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Abstract

Forecasting net load demand in island grids is challenging due to limited grid inter-
connections and high reliance on RES. Rapid integration of RES on islands intro-
duces forecasting challenges due to their intermittent and stochastic nature. This
study develops and evaluates a hybrid deep learning algorithm for Barbados’s distri-
bution feeders to accurately predict net load demand. Twelve feeders are selected,
and their net load demand data is combined with calendar and weather features to
develop a robust algorithm. It is trained on feature vectors comprising 24 hours
of past and forecasted features. The architecture comprises of two LSTM networks
that are trained to predict the absolute and change in net load demand values re-
spectively. Their outputs are adaptively combined by an RLS combiner for the final
forecast. Several experiments were conducted to evaluate the model’s performance

by benchmarking it against other models.
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Chapter 1

Introduction

Accurate forecasting is a cornerstone of effective decision-making across diverse sec-
tors, and the electric power industry is no exception. Reliable forecasts of electricity
demand and renewable energy generation are crucial for maintaining grid stability,
optimizing resource allocation, and minimizing operational costs. Inaccurate fore-
casts can lead to significant consequences, ranging from inefficient resource utilization

and increased energy prices to, in extreme cases, power outages [57].

The increasing penetration of distributed renewable energy sources, particularly
rooftop solar photovoltaic (PV) systems, adds another layer of complexity to accu-
rate forecasting of net load demand. The output of these systems is highly variable,
depending on weather conditions, and can significantly impact the net load demand
on individual feeders. To effectively manage demand in grids with high solar power
penetration, it is essential to accurately forecast not only the overall load demand

but also the contribution of distributed solar power generation at the feeder level.



1.1 Research Problem

Despite the recognized importance of accurate electricity demand forecasting for grid
stability and efficient operation, particularly in systems with increasing renewable
energy penetration, many island grid systems like Barbados currently have the need
for a robust and accurate day-ahead forecasting capabilities for net load demand.

This gap presents several challenges for their energy sector.

Inaccurate net load forecasts can lead to [11, 41]:

Sub-optimal grid operation

Increased risk of grid instability

Limitations in effective smart system implementation

Hindered integration of renewable energy

For island nations such as Barbados which are committed to increasing renewable
energy penetration and ensuring energy security, the need for accurate net load
forecasting is significant. The variability in PV capacity for different feeders and
the rapidly changing weather conditions necessitate a forecasting solution tailored

to their unique context.

Therefore, the primary research problem addressed in this study is the development
and validation of a reliable and accurate day-ahead net load demand forecasting
algorithm for the Barbados power system. This solution aims to support optimal
grid management and reduce any uncertainty in forecasting due to the integration

of renewable energy resources and rapidly changing weather conditions.



1.2 Significance of Research

As discussed above, the primary purpose of this research is to develop and evaluate
a time series forecasting algorithm for day-ahead forecasting of net load demand in

Barbados. This research addresses the identified research problem and aims to:

e Enhance the forecasting capabilities for island power systems

e Provide a practical tool for grid operators to improve day-ahead planning and

operational decision-making

e Contribute to more efficient and stable grid operation, particularly in the con-

text of increasing renewable energy integration

This research holds significant potential benefits for Barbados and other similar
island nations facing energy challenges. Accurate day-ahead net load forecasting is
crucial for several key aspects of a modern and sustainable energy system [20]. This
research could contribute for providing a reliable tool for improved grid operation,

enhancing efficiency and facilitating smoother integration of renewable energy.

1.3 Research Objectives

To achieve the stated purpose, this research will pursue the following objectives:
e Conduct a comprehensive literature review of existing state of the art time
series forecasting methodologies relevant to net load demand

e Design and develop a reliable time series deep learning algorithm for day-ahead

net load demand forecasting



e Acquire and preprocess relevant historical net load demand data in addition

to exogenous variables like weather data and calendar features

e Implement and train the developed forecasting algorithm using the prepro-

cessed data

e Evaluate the performance of the developed algorithm using appropriate fore-

casting metrics and benchmark it against baseline models

e Analyze the forecasting results and identify key factors influencing net load

demand prediction accuracy in the context of Barbados

By achieving these objectives, this research aims to provide a valuable forecasting

tool and contribute to more informed energy prediction and grid operations.

1.4 Report Organization

This report is structured into six chapters, each addressing the specific aspects of
the research aimed at developing and evaluating a time series forecasting algorithm

for day-ahead net load demand forecasting in Barbados:

e Chapter 1 (Introduction) presents the research problem, the importance and
significance of this research, the objectives, and provides an overview of the

structure of the report

e Chapter 2 (Background) establishes fundamental background knowledge and

key concepts critical to understanding net load demand forecasting



Chapter 3 (Related Work) reviews foundational and recent state-of-the-art
literature on short-term load forecasting and short-term net load forecasting
methodologies. It also forms a research hypothesis that guides the method-

ological approach

Chapter 4 (Methodology) describes the systematic approach and the steps

involved in the development of methodology

Chapter 5 (Experiments and Evaluations) presents and analyzes the results
of different experiments on the forecasting model developed. The experiments
evaluate the primary model against alternative and optimized approaches using

multiple evaluation metrics and an analysis of their skill scores

Chapter 6 (Conclusion) summarizes the main findings and contributions of
this research. It also identifies potential directions for future research based on

current limitations and shortfalls.



Chapter 2

Background

This chapter establishes the theoretical foundations and background concepts for this
report. It first defines the four time horizons used for load forecasting and explains
why short-term net load forecasting is an operational challenge in renewable-rich
island grids. It then shows how exogenous drivers such as weather and calendar
effects improve forecasts, discusses different net load demand forecasting strategies,
contrasts deterministic and probabilistic load forecasting techniques, and introduces
key evaluation metrics. Finally, the chapter surveys contemporary short-term deter-
ministic forecasting techniques, from statistical to artificial intelligence-based meth-

ods, and also discusses an online adaptive learning strategy using the RLS combiner.

2.1 Load Demand Forecasting

Load demand forecasting, also referred to as load forecasting, is the process of pre-
dicting future electricity consumption based on various influencing factors such as

historical load data, meteorological conditions and other relevant variables.



It is essential for the planning and operation of power systems, enabling utilities
to manage generation, ensure system reliability, and make informed economic deci-
sions. As electricity systems evolve with distributed energy resources and dynamic
consumption patterns, forecasting remains essential for effective energy system man-

agement [3, 12, 13, 17].

Feeders

In the context of electric load demand, feeders refer to the specific distribution
pathways that transport electricity from substations to various end users, includ-
ing residential, commercial, and industrial areas. Feeders are crucial components of
electrical distribution networks and hence are designed to handle specific load ca-
pacities and maintain voltage levels within acceptable limits. Their performance can
be challenged by increasing load demands, particularly in regions with substantial

growth in energy consumption such as urban areas [22, 50].

2.1.1 Time Horizons in Load Forecasting

Based on the forecast time horizons, load forecasting can broadly be categorized
into four main types. Figure 2.1 illustrates various forecasting horizons along with
their respective business applications. Each of these forecasting horizons has distinct

applications and methodological implications, as detailed below:

e Very Short-Term Load Forecasting (VSTLF):
VSTLF typically forecasts periods that range from a few minutes up to an
hour in advance. It is particularly crucial for real-time system control and

immediate operational adjustments [13, 3].
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Figure 2.1: Load Forecasting time horizons and their business applications [17]

e Short-Term Load Forecasting (STLF):

STLF consists of forecast periods that generally extend from one hour to one

week in advance. It is essential for daily operations, such as the scheduling of

electricity generation and transmission tasks. Accurate STLF significantly con-

tributes to operational efficiency and reliability. Furthermore, STLF enables

utility providers to manage unexpected fluctuations in demand and optimize

resource allocation for immediate operational needs [3, 12, 13].

e Medium-Term Load Forecasting (MTLF):

MTLF covers a time span ranging from one week up to one year. It aids

utilities in making informed decisions regarding maintenance scheduling, fuel

purchasing, and energy trading, along with assisting in revenue assessment.

MTLF supports strategic resource allocation by anticipating demand over a

moderate duration [3, 12, 13].



e Long-Term Load Forecasting (LTLF):
LTLF involves predicting electricity demand for periods exceeding one year,
typically ranging up to 20 years. This forecast horizon is fundamental for
strategic planning, construction of new generation facilities, and long-term

infrastructure development which includes transmission and distribution net-

works [13, 12].
Forecast Horizon | Duration Use Case
VSTLF Few minutes to one hour | Real-time grid control
STLF One hour to one week Daily generation estimation and planning
MTLF One week to one year Maintenance planning and fuel procurement
LTLF One year to 20 years Long-term infrastructure investment

Table 2.1: Summary of load forecasting horizons and their primary use cases.

Table 2.1 provides an overview of the different forecast horizons discussed and sum-
marizes their durations and use cases. As the forecasting time horizon increases,
the scope of forecasts shifts from immediate operational control towards strategic
decision-making and infrastructure development. The primary focus of this research
is on STLF methods and their applicability in the context of the integration of

renewable energy sources (RES) in islands.

2.2 Net Load Demand

Net load demand, also referred as residual load demand [10], is the difference between
total load demand and power generation from RES, particularly intermittent ones
such as solar photovoltaic (PV) and wind. Simply put, it is the remaining load

demand after deducting the power supplied by RES [30, 2].

