©

IEEE Open Journal of the
Computer Society

BHARANIDHARAN SHANMUGAM

Received 27 May 2025; accepted 13 June 2025. Date of publication 16 June 2025;
date of current version 30 June 2025. The review of this article was arranged by Associate Editor Zhiyuan Tan.

Digital Object Identifier 10.1109/0JCS.2025.3580339

Conv-Ensemble for Solar Power Prediction
With First Nations Seasonal Information

SELVARAJAH THUSEETHAN “ (Member, IEEE), SANDIPKUMAR GANGAJALIYA, LUKE HAMLIN,

(Member, IEEE), AND SURESH THENNADIL ““ (Member, IEEE)

Energy and Resource Institute, Faculty of Science and Technology, Charles Darwin University, Darwin, NT 0810, Australia

CORRESPONDING AUTHOR: SELVARAJAH THUSEETHAN (email: thuseethan.selvarajah@cdu.edu.au).

ABSTRACT Power generation forecasting, especially for solar power, is crucial for future energy planning.
In this study, a novel framework, namely FNS-Metrics, is proposed to integrate seasonal information from
First Nations calendars into solar power forecasting. Furthermore, a novel Conv-Ensemble framework is
proposed, leveraging the high-level feature extraction capabilities of Conv1D layers along with the low-level
feature extraction abilities of transformer and LSTM networks. A weighted feature concatenation technique
is also integrated into the proposed approach to combine the features effectively. To validate the proposed
FNS-Metrics and Conv-Ensemble framework, a new dataset is constructed by collecting power and weather
data from the Desert Knowledge Australia Solar Center in Alice Springs and integrating data related to
First Nations seasonal cycles. Experiments on this dataset show that the Conv-Ensemble framework with
FNS-Metrics outperforms traditional approaches, achieving state-of-the-art solar power prediction with the
highest R of 0.8641 and the lowest MSE of 22.41. These represent a 14.60% and 26.21% increase compared
to the baseline configuration of Conv-Transformer. The ablation study demonstrates that the Conv-Ensemble
framework improves performance compared to the baselines. Furthermore, the results for individual and

combined FNS-Metrics features show a progressive improvement in performance.

INDEX TERMS Deep learning, first nations seasons, LSTM, solar power forecasting, transformer.

I. INTRODUCTION

The global energy landscape is experiencing an extreme trans-
formation as the world moves from fossil fuel-based power
generation to renewable energy sources. Traditional power
generation systems, dominated by coal, natural gas, and oil,
have long been associated with adverse environmental im-
pacts, including greenhouse gas emissions, air pollution, and
climate change [1]. In response to these challenges, there has
been a growing interest in adopting green energy solutions,
such as solar, wind, tidal and biomass energy. Among these,
solar power systems have emerged as a prominent renew-
able energy source due to their scalability, reduced costs, and
potential for integration into residential and commercial set-
tings. In Australia, solar energy production is highly feasible
because the country has the highest average solar radiation
per square meter of any continent in the world [2]. Despite
installation and infrastructure challenges, northern and central
Australia hold great promise for solar energy.

Solar energy lacks long-term persistence due to variations
in solar irradiation across time and location. Geographic
differences significantly affect solar power generation; for
instance, India and Australia exhibit distinct patterns through-
out the year [3], [4]. Accurate solar power prediction is
challenging due to the complex interplay of weather, atmo-
spheric conditions, and the dynamic nature of solar irradiance.
These challenges hinder the development of a universal pre-
diction model. However, accurate predictions are essential
for improving power supply reliability and optimising energy
management. Solar power forecasting has also gained eco-
nomic importance with the global rise in solar energy use [5].
Advances in Machine Learning (ML) have shown promise in
improving prediction accuracy [6], helping to mitigate vari-
ability and support integration into energy grids. Recently,
Deep Learning (DL) techniques have gained attention for
their high accuracy and better generalisation across different
regions [7], [8].
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The DL-based solar power prediction methods have mainly
used historical power data and, in some cases, weather data.
For example, radiation, temperature, and rainfall are some
important classical metrics used to predict solar power gener-
ation [7]. In the context of Australia, various regions involve
different First Nations seasonal information that reflects the
diverse ecological knowledge and cultural practices of In-
digenous communities throughout the country. Incorporating
First Nations seasonal knowledge into solar power generation
predictions can significantly enhance accuracy by aligning
forecasts with natural cycles that have been observed and un-
derstood for thousands of years. Unlike conventional calendar
systems, these seasonal insights are deeply rooted in local
ecological cues, such as plant and animal behaviours, which
are closely tied to changes in sunlight and weather patterns.
By integrating this knowledge, predictions can be tailored
to reflect more granular shifts in environmental conditions,
leading to more precise and culturally informed forecasting
for specific regions across Australia.

Australian First Nations or Aboriginal people are the
original custodians of the land, with diverse cultures and
knowledge systems that have been sustained for over 60,000
years [9]. Notably, with Australia’s strong solar potential,
there’s increasing focus on using renewable energy to support
First Nations people, backed by new funding for sustain-
able energy projects.! Additionally, First Nation communities
in northern and central Australia possess seasonal calendars
that are specific to their local community. Tiwi, Gulumoer-
rgin, Kunwinjku, and Ngurrungurrudjba are among the most
widely used calendars by First Nation peoples in the northern
regions of Australia. Traditional Owners from the Tiwi Islands
and the Tiwi Land Council created the Tiwi Calendar, which
includes three seasons reflecting their ecological knowledge.
The Gulumoerrgin community in Darwin recognises seven
main seasons. Traditional Owners from Kunbarlanja (Gun-
balanya) developed the Kunwinjku calendar based on their
seasonal and environmental knowledge, while the Ngurrun-
gurrudjba calendar, created by Traditional Owners from the
Yellow Water region, reflects their Kundjeyhmi knowledge of
seasons and the environment. These calendars are closely tied
to weather patterns and seasons. The deep understanding of
local climate in these calendars enables First Nations people to
make informed resource management and sustainability deci-
sions. As climate change affects weather patterns, knowledge
of these calendars becomes crucial for adapting to environ-
mental challenges.

Incorporating First Nations seasonal cycles into solar
power forecasting is valuable, particularly as solar energy will
increasingly be supplied to rural communities in Australia.
This approach aligns with the culturally ingrained calendar
interpretations of these communities, including First Nations
people. However, to the best of our knowledge, no existing
work incorporates this seasonal information to predict solar

Uhttps://www.energy.gov.au/news-media/news/new- funding-renewable-
energy-first-nations-communities [last accessed: 29 August 2024]
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power generation effectively. Furthermore, standalone DL
models are prone to errors, as individual models are not
robust to noise and outliers, which is a common case in solar
power data. Considering these challenges, in this article, a
novel set of metrics are introduced along with an ensemble
DL approach to perform solar power prediction. The key
contributions of this article are summarized as follows.

