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Abstract

Financial time-series modelling is a complex task, and methods such as artificial neu-

ral networks have been used for over the past two decades. Deep neural networks

have shown to be more efficient in many domains, including physics, engineering, bio-

medicine, signal processing, mathematics, and statistics. This study proposes a model

that uses deep learning technique combined with discrete wavelet data preprocessing

to improve stock volatility forecasting in the Kenyan frontier market. The study dis-

cusses the role of wavelet transforms in time series analysis and demonstrates their

advantages in general and in time series denoising, using a sample of 4 stocks of time

series data from the Nairobi Securities Exchange (NSE). The forecasting model pro-

posed for financial time series compares the performance of a Discrete Wavelet Trans-

form Long Short Term Memory and and standard Long Short Term Memory. The fi-

nancial time series data is decomposed using the Discrete Wavelet Transform, and the

resulting approximation and detail coefficients are used as input variables in a Long

Short-Term Memory neural network to predict future stock returns. This study is

built on the Python scripting environment and use TensorFlow as a system for deep

learning for training, prediction, and comparison.

In order to establish the efficacy and superiority of the recommended hybrid model,

the forecasting performance of the analyzed models is evaluated using four metrics:

Mean Absolute Error (MAE), Root Mean Square Error (RMSE), Bayesian Informa-

tion Criterion (BIC), and Akaike Information Criterion (AIC). According to the em-

pirical findings the DWT-LSTM models for all data sets used were better at predict-

ing stock volatility than the standard LSTM models, with lower performance metrics

values.

Keywords: Wavelet Transform, Long Short Term Memory, Optimizers, Stock volatil-

ity.
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Chapter 1

Introduction

1.1 Background to the study

The field of stock volatility modeling has been a subject of great interest among re-

searchers who have dedicated significant efforts to explore various methods for pre-

dicting stock volatility. As a result, there has been a continuous emergence of new

approaches and techniques directed at enhancing accuracy and effectiveness of stock

volatility forecasting. The advancement of cloud technology and large scale data stock

volatility forecasting has emerged as a pressing research issue especially with devel-

opment of artificial intelligence (AI) and computational intelligence, studies on stock

market prediction have given these methods more consideration (Mintarya et al., 2023).

Unlike standard time series methods, these approaches can effectively deal with the

chaotic, noisy, and unpredictable nature of stock market data, resulting in more accu-

rate predictions (Chen and Hao, 2017). As a result, these techniques offer novel and

advantageous alternatives, which makes it appealing for researchers to use them for

financial market forecasting.

The complexities of everyday stock trading reveal diverse patterns across different

timescales, providing clues into future price movements. Short-term stock projec-

tions are based on frequent trade data, but long-term forecasts prioritize less frequent

data. This makes stock markets to be chaotic systems that are naturally noisy, non-

parametric, non-linear, and deterministic (Ashrafijoo et al., 2022, Serrano, 2022) and

therefore the need to use sophisticated modelling to capture these characteristics for

accurate forecasting.

Market players, whether individual or institutional investors, could continuously out-

perform the market if they could precisely predict market behavior. This incentivizes

the development of advanced stock market prediction models that use innovative ma-
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chine learning and computational intelligence approaches. As a result encouraging the

development of precise stock market prediction models using the novel models of ma-

chine learning and computational intelligence techniques.

Empirical research in stock market prediction typically employs two main analytical

methods: fundamental analysis and technical analysis. Fundamental analysis uses

company-specific and market-related data to forecast stock values, whereas techni-

cal analysis relies on previous price and volume data. Fundamental analysis assumes

that securities, including financial markets, have underlying values that investors can

measure. Technical analysis, on the other hand, predicts chart behavior based on his-

torical data, such as price movements and trading volume. Although both strategy

has merits and disadvantages, empirical investigations show that neither regularly out-

performs the other in accurately predicting stock prices. Some researchers argue that

a combination of the two approaches, known as ”quantamental” analysis, may provide

the best results by combining the strengths of both approaches (Maltêz, 2022, Saini

and Sharma, 2022, Sloan, 2019). Quantamental analysis attempts to combine the

strengths of both approaches by using fundamental analysis to identify stocks with

good long-term prospects and technical analysis to identify stocks that are underval-

ued or overvalued in the short term. This methodology aids investors in pinpointing

stocks that have the potential to exceed market performance over extended periods.

In 1970, Fama introduced the EMH, suggesting that stock prices fluctuate randomly,

resembling the characteristics of a random walk. As per the principle of random walks,

future movements in a security’s price level are indistinguishable from a series of com-

pletely random numbers. The hypothesis suggests that subsequent changes in price

are independent random variables with an identical distribution. Therefore, the price

changes have no memory, indicating that there is no reliable way to predict the fu-

ture from the past. Furthermore, EMH implies that it is not possible to predict fu-

ture price changes using current data. Fama’s theory categorizes market efficiency into

three types: weak-form, semi-strong-form, and strong-form efficiency (Fama, 1970).

Fama’s weak-form EMH asserts that current stock prices already incorporate all past

price movements, suggesting that technical analysis, which relies on historical price

data, is unable to consistently outperform a simple buy-and-hold strategy. This idea
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was introduced by (Fama, 1965) and further discussed by (Leigh et al., 2002).

In contrast, the semi-strong form of the EMH, also proposed by Fama in 1965, argues

that stock prices accurately reflect all publicly available information, including not

only past prices but also other factors such as political events, economic indicators,

interest rates, and company-specific information. (Wang et al., 2011) emphasized the

significance of this publicly available information in influencing stock prices. Under

the semi-strong form, active management strategies that rely on utilizing all available

information may not consistently outperform passive strategies like holding a market

index. This suggests that attempting to outperform the market through extensive re-

search and analysis may not always be fruitful.

The strong form of the EMH, proposed by Fama in 1970, goes even further, claiming

that all information, including insider knowledge, is already reflected in stock prices.

This implies that even investors with access to insider information cannot consistently

earn higher returns than the overall market (Leigh et al., 2002).

The EMH implies uncertainty in predicting stock market returns, particularly in its

strongest form, as discussed by (Timmermann and Granger, 2004). Despite the EMH’s

assertion of rational pricing, various market anomalies challenge this hypothesis. These

anomalies include phenomena such as herding behavior, recency bias, loss aversion,

overreaction and underreaction, short-term momentum, long-term reversal, and fluc-

tuations in asset price volatility (Fama, 1965). While the EMH provides a framework

for understanding market efficiency, it does not fully explain all observed market be-

haviors. For example, (Borovkova and Tsiamas, 2019) noted that the EMH fails to

account for certain market anomalies, suggesting limitations to its applicability.

The EMH serves as a foundational theory in finance, but its limitations and chal-

lenges highlight the ongoing debate surrounding market efficiency and the complexi-

ties of financial markets.

These anomalies indicate that financial markets are not always perfectly efficient, and

investors may potentially profit by identifying and exploiting these market inefficien-

cies. However, it is crucial to acknowledge that these anomalies may be challenging to

consistently exploit, as they could be short-lived and subject to sudden reversals. Be-

havioral finance has emerged as a means to reconcile the EMH and market anomalies

3



by incorporating human psychology and behavioral biases (Chaqmakchi, 2022, Noreen

et al., 2022). Understanding how human psychology and behavioral biases influence

the market empowers investors to make more informed financial decisions.

1.2 Problem Statement

Time series prediction has always piqued the attention of the academic community, in

part because of the practical applications but also because of the inherent intricacy of

time-dependent data. There are several well-established methods for evaluating time-

series data, but they have always been limited by the pre-processing and comprehen-

sion required to use them.

