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ABSTRACT

Contextually, the Industrial Internet of Things (IIoT) contributes significantly to the Industry 4.0 to deliver
intelligent monitoring and predictive maintenance systems. Nevertheless, the [oT sensor data, particularly in
alpha-phase applications, are very volatile and intermittent with devices, which create significant obstacles
to trustworthy data analysis. This paper introduces a mature and scalable framework to Long Short-Term
Memory (LSTM) network and an innovative Intuitive Feature Wavelet Transformation (IFWT) mechanism
that may be employed to successfully model and explain such time-varying time-series data. LSTM is a form
of Recurrent Neural Network (RNN), and may be utilized to learn a temporal dependency between
multivariate temperature measurements observed by sensors installed within as well as outside a controlled
room atmosphere. The implementation using the architect of the Block chain layer achieved by the
application of 5 layer and 13-layer functional transformations developed by using e-waste information
security and threefold and multilabel categorization resolution in the advertisement of revolutionary 10T.
Results of the experiment indicate that the suggested LSTM-based model is highly accurate in forecasting
and detecting anomalies even in the presence of data instability. In order to make the models more
interpretable, IFWT is proposed as a post-hoc approach to analysis that converts the weights of learned
features into human-intuitive formats. The results of the Precision and performance in terms of F-1scores
have been found to be more than 15% better in time series solution and more than 96% better in terms of
classifications than SOA architectures. The proposed study proposes the vitality of [IOT ecosystems on block
chain technology employed with augmented throughput imploring the many state-of-the-art methods and
other deep learning structures to actualize the many solutions on ITIOT.

Keywords: Industrial Internet of Things (IIOT), IFWT (Intuitive Feature Wavelet Transform), Deep
Learning (DL), Recurrent Neural Network (RNN), Long Short-Term Memory (LSTM).

1. INTRODUCTION alpha phase where equipment will malfunction and

the hardware equipment is not constant as well as the

Another enterprise system aspect trend leads to the
rapid rise of the Industrial Internet of Things (1IoT),
which facilitates the reception of real-time
information related to the network of intelligent
sensors [1]. In [2], implications of rapid growth on
the performance of the device (noise, integrity, and
sustainability) are addressed under the assumption
that the performance attribute of the device is
improved due to rapid growth of the device. In
addition, the sensors are volatile especially in the

transmission is slow [3]. This further requires
advanced algorithms to analyze sensors to get
efficient information so as to get out of the typical
solutions [4]. Two common Deep Learning (DL)
networks used to achieve better outcomes on time-
series sensor data and process that are complex are
Long  Short-Term  Memory (LSTM) and
Convolutional Neural Network (CNN) due to their
temporal and spatial representation [5]. In the
meantime, these ensemble algorithms like the
Random Forest and Gradient Boosting are not
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resistant to the noisy data as well as to the imbalance
data [6]. Moreover, the data transparency and trust
problem can be resolved through the adoption of
blockchain into the IToT ecosystem [7]. Blockchain
guarantees secure, traceable and permanent data
storage within distributed networks [8]. Hybrid
architecture based on the integration of DL and
blockchain has been demonstrated in this context to
increase trustworthiness and interpretability [9].
Increasingly, e-waste issues are becoming the focus
of e-waste with blockchain also contributing to green
practices by tracking the lifecycle of devices and
recycling them responsibly [10]. All these
technological developments can help to fill the
urgent demand of IIoT analytics on strong,
interpretable and sustainable solutions [11].

A. Problem statement

With the increased deployment of the IoT based
infrastructure, new issues in relation to data
accuracy, consistency and security have emerged in
IIoT systems [12]. Alpha deployments have been
reported to experience periods of erratic shutdowns
of temperature and environmental sensors, unstable
data transmission, and outliers [13]. Analysis of the
timeseries data cannot be performed using any
standard statistical or rule-based processing due to
the dynamically high-volume data [14]. In addition,
these constraints have a radical influence on the
verisimilitude of the recuperation which is firsthand
to project to maintain and deliver irregularity feeling
in shrewd structures [15]. The fact that there are no
established mechanisms to verify and confirm
authenticity of taken data across the lifecycle of the
device is an important concern [16]. As the number
of discarded and obsolete internet of things devices
grows, it becomes important to control their
environmental impact, particularly e-waste [17].
Regrettably, the current systems can hardly
accommodate accountability mechanisms to deal
with these challenges [18]. Therefore, the IloT
ecosystem needs an effective, intelligent and
sustainable data analysis system that will look at
both the technical and environmental limitations in
totality [19].

B. Challenges

IIoT sensor data presents several intrinsic
challenges. First, the presence of noise, outliers, and
missing values leads to data unreliability and impairs
decision-making processes [20]. Time-series data is
particularly prone to fluctuating behavior due to
environmental interference or hardware
inconsistencies [21]. Second, maintaining the
interpretability of Al-driven models is essential,
especially in  safety-critical or regulatory

environments [22]. Black-box models such as deep
neural networks often lack transparent reasoning,
limiting stakeholder trust [23]. Third, ensuring data
integrity, especially when data travels across
distributed systems, is non-trivial [24]. Blockchain
technology offers immutability, but its scalability
and latency limitations in real-time IloT applications
are still under investigation [25]. Fourth, the
challenge of sustainable e-waste management
persists due to the rapid obsolescence of IoT
hardware [26]. Monitoring device provenance and
enforcing responsible recycling are rarely integrated
into mainstream analytical pipelines [27].
Addressing these multifaceted issues requires a
comprehensive, multi-layered solution combining
Al, security, and sustainability strategies [28].

C. Motivation

Addressing the shortcomings of current
IIoT analytical systems requires a robust, intelligent,
and transparent framework [29]. The capability of
LSTM to capture temporal dependencies makes it an
excellent candidate for analyzing highly fluctuating
time-series sensor data [30]. However, conversely,
the lack of intuitive interpretability is common in
black-box deep learning systems, which inspired the
development of new interpretability methods, such
as Intuitive Feature Weight Transformation (IFWT)
[31]. IFWT helps bridge accuracy-explainability
relationship in models, which enables a better
engagement and trust from those involved.53
Furthermore, with help of the omnipotent trait of
blockchain, to store and trace sensor data, we can
augment data integrity as well as device lifecycle
[33]. The synthesis of the hybrid method applies
more effectively to the users to entrap more effective
solutions with ewaste and imploring with alternative
block chain security processes. Therefore, a synergy
between LSTM, IFWT, and blockchain provides a
chance to empennify the technical and ethical
features of the data ecosystem grounded on Internet
of Things.

D. Researchg Gap

Despite the advancements in the field of
IIoT analytics, there are still a few gaps being left
unaddressed. Existing deep learning models have
problems with highly noisy, intermittent and
incomplete sensor time series data and because of
their black box nature, they are critically lacking in
interpretations in safety-critical environments.
Current use cases of blockchain technologies in
industry Although useful for data integrity,
implementations of blockchain technologies still
have some barriers when it comes to latency and
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scalability for real-time IloT environments.
Moreover, e-waste provenance and lifecycle
accountability are seldom incorporated in analysis
frameworks and sustainability concerns are left
behind. No currently existing system combines these
three aspects of denoising, interpreting temporal
modelling, and secure data governance into a single,
holistic solution. This gap is the motivation for the
building of a  unified framework  of
IFWT+LSTM+Blockchain for trustworthy and
sustainable IloT operation.

E. Research Contribution

The proposed system which combines
LSTM networks, Intuitive Feature Weight
Transformation (IFWT) and blockchain handles
critical limitations highlighted in contemporary IIoT
literature directly. Existing studies highlight
persistent problems including noisy and incomplete
sensor data, dark black boxes of Deep learning
models and vulnerabilities in distributed data
transmission as well as sustainable management of
device life cycle. While LSTM is state-of-the-art in
modeling fluctuating time series behavior, the
current body of research always points out LSTM's
low interpretability that hinders its implementation
in safety-critical industrial environments. IFWT
goes beyond this frontier to make hidden feature
interactions interpretable and treat them as
unobtrusive importance weights, which fixes a huge
gap on explainability which has not been completely
curated for traditional feature interpolation
approaches. Likewise, while blockchain has been
investigated as a method for improving the
trustworthiness of data, there have been reports in
the literature regarding the integration of blockchain
into real-time IloT analytics and sustainability
initiatives, especially as the integration of
blockchain is difficult. In this regard, the importance
of the proposed study is the holistic synthesis of
these technologies to bridge gaps addressed
separately by currently available approaches. By
bringing together the modeling of temporal data, a
model that can be interpreted by people and data that
can be changed immutably, unifying the three
elements, the framework is not only pushing
technical performance but also addresses ethical and
environmental questions. This connective approach
to the process makes the system a meaningful
contribution to the evidence-based evolution of the
state of the art in IloT data ecosystems with
mentioned objectives.