1) A set of novel metrics, namely First Nations Sea-
sonal Metrics (FNS-Metrics), has been created based on
First Nations seasonal information, which includes the
First Nations seasonal information from calendars such
as Tiwi, Gulumoerrgin, Kunwinjku, Ngurrungurrudjba
and the modern calendar known as Red Centre.

2) A novel framework consisting of three 1-dimensional
convolutional (ConvlD) layers and an ensemble of
a Transformer model and a long short-term memory
(LSTM) model, as given in Fig. 1, is proposed to predict
solar power generation accurately. This approach em-
ploys a weighted late fusion of the features for optimal
performance.

3) A new dataset, namely AliDKA.? is constructed from
data collected at the Desert Knowledge Australia
(DKA) Solar Centre in Alice Springs for the pur-
pose of accurate solar power prediction. This is the
first solar power dataset to incorporate First Nations
seasonal information for solar power prediction. The re-
sults obtained for the proposed approach on this dataset
demonstrate that it outperforms existing methods in so-
lar power prediction.

Section II provides a comprehensive analysis of related
work in power prediction. The novel metric and proposed
power prediction framework are thoroughly described in
Section III. Section IV presents the experimental results and
performance evaluations. Lastly, Section VI offers conclu-
sions and suggestions for future research.

II. RELATED WORKS

There have been numerous research works on solar power
prediction, with the majority of these studies utilising DL
techniques [10]. To support the development of these kinds
of automated solar power prediction methods, recently, many
datasets have also been introduced [11]. Recent advances in
DL have led to more accurate predictions of solar power
generation [12].

In [13], a regression technique is proposed to automatically
forecast solar power generation. Further, the novel loss func-
tion proposed in their approach enhances the performance of
ML models. Yet, the performance of these ML models does
not meet the expected level. On the other hand, the Convolu-
tional Neural Network (CNN) has shown strong performance
in forecasting solar power generation [14]. A key contribution
of this study is a common model framework with a classifi-
cation module that increases adaptability and generalisation

2This dataset will be made available after acceptance.
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FIGURE 1. The proposed ensemble model with three Conv1D layers and the ensemble of the LSTM model and the Transformer model. The traditional and

FNS-Metrics are inputted for power prediction.

to predict known and unknown sites under various environ-
mental conditions. Hamad et al. [4] proposed DSCLANet, a
dual-stream CNN-LSTM, followed by a self-attention mech-
anism. The DSCLANet achieved the MSE, MAE and RMSE
of 0.0173, 0.0667 and 0.1273, respectively. In [15], an effi-
cient short-term forecasting model for solar power production
was proposed using a Variational Auto-Encoder (VAE) that
demonstrates low error rates. In all these works, solar power
is predicted, whereas, in a very recent work, data gathered
from a wind—solar tower system were used, and deep neural
networks were proposed [16]. In [17], a comparative study
of six machine learning techniques is conducted, with all six
demonstrating comparable performance in solar power pre-
diction.

Transfer learning with deep neural networks is highly ef-
fective for short-term prediction of solar power [18]. The
LSTM model with transfer significantly improves predic-
tion accuracy compared to the new LSTM model using the
inadequate dataset. Elsaraiti et al. [19] proposed an LSTM-
based solar power prediction approach that outperformed
the multi-layer perceptron (MLP). In [20], the bidirectional
LSTM (BiLSTM) model and the extreme learning machine
(ELM) algorithm are used to effectively predict solar power.
In this study, the improved ELM serves as the primary pre-
diction model. Kim et al. [21] proposed a two-step model
for predicting solar power generation, which utilises weather
information by connecting unannounced weather variables
with announced weather forecasts in a sequential modelling
process. Mo et al. [22] proposed a novel multi-step solar
prediction (MSSP) model developed with a transformer net-
work for solar power prediction, which demonstrated very
good performance [22]. In [23], a comprehensive analysis of
some state-of-the-art DL models is performed. The authors
compared MLP, LSTM, and gated recurrent unit (GRU) tech-
niques, finding that MLP is the most efficient model, while
GRU demonstrated higher speed than LSTM despite having
more layers. Zhu et al. [24] proposed the SL-Transformer
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for time-series power forecasting in wind and solar energy,
achieving an R? of 0.9989.

In summary, most of the existing power prediction ap-
proaches are limited in performance. Unlike individual model-
based approaches, ensemble learning methods have demon-
strated promising results in recent years [25]. For example,
in [7] and [26], deep ensemble approaches demonstrated su-
perior performance in predicting solar power. Taking these
into consideration, our approach utilises a novel ensembling
of Transformer and LSTM models, enhanced by convolutional
preliminary layers to improve the performance. In addition,
none of these approaches have incorporated factors derived
from various First Nations calendars and their corresponding
seasonal cycles.

1il. PROPOSED METHOD

In this section, the proposed FNS-Metrics and the novel
power prediction framework are explained in detail. The FNS-
Metrics are designed to incorporate various Australian First
Nations seasonal cycles, providing a culturally informed ap-
proach to evaluating solar power generation. The novel power
prediction framework integrates three Conv1D layers with an
ensemble of Transformer and LSTM models.

A. FNS-METRICS

Traditionally, solar power prediction is based on historical
data and weather data. Some of these approaches take advan-
tage of past solar irradiance and meteorological conditions to
model and forecast power output. In contrast, in the proposed
work, the First Nations seasonal information taken from four
calendars, such as Tiwi, Gulumoerrgin (Larrakia), Kunwinjku,
Ngurrungurrudjba and a modern Red Centre calendar, is used
to create the FNS-Metrics. While other First Nations calendars
are available, they often feature numerous seasons with fluid
boundaries and significant overlaps, making them less suit-
able for precise solar power forecasting. By incorporating the
seasonal information from four major First Nations calendars
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TABLE 1. Formulation of the FNS-Metrics Using the Season Information Taken From Tiwi, Gulumoerrgin (Larrakia), Kunwinjku, Ngurrungurrudjba, and
Red Centre Calendars. Here, s and u Represent Singleton and Union Variables, Respectively, Where s Represents the Variables for the Single-Season
Information, and u Represents the Variables for the Information of Overlapping Seasons

Months Tiwi  Gulumoerrgin  Kunwinjku  Ngurrungurrudjba Red Centre
January Ts,3 Gs1 K1 N Rs 1
February Ts,3 Gs1 Ks1 Ns1 Rsa
March Ts1 Gu,2 Ky, Ns.1 Rs 2
April T Gu,3 K3 Ns,2 Rs,2
May Tsq Gsa Ks 4 N3 Rs 2
June Ts1 Gu,5 Kus Nuy,4 Rs3
July Tsa Gue Ksps Ns.5 Rs 3
August Ts1 Gu,6 K7 Nu,6 Rs3
September T o Gu,7 Ks g Ns,7 R4
October Ts,2 Gs8 Ky Nuy,g Rs.a
November T 2 Gu,9 Ks 10 Ns9 Rs.a
December T3 Gu,9 Ks 10 Ns,9 Rs1
Variables 3 9 10 9 4

and one modern calendar, the FNS-Metrics aims to precisely
capture weather conditions, encompassing not only temper-
ature, irradiance and rainfall but also the nuanced details of
transitional weather patterns that are crucial for solar power
forecasting.

