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ARTICLE INFO ABSTRACT

The quantification of uncertainty (UQ) has become an important factor in the design of credible
and trustworthy deep neural network (DNN)-based systems, especially in safety-critical
Revised: 20 June 2021 applications like healthcare, autonomous vehicles, robotics, and finance. Although DNNs have
shown impressive predictive accuracy, their lack of confidence expression of predictions restricts
their use in real-world uncertainty-based decision-making. This paper provides a detailed
overview of key UQ methods in deep learning, such as Bayesian Neural Networks, Monte Carlo
Dropout, ensemble, and Gaussian Processes. The paper systematically reviews the theoretical
basis, implementation plans, and trade-offs of the approaches in the capturing of epistemic and
aleatoric uncertainties. Moreover, the paper examines the importance of UQ in improving
autonomous decision-making systems by facilitating risk-conscious and adaptive reactions.
Comparative analysis is done to point out the weaknesses and strengths of the existing methods
in relates to their scalability, interpretability and computational efficiency. Additional critical
issues noted in the paper are the high computational cost, poor scalability as well as the absence
of standardized evaluation systems. Lastly, the way forward of research is characterized, with the
necessity of effective, interpretable, and domain-adaptable uncertainty-aware models. The
results highlight the need to consider UQ as an integral aspect of Al development life cycle to
enhance resilience, transparency, and security of intelligent systems under the conditions of real-
life uncertainty.
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1. INTRODUCTION

In recent years, deep neural networks (DNNs) have become a cornerstone of modern artificial intelligence, driving
advancements in various fields such as autonomous vehicles, healthcare, and robotics. These systems depend
crucially on DNNs to make crucial decisions, frequently in real time and in complex, dynamic conditions. However,
as the deployment of Al systems in high-stakes environments increases, so does the need to ensure their reliability
and safety. The capability of these systems to correctly evaluate the confidence of their predictions is one of the most
acute issues in this regard. When a neural network makes a decision, it is important not only to know the outcome
but also the confidence of the system in that outcome. It is here that uncertainty quantification (UQ) is required.
Uncertainty quantification in deep neural networks refers to the research and practice of methods that allow the
models to indicate uncertainty in their predictions [1]. This capability is particularly important in applications where
errors can have significant consequences, such as in autonomous driving, medical diagnostics, and robotic
navigation [2]. The awareness of its own uncertainty allows a model to take precautionary steps, demand extra
information or human intervention, and thus minimize the risk of inaccurate or unsafe decisions [1, 3].

The concept of uncertainty in AI can be broadly classified into two categories: epistemic and aleatoric uncertainty.
Epistemic uncertainty is a result of ignorance, commonly caused by a deficiency in training data or model nature
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limitations. This type of uncertainty can be reduced by improving the model or acquiring more data. In contrast,
aleatoric uncertainty is linked to the variations and noise present in the data itself that cannot be removed but can
be better comprehended and controlled.

This article aims to explore the various techniques for uncertainty quantification in deep neural networks,
discussing their theoretical underpinnings, practical implementations, and applications in autonomous decision-
making systems. It will cover established methods such as Bayesian neural networks, Monte Carlo dropout, and
ensemble techniques, as well as emerging approaches that offer new insights into handling uncertainty.
Furthermore, the article examine the application of these techniques across different domains, highlighting how
they enhance the safety and reliability of AI systems in real-world scenarios.

Although deep neural networks have rapidly developed in many fields of use, uncertainty is not well-quantified and
communicated by the model. The current deep learning systems are mainly built in such a way as to optimize
predictive accuracy using a range of examples, and they tend to ignore the role of uncertainty estimation in the
process of making decisions. Such a restriction is especially important in high-stakes settings, in which false
optimism can have very serious repercussions. Although a number of uncertainty quantification methods have been
introduced, there is no consistent body of knowledge on the practical trade-offs, scalability and applicability of
different areas. Moreover, numerous researches dwell on individual approaches without offering a holistic
comparative approach. Moreover, the incorporation of uncertainty estimates in the real-life decision-support
systems is a little underresearched. This paper fills these gaps by offering a systematic and comparative discussion
of key UQ techniques, and their implication on autonomous decision-making systems.

The paper contributes to the area of uncertainty-aware deep learning in several ways. It starts with a thorough and
systematic overview of key uncertainty quantification methods, such as Bayesian Neural Networks, Monte Carlo
Dropout, ensemble methods, and Gaussian Processes, their theoretical basis, and applications. Second, it introduces
a comparative evaluation of these methods in terms of crucial aspects, including computational complexity,
scalability, interpretability and their applicability to real-time scenarios. Third, the paper discusses the importance
of quantifying uncertainty in improving autonomous decision-making in various fields, such as healthcare, robotics,
finance, and intelligent systems. Fourth, it determines several critical issues and constraints regarding existing UQ
methods, especially regarding computational complexity and the ability to be integrated into existing AI pipelines.
Lastly, the paper provides future research directions that will help create uncertainty-aware, interpretable, and
scalable models that can be used in next-generation intelligent systems.

2. UNDERSTANDING UNCERTAINTY IN DEEP NEURAL NETWORKS

Uncertainty is an intrinsic element of the decision-making procedure, and its presence in deep neural networks
(DNN5s) is not an exception. As DNNs are increasingly used in applications that require a high degree of reliability,
understanding and quantifying uncertainty has become crucial. In the context of neural networks, uncertainty refers
to the model’s confidence in its predictions, which can be influenced by various factors, including the quality of the
data and the limitations of the model itself. Recognizing and appropriately responding to uncertainty can
significantly enhance the performance and safety of systems that rely on DNNs.
There are two primary types of uncertainty in deep neural networks: epistemic uncertainty and aleatoric
uncertainty. Epistemic uncertainty (also called model uncertainty) occurs due to ignorance or lack of knowledge in
the model. This type of uncertainty is often due to insufficient training data, model complexity, or inherent
limitations in the model’s structure [4]. Epistemic uncertainty is especially relevant in situations in which the model
faces data that is widely dissimilar to the data it has experienced in the course of training. Because this uncertainty
is related to the model’s knowledge, it can be reduced by gathering more data or improving the model’s architecture.
To illustrate, in autonomous driving, when a model is not trained on specific road conditions or uncommon
situations, its predictions in such cases can be highly uncertain.
Aleatoric uncertainty, in its turn, has to do with the noise and variability of the data as such. In contrast to epistemic
uncertainty, which might be reduced by providing more information or by making the model more precise, aleatoric
uncertainty cannot be reduced. It represents the randomness of the environment or the data generation process,
e.g., sensor noise in self-driving cars or randomness in medical imaging. Aleatoric uncertainty can be of the
homoscedastic and heteroscedastic type. Homoscedastic uncertainty exists at various levels of inputs, whereas
heteroscedastic
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uncertainty exists at various levels of inputs. Practically, aleatoric uncertainty is what makes a model unable to make
perfect predictions even when it has already been exposed to the data. As an example, within the context of medical
diagnostics, different patients with similar symptoms may still respond differently to treatment because of biological
variability and the result is aleatoric uncertainty in the model predictions.

