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Abstract

Accurate wind speed forecasting is crucial for grid stability and for renewable energy
sources optimization. In this study we will be evaluating performance of 5 models:
1D Convolutional Neural Network (1D CNN), Long-Short Term Memory (LSTM),
WaveNet, Transformer, and Swin Transformer for Time Series (SwindTS); which was
used/adapted for wind speed forecasting across different regions of the Kazakhstan.
We utilized 3 different datasets: NASA, KazHydroMet, and one we collected ourselves
using the Yurt facility at the territory of Nazarbayev University. Models” evaluation
is set across different forecast horizons: ultra-short-term (ULTF), short-term (STF),
medium-term (MTF), and long-term (LTF). Our results showed that there is no model
that universally superior for every dataset and every forecast horizon. LSTM showed
excellent performance for USTF oncomplex and cyclic data. WaveNet showed an
ability to adapt for long-term forecasting patterns in the challenging NASA dataset.
In the KazHydroMet dataset’s domain the Transformer model was proven to be the
top performer. 1D CNN showed a baseline consisted mid-tier performance across
all datasets. The novel architecture SwindTS in general showed poor results, but
managed to narrow the gap in LFT and was fairly comparable with other models.

Thesis Supervisor: Ton Duc Do
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Chapter 1

Introduction

In the modern world, sustainable and renewable energy sources play an important
role as a result of the depletion of fossil fuels. Many countries aim to reduce fossil
fuel consumption and minimize greenhouse emission. Wind energy brings clean and
sustainable energy. However, integrating wind farms efficiently into existing power
grid systems is dependent on the ability to accurately forecast wind patterns based
on historical data. Precise and low error forecasting will allow better energy produc-
tion scheduling, enhance grid stability, reduce operational costs, and facilitate energy

trading.

1.1 Motivation for Wind Speed Forecasting in Kaza-
khstan

Kazakhstan’s energy possess vast steppes and open plains, which brings a great po-
tential for wind energy, particularly in the Dzungarian Gates and along the coast of
the Caspian Sea [6]. In addition, Kazakhstan’s recent strategic focus [6] on the inte-
gration of renewable energy underscores the importance of accurate wind forecasting
to optimize energy production, ensure grid stability, and meet national sustainability
goals.

Most recent studies of wind forecasting with deep learning (DL) models were
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conducted in well-established regions [7, &, 9] which are already utilizing wind farms,
such as China, Europe and North America. The main problem is that Kazakhstan,
despite its potential for producing wind energy, has not been the focus of many studies
on deep learning wind speed forecasting. The sparsity of available data, climatic
conditions, and geographical features becomes a challenge that has not been explored
using state-of-the-art models.

It is important to mention that, the Swin Transformer [10] for Time Series (SwindT'S)
[3] is a relatively new architecture which was adapted from the computer vision tasks
for time series forecasting. Its application for wind forecasting, especially in Kaza-
khstan, is an unexplored field in the research. The implementation and evaluation
of SwindTS could provide new information on the complex wind patterns and their
effective forecasting.

Alongside, my study is focuses on 3 datasets, 2 of them was provided be KazHy-
droMet [1I] and NASAPOWER [12]. The third one was gathered from the Yurt
Facility which is located on the territory of Nazarbayev University. All datasets have
different sample frequency and the span of the data. Which allows to see broader
picture of the underlying wind speed patterns and undercover potential wind speed
farm location in the regions which were not considered previously.

Many regional studies rely on the classic statistical methods or basic machine
learning techniques. The impact of my research may extend horizons for wind speed
forecasting using deep learning on the territory of Kazakhstan for the research com-
munity, via collected dataset and wide variety of deep learning models including
Transformer and SwindTS. Additionally, my study focuses not only the wide selec-
tion of DL models, but the variety of forecast horizons (FH). It may give a better
understanding of the complex wind patterns across the territory of the country. This
will allow for expansion of the existing wind farms and construction of the new ones
on the promising areas. This will fulfill the nationals goals to reduce the greenhouse
gas emissions and provide better overall power grid stability, potentially decreasing

the cost for the power in the country.
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1.2 Forecast Horizons

In my study I will cover 4 forecast horizons (FH): ultra-short-term, short-term,

medium-tern, and long-term.

Forecast Horizon

Range

Applications

Ultra-short-term

few seconds to 30 minutes ahead

Real-time control of wind
turbine in wind farm
Real-time trading of energy
on energy market
Management of grid stabil-

ity

Short-term

30 minutes to 6 hours ahead

Intra-day trading
Balancing of load in power
grid system

Optimization of the energy
storage

Medium-term

6 hours to 1 day ahead

Day-ahead market trading
Daily load planning
Preventive grid mainte-
nance scheduling

Long-term

more then 1 day

Strategic planning of energy
consumption

Maintenance scheduling of
wind turbines

Long-term energy purchas-
ing planning

Table 1.1: Time scale applications in energy systems

1.2.1 Ultra-Short-Term Forecasting

Ultra-Short-Term Forecasting (USTF) (Table in general covers very short ranges

of time: couple of seconds or minutes, maximum 30 minutes, in some cases it can

be extended up to an hour. This instant forecasts primary used for real-time grid

operations [13], precise wind turbine control [14], and mechanisms of market clearing

I15].
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1.2.2 Short-Term Forecasting

Short-Term Forecasting (STF) (Table generally ranges from 30 minutes till 6
hours, in rare cases up to a several days. This type of FH plays an important role
for load dispatch planning [I6], decisions making in load management [17], day-ahead
electricity transactions in the market, and ensuring smooth operation of the power

grid [18].

1.2.3 Medium-Term Forecasting

Medium-Term Forecasting (MTF) (Table ranges from 6 hours till 1 day. This
FH crucial for maintenance operations within the power grid, energy trading, decision

making in online and offline generations [19].

1.2.4 Long-Term Forecasting

Long-Term Forecasting (LTF) (Table is generally forecasts which are more then
1 day. This extended FH aim is strategic scheduling of major maintenance, optimiza-
tion of long-term operations, general management of wind farms, and planning and

construction of the power grids [19].

1.3 Objectives

1. Evaluate the performance of five different deep learning models for wind speed
forecasting across different regions of Kazakhstan: 1D Convolutional Neural
Network (1D CNN), Long-Short Term Memory (LSTM), WaveNet, Transformer,

and Swin Transformer for Time Series (Swin4TS).

2. Compare model performance across four forecast horizons: ultra-short-term
(seconds to 30 minutes), short-term (30 minutes to 6 hours), medium-term (6

hours to 1 day), and long-term (more than 1 day).

3. Analyze three different datasets with varying temporal resolutions: NASA
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dataset (hourly data), KazHydroMet dataset (3-hour intervals), and Yurt facil-

ity dataset (1-minute intervals) to understand wind patterns at different scales.

. Identify regions in Kazakhstan with more predictable wind patterns that may

be suitable for future wind farm development.

. Assess the potential of the novel SwindTS model for time series forecasting in

the wind energy domain.