In the empirical studies of (Hegazy et al., 2014, Mehtab and Sen, 2020) artificial neu-

ral networks are used for stock forecasting, in contrast, due to the high level of noise

in financial data (Dastgerdi and Mercorelli, 2022, Liu et al., 2022b, Passalis et al.,

2021), the accuracy of these models is limited. Appropriate algorithms that remove

noise from financial time series without affecting the real values is required to improve

the performance of these models. Noise reduction algorithms such as the Wavelet

Transform or Kalman Filter significantly improve the accuracy of LSTM models in

predicting stock volatility (Dastgerdi and Mercorelli, 2022) by reducing the interfer-

ence of noise in the data, these algorithms aid the neural network identify meaningful

patterns in the market volatility, resulting in more precise predictions. The DWTs

method offers a more optimal combination of wavelet transforms and thresholding

methods, which further improves the accuracy of predictions.

1.3 Objectives

1.3.1 General Objective

To forecast financial time series based on a comparative analysis of the discrete wavelet

transform (DWT) denoising Artificial Neural Network (ANN) and standard Artificial

Neural Network (ANN) analysis.
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1.3.2 Specific Objectives

• To explore the potential of a discrete wavelet Transform denoising technique in

improving the accuracy of LSTM stock market volatility prediction in a frontier

market.

• To evaluate the performance of DWT-LSTM and standard LSTM across a sam-

ple of three optimizers Adam, ADAgrad and RMSprop optimizers in predicting

stock market volatility in a frontier market.

1.4 Significance of the Study

The research demonstrates the benefits of employing the hybrid wavelet transform to

denoise time series data and artificial neural networks for modeling and forecasting in

the Kenyan frontier market. Accurate forecasting of stock market volatility is essential

for the efficient functioning of financial markets. It enables investors to make informed

decisions about buying, selling, or holding their assets, and enables financial institu-

tions to manage their risks more effectively. The study combines two powerful tech-

niques, wavelet transform and ANN, to preprocess the data and create a forecasting

model that takes into account the complex, non-linear relationships that affect stock

market volatility. This hybrid approach enhances the accuracy of volatility forecasts,

thereby enabling investors and financial institutions to make more informed decisions

regarding their investments and risk management strategies.

The potential to promote the adoption of innovative techniques in financial forecast-

ing, which leads to the development of more sophisticated and efficient models. The

study has broader implications in the scientific discourse of artificial intelligence and

machine learning in frontier markets.
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Chapter 2

Literature review

2.1 Introduction

Accurate modeling of market volatility requires taking into consideration events that

include recessions, expansions, and phases with high or low volatility. The observed

volatility in stock market returns and prices is attributable to the fact that necessary

rates of return, which are influenced by cyclical and other short-term changes in ag-

gregate demand, are similarly very volatile. There are various approaches for modeling

time series data. To explicitly depict time effects, one technique is to utilize a simple

function of the delayed values of the time series, which is usually a linear function.

With popular models either AR or ARMA (Gunawan and Astika, 2022, Putri et al.,

2021), this technique to time series data analysis is widely used in statistics literature.

The alternative technique involves indirectly expressing temporal effects via latent

variables, which are designed to maintain the memory of the data’s dynamics. These

latent variables, also known as hidden states, are updated on a regular basis utilizing

data from the current time step as well as information carried over from prior time

steps. The second category comprises recurrent neural networks (RNN), which were

originally developed in cognitive research but are now frequently used in computer

science. State space models, which are widely used in econometrics and statistics, are

another form of model that implicitly describes time.

Classical mathematical methods, such as the Kalman filter (Dastgerdi and Mercorelli,

2022, Li et al., 2022) and autoregressive models (Gunawan and Astika, 2022, Rubi

et al., 2022), rely on multiple measurements taken over time to estimate unknown

variables while accounting for statistical noise and inaccuracies. The Autoregressive

Integrated Moving Average (ARIMA) model (Gunawan and Astika, 2022, Putri et al.,

2021) has been widely used to model financial time series, including stock prices and
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commodity prices. Conversely, it requires the time series data to be stationary, which

may result in a loss of interpretability and structure. With a few exceptions, almost

all classical models assume that data has a linear relationship. Because real-world

time series data are frequently nonlinear, this assumption raises serious concerns about

the robustness of classical time series models. Deep learning autoregressive models,

such as the LSTM network, (Dastgerdi and Mercorelli, 2022, Hu et al., 2020), Multi

task transformer model (Mirjebreili et al., 2022), BERT (Costola et al., 2023) and XL-

NET (Cui et al., 2023) have become increasingly popular in finance owing to their

capacity to capture extensive nonlinear correlations between variables, particularly

sentiment analysis in stock forecasting.

There are differing views on the efficacy of linear and nonlinear models, which are

used to analyze past market changes and make market predictions. While non-linear

models are considered superior in some studies, linear models can work equally well or

better in others. Researchers have attempted to analyze nonlinear time series and de-

velop techniques for separating noise from time series data, such as Padding-Based

Fourier Transform Denoising (Song et al., 2021) was used to several deep learning

models based on time series in order to forecast the closing prices of the S&P500,

SSE, and KOSPI. Results indicate that the combination of the proposed denoising

method and deep learning models approach not only performs better than the funda-

mental models in terms of prediction accuracy but also reduces the time lag issue.

Singular Spectrum Analysis (SSA) (Broomhead et al., 2020, Fathi et al., 2022), which

decomposes the original time series into a series of singular values that contain in-

dependent information. The empirical study of (Hill and Motegi, 2019) performed

blockwise white noise tests to investigate the noise that exists in financial markets.

They discovered that while the white noise hypothesis cannot be accepted for finan-

cial markets in the United States and the United Kingdom, it may be accepted for

financial markets in China and Japan, demonstrating weak-form efficiency. In order to

distinguish between the roles of various types of information and noise in stock price

movements, (Brogaard et al., 2022) proposed a return variance decomposition model

and discovered that 31% of return variation is related to noise. (Zargar et al., 2019)

developed the ”opening noise trading model” to assess the share of noise in the open-

7



ing price of the stock market, while (Liang et al., 2019) proposed a new multioptimal

combination wavelet transform approach to reduce distortion in signal reconstruction.

This is based on the assumption that the noise in the stock’s opening price has no

bearing on the real price change brought on by the disclosure of fresh information.

Additionally, they provide evidence that the opening stock price of all Nifty stocks

frequently includes noise.

(Chandar et al., 2016) proposes a forecasting model for financial time series based

on Discrete Wavelet Transform (DWT) and Artificial Neural Network (ANN). Five

datasets were used to apply the suggested model. Accuracy tests for each dataset re-

vealed that the proposed model performs better than a conventional approach. It also

demonstrated that the hybrid forecasting method outperformed methods that did not

employ the wavelet transform in terms of performance. Other studies have proposed

various models and methods for predicting stock prices and separating noise from

time series data, including the SVR-ARMA model for stock price prediction based

on wavelet denoising (Zhang, 2021), and the self-identification ResNet-ARIMA order

model (Khanarsa et al., 2020). These empirical studies emphasize the importance of

denoising time series data before using in neural networks to improve the performance

accuracy in frontier market volatilty analysis.