Net Load Demand = Total Demand — Renewable Generation



Unlike gross load demand, which accounts for the total load consumed by the cus-
tomer, net load demand reflects on what the energy utilities and grid operators
must actually supply. This process is not so straightforward because the load is
partially served by the RES which are intermittent in nature and highly dependent
on weather conditions that keep fluctuating due to seasonal patterns and consumer
behavior. Therefore, accurate prediction becomes increasingly complex and vital for
ensuring grid stability and reliability. Hence, it is crucial for the grid operators to
adequately supply electricity to satisfy the net load demand to maintain stability
[53]. In addition, accurate net load demand forecasting allows better resource al-
location, enhances operational efficiency, and aids in the planning of demand-side

management strategies [31, 6].

Smart Meters

Smart meters are advanced digital devices used to measure and report electricity
consumption in real-time. They facilitate two-way communication between utility
companies and consumers, which enhances energy management and efficiency. The
integration of smart meters into electricity systems supports dynamic pricing and
improved demand response, potentially leading to enhanced grid stability and re-
source management [25, 54]. Furthermore, smart meters can assist in estimating the
presence of behind-the-meter photovoltaic (PV) systems by providing detailed con-
sumption data that may reflect net generation levels [55, 4]. In the past decade, the
widespread deployment of smart meters has flourished in the industry with extensive
data exhibiting high temporal and spatial granularity [17]. Particularly, in grids with

high PV penetration, Net Load Demand Forecasting (NLDF) becomes increasingly

10



complex due to the variability and unpredictability of renewable generation [20].

2.2.1 Characteristics of Net Load Demand

NLDF presents unique challenges compared to traditional load forecasting due to
the complex nature of net load demand. The primary characteristics that contribute

to its complexity are as follows:

1. High Variability and Uncertainty
e Frequent fluctuations in electricity consumption behaviors due to daily
human activity.

e The “duck curve phenomenon”, caused by sharp spikes in load demand
in the evening as solar generation declines and electricity consumption

increases [20].

e Unpredictable variations in generation from rooftop solar PV systems due

to environmental factors such as weather conditions and cloud cover [§].

e Increased complexity in forecasting caused by behind-the-meter solar PV

systems, which partially offset and hide actual electricity demand [49].

e Combined aleatoric (natural variability) and epistemic (model-based) un-

certainties inherent in forecasting models [42].
2. Seasonality

e Periodicity in daily, monthly, and yearly cycles in electricity consumption.

e Complex, non-linear variations in solar energy availability and weather

conditions throughout the day and across different seasons [20, 49].

11



Challenges in NLDF for Islands

In island grid systems, the challenges of forecasting net load demand are amplified
due to limited grid interconnections and high reliance on RES. These systems face
heightened variability and uncertainty due to their geographic isolation and the lack
of access to balancing support from neighboring grids. Seasonal tourism drives large
fluctuations in population, which further complicates the per capita and per house-
hold consumption estimates in the absence of accurate data on tourist presence [41].
Additionally, the influence of extreme summer climatic conditions leading to massive
demand attributable to cooling equipment, and the potential for a rebound effect in
energy consumption [11] further intensifies forecasting complexity. Isolation also re-
sults in low system inertia and heightened frequency instability, which necessitate
the use of spinning reserves and contribute to higher operating costs compared to

interconnected systems [41].

Rapid integration of RES such as PV and wind power on islands introduces further
forecasting challenges due to their intermittent and stochastic nature. This vari-
ability increases the risk of energy imbalances and makes accurate STNLF critical
for reliable operational planning and grid management. For example, a case study
of Ponza Island underscores the need to deploy up to 2.16 MW of RES capacity
by 2030, thereby emphasizing the importance of precise STNLF to maintain grid

stability and minimize dependence on expensive reserve capacity [41, 11].

2.3 Importance of Exogenous Variables in STNLF

Short-term net load forecasting (STNLF) requires capturing not only internal pat-
terns from past electricity consumption but also external influences that affect user

behavior and energy usage. These external influences, known as exogenous variables,

12



are not outputs of the system but act as drivers of demand variability. Including
exogenous inputs in forecasting models enhances their predictive capability by pro-
viding relevant context that purely historical data cannot offer [7, 38]. The following

are the different types of Exogenous Variables:

Lagged Features

Lagged features refer to historical values of net load demand at prior time steps.
These variables help capture recurring patterns in load behavior, particularly daily
and weekly cycles, by modeling the temporal dependencies inherent in power con-
sumption data. For example, Net Load Demand at a given hour is often strongly
correlated with the same hour on the previous day or week. These features are par-
ticularly important in capturing short-term variation in the system’s behavior and

are essential in learning autoregressive patterns [7].

Weather Features

Weather variables include external meteorological conditions such as ambient tem-
perature, humidity, wind speed, solar radiation, and atmospheric pressure. These
variables are especially relevant for forecasting residential and commercial loads,
where heating and cooling demand is sensitive to climatic conditions. For instance,
temperature extremes directly influence air-conditioning or heating system usage.
Humidity and wind speed can further modulate these effects, impacting the over-
all consumption profile. The availability of weather forecasts also allows models to

anticipate upcoming demand shifts due to these environmental factors [7, 38].

13



Calendar Features

Calendar and Day-Type Indicators are categorical variables that represent temporal
characteristics such as the day of the week, public holidays, working-day status, and
seasonality. These features are used to encode human activity cycles, which often
exhibit consistent patterns across different days. For instance, weekdays typically
follow a distinct load curve compared to weekends or holidays due to differences in
commercial and industrial activity. Calendar variables allow the model to adjust its

forecasts based on these known behavioral shifts [7].

2.4 Net Load Demand Forecasting Strategies

As discussed earlier, net load demand is the residual of two components (load demand
and RES generation). Based on the availability of each component’s data and ease
of forecasting, two main strategies have been used in the literature for STNLF. They

are as follows:

e Direct Forecasting This STNLF strategy uses a single model to predict the
net load demand directly as a one-step process. The model is trained exclu-
sively on data for historical net load demand and relevant exogenous features
such as solar irradiance and temperature. This strategy implicitly accounts
for the correlations between load and PV output present in net load demand
without the use of external PV generation data. Since there is no need to
add or subtract data from the final forecasts, it avoids the accumulation of
errors from multiple time series. Some studies have also found that directly
forecasting net load demand can achieve lower prediction errors than indirect
methods in certain scenarios [48, 35]. However, if the model or data is not

good enough, capturing both consumption and PV effects simultaneously can

14



be challenging, which is one reason why the alternative indirect forecasting

strategy is also explored in the literature.

e Indirect Forecasting An indirect forecasting strategy predicts net load in a
two-step (or multi-step) process. Instead of forecasting the net load demand
time series as a whole, it separately forecasts the load demand and the PV
generation, and then computes the net load as the difference between these
two forecasts. In practice, this means developing dedicated models for each
component. The indirect strategy leverages domain-specific modeling for each
component. For example, the load demand model can focus on consumption
patterns (day of week, time of day, etc.), while the PV model can explicitly
use meteorological features to predict PV production. One advantage of this
decoupled strategy is that it can exploit the best available techniques for each
sub-problem, potentially improving overall accuracy. In scenarios where accu-
rate PV generation is readily available, research has shown that this strategy
can outperform the direct forecasting strategy. However, the indirect NLDF
approach comes with its own challenges. Since it relies on two (or more) fore-
casts, any errors in the predicted load demand or PV generation can affect the
final net load demand prediction. In addition, many BTM solar distributed
power systems do not directly measure the PV output, making it necessary to

estimate PV generation from weather data and installed capacity information.

For the purpose of this research, we decided to disregard the indirect forecasting
strategy as it requires additional data for PV generation, which is not yet available
on an individual feeder level. Instead, we focused on developing a direct forecasting

method with the available net load demand data from Barbados.
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2.5 STLF & STNLF Techniques in Literature

The STLF and STNLF techniques used for distributed power systems in the litera-
ture are broadly categorized into deterministic and probabilistic approaches. Under-
standing these strategies is essential for developing accurate and robust forecasting

models, particularly in the context of increasing variability and RES integration

13, 17, 3, 39].

2.5.1 Probabilistic Load Forecasting

Probabilistic load forecasting involves quantifying uncertainties by providing fore-
casts in the form of probability distributions or intervals, indicating a range of pos-
sible load outcomes along with their associated likelihoods. The benefit of using this
is that it offers a broad understanding of variations in future load, allowing prior
and informed decision-making capabilities under uncertainty [17, 19]. Probabilistic
forecasts are especially valuable in scenarios involving RES, where variability and
uncertainty significantly impact load patterns [51]. The evaluation of probabilistic
forecasts requires specialized metrics that assess both the accuracy and the quality
of uncertainty quantification. Metrics such as the pinball loss function, Continuous
Ranked Probability Score (CRPS), and Prediction Interval Coverage Probability
(PICP) are commonly used to evaluate the reliability and sharpness of probabilistic

forecasts [17, 19].

