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1. Introduction 

Abstract 
Learning from real-world data is challenging because sparse observations, stochastic noise, and uncertainty often reduce the 
reliability and predictive capability of conventional machine learning models. Existing approaches mainly focus on either noise 
mitigation or sparse data handling and often fail to simultaneously model aleatoric and epistemic uncertainties, thereby leading to 
unstable predictions in uncertain environments. To address this limitation, this research proposes an uncertainty-aware learning 
framework based on a Chaotic Dragonfly Algorithm-driven Efficient Deep Neural Network (CDA-EDNN) for accurate prediction in 
sparse and noisy data environments. Research utilizes the Uncertainty Sparse Noisy Signal Dataset, containing signal 
characteristics associated with noise, sparsity, uncertainty, and prediction quality. Data preprocessing is performed using Min-Max 
Normalization to scale feature values and reduce magnitude variations. Subsequently, Independent Component Analysis (ICA) is 
employed for feature extraction to separate latent source signals and enhance signal representation. The CDA optimizes network 
parameters, while the EDNN learns robust feature patterns under uncertainty conditions. Experimental results demonstrate that 
the proposed model achieves superior stability with an Area under the Precision-Recall Curve (AUPRC) of 0.96, an accuracy of 0.98, 
and an F1-Score of 0.97 compared to standalone machine learning and traditional interpolation methods. The model is 
implemented using Python 3.10, TensorFlow 2.x, NumPy, Pandas, and Matplotlib on a Graphics Processing Unit (GPU)-enabled 
computing platform. Overall, the proposed CDA-EDNN framework provides a scalable and reliable solution for prediction tasks 
involving sparse, noisy, and uncertain data. 
 
Keywords: Uncertainty Learning, Sparse Data, Noisy Data, Sparsity, Deep Neural Network (EDNN), Chaotic Dragonfly Algorithm 
(CDA). 
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The problem of data sparsity is an ongoing issue in similarity-based algorithms especially within the current 
age of technology when only few observations are common. Within the context of sparse data, estimation of 
similarities is not effective as well as reliable for making predictions [1]. Current applications, including social 
media and electronic commerce, constantly create huge amounts of data streams in mini-batch form, leading to 
huge and sparse data [2]. In light of the development of the digital economy, the collection of data takes place 
at a much faster pace, thus requiring effective management, processing, and analysis of such sparse data. In 
addition to this, the occurrence of redundancies in web data makes it hard for users to search for information 
[3]. The fact that noise probability distributions are randomly occurring, as well as that they lack a sparse 
representation, makes them extremely hard to model using the sparse domain method [4]. As such, sparse 
regularization techniques are extensively used to remove noise from signals. Uncertainty-sensitive machine 
learning methods are extended to different applications, where they surpass traditional methods in small data 
set cases, especially for meteorology and climatology, materials science, biomedical engineering, and 
economics. Time series generators generally consider noisy inputs to be uniformly distributed in time, thus 
obtaining regular time series [5, 6]. In any case, irregularities can be observed within uncertain systems because 
of problems with sensors, communication latencies, and inaccurate measurements. Irregularities cause 
uncertainty in the sampling phase, thus reducing the quality of the state space representation. In this regard, 
models become very sensitive to observational errors, negatively impacting performance during the inference 
and forecast phases. Empirical Mode Decomposition (EMD) is a method that enables addressing these problems 
and improves the representation under observation noise and sparsity [7, 8]. 
 
Research Aim: The objective of this research is the designs of an uncertainty-based learning model that can 
predict accurately even in cases where the data environment is sparse and noisy. In particular, the research 
seeks to utilize the new Chaotic Dragonfly Algorithm-based Efficient Deep Neural Network (CDA-EDNN). 
 
Research Organization: Research is divided into five parts. Section 1 introduces the research intro with 
background on learning from sparse and noisy data. Section 2 highlights previous work related to uncertainty 
learning and robust machine learning models. The proposed methodology is presented in Section 3 focuses 
with the CDA-EDNN model. Experimental results and performance evaluation based on metrics such as MSE, 
and R2 values are discussed in Section 4. Finally, conclusions are discussed in section 5. 
 