. Provide insights to support Kazakhstan’s renewable energy integration and con-
tribute to the research community’s understanding of wind speed forecasting in

regions with complex geographic features and diverse climatic conditions.
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Chapter 2

Literature Review

2.1 Transformer base methods

2.1.1 Attention is all you need

Original Transformer paper [5] represented the first transformer architecture, which
relies fully onto attention mechanism, eliminating the need for the recurrent or con-
volutional neural networks. The self-attention mechanism allows to capture relation-
ships between distant time steps, which can be important in wind speed forecasting.
Multi-head attention mechanism extends the capability of self-attention by allowing
the model to focus on the different part of the sequence in the same time. Multi-
ple attention heads work in parallel, which allows to capture broader range of the

relationships between sequence elements.

2.1.2 Informer: Beyond Efficient Transformer for Long Se-

quence Time-Series Forecasting

The paper [20] presence an Informer model which addresses long-sequence time-series
forecasting via ProbSparse Self-Attention Mechanism, Self-Attention Distilling, and
generative style encoding. The use of this model in wind speed forecasting is very

promising because of the model’s handling long-term dependencies, computational

15



efficiency, and possibility in real-time forecasting. The use of this model offers a

promising approach to wind forecasting in Kazakhstan.

2.1.3 Short-term forecasting for multiple wind farms based on

transformer model

The paper [2I] introduces an application of the Transformer model for the short-term
forecasting for multiple wind farms. The encoder-decoder framework was designed
without the embedding layers, because time-series forecasting works directly with
numerical data rather then categorical tokens which requires embedding. The input
itself mapped via linear layer into n-dimensions. The proposed models utilizes the
scaled dot-product attention mechanism to capture the relationships in the sequential
data, to focus on the key points in time. The dataset was collected from the Northwest
Chine throughout the 2018 year. It was split to train (9 month), validation (2 months)
and test (1 month) sets.

2.1.4 Long-term Time Series Forecasting with Vision Trans-

former

The paper [3] shows how the Vision Transformer (ViT) architecture can be applied
for the Long-term Time Series Forecasting (LSTF). The proposed model of the Swin
transformer was named by authors of the paper as a SwindTS, which utilizes the
window-based attention and hierarchical representation from the original model, but
for time-series data. Window-based attention splits the input sequence into windows
of fixed-sizes and computes attention within the window. This change reduces the
complexity from O(L?) to O(L). Shifted Window Attention (SWA) allows flow of the
information across multiple windows, which is similar to the original’s model SWA.
Hierarchical representation captures the temporal features at different scales, similar
to multi-level feature extraction in computer vision, allowing to understand not only

local patterns, but global ones as well.
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2.1.5 Multistep short-term wind speed forecasting using trans-

former

In this paper [22] introduces the sequence-to-sequence transformer models with encoder-
decoder architecture, which was adapted for time seies forecasting. The novelty of
their paper is Ensemble Empirical Mode Decomposition (EEMD), which decomposes
the one dimensional input sequence into 16 dimensional sequence before feeding it into
the transformer models. Their dataset contains 999,364 data points, in the period of
time from 2002 till 2020. It was split to the train (2002-2018), validation (2019), and
test (2020) sets.

2.1.6 A transformer-based deep neural network with wavelet

transform for forecasting wind speed and wind energy

The authors of this paper [23] presents an approach for wind speed and power gener-
ation forecasting utilizing Transformer which is enhanced with the wavelet decompo-
sition. Transformer model uses encoder-only architecture for time-series forecasting.
In the encoder they use Multilayer Perceptron (MLP), which uses as input temporal
information gathered by the encoder. To decompose wind speed sequence into differ-
ent components they utilized the wavelet transformation, to capture high- and low-
frequency signals. This addition improves model’s ability to forecast non-stationary
patterns in wind speed sequence. Their data was collected in Bahia, Brazil, at differ-
ent altitudes (100 m, 120 m, and 150 m), with hourly sampling rate. The total size
have 744 data points.

2.2 Deep Learning based methods

2.2.1 WaveNet: A Generative Model for Raw Audio

This article [2] presets a WaveNet deep neural network for generating raw audio

waveforms. This model is fully probabilistic and auto-regressive, it means that each
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audio sample produced is based on all the previous audio sampled produced before
it. WaveNet’s architecture utilizes dilated causal convolutions, which allows it to
model long-term sequences without requiring recurrent connections. For our case we

adapted WaveNet’s architecture for time-series forecasting.

2.2.2 An improved Wavenet network for multi-step-ahead wind

energy forecasting

The article [24] proposes a hybrid model called ED-Wavenet-TF, which was designed
to enhance multi-step-ahead forecasting in wind energy application. Their model is a
encoder-decoder framework which combining two WaveNet networks via multi-head
attention mechanism. The datasets which was used in the paper about wind speed
and wind power: offshore Australian and inland German wind farms. Fach dataset
is in total 8760 data points with hourly frequency. The hourly dataset was blueprint

and example for gathering related data for the Kazakhstan wind speed forecasting.

2.2.3 One Dimensional Convolutional Neural Network Archi-

tectures for Wind Prediction

The article [25] proposes the 1D CNN models which is applicable for real-world sce-
narios. 1D single CNN (1DS) takes a series of wind speed and wind direction values
and forecast separately dominant speed and direction of the wind. 1D Multiple CNN
(IDM) is an extension of the 1DS via integration of multiple versions of input, com-
bining multiple instances of 1DS. They utilize several datasets from different places:
Stuttgart, Germany and Netherlands. Each data point sampled with 30 minute in-
terval and 30 and 37 years in length respectively.

18



2.2.4 Wind speed forecasting method based on deep learning
strategy using empirical wavelet transform, long short

term memory neural network and Elman neural network

In this paper [26] authors present a hybrid deep learning model, which consists of
Empirical Wavelet Transform (EWT), Long Short-Term Memory (LSTM), and El-
man Neural Network. The proposed novel architecture shows better balance in the
empirical adaptability and wavelet-based computation via EWT, and Elman (short
term dependencies) and LSTM (long term dependencies) networks makes the model
specialized in different frequency components. Their dataset consists of 700 data
points (600 : train, 100 : test). In general, proposed model is robust and provides

accurate solution for the task of the wind speed forecasting.

2.2.5 Novel wind speed forecasting model based on a deep

learning combined strategy in urban energy systems

The study [?] addresses the challenge of the precise short-term wind speed forecasting,
particularly in the urban environment. Author propose a hybrid-model which com-
bines Empirical Wavelet Transform (EWT), Sample Entropy (SE), and deep learning
(DL) model. EWT is utilized for composition of wind speed data, SE use for selection
of relevant components, and the DL for wind speed forecasting. Their method aims to
improve the accuracy of wind speed forecasting, in order to achieve better integration
of wind energy into the city structure. Due to the non-stationary nature of the wind
speed data, EWT and SE performs a important role in feature extraction, and the

DL model effectively captures the temporal dependencies.

2.2.6 A Modularity-Enhanced Echo State Network for Non-

linear Wind Energy Predicting

This research [27] proposes a modularized Echo State Network (MESN) to improve
the wind speed energy forecasting. The novelty proposed by the authors is in the
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modular design, divided into: wind speed data decomposition into components of
time series; trand patterns clustering (modes-cluster) for the ESN output layer pre-
training; wind-turbine clustering (turbines-cluster) to share ESN output matrices.
The process starts with decomposition of wind speed dta into trends, seasonal, and
residual components. Then, they utilized the K-means clustering for daily patterns
of the wind speed and characteristics of the wind turbines. Then, the ESN used for

generating preficiton.

