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 One major difficulty in pervasive computing is trapped human detection in 

search and rescue (SAR) scenarios. Accurately identifying trapped 

individuals is challenging due to noisy data and the curse of dimensionality. 

When non-line-of-sight (NLOS) conditions are present during catastrophic 

occurrences, the curse of dimensionality can result in blind spots in 

detections because of noise and uncorrelated data. Because machine learning 

algorithms are incredibly accurate, this work focuses on using ultra-

wideband (UWB) radar waves to detect individuals in NLOS scenarios and 

leveraging wireless communication to harmonize information. The paper 

uses ensemble methods to extract features using independent component 

analysis (ICA) and evaluate classification performance on both static and 

dynamic datasets. The testing results confirm the effectiveness of the 

proposed strategy, with classification accuracies of 87.20% for dynamic data 

and 88.00% for static data. Lastly, during SAR operations, our approach can 

assist engineers and scientists in making quick decisions. 
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1. INTRODUCTION  

Around the globe, natural disasters such as earthquakes, inferno, hurricanes, tsunamis, and seismic, 

activity occur with alarming frequency, often leading to the collapse of infrastructure created by humans, such 

as buildings and bridges [1]. In such scenarios, survivors can become trapped within the debris, posing a 

significant challenge to search and recovery teams, who often lack precise information about the presence, 

location, and number of trapped individuals. Given that the life expectancy of patients in prison drops 

significantly after three days, a rescue operation is required in this situation [2], [3]. Over the past few decades, 

these catastrophic events have claimed millions of lives, underscoring the necessity for effective post-disaster 

rescue operations to minimize fatalities [4]. Developing reliable techniques for robotic navigation and 

monitoring in uncharted environments remains a critical research area in security and protection [5].  

One promising technique for detecting human targets through barriers is ultra-wideband (UWB) 

radar. UWB radar offers numerous advantages, such as excellent penetrability, precise placement, low power 

consumption, high definition, and resilience to channel degradation [6], [7]. These features make it ideal for 

locating hidden targets beneath building materials, making it invaluable for law enforcement and emergency 

recovery efforts. UWB radar has proven effective in applications such as target identification, localization, 

https://creativecommons.org/licenses/by-sa/4.0/
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health monitoring, and through-wall human detection [8]. The quick development of machine learning, 

particularly deep learning, has revolutionized the ability to make optimal decisions quickly using high-

performance computing systems that extract high-level features from large, multi-dimensional datasets [9]. 

This advancement is particularly relevant in disaster relief and humanitarian aid [10], [11]. Previous research 

proposed a downstream channel assessment network utilizing convolutional neural networks (CNNs) for 

feature extraction (FE) and recurrent networks for channel estimation [12]. However, these methods did not 

specifically address non-line-of-sight (NLOS) detection and often overlooked some data in the channel 

impulse response (CIR). 

In this research, we employ an independent component analysis (ICA) approach for FE and an 

ensemble algorithm for the classification and identification of human targets buried beneath obstacles. 

Additionally, StandardScaler is introduced, a data normalization algorithm, and conduct stringent training 

and evaluation to classify and detect human targets in various scenarios. This will improve the ability to 

identify and detect both moving and stationary human targets behind walls. This will be accomplished by 

using an ensemble algorithm for classification and recognizing human victims concealed behind obstacles, as 

well as ICA for (fixed and dynamic) FE. To assess the efficiency of the two datasets (static and dynamic), a 

comparative study was also conducted.  

The rest of the document is arranged as follows: the sections 2 and 3, respectively, focus on 

catastrophe management in search and rescue (SAR) as well as the guiding principles of the related activity. 

The section 4 discusses the resources and technical approaches, as well as the development and training of 

the data. The sections 5, 6, and 7, respectively, provide descriptions of the performance evaluation, 

application and testing methodology, and outcomes analysis. In section 8, the comparison analysis is 

presented. Section 9 presents the conclusion. 