2. Related work 
The prediction of a pivotal part in Intelligent Transportation Systems (ITS) for reducing the level of noise was 
investigated in [9] using the Bayesian Neural Network (BNN) method for noise prediction. The outcome 
revealed that there is improvement while having different levels of data availability, such as having less available 
data (90%, 50%, and 10%), together with aleatoric uncertainty learning, baseline conditions, and consistent 
gains under the limitations of noisy data. The application of a machine learning model in predicting spare 
demand in end-of-life products was analyzed in [10]. Using the Decay-Function-Blended Machine Learning 
(DFB-ML) in predicting maintenance activities and end-of-life stock requirements resulted in a Root Mean 
Square Error (RMSE) value of 741.39, which indicates high predictive performance even for low and irregular 
demands, and there is a limitation in dropout modeling and sparse data availability. Addressing the issues of 
data sparsity in processing data scarcity and missing values patterns was considered by [11]. It indicates that 
Graph Attention Network (GAT) can efficiently calculate data weight, reaching up to a level of 0.892 in predicting 
noise data, and there are constraints regarding the complexity of data and missing patterns. Finding out the 
Ordinary Differential Equations (ODEs) from the data via sparse data regression using the least amount of noise 
in the dataset was considered in [12]. Using the Sparse Identification of Nonlinear Dynamics (SINDy) in 
discovering interpretable models, the preliminary hard-thresholding process of SINDy by default discarded the 
actual dynamic terms of the system. This model is difficult when dealing with high-dimensional systems with 
multicollinearity in the design matrix. A model for recovering time-series dynamics from sparse data by using 
uncertainty learning for data augmentation was discussed in [13]. Applying the Gaussian model in predicting 
the noisy data results in highly accurate predictions. However, due to the sparsity of the data and error 
propagation, the method fails to accurately predict long-term time-series data. The improvement in trajectory 
reconstruction based on sparse data and noisy Global Positioning System (GPS) data for improving noise 
prediction was developed in [14]. With the help of the ProChunkFormer model, an effective model for predicting 
noise data level, which shows high noise prediction performance. Computational constraints lead to the setting 
of 64 as the maximum size of the GPS data. A stochastic method for training a machine learning algorithm that 
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mitigates any effects caused by noisy data was conducted in [15] using Metropolis-Hastings Noise Detection 
(MH-ND). It is revealed that approximately 28% of the total amount of data (which amounts to around 737 data 
points) is identified as noise, while about 72% are signals that can be used to train the ML algorithm. 
Machine Learning techniques for noisy and sparse data for the accurate prediction of noise in sparse data were 
considered in [16]. The Multivariate Adaptive Regression Splines (MARS) method is employed for noise level 
prediction, achieving a Mean Squared Error (MSE) of 0% for both noise-free data and data with 10% noise, 
regardless of the training dataset size. However, its performance is constrained by the limited availability of 
scarce data. Noise level prediction in positive and unlabeled learning in large machine learning models by 
Uncertainty-Aware Neighbor Calibration (UANC) was examined [17], employing the UANC model for the 
uncertainty calculation. It achieved a noise level prediction accuracy of 0.96; however, the unlabeled data 
present in the hidden label noise, is limited. 
 

3. Methodology 
An uncertainty-aware learning model is developed to achieve accurate predictions in sparse and noisy data 
environments. Data are acquired from a Kaggle dataset containing stochastic signal observations and variables. 
Preprocessing includes Min-Max Normalization, and after that, features are extracted through ICA analysis 
based on signals' and statistics' properties. The CDA-EDNN technique can be effective in modeling uncertainties 
and hence improve prediction performance (Figure 1). 