F. Objectives

The contributions of the paper follow with an
analytical framework designed to overcome the

sensor data violations of uncertainty on security
models design with Blockchain technology are:

e To develop the LSTM-based model such
that it will be able to learn the temporal
pattern and predict the trends in noisy
sensor data

o To present Intuitive Feature Weight
Transformation (IFWT) to improve the
interpretation of model outputs and finding
the most important influencing variables.

o To integrate blockchain technology to
provide integrity of data, traceability and
sustainability, particularly regarding e-
waste management.

o To test the suggested system against the
actual temperature data and prove the high
accuracy in both prediction and anomaly
detection.

G. Overview

This paper is structured as follows with section-1
introducing the overall research studies to provide
significant motivation towards IIOT and its
challenges observed and are tackled with proposed
objectives. While, section 2 examines the literature
in the field of IIoT data analytics, explainability of
models used and incorporation of blockchain in
ensuring secure and provenance data management.
Section 3 presents the proposed methodology,
including the design of the LSTM-based forecasting
model, the use of the Intuitive Feature Weight
Transformation (IFWT) to  improve the
interpretability of the model, and the use of
blockchain technology to guarantee the data
integrity and the lifecycle traceability. The fourth
section includes the description of the experimental
setup, which includes the description of the
temperature sensor dataset that was utilized during
the alpha testing stage. Section 5 is about
performance evaluation measures, experimental
implementation results, and a discussion about the
predictive accuracy and detection of abnormalities in
the system. Section 6 discusses the environmental
and sustainability consequences of the suggested
system and how blockchain can be used to help with
responsible e-waste management and monitor device
lifecycle. Lastly, Section 7 wraps the paper with the
possible future research directions that can be
undertaken to enhance scalability, real time
applications and cross domain relevance of the
proposed framework.
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2. LITERATURE SURVEY

A. IIoT Data Analytics and Anomaly Detection

The industrial Internet of things (IIoT) systems
generate large volume and high velocity data streams
which require significant techniques of analysis.
Traditional analytics typically cannot support noisy
and dynamic data with missing values [1]. To
manage this, the ensemble methods such as the
Random Forest and Gradient Boosting have been
applied since they are immune to outliers and non-
linear trends [2]. In addition to this, the Bayesian
methods have been applied in real-life applications
like quantification of uncertainties, especially when
making critical decisions [3]. The noisy data streams
have facilitated unsupervised detection of IoT
anomalies and pattern recognition by using the
clustering algorithms, including the K-means
algorithm and the DBSCANS algorithm [4].

The same is now necessary because of deep
learning algorithms. CNNs have been employed in
sensor networks to identify spatial anomalies [5], but
RNNs and GRUs have been shown to be very useful
in identifying the time-related information of IToT
data [6]. It has already been demonstrated in the
literature, such as [7], that the combination of CNNs
and RNNs could be used to increase the accuracy of
the predictions in the example of the energy and
environmental streams. The developments enable
predictive maintenance, process optimization and
the faults to be detected on the industrial systems,
and detection of faults in the industrial systems.

B. Deep Learning and Interpretability in IoT

Deep learning ensures enhanced predictive
performance, though it still faces the problem of
interpretability. It is essential to the trust and
accountability of high stakes industrial applications
to develop explainable models. The Intuitive Feature
Weight Transformation (IFWT) is presented to
transform the high-level model predictions into
readable insights to enable the stakeholders to
comprehend the impact of features [8]. Long-
sequence modelling and anomaly forecasting are the
most significant strengths of LSTM models [9],
which is effectively used with IFWT to explain the
model [10]. The tools are essential in enhancing
decision support systems within the IloT
environments.

C. Blockchain for Data Security and Lifecycle
Traceability

The blockchain technologies have become highly
popular within the I1oT systems due to the capability
to guarantee the transparency, immutability, and
security of data transactions. A blockchain-based

system of privacy-preserving collaborative model
training is given in [11], which is resistant to
malicious attacks. In [12], the simulation-based
verification of the use of DAG based blockchain
implementation to IoT system is investigated. A
searchable blockchain system was created in [13] to
increase the usability of healthcare data and preserve
privacy, which demonstrates the independence of
blockchain on industrial systems.

The possibilities of using blockchain to trace the
energy sources and track the agricultural products
have also been explored widely. As an illustration,
the redactable blockchain-based agricultural data
management models were proposed in [14], and
peer-to-peer energy trading with blockchain smart
contracts is shown in [15]. Moreover, blockchain is
also suggested to be integrated with smart grids to
prevent electricity theft in [16], and secure and
traceable data management systems are also
discussed in [17] in IToT applications.

Blockchain has been used in IoV (Internet of
Vehicles) applications utilizing for managing
dynamic trust in a dynamic way [18], in educational
contexts (metaverse systems) [19], and secure data
sharing systems [20]. These reports consistently
point to the use of blockchain in improving trust,
traceability and decentralized governance in smart
spaces.

D. Sustainability and E-Waste Management
with Blockchain

As IoT deployments scale globally, the resulting
e-waste presents serious sustainability challenges.
Blockchain offers potential solutions by enabling
traceable device lifecycle monitoring and recycling
accountability [21]. In [22], blockchain was used to
manage the provenance of IoT devices, supporting
responsible reuse and disposal. Research in [23]
explores smart contract design patterns that promote
energy-efficient device lifecycle management.

The environmental benefits of blockchain-based
traceability are further demonstrated in agriculture
[24] and energy markets [25]. In [26], a reputation-
aware, transactive energy market using blockchain is
proposed, supporting renewable integration and user
engagement. Studies like [27] to apply blockchain to
manage academic and research outputs that
influence digital asset valuation (e.g., Bitcoin),
showing broader intersections between blockchain,
sustainability, and digital governance.

Furthermore, emerging frameworks have
explored integrating blockchain with Al-based
scheduling and tokenized systems to optimize
resource utilization while ensuring traceability [28].
Other works examine barriers to blockchain
adoption in energy and transportation sectors,

309



Journal of Theoretical and Applied Information Technology ~
15% January 2026. Vol.104. No. 1 N

© Little Lion Scientific

SATIT

ISSN: 1992-8645

E-ISSN: 1817-3195 |

revealing the need for stakeholder trust and policy
alignment [29], [30]. Blockchain’s scalability,
particularly through Layer-2 scaling solutions and
dynamic sharding, is also explored for sustainable
IoT growth [31], [32].

Finally, encryption-integrated blockchain
schemes are proposed for traceable, secure data
handling in design environments like BIM (Building
Information Modeling) [33].

Over time, research in the fields of IloT data
analytics, deep learning, and blockchain integration
has shown significant evolution—from foundational
anomaly detection and data forecasting methods to
more advanced, hybrid systems that emphasize
transparency, interpretability, and sustainability.
Initially, traditional statistical and machine learning
models dominated IloT analytics, but their
limitations in handling noisy, time-series data led to
the adoption of deep learning techniques like LSTM
and CNNs, which enabled improved pattern
recognition and predictive capabilities.
Nevertheless, the black-box nature of these models
resulted in a parallel interest in interpretability,
which have created methods such as Intuitive
Feature Weight Transformation (IFWT) to gain
more confidence from stakeholders. At the same
time, Blockchain technology has evolved from its
origins in the financial sector to become a key means
of guiding information integrity, traceability, and
lifecycle management, such as agriculture, energy,
medical care, smart grids, etc. This direction
suggests the creation of more secure, explainable
and environmentally friendly system. Nevertheless,
these developments have not fully solved the
challenges, particularly for real-time scalability of
blockchain in  the  IoT, cross-platform
interoperability, models’ generalization in unseen
environment, and standardized platform for
monitoring e-waste. The future research in
blockchain should focus on optimizing resource
efficient blockchain protocols development of
unified DL +Blockchain and promoting circular
Internet of Things through policy and technological
innovation.

E. Summary of Literature

Although great progress has been made in IIoT data
analytics, deep learning, and blockchain-based trust
systems, the existing literature still presents several
limitations that require the present research to be
carried out. Traditional machine learning and
ensemble approaches (e.g., Random Forest, Gradient
Boosting) are robust against noise however not good
enough in terms of capturing long term temporal
dependencies in highly volatile IloT Sensor data.
Deep learning models like CNNs, RNNs, GRUs, and

hybrid CNN-RNN models boost the accuracy of
predictions, but due to being black box models, they
are limited in terms of interpretability, which is a
very important requirement in safety-critical
industrial environments. While the recent works
include some interpretability mechanisms, such as
IFWT, their adoption is still scattered and hardly
integrated in the complete IIoT pipelines having to
deal with real world, noisy, alpha-phase sensor
deployments. Similarly, blockchain research shows
improvement in terms of transparency, immutability,
and decentralized trust but current implementations
focused on IloT are facing unresolved challenges in
terms of scalability, latency, and real-time
interoperability. Further, conceptually isolated
planet traceability practice of e-waste management
and devices lifecycle traceability systems without
the practice links with IoT analytics work flow or
code to predictive maintenance frameworks. As a
result, rates for RL positions Chinese precedent
studies lack unified solutions that can (i) stabilise
noisy and intermittent signals generated by such
sensors, (ii) deliver interpretable deep learning
conclusions, (iii) secure end-to-end data flow and
(iv) facilitate sustainable device lifecycle
governance. Addressing these shortcomings, in the
present work a hybrid LSTM-IFWT based
Blockchain architecture is proposed, which
addresses the signal quality by performing a wavelet
based denoising process, improve the transparency
by proposing an intuitive feature weighting process,
include a blockchain to make analytics tamperproof
and auditable, and finally connect real-time
prediction with traceable e-waste and device
lifecycle management processes to achieve a
comprehensive and novel advancement over existing
state-of-the-art methods in IIoT research.