Table 1 presents the formulation of FNS-Metrics based on
seasonal information from four First Nations calendars and
one modern calendar. Each row corresponds to a month of
the year, with the columns representing the seasons associated
with each region. The notations s and u are used to differen-
tiate between singleton and union variables, respectively. The
singleton variables (s) correspond to months that fall strictly
within a single season, while the union variables (u) indicate
months that overlap between two seasons. For example, in
March, the Tiwi region is in a distinct single season denoted
by 751, while in the Gulumoerrgin and Kunwinjku regions,
the same month spans multiple seasons, represented by G, 2
and K, », respectively. By explicitly encoding overlapping
seasons using union variables, the model is better equipped
to represent transitional weather patterns that impact solar
power generation. Furthermore, this formulation facilitates
the incorporation of region-specific First Nation knowledge
systems, which define seasonal boundaries based on ecologi-
cal indicators rather than rigid calendar structures.

Based on the seasons extracted from the Tiwi, Gulumo-
errgin (Larrakia), Kunwinjku, Ngurrungurrudjba, and Red
Centre calendars, five additional features are constructed.
These features potentially represent diverse First Nations sea-
sonal patterns and consist of 3, 9, 10, 9, and 4 possible
categories, respectively.

B. CONV-ENSEMBLE FRAMEWORK

As shown in Fig. 1, the proposed framework consists of three
Conv1D layers to extract high-level features. Conv1D is used
because it is effective for extracting high-level features in
sequential data, such as time series or text, due to its ability
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to capture local features, enable hierarchical feature learn-
ing, and maintain translation invariance [27]. In solar power
prediction, capturing temporal dependencies and short-term
fluctuations is essential for accurate forecasting, and Conv1D
effectively models these patterns. Each layer extracts pro-
gressively abstract temporal features, enabling both fine- and
coarse-grained representation learning. Moreover, ConvlD
offers computational efficiency due to its reduced parameter
count compared to recurrent architectures, making it suitable
for real-time applications. All three Conv1D layers utilise the
rectified linear unit (ReLU) as their activation function. The
output features from the third Conv1D layer are then fed into a
flatten layer to convert the multi-dimensional feature map into
a one-dimensional vector. Let the input feature be represented
by x € RE*C, the output after the first Conv1D layer can be
expressed as follows based on the definition provided in [28]:

h; = ReLUW; *x+ by) (1)

where, W| € Rk *CxMi g the filter of the first Conv1D layer,
with k| being the kernel size, C the number of input channels
and M the number of output channels. by € RMi i the bias
term. * denotes the convolution operation across the time
dimension.

The output after the first ConvlD layer, hy, is then fed
into the second Conv1D layer. Similarly, the output from the
second Conv1D layer is passed to the third Conv1D layer for
further processing. A flatten layer is then used to convert the
multi-dimensional feature map into a one-dimensional vector.
The output of the flatten layer can be represented as follows
based on the definition provided in [29]:

z = Flatten(h3) (2)

where, z € RE*Ms ig the output after the flatten layer, with L’
being the reduced length of the time series after convolution,
flattening it into a vector of size L' x M3. h3 is the output
feature of the third Conv1D layer.
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TABLE 2. Layer Details of the Transformer Model in the Proposed
Conv-Ensemble Framework

Layer # Layer Type Input Shape  Output Shape

1 Input [N,] [N,]

2 Multi-Head Attention [NV, ] [N, 64]
3 Dropout [N, 64] [N, 64]
4 Layer Normalization [NV, 64] [N, 64]
5 Dense [V, 64] [N, 64]
6 Dropout [N, 64] [N, 64]
7 Layer Normalization [N, 64] [N, 64]
8 Dense [N, 64] [N,]

TABLE 3. Layer Details of the LSTM Model in the Proposed Conv-Ensemble
Framework

Layer # Layer Type Input Shape Output Shape
I Input NV, [N,]
2 LSTM [N,] [N, 64]
3 Dropout [N, 64] [N, 64]
4 LSTM [NV, 64] [64,]

1) ENSEMBLE MODEL

In the proposed framework, an ensemble of a transformer and
an LSTM model is used. The transformer network is efficient
in time series analysis, which arises from its ability to cap-
ture long-range dependencies and intricate temporal patterns
through self-attention mechanisms [30]. Consider that z is in
the shape of [N, ], Table 2 shows the organisation of the layer
with the corresponding input and output shapes. The output
shape of the feature is again [N, ], which is a 1-dimensional
vector. The proposed transformer model consists of eight lay-
ers, one of which is a multi-head attention layer. This layer
is used to capture diverse relational dynamics between input
elements that allow the model to attend to multiple aspects of
the input sequence concurrently throughout its other layers.

Subsequently, an LSTM model is incorporated into the
ensemble framework. In general, similar to transformers,
LSTMs are also suitable for time series analysis due to
their ability to effectively capture and maintain long-term
dependencies in sequential data through their memory cell
structure [31]. The input for the LSTM model is the same as
for the transformer, with z having a shape of [N, ]. Table 3
gives the layer information for the LSTM model integrated in
the proposed Conv-Ensemble approach. The model consists of
two LSTM layers and one dropout layer, with the final output
shape of the LSTM model being [64,].

As illustrated, the flattened feature z is then fed into the
ensemble model, where it is processed separately by both the
transformer and the LSTM models. Assume that the output
features of the transformer model and the LSTM model are e
and e, respectively. A weighted concatenation of the output
features e; and e is performed to combine the features, as
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FIGURE 2. AliDKA dataset construction: Location of the solar farm and
calendars considered.

given below.
€final = W X €] + W2 X € 3

where, w; and w; are the weights given for the features ex-
tracted by the transformer and the LSTM models, respectively.