 
Figure 1: Methodology Workflow for Uncertainty Learning in Sparse and Noisy Data Environments 
 
3.1 Data Collection 
The dataset employed in this research is the Uncertainty Sparse Noisy Signal, which can be accessed via the 
Kaggle dataset from (https://www.kaggle.com/datasets/zara2099/uncertainty-sparse-noisy-signal-
dataset/data). The dataset consists of a total of 4000 rows of data points and 16 columns, including attributes 
like Noise Level, Sparsity Ratio, Signal Variance, Sampling Frequency, Entropy Measure, Outlier Ratio, 
Interpolation Error, Adaptive Threshold, Aleatoric Uncertainty, Epistemic Uncertainty, MSE Value, and R2 Score. 
The dataset is split into training data 80% and testing data 20%. This is able to help build an appropriate model 
for uncertain learning-aware conditions. The dataset helps provide proper experimentation, since the inclusion 
of both artificial signals and signals makes it possible to experiment on aspects such as sparsity, noise, and 
uncertainty. 
3.2 Data Preprocessing using Min-Max Normalization  
Preprocessing involving Min-Max scaling is adopted in this research to address the issues associated with signal 
data that is either sparse data or noisy data before building a prediction model. This involves scaling the input 
variables in the range of [0, 1], min-max scaling to minimize biases resulting from differences in variable 
magnitude. It ensures the noise and sparsity environments, which are mathematically expressed in Equation 
(1). 

Znew = (Z−Zmin)

(Zmax−Zmin)
         (1) 
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Where Z refers to the value of the feature before normalization, the Sparsity Ratio. Zmin and Zmax represent the 
minimum and maximum values of that noise or sparsity feature, respectively, while Znew denotes the new value 
of the normalized sparsity feature on a scale of [0,1].   
3.3 Feature Extraction using Independent Component Analysis (ICA)  
Feature Extraction is carried out through ICA to improve representation learning in the presence of sparse and 
noisy datasets. ICA separates mixed and latent source signals in an uncertain environment, thereby enhancing 
their interpretation while minimizing redundancies. It enhanced the robustness of sparsity and noise to achieve 
accurate uncertainty learning-aware predictions, and the observed signals are presented in Equations (2 and 
3). 
y(u)  =  Bt(u)          (2)   
t(u)  =  Iy(u)          (3) 
y(u) represents the measured signal vector obtained from various properties of the dataset, like noise signal 
strength, and B is the mixing matrix that contains the uncertainty learning-related information about noise 
signal transformation. t(u) denotes the vector containing source signals, which include Aleatoric Uncertainty 
and Epistemic Uncertainty as its two components. In Equation (3), I refers to the separation matrix used to 
recover the latent sources for accurate noise data.   
3.4 Uncertainty Aware Learning Model in Sparse and Noisy Data Environments using Chaotic Dragonfly 
Algorithm-driven Efficient Deep Neural Network (CDA-EDNN) 
The proposed Uncertainty-Aware Learning model incorporates the CDA-EDNN method to improve the 
prediction performance in scenarios involving sparsity and noise. The proposed learning model is intended to 
be capable of explicitly accounting for both types of uncertainties, with increased robustness in scenarios of 
missing and corruptive signals. CDA ensures stable network parameter optimization based on improved 
exploration and exploitation strategies. The EDNN component learns deep features necessary for the correct 
mapping of the underlying signal patterns.  
Efficient Deep Neural Network (EDNN) for Sparse and Noise Prediction: The EDNN is developed with the 
increasing accuracy of prediction in scenarios where there is sparse, noisy, and ambiguous data. The model 
extracts robust features from the input signal while minimizing the effect of stochastic noise and ambiguity in 
the data. In this way, EDNN enhances generalization capabilities by concentrating on features that are important 
and ignoring features that are irrelevant, as expressed in Equation (4). 

||M1 − M2||
L

= (∑ ∑ ∑ |Xj
1[k, l] − Xi

2[k, l]|
Otj−1

1

l=1

tj
1

k=1
m1

l=2 )
1/O

     (4)   