Quantifying these uncertainties is critical for the deployment of DNNs in real-world applications. Uncertainty
quantification techniques enable models to give a prediction along with an estimate of the confidence that the
prediction has. This information can be crucial in making informed decisions, especially in high-stakes
environments. For instance, in an autonomous vehicle, a model that can quantify its uncertainty might slow down
or request human intervention when faced with an uncertain situation, thereby preventing potential accidents.
Understanding the types and sources of uncertainty in deep neural networks is essential for developing more robust
and reliable Al systems. Epistemic uncertainty emphasizes the gaps in the knowledge of the model and can often be
mitigated by more data or improved models, whereas aleatoric uncertainty is the noise in the data and an inevitable
situation in the real world. By effectively quantifying and managing these uncertainties, we can improve the
decision-making capabilities of DNNs, particularly in critical applications where safety and accuracy are paramount.

Comparison of Model Predictions with and without Uncertainty Quantification
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Figure 1: Comparison of Model Predictions with and without Uncertainty Quantification
Figure 2 compares model predictions with and without quantification of the uncertainty with the true function. The
uncertainty-conscious model (red) offers prediction ranges, meaning variability and confidence whereas the
standard model (blue) only offers point estimates. The stippled area indicates uncertainty, and has greater reliability,
particularly in areas of greater noise or sparsity of data.

3. TECHNIQUES FOR UNCERTAINTY QUANTIFICATION IN DNNS

Uncertainty quantification (UQ) in deep neural networks (DNNs) is a multifaceted and dynamic area that has
attracted a lot of interest as a result of its role in the safety and reliability of AI systems. Different methods have
been created to quantify and address uncertainty in neural networks; each has its own benefits and difficulties
regarding the particular application and situation. Understanding these techniques is essential for implementing
robust Al systems capable of making informed decisions under uncertainty.

Bayesian Neural Networks (BNNs) represent one of the most developed UQ techniques in DNNs [5]. Bayesian
approaches offer a probabilistic model of uncertainty by modeling the weights of the network as distributions, not
as fixed values [5-7]. This approach allows BNNs to account for uncertainty in the model parameters, thus capturing
epistemic uncertainty. In practice, implementing BNNs can be challenging due to the computational complexity
associated with integrating over all possible weight configurations. However, various approximations, such as
variational inference, have been developed to make Bayesian methods more tractable. BNNs are particularly useful
in situations where the model encounters out-of-distribution data, as they can naturally express uncertainty in these
scenarios, leading to more cautious and potentially safer decisions.
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Another widely-used technique is Monte Carlo (MC) Dropout, which offers a practical and scalable approach to
approximating Bayesian inference in standard neural networks [8]. Dropout is a regularization method that was
initially intended to avoid overfitting by randomly removing units during training. At inference time, dropout can
be applied to perform stochastic forward passes to the network many times, which can be thought of as sampling
the approximate posterior distribution of the model. Using the average of these predictions and examining the
variance, MC Dropout can give an approximation of epistemic and aleatoric uncertainty. This method is attractive
because it is easy to implement in existing DNN architectures and does not require significant modifications to the
model. Nonetheless, MC Dropout can often take several passes over the network to perform inference, which is
computationally costly in real-time scenarios.

Ensemble methods are another effective way of uncertainty quantification. During ensemble learning, various
independent models are trained, typically using different initializations or subsets of the data and their predictions
are aggregated to give a final output [9]. The diversity among the ensemble members’ predictions serves as a
measure of uncertainty, with greater disagreement indicating higher uncertainty. Ensembles are especially good at
reflecting epistemic uncertainty, where the difference in forecasts is the degree of certainty of the model in its
choices. Although ensemble methods generally provide more accurate and reliable uncertainty estimates, they come
at the cost of increased computational and memory requirements, as multiple models must be maintained and
executed.

Gaussian Processes (GPs) are a non-parametric non-probability method of UQ that is especially ideal in small-scale
problems and regression tasks. GPs provide a probabilistic framework that directly models the uncertainty in
predictions, offering both a mean prediction and a confidence interval. In contrast to parametric approaches, GPs
do not presume a specific functional form of the data, which enables them to capture complex, non-linear
relationships with an underlying uncertainty. However, the computational complexity of GPs scales poorly with the
size of the data, making them less practical for large-scale DNNs. Despite this limitation, GPs are valuable in
scenarios where precise uncertainty estimates are crucial, such as in scientific modeling and predictions.

In recent years, hybrid approaches and advanced techniques have emerged that combine elements from multiple
UQ methods to leverage their respective strengths [10]. For example, some methods integrate Bayesian inference
with neural networks or combine ensemble learning with MC Dropout to enhance both the accuracy and
interpretability of uncertainty estimates. These hybrid techniques are part of an ongoing effort to develop more
robust and scalable UQ methods that can be applied across a broader range of applications. Figure 2 shows a typical
feedforward deep neural network with an input layer, two hidden layers, and an output layer. All neurons are
networked, and they can transform features via multiple layers. Architecture is a representation of the processing
of input data in a hierarchical manner in order to learn the complex patterns and final predictions at the output
node.
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Figure 2: Architecture Diagram of a Bayesian Neural Network
The need to compare the methods of uncertainty quantification is critical to appreciate their appropriateness in
various applications. Bayesian Neural Networks have a principled probabilistic model and work well to represent
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epistemic uncertainty, but are computationally expensive and do not easily extend to large networks. Monte Carlo
dropout is a pragmatic approximation to Bayesian inference and is fairly simple to apply to existing neural networks,
however, it necessitates multiple forward passes during inference, which may restrict its real-time usability [10].
Ensemble approaches, based on combining the prediction of many independently trained models, offer strong
uncertainty estimates and in many cases, better predictive accuracy; but are expensive to compute and memory-
intensive. Gaussian Processes are also accurate in uncertainty estimation and highly theoretically motivated,
especially in small-scale problems, and the complexity of their computations is cubically dependent on the size of the
dataset, so they cannot be used in large-scale deep learning applications [11]. In general, the choice of an appropriate
UQ method is based on the trade-off between accuracy, the computational efficiency, and application-specific needs.
This brings out the necessity of hybrid and scalable solutions that can strike the right balance between these
competing considerations.