2.2.7 Exploring Time Series Models for Wind Speed Forecast-
ing: A Comparative Analysis

The authors of this paper [28] do a comprehensive evaluation of several wind speed
forecasting models, spanning statistical, machine learning, and deep learning meth-
ods. The aim of this study is to uncover valuable intel for the renewable energy
industry, to enhance sustainability and efficiency. Analyzed models: Auto-Regressive
Integrated Moving Average, Graphical Model, Linear Regression, Random Forest,
Support Vector Regression, Artificial Neural Network, Convolutional Neural Net-
work, Long Short-Term Memory. Findings of the study show the superiority of the

deep learning models in wind speed forecasting.

2.2.8 Deep Learning-Based Weather Prediction: A Survey

The survey [29] overviews the application of deep learning architectures in wind speed
forecasting. Authors explore models like Long Short-Term Memory (LSTM), Con-
volutional Neural Network (CNN), Recurrent Neural Network (RNN), and hybrid
models. The paper showed that deep learning (DL) models performs better in the
capturing complex non-linear patterns in the wind speed data, then the traditional
numerical weather prediction (NWP) models. They also integrated the DL models
with NWP, creating a hybrid model that has the strengths of both.
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2.2.9 Time Series Forecasting With Deep Learning: A Survey

In this survey [30], authors explored deep learning (DL) architecture utilized for
wind speed forecasting. They reviewed common encoder-decoder architectures, which
was used for single- and multi-step forecasting. They also highlighted the recent
improvements in hybrid DL models, which are combinations of statistical approaches
with neural network components. The hybrid models demonstrated performance,
which is better then pure statistical and DL methods. However, the survey stated
that there are limitations of DL models of handling the time series data which have

missing data, or spaced out observations.

2.2.10 A Novel Hybrid Method for Multi-Step Short-Term 70
m Wind Speed Prediction Based on Modal Reconstruc-
tion and STL-VMD-BiLSTM

This paper [31] present a hybrid architecture (STL-VMD-BiLSTM) for multi-step
short-term wind speed forecasting at elevation of 70 meters. It combines time series
decomposition and reconstruction in order to improve the accuracy of the forecast.
Decomposition is done using LOESS (STL), which is combination of seasonal and
trend decompositions of the original wind speed data. Additionally, they do Varia-
tional Mode Decomposition (VMD), to decompose the data into intrinsic model com-
ponents (IMFs). The paper used the wind data from the wind farm located in Gansu
Province in China. They compare their model with STL-BILSTM, VMD-BILSTM,
BILSTM, SVR, LGBM, and RF. They state that their models out-performs the other

architectures, particularly in capturing characteristics of non-linear data patterns.
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Chapter 3

Methodology

3.1 Data Collection

The base for this study starts from the wind data collection, for this I chose 17 cities
(Figure across the Kazakhstan. These cities include Aktobe, Aktau, Almaty, As-
tana, Atyrau, Blakhash, Zhezqazghan, Karaganda, Kokshetau, Kostanay, Kyzylorda,
Pavlodar, Petropavl, Shymkent, Taldykorgan, Taraz, and Oskemen. The wide range
of selected cities cover nearly all geographic regions presented in the Kazakhstan. This
will ensure that mine dataset reflects the full representation of the different climate

zones and environmental conditions that could be found in the Kazakhstan.

3.1.1 NASA Dataset

The first dataset was acquired from the NASA databases [12], it covers a one-year
period of time with the sample rate of 1 hour from 1 January, 2023 till 31 December,
2023. The dataset contains 8760 data points per city. This dataset provides a reliable
baseline for analyzing wind patterns in the Kazakhstan. The use of this dataset
sourced form the NASA database ensures the accuracy and credibility due to the
fact that it was derived from the advanced satellite observations and global climate

models.
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Figure 3-1: Relative map of all listed cities.

3.1.2 KazHydroMet Dataset

The second dataset was acquired from the KazHydroMet [11] database, which serves
as crucial repository of meteorological data for Kazakhstan. The range of this dataset
is longer from 1 January, 2021 till 31 December, 2024. The sampling rate is 3 hours
and each city in the dateset has 11689 data points. This data set will provide a
more in-depth study of long-term wind patterns and seasonal variety due to the
extended duration. In addition, because this dataset contains more than one year of

observations, it helps to lower the effect of anomalies and outliers.

3.1.3 Yurt Dataset

Third dataset was collected from the meteorological station located in Yurt on the
territory of Nazarbayev University, with the sample rate of 1 min from 1 January
2022 to 31 December 2023. However, the quality of this data set is lacking due
to the unstable sensor work, leading to almost 40% missing data. To address this
issue, I implemented a segmentation algorithm. I divided the data set into smaller
manageable segments with more than 1000 consecutive data points, which led to
approximately 100 usable segments. The Yurt dataset has some challenges in terms

of completeness; however, its high resolution might bring valuable insights of very
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short-term wind patterns.

3.2 Data Description

3.2.1 NASA Dataset Description

NASA dataset (Table contains 18 cities in Kazakhstan, each location has 8670
data points, which corresponds to hourly data of the 1 year. In the data set, we have
columns that represent the year (YEAR), day (DY), hour (HY), month (MO), and
wind speed at an altitude of 50 meters (WS50M). The dataset does not contain any

missing values for any location. The Box-plot distribution can be observed in Figure

B-11

3.2.2 KazHydroMet Dataset Description

KazHydroMet dataset (Table contains the same number of cities as NASA
dataset, each location has 11688 data points, which corresponds to sample rate of
3 hours of the 3 years. The dataset does not contain any missing values across all
locations. In the dataset, we have columns of station name (station), date and time

(datetime), and wind speed values (observation). The Box-plot distribution can be

observed in Figure [B-2

3.2.3 Yurt Dataset Description

The Yurt dataset (Table is collected from the yurt facility (Figure in
Nazarbayev University (Figure . However, due to the unstable work of mete-
orological station in the facility the data is not complete and posses almost 40% of
missing values (Figure . However, the potential of that facility in the future is
very big, because meteorological station located there is capable of collecting weather
data with the sampling rate of 1 minute. Despite the fact of missingness, I divided
the data into usable chunks, each chunk contains at least 1000 data points. If the

full data is used with the missing chunks it will negatively impact the performance of
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the models, due to the missingness. However, I cannot synthesize the missing chunks
based on the previous and upcoming data in the dataset, with the current amount
of missing data it will create not trustworthy results. In the Yurt dataset we have
columns for: date and time (Time), solar radiation (solar radiation, Figure air
temperature inside the yurt (temp inside, Figure , air temperature outside of
the yurt (temp outside, Figure , and wind speed (wind _speed, Figure .

Figure 3-2: Yurt facility on the territory of the Nazarbayev University.