 

 

2. NLOS DETECTION FOR HUMAN SAR OPERATIONS IN CATACLYSM MANAGEMENT 

It is feasible to prevent, prepare for, respond to, recover from, and lessen the effects of disasters 

through disaster management. Preventing disasters before they occur, reacting quickly to disasters, and helping 

to rebuild societies after a disaster are all parts of emergency management. Everybody's security depends on 

emergency management, which should be considered in all daily decisions rather than just in the case of a 

tragedy, which is becoming all too common [13]. Effective emergency management operations after a natural or 

man-made disaster depend on strong communication networks. Unfortunately, large-scale disasters have the 

potential to disrupt SAR operations and destroy telecommunications networks [14]. 

Resolving the issues now existing on the ground is crucial due to the growth of humanitarian 

activities and needs. Issues like traffic, delays, unaccountability, and inadequate connectivity could serve as 

test sites for the alleged advantages of new technological advancements [15]. The current reliance on 

centralized physical infrastructure methods poses a severe threat to the management system as a whole. 

Furthermore, current protocols for communication during system outages mostly depend on using temporary 

facilities, including telecom towers. Handling aid requests based on current disaster information and 

efficiently responding to such requests by distributing the management's available limited resources is the 

main goal of the entire process [16]. Blockchain-based technologies with sophisticated features can support 

SAR operations by leveraging advancements in information and communications technology (ICT), drones, 

the internet of things (IoT), cloud-based computing, image analysis, and autonomous aerial systems [17].  

However, blockchain, IoT, and crowdsourcing methods can offer valuable insights that can facilitate 

the provisioning process. They might also be a means of fostering a dynamic mutual trust between people 

who provide, receive, and seek help to encourage this improvement. Furthermore, it can be used as a basis for 

incorporating technologies such as blockchain, three-dimensional printing, and artificial intelligence to 

improve the flow of information, products, and funds in humanitarian supply chains [15]. 

 

 

3. LITERATURE REVIEW 

The use of machine learning techniques to identify and locate victims trapped behind collapsed 

structures has garnered a lot of attention during the last 20 years. However, obstacles in the line of sight 

(LOS) between the sending and the receiving device adversely impair basic measurements of radio signals. 

These measurements, like received signal strength indicator (RSSI) values, rendering them inappropriate for 

the conditions under investigation [18].  

Yu et al. [19] proposed a technique that utilizes a higher-level cyclostationarity to detect human 

respiration and pulse to get beyond these restrictions. By employing the third-order cyclic cumulant, this 

technique effectively reduces harmonic intermodulation, random body motions, and clutter noise, allowing 



Int J Artif Intell  ISSN: 2252-8938  

 

Predicting trapped victims in debris using signal analysis ensemble classification (Enoch Adama Jiya) 

495 

radar sensors to detect weak signals with low signal-to-noise ratios (SNR). These developments are essential 

for target monitoring in military and emergency response operations. 

By breaking down respiratory signals into distinct sub-signals, variational mode decomposition 

(VMD) has also been used to track a variety of objects behind walls. For microwave radar devices, this 

approach—which uses the Hilbert transform, distance bins, and traveling respiratory identification 

calculations—performed better than conventional fast Fourier transform (FFT) methods [20]. To increase 

generalization ability under a variety of NLOS circumstances, machine learning techniques have been 

created. For example, Khan et al. [21] used Wi-Fi sensors to create a CNN that classified and assessed 

human respiratory activity with a 94.85% accuracy rate. 

The most recent developments in UWB through-wall radar research are covered in detail, with an 

emphasis on signal-processing methods for monitoring vital signs and identifying people. Three primary 

methods for human detection with NLOS sensors were determined. These are: i) multipath patterns of the 

radar reflected signal; ii) numerical characteristics of the received signal, such as skewness and kurtosis; and 

iii) constant false alarm rate (CFAR), which determines energy levels for target responses. 

Park et al. [22] investigated a transfer learning-based UWB NLOS detection technique that achieved 

precision on par with deep learning methods developed with sparse data. Other designs and human detection 

tasks were not examined in their study, though. Similarly, two receiving antennas were utilized to measure 

vital signs in the investigation [23]. But they only decided to look at the strong signal. The mobile filter was 

subsequently fitted to the selected signal, which eliminated the quasi-static noise. Dual-frequency harmonic 

continuous wave (CW) radar sensing systems have been used in other studies to increase SNR and decrease 

flicker interference [24]. Despite these advancements, challenges such as the zero-point phenomenon, motion 

artifacts, and interference from multiple sources still affect the efficacy of microwave radar sensors in 

detecting vital signs [25], [26].  