4. APPLICATIONS IN AUTONOMOUS DECISION-MAKING

Uncertainty quantification in deep neural networks plays a pivotal role in the development and deployment of
autonomous decision-making systems across a wide range of industries. These systems are increasingly relied upon
to perform complex tasks in dynamic environments where safety, reliability, and adaptability are critical.
Understanding and managing uncertainty in these contexts not only enhances the performance of autonomous
systems but also ensures that they can make informed decisions even when faced with incomplete or ambiguous
information. This section explores the applications of uncertainty quantification in various domains, highlighting
how it contributes to the effectiveness and safety of autonomous decision-making systems.
In the field of autonomous vehicles, uncertainty quantification is crucial for safe navigation and decision-making.
Self-driving vehicles are subject to a complex and usually unpredictable environment where they need to process
sensor data continuously, predict the behavior of other road users, and determine the most appropriate course of
action [11]. These tasks are fraught with uncertainties, ranging from sensor noise to unpredictable behavior of
pedestrians and other vehicles. Autonomous vehicles will also be able to make better decisions by quantifying these
uncertainties, including passing more slowly when sensor data is uncertain or choosing a more conservative path
when there is a high probability of obstacles. For instance, when a self-driving car encounters an occluded
intersection, it can use uncertainty quantification to gauge the risk of proceeding versus waiting, thus enhancing
safety. Furthermore, knowing the trust in their own predictions, autonomous vehicles can better communicate with
human drivers and other road users, reducing the likelihood of accidents caused by misinterpretation or
overconfidence.
Uncertainty quantification is used in robotics to help robots to adapt to dynamically changing environments and
execute tasks with greater precision and safety. Robots are present in uncontrolled or partially unknown
environments, like manufacturing, healthcare, or disaster response. The quantification of uncertainty in these
environments enables robots to estimate the quality of their sensor data and the consequences of their actions. An
example is a robot operating a delicate task such as surgery, where it would need to maneuver around organs and
tissues with a lot of precision. By quantifying the uncertainty in its sensor readings and predictions, the robot can
adjust its movements, applying more caution when uncertainty is high and acting more decisively when confidence
is higher. In manufacturing, robots can use uncertainty quantification to handle objects of varying shapes and sizes,
making real-time adjustments to grip strength and movement based on the perceived uncertainty in object
positioning. This capability not only improves the accuracy of robotic operations but also reduces the risk of errors
that could lead to damage or injury.
Healthcare is another domain where uncertainty quantification has significant applications, particularly in
diagnostic systems and treatment planning. Medical diagnosis often involves interpreting complex and sometimes
ambiguous data, such as medical images, patient history, and laboratory results. Autonomous systems that assist in
diagnosis can benefit greatly from uncertainty quantification, as it allows them to provide confidence levels for their
predictions. This is more so in cases where the results of a misdiagnosis may be grave. For instance, an Al system
analyzing medical images for signs of cancer can quantify its uncertainty about a particular finding, allowing
clinicians to decide whether further testing or a second opinion is needed [12]. In treatment planning, uncertainty
quantification helps in assessing the potential outcomes of different treatment options, enabling healthcare
providers to make
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more informed decisions that consider both the likely benefits and the risks involved. By integrating uncertainty
estimates into their recommendations, these systems support a more nuanced approach to patient care, where
decisions are made with a clearer understanding of the risks and uncertainties involved.

In the financial industry, uncertainty quantification is essential for managing risks in autonomous trading systems
and investment strategies. Financial markets are volatile in nature and are subject to various unforeseeable
influences, including economic events, political processes, and market mood fluctuations. Autonomous trading
systems that operate in these environments need to account for the uncertainty in their predictions to avoid
significant losses. Uncertainty quantification is essential in the aerospace and defense industries, where the stakes
are frequently very high, and mission planning and execution are important. The autonomous systems in these
areas, e.g., drones and unmanned aerial vehicles (UAVs), are subjected to not only dynamic environments but also
potentially hostile ones [13]. These systems are based on various sensors and data inputs to navigate, detect targets,
and make decisions in real time. Nevertheless, the data they get is usually incomplete or prone to other types of
interference, and thus, the quantification of uncertainty is essential in the success of the mission.

Natural language processing (NLP) is another area where uncertainty quantification enhances the performance and
reliability of autonomous systems. NLP systems are used in a wide range of applications, from chatbots and virtual
assistants to translation services and sentiment analysis tools. Such systems tend to work in the context where the
input data, i.e., spoken language or text, may be ambiguous, noisy or context dependent. Uncertainty quantification
in NLP allows these systems to assess the confidence of their interpretations and responses, leading to more accurate
and reliable outcomes. For example, a chatbot providing customer support can use uncertainty quantification to
identify when it is unsure about the user's intent and prompt the user for clarification, thereby improving the quality
of the interaction. In machine translation, uncertainty quantification helps in identifying parts of the text where the
translation might be less accurate, allowing for human review or highlighting potential issues to the user. This not
only increases the overall performance of NLP systems but also increases user trust because the systems become
more transparent regarding their limitations.

The applications of uncertainty quantification in autonomous decision-making systems extend beyond these
specific domains, touching on any field where AI and machine learning models are used to make predictions and
decisions under uncertainty. The ability to quantify and manage uncertainty is a key enabler of safe, reliable, and
effective autonomous systems, ensuring that they can operate successfully in complex, dynamic, and often
unpredictable environments. As autonomous systems continue to evolve and become more prevalent in society, the
importance of uncertainty quantification will only grow, driving further research and development in this critical
area of artificial intelligence.

The ongoing challenges in uncertainty quantification, such as computational demands and interpretability,
underscore the need for continued innovation. However, the advances made so far demonstrate the potential of
these techniques to transform autonomous systems, making them not only more capable but also more trustworthy.
As uncertainty quantification techniques become more sophisticated and accessible, they will play an increasingly
central role in the deployment of autonomous systems across all sectors, ensuring that these systems can fulfill their
potential while minimizing the risks associated with their operation.

5. EVALUATION METRICS FOR UNCERTAINTY QUANTIFICATION

Evaluating the quality of uncertainty estimates is a critical aspect of uncertainty quantification in deep neural
networks. To measure predictive accuracy and reliability of uncertainty estimates, several measures have been
created. A commonly used measure of probabilistic predictions is the Negative Log-Likelihood (NLL), which
quantifies the fit of the predicted distribution to observed data. Brier Score is used to measure the accuracy of
probabilistic predictions especially in classification. Calibration measures, including Expected Calibration Error
(ECE), measure the alignment between the predicted levels of confidence and the real levels of correctness.
Reliability diagrams are often used as visual tools to evaluate calibration performance. Uncertainty is often measured
using predictive entropy and mutual information, especially when it comes to separating epistemic and aleatoric
elements. Also, Area Under the Receiver Operating Characteristic Curve (AUROC) is often applied to out-of-
distribution detection problems to determine the extent to which uncertainty measures are useful in detecting
anomalous inputs. The choice of suitable evaluation metrics is determined by the application and the kind of

uncertainty to be
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measured.
5. CHALLENGES AND LIMITATIONS

Despite significant advances in uncertainty quantification (UQ) for deep neural networks, several challenges and
limitations persist, particularly when it comes to implementing these techniques in real-world autonomous
decision- making systems. Understanding these obstacles is essential for both researchers and practitioners as they
seek to develop more robust and reliable AT models.