These weights are optimised through a grid search mecha-
nism during the validation process to ensure the most effective
feature integration. Specifically, the grid search iteratively
evaluates a predefined set of weight combinations where
w; + wy = 1, such as (0.1, 0.9), (0.2, 0.8), ..., (0.9,0.1), to
identify the pair that yields the best validation performance.
By systematically scanning this constrained search space, the
model can balance the contribution of both features e; and
ey in a controlled manner. The optimal weights are selected
based on the performance metric MSE, calculated on the val-
idation set. The resultant feature, derived from this weighted
combination, is subsequently utilised to predict solar power
generation.

IV. EXPERIMENTS

In this section, the details of the newly constructed AliIDKA
dataset details, implementation and protocols and the exper-
imental results for the proposed novel FNS-Metrics and the
Conv-Ensemble framework are discussed.

A. ALIDKA DATASET

The solar power data in the newly constructed AliIDKA
Dataset is sourced from the Desert Knowledge Australia Solar
Centre.? Fig. 2 shows the location of the solar farm where
the AliIDKA dataset was collected, along with the First Na-
tion calendars and the Red Centre calendar considered in
this work. These First Nations calendars align closely with
the seasonal and environmental patterns observed in the so-
lar farm area, offering a more region-specific understanding
of climate variations. Although the solar farm is outside the
region where these Indigenous seasonal calendars originated,

3https://dkasolarcentre.com.au/download?location=alice-springs
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FIGURE 3. Correlation of traditional features with both active power readings taken in power meter 1 and power meter 2, individually.

their use is justified by geographical similarities and proven
broader applicability in comparable contexts.* Further, their
detailed reflection of local and surrounding weather condi-
tions provides valuable insight that improves the accuracy of
solar power generation predictions in this region.

Launched in 2008 in Alice Springs, this solar facility is
the world’s largest multi-technology solar demonstration site.
Its extensive array of solar technologies allows for com-
prehensive data collection and analysis across various solar
energy systems. Located in Alice Springs, Australia, the
Desert Knowledge Australia Solar Centre is significantly in-
fluenced by First Nations seasonal information, given that
the majority of Australia’s First Nations communities reside
in the Red Centre and northern regions [32]. Although the
Red Center calendar closely aligns with the region where
the AliDKA dataset is collected, nearby Indigenous calendars
may also have a significant influence due to their proximity.
This influence is reflected in the dataset, which incorporates
seasonal patterns and environmental factors specific to these
indigenous communities, thereby enhancing the relevance and
accuracy of the solar power data for local and regional appli-
cations. The integration of First Nations seasonal knowledge
underscores the commitment to incorporating traditional eco-
logical insights into modern technological frameworks.

The solar power data in the AlIDKA Dataset, collected
from 2019 to 2024, consists of data points recorded at five-
minute intervals. Altogether, the final cleaned AldKa dataset
comprises 465,078 rows of recordings, which provides a
substantial foundation for analysing solar power generation
patterns. Further, collected over a period of five years, the
dataset captures a diverse range of weather patterns, sea-
sonal variations, and rare environmental conditions, all of
which critically influence solar power generation. Historical
data before 2019 are excluded from the AlIDKA Dataset
to ensure consistency and relevance, as the dataset focuses
on the most recent technological advancements and weather
conditions relevant to recent years. In addition to the five
features provided by the novel FNS-Metrics, the AlIDKA
Dataset includes eight traditional features, such as tempera-
ture, relative humidity, two readings for horizontal radiation,
wind direction, daily rainfall, and both global and diffuse
tilted radiation—that exhibit a high correlation with the active
power generated by solar cells.
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According to the literature, these traditional features are
proven to be significant in predicting solar power [10]. In ad-
dition, the impact of these features is examined and validated
through further correlation analysis. Fig. 3 presents the cor-
relation between eight traditional features and the two active
power measurements read on master meters 1 and 2, analysed
individually. Although each traditional feature is examined for
its relationship with active power readings from both meters to
understand how various meteorological factors influence solar
power generation, the influence of individual features is not
analysed in this study, as the primary focus is on investigating
the impact of the proposed novel FNS-Metrics.

B. IMPLEMENTATION AND PROTOCOLS

The Conv-Ensemble framework is implemented in Python
using the TensorFlow® ML framework due to its flexibil-
ity and wide support for deep learning models. Training on
an NVIDIA GeForce GTX 1080 Titan GPU server ensures
efficient handling of computationally intensive operations,
significantly reducing training time. The dataset is split with
80% allocated for training and 20% for testing. The test set
consists entirely of unseen data, which ensures a clear sep-
aration from the training process. This setup allows us to
rigorously evaluate the model’s ability to generalise to out-of-
distribution (OOD) scenarios as well. The model was trained
for 50 epochs using the Adam optimiser with mean squared
error (MSE) as the loss function, incorporating early stopping
to prevent overfitting. The transformer model is configured
with hyperparameters that include 4 attention heads, a key
dimension of 64, a dropout rate of 0.1, an epsilon value of
le-6, and ReLLU as the activation function. The LSTM model
is configured with 64 units and a dropout rate of 0.1.

The results are presented using evaluation metrics, such as
the coefficient of determination R-Squared (R?) and MSE.
The R2, as shown in (4), serves as a performance indicator
to evaluate how effectively a model captures the underlying
patterns in the data. The values for R? range between 0 and
1, where a high value does not always imply that the model is

4[Online]. Available: https://www.csiro.au/en/research/indigenous-
science/indigenous-knowledge/calendars
5[Online]. Available: https://www.tensorflow.org/
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TABLE 4. Comparison of the Results Obtained on the AliDKA Dataset for Solar Power Prediction of the Active Power Data From Power Meter 1. Trad -
Traditional Metrics, RC - Red Centre and FNS - FNS-Metrics. The Models Highlighted in Bold Represent Different Configurations Used for the Ablative Study

R? MSE
Models
Trad Trad + RC  Trad + FNS Trad Trad + RC  Trad + FNS

GAM [17] 0.3565 0.3592 0.3811 190.17 188.62 181.54
SL-Transformer [24]  0.4274 0.4303 0.4963 160.55 159.43 152.48
BiLSTM [20] 0.3908 0.4005 0.4199 179.62 177.51 171.74
DSCLANet [4] 0.4470 0.4476 0.5136 154.63 152.18 147.31
LSTM 0.3715 0.3789 0.4013 184.31 183.17 178.22
Transformer 0.4023 0.4138 0.4517 168.62 166.57 160.74
Conv-LSTM 0.4914 0.5128 0.5891 136.63 132.52 124.12
Conv-Transformer 0.5852 0.6137 0.6792 122.15 119.57 110.08
Conv-Ensemble 0.7125 0.7347 0.8015 101.26 100.87 96.13

good, especially if the model is overfitting. 3) Transformer and LSTM: These models are composed

solely of the Transformer and LSTM components

n 52 - . . .
RE—1— im0 = 9) (4) utilised in the proposed method, with no concatenation
Yo i — 7)? employed, as they are treated as individual models.

where, y; represents the observed values, ; the predicted val-
ues, and y the mean of the observed values. The numerator,
Z?:l i — )75)2, measures the sum of squared residuals, indi-
cating model errors, while the denominator, > 1, (y; — 7)2,
measures the total variance in the observed data.