2.5.2 Deterministic Load Forecasting

Deterministic load forecasting, often referred to as point load forecasting, involves
generating a single predicted load value for each future time point without explicitly

accounting for uncertainty. These forecasts are based on historical data and relevant

16



influencing factors, providing straightforward and actionable predictions suitable for
operational decisions such as generation scheduling and resource planning [13, 39].
The accuracy of deterministic forecasts is typically assessed using metrics like Mean
Absolute Percentage Error (MAPE), Mean Absolute Error (MAE), and Root Mean
Square Error (RMSE), which quantify deviations between predicted and actual load
values [12, 3]. The following are the most commonly used techniques in deterministic

load forecasting:

e Statistical methods:
Statistical models are among the earliest techniques used for deterministic load
forecasting and include time series prediction models such as autoregressive
(AR), moving average (MA), and autoregressive integrated moving average
(ARIMA). These models leverage autocorrelations in historical load data and
are typically formulated under assumptions of linearity and stationarity [12].
Seasonal versions, such as SARIMA, extend the basic structure to capture peri-
odicities like daily and weekly load patterns [9, 45]. Another common statistical
approach is exponential smoothing using the Holt-Winters method, which re-
cursively updates forecasts based on level, trend, and seasonality components.
These models have the advantage of being simple, interpretable, and are widely
accepted in practice [27, 12]. However, their performance often tends to de-
grade when handling non-linear dependencies or abrupt shifts due to external

influences such as weather conditions [3, 13, 17, 39].

e Regression based methods:
Regression models learn by effectively establishing a relationship between the
target load and a set of explanatory variables such as temperature, humidity,
time of day, and day type [13, 28]. Linear regression and multiple regression

techniques are widely used due to their transparency and ease of implementa-
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tion. The coefficients in these models provide interpretable insights into how
input features influence the predicted load [17]. More sophisticated variants
include non-linear regression, support vector regression, and tree-based meth-
ods such as random forests and gradient boosting [28]. Although these models
are flexible in integrating heterogeneous data, their performance may suffer in
cases where the relationship between inputs and target is highly non-linear or

evolves over time [17].

e Artificial Intelligence based methods:
Artificial Intelligence (AI) based methods fundamentally utilize artificial neu-
ral networks (ANNs) which are data-driven models that excel at capturing
complex non-linear mappings between inputs and outputs. Inspired by biolog-
ical neurons, they consist of interconnected nodes that are organized in layers
and are trained to minimize forecast error using historical load and auxiliary
variables [3, 13]. Among the most widely used ANN structures are feedforward
neural networks (FFNNs), which model load as a static function of inputs
and long short-term memory (LSTM) networks, which are tailored to capture

temporal dependencies in sequential data [13, 27, 40].

The key differences between deterministic and probabilistic load forecasting methods
are summarized in Table 2.2.

Table 2.2: Comparison of Deterministic and Probabilistic Load Forecasting

Aspect Deterministic Forecasting | Probabilistic Forecasting
Forecast Output Single-point estimate Prediction interval or distribution
Uncertainty Not explicitly quantified Explicitly quantified

Prediction Goal Direct estimate of future load | Range and likelihood of loads
Decision Support Single-scenario guidance Enhanced risk-aware planning
Evaluation Metrics | MAPE, MAE, RMSE Pinball loss, CRPS, PICP

The statistical and regression-based methods provided solid baseline models but

struggled to capture complex non-linear load patterns [21] and motivated the explo-
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ration of Al-based techniques. Due to their well-regarded ability to capture non-
linear sequential data in the long term and a wide availability of resources for Al-
based techniques in the literature, we decided to develop our forecasting model using
an Al-based deterministic forecasting technique. Considering the scope and objec-
tives of this report, subsequent sections will primarily focus on providing additional

information on Al-based deterministic forecasting techniques.

2.5.3 Al-based Techniques

Artificial neural networks have become a core modeling paradigm in STLF due to
their capacity to learn complex nonlinear patterns and adapt to dynamic, high-
dimensional data environments. Unlike traditional models that rely on predefined
mathematical relationships, ANNs learn these relationships automatically through
data-driven optimization processes. This makes them particularly suitable for non-
stationary and variable systems like electric load, where behavior shifts over time

due to human activity, weather, and other factors [13].

The following are the most common types of Al based techniques used in the litera-

ture:

e Shallow Neural Networks:
Shallow neural networks have one hidden layer between input and output lay-
ers. Despite their limited depth, they can approximate any continuous function
when provided with enough neurons and data. This capacity makes them ef-
fective for forecasting tasks where the relationship between input features and
future load is non-linear but relatively short-term in nature [28]. A widely
used shallow network in STLF is the FFNN. In FFNNs, data flows in a single

direction from input to output without loops or feedback.
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These models are well-suited for forecasts based on current and lagged values,
such as predicting the next hour’s load from the past 24 hours’ observations

[28].

Input Hidden Output
layer layer layer

@
X D g . . Output

Input #1(X,)
Input #2 (Xs)
Input #3(X3)

Input #4 (X))

Figure 2.2: Architecture of a Feedforward Neural Network

Figure 2.2 from [28] illustrates a single hidden-layer FFNN. The input layer
receives variables like historical load, calendar indicators, and weather features.
The hidden layer applies a nonlinear transformation (e.g. TanH or ReLU),
and the output layer generates a single load forecast. This structure allows
the network to learn nonlinear associations between predictors and the target
variable. While FFNNs are computationally efficient and easy to train, their
primary drawback is their inability to capture sequential dependencies in time

series data unless they are manually encoded through features [13].

Deep Neural Networks:

Deep neural networks (DNNs) generalize FENNs by adding more hidden layers,
each allowing progressively more abstract representations of the input data.
These networks are capable of modeling more intricate relationships, such as
nonlinear seasonal trends or interactions between weather and calendar effects.
They are often used in multistep-ahead forecasting and benefit from techniques

like dropout, batch normalization, and optimizers [28].
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However, DNNs in their basic feedforward form still suffer from a critical limi-
tation: they lack temporal memory. To address this, recurrent neural networks
(RNNs) were introduced, incorporating feedback connections that pass infor-
mation from one time step to the next, enabling the network to retain and
utilize historical context [28, 40]. A well-known challenge with vanilla RNNs is
the vanishing gradient problem, where gradients diminish as they are backprop-
agated through long sequences, hindering the model’s ability to learn long-term

dependencies [40].
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Figure 2.3: Overview of LSTM Architecture [28]

To mitigate this, LSTM networks were developed. LSTMs are a specialized
type of RNN that use a memory cell and three gating mechanisms: input,
forget, and output gates to regulate information flow across time steps. This
allows the model to selectively retain relevant information while discarding

noise or redundant past states [28, 40].
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— Input Gate: Decides which new information to add to the cell state
— Forget Gate: Determines what information to discard from the cell state

— Output Gate: Controls the output based on the cell state

Figure 2.3 illustrates the architecture of an LSTM unit. The diagram shows
how the memory cell interacts with three gates that control what informa-
tion is added, retained, or output. Blue and red activation functions (TanH
and Sigmoid) and arithmetic operations (multiplication and addition) are used
to manage state transitions. This design enables LSTMs to model complex

temporal dependencies that are critical in STLF.

Transformers:

Transformers employ self-attention mechanisms that excel at capturing long-
range relationships in time-series data. Unlike RNNs and LSTMs, which prop-
agate information step-by-step, transformers have the ability to work with long
sequences with the help of attention. Attention allows the model to directly
focus on relevant past points regardless of distance. This is crucial in load
forecasting, where seasonal or weekly patterns and holiday effects can reoccur
far apart in the sequence [26]. Another advantage is that they can process se-
quences in parallel and weigh different input features (weather, calendar info)
by their relevance, which improves their interpretability and utilization while
making the training process more efficient for very large datasets. They have
also been shown to be highly reusable when pre-trained on large amounts of

data and could be easily deployed into advanced power systems.

However, all of their benefits come with a huge cost of their large data and
compute requirements. Transformers typically have large numbers of parame-
ters and rely on self-attention operations that scale quadratically with sequence

length. Training them could be data-intensive and need large training sets to
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avoid overfitting. Early studies have also noted that vanilla Transformers did
not always outperform simpler models on time-series datasets [56]. While their
strength lies in robust generalization on unseen data, studies have shown that
the overhead of a Transformer might not pay off when the task is highly spe-
cialized. For example, transformers might outperform other simpler models
when they are pre-trained on one feeder’s data and applied to forecast data
from a similar unseen feeder, but for a given feeder with sufficient historic data,

a well-tuned simpler model would achieve competitive results [14].

In summary, although Transformers offered clear advantages in modeling complex-
ity, long-range dependencies, and multi-feature incorporation in load and net load
demand forecasting, we decided to disregard the usage of transformers for the pur-
pose of this research because of the high computational and data requirements they
come with and the challenges in dealing with those requirements. On the other
hand, empirical analysis of the literature confirms that LSTMs often outperform both
FFNNs and traditional statistical models in STNLF tasks, particularly in multihour
or multiday forecasts where capturing temporal dependencies is essential [13, 28, 40].
Hence, given their advantages over other Al-based techniques, we decided to primar-
ily explore the application of LSTMs and other deep learning based state-of-the-art

techniques for STNLF in the development of our methodology.

2.5.4 Evaluation Metrics for Deterministic Forecasting

Several statistical error metrics are used for deterministic forecasting, which quantify
the deviation between the predicted values and the actual observed loads. Each of
them emphasizes different aspects of forecast performance, such as the magnitude,

direction, and relative scale of errors [18].

The following are the most commonly used metrics for deterministic forecasting:
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In the below equations, y; denotes the actual load at time 7, ¢; denotes the predicted

load at time ¢, and n is the total number of forecast points.

e Mean Absolute Error (MAE)
MAE = ! E | i
n i—1 Yi bi

MAE is a linear score, which is an average of all individual differences between
predicted and actual values. It measures the average magnitude of forecast

errors, irrespective of their direction. [18].

e Root Mean Squared Error (RMSE):

n

1
RMSE =, | — i — Ui )?
- ;(y 9i)
RMSE quantifies the square root of the average of squared differences between
predicted and actual values. The squaring process penalizes larger errors more

heavily than smaller ones. Due to this, RMSE more sensitive to outliers than

MAE [18].

e Mean Absolute Percentage Error (MAPE):

n

MAPE = %0 Z

n <
=1

Yi — Ui
Yi

MAPE expresses forecast error as a percentage, making it independent of scale
and interpretable across datasets of varying magnitudes. However, when actual
values are close to zero, MAPE computes to large or undefined values. This

makes it unreliable when dealing with negative or zero values [18].
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e Symmetric Mean Absolute Percentage Error (sMAPE):

n

1 R
MapE — 100% 3 ly: — G
no =yl + 19:0)/2

sMAPE adjusts the traditional MAPE by dividing the absolute error by the
average of the absolute difference in actual and predicted values. It reduces
the distortion caused by low-valued denominators and is particularly suitable

for data that includes zero or negative values [18].