3.3 Setup

For this project I am using PC with this configuration (Table. High-performance
HP 74 G4 Workstation, with the CPU Intel Core i9-7900X and 32 GiB of RAM,
ensures effective handling of computations. The GPU RTX 2080 Ti boosts the train-
ing process of the deep learning models. The SSD with 1.0 TB storage allows to
utilize large datasets with high speeds and efficiency. The Python version 3.12.3,
PyTorch version 2.6.0+cul24. Additionally, I utilize libraries: pandas, numpy, mat-
plotlib.pyplot, seaborn.
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3.4 Models

My approach is based on utilization of the deep learning model and their forecast of
the wind speed based on the historical data for potential places for new wind farms and
expansion of the existing ones. For the deep learning models, we are currently using
for the other wind forecasting research: 1D CNN, LSTM, WaveNet, Transformer, and

SwindTS. For models evaluation I used metrics:

RMSE = J LS (2 (3.

i=1
1 & .
i=1

3.4.1 1D CNN

The Convolutional Neural Network (CNN) model (Figure [3-3)) is specifically designed
for wind-speed time-series forecasting. The architecture utilizes the 1D convolutional
layers that capture local patterns and dependencies within the temporal data.

Architecture and Key Components:

Convolutional Layers: model utilizes the sequence of convolutional (conv)

layers with adjustable kernel sizes to extract temporal features from input

e Batch Normalization: Each conv layer is followed by batch normalization to

normalize layer inputs, reduce covariate shift.

e Activation Function: Rectified Linear Unit (ReLU) activation used after

batch normalization to introduce non-linearity.

e Dropout Regularization: To prevent overfitting, dropout is applied after in

between the layers.

e Channel Expansion: To enable the network to learn complex feature repre-

sentation, the number of channels doubles after each conv layer.
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Figure 3-3: Sample CNN architecture for Time-Series Forecasting [I].

e Global Average Pulling: To increase robustness to input variations.

e Fully Connected Layers: 2 fully connected layers to process pooled features

and produce the final output.

e Weight Initialization: Xavier initialization used to ensure correct initial scal-

ing and faster cinvergence.

3.4.2 LSTM

The Long Short-Term Memory (LSTM) model (Figure [B-8|) utilizes the recurrent
neural networks (RNN) designed to capture long-range dependencies in time series
data.

Architecture and Key Components:

e LSTM Layers: Configurable number of stacked LSTM layers to process se-

quential input data, with tuneable hidden size.

e Hidden State Initialization: Ensures consistent behavior, if batch size is

changed.

e Dropout Regularization: Used between LSTM layers and before the output,

to reduce overfitting.
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e State Propagation: To increase efficiency of modeling of long-term depen-

dencies.

e Weight Initialization: Xavier uniform initialization.

3.4.3 WaveNet

This WaveNet model (Figure adapts the original architecture that was designed
for audio generation for time series forecasting. It utilizes the dilated convolutional
layers to model long-term dependencies while preserving the temporal order of the
data.

Architecture and Key Components:

Dilated Causal Convolutions: Core component is stack of dilated convolu-

tional layers to capture dependencies at various time scales.

e Causal Padding: To ensure that model utilizes only past information for

forecasting and maintaines causality.

e Gated Activation Unit: Multiplication of sigmopid and tanh activations in

order to control flow of the information.

e Residual Connections: Each block of the WaveNet model includes residual

connection to support gradient flow in training process.
e Skip Connections: To allow information to skip some processing steps.

e Block Structure: To create a receptive field that grows by exponent with

depth.

e Normalization Layers: To improve stability and convergence.

3.4.4 Transformer

Adapted version of the original transformer (Figure attention-based architecture

[5] for wind speed time-series forecasting.
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Figure 3-4: WaveNet architecture [2].

Architecture and Key Components:

e Time Encoding: Adds sinusoidal positional intel to embedding of the input,

to support model understanding of temporal positions.

e Transformer Encoder: standard transformer encoder: self-attention mecha-

nism and feed-forward networks.

e Multi-Head Attention: Multiple attention heads to pay attention on different
parts of the input.

e Encoder-Only Architecture: For single-step forecasting.

e Encode-Decoder Architecture: For multi-step forecasting.

3.4.5 SwindTS

The adaptation of the original Swin Vision transformer [10] architecture (Figure
for time series forecasting [3]. The main features are shifted windows attention
mechanism.

Architecture and Key Components:

o Window-Based Attention: The model uses attention within a local window

range, it was done to reduce computational complexity.
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Figure 3-5: SwindTS architecture [3].

e Shifted Windows: Used to connect different local windows with each other.
e Hierarchical Representation: To capture the features and different scales.

e MLP Blocks: Placed after attention block with GELU activations.

Key Adaptations for Time Series:

Attention(Q, K, V') = softmax (%) Vv (3.3)
WindowAttention1D(z) = Proj (softmax (Q\Z_ZT> V) (3.4)
x,, = Partition(z) € REBXNwxWxC (3.5)

shifted _ x, if shift size =0 (3.6)

Roll(z, —shift size,dim = 1), otherwise

1. 1D Window Partitioning: Time series data is segmented into 1D windows:

window partition(z) = = viewed as (B, L/W, W, C) (3.7)

2. Shifted Windows: Cyclic shift along time dimension:

shifted x = roll(x, -shift size, dim = 1) (3.8)
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3. Attention Stability: Normalize attention values:

attn = attn — max(attn) (3.9)

4. Length Adaptation: Padding for arbitrary lengths:

pad len =W — (Lmod W) if Lmod W #0 else 0 (3.10)

3.5 Tuning

To achieve maximum performance and accuracy, I fine-tuned the models using "op-
tuna", the Python package used for hyperparameter tuning. For the fair comparison
of performance between models, I fixed the sequence length, according to the forecast
horizons, batch size, and number of epochs. The hyperparameter range in which the
models tune was selected wide enough to be confident that I found the best solution
possible, and short enough to minimize tuning time as much as possible. Pseudocode

for hyper parameter tuning:
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Algorithm 1 Hyperparameter Tuning for Time Series Forecasting

Require: Model type m, Parameter grid P, Training data Dy..;,, Validation data
Dyq1, Base config Chgse

Ensure: Best parameters 8%, Best model M*

1: Initialize loss* <— oo

2: Initialize 6* < null

3: Initialize results < ||

4: for each parameter combination 0; € P do

5: Cz — Cbase U QZ

6: M, < CreateModel(m, C;)

7. Initialize optimizer with learning rate from 6;

8:  Initialize scheduler for learning rate adaptation

9:  best_wal loss < oo

10:  patience counter < 0

11:  epoch < 0

12:  while epoch < max__epochs AND patience counter < patience do

13: epoch < epoch + 1

14: Train model M; on Dj,;, for one epoch
15: Compute validation loss val loss on D,y
16: if val loss < best _wval loss then

17: best _wval loss <— val loss

18: patience _counter < 0

19: Save model M; state

20: else

21: patience _counter < patience__counter + 1
22: end if

23: Update learning rate using scheduler

24:  end while
25:  Record results for parameter combination 6;
26:  if best _wval loss < loss* then

27: loss* <— best _wval loss

28: 0* « 0;

29: M* < Best saved state of M;
30: end if

31: end for

32: Save all results and best model to disk
33: return {0*, M* loss*}
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Chapter 4

Results and Discussion

4.1 Hyper-Parameter Tuning Results

After hyper-parameter tuning on one of the NASA dataset (Aktau), we achieved the
results for CNN, LSTM, WaveNet, Transformer, SwindTS. These hyper-parameters

will be used to test performance of the models on other datasets.