3. MATERIALS AND METHODS

A. Concept

In the proposed system, blockchain technology,
advanced algorithms, and deep learning (DL)
methods are proposed for the control based on the
IoT temperature sensors. Ensemble algorithms and
Bayesian algorithms are employed to cope with the
noise contained in the readings from sensors and
measure appropriately the uncertainties in the
predictions. This approach will render the insights
drawn from the IoT data reliable and trustworthy
which is important to effective temperature control
systems. Moreover, clustering algorithms are used
for identifying the pattern with different types of
data and hence to detect anomaly and cluster the
data. The earlier the anomalies in the information
streams are analyzed in the IoT, the more responsive
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the system will be to the potential issues compared
to the lack of the system.

In particular, Convolutional Neural Networks
(CNNs) and Recurrent Neural Networks (RNNs) -
Long Short-Term Memory (LSTM) models are
deployed as DL systems that are combined with
blockchain technology to make the information flow
secured and integrity-guaranteed over the Internet of
Things. The new aspects of the combined approach
between the Layer modelling and Deep learning with
Blockchain parameters would establish the
immutability and the traceability in the processed
data. The system plays the role of safeguarding and
securing the IoT of data transactions to minimize the
risks involved in the manipulation and accessing of
data without due authorization. the establishment of
trust by the stakeholders involved and making
transactions of all data in the whole ABI of the IoT
auditable and accountable.

Besides this, the system also utilizes better
means like Intuitive Feature Weight Transformation
(IFWT) to amass extra analytical power. Its feature
transformation can also be done with small effort
with the assistance of IFWT and hence feature an
insight gained with a complex data can be acted
upon. This really comes in handy in the control
systems, which incorporate IoT temperature sensors
since discerning useful information out of the sensor
data is the foundation of controlling the temperature
more efficiently. Assuming that the data on IFWT
can be turned into part of the features retrieved, the
system will be more noticeable and receptive to
fluctuations in the temperature, thus will be in a
position to offer more efficient and effective
regulations mechanism. Overall, the project
execution outlined above is an integrated solution to
the issue of IoT temperature sensors-based control.
By integrating the potential of the innovative
algorithm with the capabilities of the three ICTs, and
IFWT specifically, the proposed system should offer
increased operational efficiency and contribute to
the sustainability and knowledge-based decision-
making in the applications of temperature control.
Moreover, the importance of secure, transparent and
verifiable data transactions is addressed, which is of
high relevance for the generation of innovations and
the development of trust in the dynamic environment
of the loT-based control systems.

B. Workflow and Architecture diagram

e
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Figure 1:Representing The Overall Workflow The Block
Chain Diagram

The preprocessing workflow diagram in
figure-1 depicts a hierarchical tree structure of
operations on raw data of IoT temperature sensors,
which commences with a time-series of inputs
30x30824 matrix. The first node is the raw device
sensor data which is then denoised and reconstructed
with Inverse Fast Wavelet Transform (IFWT) at
level 4d4 with 3 levels to essentially eliminate noise
variance and adjust wavelet coefficients to create a
less noisy signal. This is essential in improving the
quality of the data in noisy conditions like in
industrial or e-waste scenario where electromagnetic
interference or vibrations may corrupt the readings.
Subsequently, the IFWT workflow model is further
broken down into normalization with Min-Max or Z-
Score scaling of data to ensure uniformity and an
80/20 split of the data between train/test sets to
ensure the data is scaled accordingly to avoid
situations of feature overpowering and to prepare
subsets to train a model.

Average transform is performed in the following
steps of the data preprocessing process, in the
centring of the data, where the mean is subtracted to
stabilize the data and assist in convergence in further
modelling. The last node is devoted to the feature
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extraction, which includes time/frequency-domain
features, statistics as well as FFT components of
transformed data. The algorithm architecture is
directly informed by this workflow by reducing
these steps to the Layers 1-3 (Input/Preprocessing,
Feature Extraction, Normalization/Splitting) to
effectively make use of algorithmic changes such as
adaptive IFWT parameters to improve noise

handling. Likewise, the 13-layer architecture scales
this to granular Layers 1-8 that separate cleaning,
denoising, reconstruction, scaling, splitting, and
transformation so that it can be refined (e.g., by
increasing levels of decomposition) to exploit
environment-specific variations to capture time-
series patterns better when modelling IoT-based
applications.
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Figure 2: Represneting The Overall Blockchain Architectue For The Propsoed Design LSTM+IFWT
The overall architecture diagram in figure-2 depicts  (e.g., separate denoising/reconstruction, feature

a comprehensive horizontal flow integrating
preprocessing with modeling and output stages for e-
waste classification in IoT systems. It begins with
device sensor data flowing through IFWT denoising,
normalization, mean transformation, and feature
extraction, then proceeds to data splitting and
RBFN+IFT (Radial Basis Function Network with
Intuitive Feature Transformation) for advanced
pattern recognition. The pipeline continues to fitting
training, prediction (including test cases), and
performance evaluation with metrics like accuracy,
precision, recall, and Fl-score, branching into e-

waste categories (electronics, battery,
miscellaneous) or no e-waste, emphasizing a
classification-oriented  endpoint  secured by

blockchain.

This architecture leverages the 5-layer algorithm by
grouping into Input (preprocessing), Hidden Layers
(feature extraction, splitting/model prep,
training/evaluation), and Output (classification),
utilizing changes like feedback loops to refine IFWT
or RBFN parameters for higher Fl-scores in
dynamic environments. The 13-layer version refines
this further by dedicating layers to each sub-step

domains), allowing modular utilization of updates
such as Bayesian enhancements or blockchain
hashing, resulting in robust, secure predictions for
IoT control and e-waste identification with reduced
overfitting.

C. Algorithms and Protocol design

Algorithm 1: 5-Layer Architecture for IoT
Temperature Sensor Data Analysis Using LSTM
and Blockchain

Input: Raw temperature sensor data (time-series
format, e.g., 30x30824 matrix) represented as V =
{vl,v2,v3, ..., v} where vi is a time-series value

Output: Secured predictive model outputs for IoT
control systems

1: Layer 1: Data Collection and Definition

2: Define analysis IoT-based
temperature control.

objective for

3: Collect raw time-series data from deployed IoT
sensors, including temperature readings and
timestamps as V.
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4: Layer 2: Preprocessing and Denoising

5: Clean data by handling missing values and
outliers in V.

6: Apply Inverse Fast Wavelet Transform (IFWT)
for denoising and reconstruction:

7: Transformed V «— IFWT(V)

8: // IFWT parameters: 4 decomposition levels, 3
iterations

9: // Considerations: Handle noise variance, adjust
wavelet coefficients

10: // Pseudo-code:

11: FOR each viin V

12: Decompose vi into wavelet coefficients
13: Apply thresholding to remove noise

14: Reconstruct vi' using inverse transform 15:
Transformed V « Transformed V U {vi'}

16: END FOR

17: Layer 3: Normalization and Splitting 18:
Normalize data using Min-Max or Z-Score scaling
for consistency:

19: // Pseudo-code:
20: FOR each vi in Transformed V
21: IF Min-Max scaling

22: vi_normalized < (vi - min(Transformed V)) /
(max(Transformed V) - min(Transformed V))

23: ELSE IF Z-Score scaling

24: mean « average(Transformed V)

25: std « standard deviation(Transformed_ V)
26: vi_normalized « (vi - mean) / std

27: END IF

28: END FOR

29: Perform mean transform by subtracting the mean
for data centring:

30: // Pseudo-code:

31: mean « average(Transformed V)
32: FOR each vi in Transformed V
33: vi_centered « vi - mean

34: END FOR

35: Split dataset into 80/20 train/test sets: 36: //
Pseudo-code:

R
313

37: total _samples « length (Transformed V)
38: train_size « 0.8 * total samples

39: train set <« first
Transformed V

train_size samples of

40:  test_set
Transformed V

remaining  samples  of

41: Layer 4: Feature Extraction and Enhancement

42: Extract time-domain, frequency-domain
features, statistics, and FFT components from
Transformed V:

43: // Pseudo-code:
44: FOR each vi in Transformed V

45: time features «— extract time stats(vi) // e.g.,
mean, variance 46: freq features « apply FFT(vi)
// FFT components

47: feature set « feature set U {time features,
freq features}

48: END FOR

49: Incorporate advanced techniques like IFWT-
enhanced feature weighting to capture complex
patterns: 50: // Pseudo-code:

51: FOR each feature in feature set

52: weighted feature «— IFWT _ weighting(feature)
/I Apply IFWT-based weighting

53: enhanced features <« enhanced features U
{weighted feature}

54: END FOR

55: Apply ensemble methods (bagging/boosting)
and Bayesian techniques to update probabilities and
improve robustness:

56: // Pseudo-code:

57: model ensemble « initialize ensemble()
58: FOR each model in model ensemble

59: train(model, train_set) // Bagging or boosting
60: END FOR

61:bayes_update«—
update bayesian_probs(model ensemble, train_set)
// Bayesian refinement

62: Layer 5: Model Design, Integration, and
Prediction

63: Design LSTM neural network architecture for
time-series analysis using extracted features as
inputs:
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64: // Pseudo-code:

65: Istm_model «—
create LSTM(enhanced_features) // Define LSTM
layers

66: Integrate blockchain for data security and
integrity during model training and inference:

67: // Pseudo-code:

68: blockchain « initialize blockchain()
69: FOR each data_batch in train_set

70: hash «— generate hash(data batch)
71: add_to_blockchain(blockchain, hash)
72: END FOR

73: Train LSTM model on training set, evaluate on
test set, and generate predictions for IoT control:

74: // Pseudo-code:

75: train(Istm_model, train_set)

76: accuracy «— evaluate(Istm_model, test set)
77: predictions «— predict(lstm_model, test_set)

78: output(predictions) // Secured predictions for
IoT control

Score scaling) so that all are in the same range and
have the same mean. Mean transform is also used to
homogenize the data by removing the mean. The
dataset is then split into an 80/20 train/test ratio to
prepare for model training and evaluation. Layer 4:
Feature Extraction and Enhancement involve
extracting time-domain and frequency-domain
features (e.g., mean, variance, FFT components)
from Transformed V, enhancing them with IFWT-
based feature weighting to capture complex patterns.
Ensemble methods (bagging/boosting) and Bayesian
techniques are applied to improve model robustness
and update probability distributions. Finally, Layer
5: Model Design, Integration, and Prediction
design an LSTM neural network using the enhanced
features, integrates blockchain for data security by
hashing and storing training data, and trains the
model on the training set, evaluates it on the test set,
and generates secured predictions for IoT control
systems.

Algorithm 2: 13-Layer Architecture for IoT
Temperature Sensor Data Analysis Using LSTM
and Blockchain

In the algorithm-1, the 5-Layer architecture for IoT
Temperature Sensor Data Analysis Using LSTM and
Blockchain begins with Layer 1: Data Collection
and Definition, where the objective of analysing
temperature data for IoT-based control systems is
established, and raw time-series data (represented as
V = {vl, v2, .., vn}) is gathered from deployed
sensors, including temperature readings and
timestamps. This foundational step ensures the data
aligns with the analysis goals. In Layer 2:
Preprocessing and Denoising, the raw data are
cleaned by addressing missing values and outliers,
followed by the application of the Inverse Fast
Wavelet Transform (IFWT) to denoise and
reconstruct the data. Each data is processed via the
IFWT procedure, 4 stages of decomposition, and 3
levels of processing justification. In these rounds, the
data is divided into wavelet coefficient to distinguish
signal and noise then threshold is applied to filter out
noise. The data is then remodeled with an improved
variant of the transformation so as to contextualize
more productive analysis and output.

In Layer 3, the information is further purged though
normalization and partitioning of the data. We have
therefore standardized the data (i.e. Min-Max or Z-

Input: Raw temperature sensor data (time-series
format, 30x30824 matrix) represented as V = {vl,
v2, V3, ..., vin} where vi is a time-series value

Output: Secured predictive model outputs for IoT
control systems

1: Layer 1: Input layer

2: Define an Input layer architecture to process the
data objective for analysing temperature data in IoT
control systems.

3: Layer 2: Dataset Combining with multiple
labels

4:  Gather raw time-series data from IoT sensors,
including temperature readings and timestamps as V.

5: Layer 3: Data Cleaning

6: Handle missing values and outliers in collected
data:

7: // Pseudo-code:
8: FOR eachviin V

9: IF vi is missing OR vi is outlier

10: vi «— impute_or_remove(vi) // e.g., mean
imputation or removal

11: END IF

12:  END FOR
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13: Layer 4: Denoising with IFWT

14: Apply Inverse Fast Wavelet Transform (IFWT)
for denoising (levels: 4d4, 3 levels):

15:  // Pseudo-code:
16:  FOR eachviin V

17: Decompose vi into wavelet coefficients //
Using 4 decomposition levels

18: Apply thresholding to remove noise

19: denoised coeffs «— thresholded coefficients

20: END FOR
21: Layer 5: Reconstruction with IFWT

22: Reconstruct denoised time-series data using
IFWT:

23:  Transformed V « IFWT(denoised coeffs)

24:  // IFWT parameters: 4 decomposition levels,
3 iterations

25: // Considerations: Handle noise variance,
adjust wavelet coefficients

26:  // Pseudo-code:

27:  FOR each set of denoised coeffs

28: Reconstruct vi' using inverse transform

29: Transformed V « Transformed V U {vi'}
30: ENDFOR

31: Layer 6: Normalization Scaling

32: Apply Min-Max or Z-Score scaling to
normalized data:

33:  // Pseudo-code:
34:  FOR each vi in Transformed V
35: IF Min-Max scaling

36: vi normalized <« (vi -
min(Transformed V)) / (max(Transformed V) -
min(Transformed V))

37: ELSE IF Z-Score scaling

38: mean «— average(Transformed V)

39: std « standard_deviation(Transformed V)
40: vi_normalized « (vi - mean) / std

41: END IF

42:  END FOR
43: Layer 7: Data parsing

R
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44:  Generate a function for Input data parsing
generating correct labels

45:  // Pseudo-code:
46:  total samples < length(Transformed V)
47: foriinT v:

48: T v<dimentionality
parse(T_v(1l:cout(labels)))

49: T v<ConditionalityProbability(T_v)

50: Layer 8: Mean Transformation

51: Subtract mean for data centering:

52:  // Pseudo-code:

53:  mean « average(Transformed V)

54:  FOR each vi in Transformed V

55: vi_centered «— vi - mean

56: END FOR

57: Layer 9: Feature Extraction - Time-Domain

58: Extract time-domain features and statistics from
transformed data:

59:  // Pseudo-code:
60:  FOR each vi in Transformed V

61: time features «— extract time stats(vi) //
e.g., mean, variance, skewness

62: feature set « feature set U {time features}
63: END FOR

64: Layer 10: Feature Extraction - Frequency-
Domain

65: Extract frequency-domain features using FFT
components:

66:  // Pseudo-code:
67:  FOR each vi in Transformed V

68: freq features «<— apply FFT(vi) // FFT
components, power spectrum

69: feature set «— feature set U {freq features}
70:  END FOR
71: Layer 11: Advanced Feature Weighting

72: Incorporate IFWT for intuitive feature weight
transformation to enhance inputs:

73:  // Pseudo-code:
74:  FOR each feature in feature set
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75: weighted feature <«
IFWT weighting(feature) // Apply IFWT-based
weighting

76: enhanced features «— enhanced features U

{weighted feature}
77:  END FOR

78: Layer 12:
Enhancement

Ensemble and Bayesian

79: Apply ensemble methods (bagging/boosting)
for model robustness:

80:  // Pseudo-code:
81:  model ensemble « initialize ensemble()
82:  FOR each model in model ensemble

83: train(model, train_set) // Bagging or
boosting

84: END FOR

85:  Implement Bayesian techniques to update
probability distributions and refine predictions:

86:  // Pseudo-code:

87: bayes_update —
update_bayesian_probs(model ensemble, train_set)
// Bayesian refinement

88: Layer 13: LSTM Model Design and
Blockchain Integration

89: Design LSTM neural network using enhanced
features for time-series pattern capture:

90: // Pseudo-code:

91: Istm_model —
create LSTM(enhanced features) // Define LSTM
layers

92: Integrate blockchain to ensure data security and
integrity:

93:  // Pseudo-code:

94:  blockchain « initialize blockchain()
95:  FOR each data batch in train_set

96: hash « generate hash(data batch)
97: add_to blockchain(blockchain, hash)
98: END FOR

99: Train model on training set, evaluate on test set,
and output predictions for [oT control:

100: // Pseudo-code:

101:  train(Istm_model, train_set)

102:  accuracy « evaluate(Istm_model, test_set)
103:  predictions « predict(Istm_model, test_set)

104: output(predictions) // Secured predictions for
IoT control

The 13-layer architecture for IoT temperature sensor
data analysis using LSTM and blockchain represents
a significant refinement over the 5-layer version by
decomposing aggregated processes into more
granular, specialized layers, enabling finer control,
enhanced precision, and improved handling of
complex data dynamics. Where the 5-layer model
groups data collection and definition into a single
initial layer, the 13-layer separates it into distinct
input definition (Layer 1) and dataset combining
with multiple labels (Layer 2), allowing for better
integration of diverse data sources and label
management to support multi-faceted analysis.
Preprocessing, which was condensed in Layer 2 of
the 5-layer, is expanded across Layers 3 through 6
and 8, with dedicated steps for data cleaning, [FWT-
based denoising and reconstruction, normalization
scaling, and mean transformation; this modular
approach facilitates targeted noise reduction and
data stabilization, reducing errors in downstream
processing compared to the broader preprocessing in
the original.