This research aims to address these challenges by examining radar and communication technologies 

for SAR operations. The review covers continuous CW UWB radar sensors, their operational principles, and 

their physical construction. The conclusion and future outlook are presented at the end of this paper. 

 

 

4. MATERIALS AND METHOD 

Both stationary and dynamic data were included in the datasets used for this investigation. Figure 1 

provides a summary of the suggested framework. The phase of obtaining pertinent information from a given 

dataset changes the procedure when utilizing the ICA FE approaches for both stationary and fixed datasets. 

The results of the ensemble classification approach are contrasted with current approaches to evaluate the 

NLOS dataset's performance. 

 

 

 
 

Figure 1. Proposed framework 

 

 

The NLOS datasets used in this work included 17,408 (stationery) and 23,552 (dynamic) cases, with 

256 samples per window. Standard scalar preprocessing or SC is typically used for data cleaning to make the 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 1, February 2026: 493-505 

496 

imputed primary data uniform for precise prediction. To identify the crucial discrepancy with fewer 

independent components and offer substantial evidence of more research, the ICA method was utilized to 

remove inactive elements from the UWB NLOS data. The ICA FE process isolates and removes conflicting 

variables. The data containing recovered ICA latent significant features is classified using the ensemble 

AdaBoost categorization technique. Ensemble classifiers are utilized to evaluate the efficacy of classification 

applications, employing seventy percent of the data for training and 30% for evaluating prediction accuracy. 

To assess the data analysis learning enactment methodologies, the collected data was taken from the 

measurement data that is publicly available. The repository is located at ‘https://github.com/disiunibo-

nlu/uwb-nlos-human-detection”. Many machine learning techniques have been replicated to analyze and 

predict NLOS human localization data of several complex materials. A conventional scaler was applied to 

human-detectable features, obstacles, objects with different angles, and objects at different distances from the 

collected dataset [27]. For better prediction, the output shows a more condensed and filtered collection of data. 

Experiments were conducted in a variety of indoor locations on the first floor of the University of 

Bologna's School of Engineering's Cesena Campus. First, consideration was given to the fixed measurement, 

which entails maintaining the radar motionless on a rolling wagon at a distance of about 130 cm from the 

earth. The targeted object (d), which was placed 20 cm after the obstructions, was 30, 60, and 90 cm from the 

radar (r). Another potential obstacle was the thickness of the material. Data collection explicitly considers the 

following materials: a crystal frame set at 2 cm, a brick wall set at 15 cm, wooden gates set at 3 and 5 cm, 

and double-glazing set at 10 cm. A more realistic scenario is presented in the second example, where the 

radar was handled at different heights, causing the acquisition to be dynamic via small motions [27]. 

Consequently, the following is a summary of the research strategy: 

Make a dataset of UWB NLOS using the materials of different barriers and the body orientations of 

different victims. 

i) Describe how data normalization impacts the dataset's accuracy. 

ii) Use ICA FE techniques to identify the latent component in the dataset. 

iii) Describe a classifier training approach that increases prediction accuracy by leveraging ensemble 

classification. 

iv) Making categorization suggestions using the ensemble classifier. 

v) Using pertinent literature to compare the outcomes to alternative approaches. 

 

 

4.1.  Methods 

MATLAB was utilized to examine the information gathered from [27] experimentally, and ICA was 

used to extract features. Retrievable characteristics were used for classification utilizing an ensemble 

algorithmic technique. To homogenize collected data, eliminate noisy values and outliers, transform the data, 

and regularize it, the study employs SC. The goal of SC is to transform different eigenvalues into a preset 

range of zeros and ones. By using item scaling, this method makes sure that features are about the same size, 

which makes them more manageable for machine learning algorithms. The SC normalizes elements, by 

removing the median and normalizing the variance to one, achieving unit variance by dividing every 

parameter by the standard deviation. In the case of Gaussian-distributed data, this standardization—also 

known as normalization—is especially helpful since it makes machine learning techniques easier to handle. 