The values for R? range between 0 and 1, where a high
value does not always imply that the model is good, especially
if the model is overfitting. Hence, the MSE, as given in (5), is
also used as an evaluation metric along with R?.

1 n
MSE =3 (i =5’

i=1

&)

In this equation, y; represents the observed values, y; the
predicted values, and n the total number of data points.

C. RESULTS AND DISCUSSION

The proposed Conv-Ensemble framework is evaluated using
the newly constructed AlIDKA dataset, and the results are
subsequently compared with existing approaches and base-
lines. Some of the existing approaches have been reproduced
based on the details provided in the original articles, with po-
tential slight variations in the implementation. The baselines
compared are variations of the proposed approach that do not
integrate the ensemble methodology, as given below.

1) Conv-Transformer: This configuration is derived by de-
taching the LSTM component from the proposed Conv-
Ensemble framework and eliminating the weighted
concatenation of embeddings.

2) Conv-LSTM: This is constructed by detaching the
Transformer component from the proposed Conv-
Ensemble framework, with the weighted concatenation
of embeddings also removed, as no ensemble is in-
volved.
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A comparative analysis with these baseline models helps
demonstrate the superiority of the ensemble architecture
inherent in the proposed Conv-Ensemble framework. Further-
more, the impact of each calendar’s information incorporated
into the FNS-metrics is systematically evaluated by testing
the proposed approach and baselines individually for each
calendar using traditional metrics.

Tables 4 and 5 present the results obtained for the proposed
framework, as well as for other baseline and state-of-the-
art methods in solar power prediction of the active power
data from Power Meter 1 and Power Meter 2, respectively.
The state-of-the-art approaches include generalised additive
model (GAM) [17], Savitzky—Golay filter and local outlier
filter with LSTM and transformers (SL-Transformer) [24],
BiLSTM [20] and DSCLANet [4]. The R? and MSE values
are reported both with and without incorporating the novel
FNS-Metrics features. In addition, the results are reported
using Red Centre information with traditional features.

Among the models for solar power prediction of the active
power data from Power Meter 1, the proposed Conv-Ensemble
model with the FNS-Metrics features exhibits the best
performance, achieving the highest R? value of 0.8015 and
the lowest MSE of 96.13. This represents an improvement
of 0.0890in R? and a reduction of 5.13in MSE compared
to the Conv-Ensemble model used without the FNS-Metrics
features. In terms of R? and MSE, the Conv-Transformer and
Conv-LSTM models achieved the second- and third-best per-
formances, respectively. In predicting active power for Power
Meter 1, the inclusion of Red Centre calendar information
slightly improves performance compared to using only tradi-
tional features. It is also important to note that the arrangement
of ConvlD layers with transformer and LSTM networks
significantly enhances solar power prediction capabilities
compared to standalone transformer and LSTM networks.
The SL-Transformer [24] and BiLSTM [20] approaches also
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TABLE 5. Comparison of the Results Obtained on the AliDKA Dataset for Solar Power Prediction of the Active Power Data From Power Meter 2. Trad -
Traditional Metrics, RC - Red Centre and FNS - FNS-Metrics. The Models Highlighted in Bold Represent Different Configurations Used for the Ablative Study

R? MSE
Models
Trad Trad + RC  Trad + FNS Trad Trad + RC  Trad + FNS

GAM [17] 0.3715 0.3762 0.3941 101.22 100.71 94.16
SL-Transformer [24]  0.4722 0.4891 0.5321 72.64 70.92 65.34
BiLSTM [20] 0.4213 0.4314 0.4716 88.64 86.47 81.78
CNN [33] 0.3756 0.3921 0.4178 97.18 95.38 91.33
CNN-LSTM [34] 0.4328 0.4521 0.4932 80.55 78.46 71.91
DSCLANet [4] 0.4961 0.5047 0.5524 63.42 61.51 54.52
LSTM 0.4012 0.4118 0.4481 93.17 92.91 90.03
Transformer 0.4562 0.4688 0.5124 81.11 79.63 73.61
Conv-LSTM 0.5512 0.5734 0.6348 50.12 48.67 42.73
Conv-Transformer 0.6671 0.6837 0.7394 38.64 36.75 30.37
Conv-Ensemble 0.7645 0.7934 0.8641 29.16 27.24 22.41

Power Meter 1

Power Meter 2

GAM SLTransformer BLSTM DSCLANet LsTM Transformer Conv-LSTM  Conv-Transformer  Conv-Ensemble

= Re[Wad] —— R[Tad+FNS] == MSE[Tad] —— MSE (Tad + FNS]

cAm SLTransformer BILSTM DSCLANet sTM Transformer Conv'lSTM  Convransformer  Conv-Ensemble

R (Trad] Re[Tad +FNS] == MSE(Tad] —— MSE(Trad + FNS]

FIGURE 4. Improvements in R? and MSE of all models in solar power prediction with and without FNS-Metrics, for active power data from Power Meters

1 (left) and 2 (right).

demonstrated superior performance compared to their
respective counterparts, the standard transformer and LSTM
networks.

With the active power data from Power Meter 2, as shown
in Table 5, the proposed Conv-Ensemble framework again
outperforms baseline models and existing state-of-the-art
methods in predicting solar power generation. Similar to the
experiments conducted on the active power data of Power
Meter 1, most of the experimental results and the ranking of
the methods in terms of R? and MSE are consistent with those
observed for Power Meter 2. Similar to the previous case, the
inclusion of Red Centre calendar information as an additional
feature enhances performance compared to using only tradi-
tional features. However, the MSE values are comparatively
lower for Power Meter 2 due to the lower generated power
compared to Power Meter 1. This indicates that while the
relative performance of the models remains similar, the ab-
solute error values are reduced in scenarios with lower power
generation.

In both cases (i.e., the active power data from Power
Meters 1 and 2), all the models, including the proposed
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Conv-Ensemble framework, showed improved performance
when the novel FNS-Metrics were combined with other tradi-
tional features. This underscores the benefits of incorporating
the novel FNS-Metrics features extracted from First Nations
calendars into the prediction models. Fig. 4 visually demon-
strates the improvement achieved by integrating FNS-Metrics
compared to the performance before their inclusion. The left
figure illustrates the performance improvement of all models
in solar power prediction using the active power data from
Power Meter 1, while the right figure shows the performance
enhancement of the models using the active power data from
Power Meter 2. The enhanced prediction ability suggests that
integrating various First Nations seasonal information can sig-
nificantly refine forecasting models. Moreover, these results
highlight the potential for incorporating diverse and culturally
relevant data to improve the performance of predictive analyt-
ics in future energy applications.

