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Abstract

The Internet of Things (loT) is a concept that has the potential to attract new audiences in fields as diverse as
manufacturing, healthcare, and more. 10T devices included into the sensor were the primary drivers of the massive
data collection. To successfully combine, assess, and comprehend all programme objects, thus, self-adaptive
algorithms based on Al are necessary. The proliferation of both massive datasets and resource-intensive 10T devices
makes stringent power management essential. The proliferation of both massive datasets and resource-intensive
Internet of Things devices makes stringent energy management essential. Combining loT with Al-based techniques
is crucial for equitable power distribution to compact mobile devices. To this end, we offer an efficient way to
communicate between power utilities and end users by forecasting future power usage over short periods of time.
Innovations include a revolutionary convolutional recurrent model for lightweight prediction method with low
duration intricacy and minimum margins of error, as well as massive energy administration for edge devices via a
centralised cloud-based data supervisory server. To maintain the power consumption and supply paradox efficiently,
the suggested scheme has mobile nodes interact with a central remote server via an loT network and then on to the
corresponding power grid. We use a number of preparation methods to accommodate the varied electrical data, and
then we construct a powerful decision-making engine for quick prediction on devices with limited resources.

Keywords: Internet of Things (10T); Energy; Power Grids; Deep Learning
1. Introduction

Research into the power management at the power grid through the use of automated methods for demand forecasting
in the future is an attractive field of study. Power systems are safe and reliable places for the distribution of electrical
power to a wide range of users, including smart homes and industrial facilities, among other types of clients. The
creation of electrical power takes place in power stations, its distribution takes place via smart networks, and its intake
might take place in the household [1] or commercial structures, as well as in the industrial sector [2]. The quantity of
energy that is consumed by individuals is the single most important factor that determines how much power is
generated in power plants and transmitted across grids. The vast majority of customers are not knowledgeable about
the energy requirements placed on electric networks, which results in monetary loss and the spending of unnecessary
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energy. In a similar vein, the farmers want to reduce costs as much as possible while simultaneously increasing the
amount of energy they generate. This necessitates the use of effective planning and administration tactics.

These days, Internet of Things (10T) and mobile devices are frequently outfitted with sophisticated sensors and high
computation power, which enables them to gather and handle massive amounts of data that are made at the edge
networks. Moreover, it is anticipated that there will be more than 10 billion intelligent things in the 10T linked to the
Internet and that the total amount of mobile data would exceed 49 exabytes each month. The functions of processing
and data storage could be offered by a system that combines cloud computing with edge computing. In this type of
system, the tasks performed by users are automatically transmitted to either a cloud data center layer or an edge of the
network. A great number of 10T applications call for the preparation and classification of data, which are subsequently
put into practice to make predictions about future events through the application of machine learning (ML) techniques.
Because the vast volume of data produced by 10T devices is typically acquired in personal settings, its sensitivity to
information privacy is warranted by its very nature. Sending all of the data to a single server or cloud center that trains
a deep learning model is therefore often not viable. Because of the restricted capabilities of mobile networks, sending
a large volume of information through a wireless connection result in costly communication expenses as well as
substantial network congestion. In addition to this drawback, the transfer of a large amount of data might take an
extremely long time.

A well-thought-out plan for the production and utilization of power assures that it will be put to productive use in
enterprises and households while also allowing power stations to generate the appropriate quantity of power. The
microgrid is a way to communicate that maintains the integrity of the power transmission between the power supplier
and the power user, and it is accountable for the steady state that exists for both sides. Techniques of power prediction
are quite beneficial in this respect since they estimate the future power consumption of a client and the strain that is
placed on the grids following that consumption. A faulty projection of power levels will result in higher costs as well
as the waste of that power. For a residential house in the United Kingdom in 1984, it was estimated that there was a
loss of 10 million pounds per year along with an increase of 1% in predicting inaccuracy [4]. Thus, accurate methods
of projecting power requirements are necessary to make the best judgments for the future. Numerous energy
forecasting systems are available, and their applications can be found in both residential and commercial settings. In
the next paragraphs, we will talk about several representative methodologies that are especially relevant to the work
that will be given in next Section.