Standardization may have an impact on data outliers since it doesn't have a boundary range, unlike 

normalization. Normalizing data, however, might not always be necessary [28]. 

While learning the feature representation, the ensemble is utilized to animatedly optimize both the 

features and the classifiers. The suggested system consists of modules for FE, classification, result extraction, and 

dataset loading. After normalizing the dataset in the person detection module, the FE unit imports it and runs the 

ICA algorithm on it. The FE module receives the output module and applies FE on its own. The response is 

shown in the outcome module once the classification process using Ensemble has correctly classified it. SC 

feature selection in NLOS data analysis is combined with the FE techniques "ICA" and "ensemble."  

These techniques will be combined and used to develop a model of evaluation measures. The 

article's methodology is as follows. We assessed our results in terms of accuracy, precision, F1-score, and 

sensitivity among others by utilizing ensemble classification, SC data standardization, and ICA FE to 

enhance the effectiveness of classification. 

 

4.2.  Materials 

To enhance the effectiveness of the human presence detection dataset, this study explores the 

application of ensemble classification and ICA for dimensionality reduction of multifaceted NLOS data. The 

training processes used, supervised learning techniques that adhere to the training dataset's organization, 

which normally take designated instances as input. Consequently, for every instance, the class of concern will 
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be determined. this is done by labeling waveform instances as either "person present" or "person absent." 

This allows the last model to categorize further preprocessed harmonics into a particular of the following 

scenarios. To drastically lower the dimensionality of human detection data, this study considers ICA and 

ensemble classification algorithms. An I-J matrix M is used to display two datasets. There is a total of 23,552 

instances in the static situation and 17,408 in the dynamic case. Both situations apply: J=256 (K). To 

determine the overall number of rows generated by combining each pulse set from the data collection 

inquiry, a qualitative analysis was utilized to remove the inaccurate parts (i.e., those with significant 

displacement and low data content) [27], [29]. Data from the Cesena Campus School of Engineering at the 

University of Bologna. Table 1 give a thorough overview of the dataset, including feature sample 

occurrences and sampling characteristics. The specific characteristics of the dataset utilized in this research 

are shown in Table 1. 

 

 

Table 1. Features of the dataset 
Dataset features Description 

Moving radar  23,552 

Stationery radar  17,408 

Observation 256 
Source  University of Bologna's Cesena Campus 

Characteristics Human body alignment, construction materials, rubbles, and sensor distances 

Accessibility Publicly available dataset [27] 

 

 

4.2.1. Dimensionality reduction  

Regarding computational intricacy, machine learning, and statistical evaluation, dimensionality 

reduction techniques are essential methods for overcoming the difficulties presented by large-scale data files. To 

lessen the curse of dimensionality, these methods seek to decrease the number of key variables being examined. 

Dimension reduction is frequently used as a preprocessing step before using unsupervised techniques such as 

clustering algorithms [30]. By removing multicollinearities, dimensionality reduction makes it easier to 

understand how machine learning algorithms read input information, which lowers the computing time and 

space needed, and permits display of data in lower-dimensional environments, like 2D or 3D. 

FE and feature selection are the two primary steps in dimensionality reduction in machine  

learning [31]. To produce a smaller collection of meaningful features, FE entails locating and removing 

related characteristics from high-dimensional data. This procedure eliminates noise and redundancy while 

improving the data's interpretability. In contrast, feature selection entails eliminating superfluous or 

redundant features while selecting a subset of features that best capture the data [32].  

 

4.2.2. Feature extraction  

Huge volumes of unprocessed data are separated into categories that are easier to manage utilizing a 

dimensionality reduction technique termed FE. The fact that these massive data sets have numerous parts that 

require a significant amount of computing power makes them comparable. The phrase "FE" describes 

methods that choose pertinent variables and/or combine them to produce features, which minimizes the 

volume of data that needs to be processed while accurately and fully characterizing the original dataset [33]. 