A comparative analysis of the above evaluation metrics is presented in Table 2.3:

Metric | Measures Key Characteristics Scale Dependent?
MAE Mean absolute deviation from actual values | Easy to interpret Yes
RMSE | Quadratic deviation from actual values Sensitive to outliers Yes
MAPE | Mean relative deviation in percentage Undefined when actual values are zero | No
sMAPE | Normalized relative deviation in percentage | Handles zero and negative values No

Table 2.3: Comparison of Deterministic Forecast Evaluation Metrics

Skill Score

Skill Score (SS) is the relative improvement in the forecast error of a reference model

against a baseline model. It can be defined as follows:

99— 1 Erroryodel

- Errorpaseline

Here, Erroroqe and Errorp.seine are the forecast errors of the reference model and
the baseline model respectively. If SS is greater than zero, it means that the reference
model performed better than the baseline. Similarly, a SS lesser than zero indicates

worse performance by the reference model compared to the baseline [52].
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Choosing the appropriate metric depends on the context of the forecasting task.
For instance, some scenarios may require RMSE to minimize high-impact errors,
while relative metrics like sSMAPE are helpful for cross-model comparisons. A robust
evaluation often requires multiple metrics to validate different aspects of forecast

accuracy.

2.6 Adaptive Filtering with RLS Algorithm

Recursive Least Squares (RLS) is an adaptive filtering algorithm designed to update
model parameters incrementally as new data becomes available. RLS provides a com-
putationally efficient way to dynamically combine forecasts in real time by minimiz-
ing a weighted sum of squared errors. This makes it especially suitable for dynamic
environments such as STLF and STNLF, where load patterns can rapidly change
due to seasonal variations, consumer behavior, and weather influences. Rather than
functioning as an independent forecasting model, RLS is typically used to combine
the outputs of multiple predictors, such as neural networks and regression models
based on their recent forecasts. This improves the accuracy and responsiveness of

forecasting systems in non-stationary load environments.
Algorithm:

A standard RLS algorithm updates its parameters at each time step n using the

following equations [29]:
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y(n) = w (n—1)x(n) (2.1)

e(n) = d(n) — y(n) 22)
P(n—1)x(n)

k() = ST P 1) =) (23)

w(n) =w(n—1)+k(n)e(n) (2.4)

P(n) = % [P(n—1) —k(n)x " (n) P(n—1)] (2.5)

(2.6)

Variable Definitions

e x(n): Input vector at time n (forecasts from different models)
e d(n): True output at time n (actual load)

e y(n): Predicted output at time n (estimated load)

e w(n): Coefficient vector at time n (weight)

e ¢(n): Prediction error at time n

e k(n): Gain vector at time n, adjusts the learning rate

e P(n): Inverse covariance matrix at time n

A: Forgetting factor (0 < A\ < 1) controlling memory decay

In the ANNSTLF framework developed by [23], RLS was used to adaptively learn
from the outputs of neural networks to incorporate recent load, ensuring that fore-
casts remain aligned with the latest trends. More prominently, recent hybrid ap-

proaches integrate RLS to combine outputs from different forecasting models such

27



as CatBoost and LSTM in a weighted ensemble scheme [29]. The use of RLS aligns
with broader trends in ensemble learning, where the goal is to improve forecast accu-
racy and robustness by leveraging the complementary strengths of individual models.
As noted by [39], adaptive combination of forecasts using methods like RLS is par-
ticularly valuable in power systems applications, where real-time decisions must be

made under uncertain and evolving system dynamics.

2.7 Summary

This chapter established the theoretical framework for the proposed forecasting
methodology by exploring the essential concepts for short-term load and net load
demand forecasting. It emphasized on the four primary forecasting horizons and
the operational relevance of STLF, particularly in smart grids with increasing re-
newable integration. The discussion then shifted to STNLF strategies, techniques
and highlighted relevant deterministic performance metrics such as MAE, RMSE,
MAPE, and sMAPE. The chapter also demonstrated a comprehensive overview of
Al-based deterministic load forecasting techniques. The utility of FFNN, LSTM and
transformer architectures was discussed and compared. Finally, the RLS algorithm
was introduced and the advantages of including adaptive filtering techniques were
discussed. The next chapter will discuss the related work on STLF and STNLF and

how the background concepts discussed in this chapter were applied in their context.
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Chapter 3

Related Work

Although traditional STLF has been extensively studied and has seen a large volume
of research for decades, STNLF is relatively newer and has gained substantial traction
primarily in recent years, driven by the global push towards renewable energy [42, 51].
The difference in research activity between these two areas is clearly illustrated in
Figure 3.1, which shows the substantial increase in net load demand forecasting
studies, particularly from 2022. This surge aligns closely with global policy shifts

toward decarbonization and increased deployment of RES [5].

Load Demand Forecasting Publications by Year Net Load Demand Forecasting Publications by Year
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Figure 3.1: Publications by Year for Load Demand Forecasting and Net Load De-
mand Forecasting
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In this chapter, we discuss the literature on state-of-the-art work for STLF and
STNLF. We start by addressing some of the foundational works in STLF and discuss
how the most recent literature dealt with the problem of STLF and STNLF. Later,
a table is presented that summarizes the most literature on STNLF in the last five
years. As discussed in the previous chapter, the discussion will focus primarily on

the methodologies that use Al-based techniques.

3.1 Foundational Works in STLF

STLF has long been crucial for the reliable operation of advanced power systems
and has been extensively studied over the years [37]. Although STLF and STNLF
target the prediction of different components, they both share the same underlying
temporal patterns, exogenous dependencies, and modeling challenges. Therefore,
insights and methodologies developed for STLF provide a valuable foundation for
the design, feature engineering, and evaluation of STNLF models. Hence, we also
considered the exploration of state-of-the-art STLF methods used in the literature.
Early applications of Al-based techniques in STLF date back to the 1990s. [33] used
ANN that is trained on historical data and focused on the change in the relationship
between temperatures and electric loads over time to generate accurate forecasts.
Their method also interpolates on the training dataset and the results demonstrate
the effectiveness of this approach, showing lower forecasting errors compared to tra-
ditional techniques. In 1994, [32] demonstrated an ANN model for load forecasting
using weather and calendar features that showed improved performance over regres-

sion models.

By the late 1990s, the ANNSTLF system developed by [23] had become a key mile-
stone in the advancement of STLF using ANNs, significantly shaping future research

in the field [16]. It had a dual-model architecture, where one ANN was responsi-
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ble for predicting the base load, while the other focused on forecasting short-term
load variations. The outputs from these two networks were integrated using an
adaptive RLS combiner that continually adjusted the contribution of each model’s
prediction to generate the final forecasts. This two-level adaptive approach allowed
the model to capture both broader load trends, recurring load patterns, and rapid
demand changes effectively. Their architecture not only highlighted the predictive
strength of ANNs compared to traditional methods but also introduced significant
innovations like load separation and dynamic weight adjustment. Subsequently, it

was implemented by various utility companies in the US and Canada [46].
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Figure 3.2: ANNSTLF Architecture [23]

Figure 3.2 shows the underlying dual-model architecture of ANNSTLF. Both ANNs,
represented as BLF and CLF receive the same features as input and generate fore-

casts for base load and change-in-load respectively. The change-in-load forecasts are
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combined with the previous day’s actual load, and both of their forecasts are sent to
the RLS combiner which generates a final day-ahead forecast. [23] state that their
method reduced the hourly MAPE to below 3% across a 7-day horizon and improved
the accuracy by up to 20% compared to the second generation. Similarly, daily peak

load MAPE had also reduced to 3% with a similar gain in predictive performance.

In the early 2000s, another foundational paper was published by [15] which provided
a comprehensive review of ANN-based STLF models by surveying 40 papers that ap-
plied neural networks. They also discussed the key areas in which issues are found in
designing neural network based forecasting systems such as Data-Preprocessing, De-
sign, Implementation, and Validation steps. They also provide an in-depth analysis

of the consequences of issues in the design of neural network models.

Overall, these early studies laid a solid foundation for STLF and brought attention
to key challenges, including managing holiday impacts, shifts in weather patterns,

and the need for models to adapt as load behaviors change over time.

3.2 Recent Advances in STLF

In the last few years, STLF research has been dominated by advanced machine
learning and especially deep learning techniques [34]. The increasing availability
of smart meter data and computing power has enabled the training of complex
models that significantly improve STLF accuracy [51, 36]. Within this context of
advancing methodologies and increasing data availability, researchers are proposing
and evaluating innovative approaches to load forecasting, often leveraging Al-based

hybrid structures.

In 2023, [29] proposed an innovative machine learning algorithm based on hybrid

dual-model architecture. Their STLF approach leverages a multidimensional clustering-
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based machine learning algorithm. Their approach has surpassed the benchmark
algorithms for STLF in accurately detecting the daily peak time. The proposed
methodology is divided into two main parts, multidimensional clustering and the

machine learning model itself.