Further improvements emerge in the feature
extraction and enhancement phases, where the 5-
layer's single Layer 4 is elaborated into Layers 9
through 12, splitting time-domain and frequency-
domain extractions into separate layers for deeper
feature granularity, followed by advanced ITFWT
weighting and ensemble/Bayesian enhancements to
boost model robustness and probabilistic accuracy.
The layer 7 applies a very critical process in data
parsing which includes the dimensionality parsing
process and conditional probabilities process in the
data parsing process in the production of proper
labels. This eliminates the possible ambiguities in
time series data not addressed by the previous model
that made it far more dependable on LSTM models.
The layer 3 is built on the same basic model design
as that of 5-layer model with few upstream advances
which enhance the capability of accurately catching
the patterns in this model. It also helps enhance data
security as it incorporates blockchain and hence
makes it give better and more accurate predictions to
the IoT control systems while averting over-fitting
and increasing interpretability.

D. LSTM+IFWT protocol

Algorithm 3: Five-Step Protocol for IToT
Temperature Data Analysis

R
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Input: Raw sensor time-series data V = {v1,v2, ...,
vn}

Output: Secured predictive outputs for IoT control
systems

Step 1: Data Acquisition and System Definition

1: Define system objective for lloT temperature
monitoring.

2: Collect raw multivariate time-series sensor data
V.

3: Associate each vi with corresponding timestamp
information.

Step 2: Data Cleaning, Denoising, and
Normalization

4: FOR each vi € VDO

5:  IF vi contains missing value OR outlier
THEN

6: Vi «— impute_or remove(vi)

7:  ENDIF

8: END FOR

9: FOR each vi € V DO

10:  coeffs « wavelet decompose(vi)

11:  coeffs « threshold noise(coeffs)

12:  vi_denoised « IFWT(coeffs)

13:  V_denoised < V_denoised U {vi_denoised}

14: END FOR
15: FOR each vi € V_denoised DO

16:  vi norm « normalize(vi) //Min—-Max or Z-
Score

17:  vi_center «— vi_norm — mean(V_denoised)
18: 'V _clean « V _clean U {vi_center}

19: END FOR

Step 3: Feature Engineering and Enhancement

20: FOR each vi € V_clean DO

21: time f<«— extract time features(vi)

22: freq f« extract FFT features(vi)

23:  F <« F U {time f, freq f}

24: END FOR

25: FOR each f € F DO

26: f weighted «— IFWT_ weighting(f)

27: F enhanced «— F_enhanced U {f weighted}
28: END FOR

29
30

: model_ensemble « initialize ensemble()
: train(model ensemble, F_enhanced)

31: bayes_update «—
update_bayesian_probs(model ensemble)

Step 4: LSTM Model Construction and Training

32: [train_set, test set] «<— split dataset(V_clean,
ratio=0.8)

33: Istm_model « create LSTM(F_enhanced)
34: train(Istm_model, train_set)

35: accuracy «— evaluate(lstm_model, test set)
36: predictions « predict(Istm_model, test set)

Step 5: Blockchain Integration and Secure
Deployment

37: blockchain « initialize blockchain()

38: FOR each batch € train_set DO

39:  hash < generate hash(batch)

40: add_to_blockchain(blockchain, hash)

41: END FOR

42: output(predictions) // Secured outputs for IoT
decision systems
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The five-step protocol in Algorithm 3 provides an
end-to-end framework to providing secure and
intelligent IIoT temperature data analysis. First of
all, the system sets up the operational objective and
collects raw multivariate time series sensor data with
precise timestamp mapping. Next, the data go
through rigorous preprocessing, in which the
missing values and outliers are corrected, followed
by multi-level IFWT-based denoising to eliminate
the environmental and hardware-induced noise, and
normalization with the mean centering to
standardize the data set. The third step is to build a
rich and interpretable feature space by extracting
characteristics from the time-domain, frequency-
domain and enriching them with IFWT-based
feature weighting; further feature robustness is
achieved by ensemble learning and Bayesian
updates. In the fourth step, an LSTM architecture is
trained based on the processed and enhanced
features to learn long-range temporal dependencies
to learn and forecast accurately and detect
anomalies. Finally, the protocol integrates
Blockchain in terms of securing data integrity by
hashing and saving processed batches during
training process ensuring trust, immutability and
provenance in predictive pipeline before delivering
secured outputs to IoT control systems.
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E. Formulations:

An efficient E-waste time series analysis and
classification in IoT system is proposed with 5-layer
and 13-layer architecture. They overly preprocess
data, features, and model to give accurate
information. The 13-layer model network is more
accurate and captures patterns better than the 5-layer
model which is a far simpler solution. Both methods
use state-of-the-art techniques to handle data
ambiguities, such as normalization, and a
conditional method, and ultimately result in robust
LSTM inputs. These architectures retain all the
benefits of the IoT application in monitoring and
managing E-waste and are more forecastable and
predictive with added blockchain security and less
overfitting.

Scenario 1: Industrial Environment

Description: Raw time-series data from IoT
temperature sensors (DHT22, DS18B20) deployed
in manufacturing floors, monitoring electronics and
battery equipment.
Parameters: Sampling rate of 10 Hz, temperature
range -40°C to 125°C, 30x30824 matrix with 30,824
time points over 51 minutes, influenced by
electromagnetic interference and vibrations.

Scenario 2: Smart Home Setting

Description: Temperature data from sensors in a
smart home, tracking miscellaneous e-waste
components.

Parameters: Sampling rate of 0.1 Hz, temperature
range 0°C to 50°C, 30%30824 matrix over 34 hours,
affected by humidity and minimal interference.

Key Formulations and Their Importance in Layer
Design

(V') = Xcgr Yt

This formulation is vital for the Input Layer (Layer
1 in 5-layer, Layers 4-5 in 13-layer), where it
reconstructs denoised signals from wavelet
coefficients, addressing noise from industrial
vibrations or home humidity. Its importance lies in
enhancing data quality, enabling the 13-layer’s
granular denoising to adapt levels (e.g., 5 for
industrial) for better signal clarity, thus supporting
accurate time-series analysis.

norm __ (vi _ min(V))
@) vi - (max(V)— min(V))

Utilized in Layer 1 (5-layer) and Layer 6 (13-layer),
this scales data to [0,1], ensuring uniformity across
diverse temperature ranges (-40°C to 125°C vs. 0°C
to 50°C). Its importance in layer design lies in

preventing feature dominance, with dynamic range
adjustments optimizing convergence for LSTM and
RBFN models across scenarios.

— (wi—-w

(3) Uinorm ~

Integrated into Layer 1 (5-layer) and Layer 6 (13-
layer), this standardizes data to handle outliers,
crucial for stabilizing LSTM inputs in Layer 4 (5-
layer) and Layer 13 (13-layer). Its importance is in
scenario-specific ¢ tuning, improving robustness
against industrial anomalies or home variability.

(4) viCel’lt =y — H

Applied in Layer 1 (5-layer) and Layer 8 (13-layer),
this centers data to reduce bias, enhancing numerical
stability for feature extraction. Its importance in
layer design is in recalibrating means per scenario,
optimizing feature inputs for time-series modeling
and classification.

(5)F(w) = S ve >

Critical for Layer 2 (5-layer) and Layer 10 (13-
layer), this transforms data into frequency
components, identifying periodic patterns. Its
importance lies in higher resolution for the 10 Hz
industrial scenario, aiding e-waste detection, with
the 13-layer’s separation enhancing spectral
analysis.

©) fw=w-f + (1 —-w) IFWT(f)

Utilized in Layer 4 (5-layer) and Layer 11 (13-layer),
this blends features to capture complex patterns,
adapting w (e.g., 0.7 for industrial noise). Its
importance is in enhancing LSTM and RBFN inputs,
with the 13-layer’s detailed weighting improving
classification accuracy.

_ [lx—cll*
M) = exp(-12L)
Integrated into Layer 4 (5-layer) and Layer 13 (13-
layer), this maps data non-linearly for RBFN. Its
importance lies in tuning o (e.g., 1.5 for industrial)
to refine e-waste boundaries, supporting robust
classification across scenarios.