FE is a creative substitute for feature selection when dealing with diminishing sizes of large-scale data. In a 

lower-dimensional domain, it is referred to as "feature translation or creation." The FE method portrays 

problems in a more usable and discriminating space by changing the starting variable in a space with fewer 

dimensions, which increases the efficiency of further analysis. Linear and non-linear approaches are the two 

main categories of FE algorithms. Linear processes are generally faster, more dependable, and simpler to 

comprehend than non-linear procedures. Complex data structures, or embedments, that linear algorithms 

cannot recognize are detected by non-linear approaches [34]. 

FE is the process of converting a dataset into a more basic form of characteristics so that more latent 

ideal component features can be inferred from it. It offers an open data representation of the associated 

variable for combining linear variables into feature subsets. Moreover, FE is a flexible method that may be 

used in various contexts [35]. This study utilizes ICA to match connected parameters in the system because it 

necessitates an orthogonal transformation with representations of uninterruptedly indistinguishable features. 

 

4.2.3. Independent component analysis  

When ICA was first introduced in the 1980s, it suggested a reinforced instantaneous method. There 

was no theoretical explanation included in that book, and the proposed method was irrelevant in several 

circumstances. But until 1994, when the word "ICA" first appeared and was marketed as a new concept, the 

ICA algorithm was typically unknown [36].  



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 1, February 2026: 493-505 

498 

The goal of ICA is to extract pertinent information or fundamental signals—a collection of 

measured mixture signals—from the data. Source signals were recovered using ICA. When ICA can preserve 

or remove a specific source, it is sometimes seen as a dimensionality reduction procedure. Certain 

information can be eliminated or filtered using this process, which is also known as a filtering operation. 

ICA can identify independent components and improve higher-order metrics like kurtosis. Several 

ICA algorithms exist, such as a FastICA projection pursuit and Infomax [37]. The main goals of using these 

techniques to identify distinct components are to apply the maximum likelihood (ML) estimate approach, 

maximize non-Gaussianity, or minimize mutual information [38]. The steps required to run the ICA program 

from beginning to conclusion are displayed in Algorithm 1. 

 

Algorithm 1. ICA starts 

1: Firstly, K is set to zero.  

2: Ascertaining the distance among the training instances and the input example. 

3: In the third stage, sort the division.  

4: In step four, choose the highest-ranking k-nearest neighbors (KNN).  

5: In step five, use the simple majority.  

6: Use additional neighbors for identifying the loaded sample's subclass label. 

Stop  

 

4.2.4. Classification 

Contemporary advances in data investigation emphasize the state-of-the-art utilization of ranking 

probabilistic models derived from both LOS and NLOS data to classification issues. According to 

Rayavarapu and Mahapatro [39], this method entails improving these representations through the use of an 

integrated framework, which makes it possible to develop efficient classification algorithms. Meanwhile, as 

described by Moro et al. [27] developments in machine learning have sparked the creation of ensemble 

decision tree classification techniques, including boosting, bagging, and random forests. Classification 

algorithms are essential for anticipating obstacles based on patterns of body position in the field of "victim 

detection" studies [40].  

According to Ayyad et al. [41], machine learning is a scientific approach that seeks to improve 

computer learning through experience. In this framework, classification entails creating decision criteria 

according to body orientation and environmental features, which are essential for jobs such as rescue operations. 

This field frequently employs a variety of classifiers, such as decision trees, neural networks, artificial bee 

colonies, bat algorithms, particle swarm optimization, support vector machines (SVM), and KNN. 

 

4.2.5. Ensemble 

To produce incredibly accurate results, ensemble classifiers—like models of random subspaces—

combine disparate sections of training data or different classifier variables. These classifiers are frequently 

used in machine learning, especially in situations where humans must identify themselves behind obstacles in 

both LOS and NLOS domains. Ensemble classifiers make classification judgments efficiently by combining 

the output from various classifiers [41]. 

By merging the results of several classifiers, ensemble techniques—sometimes referred to as 

ensemble methodologies—improve classification performance. In ensemble classification, boosting and 

bootstrap aggregating (bagging) are common techniques. While boosting modifies the weights of training 

instances according to their impact on classifier performance, bagging entails randomly changing the training 

data to produce substitute training cycles. The final classifier is derived from the weighted decisions of 

separate classifiers. 