2.2 Wavelet Analysis

The stock market is a market where investors with different characteristics make de-

cisions over various time horizons ranging from minutes to years. These decisions are

made on different time scales, including both speculative and investment activities

(Gong et al., 2022). In such a complex environment, wavelet analysis is a valuable an-

alytical tool to handle the differences in time horizons and time scales involved in eco-

nomic decisions. The analysis of economic and financial time series in the frequency

domain is an important area of research, particularly in frontier markets where time

series’ statistical features are time-variant and evolutionary (Torrence and Compo,

1998). The frequency domain analysis of time series involves transforming the data

from the time domain to the frequency domain using methods such as the Fourier
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Transform or Wavelet Transform. This allows for the identification of periodic pat-

terns or cycles in the data that may not be apparent in the time domain.

In the context of economic and financial time series, frequency domain analysis identi-

fies cyclical patterns in macroeconomic indicators such as GDP, inflation, and interest

rates. It also identifies periodicities in financial time series such as stock prices, ex-

change rates, and commodity prices. The wavelet transform analyzes a signal using

a succession of wavelets, each with a different scale, as opposed to the Fourier Trans-

form, which employs a series of sine waves with various frequencies. The benefit of

utilizing a wavelet is that, unlike their counterparts in the Fourier Transform, wavelets

are localized in time (Chao et al., 2014, Torrence and Compo, 1998). Overall, using

wavelet threshold-denoising techniques in combination with deep neural networks of-

fers a powerful tool for predicting stock volatility and maximizing profits.

Wavelets were first introduced by French mathematician and physicist Jean Morlet

and his colleagues in the mid-1980s (Grossmann and Morlet, 1984). Morlet, along

with mathematicians Yves Meyer, Ingrid Daubechies, and others, played a key role in

the development of wavelet theory (Daubechies, 1992, Meyer, 1990), which has since

become an important mathematical tool in a wide range of fields, including signal

processing, image compression, and data analysis with applications in time-frequency

analysis, feature extraction, and denoising.

Wavelet transform includes Continuous Wavelet Transform (CWT) and Discrete Wavelet

Transform (DWT) (Zhang, 2021). The wavelet transforms decompose a signal at dif-

ferent timescales. It is defined as a set of basic functions ψa,b(t) that can be generated

by translating and scaling the mother wavelet as follows (Daubechies, 1992),

ψa,b =
1√
a
ψ

(
t− b

a

)
; a > 0, −∞ < b <∞, (2.1)

where a is the scale parameter and b determines the location of the wavelet.

The CWT is used for mapping the changing properties of non-stationary signals. How-

ever, CWT is a time-frequency representation of a signal f(t) that can be defined by
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the following equation,

Wf (a, b) =

∫ ∞

−∞
f(t)ψ∗

a,b(t)dt =
1√
a

∫ ∞

−∞
ψ∗
a,b

(
t− b

a

)
f(t)d, (2.2)

where ψ∗
a,b is the mother wavelet conjugate (Percival et al., 2004, Poularikas, 1999).

The Continuous Wavelet Transform (CWT) requires the use of a complex conjugate

pair of mother wavelets. This is because the CWT is based on convolving the signal

with a scaled and translated version of the mother wavelet and its complex conjugate,

which allows for both positive and negative frequency components to be analyzed.

The complex conjugate pair of wavelets ensures that the CWT is able to capture both

the amplitude and phase information of the signal.

The wavelet coefficients Wf (a, b) are obtained by continuously varying the scale pa-

rameter and the position parameter in order to select the different portions of the

signal and analyze the different scale variations (Mallat and Mallat, 1999). The con-

stituent wavelets of the original signal are obtained by multiplying each coefficient by

the appropriate scaled and shifted wavelet. The mostly used mother wavelet for CWT

is the “Morlet” function which extracts features with equal variance in time and fre-

quency.

The DWT is a discrete set of the wavelet scales and translations. It is specially adapted

for the sampled value (Daubechies, 1992). However, this transform decomposes the

signal into a mutually orthogonal set of wavelets. This specificity represents the main

difference between DWT and CWT. The DWT employs a dyadic grid, where the

mother wavelet is scaled by power two (a = 2j) and translated by an integer (b = k2j),

where k is a location index running from 1 to 2−jN (N is the number of observations)

and j runs from 0 to J (J is the total number of scales),

ψj,k(t) = 2−j/2ψ(2−jt− k). (2.3)

The DWT coefficients are obtained from the following expression:

Wj,k = W (2j, k2j) = 2−j/2

∫ ∞

−∞
f(t)ψ(2−jt− k)dt. (2.4)
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The means of the Inverse Discrete Wavelet Transform (IDWT) is calculated in order

to reconstruct the original signal (or its parts) from the wavelet coefficients Wj,k such

that:

f(t) =
∞∑

j=−∞

∞∑
k=−∞

Wj,kψj,k(t), (2.5)

where ψj,k(t) are the wavelet basis functions and Wj,k are the corresponding wavelet

coefficients. The wavelet basis functions are obtained by dilating and translating a

mother wavelet function ψ(t), according to the parameters j and k. The parameter j

controls the scale of the wavelet, with j corresponding to finer scales, while k controls

the location of the wavelet in time.

The DWT technique is well suited for noise filtering, data reduction, and singularity

detection, making it an excellent option for time series data processing. Medical time

series data, audio and video data, and image data have all been subject to extensive

investigations on the decomposition of an original time series, with excellent results

(Sarkar et al., 1998, Strang and Nguyen, 1996).

2.3 Artificial Neural Networks

Advancements in artificial intelligence and machine learning, as well as the availabil-

ity of vast amounts of data and increased computing power, deep learning methods

have emerged as a promising approach to stock volatility prediction creating new op-

portunities for developing advanced techniques for predicting stock volatility (Hegazy

et al., 2014, Liu et al., 2022a, Mehtab and Sen, 2020, Milosevic, 2016, Song, 2018).

These methods rely on neural networks to automatically learn complex patterns and

relationships from the historical data, and use them to predict the future trends of

the stock market. Deep learning methods such as recurrent neural networks, Convo-

lutional Neural Networks, and long short-term memory networks have been applied

in the field of stock volatility prediction, and have shown promising results in terms

of accuracy and performance (Kumar and Thenmozhi, 2014). As a result, there is a

growing demand for an accurate and dependable predictive model that can compre-
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hensively capture the unpredictable and nonlinear nature of the market.

The recent surge in artificial neural network (ANN) research activities has demon-

strated that neural networks have powerful pattern classification and prediction ca-

pabilities. ANNs have been successfully used for a wide range of tasks in business,

industry, and science (Bhagya Raj and Dash, 2022, Bhatt and Shrivastava, 2022, Mu-

mali, 2022, Okoro et al., 2022). There exists several variants of machine learning tech-

niques that have been developed for application to the stock forecasting problem in

literature. These variants may differ in their underlying algorithms, feature selection

methods, training procedures, and hyper parameters, among other factors. The devel-

opment and evaluation of these variants are typically based on empirical studies that

use historical market data to assess their predictive performance, often measured in

terms of accuracy, precision, recall, F1-score, or other metrics.

Despite the advancements in stock volatility prediction methods, it is important to

note that no single method can provide a perfect solution to this problem. The stock

market is a highly complex and dynamic system that is affected by numerous inter-

nal and external factors, making it difficult to accurately predict its future trends.