Fig. 5 illustrates the comparison between the actual power
generated and the predicted values, highlighting the perfor-
mance of the proposed Conv-Ensemble model relative to the
two baseline models, Conv-Transformer and Conv-LSTM.
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FIGURE 5. Comparison of actual and predicted solar power generation using Conv-Ensemble, Conv-Transformer and Conv-LSTM across different
irradiance solar power generation windows from Master Meters 1 and 2. The power generated in both power meters is given in kWh and each time slot

represents 5 minutes.
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FIGURE 6. Heatmap showing error patterns in solar power generation across different irradiance periods using the proposed Conv-Ensemble approach.

Among all baselines, these two are selected because they
represent the second and third best-performing approaches
following the proposed framework. The top and bottom sam-
ples shown in this figure are derived from Master Meters 1 and
2, respectively. The plots on the left, middle and right corre-
spond to solar power generation during periods of increasing
irradiance (morning), peak irradiance (noon) and decreasing
irradiance (afternoon), respectively. The results presented are
based on the combined features from traditional metrics and
FNS-Metrics. As can be seen, the proposed approach consis-
tently outperformed others in predicting solar power across
all six samples (i.e., solar power generation windows). This
highlights the robustness of the proposed FNS-Metrics and
the superiority of the Con-Ensemble framework in accurately
predicting solar power generation.

A heatmap was generated to analyze the error patterns in
solar power generation during different irradiance periods, as
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shown in Fig. 6. This heatmap is generated for the proposed
Conv-Ensemble approach. The heatmap reveals that large er-
rors consistently occur during peak irradiance periods when
solar power generation is at its highest. These high error
rates may be due to the Conv-Ensemble model’s difficulty
in accurately capturing the rapid fluctuations in solar power
generation during these periods, leading to greater deviations
between the actual and predicted values. Additionally, the in-
creased complexity of solar dynamics at peak irradiance might
challenge the ability of the proposed Conv-Ensemble model to
generalise effectively. Further refinement of the model could
enhance its responsiveness to these critical fluctuations, po-
tentially improving overall predictive performance.

Notably, very high error rates are observed at the start and
end of the day, corresponding to periods of low solar power
generation. This pattern is visually evident in the heatmap,
where red shades dominate the early morning sections of the
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TABLE 6. The Result for Individual and Combined FNS-Metrics Features.
Trad - Traditional Metrics

Metrics R? MSE
Trad 0.7645  29.16
+ Tiwi 0.7812  28.14
+ Gulumoerrgin 0.7924  27.62
+ Kunwinjku 0.8063  26.34
+ Ngurrungurrudjba 0.8136  24.79
+ Tiwi + Gulumoerrgin 0.8194  24.05
+ Tiwi + Gulumoerrgin + Kunwinjku  0.8234  23.44
+ FNS-Metrics 0.8641 2241

left plots and the late afternoon sections of the right plots.
These high error rates may be linked to the inherent variability
in solar irradiance during dawn and dusk, where the angle
of the sun causes rapid changes in light intensity. Addition-
ally, the atmospheric conditions during these times, such as
increased cloud cover, can lead to unpredictable fluctuations
in solar input, complicating accurate power generation, which
makes the prediction inaccurate. The combination of these
factors creates a challenging environment for the proposed
model, highlighting the need for enhanced modelling tech-
niques that can better account for these transient and complex
conditions. Improving the model’s performance during these
critical periods could significantly enhance overall prediction
accuracy.

To illustrate the impact of individual features incorporated
in the FNS-Metrics, an ablative study is performed, and the
results are summarized in Table 6. In this ablative study,
only the proposed Conv-Ensemble framework is employed.
First, each calendar’s information is added individually to the
traditional metrics, and both R and MSE are recorded. As
can be seen, as features from FNS-Metrics are added, both
R? and MSE improve, which indicates the value of incorpo-
rating First Nation knowledge into the model. In particular,
among the individual calendars, the Ngurrungurrudjba sea-
sonal information enhanced the performance of the proposed
Conv-Ensemble framework more than the other calendars.
This improvement may be attributed to the fact that Ngur-
rungurrudjba is the region closest to the location where the
solar data was collected. The performance of the proposed
Conv-Ensemble framework, incorporating combinations of
the First Nation calendars with traditional metrics, is also
examined, as demonstrated in the last three rows of Table 6.
The results demonstrate that the integration of combined First
Nation calendar information leads to improved performance
compared to the use of individual calendar information.

V. DISCUSSION

The proposed Conv-Ensemble framework exhibits certain
limitations concerning real-time prediction capabilities. Due
to the relatively long training time required, integrating re-
cent data into the model is constrained to periodic retraining
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processes. This temporal lag may hinder the framework’s re-
sponsiveness to abrupt changes in data distribution. Neverthe-
less, as a lightweight approach, the framework demonstrates
faster processing compared to deeper and more complex ar-
chitectures. To enhance adaptability and reduce retraining
overhead, integrating incremental learning strategies could be
a promising direction for future development [35].

In the past, heuristic, metaheuristic and optimisation al-
gorithms have been employed in time series forecasting. In
data-scarce scenarios, these methods are favoured for their
low data requirements and computational efficiency and are
often used for parameter tuning or as components in hy-
brid models. However, the comparison of these approaches
is avoided because they generally struggle to model complex
temporal dependencies and interactions across multiple vari-
ables [36]. While heuristic, metaheuristic and optimisation
algorithms remain useful in specific contexts, this study fo-
cuses on deep learning due to its superior predictive accuracy
and scalability. Future work may investigate hybrid frame-
works that integrate the strengths of both approaches.

The computational complexity of deep neural networks,
including the proposed Conv-Ensemble framework, is influ-
enced by several key architectural and operational factors.
These include the number of layers in the network, the di-
mensionality of the input data, and the specific operations
performed within convolutional and dense (fully connected)
layers. Among these, convolutional layers typically domi-
nate the computational cost, especially in vision-based or
spatial-temporal tasks. The computational complexity of a
convolutional layer can be approximated as O(n - k* - m),
where n represents the number of input feature maps, k is the
spatial size of the kernel (assuming square kernels), and m
denotes the number of output feature maps or filters [37]. This
formulation highlights how increasing the number of filters or
kernel size can significantly impact the overall computational
load. While such architectures can be computationally inten-
sive, they scale effectively on modern GPUs and are supported
by optimised libraries such as TensorFlow [38], which enables
practical deployment even on moderately powered hardware.

