https://doi.org/10.3390/app13063716
https://doi.org/10.1038/s41598-025-16180-5
https://doi.org/10.1016/j.dt.2023.02.021
https://ijisae.org/index.php/IJISAE/article/view/7332
https://doi.org/10.14716/ijtech.v16i6.7791
https://doi.org/10.3390/s24072199
https://doi.org/10.1038/s41598-025-00374-y
https://doi.org/10.1038/s41598-025-00374-y
https://doi.org/10.1038/s41598-025-27450-7
https://doi.org/10.1038/s41598-025-14515-w
https://doi.org/10.1038/s41598-025-09970-4
https://doi.org/10.3390/electronics13020264
https://doi.org/10.1016/j.measen.2024.101398
https://doi.org/10.32604/cmes.2025.071858