Therefore, a combination of different approaches and expert analysis is necessary to

make informed decisions and maximize returns in the stock market. (Kumar and

Thenmozhi, 2014) made a study on the development of several machine learning tech-

niques, Artificial Neural Networks (ANNs), Convolutionary Neural Networks (CNN),

Support Vector Machines (SVMs), Decision Support System (DSS), Support Vec-

tor Regression (SVR), Naive Bayes networks and Hidden Markov Model (HMM) in

stock market prediction. However, due to the limitations and strengths of each tech-

nique, researchers have sought to enhance forecasting accuracy by combining methods,

such as KNN + SVM (Puspitasari and Rustam, 2018) or ANN + SVM (Kurani et al.,

2023). Feature selection, extraction, and optimization techniques, such as principal

component analysis, genetic algorithms, wavelet transforms, and particle swarm op-

timizations, have been utilized to improve forecast accuracy. Additionally, clustering

as an unsupervised learning method has been examined for predicting stock prices.

Recently, deep learning methods have gained renewed interest in stock market pre-

diction. Deep neural networks, Convolutional Neural Networks, and long short-term
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memory networks have been applied to extract relevant features from complex and

noisy data and identify hidden nonlinear relationships.

2.3.1 Long Short Term Memory

LSTM is a powerful and popular type of neural network that is commonly used in

natural language processing, speech recognition, and other sequence prediction tasks

(Ghimire et al., 2022, Khalil and Pipa, 2022, Shashidhar et al., 2022). In this study

the focus is in using LSTM for stock market volatility modelling. It is a type of re-

current neural network (RNN) architecture that is designed to handle the vanishing

gradient problem, which occurs when training deep neural networks for stock fore-

casting. LSTM was introduced in 1997 by Sepp Hochreiter and Jürgen Schmidhuber

(Hochreiter and Schmidhuber, 1997).

At the time, traditional RNNs were limited in their ability to learn long-term depen-

dencies, due to the vanishing gradient problem the tendency for gradients to shrink as

they are propagated backwards through time (Olah, 2015). Hochreiter and Schmid-

huber’s innovation was to introduce a new type of memory cell that could selectively

forget or remember information over long periods of time.

LSTM networks use a memory cell that is responsible for maintaining information

over a sequence of inputs. The memory cell has three gates: the input gate, forget

gate, and output gate. These gates control the flow of information into and out of the

memory cell, allowing the network to selectively retain or discard information from

previous inputs. The arichtecture of the LSTM Network is shown on Appendix A.1.

The architecture of LSTM networks makes them particularly effective in handling

long-term dependencies in sequential data. The memory cell allows the network to

remember information from earlier inputs, even if it has been many time steps since

that information was last seen. There have been many extensions and variations of

the original LSTM architecture, such as gated recurrent units (GRUs) (Gupta et al.,

2022) introduced by (Cho et al., 2014). It combines the input and forget gates into

a single ”update gate.” Additionally, it combines the hidden state and cell state and

performs some other adjustments. The resulting model, which has been gaining popu-
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larity, is less complex than traditional LSTM models. Peephole LSTM (Adwait Dathan

and Shanmuga Priya, 2022) introduced by (Gers et al., 2000) allows the gate layers to

observe the state of the cell. Coupled LSTM (Chen et al., 2022) which instead of sep-

arately deciding what to forget and what we should add new information to, we make

those decisions together. We only forget when we’re going to input something in its

place. We only input new values to the state when we forget something older. Bidi-

rectional LSTM (Althelaya et al., 2018) which has the ability to process input data

in both forward and backward directions. All these variants Staudemeyer and Morris

(2019) have improved the performance of recurrent neural networks for various tasks.

2.3.2 Optimizer

The type of optimizer employed considerably influences how quickly the algorithm

converges to the minimal value. Also, some idea of randomization is required to pre-

vent staying stuck in a relative minimum and failing to achieve the absolute mini-

mum. Adam is one of the more effective stochastic optimization techniques that only

needs first-order gradients and requires little memory (Kingma and Ba, 2014). It com-

bines the benefits of two well-known techniques, AdaGrad (Duchi et al., 2011), which

performs well with sparse gradients, and RMSProp (Zou et al., 2019), which performs

well in non-linear and non-stationary environments. Adam is an effective and efficient

method that has been utilized successfully in earlier studies (Gudla and Bhoi, 2023,

Liu et al., 2023). The benefits are summarized into its simple implementation, modest

memory needs, and suitability for non-stationary cases. By identifying a number of

parameters to minimize the objective function, it optimizes the deep learning model.

As a result, it is thought that the Adam optimized LSTM neural network is an effec-

tive tool for predicting stock volatility.
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2.4 Research Gaps and Discussion of Literature

Review

The limitations of Artificial Neural Networks (ANNs) in handling nonlinear and non-

stationary data in time series modeling have been acknowledged in the literature. As

a result of the high autocorrelation of time series data, ANNs may produce forecasts

that are similar to the last observed data. This may result in the prediction being a

continuation of historical trends rather than accurately reflecting high-frequency and

irregular changes for predictions (De Vos and Rientjes, 2005). Additionally, most time

series data contain noise, making it essential to eliminate this noise to manage non-

stationary data better.

Despite these limitations, ANNs have still received a lot of attention in time series

modeling because they provide accurate predictions when the data is properly pre-

processed, and the model is well-designed. Through the literature review researchers

have developed various approaches to improve ANN’s prediction accuracy in model-

ing, such as hybrid models that combine ANNs with other techniques such as wavelets

or fourier transform algorithms, and data pre-processing techniques such as detrend-

ing, deseasonalization, and normalization.

In summary, while ANNs have some limitations in handling time series data, they re-

main a popular and effective technique for time series modeling when the data is pre-

processed and the model is appropriately designed. The LSTM to be specific is always

further designed as it permits many different variants and topologies for specific prob-

lems Staudemeyer and Morris (2019).
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Chapter 3

Methodology

Introduction

The data sources, screening techniques, and variable definitions utilized are described

in this section.

3.1 Research Design

The study adopts a quantitative research as statistical inference will be used to draw

conclusions on the study. The goal of this thesis’s empirical investigation is to forecast

stock volatility using a comparative analysis of a wavelet transform data preprocessing

LSTM and a standard LSTM in the Kenyan frontier securities market.

3.2 Data

The Nairobi Securities Exchange has 63 listed companies (active and inactive) as of

2022. A sample of 4 data sets from the banking sector will be used in the construction

of the experiments. The banking sector plays a crucial role in the economy by facil-

itating financial intermediation i.e managing risks, and providing financial services.

Researching this sector provides insights into the broader economic landscape. Bank-

ing is highly regulated due to its systemic importance and potential impact on finan-

cial stability. Studying the regulatory framework and its implications is a significant

area of research interest. The data used are the daily closing price of over a span of 10

years, recorded from January 2013 to December 2022 because it is long enough to cap-

ture variations in the data while still being relatively recent and relevant to current

conditions of diverse macroeconomic and political events. Assessed to other frequen-
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cies, daily data is preferred for this experiment because intraday (tick-level) data is

often much more noisy and has lower predictive value, while data from longer intervals

is less useful realistically. Features such as momentum indicators which are commonly

used in stock chart analysis are engineered from daily data. In this study, the focus

is on a sample 4 largest and most liquid single banking sector stocks available in the

dataset. For each stock, the goal is to engineer the same feature and target variable,

training our neural network on all stocks in the prescribed sample so as to generalize

the model, rather than just focusing on learning one stock.

Acquiring the stock price data and extracting the relevant signal to be denoised, in

this case, the daily returns.

Computed the daily returns for each of the selected stocks using equation below,

ri,t+1 = ln

(
Pi,t+1

Pi,t

)
for i = 1, . . . , 4 (3.1)

In this equation, ri,t+1 represents the log return for asset i at time t+ 1. Pi,t+1 denotes

the price of asset i at time t + 1, and Pi,t represents the price of asset i at time t. The

ln(·) function represents the natural logarithm. The notation ”i = 1, . . . , 4” indicates

that the equation is valid for assets i ranging from 1 to 4.

