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Abstract: The research proposes a data-centric intelligent design in signal enhancement, noise 
filtering and predictive modeling to overcome the shortcomings of the traditional model-centric 
research designs. The model combines both the complex signal processing algorithms the Wavelet 
Transform and Kalman Filter, with the deep learning algorithms Convolutional Neural Networks 
(CNN) and Long Short-Term Memory (LSTM) networks. The main goal is to enhance quality of 
data before being subject to predictive analysis to improve overall performance of the system. The 
results of the experiment show that significant improvements were made, where the signal-to-noise 
ratio (SNR) had increased on the range of 12 dB to 32 dB and mean squared error (MSE) had 
decreased on the range of 0.020 - 0.006. The proposed framework had a high prediction accuracy 
of 97.8% that was higher when compared to traditional machine learning models and other hybrid 
methods. As well, the success rate of feature extraction rose up to 96.2% which proves the effective 
integration of deep learning. The comparative analysis with similar work further confirms that the 
proposed system is better, in terms of noise reduction, prediction accuracy, and robustness 
compared to similar work. The trade-off has slightly increased the computational cost, but 
produced a more reliable and scalable solution. The result that has been achieved in this study is 
the significance of data centric approach in the development of the intelligent systems within the 
real world situations like the healthcare, IoT and smart environments. 
Keywords: Data-Centric AI, Signal Enhancement, Noise Filtering, Predictive Modeling, Deep 
Learning 
 
I. INTRODUCTION 
The fast increasing data driven technologies of recent years have had a significant impact in the 
area of signal processing allowing the creation of more accurate, efficient and intelligent systems. 
Traditional signal processing methods are mainly model based, and involve the application of 
previously defined mathematical models in analyzing and manipulating signals [1]. Nonetheless, 
these methods tend to be lacking in the ability to deal with complicated, noisy and high-
dimensional data generated by the new applications of healthcare monitoring, smart cities, 
telecommunications and industrial automation. It has also resulted in the development of data-
centric intelligent frameworks, which focus on enhancing the quality of the data, and optimizing 
the performance of advanced learning algorithms [2]. One of the most important preprocessing 
steps in any signal-based system is signal enhancement and noise filtering since real-world data is 
usually marred by a number of noise and signal distortions that need to be filtered out. Signal 
quality may contribute greatly to reducing the quality of the downstream tasks, especially the 
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predictive modeling. Simple noise suppressing filters, including finite impulse response (FIR) and 
infinite impulse response (IIR) filters, are found to offer a simple filtering method, but can fail in 
a highly dynamic or non-linear environment [3]. To overcome these limitations, the current 
approaches include using machine learning and deep learning algorithms, which make the method 
adapt to the situation, optimizing the improvement of individual signals. 
Moreover, predictive modeling has become a significant contributor in converting processed data 
into meaningful actions. With the help of algorithms like support vector machine, random forests, 
and deep learning neural networks, it is possible to predict future trends, identify anomalies and 
make decisions. But taking into account the very nature of predictive models which rely heavily 
on the availability of certain data as input, there appears to be a necessity for combining data 
processing and predicting into one coherent model. The aim of the present research is to establish 
an intelligent data-based framework by combining data enhancement, filtering and predictive 
representation in one model. With the focus on the quality of data and utilization of contemporary 
artificial intelligence technologies, it is possible to achieve greater efficiency of the system. 
 