M1 and M2 represent the two noise neural networks, in which Xj
1[k, l] and Xi

2[k, l] correspond to the two noise 

weights of connections from noise neuron l to neuron k in layer j for both noise networks. O specifies the type 

of noise norm to be applied. Σl=2
m1

 represents the layer index, where summation starts from the noise second 

layer up to the last layer of the network, Σ
k=1

tj
1

 denotes the noise neurons in the current layer j, where tj
1 is the 

number of noise neurons in layer j, and  Σ
k=1

tj−1
1

 refers to the noise neurons in the previous layer j−1, where tj−1
1  

is the number of noise neurons in layer j − 1. This formula controls the EDNN optimization process to prevent 
any unnecessary alterations in the noise weight values, as expressed in Equation (5). 

||M1 − M2||
1

= (|−0.5| + |1| + |1| + |−0.5| + |0.5| + |0.5| + 0 + 0) = 4   (5) 

The expression ||M1 − M2||
1
 specifies the tolerable difference in the structure of the original neural network. 

M1 is the perturbed one, M2 is the defined tolerance value, regulating the stability of the network. Here, 
(|−0.5| + |1| + |1| + |−0.5| + |0.5| + |0.5| + 0 + 0) denotes the distance between both networks, and thus 
guarantees that updates in the weights are restricted within the optimization process. 4 refers to the mentioned 
condition, which enables the adaptation of the EDNN topology to learn from noisy and sparse datasets, as 
expressed in Equation (6). 
||M1 − M2||∞ = max{| − 0.5|, |1|, |1|, | − 0.5|, |0.5|, |0.5|,0,0} = 1    (6) 
||M1 − M2||∞ indicate two deep neural network architectures with the same structure, but∞take the maximum 
value only (worst-noise case difference measure). max{| − 0.5|, |1|, |1|, | − 0.5|, |0.5|, |0.5|,0,0} represents the 
numerical values that indicate the differences between the respective maximum noise weight parameters of 
the two networks, and 1 ensures that all values become positive. 
Hyperparameter Tuning with Chaotic Dragonfly Algorithm (CDA): CDA is used for optimizing the 
suggested CDA-EDNN model to make accurate predictions amidst environments with sparse and noise-filled 
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datasets. This is achieved through improved exploration and exploitation using dragonfly swarm-based 
behaviors, including separation, alignment, cohesion, attraction, and distraction, with the help of dynamic and 
static swarming mechanisms. Chaotic mapping, particularly logistic chaotic mapping, brings about some level 
of randomness at the beginning stage that enhances the rate of convergence while at the same time ensuring 
that it does not converge on local optimal solutions. Through this combination, it enhances feature selection 
and makes the model stable, as expressed in Equations (7 and 8). 

Tj = ∑ (Y − Yl)
M
l=1          (7)   

Bj =
∑ Yl

M
l=1

M
          (8) 

Where Tj stands for the separation term, which is used for calculating repulsion in the swarm agents based on 

the feature set (for example, Noise Level and Outlier Ratio), and where Σl=1
M  stands for the summation of the 

entire neighbors up to M in the noise search space, while Yl represents the difference between the current noise 
candidate solution and its noise neighbors with behavior. Y denotes the current agent position for balanced 
convergence in sparse data and noisy data environments, as expressed in Equation (8).Bj represents the 

alignment operator that signifies the noise behavior based on the overall directional movement of the swarm 
agents, as expressed in Equation (9). 

Dj =
∑ Yl

M
l=1

M
− Y          (9) 

Dj is defined as the cohesive noise behavior, the mean value of the positions of all neighbors, denoted by Σl=1
M , 

where it stands for the summation of all neighbors lup to M in the noise search space. Y represents the current 
agent position for balanced convergence in sparse data and noisy data environments. Yl denotes the difference 
between the current noise candidate solution and its noise neighbors with behavior, which is mathematically 
expressed in Equation (10). 
Gj = Ybest − Y          (10)   

Gj refers to the force acting towards the best noise solution, while Y
best is the global optimum found during the 

noise process of optimization, while Y stands for the current noise solution coordinates, as expressed in 
Equation (11). 
Fj = Yworst + Y          (11) 

Where  Fj is the level of evasion or noise avoidance associated with the worst noise solution, Yworst is the worst 

noise solution in the population set, while Y is the current noise solution location being used to evade bad 
regions, as expressed in Equation (12). 