3.2.1 Wavelet Denoising

Selection of Wavelet

The wavelet transform is applied to the signal using a chosen db4 wavelet function,

decomposition level of 2, and threshold processing of 2 parameters. It has properties

that meet the requirements of discrete wavelet transform. Its characteristics are as

follows;

(1) Compact support: Which means it has a limited range where it is non-zero and is

zero outside of that range. This characteristic allows it to effectively capture localized

features in the data with a sharp drop-off in performance.

0

The data is sourced from https://www.investing.com.

17

https://www.investing.com


(2) Small support length: The db4 wavelet has a relatively small support length. It

conveniently shortens computation time compared to some other wavelets, reducing

data processing time and training time.

(3) Compression: The db4 provides a good trade-off between compression efficiency

and reconstruction quality.

(4) Numerical Stability: db4 wavelet is known for their numerical stability and desir-

able mathematical properties, which makes it widely used in scientific and engineering

applications.

Selection of Threshold Parameter

The universal thresholding method is used, this aims to automatically adapt the thresh-

old value based on the characteristics of the data. For each specified level within the

range [m,n]. The formula for the threshhold value is as follows:

λ =
√

(2 ∗ log 2(cD)), (3.2)

here, cD represents the detail coefficients at the current decomposition level. The

threshold value λ is calculated for each level within the specified range [m,n]. The

method adapts to the length of the detail coefficients, making it a data-driven ap-

proach that aims to reduce noise while preserving important signal features. This

helps determine which coefficients should be retained and which should be set to zero

during the thresholding step of wavelet denoising.

This thesis’s is based on the Python language environment and uses TensorFlow as

the deep learning framework for training, prediction, and comparison. The wavelet

transform is performed using the pywt.wavedec() function, which decomposes the in-

put sequence into approximation coefficients (cA) and detail coefficients (cD) for each

level.

Selection of Threshold Functions.

The wavelet coefficients are denoised using the soft thresholding method, which in-

volves shrinking the coefficients towards zero based on a computed threshold value,
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effectively removing the noise from the signal. The soft thresholding method is ap-

plied to detail coefficients for the levels. If a coefficient at a given level has an abso-

lute value greater than or equal to this threshold, it is retained (with soft thresholding

applied), and if it is smaller, it is set to zero. The expression is as follows;

S(x, λ) =

sign(x) · (|x| − λ) if |x| > λ

0 if |x| ≤ λ

, (3.3)

where sign(x) is the signum function, which returns 1 if x > 0, -1 if x < 0, and 0

if x = 0. The soft thresholding function shrinks the magnitude of the input signal x

towards zero by an amount proportional to the difference between the magnitude of x

and the threshold value λ. If the magnitude of x is less than or equal to λ, then the

output is set to zero.

The wavelet transform decomposes the signal into different frequency sub-bands, with

the high-frequency sub-bands containing noise and low-frequency sub-bands contain-

ing relevant information. The resulting denoised signal is then reconstructed by per-

forming the inverse wavelet transform as follows;

x(t) =
n∑

i=0

N−1∑
j=0

h
(i)
j · ϕ(i)

j (t) +
n∑

i=1

N−1∑
j=0

d
(i)
j · ψ(i)

j (t), (3.4)

where:

n is the level of decomposition, N is the length of the signal, h
(i)
j is the approxima-

tion coefficient at level i and position j, ϕ
(i)
j (t) is the scaling function at level i and

position j, d
(i)
j is the detail coefficient at level i and position j, ψ

(i)
j (t) is the wavelet

function at level i and position j, t is the time variable. The wavelet reconstruction

formula computes the original signal x(t) by adding up the approximation and de-

tail coefficients obtained during the wavelet decomposition. The approximation coef-

ficients are obtained by applying the low-pass filter to the original signal, while the

detail coefficients are obtained by applying the high-pass filter to the original signal.

The denoised data is used as the train-test split of ratio 80:20. The data is then re-

shaped to fit the input format of the LSTM network. The LSTM model is defined
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with two LSTM layers with 100 units each, and a dense output layer.

3.2.2 LSTM Network

The first step in the LSTM is to decide what information is going to be thrown away

from the cell state. The forget gate layer is responsible for deciding what information

to discard from the previous cell state Ct−1, based on the input at time step t − 1

(ht−1) and the current input (xt). This is represented by the equation;

ft = σ(Wf .[ht−1, xt] + bf ),

where ft is the forget gate vector, σ is the sigmoid activation function, Wf and bf are

the weight matrix and bias vector of the forget gate layer, and [ht−1, xt] is the con-

catenation of the previous hidden state ht−1 and the current input xt. The forget

gate vector ft has the same dimensions as the cell state Ct−1, and is used to modulate

which elements of the previous cell state to forget and which to remember.

The next step is to choose new information that will be kept in the cell state. Two

sections make up this, the sigmoid layer (input gate layer) and the tanh layer. These

two are combined in the subsequent phase to produce an update to the state. The

input gate layer is responsible for determining which information to update in the cell

state Ct−1, based on the current input xt and the previous hidden state ht−1. This is

represented mathematically as;

it = σ(Wf .[ht−1, xt] + bi),

where it is the input gate vector, σ is the sigmoid activation function, Wi and bi are

the weight matrix and bias vector of the input gate layer, and [ht−1, xt] is the concate-

nation of the previous hidden state ht−1 and the current input xt. The input gate vec-

tor it has the same dimensions as the cell state Ct−1, and is used to modulate which

elements of the previous cell state to update and which to leave unchanged.

The next step is to generate a new candidate cell state C̃t based on the current in-
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put xt and the previous hidden state ht− 1. This is done using a hyperbolic tangent

(tanh) activation function to squish the values to the range [-1, 1]. This represented

mathematically as;

C̃t = tanh(WC .[ht−1, xt] + bC),

where C̃t is the candidate cell state, tanh is the hyperbolic tangent activation func-

tion, WC and bC are the weight matrix and bias vector of the tanh layer, and [ht− 1, xt]

is the concatenation of the previous hidden state ht−1 and the current input xt. The

candidate cell state C̃t has the same dimensions as the cell state Ct− 1, and repre-

sents the new information that could be added to the cell state.

The cell state is regulated through a combination of additive and multiplicative inter-

actions. Here’s the equation for updating the cell state ;

ct = ft ⊙ ct−1 + it ⊙ c̃t,

where, ⊙ represents element-wise multiplication, ft forget gate, it input gate and C̃t

is the candidate cell state. This equation shows how the cell state is updated at each

time step in an LSTM network.

Finally,the output gate is responsible for deciding which information from the cell

state Ct to output as the hidden state ht, based on the current input xt and the previ-

ous hidden state ht−1. This is represented by the equation as;

Ot = σ(Wo.[ht−1, xt] + bo),

where Ot is the output gate vector, σ is the sigmoid activation function, Wo and bo

are the weight matrix and bias vector of the output gate layer, and [ht−1, xt] is the

concatenation of the previous hidden state ht−1 and the current input xt. The output

gate vector Ot has the same dimensions as the cell state Ct, and is used to modulate

which elements of the cell state to output and which to ignore.