II. RELATED WORKS 
Recent progress in artificial intelligence, data-centric applications, and signal processing have had 
a profound effect on the creation of intelligent systems to predict, filter and enhance the data. The 
literature is growing that raises concerns about the combinations of deep learning, big data 
analytics, and adaptive algorithms to enhance system performance in many areas. Deep Learning 
in e-Commerce: Recent Advances in Prediction, Personalization and Decision Intelligence 
provides an insight into how deep learning methods are being used to enhance the accuracy of 
predictions and personalization of users in dynamic environments and to improve the performance 
of intelligent decision-making. Their work is to promote the value of high-quality data and 
adaptive models of learning and it follows the guidelines of data-centric principles [15]. On the 
same note, Systematic literature review of multi-objective hyper-heuristics: a human-in-the-loop 
large language model methodology explores how to optimize a given problem using human-in-
the-loop systems with the relative importance of intelligent data processing and adaptive 
algorithms [16]. In signal processing and human-centered applications, emotion recognition with 
error analysis and challenges based on brain computer interface: an interdisciplinary review shall 
include insight on noise-sensitive applications such as brain-computer interface where accuracy in 
signal enhancement and noise filtering is very much essential as far as reliable performance is 
concerned [17]. This is in accordance with the requirement of strong preprocessing methods of 
noisy backgrounds. More so, the article Quantum-Enhanced Edge Intelligence Leveraging Large 
Language Models: Survey, Challenges, and Open Issues [18] discusses the application of 
sophisticated AI models to the communication systems in the context of making space, aerial, and 
ground communications immersive (i.e., lifelike). 
The significance of predictive modeling and quality of data are also emphasised in applications of 
AI to financial systems. Review of Artificial Intelligence to Finance Fraud Detection: examines 
AI fraud detection methods showing that high-quality data with no noise will greatly enhance fraud 
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detection [19]. On the same note, Deep Reinforcement Learning of Financial Trading: Enhanced 
by Cluster Embedding and Zero-Shot Prediction introduces powerful predictive models in terms 
of reinforcement learning alongside the significance of feature extraction and temporal modeling 
[20]. A further period is discussed in terms of Big Data Management and Quality Evaluation in 
the Implementation of AI Technologies in Smart Manufacturing where the authors observe that 
data-centric solutions are the files in the successful implementation of AI in manufacturing 
industries [21]. In predictive maintenance, A Critical Review of AI-Based Battery Remaining 
Useful Life Prediction for Energy Storage Systems, and Stacked temporal deep learning predictors 
of early-stage battery degradation in lithium-metal batteries indicate the effectiveness of temporal 
deep learning models, including LSTM, in predicting the time-varying patterns of degradation in 
lithium-metal batteries [22][26]. Further, Predictive digital twin of wind energy systems: a 
literature review discusses how energy systems benefit in terms of predictive modeling with real-
time data processing and signal enhancement [23]. In the biotechnological realm, AI-Driven 
Enzyme Engineering: Emerging Models and Next-Generation Biotechnological Applications talks 
about AI-driven modeling ways, which reiterate the significance of the proper preprocessing of 
data [24]. There are also publications such as Recent Advances for Generative AI-Enabled 
Unmanned Aerial Vehicle Systems and Applicable Technologies that underpin the importance of 
AI in UAV systems and that signal processing and predictive intelligence is key to autonomous 
operations [25]. 
Altogether, the literature review indicates the current trend of great advancements in AI-driven 
prediction, and signal processing. Nonetheless, the last third of the literature examines the 
applications of individual aspects like prediction, and signal filtering. It is evident that there is still 
a research gap in integrating data-centric signal enhancement, noise filter, and predictive model 
into a single intelligent framework, which is the focus of the current research. 
 
III. METHODS AND MATERIALS 
This research uses a data-rich system of design and tests an intelligent framework of signal 
enhancement, noise filtration and predictive modeling. This methodology combines techniques of 
preprocessing structured data, state-of-the-art filtering techniques, and machine learning-based 
prediction models [4]. 
Data Description 
The data that we will use in this study is time-series signals recorded in stimulated sensor 
environments and repositories offered publicly. The signals are real life conditions like biomedical 
signals (e.g., ECG), sensor readings (e.g., weather sensor) and communication signals. In each 
dataset, clean and noise contaminated signals are given, giving an opportunity to compare and 
contrast both clean and noise contaminated signals [5]. Types of noise require a great degree of 
integrity and would be evaluated as a robustness of assessment: the noise is of types: Gaussian 
noise, impulse noise or random interference which is evaluated as integrity of assessment. The 
data set is split into training subsets (70%), validation (15%), and testing (15%) subsets [6]. The 
signal amplitude, frequency content, and the timestamp value, as well as the levels of noise are 
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key indicators. Preprocessing which includes normalizing data, its segmentation and extraction of 
features are also done prior to feeding the data into the framework. 
Algorithms Used 
1. Wavelet Transform (WT) for Noise Filtering 
Wavelet Transform is an effective signal processing method that is applied in the analysis of multi-
resolution. It breaks down signals into various frequency components allowing effective isolation 
of noise as opposed to useful signal information. In the paper, the discrete wavelet transform 
(DWT) will be used to determine and remove the high-frequency noise and retain the properties 
of the signal. Soft and hard thresholding are thresholding techniques used to eradicate noise 
coefficients [7]. The non-stationary characteristics of WT are especially important to non-
stationary signals, like biomedical or sensor data. It has a huge enhancement in signal-to-noise 
ratio (SNR) as well as overall signal clarity before any further processing. 