AdaBoost was developed as a result of the technique shown in [42], which demonstrates the use of 

ensemble learning to apply boosting algorithms in datasets. This iterative method demonstrates 

improvements in ensemble techniques by adjusting weights to enhance classifier performance. Assume that, 

given 𝛿𝑡, anything can be made so that: 

 

𝑍1(𝑖) =  
1

𝑚
: given 𝑍𝑡 and 𝛿𝑡: (1) 

 

𝑍𝑖+𝑖(𝑖) =
𝑍𝑡(𝑖)

𝑍𝑡
× {

𝑒−𝛼𝑡𝑖𝑓𝑦𝑖=𝛿𝑡(𝑥𝑖)

𝑒𝛼𝑡𝑖𝑓𝑦𝑖 ≠ 𝛿𝑡(𝑥𝑖)
 (2) 

 

𝑍𝑖+𝑖(𝑖) =
𝑍𝑡(𝑖)

𝐴𝑡
𝑒𝑥𝑝(−𝛼𝑦𝑖𝛿𝑡(𝑥𝑖)) (3) 
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𝑍𝑡 is the normalization variable in this case, where: 

 

𝛼𝑡 =
1

2
𝑖𝑛 (

1−𝜌𝑡

𝜌𝑡
) (4) 

 

 

5. PERFORMANCE EVALUATION 

To assess the machine learning model's efficacy, a few validation procedures are required. 

Confusion matrices are commonly used in categorization models to examine the four standards true positive 

(TP), true negative (TN), false positive (FP), and false negative (FN). The model dataset supplied to evaluate 

the model identifies the images that were correctly and incorrectly identified. Performance measures and 

their calculation methods are described as follows, whereas Figure 2 shows the data sample containing the 

features of the loaded raw dataset. 

 

 

 
 

Figure 2. Data sample showing contents of the original unprocessed dataset 

 

 

The four metrics that determine the condition in which a model is present are used to evaluate its 

accuracy. Because of this, FP finds the state when it isn't there. The TN product cannot be found whenever 

the state is not present. The FN product does not detect the state if it exists. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (5) 

 

The percentage of accurately identified instances with positive positives is known as sensitivity.  

The definition of sensitivity is as follows.  

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 (𝑅𝑒𝑐𝑎𝑙𝑙) =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (6) 

 

The quantity of properly identified events with negatives is determined by specificity. 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
𝑇𝑁

𝑇𝑁+𝐹𝑃
 (7) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (8) 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =  2 × 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (9) 

 
 

6. APPLICATION 

Human unearthing and finding victims hidden beneath the wreckage is made easier with NLOS data 

processing. The need to locate relevant data is beneficial to the development of several technologies, such as 

the armed forces, intrusion detection, and automated detection, to name a few. Contradictory facts and 

designs can be found by using machine learning technologies. It has good algorithms, which are tools utilized 

in many different industries. Because of its user-friendliness and advantageous programming platform for 

engineers, architects, scholars, and academia, among others, MATLAB is used for experimentation. 

MATLAB is a computer language and multi-worldview mathematical computational environment developed 

by MathWorks. 

It enables the development of user interfaces within several languages, including C, C++, C#, Java, 

Fortran, and Python, as well as the implementation of algorithms, function and data charting, and conceptual 
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model controls. The main focus of this study is the use of collapse structural technology, which makes utilize 

of the MATLAB program and the NLOS database, to anticipate the number of people entrapped underneath 

debris. An iCore3 CPU, 8 GB of RAM, a 64-bit operating system, and MATLAB 2015b as its execution 

tools make up the computer configuration utilized for this study. 

 

 

7. RESULTS AND DISCUSSION 

Both the findings and a commentary on the work are included in this section. The results of the tests 

and their implications for further research will be discussed in this section. The findings not only demonstrate 

the importance of our strategy but also pave the way for additional research in the area. The confusion 

matrix, performance metric table, and bar chart representation are the outcomes. 