The first step begins with the application of clustering algorithms to segregate data
into distinct groups based on load characteristics. They performed clustering on
their dataset using Lloyd’s algorithm and incorporated features such as weather and
calendar information along with the load data. The data is categorized into two
clusters, where cluster 1 comprises 60% of the data, and cluster 2 contains the rest.
Further analysis of the clusters showed that Cluster 1 captured the low and moderate
average daily load patterns while Cluster 2 had captured the high average daily load

patterns with daily average temperatures of 13.12°C and -2.8°C respectively.
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Figure 3.3: ANNSTLF Architecture [29]

Following the establishment of clusters, they develop dedicated machine learning
models for each cluster to train and forecast the day ahead values. The architecture
of their proposed model is illustrated in Figure 3.3. Finally, the outputs of two

distinct machine learning models, CatBoost and LSTM are sent to an RLS combiner

33



to adaptively learn and combine their predictions to generate a final 24-hour day-

ahead load forecast.

To evaluate the performance of their proposed framework, load data from the Saint
John region in Atlantic Canada was used. The data spanned over a period of 5
years (from 2018 to 2023) with an hourly resolution and was divided into training,
validation, and testing sets. Using multiple metrics such as MAPE and RMSE,
the approach was compared against benchmark models like CatBoost, LSTM and
ANNSTLF. Their approach outperformed all of them and yielded better metrics.
It also achieved a superior accuracy rate of 95% in determining the precise timing
of daily load peaks while CatBoost, LSTM and ANNSTLF achieved 90%, 89% and
84% respectively for the same. There was also a 20% reduction in MAPE compared

to the benchmark models.

The paper by [24] presents an advanced methodology that utilizes LSTMs for STLF.
The objective of their research was to improve forecasting accuracy in residential
electricity usage integrated with smart grid technologies. Their work also discussed
the various methods available in the literature for STLF, including ARIMA mod-
els, Radial Basis Function (RBF) networks, adaptive neural fuzzy inference systems
(ANFIS), ensemble Extreme Learning Machines (ELMs), and KNN models. They
used data from Australian Smart Grid Smart City (SGSC) and their results showed
that LSTM was the best performing model with MAPE values ranging from 8.18%
to 8.64%. Their demonstrated a clear advantage of LSTMs over traditional meth-
ods, which often produced higher values ranging from 10% to 35% depending on the
specific cases and scenarios analyzed. The discussion in their work also reflected on

the limitations of alternative forecasting techniques.
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3.3 Research Hypothesis

From this literature review, it can be observed that significant progress has been
made in short-term load forecasting and, more recently, in net load forecasting with
renewable energy penetration. Most STNLF studies to date have focused on large
mainland systems or single microgrids with relatively rich data. Island nations like
Barbados deal with unique challenges such as STNLF when there is low-resolution
or absence solar PV data in combination with multi-feeder systems requiring fore-
casts per feeder. The current state-of-the-art methods only partially address these

challenges.

Bringing these insights together, the hypothesis of this study is that a specialized
STNLF framework could be developed to address the gap for island systems with
similar conditions as Barbados. This framework could potentially improve forecast-
ing performance and provide grid operators with improved operational planning and
efficiency in grid management. Utilizing the studies of the state-of-the-art work of
[23] and [29], we are motivated to develop a robust STNLF algorithm. This could be
achieved by estimating the base net load and change in net load using two separate
models and then combining their predictions using an adaptive learning algorithm.
The subsequent chapters will discuss the methodology that was developed based on

this hypothesis and the results obtained.
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Chapter 4

Methodology

This chapter outlines the systematic approach employed to develop our STNLF
methodology. The primary objective is to design an adaptive forecasting system
capable of generating accurate hourly net load predictions for the next day across
multiple electrical feeders. Initially, a detailed description of the feeders under inves-
tigation and the corresponding weather data integrated into the forecasting models
is provided. Next, data processing steps such as data cleaning, resampling, and fea-
ture engineering are discussed. The chapter also details on the dual-model hybrid
architecture comprising base-load and change-in-load models and an online adaptive

learning algorithm utilizing an RLS combiner.

4.1 Data Selection

The first step is to prepare the net load demand data for forecasting. We received
data for electrical distribution feeders in Barbados, which was provided under a
confidentiality agreement. Out of forty feeders’ data provided, twelve of them were

selected based on data availability, prior knowledge of PV capacity per feeder and
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quality of the available data which include feeders from both residential areas and
commercial districts. Fig 4.1 illustrates a flowchart for the selection process of feed-

ers.

Available
Feeders
Select Feeder

Check Feeder
For Missing
Values

Exceeds
Threshold?
es No
) Select Feeder
Insufficient Data for Forecasting
Feeder Not Feeder Selected
Selected

Figure 4.1: Feeder selection process

e

Since precise information regarding the exact customer mix and consumer types at
the feeder level was unavailable, the feeders were selected such that they comprise a
mix of low, medium and high levels of PV penetration and Coefficient of Variation
(CV), as noted in table 4.1. This was done to ensure a representative sample that
captures variations and patterns for all feeder types. Each feeder varies in solar ca-
pacity, load demand, and customer composition. Only feeders for which PV capacity

data was available were included to align with the research objective.
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Table 4.1 summarizes the PV penetration and variability metrics for each feeder
for over a seven-month period (January—July 2024). The metrics are installed PV
Capacity (nameplate) in kW, CV (%), PV Penetration Index (%), PV Penetration

Level (Level) and Forecastability Tier (Tier).

Feeder Capacity (kW) CV (%) PV Index (%) Level Tier

1 5594 72.39 66.02 High Tier 3
2 100 61.97 6.27 Low Tier 1
3 2409 41.76 62.80 High Tier 3
4 50 33.56 142.86 Very High Tier 2
) 7816 51.71 116.26 Very High Tier 3
6 546 16.34 35.85 Medium  Tier 1
7 208 51.62 26.38 Medium Tier 1
8 455 45.40 77.38 High Tier 2
9 4179 30.49 74.80 High Tier 3
10 4648 52.83 106.67 Very High Tier 3
11 14 81.82 1.36 Low Tier 1
12 1211 31.71 117.07 Very High Tier 3

Table 4.1: Summary of PV penetration and variability metrics across feeders.

Complementing the quantitative summary provided in Table 4.1, Figures 4.2 and 4.3
visually illustrate variability in the distribution of net load demand and the level of

PV Penetration across the feeders respectively.

Figure 4.2 shows a violin plot, a visualization technique commonly used to examine
data spread. Wider bulges indicate higher data density, while thinner or sharper
areas indicate lower density [44]. Although the plots themselves reveal variability
in net load demand and PV penetration among feeders, an additional criterion was
applied to translate these observations into measurable forecasting difficulty. Using
both PV penetration levels and CV, feeders were grouped into distinct forecastabil-

ity tiers, as detailed below:
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Figure 4.2: Violin Plot for Net Load Demand Distribution per Feeder

Tier 3 (Difficult): Feeders 1, 3, 5, 9, 10 and 12 exhibit a high to very high
PV penetration index ranging from 62% to 117%, in addition to their large PV
capacities. Their net load demand distributions also exhibit high coefficients
of variation, ranging from 31% to 72%. The violin plots also show that there
is significant skewness in their data, which could lead to additional complexity

in accurately capturing both extremes, especially in feeders 1 and 5.

Tier 2 (Moderate): Despite the lower absolute load values for Feeders 4 and
8, the PV penetration levels relative to their loads are significantly high. While
their CV is moderate (33% and 45% respectively), their high PV penetration
index of 142% and 77% makes it moderately difficult for the model to capture
the resulting patterns of load demand and the PV penetration acting against

each other
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Figure 4.3: PV Penetration Index and Level per Feeder

Tier 1 (Easy): Feeders 2, 6, 7 and 11 comprise of low to medium PV pen-
etration with lower absolute net load demand. Their violin plots show tight
distributions centered near zero, which indicate low variability and steady net
load demand with minimal PV penetration impact. Low CVs combined with
low PV penetration index values (1% to 35%) makes these feeders compara-

tively easier to forecast.

The variability in net load demand across feeders highlights the need for selecting

a tailored model architecture, as a one-size-fits-all approach would fail to capture

feeder-specific dynamics. To examine whether a single model trained on one feeder

could be applied to others, a null hypothesis was formulated. This hypothesis was

tested using the Kolmogorov—Smirnov (KS) test, which indicated that all 66 feeder

pairs rejected the null hypothesis (p<0.01). Hence, a feeder-specific modeling strat-

egy was adopted, incorporating each feeder’s relevant exogenous variables such as

solar irradiance, temperature, cloud cover, and local socioeconomic indicators such
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as calendar and holiday features.

In addition to the KS tests on the feeder pairs, we also performed KS tests between
days of week and months to analyze if they also required a separate modeling strat-
egy. All day-of-week pairs accepted the null hypothesis (p>0.01) while the tests for
the month pairs revealed that the net load demand variability during some months
(March-April and May-July) followed similar patterns. Figures 4.4 and 4.5 illustrate
the same with violin and lineplots of the months and days of week respectively.

Net Load Demand by Month
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—2000
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Figure 4.4: Net Load Demand by Month for Feeder 1

Figure 4.4 demonstrates the monthly net load demand variability for Feeder 1. In
particular, a "duck curve” pattern emerges in June and July, characterized by a
sudden surge in evening net load demand that can be primarily attributed to the
increase in air conditioning usage during summer months. However, despite the
visible differences in net load demand patterns for June and July, the variability
between all months remains relatively low. There were not too many distinct patterns
that could add to the complexity of the model, and the mean was also observed to
be similar, with no significant change over the year. This observation was also

statistically confirmed using KS tests.
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Net Load Demand by Day of Week
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Figure 4.5: Net Load Demand by Day of Week for Feeder 1

Similarly, Figure 4.5 illustrates day-of-week net load demand variations. A consistent
negative trend is observed during the weekends, which can be attributed to reduced
electricity consumption in commercial and industrial areas, leading to additional
solar power generation. Supporting the null hypothesis, the KS tests confirmed
minimal differences between weekdays, suggesting a stable weekly demand pattern

with holidays and unplanned outages as exceptions.