“Input: Noisy Signal S 
Output: Denoised Signal D 
 
Decompose S using wavelet transform 
Apply threshold to wavelet coefficients 
Remove noise coefficients 
Reconstruct signal using inverse 
transform 
Return D” 
 

2. Kalman Filter (KF) for Signal Enhancement 
Kalman Filter is an adaptive recursive algorithm which provides the estimation of the state of a 
dynamic system based on the noisy observations. It forecasts the future of the signal and corrects 
it based on the measurements. In this study KF is used in order to flatten out the noisy signals and 
improve the quality of these signals. It is run in two stages: prediction, and update processes that 
create more precisely estimated values [8]. The algorithm is very effective in processing in real 
time and also with linear systems with dynamic behaviour. Its capability to reduce the mean square 
error contributes to it being the best candidate to enhance the accuracy of the signal in a time-series 
data application. 

“Input: Noisy Signal S 
Output: Enhanced Signal E 
 
Initialize state and covariance 
For each time step: 
    Predict next state 
    Compute Kalman gain 
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    Update estimate using measurement 
Return E” 
 

3. Convolutional Neural Network (CNN) for Feature Extraction 
CNN is a deep learning algorithm that is extensively employed to extract automatic features of 
structured data with a high degree of accuracy. This study uses CNN to acquire knowledge about 
spatial and temporal patterns of processed signals. The model comprises convolutional layers, 
pooling layers and fully connected layers, which allow hierarchical learning of features [9]. CNN 
is able to capture the local dependencies, and lessen manual feature engineering. It enhances 
representation learning to such complex signals like ECG and IoT sensor data. CNN improves the 
performance of a task of subsequent predictive modeling, by extracting meaningful features. 

“Input: Processed Signal Data 
Output: Feature Map 
 
Apply convolution layers 
Apply activation function (ReLU) 
Perform pooling operation 
Flatten feature maps 
Pass through fully connected layers 
Return extracted features” 
 

4. Long Short-Term Memory (LSTM) for Predictive Modeling 
LSTM is an instance of recurrent neural network (RNN) that is intended to analyze sequential data. 
It addresses the shortcomings of the traditional RNNs, by solving the vanishing gradient problem. 
In the study, LSTM is employed in order to learn the temporal variations and forecast how the 
signal will behave in the future [10]. The memory cells and the gating mechanisms are used to 
store long-term information in the network. Time-series forecasting, detecting anomalies and 
predicting trends are particular areas where LSTM can be used effectively. With optimized and 
filtered signals, it provides high prediction accuracy, and high robustness in dynamic 
environments. 

“Input: Sequential Signal Data 
Output: Predicted Values 
 
Initialize LSTM network 
For each time step: 
    Update cell state 
    Apply input, forget, output gates 
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Generate output sequence 
Return prediction” 
 

Table 1: Dataset Characteristics 

Parameter Value 

Total Samples 10,000 

Signal Types ECG, Sensor, Audio 

Noise Types Gaussian, Impulse 

Sampling Frequency 500 Hz 

Training Data 70% 

Validation Data 15% 

Testing Data 15% 

Average SNR (Before) 12 dB 

Average SNR (After) 28 dB 

Table 2: Algorithm Performance Comparison 

Algorithm Accuracy (%) SNR 
Improvement 
(dB) 

MSE Processing 
Time (ms) 

Wavelet 
Transform 

92.5 14 0.015 25 

Kalman Filter 90.2 12 0.020 20 

CNN 94.8 — 0.010 45 
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LSTM 96.3 — 0.008 60 

IV. RESULTS AND ANALYSIS 
In this section, a thorough review of the proposed data-centric intelligent signal enhancement, 
noise removal and prediction model is given. The experiments will be aimed at measuring the 
effectiveness of the integrated approach in terms of improving the signal quality and prediction 
accuracy as compared to the conventional methods and the associated work [11]. 