The next step is to generate the actual output by combining the filtered cell state and
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the output gate vector. This is done by first passing the cell state Ct through a hyper-

bolic tangent (tanh) activation function to squish the values to the range [-1, 1], and

then multiplying it element-wise by the output gate vector Ot. This is represented

mathematically as;

ht = Ot. tanh(Ct),

where ht is the output (hidden) state, tanh is the hyperbolic tangent activation func-

tion, and Ct is the cell state after the input and forget gate layers have updated it.

The final output ht has the same dimensions as the hidden state ht−1 and the current

input xt, and represents the filtered version of the cell state that we have decided to

output. The sigmoid activation functions are used to output a number between 0 and

1 for each element of the cell state. A value of 1 means that the corresponding infor-

mation should be output completely, while a value of 0 means that the information

should be ignored completely. The arichtecture of the LSTM Network is shown on

Appendix A.1.

3.2.3 Optimizer

The ADAgrad optimizer effectively employs a distinct learning rate for each param-

eter and time step. The logic behind ADAgrad is that rare parameters must have

higher learning rates, whilst frequent parameters must have lower learning rates. In

other terms, the stochastic gradient descent update for ADAgrad is;

ηt =
α√∑t

i=1 g
2
i + ϵ

,

gi represents the cost function’s gradient with respect to the parameter at the i-th

iteration, and ϵ is a tiny constant for numerical stability. The learning rate is derived

based on the previous gradients obtained for each parameter. Hence,

ηt =
α√
Gt

,
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where Gt is the matrix of sums of squares of previous gradients. The problem with

this optimization is that as the number of iterations increases, the learning rates begin

to decline rapidly.

RMSprop considers addressing a dropping learning rate by only using a limited num-

ber of past gradients. Updates become

ηt =
α

√
vt + ϵ

,

where

vt = γvt−1 + (1− γ)g2t .

vt is an exponentially decaying average of the squares of past gradients. The learning

rate ηt is scaled by α√
vt+ϵ

, where the square root of vt acts as a kind of normalization

factor for the learning rate adjustment. This approach helps to mitigate the vanishing

and exploding gradient problem by adapting the learning rate based on the magni-

tude of the gradients. It allows for more stable and efficient training, especially when

dealing with deep neural networks and non-convex optimization problems.

Adam, or Adaptive Moment Estimation, calculates adaptive learning rates for each

parameter by taking into account the continuously decaying average of past squared

gradients and past gradients. This can be expressed as

mt = β1mt−1 + (1− β1)gt.

vt = β2vt−1 + (1− β2)g
2
t .

The vt and mt can be thought of as estimates of the first and second moments of the

gradients, respectively, hence the term Adaptive Moment Estimation. When this was

first utilized, researchers discovered that there was an inherent bias towards 0, which

they counteracted by using the following estimates:
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m̂t =
mt

1− βt
1

.

v̂t =
vt

1− βt
2

.

This brings us to the final gradient update rule.

ηt =
α√
v̂t + ϵ

.

θt+1 = θt − ηtm̂t.

The gradient update uses the moments of the distribution of weights, allowing for

more statistically sound descent.

3.2.4 Dropouts

Another critical part of model training is keeping the weights from growing too large,

which can lead to overfitting, in which the model focuses too much on specific data

points. One technique to addressing this is to impose a penalty for large weights, with

the definition of ”large” depending on the sort of regularization applied.

To reduce overfitting, a technique explores the possibility of temporarily disabling

some neurons, forcing the model to rely on a broader variety of neurons rather than

becoming unduly reliant on specific groups. Dropouts are frequently used for this rea-

son, increasing the robustness of neurons and encouraging them to forecast trends

without focusing on a single neuron. With dropout, the mistake rate continues to fall;

without dropout, the error rate flattens.

The Early Stopping callback is also used to prevent overfitting during training. It

monitors the validation loss during training and stops training when the validation

loss stops decreasing, thus preventing the model from overfitting. So, using early stop-

ping allow us to train the model for more epochs, as long as it stops before it starts

overfitting. The training history is plotted to visualize the loss over epochs. The Early

Stopping callback takes several arguments:
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Monitor: The quantity to be monitored in this case the val loss.

Patience: The number of epochs with no improvement in the monitored quantity after

which training will be stopped. In this case the patience=10, training will stop if the

monitored quantity does not improve for 10 consecutive epochs.

Verbose: Whether to print information about early stopping to the console during

training.

Mode: Whether to minimize or maximize the monitored quantity. In this case mon-

itor=’val loss’ and mode=’min’, training will stop when the validation loss stops de-

creasing.

By monitoring the loss over epochs, one can observe whether the neural network is

improving or not. Ideally, we want the loss to decrease over time, which indicates that

the network is learning and improving its performance on the training data. However,

if the loss stops decreasing or starts increasing, it is an indication that the network

has reached its capacity or is overfitting to the training data.

3.3 Performance Metrics

Once the model is trained, it is used to make predictions on the testing set. The per-

formance of the model is evaluated using mean absolute error, root mean squared er-

ror, Bayesian Information Criterion and Akaike Information Criterion.

Root Mean Square Error (RMSE):

RMSE =

√√√√ 1

N

N∑
k=1

(|Ak − Pk|)2,

where: N = the number of observations, Ak = the actual value of the kth observation,

Pk = the predicted value of the kth observation

Mean Absolute Error (MAE):

MAE =
1

N

N∑
k=1

|Ak − Pk|,
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where: N = the number of observations, Ak = the actual value of the kth observation,

Pk = the predicted value of the kth observation.

Bayesian Information Criterion (BIC):

BIC = −2ln(L) +Kln(n),

where L is the likelihood of the model, k is the number of parameters in the model,

and n is the number of observations in the data set.

Akaike Information Criterion (AIC):

AIC = −2ln(L) + 2K,

where L is the likelihood of the model and k is the number of parameters in the model.

In all cases, lower values of the indicate a better fit of the model to the data.
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Chapter 4

Data Analysis, Results and

Discussions

4.1 Exploratory Data Analysis

(a) KCB Price (b) ABSA Price

(c) EQUITY Price (d) NCBA Price

Figure 4.1: Closing Price Trends for the period January 2013 to December 2022

Figure 4.1 above, displays the evolution of the closing prices over the sample period,

the data ranges from January 2013 to December 2022. There are sharp dips for all the

stocks towards the end of 2019 and beginning of 2020 which may have been brought

about by the effects of COVID- 19 as investors withdrew to safer assets such as bonds,
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a steady increase towards end of 2020 beginning of 2021 the economy was in recov-

ery and finally a decreases as at end of 2022, which may have been attributed by the

macroeconomic economic factors at that time. The price movements of the assets are

unpredictable and follow a random pattern. The behavior of price trends in a ran-

dom walk are explained using the efficient market hypothesis (EMH). This means that

a price increase or decrease in the past has no bearing on the likelihood of a similar

price movement in the future.

As a result, the price trends in a random walk appears to be unpredictable and er-

ratic, with no discernible pattern or trend.

(a) KCB Returns (b) ABSA Returns

(c) EQUITY Returns (d) NCBA Returns

Figure 4.2: Daily Returns of the data sets the period January 2013 to December 2022

Figure 4.2 displays the evolution of the daily returns of the data sets continuously

compounded from the closing prices. An assessment of the trend characteristics of

the time series reveals a stylised fact about financial time series. There is volatility

clustering effect on the compounded returns on all the data sets attributed to the fact

that financial markets are not perfectly efficient, and that information is not always

immediately incorporated into prices. The volatility clustering phenomenon observed
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asserts that where periods of high volatility tend to be followed by periods of high

volatility, and periods of low volatility tend to be followed by periods of low volatil-

ity. This indicates that volatility tends to cluster over time, rather than being spread

randomly.