The individualized predictive control systems can be deployed in a variety of practical scenarios, like day-ahead
predictions, which help microgrids meet the required power needs [5]. The technologically intelligent systems that
involve capacity planning play a crucial part in alleviating the current energy shortage and making a contribution to
the greening of the climate. The majority of these techniques are instructional techniques that use deep learning, such
as long short-term memory (LSTM), as it is the most widely used technique in the field of methodologies connected
to energy forecasting. LSTM is a form of recurrent neural network (RNN) that is utilised extensively in a variety of
fields, like video surveillance, for the purpose of completing sequencing and serial learning tasks [6]. In spite of the
prevalence of LSTMs, hybrid techniques that combine fuzzy neural inference systems and evolutionary computation
can be found in the relevant body of scholarly research concerning power forecasting. It has been demonstrated that
accurate forecasting of power consumption may be achieved by the utilisation of spatial and temporal data in
conjunction with one another. The researchers demonstrated that convolutional neural networks (CNNs) are superior
to other methods for obtaining the representational characteristics of various variables that have an impact on the
forecasting of power consumption. In addition, the incorporation of these representational characteristics with CNN's
results in a reduction in the failure rates throughout the power grid data.

An in-depth analysis of the literature on topics connected to utilized demand forecasting reveals a number of
unanswered questions that require more investigation. Obtaining preciseness in the predictive performance is the most
important and difficult task when introducing an enhanced power prediction technique because it is the one that draws
the most attention. The effective implementation of the different algorithms over the end devices, which is necessary
for a productive interaction between pervasive computing in an Internet of Things (1oT) network for the purpose of
power production, is another significant obstacle that is insufficiently addressed in the relevant research literature.
Lately, resource-constrained devices in 10T contexts have demonstrated a significant degree of potential in machine
vision [8, 9], medical [10], and a wide variety of other fields [11, 12]. In continuing with these issues, a significant
concern is the decreased temporal difficulty of a power prediction model, especially when dealing with the issue of
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predictive modeling of power. In addition, the cloud [11] and fog computing [12], [13] technologies are seldom ever
used in power modeling tasks, despite the fact that they offer reliable tools for effective big data analysis and fast
decision making, including the prediction of abnormal power consumption. In an attempt to address these gaps, this
work proposes to take the advantage of both DL and IT technologies to afford an intelligent system for power
management in smart cities. The main contributions of the proposed solution can be summarized across the following
points

1. This study introduces an elegant edge intelligence framework to promote scalable and efficient management
of power distribution based on loT-driven predictive modeling of power flows in power grids.

2. We provide a framework for deploying configurable devices with limited resources in a variety of consumer
settings (smart homes or industries), where they can upload their immediate needs to a cloud-based
monitoring server and provide insight into their anticipated future needs. Power control is optimized by the
power grid, which process demands from homes and businesses, then sends out only that quantity of power.
When reporting on consumers' out-of-the-ordinary energy consumption, a cloud server first screens out all
normal requests. It stores energy predictions that can be utilized for more thorough examination later.

3. According to rigorous testing, we've established that our framework can serve as a standard for cutting-edge
artificial intelligence applications in the field of power prediction. In the first set of tests, we show how well
our framework performs in comparison to several models by selecting a normalization technique and a
sequential model. Here, we investigate the relationship between a model's implementation duration and its
accuracy by comparing various series-learning algorithms.

This remaining portion of the article is broken up into five key parts. In Section Il, the techniques that are now
considered state-of-the-art are discussed. In section IIl, we will discuss the proposed approach as well as the
functionality of our framework. Section IV provides an explanation of the experimental specifics. Section V discusses
the numerical outcome. The entire study is brought to a close in Section V, which also provides some suggestions for
further study.

2. Literature review

This part is broken up into two primary subsections, the first of which is devoted to statistical techniques, and the
second to deep learning-based solutions. The power prediction models that were in use during the time period in
question did not place enough emphasis on the utilization of 10T devices with limited resources, which are becoming
increasingly prevalent because of the computing skills and quick decision systems that they offer. In the sections that
follow, these techniques are broken down into their respective categories, such as statistical ones and deep learning-
based ones [1].