 
Figure 1: “Signal data analysis, engineering processing and AI-based model building flow.” 
The experiments were run with the simulated and benchmark time-series data which included ECG 
signals, environmental sensor data and communication signals. The implementation was executed 
on the basis of Python based models like Tensorflow and Scikit-learn in a system equipped with 
INTel i7 processor, 16GB RAM and graphics accelerated platform [12]. 
The assessment is subjected to three key areas: 

● Signal Enhancement Performance 
● Noise Reduction Efficiency 
● Predictive Modeling Accuracy 

Performance metrics used include: 
● Signal-to-Noise Ratio (SNR) 
● Mean Squared Error (MSE) 
● Accuracy (%) 
● Precision, Recall, and F1-score 
● Computational Time 

Experiment 1: Signal Enhancement and Noise Filtering 
The experiment compares the abilities of Wavelet Transform and Kalman Filter in enhancing the 
quality of a signal. 
Table 1: Signal Quality Improvement 

Method SNR Before 
(dB) 

SNR After 
(dB) 

Improvement 
(dB) 

MSE 
Reduction 

No Filtering 12 12 0 0 
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Kalman Filter 12 24 12 0.020 → 0.011 

Wavelet Transform 12 28 16 0.020 → 0.008 

Proposed 
Framework 

12 32 20 0.020 → 0.005 

Analysis 
The findings indicate that the proposed structure gives the best result in SNR (20 dB), as compared 
to separate methods of filtering. A combination of Wavelet Transform and Kalman filter provides 
a better clearness of the signals and less reconstruction error [13]. 
Experiment 2: Feature Extraction Efficiency 
This experiment assesses the level of effectiveness of CNN to extract meaningful features off the 
augmented signals. 
Table 2: Feature Extraction Performance 

Method Feature Accuracy (%) Feature Loss Processing Time (ms) 

Manual Features 82.4 0.045 15 

PCA 85.7 0.032 20 

CNN 94.8 0.010 45 

Proposed Model 96.2 0.008 48 

Analysis 
The extraction of features based on CNN is very effective compared to other traditional features 
extraction methods like PCA and manual process of feature extraction. The suggested model can 
also enhance performance as it brings in improvements in signals, leading to greater accuracy and 
lower loss of the feature [14]. 
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Figure 2: “Rethinking deep learning in bioimaging through a data centric lens” 
Experiment 3: Predictive Modeling Performance 
In this experiment, the prediction ability of LSTM is compared with the traditional machine 
learning models. 
Table 3: Prediction Performance Comparison 

Model Accuracy (%) Precision Recall F1-Score MSE 

SVM 88.2 0.86 0.85 0.85 0.018 

Random Forest 90.5 0.89 0.88 0.88 0.015 

LSTM 96.3 0.95 0.96 0.95 0.008 

Proposed Framework 97.8 0.97 0.97 0.97 0.006 

Analysis: The LSTM model is superior in terms of performance as it has the capability of capturing 
the temporal dependencies. The proposed framework has the best accuracy (97.8%), which attests 
to the significance of integrating signal enhancement methods and predictive modelling [27]. 
Experiment 4: Computational Efficiency 
The computational cost of various methods is studied in this experiment. 
Table 4: Computational Performance 

Method Processing Time (ms) Memory Usage (MB) Efficiency Score 

Traditional Methods 30 120 75 

CNN Only 45 200 82 
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LSTM Only 60 250 80 

Proposed Framework 70 280 88 

Analysis: The proposed framework may require a bit more computational resources, but it 
provides a better performance and efficiency. The sacrifice between computing and accuracy is 
justified by having drastically improved results. 