 

7.1.  Results 

The experiment is trained, assessed, and evaluated using an ensemble learning technique to 

categorize data and verify its effectiveness in reducing errors in the dataset. The outcomes are assessed using 

performance metrics and computational outcomes. The models are classified using an AdaBoost ensemble 

classifier, which achieves a performance accuracy of 88.00% for static models and 87.20% for dynamic 

models. The outcomes and processes of the results obtained for the two datasets are presented in Figure 3, 

while Figure 4 contains their graphical performance comparison. The ICA FE algorithm is employed to 

retrieve the concealed characteristics from the NLOS data in Table 1. The outcomes are shown in Table 2, 

which creates an output for the performance indicators in Figure 3(a) for static and Figure 3(b) for dynamic 

using the confusion matrix. The gathered attributes are categorized using the ensemble method. 

 

 

  
(a) (b) 

 

Figure 3. The resultant confusion matrix for the (a) static and (b) dynamic dataset ensemble classifications 

 

 

 
 

Figure 4. Performance indicator graph 
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Figure 4 shows the performance metrics for correctly and erroneously classified values, while  

Figure 3 show the datasets that were successfully classified. Numbers and graphs that act as measures for 

particular points of data are used to represent the variables’ values. The relationships among the variables 

that have been categorized are displayed in this graph. Figure 3 display the confusion matrix for the boosted 

ensemble classifier predictions employed in the study. The confusion matrix table, which shows the true, 

false, true negative, and false negative figures, is then utilized to explain how well the prediction approach 

performs given sets of experimental data with verified true values. 

Ensemble classification is utilized to predict performance. The results established the effectiveness 

of data processing when measured data is used. The performance outcomes for the recommended approach 

are shown and related in Table 2. Consequently, the accuracy and other performance metrics of ensemble 

categorization are significantly improved. 

Figure 4 illustrates how ICA FE techniques in conjunction with an SC noise reduction model can 

enhance ensemble classification results. Figure 4 depicts the performance curve for contrasted output 

products. As previously said, Figure 3 and Table 2 presented the investigation and performance assessment 

of the research results. Researchers have suggested several improvements using the performance metrics in 

Figure 4, and the outcomes have demonstrated that using ICA FE techniques and a typical SC dimensionality 

reduction strategy can increase ensemble classifier accuracy. 

 

 

Table 2. Performance metrics of the confusion matrix 
Measurement metrics Static data (%) Dynamic data (%) 

Sensitivity 79.00 83.01 

Specificity 91.00 90.85 

Precision 73.00 88.77 
Negative predictive value 94.00 85.99 

Accuracy 88.00 87.20 

F1-score 76.00 85.79 
Matthew’s correlation coefficient 68.00 74.31 

 

 

7.2.  Discussion 

In this study, the classification of NLOS signal data is examined more comprehensively. Even though 

scientists have proposed a lot of effort, the curse of dimensionality and data noise, especially in NLOS 

settings, make it difficult to accurately identify trapped persons. The curse of dimensionality leads blind areas 

as a result of noise and unconnected values in detections, and this issue has not been fully addressed in 

previous research. This study proposes an enhanced prediction and detection model for trapped human victims 

during disasters, using ICA dimensionality reduction and ensemble classification data mining procedures. The 

information in the figures and tables has validated that dimensionality reduction models with ICA FE 

methods can greatly enhance the results of ensemble classification. Table 2 displays the performance metrics 

graph for comparing the yielded results, revealing that preprocessing techniques can enhance the classifiers' 

predictive abilities.  

Several researchers have studied UWB NLOS signal data classification for human detection using 

machine learning algorithms, aiming to offer a trustworthy method of detection and prediction for trapped 

human victims during disasters. Our study builds on this foundation, showing that the proposed method with 

ICA FE achieves higher accuracy and precision compared to previous methods. Static data evaluation 

outperformed dynamic data evaluation, with static data achieving 88.00% accuracy compared to 87.20% for 

dynamic data. This difference is attributed to the relative simplicity of NLOS detection when the sensor is 

stationary, as opposed to the increased complexity when the sensor is in motion.  