VI. CONCLUSION

In this article a novel feature set, namely FNS-Metrics for
solar power generation prediction, is proposed. The FNS-
Metrics uniquely incorporate the First Nations’ seasonal
cycles from four First Nations calendars, which is a crit-
ical consideration for accurate predictions in the top-end
of Australia. Furthermore, a novel Conv-Ensemble frame-
work is proposed, which combines ConvlD layers with
transformer and LSTM networks to demonstrate the advan-
tages of leveraging diverse feature extraction capabilities. The
weighted feature concatenation technique integrated with the
proposed approach further enhances the model’s ability to
accurately predict solar power generation. The experimen-
tal results on a newly constructed dataset from the Desert
Knowledge Australia Solar Center in Alice Springs, namely
the AliDKA dataset, validated the superiority of the proposed
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FNS-Metrics and Conv-Ensemble framework in solar power
prediction. Specifically, the Conv-Ensemble framework with
FNS-Metrics consistently outperforms traditional methods,
achieving state-of-the-art performance with an R of 0.8641
and an MSE of 22.41. The success of the proposed approach
suggests that it could be a valuable tool for advancing solar
power generation prediction in rural areas like Alice Springs,
Australia, by integrating the seasonal cycles of First Nations
for improved accuracy and performance. In future work, the
applications of the FNS-Metrics and Conv-Ensemble frame-
work to other regions and renewable energy sources by further
refine the models to enhance their generalizability. In addi-
tion, improving modelling techniques to address the higher
error rates observed during periods of rapid changes in solar
irradiance is essential for accurate solar power prediction.

REFERENCES

[1] M. Bieganska, “Energy internet-decentralized systems contributing to
reduction of greenhouse gas emissions,” J. Auton. Intell., vol. 7, no. 1,
pp. 1-8, 2024.

[2] A. Bahadori and C. Nwaoha, “A review on solar energy utilisation in
Australia,” Renewable Sustain. Energy Rev., vol. 18, pp. 1-5, 2013.

[3] D. Chakraborty, J. Mondal, H. B. Barua, and A. Bhattacharjee, “Com-
putational solar energy—ensemble learning methods for prediction of
solar power generation based on meteorological parameters in Eastern
India,” Renewable Energy Focus, vol. 44, pp. 277-294, 2023.

[4] H. Alharkan, S. Habib, and M. Islam, “Solar power prediction using

dual stream CNN-LSTM architecture,” Sensors, vol. 23, no. 2, 2023,

Art. no. 945.

R. Ahmed, V. Sreeram, Y. Mishra, and M. Arif, “A review and evalua-

tion of the state-of-the-art in PV solar power forecasting: Techniques

and optimization,” Renewable Sustain. Energy Rev., vol. 124, 2020,

Art. no. 109792.

V. Raj, S.-Q. Dotse, M. Sathyajith, M. Petra, and H. Yassin, “Ensemble

machine learning for predicting the power output from different solar

photovoltaic systems,” Energies, vol. 16, no. 2, 2023, Art. no. 671.

[71 M. AlKandari and I. Ahmad, “Solar power generation forecasting using
ensemble approach based on deep learning and statistical methods,”
Appl. Comput. Inform., vol. 20, no. 3/4, pp. 231-250, 2024.

[8] J. Li, C. Zhang, and B. Sun, “Two-stage hybrid deep learning with
strong adaptability for detailed day-ahead photovoltaic power fore-
casting,” IEEE Trans. Sustain. Energy, vol. 14, no. 1, pp. 193-205,
Jan. 2023.

[9] J. Krakouer et al., “Resistance to assimilation: Expanding under-
standings of first nations cultural connection in child protection and
out-of-home care,” Australian Social Work, vol. 76, no. 3, pp. 343-357,
2023.

[10] P. Suanpang and P. Jamjuntr, “Machine learning models for solar power
generation forecasting in microgrid application implications for smart
cities,” Sustainability, vol. 16, no. 14, 2024, Art. no. 6087.

[11] W. Wang, D. Yang, T. Hong, and J. Kleissl, “An archived dataset from
the ECMWF ensemble prediction system for probabilistic solar power
forecasting,” Sol. Energy, vol. 248, pp. 6475, 2022.

[12] R. A. Rajagukguk, R. A. Ramadhan, and H.-J. Lee, “A review on deep
learning models for forecasting time series data of solar irradiance and
photovoltaic power,” Energies, vol. 13, no. 24, 2020, Art. no. 6623.

[13] M. Hajiabadi, M. Farhadi, V. Babaiyan, and A. Estebsari, “Deep learn-
ing with loss ensembles for solar power prediction in smart cities,”
Smart Cities, vol. 3, no. 3, pp. 842-852, 2020.

[14] S. Y. Jang, B. T. Oh, and E. Oh, “A deep learning-based solar power
generation forecasting method applicable to multiple sites,” Sustainabil-
ity, vol. 16, no. 12, 2024, Art. no. 5240.

[15] A. Dairi, F. Harrou, Y. Sun, and S. Khadraoui, “Short-term forecasting
of photovoltaic solar power production using variational auto-encoder
driven deep learning approach,” Appl. Sci., vol. 10, no. 23, 2020,
Art. no. 8400.

[5

—

[6

[t

894

[16]

(17]

[18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

(30]

(31]

(32]

[33]

[34]

[35]

[36]

[37]

[38]

M. A. Rushdi, S. Yoshida, K. Watanabe, Y. Ohya, and A. Ismaiel, “Deep
learning approaches for power prediction in wind—solar tower systems,”
Energies, vol. 17, no. 15, 2024, Art. no. 3630.

Y. Ledmaoui, A. El Maghraoui, M. El Aroussi, R. Saadane, A. Chebak,
and A. Chehri, “Forecasting solar energy production: A compara-
tive study of machine learning algorithms,” Energy Reports, vol. 10,
pp. 1004-1012, 2023.

S. M. Miraftabzadeh, C. G. Colombo, M. Longo, and F. Foiadelli, “A
day-ahead photovoltaic power prediction via transfer learning and deep
neural networks,” Forecasting, vol. 5, no. 1, pp. 213-228, 2023.

M. Elsaraiti and A. Merabet, “Solar power forecasting using deep learn-
ing techniques,” IEEE Access, vol. 10, pp. 31692-31698, 2022.

D. El Bourakadi, H. Ramadan, A. Yahyaouy, and J. Boumhidi, “A novel
solar power prediction model based on stacked BiLSTM deep learning
and improved extreme learning machine,” Int. J. Inf. Technol., vol. 15,
no. 2, pp. 587-594, 2023.