One of the primary challenges in UQ is the computational complexity associated with many of the techniques [14].
Methods such as Bayesian Neural Networks (BNNs) and ensemble approaches require substantial computational
resources, both in terms of processing power and memory. Bayesian methods, for instance, involve maintaining and
updating distributions over model parameters, which can be computationally expensive, especially as the size of the
network and the dataset increases. Ensemble techniques, where multiple models are used and thus must be trained
and maintained, also impose significant computational overhead, especially in inference, when predictions across
all models must be combined. This complexity can be a major barrier to deploying these techniques in real-time
systems, such as autonomous vehicles or robotics, where decisions must be made within strict time constraints.
Another serious weakness is scalability. Many UQ techniques that work well on smaller models or datasets face
difficulties when scaled to the size and complexity of modern deep learning architectures. Gaussian Processes (GPs),
for example, are well-suited for tasks with smaller datasets, where they can provide precise uncertainty estimates.
Their computational cost is, however, cubically dependent on the number of data points, thus making them
impractical in large-scale problems usually solved by deep neural networks. Likewise, approaches such as Monte
Carlo Dropout get less practical with larger depth and breadth of the network, requiring more time to infer and
increased computational resources.

Another important concern in quantifying uncertainty is interpretability. While UQ methods provide estimates of
uncertainty, these estimates can sometimes be difficult to interpret, especially for non-experts [3]. As an example,
probabilistic outputs of Bayesian models, or the distance between ensemble predictions, may be difficult to interpret
and communicate to end-users, especially in high-stakes settings such as healthcare or autonomous driving. This
lack of interpretability can limit the practical utility of UQ techniques, as decision-makers may struggle to make
informed choices based on the uncertainty estimates provided by the model. Moreover, the black-box nature of
many deep learning models further complicates the interpretation of uncertainty, as it is often unclear how different
sources of uncertainty interact and contribute to the final predictions.

Moreover, the drawbacks of existing UQ methods are themselves challenging. There is no single approach that
quantifies the uncertainty in all situations. As an example, Bayesian methods are highly effective but do not always
scale to large models, whereas more basic algorithms such as MC Dropout might not be able to model the full
uncertainty. The trade-offs between accuracy, computational cost and ease of implementation should be controlled
carefully, especially in those applications where safety and reliability are paramount.

6. CONCLUSION

Uncertainty quantification in deep neural networks is an essential aspect of developing reliable and safe
autonomous decision-making systems. As these systems become increasingly integrated into critical areas such as
transportation, healthcare, finance, and defense, the ability to accurately assess and manage uncertainty becomes
paramount. Deep neural networks, despite their remarkable success in various applications, are inherently limited
by the uncertainties that arise from both data and model complexities. Understanding and quantifying these
uncertainties allows for more informed and confident decision-making, which is particularly crucial in
environments where errors can have significant consequences.
This article explored the various techniques used to quantify uncertainty in deep neural networks. The most notable
approaches include Bayesian neural networks, Monte Carlo dropout, ensemble, and variational inference, with their
respective advantages and difficulties. Bayesian neural networks, such as those, provide a more detailed model of
uncertainty incorporation, however, at the expense of higher computational complexity. Monte Carlo offers an
easier solution because it builds upon existing regularization methods and is a common choice in many applications.
Although ensemble methods are computationally expensive, they provide strong estimates of uncertainty by
combining the
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output of numerous models. Variational inference, on the other hand, strikes a balance between accuracy and
efficiency, making it a valuable tool in large-scale systems.

These methods have been applied in independent decision-making processes and have proved useful. Uncertainty
quantification in autonomous vehicles is essential to address complex environments and promote safety. In
healthcare, it improves the accuracy of the diagnostic systems and gives clinicians confidence levels, which can be
used to make decisions about the treatment. Finance: It is used in risk management, where autonomous trading
systems are able to make more informed decisions in volatile markets. It allows adaptive behavior in robotics,
enabling robots to act safely in dynamic environments. These examples illustrate the broad impact of uncertainty
quantification across various domains, highlighting its role in enhancing the reliability and safety of autonomous
systems.

However, challenges remain in the widespread adoption and implementation of uncertainty quantification
techniques. The computational complexity of certain models, including Bayesian neural networks and deep
ensembles, may be infeasible, especially with large models. The scalability is also an important factor, because
autonomous systems may need real-time processing, which requires a trade-off between the cost and accuracy of
the computation. Also, uncertainty estimates are difficult to interpret. For uncertainty quantification to be truly
actionable, it must be presented in a way that decision-makers can easily understand and apply. This requires not
only advances in algorithms but also in tools and frameworks that can visualize and interpret uncertainty.

To conclude, uncertainty quantification should not be viewed as an addition to deep learning models but rather as
a prerequisite of implementing Al systems in real-life and safety-critical settings. With the ongoing development of
artificial intelligence, the empowerment of uncertainty estimation processes with solid and explainable uncertainty
measures will be crucial to achieving transparency, reliability, and trust. The future developments in this area will
be crucial in closing the gap between the high-performance models and the real world decision-making needs.

7. FUTURE DIRECTIONS

The field of uncertainty quantification (UQ) in deep neural networks is rapidly evolving, and several promising
future directions are emerging that could address current challenges and further enhance the robustness and
reliability of autonomous decision-making systems. One key area of future research is the development of more
efficient and scalable UQ methods. As the complexity of deep learning models continues to grow, there is a pressing
need for techniques that can provide reliable uncertainty estimates without incurring prohibitive computational
costs. [1, 15] Researchers are looking into new algorithms and architectures capable of more efficiently
approximating Bayesian inference, including deep ensembles of shared parameters or more powerful variational
inference methods. Moreover, some interest is in lightweight UQ techniques that can be incorporated into existing
models with little or no effect on performance, and so are more friendly to real-time use, such as in autonomous
driving or robotics.

Furthermore, the growing availability of large and diverse datasets presents opportunities for advancing UQ. By
leveraging big data, researchers can develop models that are not only more accurate but also better at capturing and
quantifying uncertainty across a wide range of conditions. However, this will also require new techniques for
managing the challenges associated with big data, such as computational efficiency and data privacy. Exploring how
UQ can be scaled to work effectively with massive datasets while preserving the quality of uncertainty estimates is
an important avenue for future work. Moreover, the rise of Al ethics and governance is likely to shape the future of
UQ research [2]. With the spread of Al systems in society, there is growing concern about the way these systems
cope with uncertainty, especially in high-stakes contexts. Future research will need to address the ethical
implications of uncertainty quantification, ensuring that Al systems are not only technically sound but also aligned
with societal values and norms. This might involve developing standards and best practices for UQ, as well as
creating regulatory frameworks that mandate the use of UQ in certain types of Al systems.

REFERENCES

[1] S. Kunungo, S. Ramabhotla, and M. Bhoyar, "The integration of data engineering and cloud computing in
the age of machine learning and artificial intelligence," Iconic Research And Engineering Journals, vol. 1,
no. 12, PP- 79-84, 2018. [Online]. Available:

Copyright © 2021 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons
Attribution License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited.