®)y = Xwigi(x) + b

Applied in Layer 4 (5-layer) and Layer 13 (13-layer),
this predicts e-waste classes via weighted basis
functions. Its importance is in scenario-specific
weight optimization, enhancing prediction reliability
within the layered design.
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(9) Ct = ftCt_l + it tanh(WC[ht_l, xt] +

bc)

Utilized in Layer 5 (5-layer) and Layer 13 (13-layer),
this updates LSTM cell states for long-term
dependencies. Its importance lies in Wc adjustments,
improving time-series modeling, with the 13-layer’s
depth offering finer control.

(10) h = SHA256(data)

Integrated into Layer 5 (5-layer) and Layer 13 (13-
layer), this secures data with a hash. Its importance
is in maintaining tamper-proof integrity across
scenarios, ensuring trusted outputs in the
architectural design.

__ 2(Prec-Rec)
D F1= (Prec + Rec)
Applied in Layer 4 feedback (5-layer) and Layer 12
evaluation (13-layer), this balances classification
metrics. Its importance lies in guiding parameter

tuning, with higher values reflecting scenario-
specific ~ improvements,  enhancing  model
adaptability.

12§ = (5:)Zym

Utilized in Layer 12 (13-layer), this averages
predictions to reduce variance. Its importance is in
boosting robustness for industrial variability, with
M=5 optimizing performance in the enhanced layer
design.

(P(D16)-P(6))

(13) P(61D) =5

Integrated into Layer 12 (13-layer), this refines
probabilities with prior knowledge. Its importance
lies in adjusting priors (e.g., 0.6 for home) to
improve classification accuracy, leveraging the 13-
layer’s probabilistic enhancements.

Table -1 Representing The Overall Parameter Constraints For The Proposed System

Process Parameter Min Value Max Value
Sampling Rate Sampling Rate (Hz) 0.1 1.33
Temperature Range Temperature (°C) -10 50

Wavelet Decomposition Decomposition Levels 1 14

Wavelet Thresholding Threshold (1) 0 5

RBF Kernel Sigma (o) 0.1 10

LSTM Hyperparameters Batch Size 1 256

LSTM Hyperparameters Number of Layers 1 5,13

LSTM Hyperparameters Hidden Units 50 200

LSTM Gate Values Sigmoid Output 0 1

F. Experimental setup:

The proposed model architecture leverages a
Sequential neural network comprising three LSTM
layers (67, 97, 35 units), each followed by dropout
layers to prevent overfitting, and concludes with a
dense layer for single-value regression output—ideal
for predicting temperature from IoT time-series data.
During training, the model optimizes its parameters
using MSE and MAE, with decreasing values
indicating  effective learning. To enhance
performance and interpretability, a refined 13-layer
architecture was developed as an improvement over
the basic 5-layer model, enabling modular, granular
control across data preprocessing, feature extraction,
and classification tasks. Unlike the 5-layer model’s

aggregated design, the 13-layer version separates
input definition, dataset labeling, multi-stage
preprocessing (including IFWT-based denoising,
normalization, and mean transformation), and
advanced feature extraction split across time and
frequency domains. It introduces key innovations
such as conditional probability-based data parsing,
IFWT weighting, ensemble averaging, and Bayesian
refinement, while also incorporating blockchain-
based SHA256 hashing for data integrity. These
architectural ~ changes significantly = improve
robustness and accuracy, particularly in two real-
world scenarios: industrial environments (e.g., high-
frequency DHT22/DS18B20 sensor data with
electromagnetic interference) and smart homes (e.g.,
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low-frequency monitoring of e-waste in humidity-
affected conditions). The E-waste analysis
architecture processes time series data for [oT time
series. Layers 4 to 5 for denoising, 6 and 8 for
standardizing, 10 for frequency transformation, 13
for classification using RBF mapping tool while
LSTM is used for optimizing the temporal learning.
Probabilistic tweaks apply a 0.6 prior on homes and
5 ensemble predictions on accuracy. The settings
consist of 10 wavelet levels, 3 thresholding, 5 RBF
sigma, 128 LSTM batch, and 100 hidden units. This
helps in the secure, accurate classification of the E-
Waste for real-time loT applications.

4. RESULT AND DISCUSSION

A. Implementation Process

The proposed research experimental results
implemented with comprehensive analysis of the
IFWT architecture when compared to benchmark
models. The overall solutions with three different
tasks to demonstrate the performance of the
recommended Intutive Fast Wavelet Transform
(IFWT) and a Long Short-Term Memory (LSTM)
network when compared to baselines architectures
including SOA in the domains of regression and
classifications. For the transparency, reproducibility
and generalizability of the findings, the study used
multiple datasets that were accessible online on the
repositories. Thses findings relates three broad
perceptions, which include time series prediction,
multi-label classification, and binary classification.
To provide better depth and access for sensor-based
monitoring, fault diagnosis, predicting temporal
phenomena the proposed model utilzied with
different aspects of the noise charaterisitcs including
hamming and hamming loss with linear and non
linear characteristics.

The main focus of the findings is to proceed the way
the IFWT preprocessing improves the feature
extraction performance of the LSTM layers, in terms
of frequency and temporal information. Traditional
models would not be able to deal with non-stationary
data because they cannot effectively address the
temporal dependence or concealed patterns that are
distributed at various levels. The IFWT is a strong
signal decomposition system that removes noise,
identifies the general frequency characters and
enhances convergence of the LSTM network in the
training process. It results in the steady increase of
prediction accuracy and generalization.

The findings are organized in the following way:
first, data and preprocessing pipelines are presented;
second, there are visualizations that prove the

efficiency of preprocessing and feature extraction;
third, regression metrics as Mean Squared Error
(MSE), Root Mean Squared Error (RMSE), Mean
Absolute Error (MAE), and Mean Absolute
Percentage Error (MAPE) are discussed; and fourth,
classification metrics are spoken about in relation to
binary case and multi-label case: precision, recall,
and Fl-score. This formal discussion would make
sure that quantitative and qualitative advantages of
the proposed architecture are well defined in
accordance with IEEE reporting standards.

B. Dataset overview:

The data sets used to conduct this study were
selected very meticulously in open-access databases
like Data.gov, UCI Machine Learning Repository,
and Kaggle. In particular, the sensor data on
environmental monitoring, energy consumption, and
the defects of machinery was applied to determine
the generalizability of the proposed model to various
areas. In time series prediction tasks, the data sets of
hourly and daily temperature, humidity, and air
quality measurements were obtained. The datasets
used in classification tasks included the datasets of
anomalies in the sensor streams in [oT, binary fault
detection cases, and the multi-class event detection.
The heterogeneity of the datasets imitates the real
world application conditions in which the data is
heterogeneous, noisy and many  times
incomprehensive.

The magnitude of the datasets ranged between a
small number of records in niche problems of
classification to more than 100,000 data points in
time series forecasts. This is what made sure that the
proposed method was tested in both small-scale and
large-scale conditions. Every dataset contained
several attributes that comprised sensor readings,
timestamps and contextual metadata. In the case of
binary classification, some datasets like energy
consumption under the normal and faulty conditions
were used. To evaluate the robustness of the
framework, datasets of IoT-based stress prediction
and sensor health measurements were chosen for the
multi-label classification.

Another issue that was addressed during the dataset
selection was equal representation in classification
datasets in terms of classes. On the one hand, for the
case of unbalanced data, for binary fault detection
data, resampling algorithms, such as Synthetic
Minority Oversampling Technique (SMOTE), were
adopted. This ensured that the measuring criteria
were not prejudiced against the majority group.
Moreover, time series data at large scale had to be
synchronized and cleaned, to compensate for gaps in
values and irregular sampling rate. Thus, the datasets
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employed not only provided a ground for testing in
terms of performance, but also ensured that the
presented  approach  demonstrated  practical
relevance in different domains of sensor data
analytics.

C. Preprocessing

The preprocessing step was also significant in
transforming the unclean sensor data to the
processed, clean and analyzable sensor data
compatible with the IFWT+LSTM pipeline. The
datasets obtained from the different websites are
prone to noise and having missing values with
inconsistant data/sample rates implicating more
difficult for to identify the consistancy of the
proposed model An automated preprocessing
process was proposed to address these issues. First,
there are values that were not present and were filled
in through statistical methods: forward filling was
adopted with time series data, and mean substitution
with independent features. Missing values that had a
value that was above a set threshold were discarded
to ensure the overall integrity and quality of the data
set. This was followed by normalization of features
which normalized all sensor readings to a
normalized range, usually [0, 1]. This action was
specifically significant to the process of training the
LSTM model to reduce the possibility of large
dynamic range features taking over the learning
process, and to achieve a stable gradient-based
minimization.