2.1. Statistical Power Analysis

The work [2] provided a way that ensures the application of low-performance machine learning algorithms on
equipment in the 10T paradigm. Doing so will generate means for 10T consciousness, in which the KNN method was
applied for the execution of the findings of the study, and the reliability of results is presented with a confusion matrix.
The work [3] used the volume of the gas and wind velocity as input variables for a fuzzy system modeling wind energy
prediction for microgrid applications, in which a set of models based on fuzzy logic and a modeling control scheme
has been shown to be successful. For the purpose of constructing a regression model for electrical load forecasting
from previous power data, the research [4] offered a hybrid model that incorporates the Wavelet Transform (WT) and
Support Vector Machine (SVM) features. Information on electrical loads over time is broken down by the WT into a
number of distinct series. The work [5] developed an ensemble predictive algorithm for wind energy that is based on
modified naive Bayes classifiers is what we propose here. Multiple linear regression (MLR) and a naive Bayes
classification model were used to anticipate the potential for wind is necessary to pick the integral that impacts the
wind power outcomes from among the different climatic variables, such as heating rate, wind direction, and wind
patterns. This was accomplished by performing a prediction of renewable sources using MLR and the naive Bayes
classification algorithm based on the chosen climatic variables. In order to make an accurate forecast of wind power,
we suggested combining the analog ensemble (AnEn) method with the composite learning method. in [6], following
the screening of the coarse collection of characteristics with the Maximal Information Coefficient (MIC), the screening
of the fine set of critical features affecting modeling is carried out employing the LightGBM feature extraction
technique and the XGboost feature selection method, correspondingly. LightGBM and XGboost systems, both of
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which have strong prediction functions and receive the appropriate precise set of attributes and past workloads as
inputs for the purpose of forecasting. The work [7], introduces the idea of crucial border matrices to offer a hardware-
friendly template decline (TR) technique for the nearest neighbor (NN) classifiers. In addition, a physical system is
built to illustrate the practicability of speeding up the suggested method by employing a field-programmable gate array
(FPGA). In the beginning, the k-means centers are utilised in place of the complete template set as a replacement.
Then, in order to improve the performance of the categorization, key border vectors are chosen via a training algorithm,
which only requires one cycle to be finished. In addition, a global classifying strategy has been investigated and
included in the algorithm in order to eliminate noisy boundary vectors. These vectors have the potential to mislead the
classification in a generalized manner.

2.2. Deep Learning-based Power Analysis

The work [8] developed an advanced multi-channel bidirectional nested LSTM framework (MC-BIiNLSTM) paired
with discontinuous stationary wavelet transform for predicting energy usage in a manner that is both very precise and
very effective. The primary contributions made by this research were the decomposition carried out with SWT to
enhance correctness and the cooperative BINLSTM framework to enhance performance. the work [9] developed a
new deep learning (DL) model to accurately anticipate short-term power usage while simultaneously preserving
effective interaction between power users and suppliers. The Model stack that has been proposed is made up of a
number of layered spatiotemporal components, each of which is composed of a spatial transformer (ST) submodule
and a temporal transformer (TT) submodule. The TT module represents the temporal dependencies present in the
power data, whereas the ST module unearths concealed spatial features by merging convolutional and possesses an
enhanced self-attention technique. The work [10] presented a PV-Net, a DL network for day-ahead Pv power
prediction with a short-term horizon. To facilitate the effective recovery of spatial and temporal properties from PV
power sequences, PV-Net reworks the gates of the gated recurrent unit (GRU) with convolution operation. For the
purpose of modeling both ahead and back in time, the Conv-GRU units are layered in a bilateral manner to evade
gradient vanishment across layers. In the work [11] the issues associated with STLF are addressed by employing a
unique two-stream model known as STLF-Net. The first channel is built with Gated Recurrent Units (GRUS), which
are intended to learn and record the long-term periodic representations of the information on power use. A stack of
temporal convolutional (TC) modules is used to model the brief description and spatial interpretations that are being
represented concurrently in the next channel. To allow the successful extraction of features while resolving concerns
with gradient vanishing, the TC module has been designed with dilated causal convolutions and residual connection.
This combination of mathematical operations has been given its name. The work [12] presented a detailed assessment
of the many DL-based methodologies that are now in use and have been devised for power prediction of solar arrays
and wind turbines in addition to electricity generation forecasting models. In addition to this, it covers the datasets
that were used to train and test the various DL-based prediction models. This provides the research community with
the ability to pick acceptable datasets to employ in their work.