S.-G. Kim, J.-Y. Jung, and M. K. Sim, “A two-step approach to so-
lar power generation prediction based on weather data using machine
learning,” Sustainability, vol. 11, no. 5, 2019, Art. no. 1501.

F. Mo et al., “A novel multi-step ahead solar power prediction scheme
by deep learning on transformer structure,” Renewable Energy, vol. 230,
2024, Art. no. 120780.

S. Tajjour, S. S. Chandel, M. A. Alotaibi, H. Malik, F. P. Garcia
Marquez, and A. Afthanorhan, “Short-term solar irradiance forecasting
using deep learning techniques: A comprehensive case study,” IEEE
Access, vol. 11, pp. 119851-119861, 2023.

J. Zhu et al., “Time-series power forecasting for wind and solar en-
ergy based on the SL-transformer,” Energies, vol. 16, no. 22, 2023,
Art. no. 7610.

N. Rahimi et al., “A comprehensive review on ensemble solar power
forecasting algorithms,” J. Elect. Eng. Technol., vol. 18, no. 2,
pp. 719-733, 2023.

N. Fraccanabbia, R. G. da Silva, M. H. D. M. Ribeiro, S. R. Moreno,
L. dos Santos Coelho, and V. C. Mariani, “Solar power forecasting
based on ensemble learning methods,” in Proc. Int. Joint Conf. Neural
Networks, 2020, pp. 1-7.

S. Yao, S. Hu, Y. Zhao, A. Zhang, and T. Abdelzaher, “DeepSense:
A unified deep learning framework for time-series mobile sensing
data processing,” in Proc. 26th Int. Conf. World Wide Web, 2017,
pp. 351-360.

A. F. Agarap, “Deep learning using rectified linear units (ReLU),”
2018, arXiv:1803.08375.

A. Krizhevsky, I. Sutskever, and G. E. Hinton, “ImageNet classification
with deep convolutional neural networks,” in Proc. Adv. Neural Inf.
Process. Syst., 2012, vol. 25, pp. 84-90.

A. Zeng, M. Chen, L. Zhang, and Q. Xu, “Are transformers effective
for time series forecasting?,” in Proc. AAAI Conf. Artif. Intell., 2023,
vol. 37, no. 9, pp. 11121-11128.

S. Siami-Namini, N. Tavakoli, and A. S. Namin, “The performance of
LSTM and BiLSTM in forecasting time series,” in Proc. IEEE Int. Conf.
Big Data, 2019, pp. 3285-3292.

Australian Institute of Aboriginal and Torres Strait Islander Studies,
“Indigenous Australia: A national perspective,” 2024. Accessed : Aug.
20, 2024. [Online]. Available: https://aiatsis.gov.au

Y. Sun, V. Venugopal, and A. R. Brandt, “Convolutional neural network
for short-term solar panel output prediction,” in Proc. IEEE 7th World
Conf. Photovoltaic Energy Convers., (Joint Conf. 45th IEEE PVSC,
28th PVSEC, 34th EU PVSEC), 2018, pp. 2357-2361.

N. Elizabeth Michael, M. Mishra, S. Hasan, and A. Al-Durra, “Short-
term solar power predicting model based on multi-step CNN stacked
Istm technique,” Energies, vol. 15, no. 6, 2022, Art. no. 2150.

S. Thuseethan, S. Rajasegarar, and J. Yearwood, “Complex emotion
profiling: An incremental active learning based approach with sparse
annotations,” IEEE Access, vol. 8, pp. 147711-147727, 2020.

J.-S. Chou and D.-N. Truong, “Multistep energy consumption forecast-
ing by metaheuristic optimization of time-series analysis and machine
learning,” Int. J. Energy Res., vol. 45, no. 3, pp. 45814612, 2021.

V. Sze, Y.-H. Chen, T.-J. Yang, and J. S. Emer, “Efficient processing
of deep neural networks: A tutorial and survey,” Proc. IEEE, vol. 105,
no. 12, pp. 2295-2329, Dec. 2017.

M. Abadi et al., “TensorFlow: A system for large-scale machine
learning,” in Proc. 12th USENIX Symp. Operating Syst. Des. Implemen-
tation, 2016, pp. 265-283.

VOLUME 6, 2025


https://aiatsis.gov.au

IEEE Open Journal of the
@ Computer Society

VOLUME 6, 2025

SELVARAJAH THUSEETHAN (Member, IEEE)
received the Ph.D. degree in information tech-
nology from Deakin University, Geelong, VIC,
Australia, in 2022. He was a Postdoctoral Research
Fellow with the School of Information Technology,
Deakin University. He is currently a Lecturer with
the Faculty of Science and Technology, Charles
Darwin University, Darwin, NT, Australia. His re-
search interests include machine learning, deep
learning and computer vision, with applications in-
cluding emotion recognition, medical imaging, and
agriculture technology.

SANDIPKUMAR GANGAIJALIYA received the
M.Sc. degree in information technology from
Charles Darwin University, Darwin, NT, Australia,
in 2024. He was a Senior iOS Developer with
TruKKer, Australia and Foremost Digital, India.
He is currently a Software Engineer with Bright,
Sydney, NSW, Australia. He is an experienced
professional iOS and React Native Application
Developer. His research interests include soft-
ware engineering, mobile application, and appli-
cations of machine learning including solar power
forecasting and automatic software test generation.

LUKE HAMLIN is a currently working toward
the Ph.D. degree with Charles Darwin University,
Darwin, NT, Australia, researching the intersection
of digital technologies, medical devices, and rural
and remote communities. Mr. Luke is dedicated to
applying First Nations knowledge across diverse
fields. Mr. Luke was the recipient of the prestigious
Google Scholarship for his work in this area.

BHARANIDHARAN SHANMUGAM (Member,
IEEE) is currently with Charles Darwin Univer-
sity, Darwin, NT, Australia. He is passionate about
leveraging cutting-edge technologies like Al cloud
computing, and data analytics to solve complex
business challenges and create new opportunities.
His research interests include cybersecurity, energy
and resources with a focus on a multidisciplinary
approach.

SURESH THENNADIL (Member, IEEE) was a
multi-sector R&D expert with multinational com-
panies in a wide range of sectors on developing
process analytics techniques. For more than 20
years, he has built and led highly multidisciplinary
teams and developed strategic plans to achieve
R&D objectives in industry and academia. He is
currently the Pro-Vice Chancellor with the Faculty
of Science, Charles Darwin University and Tech-
nology, Darwin, NT, Australia. With experiences
ranging from $10 K to a few million dollars, he
has a great deal of project management experience. He has authored or coau-
thored more than 40 articles and nine patents related to machine learning and
multivariate statistical methods used in chemical and biomedical research. His
research interests include renewable energy systems, Al, and data analytics.

895




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