4.1.1 1D CNN

The 1D CNN model’s hyper-parameter tuning results (Table |A.5)) shows number of
parameters increase with FH from 47681 to 71192. The training time increases with

FH from 210 seconds to 836.3 seconds.

4.1.2 LSTM

The LSTM model’s hyper-parameter tuning results (Table [A.6) shows number of
parameters increase with FH from 50397 to 202264. The training time increases with

FH respectively from 345.8 seconds to 457.3 seconds.

4.1.3 WaveNet

The WaveNet model’s hyper-parameter tuning results (Table [A.7)) shows number of

parameters increase with FH from 31521 to 51832. The training time increases with

33



FH respectively from 2600.5 seconds to 21464.2 seconds.

4.1.4 Transformer

The Transformers model’s hyper-parameter tuning results (Table [A.8]) displays that
number of parameters increase with FH from 25505 to 68632 and training time is

increasing with FH from 1751.1 to 2239 seconds.

4.1.5 SwindTS

The Swind TS hyper-parameter tuning results (Table[A.9)) shows that the model main-
tains the substantial number of parameters 1400000 across all FH. The training time

is also consistent for all FH, around 450-575 seconds.

4.2 Results on the Datasets

4.2.1 NASA Dataset Results

NASA dataset appears to be the most challenging scenario for wind speed forecasting,
all models show high error values. The magnitude of errors increase with respect to
FH, that gives a perspective that this dataset contains very complex and harsh wind
patterns, which are becoming increasingly difficult to forecast. The root mean square
error (RMSE) values increase 3 times from the 1 hour to 24 hour FH for the majority

of the models, that means substantial uncertainty at longer FH.

General

I will start with the general overview of the models performance (Figures [i-1] [4-2),
which is average RMSE and MAE scores of the model on specific FH across the all
17 cities in NASA dataset (Table[A.13).

1D CNN: USTF performance is good, but not exceptional (1 hour RMSE:0.5745).
1DCNN shows relatively to other models steady error increase pattern. On the LTF

outperforms Transformer, but still worse than WaveNet. Solid mid-tier in terms of
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capabilities across all FH and does not show any specific strengths and /or weaknesses
at specific FH.

LSTM: Showed exceptional performance in USTF with the lowest RMSE (0.4543)
and MAE (0.3091) across all models. However, there is a steep error increase pattern
at LTF with RMSE skyrocketing to 3.0718. The relative dominance of the LSTM
disappears as the FH increases. FError progression shows linear increase pattern.
Despite losing its clear advantage at 12 and 24 hours FH, still keeps competitive
performance.

WaveNet: Demonstrated mid-tier performance at USTF (RMSE: 0.5085, MAE:
0.3479). However, showed exceptional performance at longer FH with the best LTF
performance (RMSE: 2.8894, MAE: 2.1680). The WaveNet showed the shallowest
error increase pattern, which resembles the curve, among all presented models. It is
appears that the WaveNet is capable to capture long-term dependencies in the NASA
dataset’s wind speed patterns then other models. The best performance of the model,
is in the MTF.

Transformer: Shows similar performance with WaveNet at 1 hour FH (RMSE:
0.5106). The error curve of the Transformer model is the steepest among all competi-
tive architectures. Reaches the highest RMSE (3.1401) at LTF among all models. The
model struggles with maintaining long-term dependencies in this particular dataset.
The performance of the model is mid-tier at MTF.

Swin4TS: The clear under-performance of the model at USTF with the highest
errors (RMSE:1.0837), however, the performance gap narrows with other models at
longer horizons, which indicates insufficient amount of the data for correct forecast-
ing. At LTF, models performance (RMSE: 3.1292) is comparable to other models.
The error increase pattern is on the flatter curve than other models. For sufficient
performance this model requires longer sequences to utilize the maximum of its ar-

chitecture.
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Details

In this section I will look at some specific details, which might be hidden from the
average performance, across the cities from the full NASA dataset and models perfor-
mance (Table . Observing the data region by region reveals fascinating details
that were not observable from the averages. I will try to provide more granular view
into critical insights into models’ performance across different regions of the Kaza-
khstan. First of all, I want to define regions with High Forecast Errors and regions
with Better Forecast Performance.

High Forecast Errors Regions:

Almaty: consistently shows the highest error scores across all models and FH. For
LTF, RMSE ranges from 3.0520 (WaveNet) to 3.4074 (SwindTS), which is significantly
higher then dataset average. This means, Almaty region possesses challenging weather
patterns, which is logical, because Almaty is relatively close to the Djungarian gates.

Atyrau: also, shows extremely high error values. For LTF, RMSE values ranges
from 3.0080 (WaveNet) to 3.1920 (Transformer), which indicates complex weather
dynamics in the western Kazakhstan.

Zhesqasghan: another complex region for forecasting tasks. LTF scores of RMSE
ranges from 2.9214 (WaveNet) to 3.3770 (1D CNN). Which indicates some type of
unpredictable weather patterns in this region.

Better Forecast Performance Regions:

Taldykorgan: presents consistently lower error values across models, with LFT
RMSE ranges from 2.3745 (WaveNet) to 20.5066 (SwindTS). This is approximately
20% better performance then the other regions.

Taraz: in the same way shows better forecasting capabilities, especially it can be
seen for the Transformer model, with LF'T RMSE: 2.4821.

Kyzylorda: represents better forecasting capabilities for the USTF and STF, with
values lower then 0.50 across all models.

Model-Specific Regional Insights:

1D CNN: Struggles in the Almaty region, however, shows better results in the

36



Taldykorgan. The performance varies acrossregions and it more pornounce in the
MTF then in the other FH.

LSTM: Shows remarkable consistency in USTF, and performance drops at longer
FH. According to the data, LSTM performs better in the northernn regions.

WaveNet: Shows the mose consistent performance in LFT across all regions, and
shines the most in the areas with continental climate patterns and higher elevation.

Transformer: The most sensitive model among all architectures. Exceptiona per-
formance in the regions: Oskemen and Taraz; but in other regions the performance
is poor.

SwindTS: Performs better at the coastal regions of th Kazakhstan. It under-
performs in the USTF, STF, however, it catches up with other models in LFT in

some regions.

RMSE

1 6 12 24
Forecast Horizon (hours) .
- 1D CNN - LSTM - Transformer -e- Swin4Ts

Figure 4-1: RMSE comparison on NASA dataset.

MAE

i g 12 24
Forecast Horizon (hours) .
<= 1D CNN = LSTM - Transformer -o- Swin4Ts

Figure 4-2: MAE comparison on NASA dataset.

4.2.2 KazHydroMet Dataset Results

This dataset shows more moderate error values and a narrower range between the

architectures, which indicates that this dataset has mode consistent patterns. The

37



error progression is monotonic curve with less steep then NASA dataset. Potential

causes for that - KazHydroMet 3-hour data point frequency collection.