3. Proposed Solution

The technical advancements made by our system include the forecasting of future power utilising a device with limited
resources, which also features a lower error rate and computation that has been improved. The completion of the
training process, which is required for a model to be useful in practical applications, entails a number of distinct
processes. In the first step, raw data from an already existing dataset are preprocessed. This is accompanied by our
innovative consecutive learning method, which is used to obtain the best-trained model, as will be discussed further
down.

3.1. Data Preparation

The recording of data using smart meters involves a number of characteristics, such as date, time, active and reactive
power, voltage, and others. The data pertaining to electrical power include these parameters. The smart meter serves
as a hub that connects the wires of various home devices and other types of machinery to a single entire board. In most
cases, the data is gathered over a period of one month or one year, during which time it develops a number of problems,
including duplication, missing information, long-ranged parameters, and others. These inaccuracies are brought about
by issues with the measurement apparatus itself, changes in the climate, issues with the metering, and mistakes made
by personnel. Consequently, the methods of information purification and data normalization are required for the grid
power data in order to achieve greater refining and more suitable outcomes.
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For the goal of training, our system makes use of a number of different preprocessing methods, which allow us to
clean the data. First, we get rid of the values that aren't there and then we extract the useful data. The second step,
which comes before the normalizing process, is the discovery of outliers. Its primary benefit is that it disregards any
extraordinary odd digits that may have an effect on the spectrum of normalization values and pull the parameters
closer to the maximum or minimum range. This is a massive benefit. The subsequent crucial step in the initialization
step is normalizing, during which we utilized a variety of methods before moving on to the "standard transform choice"
that is best suited for the final studies.

3.2. Predictive Model

Recurrent neural networks (RNN) are a type of deep model that belongs to a family called recurrent neural networks.
These models take in as inputs not just the most recent information but also the most recent outputs. In order to
accomplish this goal, the idea of a memory cell was implemented into the model to make it capable of preserving the
concealed state throughout all time steps. Vanilla RNN is the simplest variant of RNNs, which calculate the, and this
may be expressed as follows: In its most basic form, vanilla RNN is as follows:

H, = tanh(X, - W, + H,_, - W,, + b), Q)
where W, represent the weight parameters for the input sequence at time step t. W, represent the weight parameters
for the hidden state at the previous time step t — 1. B is the bias parameter. Moreover, if the output is required at any

time step, the hidden state can be passed to the linear layer or simply multiplied by the output parameter matrix as
follow:

Y, =H W, (2)
The structural design of RNNSs, in contrast to that of convolutional networks, enables the preservation of sequential
representations in text. However, the memory call in the previously mentioned vanilla RNN only performs well for
short-term sequences, and it is unable to model long-term dependencies effectively due to issues with exploding
gradients and/or vanishing gradients

LSTM was proposed to improve the vanilla RNN by adding a memory cell, C;, store long-term sequential dependency,
whereby three gating mechanisms were proposed to manage the information in the memory cell. Specifically, in
particular, the output gate, O,, decides the part of the information to be read out of the memory cell as an output, the
input gate, I, control the adding of new inputs to the cell, and forget gate, F;, was designed to control the removal of
information from the cell. These gates seek to jointly control whether to recall or ignore the information in a hidden
state H,. The above calculation can be mathematically expressed as follow:

Iy = 0(Xy - Wy + Hey - Wiy + by) 3)
F, = 0(X, - Wy + Hy_y - Wys + by) (4)
O = 0(Xp* Wyo + He_q * Wi + by) 5)
Ce = tanh(X, - Wy + He_y - Wie + be) (6)
C,=F,0OC_, +1,0C, @)
H; = 0, O tanh(C,) (8)

where o represents the sigmoid activation, W represent the weight parameters of the connections of each gate. b;,
bs, b,, and b, denote the bias vector of the input gate, forget gate, output gate, and cell respectively.