Journal of Information Systems Engineering and Management
2021, 6(2)

e-ISSN:

2468-4376

https://www.jisem-journal.com/ Research Article

[2]

[3]

(4]

(5]

(6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

Copyright © 2021 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons

Attribution Li
properly cited.

file:///C:/Users/madiha.mushtaq/Downloads/The_Integration_of_ Data_Engineering_and.pdf.

A. Dave, N. Banerjee, and C. Patel, "Sracare: Secure remote attestation with code authentication and
resilience engine,”" in 2020 IEEE international conference on embedded software and systems (ICESS),
2020: IEEE, pp. 1-8. [Online]. Available: https://arxiv.org/pdf/2101.06148. [Online]. Available:
https://arxiv.org/pdf/2101.06148

A. Mehra, "Unifying adversarial robustness and interpretability in deep neural networks: A comprehensive
framework for explainable and secure machine learning models," International Research Journal of
Modernization in Engineering Technology and Science, vol. 2, no. 9, pp. 1829-1838, 2020, doi:
https://www.doi.org/10.56726 /IRIMETS4109.

C. Blundell, J. Cornebise, K. Kavukcuoglu, and D. Wierstra, "Weight uncertainty in neural network," in
International conference on machine learning, 2015: PMLR, pp. 1613-1622. [Online]. Available:
https://proceedings.mlr.press/v37/blundell15.pdf. [Online]. Available:

https://proceedings.mlr.press/v37/blundell15.pdf

M. Teye, H. Azizpour, and K. Smith, "Bayesian uncertainty estimation for batch normalized deep networks,"
in International conference on machine learning, 2018: PMLR, pp. 4907-4916. [Online]. Available:

https://proceedings.mlr.press/v80/teye18a/teve18a.pdf. [Online]. Available:
https://proceedings.mlr.press/v80o/teye18a/teye18a.pdf

M. J. Johnson, D. K. Duvenaud, A. Wiltschko, R. P. Adams, and S. R. Datta, "Composing graphical models
with neural networks for structured representations and fast inference," Advances in neural information
processing systems, vol. 29, 2016. [Online]. Available:
https://proceedings.neurips.cc/paper/2016/file/7d6044e95a16761171b130dcb476a43e-Paper.pdf.

C. Riquelme, G. Tucker, and J. Snoek, "Deep bayesian bandits showdown: An empirical comparison of
bayesian deep networks for thompson sampling," arXiv preprint arXiv:1802.09127, 2018. [Online].
Available: https://arxiv.org/pdf/1802.09127.

Y. Gal and Z. Ghahramani, "Dropout as a bayesian approximation: Representing model uncertainty in deep
learning," in international conference on machine learning, 2016: PMLR, pp. 1050-1059. [Online].

Available: https://proceedings.mlr.press/v48/gal16.pdf. [Online]. Available:
https://proceedings.mlr.press/v48/gal16.pdf

B. Lakshminarayanan, A. Pritzel, and C. Blundell, "Simple and scalable predictive uncertainty estimation
using deep ensembles," Advances in neural information processing systems, vol. 30, 2017. [Online].
Available:
https://proceedings.neurips.cc/paper_files/paper/2017/file/9ef2ed4b7fd2c810847ffasfa85bce38-

Paper.pdf.
K. Krishna, "Towards autonomous Al: Unifying reinforcement learning, generative models, and explainable

Al for next-generation systems," Journal of Emerging Technologies and Innovative Research, vol. 7, no. 4,
pp. 60-61, 2020. [Online]. Available: https://www.jetir.org/papers/JETIR2004643.pdf.

A. Kendall and Y. Gal, "What uncertainties do we need in bayesian deep learning for computer vision?,"
Advances in neural information processing systems, vol. 30, 2017. [Online]. Available:
https://proceedings.neurips.cc/paper/2017/file/2650d6089a6d640c5e85b2b88265dc2b-Paper.pdf.

C. Leibig, V. Allken, M. S. Ayhan, P. Berens, and S. Wahl, "Leveraging uncertainty information from deep
neural networks for disease detection," Scientific reports, vol. 7, no. 1, pp. 1-14, 2017, doi: 10.1038/s41598-
017-17876-7.

S. Kanungo, "Edge-to-cloud intelligence: Enhancing iot devices with machine learning and cloud
computing," International Peer-Reviewed Journal, vol. 2, no. 12, pp. 238-245, 2019. [Online]. Available:
https://diwqtxtsixzle7.cloudfront.net/118501989/Journal article Satyanarayan Kanungo-

cense which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is


https://arxiv.org/pdf/2101.06148
https://arxiv.org/pdf/2101.06148
https://www.doi.org/10.56726/IRJMETS4109
https://proceedings.mlr.press/v37/blundell15.pdf
https://proceedings.mlr.press/v37/blundell15.pdf
https://proceedings.mlr.press/v80/teye18a/teye18a.pdf
https://proceedings.mlr.press/v80/teye18a/teye18a.pdf
https://proceedings.neurips.cc/paper/2016/file/7d6044e95a16761171b130dcb476a43e-Paper.pdf
https://arxiv.org/pdf/1802.09127
https://proceedings.mlr.press/v48/gal16.pdf
https://proceedings.mlr.press/v48/gal16.pdf
https://proceedings.neurips.cc/paper_files/paper/2017/file/9ef2ed4b7fd2c810847ffa5fa85bce38-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2017/file/9ef2ed4b7fd2c810847ffa5fa85bce38-Paper.pdf
https://www.jetir.org/papers/JETIR2004643.pdf
https://proceedings.neurips.cc/paper/2017/file/2650d6089a6d640c5e85b2b88265dc2b-Paper.pdf
https://d1wqtxts1xzle7.cloudfront.net/118501989/Journal_article_9_Satyanarayan_Kanungo-libre.pdf?1727581106=&response-content-disposition=inline%3B+filename%3DEdge_to_Cloud_Intelligence_Enhancing_IoT.pdf&Expires=1776781684&Signature=Iu0Kf95GXToyCIVeyV82NxVMbA3imlkroKD8MSh1s-xDAJras9OhbKlbB-u4BYLRTMdYTQDwonqXLvIhG464C6xaoBWv0ZcVB1zosnKDDx2Cc4CMVEGr9HTivt5SHFabv852eDJyZkOI4P4XWwFbEoO163bs~o3i5mtMujVY5gYs7oQ5SURs4rQNX9LDkKeIB2hBnd10wR-VOZlG0w658TTpy68HKvI-yUeCeNhi9IGOBJ6I3zT-xuzXn3OumFVeKQP5lDcrckTcOI0WrS-r2lC~0SAkVYeX5e-YeIGghJYjpaBzEnMfoOILsGZyaChV9qv216iut0ILC51-U9i~jw__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA

Journal of Information Systems Engineering and Management
2021, 6(2)

e-ISSN:

2468-4376

https://www.jisem-journal.com/ Research Article

[14]

[15]

libre.pdf?1727581106=&response-content-

disposition=inline%3B+filename%3DEdge to Cloud Intelligence Enhancing IoT.pdf&Expires=1776781

684&Signature=IuoKfg5GXToyCIVeyV82NxVMbA3imlkroKD8MSh1s-xDAJrasgOhbKIbB-
u4BYLRTMAYTQDwongXLvIhG464C6xaoBWvoZcVBi1zosnKDDx2Ccq4 CMVEGroHTivt5SHFabv852eDJyZ

kOI4P4XWwFbE00163bs~03i5mtMujVY52Ys70Q5SURs4rQNX9LDkKeIB2hBnd1owR-
VOZIGow658TTpy68HKvI-yUeCeNhigIGOBJ613zT-xuzXn30umFVeKQP5lDerckTcOIoWTrS-

r21C~0SAkVYeXse-YelGghJYjpaBzEnMfoOILsGZyaChVoqv216iutoILC51-Ugi~jw _ &Key-Pair-
I1d=APKAJLOHF5GGSLRBV4ZA.

U. Bhadani, "Hybrid Cloud: The New Generation of Indian Education Society," International Research
Journal of Engineering and Technology, vol. 7, mno. 9, 2020. [Online]. Available:
https://diwgtxtsixzle7.cloudfront.net/64757893/IRJET V7I9519-libre.pdf?1603544719=&response-
content-

disposition=inline%3B+filename%3DIRJET Hybrid Cloud The New Generation of.pdf&Expires=1776

781491&Signature=KZ7Kx3mFDe3YWx~0UfYg~YxaSnTs ENnGXly79bsxwpTfOGlryckGrouWIdotoNH30h
~n3LPt73MY4UENuYD78 EBOKUcRE36toBDtb~Q6pycPI-

WpREMtgx8xMOhLWEFdSsROmUyR1pNgPx1RraQynshZymIolAZkQJoHYsfjoZiX1SfCDisaUqOQdFH4c706
ZrlkRtwaCzyXF2hagqYKiolo-x5zE8s4UrrhVawJdZIsPQNWDL75T7FWvIP9BS6L{XTsmechecN3-

hTP4Sxvz~LHVjaBS5xJHwHIoo4RgEBIwS2St5eqC~PoNJ9FH50JDeSJEwujsOIzNa5qsQzRsB27Q  &Key
-Pair-Id=APKAJLOHF5GGSLRBV4ZA.

S. Kanungo, "Revolutionizing data processing: Advanced cloud computing and AI synergy for IoT
innovation," International Research Journal of Modernization in Engineering Technology and Science, vol.
2, 0. 10, pp. 1032-1040, 2020, doi: https://www.doi.org/10.56726/IRJMETS4578

Copyright © 2021 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons

Attribution License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is

properly cited.