 
Figure 3: “Systematic review of data-centric approaches in artificial intelligence and machine 
learning” 
Experiment 5: Comparison with Related Work 
This experiment comparatively fits the proposed framework and contemporary methods of 
research. 
Table 5: Comparison with Related Work 

Study / Method SNR (dB) Accuracy (%) MSE Key Limitation 

Traditional Filtering 
Methods 

22 85.0 0.020 Limited 
adaptability 

ML-Based Signal 
Processing 

26 90.2 0.015 Separate 
processing stages 

DL-Based Prediction 
Models 

28 93.5 0.010 No data-centric 
focus 

Hybrid Models (Recent 
Work) 

30 95.1 0.008 High complexity 
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Proposed Framework 32 97.8 0.006 Slightly higher 
computation 

Comparison with Related Work (Discussion Points) 
1. Integrated vs Isolated Approach: Current approaches tend to consider signal processing 

and prediction individually. Contrarily, the suggested framework incorporates both of the 
processes, which lead to improved performance [28]. 

2. Data-Centric Advantage: This type of research, as opposed to model centric model 
approaches, is characterized by a focus on the enhancement of the quality of the data prior 
to prediction, which results in increased accuracy. 

3. Enhanced Noise Handling: The integration of Both Wavelet Transform and Kalman filter 
will give it an enhanced noisy handling when compared to single mode techniques [29]. 

4. Improved Predictive Accuracy: When LSTM is used on improved signals, it can be used 
to achieve much better predictive accuracy, compared to traditional ML models. 

5. Balanced Performance: There are some hybrid models that can give similar performance 
but they are not efficient or scaled. The suggested framework presents an equalized 
solution [40]. 

Overall Results Summary 
The results of this experiment clearly show that the proposed data-centric intelligent framework 
outperforms traditional and existing solutions in all metrics of the evaluation. 

● There is a great increase in signal quality (SNR has increased to 32 dB). 
● Decreased error rates (MSE has decreased to 0.006) 
● Good predictive accuracy (as high as 97.8%). 
● Strong behavior based on a variety of signals and noise levels. 

 
Figure 4: “Systematic review of data-centric approaches in artificial intelligence and machine 
learning” 
Conclusion of Experiments 
The experiments confirm the effectiveness of the combination of signal enhancement, noise 
filtering and predictive modeling, in a single data-centric framework. With the emphasis on data 
quality and working with cutting-edge AI methods, the proposed system will be characterized by 
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the high-level of accuracy, reliability, and robustness. Such findings prove its aptness in practical 
application in real-world scenarios like healthcare monitoring, IoT systems, and intelligent 
communication networks. 
V. CONCLUSION 
This study proposed a data-based intelligent signal enhancement and noise elimination and 
predictive model as an extension of important limitations of traditional model-centric methods. 
The proposed framework incorporates advanced features like Wavelet Transform and Kalman 
Filter to effectively reduce noise and enhance signals, and then use the feature as an input into the 
deep learning model, such as CNN and LSTM. The experimental results showed that the ratio of 
signal-to-noise improved significantly, the mean square error decreased, and the predictive 
accuracy were much better than conventional and existing means. The work underlines the fact 
that the quality of input data has a direct effect on the predictive model performance, which 
confirms the significance of the approach based on information about data. The framework was 
also found to work well under various started types of signals and noise conditions, which made it 
applicable into practice in a wide range of applications, such as healthcare monitoring, smart 
systems and industrial analytics. Though the proposed model needs a little increase in the 
calculation resources, the resulting performance gain is worth the sacrifice. On the whole, the 
research provides a single and effective approach that will help close the gap between signal-
processing and intelligent-prediction and offer a scalable platform to build upon future 
developments in the field of AI-driven data systems. 
REFERENCE 

[1]     Alharbi, S.K. 2026, "Advancing Identification of Transformation Products and 
Predicting Their Environmental Fate: The Current State of Machine Learning and 
Artificial Intelligence in Antibiotic Photolysis", Applied Sciences, vol. 16, no. 1, pp. 
267. 

[2]     Asim, M., Ateya, A.A., Mudasir, A.W., Ali, G., ElAffendi, M., Abd El-Latif, A.,A. 
& Siyal, R. 2026, "A Comprehensive Survey on Blockchain-Enabled Techniques and 
Federated Learning for Secure 5G/6G Networks: Challenges, Opportunities, and 
Future Directions", Computers, Materials, & Continua, vol. 86, no. 3. 