ConvLSTM [13] is a special edition of LSTM that was proposed for the predictive modeling of spatial-temporal video
frames. distinctly, the input-to-state and state-to-state connectivity are designed with convolutional operation with the
main aim to take the advantage of sequential learning of LSTM and spatial modeling of CNNSs. the internal gats of
ConvLSTM applied the convolution operation, instead of FCLs in standard LSTM. This can be mathematically
represented as:

Iy = 0(Xp x Wy + Heq x Wy + GO Wy + by), 9)

Fp = (X, * Wyp + He_q * Wys + C_yO Wes + by), (10)
0r = 0(X¢ * Wyo + Hpog * Wy + €O W, + by), (11)
C, = tanh(X, * Wye + Hy_y * Wy + by), (12)
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Gated Recurrent Units (GRUSs) were proposed by Kyunghyun Cho et al. in 2014 [14] as an extension to LSTM
whereby only two gates control the memaorization of the hidden state. Specifically, the reset gate R, is accountable for
regulating the volume of information that the GRU cell may have to consider from the earlier hidden state, while the
update gate Z, controls the amount of information that should be recalled from the hidden state H, at previous time
step. The internal operation of GRU can be expressed as follow:

Ry =0(X; Wy + He_y - Why + by) (13)
Zy=0Xy Wyy + He_y - Wy, + by) (14)
H, = tanh(X, - Wy, + (R;OH,_,) - Wy, + bp) (15)
H,=Z,0H,_, + (1 -Z,)OH, (16)

where ¢ represents the sigmoid activation, W represent the weight parameters of the connections of each gate. b,.,
b,, and b, denote the bias vector of the reset gate, update gate, and hidden state respectively. The symbol O is the
Hamdard product.

3.3. System Design

In this part of the article, the implementation of the suggested Model is presented in a Smart city by using an loT
network. This section discuss the conceptual structure of a simulation of power management for a smart city. The
structure is made up of three important levels, which are the grid management layer, the consumption layer, and the
loT-Enabled predictive control layer.

The process of handling energy demands and deliveries for the various smart city sectors is represented by the first
layer of the architecture. In order to supply the grid stations with the necessary amounts of electrical energy, assets
such as solar farms and turbines are utilized. This energy is then sold to a wide variety of end users. This layer is
responsible for prediction models and other management duties that are pertinent to the situation. In addition to that,
it has a cloud-fog server built in so that it may connect with entities that are consuming its services. To be more
specific, the cloud-fog servers are responsible for saving and analyzing requests coming from a wide variety of
industries before sending them on to the smart grid so they can answer to the respective consuming entity. The material
that pertains to the sources of energy generation is not covered in this investigation because it is beyond the purview
of this research.

The grid is a secure location from which the electrical energy can be distributed to a wide variety of consuming entities,
each of which possesses unique characteristics such as location, responsiveness, and usage. Improving energy
management typically results in a smarter grid because it makes it possible to devise a distribution strategy that is both
efficient and effective, hence minimizing the amount of power that is wasted. Traditional energy networks hand out
electricity to anyone who asks for it, but they don't ask any questions about how much they use, how the weather
affects it, or any of the other myriad ecological variables that could lead to inefficient energy use. A smart grid, on the
other hand, monitors the demands for electricity and then distributes it in the right amounts. Nevertheless, the grids
frequently have poor performance because they are overburdened by excessive demands, they fail to pay attention to
information that is pertinent to energy needs, and they do not have a strategy to accommodate anomalous energy
requirements from various industries. The suggested framework provides a solution to this issue by incorporating an
in-between cloud analysis operation. During this procedure, queries from ingesting parties are processed thru a series
of particular analysis phases before being redirected to smart grids.

the process of energy management begins with the prediction of the usage of electricity, which comes prior to the
scheduled transmission or delivery of needs that are specific to a particular entity. The proposed model receives, as an
input, a time series of minute-level power usage from a particular entity. This time series is then used to make
predictions for power use for the subsequent 60-minute timeframe. After receiving input data for three hours measured
in kilowatts, the trained model is subsequently deployed through the resource-constrained device. It then makes a
prediction regarding the forthcoming only one-hour usage. The amount of energy that is required is sent to cloud-fog
servers, where it will be stored and analyzed with the request's histories and previous records in order to detect any
anomalies. The abnormality may be seen as an unanticipated variation in the volume of requests coming from various
smart urban industries. The smart grid responds to the demand and delivers the requested amount of electricity to the
customer. This cycle repeats itself for all entities, and because the cloud-fog space is capable of such lightning-fast
computing, the transitions between states are seamless.
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The layer of absorption. In a modern city, this surface is mostly made up of various consumption industries and
entities, such as smart industry, smart transportation, smart housing, health, etc. Those entities might desire to
investigate its load either overall, at the basis of a sub-entity, or at the degree of devices. The amount of energy that
these various sectors and entities consume differs according to the ecological factors that are associated with them,
such as their size, geography, climate, and so on. These units connected to the Internet of Things network through
edge devices where the intended Model was installed to forecast the corresponding load at varying horizons, as was
described before.