General

I will start with the general overview of the models performance (Figures [4-3] [4-4)),
which is average RMSE and MAE scores of the model on specific FH across the all
16 cities in KazHydroMet dataset (Table

1IDCNN: Demonstrated good performance, comparable with the LSTM at 1
hour FH (RMSE: 1.4581). The error increase pattern is standard curve. The overall
performance is mid-tier across all FH. As in the NASA dataset, 1D CNN did not
show any particular strengths or weaknesses at specific horizons. At LTF performed
slightly better then LsTM model (RMSE:1.8414).

LSTM: Solid 2-nd place across all forecast horizons, and very competitive at
USTF (RMSE: 1.4412, MAE: 1.0674). Maintained a consistent gap in performance
with Transformer model. The LTF performance of the LSTM model remains com-
petitive (RMSE: 1.8661).

WaveNet: In comparison with strong performance of this model in NASA dataset,
in KazHydroMet dataset WaveNet was under-performing. USTF performance is mid-
tier (RMSE: 1.5266). Demonstrated vivid weakness at STF in comparison with other
architectures. Placed in the mid-tier in terms of performance across all FH, and at
LTF showed average performance (RMSE: 1.8992).

Transformer: Demonstrated exceptional performance across all FH and main-
tained the lowest RMSE and MAE values. The USTF is very strong (RMSE: 1.2827,
MAE: 0.9390). Remained the shallowest error curve, and maintained its superiority
even at LTF (RMSE: 1.7265, MAE: 1.2668). Consistent exceptional performance of
the model indicates that the KazHydroMet dataset’s characteristics are well-suited
for the Transformer’s architecture.

SwindTS: Consistent low performance across all FH, and higher error scores in
comparison with other models. The model has the steepest error curve. Reaches the

highest LTF RMSE (1.9674) among all used architectures. It is clear that dataset’s
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characteristics is not-very suitable for this model.

Details

In this section I will look at some specific details, which might be hidden from the
average performance, across the cities from the full KazHydroMet dataset and models
performance (Table [A.11)). In the same manner how NASA dataset uncover some
crucial insights fro mthe data, KazHydroMet follows the same trend. The dataset
provides significant heterogeneity in forecasting accuracy across all cities, and error
patterns are not the same as in the NASA dataset.

High Forecast Errors Regions:

Taraz: Shows as one of the most challenging region to perform wind speed time
series forecasting. For LF'T RMSE values ranges from 3.0587 (WaveNet) to 3.4399 (1D
CNN), this is around 80% higher then in other regions for LET. This is contrasting
with relative better performance of the models in the NASA dataset.

Kokshetau: Also, shows high error values, in particular SwindTS (LFT RMSE:
2.9995) and 1D CNN (LFT RMSE: 2.3768). The same way as Taraz, this region
showed promising results in the NASA dataset.

Atyrau: As well as in the NASA dataset, this region shows worse performance in
comparison with others. This can be clearly observed for LF'T RMSE values which
ranges from 2.3948 (WaveNet) to 2.5746 (SwindTS). The western region located near
Caspian Sea shows high errors across both datasets.

Better Forecast Performance Regions:

Almaty: in the NASA dataset, errors in Almaty regions were higher in comparison
with other regions in the same dataset. However, in KazHydroMet dataset this region
is among the lowest error metrics across all models and FH. LF'T RMSE ranges from
0.8580 (WaveNet) to 0.9564 (SwindTS).

Shymkent: Also, demonstrates remarkable performance, especially for the Trans-
former model with LFT RMSE (0.9715). In additional, all models’ performance is
better in that region, with error values less then half of the dataset’s average.

Astana: The capital of the Kazakhstan, surprisingly, shows very good performance

39



with USTF RMSE less then 1.0 across all models.

Model-Specific Regional Insights:

1D CNN: It is weak in Taraz region (USTF RMSE 2.3411) and very competitive
in ALmaty region (USTF RMSE: 0.5794). Additionally, shows better performance in
the regions located in the southern parts of the Kazakhstan.

LSTM: Outperforms Transformer in Aktau, Atyrau, and Kostanay regions for
USTEF. Closely competes with Transformer in Petropavl region. Shows better results
in the region located in the western parts of the Kazakhstan.

WaveNet: Shows exceptional performance in the south regions of the Kazakhstan.
In comparison with Transformer model, weaker in the north regions. Shows overall
stable performance across all FH in Shymkent and Aktobe.

Transformer: The best average performance in this dataset, in details, best per-
formance in the most regions. Shows particularly good results in the Alamty (USTF
RMSE 0.5413) and Shymkent (USTF RMSE 0.8762). The mose pronounced advan-
tage is in the north regions like Pavlodar (1.2027 RMSE vs next best 1.4114 for
WaveNet).

SwindTS: The best performance shows in the Almaty region (USTF RMSE:
0.5814). However, the gap in performance is more pronounsed in the longer FH

in noerth regions of Kazakhstan.

2
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Figure 4-3: RMSE comparison on KazHydroMet dataset.
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Figure 4-4: MAE comparison on KazHydroMet dataset.

4.2.3 Yurt Dataset Results

The Yurt dataset, which was collected on the territory of Nazarbayev University in
the Yurt Facility, showes the most unique error pattern. Some models showed non-
monotonic progression. In general, errors are peaking at MTF and then decrease
at LTF, which might be an indicator that the data has cyclical patterns. The Yurt

dataset reveals significant differences in how models can handle these unique patterns.

General

[ will start with the general overview of the models performance (Figures , ,
which is average RMSE and MAE scores of the model on specific FH across the all
17 cities in NASA dataset (Table [A.15)).

1D CNN: As in the previous datasets, 1D CNN does placed in the mid-tier with
average performance. However, for USTF performance is relatively good (RMSE:
0.9638). Similar to other models showed non-monotonic behavior with the peak
at MTF (RMSE: 2.0606) and notable drop at LTF (RMSE: 1.8775). This behavior
signlas that the model is very sensitive to specific temporal patterns at MTF. Volatile
performance across all FH. Captures different aspects of the data patterns at different
time-steps.

LSTM: Overall, the best performer across all FH. Excellent USTF performance
(RMSE: 0.9108, MAE: 0.6977). Also, shows non-monotonic behavior at MTF with a
peak (RMSE: 1.6054) and drop at LTF (RMSE: 1.5068). The same as 1D CNN, LSTM
captures cyclical patterns in the data. LSTM demonstrated remarkable adaptability

to the dataset’s unique patterns.
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WaveNet: Showed very competitive to LSTM performance, notably at the MTF.
The USTF results of the model is good (RMSE: 0.9527). In comparison with other
models, WaveNet shows more monotonic behavior, however, the slope between the
MTF and LTF is much gentler. The MTF performance is slightly better (RMSE:
1.5767) then LSTM’s performance. Maintained consistent performance across all FH
and robustness to the unique patterns in the dataset.

Transformer: Despite clar domination in the KazHydroMet dataset, Trans-
former demonstrates the bizarre performance across all FH. However, the USTF per-
formance can compete with the results from the LSTM model (RMSE: 0.9491). The
deterioration starts at STF (RMSE: 2.1238) and MTF (RMSE: 2.1500), with the par-
tial recovery at LTF (RMSE: 1.7585). Dramatic low performance of the Transformer
suggests its sensitivity to some specific temporal patterns in the Yurt dataset.