[3]     Barrios-González Mateo, Aguiar-Pérez, J.M., Pérez-Juárez, M.Á. & Castañeda-de-
Benito, E. 2026, "Redefining Cyber Threat Intelligence with Artificial Intelligence: 
From Data Processing to Predictive Insights and Human–AI Collaboration", Applied 
Sciences, vol. 16, no. 3, pp. 1668. 

[4]     Bimonte, S., Bellocchi, G., Pinet, F., Chalhoub, G., Sakr, M. & Skrzypczyński, P. 
2025, "Data engineering for sustainable agriculture: developments, challenges, and 
case studies of a novel IoRT architecture", Journal of Big Data, vol. 12, no. 1, pp. 195. 

[5]     Bowen, D., Jinliang, G., Huizhe, C. & Shiyuan, H. 2025, "Energy-Efficient 
Management of Urban Water Distribution Networks Under Hydraulic Anomalies: A 
Review of Technologies and Challenges", Energies, vol. 18, no. 11, pp. 2877. 



 

 2519 

[6]     Chen, X., Huansen, W., Hang, G., Liu, Y., Zhaoma, P., Song, Q., Huafeng, Q. & 
Jiang, Y. 2026, "Prior-Knowledge-Guided Missing Data Imputation for Bridge Cracks: 
A Temperature-Driven SP-VMD-CNN-GRU Framework", Buildings, vol. 16, no. 3, 
pp. 669. 

[7]     Chukwudi, O.F., Nneoma, U.C. & Paul-Chima, U. 2025, "A narrative review of 
power allocation strategies and successive interference cancellation enhancement in 
NOMA based 5G and future wireless networks", Discover Internet of Things, vol. 5, 
no. 1, pp. 109. 

[8]     de Souza Jr, F.G., Aliaga Jr. José Maria, Duarte Jr. Paulo C., Shirley, C., Delfino, C., 
Brandão Daniele & Silva Fernando, Z.e. 2025, "From Semantic Modeling to Precision 
Radiotherapy: An AI Framework Linking Radiobiology, Oncology, and Public Health 
Integration", Biomedicines, vol. 13, no. 12, pp. 2862. 

[9]     Esperança Marco, Diogo, F., Paixão, P.,V., Marcos, T.A., Martins, R.A. & Ferreira, 
J.C. 2025, "Proactive Complaint Management in Public Sector Informatics Using AI: 
A Semantic Pattern Recognition Framework", Applied Sciences, vol. 15, no. 12, pp. 
6673. 

[10]   Fahim, S. 2025, "Beyond the Sensor: A Systematic Review of AI’s Role in Next-
Generation Machine Health Monitoring", Applied Sciences, vol. 15, no. 19, pp. 10494. 

[11]   Fang, L., Yu, X., Cai, J., Chen, Y., Wu, S., Liu, Z., Yang, Z., Lu, H., Gong, X., Liu, 
Y., Ma, T., Ruan, W., Abbasi, A., Zhang, J., Wang, T., Latif, E., Liu, W., Zhang, W., 
Kolouri, S., Zhai, X., Zhu, D., Zhong, W., Liu, T. & Ma, P. 2026, "Knowledge 
distillation and dataset distillation of large language models: emerging trends, 
challenges, and future directions", The Artificial Intelligence Review, vol. 59, no. 1, pp. 
17. 

[12]   Fangzhong, C., Yang, C. & Rong, D. 2026, "The Evolution of Visualization 
Technologies in Healthcare: A Bibliometric Analysis of Studies Published from 1994 
to 2025", Information, vol. 17, no. 3, pp. 281. 

[13]   Fu, S. & Avdelidis, N.P. 2023, "Prognostic and Health Management of Critical 
Aircraft Systems and Components: An Overview", Sensors, vol. 23, no. 19, pp. 8124. 

[14]   Georgiana-Iulia, L., Cristian, L. & Ovidiu-Constantin, B. 2026, "The Role of AI in 
Revolutionising Cryptocurrency Trading", Electronics, vol. 15, no. 4, pp. 742. 

[15]   Georgios, K., Stefani, A., Vasilios, V. & Sotiris, K. 2026, "Deep Learning for e-
Commerce: Recent Developments in Prediction, Personalization and Decision 
Intelligence", Applied Sciences, vol. 16, no. 5, pp. 2263. 