4. Setting up Experimentations

For this investigation, we make use of two publicly available datasets to conduct model experiments with residential
and business data. To begin, nine different factors make up the Individual Household Electric Power Consumption
(IHEPC) dataset. The time-series data were collected at a resolution of one minute in a residential residence in France
between the years 2006 and 2010, and it was collected between those two years. The Independent System Operator
New England (ISO-NE) is the subject of the second dataset. The zone covered by 1SO-NE could be divided up into
eight distinct regions. There are a total of seven years' worth of hourly time-series data that are utilized, starting in
2012 and continuing through 2018, for the goal of the model's training. In addition, one year's worth of data obtained
(2019) is utilized for the goal of evaluating the model.

For evaluation purposes, four common metrics are adopted to estimate the predictive ability of the proposed edge
intelligence model. The mathematical definition of these metrics is given as follows:

N
1
Mean Square Error (MSE): = NZ(yi —9,)? 17
i=1
N
1
Root Mean Square Error (RMSE) = NZ(yi — ¥:)? (18)
i=1
L
Mean Absolute Error (MAE) = sz — %l (19)
i=1
1<y —
Mean Absolute Percentage Error (MAPE) = NZ |¥| x 100% (20)
i=1 ¢

Setup: Inevery single trial, the MAE is used in place of the model's loss function. The Adam optimizer is used because
of the widespread recognition of its computational efficiency. An initial learning rate of 0.001 is used to initialize the
optimization. This rate is then reduced by 50 after every 300 iterations. The number of participants in the training
batch will be 196. To mitigate the impact of uncontrolled initialization, a 0 has been provided to each of the randomized
seeds. All of the models' implementations are carried out in an environment based on Python 3.9, making use of the
Keras 2.4.3 API and utilizing TensorFlow-GPU 2.2.0 as the backend. Training is carried out on a Laptop that is
equipped with 48GB memory, and an NVIDIA RTX as a GPU accelerator.

5. Experimental Analysis

Through using two different datasets, we evaluate how well the suggested technique performs in comparison to other
available benchmarks. In the following sections, we will explain the comparative analysis of popular technologies
over residential and industrial datasets. In these sections, we will also clarify in depth how our suggested model is
superior to the other model.

For the first dataset, the numerical results obtained from the proposed model are compared against the results of
competing methods across different performance indicators. Since our focus s short-term predictive modeling, the
comparative experimentations are performed under three scenarios namely the hour-ahead scenario (See Table 1),
half-day-ahead scenario (See Table 2), and day-ahead scenario (See Table 3). The suggested model demonstrated its
superiority and efficacy in modeling the spatial and temporal properties of the data as it was being learned, as
evidenced by the fact that it obtained robust performance across all measures, exceeding all rival models.
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Table 1: Numerical results hour-ahead predictions for the competing methods on IHEPC data.

Models MSE RMSE MAE MAPE
(%)
CNN[15] 0.3206 0.5224 0.4372 6996
EMD-LSTM 0.3322 0.5988 0.3769 6615
[16]
LSTM [17] 0.4182 0.8025 0.4261 6810
GRU [18] 0.4701 0.8154 0.4648 7233
PV-Net [10] 0.4576 0.7364 0.4501 5768
Energy-Net 0.3073 0.5677 0.4233 5541
[9]
Proposed 0.1827 0.5238 0.3430 3802

Table 2: Numerical results half-day-ahead predictions for the competing methods on IHEPC data.

Models MSE RMSE MAE  MAPE
(%)
CNN[15] 04327 0.6578 0.6289 6981
EMD-LSTM 02761 05255 05737 8751
[16]
LSTM[17]  0.4265 06531 06913 8717
GRU [18] 05864 0.7658 0.6210 6518
PV-Net[10] 0.6567 0.8104 0.6127 6980
Energy-Net  0.3391 0.5823 0.4619 6947
[€]
Proposed 01025 03202 0.4080 5708

Table 3: Numerical results day-ahead predictions for the competing methods on IHEPC data.