10


https://d1wqtxts1xzle7.cloudfront.net/118501989/Journal_article_9_Satyanarayan_Kanungo-libre.pdf?1727581106=&response-content-disposition=inline%3B+filename%3DEdge_to_Cloud_Intelligence_Enhancing_IoT.pdf&Expires=1776781684&Signature=Iu0Kf95GXToyCIVeyV82NxVMbA3imlkroKD8MSh1s-xDAJras9OhbKlbB-u4BYLRTMdYTQDwonqXLvIhG464C6xaoBWv0ZcVB1zosnKDDx2Cc4CMVEGr9HTivt5SHFabv852eDJyZkOI4P4XWwFbEoO163bs~o3i5mtMujVY5gYs7oQ5SURs4rQNX9LDkKeIB2hBnd10wR-VOZlG0w658TTpy68HKvI-yUeCeNhi9IGOBJ6I3zT-xuzXn3OumFVeKQP5lDcrckTcOI0WrS-r2lC~0SAkVYeX5e-YeIGghJYjpaBzEnMfoOILsGZyaChV9qv216iut0ILC51-U9i~jw__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/118501989/Journal_article_9_Satyanarayan_Kanungo-libre.pdf?1727581106=&response-content-disposition=inline%3B+filename%3DEdge_to_Cloud_Intelligence_Enhancing_IoT.pdf&Expires=1776781684&Signature=Iu0Kf95GXToyCIVeyV82NxVMbA3imlkroKD8MSh1s-xDAJras9OhbKlbB-u4BYLRTMdYTQDwonqXLvIhG464C6xaoBWv0ZcVB1zosnKDDx2Cc4CMVEGr9HTivt5SHFabv852eDJyZkOI4P4XWwFbEoO163bs~o3i5mtMujVY5gYs7oQ5SURs4rQNX9LDkKeIB2hBnd10wR-VOZlG0w658TTpy68HKvI-yUeCeNhi9IGOBJ6I3zT-xuzXn3OumFVeKQP5lDcrckTcOI0WrS-r2lC~0SAkVYeX5e-YeIGghJYjpaBzEnMfoOILsGZyaChV9qv216iut0ILC51-U9i~jw__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/118501989/Journal_article_9_Satyanarayan_Kanungo-libre.pdf?1727581106=&response-content-disposition=inline%3B+filename%3DEdge_to_Cloud_Intelligence_Enhancing_IoT.pdf&Expires=1776781684&Signature=Iu0Kf95GXToyCIVeyV82NxVMbA3imlkroKD8MSh1s-xDAJras9OhbKlbB-u4BYLRTMdYTQDwonqXLvIhG464C6xaoBWv0ZcVB1zosnKDDx2Cc4CMVEGr9HTivt5SHFabv852eDJyZkOI4P4XWwFbEoO163bs~o3i5mtMujVY5gYs7oQ5SURs4rQNX9LDkKeIB2hBnd10wR-VOZlG0w658TTpy68HKvI-yUeCeNhi9IGOBJ6I3zT-xuzXn3OumFVeKQP5lDcrckTcOI0WrS-r2lC~0SAkVYeX5e-YeIGghJYjpaBzEnMfoOILsGZyaChV9qv216iut0ILC51-U9i~jw__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/118501989/Journal_article_9_Satyanarayan_Kanungo-libre.pdf?1727581106=&response-content-disposition=inline%3B+filename%3DEdge_to_Cloud_Intelligence_Enhancing_IoT.pdf&Expires=1776781684&Signature=Iu0Kf95GXToyCIVeyV82NxVMbA3imlkroKD8MSh1s-xDAJras9OhbKlbB-u4BYLRTMdYTQDwonqXLvIhG464C6xaoBWv0ZcVB1zosnKDDx2Cc4CMVEGr9HTivt5SHFabv852eDJyZkOI4P4XWwFbEoO163bs~o3i5mtMujVY5gYs7oQ5SURs4rQNX9LDkKeIB2hBnd10wR-VOZlG0w658TTpy68HKvI-yUeCeNhi9IGOBJ6I3zT-xuzXn3OumFVeKQP5lDcrckTcOI0WrS-r2lC~0SAkVYeX5e-YeIGghJYjpaBzEnMfoOILsGZyaChV9qv216iut0ILC51-U9i~jw__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/118501989/Journal_article_9_Satyanarayan_Kanungo-libre.pdf?1727581106=&response-content-disposition=inline%3B+filename%3DEdge_to_Cloud_Intelligence_Enhancing_IoT.pdf&Expires=1776781684&Signature=Iu0Kf95GXToyCIVeyV82NxVMbA3imlkroKD8MSh1s-xDAJras9OhbKlbB-u4BYLRTMdYTQDwonqXLvIhG464C6xaoBWv0ZcVB1zosnKDDx2Cc4CMVEGr9HTivt5SHFabv852eDJyZkOI4P4XWwFbEoO163bs~o3i5mtMujVY5gYs7oQ5SURs4rQNX9LDkKeIB2hBnd10wR-VOZlG0w658TTpy68HKvI-yUeCeNhi9IGOBJ6I3zT-xuzXn3OumFVeKQP5lDcrckTcOI0WrS-r2lC~0SAkVYeX5e-YeIGghJYjpaBzEnMfoOILsGZyaChV9qv216iut0ILC51-U9i~jw__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/118501989/Journal_article_9_Satyanarayan_Kanungo-libre.pdf?1727581106=&response-content-disposition=inline%3B+filename%3DEdge_to_Cloud_Intelligence_Enhancing_IoT.pdf&Expires=1776781684&Signature=Iu0Kf95GXToyCIVeyV82NxVMbA3imlkroKD8MSh1s-xDAJras9OhbKlbB-u4BYLRTMdYTQDwonqXLvIhG464C6xaoBWv0ZcVB1zosnKDDx2Cc4CMVEGr9HTivt5SHFabv852eDJyZkOI4P4XWwFbEoO163bs~o3i5mtMujVY5gYs7oQ5SURs4rQNX9LDkKeIB2hBnd10wR-VOZlG0w658TTpy68HKvI-yUeCeNhi9IGOBJ6I3zT-xuzXn3OumFVeKQP5lDcrckTcOI0WrS-r2lC~0SAkVYeX5e-YeIGghJYjpaBzEnMfoOILsGZyaChV9qv216iut0ILC51-U9i~jw__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/118501989/Journal_article_9_Satyanarayan_Kanungo-libre.pdf?1727581106=&response-content-disposition=inline%3B+filename%3DEdge_to_Cloud_Intelligence_Enhancing_IoT.pdf&Expires=1776781684&Signature=Iu0Kf95GXToyCIVeyV82NxVMbA3imlkroKD8MSh1s-xDAJras9OhbKlbB-u4BYLRTMdYTQDwonqXLvIhG464C6xaoBWv0ZcVB1zosnKDDx2Cc4CMVEGr9HTivt5SHFabv852eDJyZkOI4P4XWwFbEoO163bs~o3i5mtMujVY5gYs7oQ5SURs4rQNX9LDkKeIB2hBnd10wR-VOZlG0w658TTpy68HKvI-yUeCeNhi9IGOBJ6I3zT-xuzXn3OumFVeKQP5lDcrckTcOI0WrS-r2lC~0SAkVYeX5e-YeIGghJYjpaBzEnMfoOILsGZyaChV9qv216iut0ILC51-U9i~jw__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/118501989/Journal_article_9_Satyanarayan_Kanungo-libre.pdf?1727581106=&response-content-disposition=inline%3B+filename%3DEdge_to_Cloud_Intelligence_Enhancing_IoT.pdf&Expires=1776781684&Signature=Iu0Kf95GXToyCIVeyV82NxVMbA3imlkroKD8MSh1s-xDAJras9OhbKlbB-u4BYLRTMdYTQDwonqXLvIhG464C6xaoBWv0ZcVB1zosnKDDx2Cc4CMVEGr9HTivt5SHFabv852eDJyZkOI4P4XWwFbEoO163bs~o3i5mtMujVY5gYs7oQ5SURs4rQNX9LDkKeIB2hBnd10wR-VOZlG0w658TTpy68HKvI-yUeCeNhi9IGOBJ6I3zT-xuzXn3OumFVeKQP5lDcrckTcOI0WrS-r2lC~0SAkVYeX5e-YeIGghJYjpaBzEnMfoOILsGZyaChV9qv216iut0ILC51-U9i~jw__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/64757893/IRJET_V7I9519-libre.pdf?1603544719=&response-content-disposition=inline%3B+filename%3DIRJET_Hybrid_Cloud_The_New_Generation_of.pdf&Expires=1776781491&Signature=KZ7Kx3mFDe3YWx~0UfYg~YxaSnT5ENnGXly79bsxwpTfOGlryckGrouWIdotoNH3Oh~n3LPt73MY4UENuYD78EBOKUcRE36toBDtb~Q6pycPI-wpREMtgx8xMOhLwFdSsROmUyR1pNgPx1RraQyn5hZymIolAZkQJoHYsfj0ZjX1SfCDi5aUqOQdFH4c7o6ZrlkRtwaCzyXF2ha9YKi0lo-x5zE8s4UrrhVaWJdZIsPQNWDL75T7FWvlP9BS6LfXT5mechcN3-hTP4Sxvz~LHVjaBS5xJHwHloo4RgEBlwS2St5eqC~PoNJ9FH5oJDeSJEwujsOIzNa5qsQzRsB2ZQ__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/64757893/IRJET_V7I9519-libre.pdf?1603544719=&response-content-disposition=inline%3B+filename%3DIRJET_Hybrid_Cloud_The_New_Generation_of.pdf&Expires=1776781491&Signature=KZ7Kx3mFDe3YWx~0UfYg~YxaSnT5ENnGXly79bsxwpTfOGlryckGrouWIdotoNH3Oh~n3LPt73MY4UENuYD78EBOKUcRE36toBDtb~Q6pycPI-wpREMtgx8xMOhLwFdSsROmUyR1pNgPx1RraQyn5hZymIolAZkQJoHYsfj0ZjX1SfCDi5aUqOQdFH4c7o6ZrlkRtwaCzyXF2ha9YKi0lo-x5zE8s4UrrhVaWJdZIsPQNWDL75T7FWvlP9BS6LfXT5mechcN3-hTP4Sxvz~LHVjaBS5xJHwHloo4RgEBlwS2St5eqC~PoNJ9FH5oJDeSJEwujsOIzNa5qsQzRsB2ZQ__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/64757893/IRJET_V7I9519-libre.pdf?1603544719=&response-content-disposition=inline%3B+filename%3DIRJET_Hybrid_Cloud_The_New_Generation_of.pdf&Expires=1776781491&Signature=KZ7Kx3mFDe3YWx~0UfYg~YxaSnT5ENnGXly79bsxwpTfOGlryckGrouWIdotoNH3Oh~n3LPt73MY4UENuYD78EBOKUcRE36toBDtb~Q6pycPI-wpREMtgx8xMOhLwFdSsROmUyR1pNgPx1RraQyn5hZymIolAZkQJoHYsfj0ZjX1SfCDi5aUqOQdFH4c7o6ZrlkRtwaCzyXF2ha9YKi0lo-x5zE8s4UrrhVaWJdZIsPQNWDL75T7FWvlP9BS6LfXT5mechcN3-hTP4Sxvz~LHVjaBS5xJHwHloo4RgEBlwS2St5eqC~PoNJ9FH5oJDeSJEwujsOIzNa5qsQzRsB2ZQ__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/64757893/IRJET_V7I9519-libre.pdf?1603544719=&response-content-disposition=inline%3B+filename%3DIRJET_Hybrid_Cloud_The_New_Generation_of.pdf&Expires=1776781491&Signature=KZ7Kx3mFDe3YWx~0UfYg~YxaSnT5ENnGXly79bsxwpTfOGlryckGrouWIdotoNH3Oh~n3LPt73MY4UENuYD78EBOKUcRE36toBDtb~Q6pycPI-wpREMtgx8xMOhLwFdSsROmUyR1pNgPx1RraQyn5hZymIolAZkQJoHYsfj0ZjX1SfCDi5aUqOQdFH4c7o6ZrlkRtwaCzyXF2ha9YKi0lo-x5zE8s4UrrhVaWJdZIsPQNWDL75T7FWvlP9BS6LfXT5mechcN3-hTP4Sxvz~LHVjaBS5xJHwHloo4RgEBlwS2St5eqC~PoNJ9FH5oJDeSJEwujsOIzNa5qsQzRsB2ZQ__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/64757893/IRJET_V7I9519-libre.pdf?1603544719=&response-content-disposition=inline%3B+filename%3DIRJET_Hybrid_Cloud_The_New_Generation_of.pdf&Expires=1776781491&Signature=KZ7Kx3mFDe3YWx~0UfYg~YxaSnT5ENnGXly79bsxwpTfOGlryckGrouWIdotoNH3Oh~n3LPt73MY4UENuYD78EBOKUcRE36toBDtb~Q6pycPI-wpREMtgx8xMOhLwFdSsROmUyR1pNgPx1RraQyn5hZymIolAZkQJoHYsfj0ZjX1SfCDi5aUqOQdFH4c7o6ZrlkRtwaCzyXF2ha9YKi0lo-x5zE8s4UrrhVaWJdZIsPQNWDL75T7FWvlP9BS6LfXT5mechcN3-hTP4Sxvz~LHVjaBS5xJHwHloo4RgEBlwS2St5eqC~PoNJ9FH5oJDeSJEwujsOIzNa5qsQzRsB2ZQ__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/64757893/IRJET_V7I9519-libre.pdf?1603544719=&response-content-disposition=inline%3B+filename%3DIRJET_Hybrid_Cloud_The_New_Generation_of.pdf&Expires=1776781491&Signature=KZ7Kx3mFDe3YWx~0UfYg~YxaSnT5ENnGXly79bsxwpTfOGlryckGrouWIdotoNH3Oh~n3LPt73MY4UENuYD78EBOKUcRE36toBDtb~Q6pycPI-wpREMtgx8xMOhLwFdSsROmUyR1pNgPx1RraQyn5hZymIolAZkQJoHYsfj0ZjX1SfCDi5aUqOQdFH4c7o6ZrlkRtwaCzyXF2ha9YKi0lo-x5zE8s4UrrhVaWJdZIsPQNWDL75T7FWvlP9BS6LfXT5mechcN3-hTP4Sxvz~LHVjaBS5xJHwHloo4RgEBlwS2St5eqC~PoNJ9FH5oJDeSJEwujsOIzNa5qsQzRsB2ZQ__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/64757893/IRJET_V7I9519-libre.pdf?1603544719=&response-content-disposition=inline%3B+filename%3DIRJET_Hybrid_Cloud_The_New_Generation_of.pdf&Expires=1776781491&Signature=KZ7Kx3mFDe3YWx~0UfYg~YxaSnT5ENnGXly79bsxwpTfOGlryckGrouWIdotoNH3Oh~n3LPt73MY4UENuYD78EBOKUcRE36toBDtb~Q6pycPI-wpREMtgx8xMOhLwFdSsROmUyR1pNgPx1RraQyn5hZymIolAZkQJoHYsfj0ZjX1SfCDi5aUqOQdFH4c7o6ZrlkRtwaCzyXF2ha9YKi0lo-x5zE8s4UrrhVaWJdZIsPQNWDL75T7FWvlP9BS6LfXT5mechcN3-hTP4Sxvz~LHVjaBS5xJHwHloo4RgEBlwS2St5eqC~PoNJ9FH5oJDeSJEwujsOIzNa5qsQzRsB2ZQ__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/64757893/IRJET_V7I9519-libre.pdf?1603544719=&response-content-disposition=inline%3B+filename%3DIRJET_Hybrid_Cloud_The_New_Generation_of.pdf&Expires=1776781491&Signature=KZ7Kx3mFDe3YWx~0UfYg~YxaSnT5ENnGXly79bsxwpTfOGlryckGrouWIdotoNH3Oh~n3LPt73MY4UENuYD78EBOKUcRE36toBDtb~Q6pycPI-wpREMtgx8xMOhLwFdSsROmUyR1pNgPx1RraQyn5hZymIolAZkQJoHYsfj0ZjX1SfCDi5aUqOQdFH4c7o6ZrlkRtwaCzyXF2ha9YKi0lo-x5zE8s4UrrhVaWJdZIsPQNWDL75T7FWvlP9BS6LfXT5mechcN3-hTP4Sxvz~LHVjaBS5xJHwHloo4RgEBlwS2St5eqC~PoNJ9FH5oJDeSJEwujsOIzNa5qsQzRsB2ZQ__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/64757893/IRJET_V7I9519-libre.pdf?1603544719=&response-content-disposition=inline%3B+filename%3DIRJET_Hybrid_Cloud_The_New_Generation_of.pdf&Expires=1776781491&Signature=KZ7Kx3mFDe3YWx~0UfYg~YxaSnT5ENnGXly79bsxwpTfOGlryckGrouWIdotoNH3Oh~n3LPt73MY4UENuYD78EBOKUcRE36toBDtb~Q6pycPI-wpREMtgx8xMOhLwFdSsROmUyR1pNgPx1RraQyn5hZymIolAZkQJoHYsfj0ZjX1SfCDi5aUqOQdFH4c7o6ZrlkRtwaCzyXF2ha9YKi0lo-x5zE8s4UrrhVaWJdZIsPQNWDL75T7FWvlP9BS6LfXT5mechcN3-hTP4Sxvz~LHVjaBS5xJHwHloo4RgEBlwS2St5eqC~PoNJ9FH5oJDeSJEwujsOIzNa5qsQzRsB2ZQ__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://www.doi.org/10.56726/IRJMETS4578