[16]   Ghanbarzadeh, R., Ahadi Akhlaghi, I., Ghafarian Gholamhossein, M., Najeeb Khan, 
M. & Mirjalili, S. 2026, "Systematic literature review of multi-objective hyper-
heuristics: a human-in-the-loop large language model methodology", The Artificial 
Intelligence Review, vol. 59, no. 5, pp. 131. 



 

 2520 

[17]   Gudikandula, N., Janapati, R., Sengupta, R. & Chintala, S. 2025, "Brain computer 
interface based emotion recognition with error analysis and challenges: an 
interdisciplinary review", SN Applied Sciences, vol. 7, no. 8, pp. 857. 

[18]   Gupta, A. & Ajmery, S. 2026, "Quantum-Enhanced Edge Intelligence Leveraging 
Large Language Models for Immersive Space–Aerial–Ground Communications: 
Survey, Challenges, and Open Issues", Sensors, vol. 26, no. 4, pp. 1181. 

[19]   Haiquan, Y., Zarina, S. & Shahnorbanun, S. 2026, "A Review of Artificial 
Intelligence for Financial Fraud Detection", Applied Sciences, vol. 16, no. 4, pp. 1931. 

[20]   Haoran, Z., Li, X., Tianjiao, W. & Du, J. 2026, "Deep Reinforcement Learning for 
Financial Trading: Enhanced by Cluster Embedding and Zero-Shot Prediction", 
Symmetry, vol. 18, no. 1, pp. 112. 

[21]   Hramov, A.E. & Pisarchik, A.N. 2025, "Big Data Management and Quality 
Evaluation for the Implementation of AI Technologies in Smart Manufacturing", 
Applied Sciences, vol. 15, no. 22, pp. 11905. 

[22]   Jawad, W.K. & Al-Haddad, L. 2025, "Stacked temporal deep learning for early-stage 
degradation forecasting in lithium-metal batteries", Discover Artificial Intelligence, 
vol. 5, no. 1, pp. 295. 

[23]   Kandemir, E., Hasan, A., Kvamsdal, T. & Abdel-Afou Alaliyat, S. 2024, "Predictive 
digital twin for wind energy systems: a literature review", Energy Informatics, vol. 7, 
no. 1, pp. 68. 

[24]   Khan, M.F. & Khan, M.T. 2025, "AI-Driven Enzyme Engineering: Emerging Models 
and Next-Generation Biotechnological Applications", Molecules, vol. 31, no. 1, pp. 45. 

[25]   Kim, H. 2026, "Recent Advances for Generative AI-Enabled Unmanned Aerial 
Vehicle Systems and Applicable Technologies", Drones, vol. 10, no. 4, pp. 292. 

[26]   Kuo, Y., Wang, S., Zhou, L., Fernandez, C. & Frede, B. 2025, "A Critical Review of 
AI-Based Battery Remaining Useful Life Prediction for Energy Storage Systems", 
Batteries, vol. 11, no. 10, pp. 376. 

[27]   Li, X., Tao, J., Wang, Y., Gao, B., Ai, J. & Zhu, M. 2026, "Cloud-Edge-End 
Collaborative", Computers, Materials, & Continua, vol. 87, no. 2, pp. 0. 

[28]   Michailidis, E.T., Antigoni, P. & Papadakis, A. 2025, "A Review of OBD-II-Based 
Machine Learning Applications for Sustainable, Efficient, Secure, and Safe Vehicle 
Driving", Sensors, vol. 25, no. 13, pp. 4057. 

[29]   Mina, T., Zin, A.M., Panagiotis, L., Christos, P., Amin, N. & Evangelos, B. 2025, 
"Ship Manoeuvring Research 2010–2025: From Hydrodynamics and Control to Digital 
Twins, AI and MASS", Journal of Marine Science and Engineering, vol. 13, no. 12, 
pp. 2322. 

[30]   Nagendra, J., Prashanth, K.S., Veerabhadrappa, K., Bopanna, K.D., Vinutha, M., 
Naresh, E. & Bandhu, D. 2025, "AI-powered predictive framework for crack detection 
in steel–copper laser welding", Scientific Reports (Nature Publisher Group), vol. 15, 
no. 1, pp. 45344. 