Models MSE RMSE MAE MAPE
(%)
CNNJ[15] 04709 0.6862 0.3956 6827
EMD-LSTM 05324 0.7297 0.4081 8406
[16]
LSTM [17] 0.6335 0.7959 0.4714 9544
GRU [18] 0.4608 0.6788 0.4490 9081
PV-Net [10] 0.6993 0.8362 0.6811 6703
Energy-Net 04614 0.6793 0.4323 6758
[9]
Proposed 0.3085 0.5554 0.4542 0.5453

For the ISO dataset, The numerical results that are produced from the proposed model are compared with the results
that are obtained from competing methods across a variety of performance indicators. Since we are primarily
concerned with short-term predictive modelling, the comparative experiments are carried out under three different
scenarios: the hour-ahead scenario (which can be found in Table 4), the half-day-ahead scenario (which can be found
in Table 5), and the day-ahead scenario (which can be found in Table 6). The proposed model showed its supremacy
and effectiveness in analysing the temporal and spatial characteristics of the data while it was being learned, as
indicated by the fact that it obtained high efficiency throughout all indicators, surpassing all competing models in the
process. This was reflected in the fact that it procured the highest score possible for each of the metrics.
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Table 4: Numerical results hour-ahead predictions for the competing methods on 1SO-NE data.

Models MSE RMSE MAE MAPE
CNN[15] 0.5958 0.7719  0.4187 42.40
EMD-LSTM 0.4667 0.6832 0.4285 57.50
[16]

LSTM [17] 0.7603 0.8720 0.4528 61.74
GRU [18] 0.4845 0.6961 0.4630 55.20
PV-Net [10] 0.3739 0.6115 0.3319 31.85

Energy-Net 0.3083 0.5552 0.4335 26.98

[9]
Proposed 0.1518 0.3896 0.2725 23.75

Table 5: Numerical results half-day-ahead predictions for the competing methods on ISO-NE data.

Models MSE RMSE MAE MAPE
CNNJ[15] 0.3997 0.6322 0.4459 41.12
EMD-LSTM  0.2956  0.5437 0.3912 52.67
[16]

LSTM [17] 0.6115 0.7820 0.2679 57.34
GRU [18] 04221 0.6497 0.4388 56.44
PV-Net [10] 0.3939 0.6276 0.1674 15.11

Energy-Net 0.1000 0.3162 0.1993 29.40

(9]
Proposed 0.1840 04290 03017 25.71

Table 6: Numerical results day-ahead predictions for the competing methods on 1SO-NE data.

Models MSE RMSE MAE MAPE
CNNJ[15] 0.6237 0.7897 0.6226 67.67
EMD-LSTM 0.7126 0.8442 0.5288 78.02
[16]

LSTM [17] 1.0800 1.0392 0.7199 67.16
GRU [18] 0.8588 0.9267 0.6908 70.89

PV-Net [10] 0.5357 0.7319 0.4460 51.12
Energy-Net [9] 0.5097 0.7139 0.6036 45.39
Proposed 0.2453 0.4953 0.5807 51.24

6. Summary and Conclusions

I0T devices are becoming increasingly important in the resolution of a wide variety of issues on a regular basis, and
there are a great many difficulties that they can solve. The majority of applications for these devices are in pattern
recognition and machine learning, particularly for smart tracking and the identification of activities. It is uncommon
for researchers to look into predicting the future of energy and managing it appropriately with the help of 10T devices.
In particular, DL and its related concepts are not inferred to the edge of the network. For the purpose of our research,
we employed light cognitively smart strategies that are operational over resource-constrained devices to predict the
future consumption of energy and make its administration more efficient.
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Many different avenues can be investigated in the future to make this operate better. In the first place, as we were
training and assessing our model, we planned to take into account more complicated characteristics and noisy data
(such as environmental factors, user behavioral information, and so on). Second, there is the possibility of investigating
decentralized, distributed, or federated training as a means of overcoming the ever-increasing volume of data and the
growing physical separation between the various sources of information. Third, to make up for the scarcity of data,
one could investigate the possibility of semi-supervised or self-supervised training. Fourth, the use of deep learning
which is allowed by blockchain technology is the most effective method for resolving concerns over the confidentiality
of the demand prediction model. Fifth, we want to expand our work by leveraging online learning to encourage
capacity planning as a utility. In this scenario, the Energy-parameters Net's would need to be updated following the
current power demands.
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