SwindTS: Despite low performance in the previous 2 dataset, SwindTS partially
recovers in the Yurt dataset with average performance. The model has less aggressive
non-monotonic behavior than 1D CNN. The USTF results (RMSE: 1.0108). Similar
to other models, it peaks at MTF (RMSE: 2.0522) and slightly drops at LTF (RMSE:
2.0052). The model shows ability to capture the cyclical patterns, but, in comparison

with other models, it is less effective.

Details

In this section I will look at some specific details, which might be hidden from the
average performance, across the cities from the full Yurt dataset and models perfor-
mance (Table . The data from the Yurt dataset, uncovers the temporal patterns
of one single location instead of multiple as for last 2 datasets. This gives us more
location-specific patterns of forecasting dynamics and model behavior that were not
apparent in the previous datasets.

Segment Comparison:

Segment 38191: Shows consistent low errors across all models and FH. For USTF
RMSE ranges from 0.8468 (LSTM) to 1.0111 (Swin4TS) and for LFT RMSE ranges
from 1.1540 (WaveNet) to 1.6606 (SwindTS). Remarkable flar progression of the error
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with FH with only 36% increase from USTF to LTF.

Segment 38181: In comparison with previous segment, this one shows much higher
error values. USTF RMSE ranges from 1.1747 (LSTM) to 1.3105 (Swin4dT'S), and LTF
RMSE ranges from 2.1396 (LSTM) to 3.3971 (Swin4TS). Error progression with FH
is 82% increase from USTF to LTF.

Model Performance:

1D CNN: decent forecasting capabilities for USTF, and extreme peaks at MTF
in both segments. However, model manages to recover in LTF. 1D CNN seems to
struggle to forecast in the mid-range FH, and fails to capture the unique temporal
patterns in the Yurt location.

LSTM: consistently best performer, it achieves first rank in most segment-horizon
combinations. USTF excellence with RMSE: 0.8468, and LF'T resilience with RMSE:
1.1396 and 2.1396.

WaveNet: second best and very close to the results of the LTM model, at USTF
WaveNet’s RMSE: 0.8830 vs LSTM’s RMSE: 0.8468. Best LFT performance in the
segment 38191 with LFT RMSE: 1.1540.

Transformer: Reasonable forecasting capabilities in the USTF in both segments.
Detorioration at STF and MTF, with partial recovery at LTF. However, the difference
in performance between segments for this model is more vivid then for any other
model.

SwindTS: The overall performance is similar to transformer and 1D CNN, it man-

ages to outperform Transformer for segment 38191 for USTF, STF, and MTF.
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Figure 4-5: RMSE comparison on Yurt dataset.
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Yurt Dataset - MAE Comparison

MAE
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Figure 4-6: MAE comparison on Yurt dataset.

4.3 Discussion

This comprehensive evaluation of 5 time series forecasting models: 1D CNN, LSTM,
WaveNet, Transformer, and SwindT'S; across 3 datasets and 4 forecast horizons shows
important intel into models’ capabilites, limitations, and potential.

Observed pattern across all models and datasets: prediction accuracy deteriorates
as the forecast horizon increases from USTF to LTF. This is one of the fundamen-
tal challenges of time-series forecasting where uncertainty compounds with temporal
distance. Rate of performance degradation is different for each architecture, which
gives us important intel into their capabilities.

1D CNN was a solid mid-tier performer across all datasets and FH, without par-
ticular strengths and weaknesses, offering a baseline performance with steady error
progression.

LSTM showed exceptional forecasting capabilities in USTF on the NASA dataset
and the novel Yurt dataset. LSTM achieved lowest error values for USTF. How-
ever, for LTF in NASA dataset it’s performance fell considerably, which means there
are potential limitations in capturing long-range dependencies within this particu-
lar dataset. Additionally, it performed competitively in the KazHydroMet, and was
out-performed only by the Transformer model.

WaveNet shined in the NASA dataset in terms of capturing long-term dependen-
cies. It showed best LTF performance with a shallowest error curve, which shows the
robustness of this architecture to work over longer horizons. In the KazHydroMet

dataset, this model was less distinguishable from others. However, in the Yurt dataset,
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it shined the most. In particular, MTF and LTF showcasing high adaptability.

Transformer is top performer in the KazHydroMet dataset across all FH. This
architecture was well suited to the patterns within this dataset. In other hand,
Transformer struggled on NASA LTF. On the yurt dataset Transformer was volatile
and had a poor performance in STF and MTF. However, the poor performance on the
other datasets is might be due to the low resolution of the datasets or the relative small
size of the datasets, because the transformer model perform better on the datasets
with larger scale.

It is also important to mention the datasets:

NASA dataset appeared as the most challenging one, with high error values and
steep error increase with FH across all models, probably due to the reflection of
the complex wind patterns across diverse location of Kazakhstan. Showing regions:
Taldykorgan, Taraz, and Kyzylorda; for future investigation as potential places for
wind power plants as it has the most predictable wind patterns.

KazHydroMet dataset came with moderate error, which suggests more consistent
and predictable wind speed patterns, however, it might be influenced by the low
resolution of the dataset, data-points were collected every 3 hours. Additionally, this
dataset brought some contrast with NASA dataset, especially the Almaty region,
which performed poorly in the NASA dataset, here showed good results. Regions
like: Almaty, Shymkent, Taraz; were the best for forecasting, which makes them an
interesting places for future investigation for potential positions of wind power plant.

Yurt dataset is unique dataset, which was collected on the Yurt Facility on the ter-
ritory of the Nazarbayev University. This allows us to see location-specific wind pat-
terns with very high data resolution. However, it brought with itself non-monotonic
error progression and cyclical patterns. However, LSTM an WaveNet models per-
formed exceptionally well in those conditions.

The Swin Transformer model for Time Series (SwindTS) model is novel archi-
tecture, which was adapted from the computer vision tasks. Across all datasets it
perfomed with generally higher metric compred to the established models, especially

in USTF. In the NASA dataset it started with the highest errors, however, SwindT'S
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narrowed the gap considerably in LTF and maintaining relatively flatter error curve,
which made him comparable with other models. In the KazHydroMet dataset the
picture is relatively similar to the NASA dataset, but in the Yurt dataset SwindTS
showed potential capability for capturing long-term dependencies in the longer FH.
This behavior aligns with the architecture of Vision Transformer (ViT). Generally,
ViT requires substantially more data and sequence length to learn and extract insights
effectively. The high number of parameters from the hyper-parameter tuning might
indicate that this model is more suited for more complex patterns, which might not
been present in this study. However, it opens additional direction for further research.
I believe the full potential of SwindTS is yet to be discovered, and in this study I

tried to open up the small portion of its capabilities.