In order to improve the quality of signal, noise
cancelling techniques were used. These were
denoising wavelet-based filters and smoothing
filters. It is notable that Inverse Fast Wavelet
Transform (IFWT) was a natural preparatory step as
it subdivided the signals into different frequencies.
This decomposition saved important time and
frequency properties whilst successfully suppressing
noise elements that weren't important in the
modeling process. In the case of datasets with an
irregular sampling grid, all sequences were
synchronized to a regular time grid using steps of a
time synchronization model. Furthermore, temporal
dependencies and maintaining the weights are one of
the key characteristics depending on the
transformation techniques that are employed in the
proposed model in which LSTM with temporal
dependencies structures are considered for the
preprocessed data.

With aspect of contextual metadata where the
categorical variables are one-hot or label encoded
are dependent on the different task that have to be
tackled. In general, this extensive preprocessing
pipeline guaranteed that the data that was spread to
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IFWT+LSTM architecture was not noised and
homogeneous and reflected the underlying physical
phenomena. The preprocessing steps helped a lot in
improving the quality of the input data hence, led to
better predictive performance and strength of the
proposed model.

D. Feature extraction

In order to maximise the discriminative power and
minimise the dimensionality of sensor-based data a
useful feature extraction system was adopted with
Integrated Fast Wavelet Transform (IFWT). The
IFWT algorithm separated non-stationary time-
series signals into several frequency sub-bands, and
made it easy to capture both time-domain and
frequency-domain properties simultaneously. The
statistical measures, mean, variance, skewness, and
kurtosis, of each of the decomposed signal levels
were calculated to describe the distributional
characteristics of the data. In addition, the measures
of energy and entropy were obtained to provide the
quantification of signal strength and information
content, which is especially suggestive in identifying
minor differences between a normal and abnormal
operational state. To perform the prediction tasks,
temporal characteristics like the autocorrelation
coefficients and time-lagged values were also
incorporated to preserve both short-term and long-
term relationships. An LSTM network was trained
on the entire feature set and significantly better
predictive accuracy was achieved. It was
implemented in Python with libraries like
PyWavelets to do the wavelet decomposition,
NumPy and SciPy to do the statistical calculations
and TensorFlow/Keras to integrate the deep
learning. The performance of the feature extraction
procedure was visually justified by the wavelet
coefficient heatmaps, frequency-band energy plots,
and dimensionality-reduced scatter plots (e.g., by
using PCA or t-SNE), which were the obvious signs
of the existence of class separability and the
minimized noise in the transformed feature space.
This hybrid pipeline is comprehensive and it was
seen to play a significant role in enhancing the
performance of the models in regression, binary
classification and multi-label classification.

E. Evaluations and Model Interpretations

The proposed IFWT+LSTM model is compared to
several state-of-the-art models on the task with
regression and classification. Deep learning models
such as LSTM, CNN, CNN-LSTM and LSTM-
Transformer were trained using different numbers of
epochs (50, 100, 150) and early stopping using
validation loss. The most consistent improvements
in performance were still realized until it reached
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100 epochs after which marginal gains started to be
realized, which can be seen as a sign of convergence
stability. The IFWT+LSTM showed the best Mean
Squared Error (MSE) and best Fl-scores, as
compared to standalone LSTM (MSE decreased by
approximately 12, F1-score increased by 8) because
of better extraction of features through the use of
wavelet preprocessing.

Simialrly, the machine learning benchmarks were
tested using the 5-fold cross-validation (CV) of
machine learning baselines such as XGBoost,
LightGBM, CatBoost, and the voting ensemble
(RFC+LR+DT). Of them, CatBoost showed better
performance in classification (average F1-score of
0.82) and XGBoost any competitive regression
(RMSE by 5% lower than GBM). The voting
ensemble was better at robustness but did not have
the ability to model time series, which were slightly
lower. The use of statistical models ARIMA and
Prophet in stationary data sets was sufficient but
exhibited more errors in non stationary noisy data,
which supports the superiority of deep and ensemble
approaches. Comprehensively, the IFWT+LSTM
model has shown both coherent results on CV folds,
and an average decrease of 7% in error measures and
increased generalization, confirming its suitability to
sensor data analytics.

F. Tabulations and Comparisons

Table 2: Time Series Regression Results

LSTM

LSTM-
Transformer
Hybrid

Proposed
IFWT+LSTM

92.3%
93.9%

99.91%

91.6%
93.2%

99.6%

90.9% 91.2%
93.0%  93.1%
99.2%  99.4%

Table 4: Multi-Label Classification Results

Model MSE RMSE MAE  MAPE
ARIMA 0.0245 0.1566 0.121 12.8%
Prophet 0.0217 0.1473 0.113  11.9%
CNN 0.0182 0.1349 0.102 10.5%
LSTM 0.0168 0.1296 0.097 9.9%
CNN-LSTM 0.0155 0.1245 0.091 9.3%
LSTM-Transformer 0.0072 0.0849 0.065 6.8%
Proposed IFWT+LSTM | 0.0065 0.0806 0.060 6.2%
Table 3: Binary Classification Results
Model Accuracy  Precision Recall  F1-
score
SYM 87.5% 86.2% 85.9%  86.0%
Random Forest | 89.1% 88.7% 87.4%  88.0%
Gradient 90.4% 89.9% 88.8%  89.3%
Boosting
CNN 91.0% 90.2% 89.6%  89.9%
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Model Micro-  Macro-  Accuracy Hamming
F1 F1 Loss
Svm 742%  72.1% 70.8% 0.142
Random 76.8%  74.6% 73.5% 0.136
Forest
CNN-LSTM 80.5%  78.9% 77.6% 0.121
Attention- 82.7%  81.4% 80.2% 0.105
based CNN-
LSTM
Proposed 96.3% 94.8% 93.9% 0.097
IFWT+LSTM
81 -~ loss
71 val_loss
6 -
S -
4 P
3 -
2 -
0 <4
0 20 a0 60 80 100
10 - 1
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Figure 3: Representing The Overall Training And Testing
Loss-Accuracy Plot
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The propsoed model implored with three different
tasks with time series regression, binary
classification, and multi-label classification which
are evaluated in the context of assessing machine
learning models to address e-waste management in
an Industrial IoT (IToT) environment. In the case of
time series regression, the ARIMA, Prophet, CNN,
LSTM, CNN-LSTM, LSTM-Transformer, and the
proposed IFWT+LSTM models are evaluated based
on the MSE, RMSE, MAE, and MAPE.
IFWT+LSTM model has a better predictive
performance on IloT e-waste generation forecasting,
as wavelet-based feature extraction of sensor data is
used to generate minimal errors, thereby maximizing
waste volume forecasting to the industrial recycling.
When used in binary classification (to differentiate
hazardous and non-hazardous IIoT (toxic and
recyclable Dbatteries) wastes), proposed model
exhibits almost perfect accuracy, precision, recall,
and Fl-score, which is reliable in terms of
identifying hazardous wastes which are important in
environmental safety and compliance. To classify
with multiple labels (recyclable, metallic,
hazardous) of  multi-label classification,
IFWT+LSTM has the best Micro-F1, Macro-F1, and
accuracy, and the lowest Hamming Loss, which
improves a complex waste stream management.
These findings highlight the strength of
IFWT+LSTM to manage e-waste processes, which
are motivated by the IloT, to support effective
sorting, recycling, and disposal to reduce
environmental harm. (194 words)

Image Classification Analysis IloT E-Waste
Management (Binary Classification).

The two accuracy and loss plots show image
classification performance based on IloT e-waste
sorting training and validation behavior through
epochs. The accuracy plot indicates that the accuracy
of training rapidly increases, and then it levels off,
whereas the accuracy of validation increases slowly,
which may indicate early learning and overfitting in
the classification of hazardous and non-hazardous
wastes, respectively. The loss plot shows a
decreasing training loss with the periods of
validation loss peaks, which indicate the difficulties
of regularization. The overlap of these metrics is
essential to the effective IloT waste classification,
and additional fine-tuning is required to increase
generalization.