Hence, gaining from the insights of the statistical and visual analysis of the net load
demand patterns within the feeders and against each other, we decided to adopt one
model per feeder and iteratively apply the same set of data preprocessing, training,
and validation strategies to keep the forecasting process consistent, isolated, and

reliable.
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Weather Data Acquisition

Both historic and forecasted weather data were integrated into the input feature
set to account for rapidly changing weather conditions. Hourly weather data was
acquired from an open-source weather provider for Barbados. Out of the many
weather variables they provided, the following key variables that influenced net load
demand were retrieved using feature selection techniques. They highly correlated
with net load demand and were used as Numerical Weather Predictors (NWPs) for

the model:

e Solar Irradiance
e Temperature

e Cloud Cover

Calendar and Holiday Features

In addition to weather and net load demand data, calendar and holiday features
were also incorporated into the model to account for variations in energy consump-
tion related to human behavior and socio-economic patterns. Temporal attributes
such as day of week were one-hot encoded to aid the model in recognizing repetitive
consumption patterns like weekend variations. Public holidays and national obser-
vances in Barbados were also included as binary flags. These dates often exhibit
irregular consumption behavior due to changes in commercial, residential, and in-
dustrial activity. Including holiday indicators helps the model differentiate between

normal and anomalous days.
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4.1.1 Time Series Partitioning

The study utilized data recorded between January 1, 2024, and July 31, 2024. This
time period covers Barbados’s late dry season, its transition into the wet season,
and the start of peak air-conditioning demand. To keep model development, hy-
perparameter tuning, and final evaluation process strictly independent, the series is

partitioned as follows:

e Training Period:
Comprises of data from January 1 to May 31, 2024, approximately 71% of the

total data. It is used for model training.

e Validation Period:
Comprises of data from June 1 to June 30, 2024, approximately 14% of the
total data. It is used for evaluation of the performance of trained models on

unseen data.

e Test Period:
Comprises of data from July 1 to July 31, 2024, approximately 15% of the total

data. It is used exclusively for the purpose of testing on unseen data.

Although the 31-day test window captures only midsummer conditions, it still coin-
cides with one of the island’s high-insolation periods. Climatological records indicate
that Barbados receives about 6.0 kWh m?/day of short-wave solar energy in July,
which is barely 14% below the annual peak of 7.0 kWh m?/day recorded in April
and well above the 4.8 kWh m?/day typical of the October trough. July also brings
average daytime highs close to 30°C and marks the beginning of the June-October
rainy season, when increased humidity drives higher air conditioning demand and
amplifies volatility in net load demand. Consequently, this split provides a meaning-

ful stress test for the forecasting models while remaining entirely independent of the
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training and validation data. However, a limitation persists: Because the partition
ends before the cloudier and storm-prone months of September—November, the model
accuracy under lower-insolation hurricane season conditions is yet to be evaluated.

It is left as a future validation opportunity once the data become available.

4.2 Data Preprocessing

Raw hourly data is often not directly suitable for machine learning models. Hence,
several preprocessing steps were implemented to prepare the data and transform
it into a structured format for training, validation, and testing on the data. The

following sections detail the steps involved in data preprocessing.

4.2.1 Data Cleaning and Alignment

Missing or erroneous data in both net load demand and weather were identified
and imputed by linear interpolation. This was done to preserve temporal continuity
when gaps were shorter than the threshold and any longer gaps were removed. Sanity
checks were performed for any records with impossible values (negative irradiance,
negative cloud cover etc.). The combined data was resampled and aligned to a
common hourly resolution to ensure synchronization across net load demand and

weather variables.

4.2.2 Data Normalization

To ensure numerical stability and faster convergence during model training, all con-
tinuous input features such as net load demand, temperature, solar irradiance, and

cloud cover were standardized using z-score normalization. Specifically, for each
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feature f, the scaled value was computed as:

trai
f _ 'ufram

fscaled = ; )
O.traln

where ,u}rai“ and J}rain denote the mean and standard deviation of a feature f com-

puted on the training dataset. This transformation ensures that each feature has zero
mean and unit variance, preventing any single feature from dominating the learning

process and facilitating stable gradient-based optimization.

4.2.3 Feature Engineering

Feature engineering is crucial step to structure the input data in a format compatible
with the model’s input requirements. In this step, the preprocessed features and
target were constructed in such a way that they form daily vectors comprising of
the historic and forecasted weather variables, along with the previous day’s net load
demand and the forecasted day’s day of the week and holiday indicators. Figure 4.6

illustrates a visual representation for the same.

For each day t, the input vector was constructed by concatenating the following

features:

Previous Day Net Load Demand

Previous Day Historic Solar Irradiance

Target Day Forecasted Solar Irradiance

Previous Day Historic Temperature

Target Day Forecasted Temperature

Previous Day Historic Cloud Cover
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e Target Day Forecasted Cloud Cover

e Day of the Week on Target Day

e Target Day Holiday Indicator

The feature engineering stage applied to the preprocessed data yields an input vector
of 176 features per training instance, computed as (24 x 7) +7 4+ 1 = 176. Table
4.2 outlines the feature composition for each row in the training matrix, where each
row contains inputs from both the historical and forecasted days for predicting the
net load demand of the forecasted day (output vector). In Table 4.2, the forecasted
day is denoted by “t”, and the previous day by “t - 17.
the model to capture patterns in the prior day’s net load demand alongside weather

conditions, while forecasted features provide contextual information on how demand

T
§78332
£72E83
s 3%z

S

Figure 4.6: Combining Features into Input Vector

may change due to weather variations between the two days.

Table 4.2: Feature Composition for Each Training Instance

Feature Category

\ Count \ Description

Previous Day Net Load Demand (t-1) 24 Hourly values

Historical Solar Irradiance (t-1) 24 Hourly values

Forecasted Solar Irradiance (t) 24 Hourly values

Historical Temperature (t-1) 24 Hourly values

Forecasted Temperature (t) 24 Hourly values

Historical Cloud Cover (t-1) 24 Hourly values

Forecasted Cloud Cover (t) 24 Hourly values

Day of Week (t) 7 Monday—Sunday (One-Hot)
Holiday Flag (t) 1 Binary (0 or 1)

Total 176 One row in training data
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Simultaneously, two output vectors are also created for each t:

Ypase(t) = NetLoad(t), (4.1)

Ychange (t) = NetLoad(t) — NetLoad(t — 1). (4.2)

Here, Ypase(t) is the net load demand for the forecasted day and Yehange(t) is the

change in net load demand from the previous day.

4.3 System Implementation

This section presents the implementation of the proposed hybrid dual-model architec-

ture that combines two distinct LSTM models with an adaptive filtering technique.

Architecture

The architecture comprises a hybrid deep neural network setup by combination of
two LSTM models with an adaptive RLS Combiner which learns from the forecasts

of both LSTMs to adaptively combine predictions, as illustrated the Figure 4.7.

The steps involved are as following:

1. The input feature vectors, comprising of 176 columns for each sample of day
are sent to the base load and change-in-load LSTM models with corresponding

base load and change-in-load targets.

2. Base Load LSTM is trained to directly estimate the absolute load value for

each of the 24 hours in the target day ypase(t)
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3. Change-in-Load LSTM is trained to estimate the change-in-load relative to the

previous day Yehange(t)

4. The forecasts from Change-in-Load LSTM are added to the actual values of

net load demand from the previous day to align with the base load forecasts

5. Next, both the predictions from Base Load LSTM and transformed predictions

from Change-in-Load LSTM are sent to RLS Combiner

6. A set of 24 RLS Combiners are implemented with one for each hour of the
forecasted day. They adaptively update their weights to generate optimal final

forecasts.

The proposed architecture is designed to utilize the strengths of both base load
and change-in-load predictions. The base load models the general trend in net load
demand, while the change-in-load predictions capture abrupt variations, and adding

these changes to the previous day’s load further reduces forecast error.

The decision to use LSTMs for predicting both components was the result of prelimi-
nary experiments that compared various model combinations. Although alternatives
such as CatBoost, GradientBoostingRegressor, and ANNs were evaluated in combi-
nation with LSTMs, the use of two LSTM models consistently delivered the most
promising results. For simplicity, identical configurations were initially applied to
both LSTM models across all feeders. Subsequent experiments were then conducted
to evaluate whether this uniform configuration could effectively capture the unique

demand patterns of each feeder.
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Chapter 5

Experiments and Evaluations

To compare forecasting performance and analyze the practical applicability of the
proposed STNLF methodology across feeders in Barbados, five distinct experiments
were designed and implemented. The following objectives were the motivation behind

these experiments:

1. Explore alternative model architectures
2. Achieve performance gains through HPO
3. Evaluate the merits of using an alternate scenario-based training workflow

against a traditional 24-hour approach

Building on the objectives outlined above, the following section describes the exper-

imental setup used to conduct these experiments.
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5.1 Experimental Setup

1. Experiment 1
Hybrid LSTM-RLS architecture without HPO:
This experiment establishes a baseline for the proposed hybrid architecture
without any hyperparameter optimization. The model configurations remain

identical across all of the feeders in this experiment.

2. Experiment 2
Hybrid ANN-RLS architecture without HPO:
An ANN model closely replicating ANNSTLF’s architecture. This model acts
as an alternative Al-based technique for benchmarking against the baseline ar-
chitecture that uses LSTMs. Similar to Experiment 1, the model configurations

remain identical across all of the feeders.