4.4 Future Work

In the next studies I want to plan utilize this models for Vietnamese data from
the wind power plants, which have much higher resolution, in terms of data-point
frequency. Additionally, I want to further explore the capabilities of the SwindTS
model, despite it’s poor performance in USTF, STF, and MTF, but it mangaed to
close the gap at LTF. Probably this kind of new architecture requires more data
and/or multi feature forecasting. I cannot ignore the fact that the parameter size of
the SwindTS was bigger then any other models, but it’s training time, also, stayed
consistent across FH, which shows it capabilities in terms of training speed. To test
it, we can try to rehabilitate the Yurt facility to utilize the powerful stations inside,
which additionally opens opportunity for many students to perform their researches
with the high quality data that we can collect and process in te]he walls of Nazarbayev

university.
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4.5 Conclusion

This comprehensive evaluation of five deep learning models—1D CNN, LSTM, WaveNet,
Transformer, and SwindTS—across three datasets and four forecast horizons has
yielded valuable insights into wind speed forecasting capabilities in Kazakhstan.
The study consistently observed prediction accuracy as forecast horizons increased
from USTF to LTF across all models, reflecting the fundamental challenge of com-
pounding uncertainty in time series forecasting. Each model demonstrated distinct
strengths and limitations depending on dataset characteristics and forecast horizons.
LSTM exhibited exceptional performance in ultra-short-term forecasting, particularly
with NASA and Yurt datasets, though its advantage diminished at longer horizons.
WaveNet showed remarkable capability in capturing long-term dependencies in the
NASA dataset, achieving the best long-term forecast performance with the shallowest
error curve among all models. The Transformer model dominated the KazHydroMet
dataset across all forecast horizons, suggesting its architecture was particularly well-
suited to the patterns within this dataset. Despite occasional underperformance, 1D
CNN provided consistent mid-tier results across all scenarios, offering reliable baseline
performance. The novel SwindTS architecture, while generally underperforming at
shorter horizons, narrowed the performance gap at longer forecast horizons, suggesting
its potential for capturing complex patterns with sufficient data. Its high parameter
count indicates it may be better suited for more complex datasets than those used in
this study. Regional analysis revealed significant heterogeneity in forecasting accuracy
across Kazakhstan. Regions like Taldykorgan, Taraz, and Kyzylorda in the NASA
dataset and Almaty, Shymkent, and Astana in the KazHydroMet dataset demon-
strated more predictable wind patterns, making them promising candidates for future
wind farm development. Interestingly, some regions like Almaty showed contrasting
results between datasets, highlighting the importance of multi-source validation in
wind resource assessment. This research contributes to the advancement of wind en-
ergy integration in Kazakhstan by providing insight into model selection for different

forecast horizons and identifying regions with predictable wind patterns. While there
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was no universally superior model across all datasets and horizons, the findings offer
valuable guidance for implementing forecasting systems that can enhance grid sta-
bility, optimize energy production scheduling, and support Kazakhstan’s renewable
energy goals. Future work could explore the capabilities of these models with higher
resolution data and investigate multi-feature forecasting approaches, particularly for

the promising SwindTS architecture.
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Hardware Information

Model
Memory
Processor
Graphics

HP HP Z4 G4 Workstation

32.0 GiB

Intel® Core™ 19-7900X x 20

NVIDIA GeForce RTX™ 2080 Ti, 11GiB VRAM

Disk Capacity | 1.0 TB

Table A.4: PC Hardware Specifications
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Table A.13: Average Performance Metrics for NASA Dataset

NASA Dataset ‘ Average
| RMSE | MAE

1 hour | 0.5745|0.4149
6 hours | 1.6421 | 1.1679
12 hours | 2.4031 | 1.7834
24 hours | 3.0057 | 2.3050

1 hour | 0.4543 | 0.3091
6 hours | 1.5626 | 1.0957
12 hours | 2.4375 | 1.8155
24 hours | 3.0718 | 2.3156

1 hour | 0.5085 |0.3478
6 hours | 1.6052 | 1.1342
12 hours | 2.2661 | 1.6627
24 hours | 2.8894 | 2.1680

1 hour | 0.5106 | 0.3492
6 hours | 1.6235 | 1.1463
12 hours | 2.4259 | 1.7620
24 hours | 3.1401 | 2.3798

1 hour | 1.0837 |0.8222
6 hours | 1.8380 | 1.3594
12 hours | 2.6839 | 2.0586
24 hours | 3.1292 | 2.4540

1D CNN

LSTM

WaveNet

Transformer

Swim4Ts
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Table A.14: Average Performance Metrics for KazHydroMet Dataset

KazHydroMet Dataset ‘ Average
| RMSE | MAE

1 hour | 1.4581 |1.0837
6 hours | 1.5937 | 1.1828
12 hours | 1.6921 | 1.2828
24 hours | 1.8414 | 1.3932

1 hour |1.4412 |1.0674
6 hours | 1.5241 |1.1273
12 hours | 1.6737 | 1.2248
24 hours | 1.8661 | 1.3631

1 hour | 1.5266 |1.1331
6 hours | 1.7377 | 1.3104
12 hours | 1.8189 | 1.3560
24 hours | 1.8992 | 1.4254

1 hour | 1.2827 |0.9390
6 hours | 1.4013 | 1.0189
12 hours | 1.5733 | 1.1413
24 hours | 1.7265 | 1.2668

1 hour | 1.6446 | 1.2415
6 hours | 1.8123 | 1.3615
12 hours | 1.9331 | 1.4673
24 hours | 1.9674 | 1.5089

1D CNN

LSTM

WaveNet

Transformer

Swim4Ts
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Table A.15: Average Performance Metrics for Yurt Dataset

Yurt Dataset ‘ Average
| RMSE | MAE

1 hour | 0.9638 | 0.7369
6 hours | 1.7539 | 1.4095
12 hours | 2.0606 | 1.6467
24 hours | 1.8775 | 1.6503

1 hour |0.9108 | 0.6977
6 hours | 1.3597 | 1.0256
12 hours | 1.6054 | 1.2092
24 hours | 1.5068 | 1.3302

1 hour | 0.9527|0.7292
6 hours | 1.3711 | 1.0437
12 hours | 1.5767 | 1.2184
24 hours | 1.6561 | 1.4677

1 hour | 0.9491 | 0.7257
6 hours | 2.1238 | 1.6838
12 hours | 2.1800 | 1.7268
24 hours | 1.7585 | 1.6088

1 hour | 1.0108 | 0.7703
6 hours | 1.6511 | 1.2625
12 hours | 2.0522 | 1.5938
24 hours | 2.0052 | 1.6982

1D CNN

LSTM

WaveNet

Transformer

Swim4Ts
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Appendix B

Figures

Distribution of WS50M across cities
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Figure B-1: Box-plot of the Wind Speed data from the NASA dataset across 17 cities
in the Kazakhstan.
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Distribution of observation across cities
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Figure B-2: Box-plot of the Wind Speed data from the KazHydroMet dataset across
17 cities in the Kazakhstan.
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Figure B-3: Histogram of the Solar Radiation from the Yurt Dataset across all seg-
ments

66



Distribution of Temperature_Inside_Yurt across all segments
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Figure B-4: Histogram of the Temperature Inside from the Yurt Dataset across all
segments

Distribution of Temperature_Outside across all segments
16000

14000
12000

10000

Count

8000

6000

2000 ‘| ‘ |
0 | | |
0 0

—60 —40 =2

20 40

Figure B-5: Histogram of the Temperature Outside from the Yurt Dataset across all
segments
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Distribution of Wind_Speed across all segments
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Figure B-6: Histogram of the Wind Speed from the Yurt Dataset across all segments
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Figure B-7: Heatmap of missing values in the Yurt dataset from 2022 till 2023
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Figure B-8: Standart LSTM block architecture [4].
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