∆Yu + 1 = (tTj + bBj + dDj + gGj + fFj) + ω∆Yu      (12)  

∆Yu stands for the velocity change of the swarm agent, tTj denotes Noise Separation, bBj refers to the Noise 

alignment, and dDj represents the Noise cohesion. gGj denotes the Noise attraction, and fFj refers to the Noise 

distraction weight parameters. ω∆Yu is the inertia part that ensures the continuation of the earlier direction of 
movement, which is expressed in Equations (13 and 14). 
Yu + 1 = Yu + ∆Yu + 1         (13) 
yu + 1 = γyu(1 − Yu)0 < γ ≤ 4        (14) 
Where Yu refers to the new noise position of the solution in the iterative process (u + 1), yu refers to the current 
noise position, while ∆Yu refers to the noise velocity increment that is calculated, and Equation (14) γ denotes 
the parameter that controls the noise strength of the chaos. 
Hyperparameters of proposed CDA-EDNN: The proposed CDA-EDNN model for prediction on sparse and 
noisy data employs hyperparameter settings that allow it to be uncertainty aware while demonstrating high 
prediction performance. The model learning rate of 0.001 with the Adam optimization technique and mean 
square loss, and the other settings include the use of ReLU activation function, dropout value of 0.3. The model 
architecture comprises three hidden layers with a number of nodes [128, 64, 32], and contains 150 epochs of 
training with a batch size of 32. 
 

4. Result and Discussion 
The findings from the experiment clearly reveal that the newly developed uncertainty learning-based CDA-
EDNN model performs significantly better in terms of accuracy when it comes to predicting data in noisy 
environments. The algorithm is capable of maintaining low error rates despite different amounts of stochastic 
noise and data scarcity. Apart from this, the newly proposed model considers AUPRC, Accuracy, and F1-score. 
The use of Chaos Optimization (CO) and adaptive learning ensures more accurate predictions. 
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Experimental Setup: The experimental evaluation to verify the efficiency of the CDA-EDNN model on the 
sparsity and noise datasets is conducted using a platform designed for performing deep learning efficiently. 
This platform consists of the following hardware: Intel Core i7 10th-generation processor, NVIDIA GTX 1660 Ti 
Graphics Processing Unit with CUDA capability, 16 GB of DDR4 memory, and 512 GB solid-state drive with 64-
bit capability. As far as the software platform is concerned, it includes Windows 10/11 Operating System, 
Python 3.10, TensorFlow 2.x, NumPy, Pandas, Matplotlib, and CDA optimization library. 
Exploratory Data Analysis: The analysis framework of the CDA-EDNN model is depicted in Figure 2 with an 
aim of achieving reliable predictions through proper modeling of uncertainties in the learning process. In Figure 
2(a), an analysis of the dependencies among signals, statistical properties, and uncertainties is carried out to 
identify valuable features. The separation of the input signal into its fundamental constituents can be achieved 
using Figure 2(b), which allows for the suppression of noise and identification of patterns in the random data. 
The confidence level of predictions is evaluated in Figure 2(c), which classifies data points based on certainty, 
medium certainty, and uncertainty. Such an evaluation is an understanding of the accuracy and reliability of the 
prediction made by the models. Figure 2(d) explains how sample data points are classified based on sparsity, 
outlier presence, and interpolation error to segregate areas having different degrees of uncertainties. Together, 
all such evaluations help in providing reliable representations, uncertainty evaluations, and robust learning in 
noisy scenarios. 

 
Figure 2: Data analysis of (a) Correlation analysis, (b) Dependency Analysis and Multicollinearity Assessment, 
(c) Signal Decomposition and Noise Filtering in Sparse and Noisy Data, and (d) Probabilistic Density Estimation 
for Uncertainty Learning and Reliability Assessment. 
 