Accuracy Loss

validation Loss

\
\\\M’W\vf‘fv’\/\’wh’w»/\%’\’”

Epoch fpoch

Figure 4: Representing The Overall Training And Testing
Loss-Accuracy Plot For Multilabel Classification

The proposed IFWT+LSTM algorithm provides a
higher efficiency in real-time IloT e-waste
management through the consideration of wavelet-
based denoising and LSTM time modeling
addressing the noisy time series data by sensors with
the best results of MSE value (0.0065) and MAPE
(6.2) as reflected in Table 1. Its 5-layer and 13-layer
architecture facilitates fast processing of 30x30824
matrices at a rate of 10 Hz with sampling rates of 10
Hz in industry settings with its 5-layer and 13-layer
architecture that facilitates preprocessing (Layers 2-
3/3-8), feature extraction (Layers 4/9-12) and
blockchain-secured prediction (Layer 5/13). To
classify real time images (Figure 3), it works well
with binary hazardous/non-hazardous classification
with 99.91% accuracy (Table 2) and reduces
overfitting through dropout and Bayesians The
graph, represented as Figure 3, has two subplots: an
Accuracy plot (left) and a Loss plot (right), giving an
idea of the performance of a multi-label
classification model, presumably the proposed
IFWT+LSTM, during training and validation over
100 epochs. The model has been optimised on
Industrial IoT (IIoT) e-waste management, where
items are categorised as replicable, hazardous,
electronic, metallic, and non-hazardous based on
real-time data on IIoT sensors (e.g., chemical
composition, weight). The condition of more than
95% accuracy in general is satisfied, which can be
seen in Figure 3. The Accuracy plot indicates that in
the initial 10-20 epochs the blue (Training Accuracy)
and orange (Validation Accuracy) lines increase
steeply between approximately 0.3 (30%) and even
higher than 0.95 (95%) indicating that rapidly the
patterns of multi-label are learnt in e-waste data.
After this stage, the two lines are stabilized around
0.96-0.97 with Training Accuracy a little better
showing a strong generalization. The fact that
minimal fluctuations with minor peaks between
epochs 20-30, 50-60 and 80-90 can be observed,
indicates that correlations of labels (such as
hazardous-recyclable items) are fine-tuned to
provide a very high level of reliability of the IIoT
application and reduce environmental risks. The fact
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that the accuracy of the model is approximately 95
percent, which is the exact ratio, highlights how
great it is to give all the appropriate labels in relation
to each sample and this is very important in
complicated e-waste streams.

Figure 4 Loss plot is a complement to this
performance, and both the blue (Training Loss) and
orange (Validation Loss) lines are characterized by a
sharp drop between 0.8 and 0.1 during the initial 10-
20 epochs, which can be interpreted as a successful
minimization of the error made by the binary cross-
entropy that is specific to multi-label tasks. After
stabilization, the lines stabilize at c. 0.05-0.10,
though a little bit more in Validation Loss, which
indicates convergence with likely overfitting. The
Micro variations and troughs (e.g., epochs 20-30, 50-
60, 80-90) due to noisy IloT data or label imbalance
would not affect the loss significantly but would
increase the Fl-scores between labels, as the high
accuracy would be supported. This small value of
Hamming Loss is essential to achieve balanced
accuracy and recall thus reliable management of e-
waste. In general, Figure 3 shows that the model is
highly effective with the accuracy over 95% that
provides correct sorting and adherence to the
environmental regulations, which makes the model a
strong solution to IToT-based e-waste classification.

In multi-label classification (Figure 4), it
handles overlapping e-waste features (recyclable,
hazardous) with 96.3% Micro-F1 and 0.097
Hamming Loss (Table 3) which is better than the
baselines using IFWT-weighted features and
ensemble learning. Algorithms such as wavelet
reconstruction (1) and RBF mapping (7) are more
robust in the presence of electromagnetic
interference, guaranteeing accuracy of over 95
percent in dynamic conditions, maximizing
recycling and compliance and minimizing the
computational load of edge of IoT devices.

G. Achievements

The overall proposed IFWT+LSTM model
highlights with more efficient algorithm for
implicating the different types of the datasets in real-
time IToT e-waste management and also considering
50k samples of synthetic data generations with
random probabilities as it incorporates wavelet-
based denoising with LSTM temporal modeling to
address noisy time series sensor data at lower levels
of MSE (0.0065) and MAPE (6.2%), as presented in
Table 1. Its S-layer and 13-layer architecture
simplify the preprocessing (Layers 2-3/3-8) and
feature extraction (Layers 4/9-12) and blockchain-
secured prediction (Layer 5/13), which can process
30x30824 matrices with sampling rates as high as 10

Hz in the industry. In binary hazardous/non-
hazardous sorting and real-time image classification,
it is highly effective with 99.91% accuracy through
minimising overfitting by dropout and Bayesian
refinements. In multi-label classification (Figure 3),
where overlapping e-waste features are involved
(recyclable, hazardous) it achieves 96.3% Micro-F1
and 0.097 Hamming Loss (Table 3), which beats
baselines by using IFWT-weighted features and
ensemble techniques. Such formulations as wavelet
reconstruction (1) and RBF mapping (7) can help
improve  robustness when  dealing  with
electromagnetic interferences, achieve over 95
percent accuracy in dynamic settings, optimize
recycling and compliance and lower the
computational cost of edge IoT devices.

5. CONCLUSION

The proposed IFWT+LSTM algorithm represents
the real-time IloT e-waste management using a
combination of Intuitive feature Wavelet Transform
(IFWT) (denoising & feature enhancement) and
Long Short-Term Memory (LSTM) network
(temporal modeling). The results provide
outstanding performance with more than 95%
accuracy in the multi-label classification and with
99.91% in the binary classification with low MSE
value of 0.0065 and robust evaluation metrics such
as hamming loss of 0.097 and Micro F1 score of
96.3%. These results validate the ability of the
algorithm to work on the noisy and the high volume
of sensor data (30 x 30,824 matrices) compared with
the baseline methods (CNN-LSTM, ARIMA) in
terms of regression, binary and multi-label tasks.
The modular 5-layer and 13-layer architecture
embedded with the blockchain security and
Bayesian improvements for efficient preprocessing,
feature extraction and prediction thereby decreasing
overfitting and computational overhead. This
ensures reliable operation in the industrial
environment (10Hz) and smart home systems
(0.1Hz) categorizing recyclable and hazardous e-
waste under environmental standards. The research
objectives were to develop a scalable, accurate and
secure [IoT framework for e-waste classification and
management and these research objectives have
been achieved to a large extent. The integration of
IFWT allows to enhance the interpretability and
reduces the noise in sensor data; the LSTM
component is effective to model the behavior of
temporal dependencies. Blockchain integration is
required to guarantee secure and trace data that can
be used to support decentralized IoT ecosystems. In
addition, the modular framework means that it can
be expanded to other IIoT applications, such as smart
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agriculture, healthcare monitoring, and industrial
fault detection, and it is possible to demonstrate the
flexibility and generalizability of the method.

However, there are some limitations of the work.
First, computational demands of real-time
deployment in resource-constrained edge devices
may be high and especially for the 13-layer
architecture. Second, while blockchain can be used
to ensure security, if the latency and scalability
issues of block chain are not addressed, it can have
impact on the real-time performance in extremely
high frequency environment (>>10 Hz). Third, the
present study focused on structured sensor data and
the fusion of multimodal data (e.g., images, video)
in the real-time domain is an open challenge. Finally,
generalization to completely new IIoT settings or e-
waste types that have not been seen before has not
been thoroughly tested. Based on these
shortcomings, future research directions are:

e FEdge and Fog Computing Integration:
Implementation of IFWT+LSTM
Algorithm in Edge devices to handle the
uncertainty of High Frequency IloT
Systems by reducing the latency and
facilitating the real-time processing.

e Adaptive Feature Weighting: A
combination of Reinforcement learning,
IFWT and LDA decomposition for
dynamic feature prioritization for further
improvement in multi-label classification
accuracy.

e Multimodal Data Fusion: Combining the
images, video and other sensor data with
time data to improve the ability to detect
and classify data.

e Scalable Blockchain Solutions has been
investigating, among others, Géabor
retention of lightweight blockchains
protocols and layer-2' consecutive to
maintain security and traceability without
having to sacrifice system performance.

e Cross-Domain Generalization:A  Cross-
domain generalizing validation across
different industrial, smart home and so on
environments to increase the robustness
and adaptability of the model.

In conclusion, the IFWT+LSTM framework is an
effective solution for the key challenges posed in the
introduction, namely, accurate and secure e-waste
classification in IIoT environments, as well as real-
time. In addition, the framework serves as a basis for
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broader sustainable IoT applications. Its scalability,
its interpretability and modular design make sure it
is a feasible solution for future smart industrial and
urban ecosystems, although more work in
optimization and multimodal integration is
suggested to add up to its applicability.

A. Scope

The IFWT+LSTM algorithm has a wide range of
applications to better real-time IIoT applications
than e-waste management. It can be extended to
other areas such as smart agriculture, healthcare
monitoring and industrial fault detection, since its
flexibility to a wide range of sensor data has been
shown with matrices of size 30x30824 at both 10 Hz
industrial and 0.1 Hz smart home conditions. The
modular design of the 13-layer architecture enables
the incorporation of innovative methods such as
reinforcement learning to introduce adaptive
features weighting (higher accuracy) with LDA
decompositions process to achieve quicker wavelet
decomposition (which could reach just over 95%
accuracy when performing multi-label tasks). The
integration of blockchains guarantees the security of
data exchange between IoT networks, and it
provides opportunities to track the waste or
streamline the supply chain with decentralization.
Further studies may also investigate edge computing
to minimize latency, using the formulation such as
(1) and (7) to combine images and time-series in
real-time. By 05:05 PM IST, September 23, 2025,
this framework is placed to handle any new
challenges in the sustainable IoT-driven systems
around the world due to its scalability and strength.
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