(a) KCB QQ Plot (b) ABSA QQ plot

(c) EQUITY QQ plot (d) NCBA QQ Plot

Figure 4.3: QQ plots of daily Returns

Figure 4.3 displays the normality probability of the data sets. The figure illustrates

the QQ plot associated with the returns of the data sample. It has an S-shaped curve

which means that over the sample period there seem to be large fluctuations from the

normal distribution over the tails.
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Table 4.1: The table shows the descriptive statistics of returns data for the period
(January 2013 to December 2022).

KCB ABSA EQUITY NCBA

Mean 0.000025 0.000199 −0.000097 0.000087
Maximum 0.111111 0.142857 0.110169 0.104167
Minimum −0.085714 −0.082251 −0.083799 −0.245000
Std. Dev. 0.015413 0.014302 0.017601 0.020641
Skewness 0.662837 1.224411 0.365943 −0.519796
Observations 2492 2496 2497 2495
Kurtosis 7.407761 12.305327 5.386072 12.305405

KCB, ABSA and EQUITY data sets have a positive skewness value indicating that

the distribution has a long tail to the right, while NCBA has a negative skewness

value indicating that the distribution has a long tail to the left. All the datasets have

high kurtosis values above 3 indicating that the distributions have sharp peaks and

heavy tails.

4.2 Sensitivity to the DWT denoising

(a) KCB Volatility denois-
ing

(b) ABSA Volatility denois-
ing

(c) Equity Volatility de-
noising

(d) NCBA Volatility de-
noising

Figure 4.4: Wavelet Denoising
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The visualization resulting from wavelet denoising of returns data consists of two

plots. The first plot shows the original returns data in red and the denoised returns

data in blue on the same axes. This allows us to observe how much noise has been

removed from the signal and how well the denoised signal captures the important fea-

tures of the original signal and whether there are any artifacts or distortions intro-

duced by the denoising process. As observed the denoising process has removed noise

without affecting the real values of the original data this is an important need in the

analysis process.

4.3 Forecasting, Optimizer and Model Comparisons.

Table 4.2: Summary of Simulation Results Adam Optimizer

BANK MODEL RMSE MAE AIC BIC
KCB LSTM 0.14285461 0.09413755 241792 724613

DWT-LSTM 0.00486723 0.00379738 239160 721037
ABSA LSTM 0.09808798 0.05944971 241491 724013

DWT-LSTM 0.00361827 0.00258440 239316 706972
EQUITY LSTM 0.17059743 0.11498182 241937 724754

DWT-LSTM 0.00626951 0.00446096 239594 712606
NCBA LSTM 0.08838256 0.05533667 241408 723931

DWT-LSTM 0.03129270 0.01626006 241021 703646

Table 4.3: Summary of Simulation Results RMSprop Optimizer

BANK MODEL RMSE MAE AIC BIC
KCB LSTM 0.14492746 0.09643944 241804 724625

DWT-LSTM 0.01176501 0.00881133 239840 721735
ABSA LSTM 0.10316837 0.07065492 241532 724053

DWT-LSTM 0.00859835 0.00611359 239917 707580
EQUITY LSTM 0.17205951 0.11643077 241944 724761

DWT-LSTM 0.01442161 0.010652068 240112 713139
NCBA LSTM 0.10355925 0.07672291 241535 724056

DWT-LSTM 0.01428342 0.01102133 240380 703118
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Table 4.4: Summary of Simulation Results Adagrad Optimizer

BANK MODEL RMSE MAE AIC BIC
KCB LSTM 0.14601971 0.09528068 241810 724681

DWT-LSTM 0.01273805 0.00962460 239906 721797
ABSA LSTM 0.09821318 0.05947165 241492 724014

DWT-LSTM 0.00862699 0.00598847 239919 707582
EQUITY LSTM 0.17297235 0.11554726 241948 724765

DWT-LSTM 0.01382641 0.01023687 240159 713183
NCBA LSTM 0.08874557 0.05595954 241411 723934

DWT-LSTM 0.01234328 0.00865592 240276 703019

Table 4.2, 4.3 & 4.4 displays the forecasting outcomes of the suggested technique (DWT-

LSTM) and the standard LSTM across the 3 optimizers ADAM, ADAgrad and RM-

Sprop. The Long Short Term Memory (LSTM) performance measures obtained with

the wavelet transform are less than those obtained with the conventional Long Short

Term Memory technique, which is based on original data.

Using the KCB bank dataset as an example, the RMSE, MAE, AIC, and BIC calcu-

lated using the conventional methodology and based on the original data set as per

the Adam optimizer are 0.14285461, 0.09413755, 241792, and 724613, respectively.

The values produced using the suggested method (DWT-LSTM) as per the Adam Op-

timizer in comparison are, 0.00486723, 0.00379738, 239160, and 721037, respectively.

As a result, the suggested technique predicts stock volatility with lower errors. Similar

conclusions are obtained with the other sampled stocks in the sector and the sampled

optimizers used.

For the KCB, ABSA and EQUITY bank datasets, the DWT-LSTM model with the

Adam Optimizer performs better than all the other models, for NCBA DWT-LSTM

model with the Adagrad Optimizer performs better than all the other models. This

finding emphasizes the importance of using multiple optimizers and tune their hyper-

parameters to find the one that yields the best performance for a given task.

All four of the analyzed stocks in the banking sector have a strong impact from this

discrete wavelet denoising factor and even with the sample of the 3 optimizers.
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4.4 Discussion

In order to estimate the stock volatility of securities in the sampled Kenyan bank-

ing securities frontier market, this research sought to introduce a hybrid forecasting

technique that combines the discrete wavelet transform with Long Short Term Mem-

ory neural network. The historical data are first divided up using the described tech-

nique’s discrete wavelet transform. The generated approximation and detail coeffi-

cients are then utilized as an input variable to predict the future stock volatility once

the original data has been decomposed. The wavelet coefficients are plotted using

separate subplots for each level as shown on Appendix B.1. According to the simu-

lation findings, the approximation coefficients coupled with detail coefficients resulted

in higher accuracy compared to conventional model that uses original data series.

The training history is plotted to visualize the loss over epochs as shown on Appendix

D.1. The loss function is plotted on the y-axis and the number of epochs on the x-

axis. Since it is important to monitor the loss over epochs to ensure that the neural

network is learning effectively and not over fitting to the training data. The Early

Stopping callback is used to prevent over fitting during training. Observing the trend

in the plots Appendix D.1, the model data sets with a DWT-LSTM Adam optimizer

is performing better than the data sets with any other model tuning as it is training

for more epochs and hence better convergence which leads to better performance as

the model has more time to learn and improve its weights.

Overall, the actual vs predicted volatility visualization allows us to evaluate the per-

formance of the LSTM network in predicting volatility over time. It provides a clear

way to observe how well the model is performing and to identify areas where it may

need further refinement. As observed on Appendix C.1, the DWT-LSTM Adam opti-

mizer performs better for all data sets as the line representing predicted volatility in

blue is close to the line representing actual volatility in red as compared to the stan-

dard LSTM which has less convergence. The standard LSTM is consistently underes-

timating volatility across all data sets as it does not capture periods of high frequency

accurately.