Evaluation Metrics: The performance measures used in the case of CDA-EDNN in sparse and noisy data 
prediction consist of AUPRC, Accuracy, and F1-score to evaluate the performance of the proposed technique 
under uncertainty. The AUPRC is adopted to check the reliability of the noise prediction by considering the 
separation of relevant noise outputs in an uncertain environment. The accuracy performance measure is used 
to measure how well the technique performs in general terms. In predicting the correctness of the noise 
prediction, the metric F1-score calculates the precision of minimizing false alarms resulting from noise and the 
recall of the recovery of latent patterns in sparse data. 
Performance Evaluation: A comparative analysis between the existing method, UANC, and the proposed 
method, CDA-EDNN, in terms of sparse and noisy datasets, the results from Table 1 and Figure 3 above show 
that the proposed model performs significantly better than the benchmarked method for all the performance 
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metrics considered. The UANC [17] method achieves a high accuracy of noise prediction. The proposed CDA-
EDNN model with better AUPRC 0.96, Accuracy 0.98, and F1-Score 0.97 measures, which indicate better 
precision, recall balance, overall accuracy, and robustness under uncertainties, respectively.  
 
Table 1: Comparison Analysis of Existing and Proposed Methods 

Method AUPRC Accuracy F1-Score 
UANC [17] 0.94 0.96 0.95 
CDA-EDNN [Proposed] 0.96 0.98 0.97 

 

 
Figure 3: Comparative Analysis of the Uncertainty Learning in Sparse and Noisy Data Environments 
 
Table 2 presents the existing UANC model and the proposed CDA-EDNN model were retrained using the 
Uncertainty Sparse Noisy Signal Dataset. The results suggest that both models need to be trained again, and the 
CDA-EDNN shows better results in all measurement metrics. The higher AUPRC, Accuracy, and F1-Score prove 
improved ability in dealing with sparse and noisy information. This shows the success of using the proposed 
model to capture the hidden patterns of signals in data and predict them successfully. 
 
Table 2: Comparative Retrained Evaluation of Existing and Proposed Models on the Uncertainty Sparse Noisy 
Signal Dataset 

Method AUPRC Accuracy F1-Score 
UANC [17] 0.95 0.97 0.96 
CDA-EDNN [Proposed] 0.96 0.98 0.97 

 
4.1 Discussion 
A prediction model that works effectively in situations where there are insufficient and noisy datasets is 
proposed. However, the UANC [17] model is the problem of being affected by the lack of data, stochastic noise, 
and the incapacity of dealing with aleatory and epistemic uncertainties in such a way that the stability and 
accuracy of the predictions become affected. The methods based on uncertainty estimation do not utilize the 
information regarding the neighborhood, making the predictions more stable. To make optimal parameter 
tuning and architectures that enable scalability and stability when used in a large system. The proposed model 
overcomes all these challenges by employing both probabilistic learning and CDA algorithms. It is evident from 
the results that this model outperforms all the other models. 
 

5. Conclusion 
To design a learning model that can incorporate uncertainties in predicting outcomes with sparse and noisy 
data. Experimentally generated and simulated signal datasets with varying sparsity and stochastic noise are 
collected and preprocessed using normalization, outlier filtering, and noise-injection techniques to ensure 
realistic uncertainty modeling. Feature extraction is performed through ICA, enabling effective representation 
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learning. The proposed CDA-EDNN method incorporated probabilistic modeling with adaptive interpolation, to 
achieve improved performance. Evaluation using AUPRC 0.96, Accuracy 0.98, and F1-Score 0.97 demonstrated 
greater stability and accuracy than current techniques. Nevertheless, the model with scalability problems in 
very large datasets and demands a larger computing cost. Future research concentrate on designing lightweight 
models that are instantly deployable and expanding them to multimodal uncertainty learning scenarios. 
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