This study suggests that higher dimensionality reduction through ICA does not hinder performance; 

instead, it enhances the classification results by mitigating the effects of noisy and uncorrelated data. This is 

in line with findings from similar studies that highlight the importance of preprocessing techniques in 

improving model performance. However, unlike some previous works, our approach demonstrates a lower 

reliance on extensive training sets, which can be beneficial in real-world disaster scenarios where immediate 

data collection is critical. 

Despite the promising results, this study acknowledges certain limitations. The effectiveness of the 

proposed method in highly dynamic and cluttered environments needs further investigation. Additionally, the 

model’s performance in different types of disasters and varying environmental conditions should be explored 

to ensure robustness and generalizability. 

The findings indicate that ICA-based dimensionality reduction and ensemble classification methods 

are more resilient and effective in NLOS signal data classification [43]. Future research could explore the 

integration of real-time adaptive algorithms that adjust to changing environmental conditions, enhancing the 
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model's applicability in diverse disaster scenarios. Additionally, expanding the dataset with more varied 

NLOS conditions and including data from multiple types of sensors could provide a more comprehensive 

evaluation of the model’s performance [44], [45]. 

This study demonstrates that the proposed ICA-based dimensionality reduction and ensemble 

classification method significantly improves the prediction and detection of trapped human victims during 

disasters. The findings provide conclusive evidence that this approach enhances accuracy and precision, 

particularly in static sensor conditions, and reduces the reliance on extensive training data. This contributes to a 

more effective and efficient SAR operation, ultimately aiding in saving lives during critical disaster situations. 

 

 

8. VALIDATION 

Comparing this work with other related studies, as shown in Table 3, this approach demonstrates 

superior application and accuracy in human localization under NLOS scenarios. Unlike other methods, this 

approach effectively handles both static and dynamic data, leading to better overall performance. Table 2 

encapsulates the performance enhancements achieved by this proposed model across all datasets. The model 

outperforms other approaches specifically, the accuracy for static data improved to 88.00%, surpassing the 

best-performing baselines.  

This significant improvement is attributed to the effective integration of dimensionality reduction 

and hybridization techniques, which refine localization relevance and accuracy. By leveraging ensemble 

learning and noise reduction, this model demonstrates a robust ability to handle complex NLOS conditions. 

The ensemble learning approach, combined with noise reduction techniques, ensures that this model not only 

achieves higher accuracy but also maintains consistency across various datasets, both static and dynamic. 

 

 

Table 3. Comparative approaches 
Methods Accuracy (%) 

KNN [46] 85.00 
SVM+autoencoder [47] 86.98 

CNN+stacked-LSTM [48] 82.14 

Proposed method 88.00 

 

 

9. CONCLUSION 

This study analyzed and improved the classification of the NLOS human detection dataset. Data 

analysis in this research provides substantial and worthwhile advantages to the scientists and engineers, and 

the development of technology has greatly aided in the evolution of the issues of SAR operations. Human 

detection dataset prediction and reduction of dimensionality and classification techniques are examples of 

comparable technologies. These technological advancements have significantly contributed to the evolution 

of the problems of related applications, including the reduction of dimensionality and classification 

approaches. It is a serious issue because of the data's curse of dimensionality bound. A number of approaches 

have been put out to advance the technology and anticipate and identify trapped victims that are taken from 

samples; these difficulties have been resolved by reducing dimensionality. However, additional research must 

be done. Recently, several techniques have also been employed to categorize and predict UWB NLOS human 

detection signal data expression results. Nevertheless, the static ICA ensemble (88.00%) outperformed the 

dynamic ICA ensemble (87.20%) based approach by utilizing SC with ICA to carry out a dimensionality 

reduction approach with ICA for static and SC with ICA for dynamic datasets. The algorithms were applied 

discretely, and their performance on the ensemble classification model was evaluated. This work aims to 

provide a way to reduce the number of variables while maintaining informative ones for improved prediction, 

which engineers can use to make decisions. This work used NLOS human detection data to suggest a phased 

increase in dimensionality and prediction technique. A superior performance measure was obtained by 

retrieving relevant features. In order to determine the appropriate categorization of the NLOS's  

human-detecting expression data, future research suggests applying hybrid dimensionality reduction 

techniques to other classifiers, such as deep learning.  
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