3. Experiment 3
LightGBM model with MultiOutputRegressor:
A lightweight gradient boosting model to serve as a traditional benchmark
model for regression-based techniques with faster training and lower resource
consumption. This experiment assesses the complexity versus accuracy trade-
off when compared to the baseline model that utilizes deep learning techniques,

which are computationally more expensive than regression-based techniques.

4. Experiment 4
Hybrid LSTM-RLS architecture with HPO:
This experiment was conducted to tune the baseline LSTM-RLS hybrid archi-
tecture model with optimal hyperparameters. The HPO process is performed
individually for every feeder, so the best hyperparameters for each feeder will
differ as they are fine-tuned based on the characteristics of each feeder’s net

load demand such as CV and PV penetration level.
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5. Experiment 5
Scenario-based Model Workflow:
This experiment was conducted to separately test scenario-based model work-
flows for daytime net load demand (high PV penetration) and nighttime net
load demand (no PV penetration). Two distinct models with the baseline
LSTM-RLS architecture are individually trained for each scenario, and later
their forecasts are combined to form a day-ahead prediction for all 24 hours of

the day.

Overall, these experiments were primarily conducted to evaluate the forecasting per-
formance across all feeders and to obtain the best model configurations. The results

of these experiments will be discussed in the next section.

5.1.1 Model Configuration

The baseline model architecture for base load and change in load predictions is pre-
sented in Table 5.1. It comprises of an LSTM layer designed to capture temporal
dependencies and patterns within the sequential input data. Given the high dimen-
sionality of the input, consisting of 176 features per day, a minimum of 64 LSTM
units were used to maintain stability and prevent exploding gradients. Following the
hyperparameter tuning phase, the number of LSTM units was adjusted to reflect the
optimal configuration for each feeder. A Dropout layer was incorporated to reduce
the risk of overfitting, and a final Dense layer with 24 units and a linear activation
function was used to generate the 24 hourly forecasts for the target day. The initial

hyperparameter settings used during model training are provided in Table 5.2.
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Table 5.1: Model Architecture

Loss Function
Epochs
Batch Size

Validation Split

Callbacks

Layer Units
LSTM 64
Dropout | 0.2
Dense 24

Hyperparameter | Value

Optimizer Adam

Learning Rate 0.001

Huber Loss
250

32

0.05

EarlyStopping, ReduceLROnPlateau

Table 5.2: Initial Model Hyperparameters

The model architecture and hyperparameters described above were used as the initial

baseline (Experiment 1). In Expe

the same configuration was retained but with ANNs replacing the LSTM layers.

Experiment 3 employed multiple

combined with a MultiOutputRegressor to forecast net load demand. In the subse-
quent Hyperparameter Optimization (HPO) stage, the initial hyperparameters from
Experiment 1 were refined through a Bayesian search procedure, testing multiple

parameter combinations to determine whether the default configuration could be

improved to maximize predictive

riment 2, which follows the ANNSTLF framework,

Light GBM models with default hyperparameters,

performance.
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5.2 Evaluations

To evaluate the forecasting accuracy, metrics such as RMSE, MAE, MAPE and
SMAPE were used. The results show that there was no single winner among the
models used for the experiments. Since the PV penetration levels and CV in net load
demand varied for each feeder, each experiment’s models were able to capture distinct
patterns based on their respective strengths and weaknesses. Table 7?7 provides
the list of experiments and their results. The best performing models and their
corresponding metrics were highlighted for each feeder to provide a better overview

of the results.

The evaluations could be summarized as follows:

e The baseline hybrid LSTM-RLS model from Experiment 1 performed best on
feeders with high variability in net load demand and was most reliable during
unexpected weather variations and sudden outages, specifically on feeders that
were initially categorized as forecastability tier 3 (difficult). Due to the RLS
Combiner’s quick adaptation and LSTM’s ability to remember patterns from
past data, the forecasts during sudden fluctuations were marginally better than

the other models.

e In Experiment 2, the hybrid ANN-RLS model was overall a good performer
and reliable for most feeders. The best performance was observed on feeders
with easy to moderate difficulty (forecastability tier 1 and 2) in forecasting in
Net Load Demand, in addition to few feeders with forecastability tier 3 (dif-
ficult). During periods of high fluctuations, it performed slightly worse than

the baseline model but better than Light GBM regression model.
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Table 5.3: Performance metrics for each experiment and feeder

Feeder | Experiment | Model RMSE MAE MAPE | SMAPE
1 LSTM 1013.90 | 587.45 1.18 17.53

1 2 ANN 1020.06 | 586.42 0.89 17.14
3 Light GBM 1050.23 | 598.59 1.31 18.60

4 LSTM_HP _Tuned 1074.74 | 616.14 1.03 18.18

1 LSTM 167.19 95.34 0.13 5.82

9 2 ANN 132.60 72.25 0.11 4.53
3 LightGBM 110.00 57.51 0.08 3.51

4 LSTM_HP _Tuned 165.06 92.74 0.13 5.63

1 LSTM 514.54 | 255.81 3.89 10.26

3 2 ANN 459.02 | 246.95 5.21 10.12
3 LightGBM 460.30 | 230.92 1.97 10.38

4 LSTM_HP _Tuned 464.66 | 246.19 3.52 10.21

1 LSTM 5.01 3.38 0.17 9.47

4 2 ANN 5.93 3.99 0.19 11.10
3 Light GBM 6.05 5.13 0.24 13.86

4 LSTM_HP _Tuned 5.02 3.44 0.18 9.86

1 LSTM 909.30 | 540.66 0.58 15.34

5 2 ANN 887.66 | 532.12 0.60 14.61
3 LightGBM 878.73 | 512.59 0.42 17.34

4 LSTM_HP _Tuned 928.16 | 553.34 0.58 15.45

1 LSTM 80.83 61.33 0.06 2.84

6 2 ANN 80.41 62.78 0.06 2.90
3 Light GBM 80.93 61.32 0.06 2.85

4 LSTM_HP_Tuned 77.80 59.74 0.06 2.77

1 LSTM 76.48 43.57 0.12 5.37

7 2 ANN 62.87 36.59 0.11 4.74
3 LightGBM 52.82 29.89 0.08 3.55

4 LSTM_HP_Tuned 72.28 42.95 0.11 5.22

1 LSTM 56.44 34.89 0.13 5.62

3 2 ANN 54.27 29.62 0.12 4.96
3 LightGBM 45.03 31.43 0.12 5.43

4 LSTM_HP_Tuned 53.98 31.27 0.13 5.40

1 LSTM 420.35 | 243.98 0.11 3.90

9 2 ANN 444.76 | 248.52 0.11 3.87
3 LightGBM 418.93 | 248.69 0.11 4.25

4 LSTM_HP _Tuned 429.43 | 256.09 0.11 4.08

1 LSTM 320.70 | 218.48 | Large number 12.04

10 2 ANN 339.36 | 224.08 | Large number 12.36
3 LightGBM 308.90 | 203.74 | Large number 13.10

4 LSTM_HP _Tuned 321.11 211.33 | Large number 12.20

1 LSTM 123.90 71.17 0.21 7.83

1 2 ANN 103.45 54.83 0.16 6.26
3 LightGBM 81.15 40.11 0.13 4.63

4 LSTM_HP_Tuned 119.18 68.90 0.22 7.90

1 LSTM 103.43 65.50 0.27 7.35

12 2 ANN 101.48 61.60 0.25 7.03
3 Light GBM 90.73 53.08 0.17 6.21

4 LSTM_HP_Tuned 106.20 68.25 0.26 7.62
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e In Experiment 3, the Light GBM regression model performed best on feeders
with low CV and low PV penetration levels (forecastability tier 1). It was the
most reliable when the data was stable and followed a uniform pattern. How-
ever, it’s performance degraded during sudden fluctuations or outages. Specif-
ically, higher forecast errors were observed during periods of rapid weather
shifts or unusual load behavior. As a result, feeders with high CV and PV

penetration levels (forecastability tier 3) were affected.

e The hyperparameter-optimized model variants of the baseline from Experiment
4 perform very closely to the baseline with minor improvements. The results
are on par and occasionally underperform compared to the baseline model. A
more exhaustive exploration of the hyperparameters could provide additional

gains and will be addressed as a part of future work.

e In Experiment 5, the initial implementations of daytime/nighttime models per
feeder produced forecasting metrics equivalent to the baseline hybrid LSTM-
RLS model. However, when weighed against the operational cost and the need
to train and maintain two hybrid LSTM-RLS models for each of twelve feeders,
the approach proved computationally inefficient and was excluded from further

experimentation.

From the findings discussed above, the best-performing hyperparameters resulting

from Experiment 4 are summarized in Table 5.4.
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Table 5.4: Best Hyperparameters for each feeder (Experiment 4)

Feeder Type LSTM Units Dropout rate Optimizer Learning Rate  Loss
1 base 128 0.2 Adam 0.001 Huber
1 change 16 0.2 Adam 0.0005 Huber
2 base 256 0.2 Adam 0.001 Huber
2 change 32 0.2 Adam 0.0005 Huber
3 base 256 0.1 Adam 0.001 Huber
3 change 16 0.2 Adam 0.0005 Huber
4 base 64 0.3 Adam 0.001 Huber
4 change 16 0.1 Adam 0.0005 Huber
5 base 128 0.1 Adam 0.001 Huber
5 change 16 0 Adam 0.0005 Huber
6 base 256 0.3 Adam 0.001 Huber
6 change 16 0.2 Adam 0.0005 Huber
7 base 256 0.1 Adam 0.0005 Huber
7 change 64 0.2 Adam 0.0005 Huber
8 base 128 0.2 Adam 0.0005 Huber
8 change 16 0.1 Adam 0.0005 Huber
9 base 8 0.4 Adam 0.0005 Huber
9 change 64 0.2 Adam 0.0005 Huber
10 base 8 0.3 Adam 0.001 Huber
10 change 16 0.1 Adam 0.001 Huber
11 base 32 0.5 Adam 0.001 Huber
11 change 32 0.2 Adam 0.001 Huber
12 base 256 0.1 Adam 0.0005 Huber
12 change 64 0.1 Adam 0.001 Huber
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5.2.1 Skill Score Analysis

To compare the forecast accuracy between the models used in experiments, skill
scores were calculated for each of the feeders with models used in experiments as a

benchmark. The results are summarized in table 5.5.