By combining these two techniques, the DWT-LSTM Adam optimizer hybrid ap-
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proach, captures both the short-term and long-term patterns in the data, improving

the accuracy of volatility forecasts. This is especially useful in financial applications,

where accurate volatility forecasts is critical for risk management, investment deci-

sions and monitoring. The empirical findings can be widely used in the selection of

methods for processing time series data as wavelet decomposition and reconstruction

improves the generalization ability of the LSTM prediction model as it catches the

peaks and the prediction accuracy as visualized on Appendix C.1.
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Chapter 5

Conclusion and Recommendations
Making good returns is the major motivation for stock market investments, which

necessitates correct knowledge of the market, understanding price fluctuations and

forecasting its future direction. Therefore, in order to predict future stock values, in-

vestors need strong and trustworthy instruments.

The main objective of this study was to forecast financial time series based on a com-

parative analysis of the DWT-LSTM and standard LSTM statistical analysis using

three different optimizers Adam, Adagrad and RMSprop. The comparative analysis of

DWT-LSTM and a standard LSTM has shown that the DWT-LSTM models improves

the performance of LSTM. According to the empirical findings the DWT-LSTM mod-

els are better at predicting stock volatility than the standard LSTM model, with lower

Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), AIC and BIC val-

ues. In real-world trading, this original model may produce false or incorrect signals

due to market changes. As a result, investors may experience considerable losses. The

conclusion of the study therefore is that incorporating denoising technique in model-

ing stock volatility is critical in ensuring more precise prediction of volatility are cap-

tured, and thus more accurate forecasts of future trends can be obtained.

A great deal of further research can be done in this relatively nascent area of finan-

cial time series prediction. There has been a growing interest in the use of wavelet

denoising and deep neural networks for signal processing and analysis in various fields.

There are multiple axes on which this research could vary in the experimental setup.

The first axis to consider is the challenges of using wavelets on the decomposition

level. The choice of the decomposition level affects the accuracy of the analysis, as

well as the computational complexity of the algorithm. If the decomposition level is

too low, important signal details may be lost, leading to a less accurate analysis. On

the other hand, if the decomposition level is too high, the resulting coefficients may
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contain noise or artifacts that can lead to inaccurate results.

Selecting the appropriate wavelet function for the analysis is important as different

wavelet functions have different properties, such as the number of vanishing moments,

which can affect the accuracy of the analysis. Choosing the right wavelet function re-

quires domain-specific knowledge and experimentation. Understanding the different

families of wavelets, one is able to select the appropriate wavelet for a given signal

processing problem.

While deep neural networks have shown great potential in various applications, there

are still challenges in their design, training, and interpretation. In particular, the choice

of network architecture, optimization algorithm, and hyperparameters greatly impact

the performance of deep neural networks. Therefore, more research is needed to de-

velop effective and efficient deep neural network architectures and training algorithms

for signal processing and analysis.

In addition, there is a need for more research on the integration of wavelet denoising

and deep neural networks for signal processing and analysis. While these techniques

have been used separately, their combination has the potential to improve the per-

formance of signal processing and analysis. However, there are still challenges in the

integration of these techniques, such as determining the optimal order of operations

and addressing the potential loss of information in the denoising process.

The literature on the gaps in the use of wavelet denoising and deep neural networks

highlights the need for more research to address these gaps and to further develop

these techniques for signal processing and analysis in this field. By addressing these

gaps, we potentially improve the performance of signal processing and analysis and

enable new applications in areas of finance.

In conclusion, incorporating Volume data into the predictive model would be an addi-

tional intriguing modification that might be done; doing so should improve prediction

validity by giving the model more data to draw on.
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Appendix A

A.1 LSTM architecture

Figure A.1: Graph of LSTM unit

ft = σ(Wf .[ht−1, xt] + bf ). (A.1)

it = σ(Wf .[ht−1, xt] + bi). (A.2)

C̃t = tanh(WC .[ht−1, xt] + bC). (A.3)

Ot = σ(Wo.[ht−1, xt] + bo). (A.4)

ct = ft ⊙ ct−1 + it ⊙ c̃t. (A.5)

ht = Ot. tanh(Ct), (A.6)

0

Graph of LSTM unit Source by https://www.nomidl.com/deep-learning/

what-is-lstm-and-how-does-it-work/
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Appendix B

B.1 Signal Approximations

The wavelet coefficients are plotted using separate subplots for each level as shown

below;

(a) “Decomposition by Lev-
els KCB Bank”

(b) “Decomposition by
Levels ABSA Bank”

(c) “Decomposition by Lev-
els Equity Bank”

(d) “Decomposition by
Levels NCBA Bank”

Figure B.1: Wavelet Decomposition at Level 2
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Appendix C

C.1 Actual vs Predicted Visualization

C.1.1 Adam Optimzer

(a) KCB DWT-
LSTM

(b) KCB Stan-
dard LSTM

(c) ABSA DWT-
LSTM

(d) ABSA Stan-
dard LSTM

(e) EQUITY
DWT-LSTM

(f) EQUITY
Standard LSTM

(g) NCBA DWT-
LSTM

(h) NCBA Stan-
dard LSTM

Figure C.1: Actual VS Predicted of DWT-LSTM and Starndad LSTM ADAM Opti-
mizer
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C.1.2 RMSprop Optimzer

(a) KCB DWT-
LSTM

(b) KCB Stan-
dard LSTM

(c) ABSA DWT-
LSTM

(d) ABSA Stan-
dard LSTM

(e) EQUITY
DWT-LSTM

(f) EQUITY
Standard LSTM

(g) NCBA DWT-
LSTM

(h) NCBA Stan-
dard LSTM

Figure C.2: Actual VS Predicted of DWT-LSTM and Starndad LSTM RMSprop Op-
timizer
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C.1.3 ADAgrad Optimzer

(a) KCB DWT-
LSTM

(b) KCB Stan-
dard LSTM

(c) ABSA DWT-
LSTM

(d) ABSA Stan-
dard LSTM

(e) EQUITY
DWT-LSTM

(f) EQUITY
Standard LSTM

(g) NCBA DWT-
LSTM

(h) NCBA Stan-
dard LSTM

Figure C.3: Actual VS Predicted of DWT-LSTM and Starndad LSTM ADAgrad Op-
timizer
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Appendix D

D.1 Sensitivity to Loss Over Epochs

D.1.1 Adam Optimzer

(a) KCB DWT-
LSTM

(b) KCB Stan-
dard LSTM

(c) ABSA DWT-
LSTM

(d) ABSA Stan-
dard LSTM

(e) EQUITY
DWT-LSTM

(f) EQUITY
Standard LSTM

(g) NCBA DWT-
LSTM

(h) NCBA Stan-
dard LSTM

Figure D.1: Loss Over Epochs of DWT-LSTM vs Standard LSTM ADAM Optimizer
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D.1.2 RMSprop Optimzer

(a) KCB DWT-
LSTM

(b) KCB Stan-
dard LSTM

(c) ABSA DWT-
LSTM

(d) ABSA Stan-
dard LSTM

(e) EQUITY
DWT-LSTM

(f) EQUITY
Standard LSTM

(g) NCBA DWT-
LSTM

(h) NCBA Stan-
dard LSTM

Figure D.2: Loss Over Epochs of DWT-LSTM vs Standard LSTM RMSprop Opti-
mizer
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D.1.3 ADAgrad Optimzer

(a) KCB DWT-
LSTM

(b) KCB Stan-
dard LSTM

(c) ABSA DWT-
LSTM

(d) ABSA Stan-
dard LSTM

(e) EQUITY
DWT-LSTM

(f) EQUITY
Standard LSTM

(g) NCBA DWT-
LSTM

(h) NCBA Stan-
dard LSTM

Figure D.3: Loss Over Epochs of DWT-LSTM vs Standard LSTM ADAgrad Opti-
mizer
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