Table 5.5: Feeder-wise RMSE Skill Scores

Feeder ‘ LightGBM ‘ ANN

1 . -0.06
2 0.013
3 . 0.097
4 -0.002
5 0.034 0.024 20.021
6 -0.001 0.005 0.037
7 0.178 0.055
8 0.202 0.038 0.044
9 0.003 | -0.058 20.022
10 0.037 | -0.058 -0.001
| 0.165 0.038

0.019 -0.027

Average  0.105  0.037

With the RMSE chosen as the skill score metric, the following provides a summary

of the skill score analysis:

e Light GBM showed the strongest and most consistent improvement over the
baseline, outperformed on 9 out of 12 feeders with significant gains on Feeders
2, 7 and 11, previously classified under Forecastability Tier 1 (easy) with skill
scores 0.345, 0.309 and 0.342 respectively. This outcome aligns with Light-
GBM’s strength as a decision-tree-based gradient boosting method, which
is adept at capturing structured, regular, and linear relationships efficiently.
Since feeders in Tier 1 have comparatively lower CV and PV penetration in-
dices, their predictable and linear patterns are favored by simpler models such

as Light GBM.
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e ANN delivered moderate skill gains and exceeded the baseline performance on
feeders 2, 7 and 11 (easy) and feeder 3 with Forecastability Tier 3 (difficult).
However, it still underperformed on many other feeders compared to the base-
line model. ANN models can effectively model moderate to complex non-linear
patterns with good tolerance to data volume and variability. However, their
performance starts to degrade if the training data lacks richness or consistency.
In feeders with high complexity (Tier 3), the ANN might not have generalized

well due to limited data or inherent variability, causing mixed results.

e The HP-tuned LSTM model yielded limited gains in performance, with similar
or slightly better performance compared to the baseline on half of the feeders.
For the remaining feeders, although the performance was degraded, it was not
too worse. The minimal performance difference implies further scope for a more
refined hyperparameter optimization stage, which could enhance the model’s
ability to capture temporal dependencies more robustly. Such optimizations

will be explored in future work.

5.2.2 Concluding Remarks

In this chapter, different experiments and the evaluation of their results are discussed
using multiple evaluation metrics. The models from these experiments were also
compared with the proposed LSTM-RLS baseline model using their skill scores to
analyze their effectiveness. The experiments showed that the model performance
varied across experiments and feeders because of the influence of feeder characteristics

such as coefficient of variation, PV penetration level and forecastability tiers.
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Chapter 6

Conclusion

Small islands with advanced smart grids like Barbados face distinct challenges when
forecasting short-term net load demand, owing to its hybrid nature combining load
demand and renewable energy generation. Each of them possesses distinct charac-
teristics of variability and seasonality due to the influence of external factors such as
weather conditions and holidays. To address this challenge, we developed a robust
STNLF framework based on a hybrid LSTM-RLS architecture, capable of delivering

reliable forecasts for multiple feeders.

Chapter 1 introduced the research problem and discussed the significance of this
research. In addition, key objectives such as acquiring relevant data, development
and evaluation of a time series forecasting model were discussed. Chapters 2 and
3 reviewed key concepts and surveyed the literature for state-of-the-art STLF and
STNLF methods used in the recent literature. Chapter 4 provided an overview of
the dataset being used, the selection criteria for the feeders and a feeder-wise anal-
ysis of net load demand metrics for the selected feeders. It also discussed the data
preprocessing steps applied before model implementation and finally, the proposed

hybrid LSTM-RLS model was presented along with the architecture and model con-
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figurations. Chapter 5 presented an evaluation of alternate methodologies, hyper-
parameter optimization, and an alternate scenario-based training workflow through
five distinct experiments. They compared the baseline model against alternative
architectures using evaluation metrics such as RMSE, MAE, MAPE, and SMAPE,
and further analyzed the performance improvements of the benchmark models used

in the experiments against the baseline with the help of Skill Score analysis.

The key findings highlight that model performance varies across different feeders and
that there is no single best model in predicting the optimal forecasts for all feeders in
all conditions. The influence of feeder metrics such as CV, PV penetration level with
varying levels of forecastability in addition to variability due to weather conditions
allows different models to capture distinct patterns. The following is the summary

of those experiments:

e The baseline LSTM-RLS model excelled for hard-to-forecast feeders (tier 3)
with high variability in net load demand and PV penetration levels. Due
to RLS combiner’s rapid adaptation to changes and LSTM’s memory of past
patterns, it outperformed other models during weather fluctuations and sudden

outages.

e The hybrid ANN-RLS model produced strong, consistent gains on easy-to-
moderate feeders (tiers 1, 2) but underperformed on difficult feeders (tier 3)

during extreme fluctuations.

e Light GBM was most accurate on stable feeders with low coefficient of varia-
tion and low PV penetration (tier 1), but its performance deteriorated on tier
3 (difficult) feeders and produced larger errors during rapid changes in net load

demand.
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e Hyperparameter tuning of the LSTM-RLS yielded only marginal improvements
over the baseline, indicating the need for deeper HPO. The split scenario day-
time/nighttime approach matched baseline accuracy but was disregarded due

to being operationally and computationally inefficient for twelve feeders.

Overall, the proposed hybrid architecture demonstrates strong predictive accuracy
and practical applicability for Barbados’s feeder network, laying a solid foundation

for STNLF for small islands such as Barbados.

6.1 Limitations and Future Work

Currently, there are few limitations that could be addressed in future work. All
weather inputs are sourced from an open-source provider and are dependent on
them for reliable acquisition of historic and forecasted weather data. Currently, the
net load demand data spans from 1 January to 31 July 2024. Extending it to an year
could potentially train the model for a complete seasonal cycle, resulting in improved
forecasts. In addition to net load demand data, crucial feeder-specific metadata such
as residential /commercial profiles, dedicated renewable energy generation data and
additional information about fluctuations in net load demand provide contextual

information and could potentially lead to the improvement of the architecture.

To address these gaps, future efforts will focus on:

e Adding 15-min, 30-min, 6-hour resolution data with multi-day ahead forecasts

e Incorporating additional features to contribute to better forecasting, such as
DNI, DHI, cloud cover at varying altitudes, surface pressure, and other mete-

orological variables
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e Exploring additional preprocessing techniques, such as min-max normalization,

PCA, log transforms, etc.

e Conducting more exhaustive hyperparameter optimization (layers, neurons,
activations, losses, epochs) and exploration of transformer and Bayesian deep

learning based architectures
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Appendix A

Forecaster Tool Demo

An interactive web-based forecasting tool was developed based on the proposed hy-
brid LSTM-RLS model to view and evaluate the forecasts. This tool was developed
primarily to assist grid operators in making informed operational decisions with the
help of forecasts, and efficiently assess the performance of the forecasting algorithm
using informative metrics. The demo is currently in the initial stage of development
and will be updated with additional features and changes as more net load demand
data from Barbados becomes available. For the purpose of the demo, the tool was
developed using a microservices architecture and is dockerized with isolated frontend
and backend environments that talk to each other using web services. It is currently

hosted on a free web hosting platform with limited resources.
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A.1 Homepage

The homepage provides intuitive visualization and analysis of day-ahead net load
forecasts for each of the 12 distribution feeders studied in Barbados. It presents
a collection of latest forecasts for all feeders, highlighting key performance metrics
such as peak load, MAE, and sMAPE to make it user-friendly and informative, as

illustrated in Figure A.1.

Feeder 1

Last forecast run:

Feeder 5

Last forecast

Feeder 9

Last forecast

Feeder 2

Last forecast run: 2024-07-30

Feeder 6

Last forecast run

Feeder 10

Last forecast

2024-0

1-07-3

31

Feeder 3

Last forecast run: 2024-07-3

Feede:

Last forecast run: 2024-07-30

Feeder 11

Last forecast run: 2024-07-3

7

Feeder 4

Last forecast run: 2024-07-30

Feeder 8

Last forecast run: 2024-07-30

Feeder 12

Last forecast run: 2024-07-30

Figure A.1: Homepage view of Forecaster Tool



A.2 Forecasts Page

Selecting a feeder provides detailed plots for actual and forecasted net load demand
values. It also allows users to view and explore historic net load demand forecasts
and also their corresponding actual net load demand values across the available date
ranges with the date picker functionality, as illustrated in Figure A.2. The forecasts

page also dynamically updates the feeder metrics based on the selected date range.

Feeder 2

Select Date Range

2024-07-01 2024-07-18 ~/ Apply

OPLOAD > ) MAE RMS SMAPE (
1568.00 99.70 180.75

Forecast Chart

Figure A.2: Forecasts view of Forecaster Tool
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Appendix B

Source Code

The source code for the Hybrid LSTM-RLS algorithm, the experiments conducted

and the Forecaster Demo Tool are located at the following repositories:

https://github.com/HarshaFmani/Barbados_Forecasting_Tool_Final

https://github.com/HarshaEmani/Forecaster-Tool-Frontend
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