
European International Journal of Multidisciplinary Research 
and Management Studies 

101 https://eipublication.com/index.php/eijmrms 

 
 

TYPE Original Research 

PAGE NO. 101-106 

 
 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

OPEN ACCESS 

SUBMITTED 01 November 2025 

ACCEPTED 15 November 2025  

PUBLISHED 30 November 2025 

VOLUME Vol.05 Issue11 2025 
 

  

 

COPYRIGHT 

© 2025 Original content from this work may be used under the terms 

of the creative commons attributes 4.0 License. 

 

State Space Filtering, 

Sensor Fusion, and 

Algorithmic Trading: An 

Integrated Statistical and 

Machine Learning 

Framework for Financial 

Time Series Forecasting 
Dr. Alejandro M. Cortés  

Department of Statistics and Computational Finance, Universidad de 

Barcelona, Spain 

Abstract Financial markets are inherently dynamic, 
noisy, and driven by latent processes that evolve over 
time under uncertainty. Accurate forecasting, risk 
management, and trading strategy design therefore 
require methodologies capable of extracting hidden 
states from imperfect observations while adapting to 
structural changes in the data-generating process. This 
research develops a comprehensive and theoretically 
grounded framework that integrates state space 
modeling, Kalman filter-based sensor fusion, 
constrained and estimating-function-based regression, 
and modern machine learning approaches within the 
context of algorithmic trading and financial time series 
forecasting. Drawing strictly on the provided literature, 
the study synthesizes insights from classical state space 
theory, nonnormal and generalized filtering, and 
contemporary algorithmic and high-frequency trading 
research to demonstrate how filtering methodologies 
form a unifying backbone for statistical and machine 
learning models in finance. Particular attention is given 
to equivalences between Kalman filtering and 
constrained regression, the role of estimating functions 
in relaxing distributional assumptions, and the practical 
relevance of these methods in pairs trading, volatility 
forecasting, Value at Risk prediction, foreign exchange 
markets, and crypto-native hedging strategies. The 
results are presented through an extensive descriptive 
analysis of methodological outcomes rather than 
numerical experiments, emphasizing interpretability, 
robustness, and economic intuition. The discussion 
critically evaluates limitations related to model 
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assumptions, nonstationarity, and computational 
complexity, while outlining future research directions 
that bridge statistical filtering with hybrid neural and 
evolutionary learning systems. The article contributes 
a unified conceptual narrative that positions state 
space filtering as a central paradigm for modern 
quantitative finance, capable of coherently integrating 
classical econometrics, machine learning, and 
algorithmic trading practice. 

Keywords: State space models, Kalman filtering, 
algorithmic trading, financial time series, machine 
learning, risk forecasting 

Introduction 

The Financial markets represent one of the most 

complex adaptive systems studied in applied statistics 

and data science. Prices, returns, volatility, liquidity, 

and order flow are not directly observable 

manifestations of a single stable process but rather 

emerge from the interaction of heterogeneous agents, 

institutional constraints, information asymmetries, and 

technological infrastructures. This complexity produces 

data that are noisy, partially observed, nonstationary, 

and often nonnormal. As a result, traditional static 

regression frameworks struggle to provide reliable 

inference or predictive power when applied to financial 

time series without substantial modification. 

The recognition that many financial variables of 

interest are latent rather than directly observable has 

motivated the widespread adoption of state space 

models and filtering techniques. In a state space 

formulation, the observed data are viewed as noisy 

measurements of an underlying hidden state that 

evolves dynamically over time. This perspective aligns 

naturally with financial intuition: asset prices reflect an 

unobserved fundamental value process contaminated 

by microstructure noise, investor sentiment, and 

transitory shocks. Volatility is not directly observed but 

must be inferred from returns. Market regimes, risk 

premia, and arbitrage opportunities similarly exist as 

latent constructs rather than explicit variables. 

The Kalman filter occupies a central position within this 

paradigm. Originally developed for engineering and 

control systems, the Kalman filter provides an optimal 

recursive estimator for linear Gaussian state space 

models. Its appeal in finance lies in its ability to update 

beliefs about latent states in real time as new 

information arrives, a property that is indispensable for 

algorithmic and high-frequency trading environments 

(Durbin and Koopman, 2001; Arratia, 2014). Over time, 

researchers have expanded the Kalman filtering 

framework to accommodate nonnormal distributions, 

nonlinear dynamics, and alternative estimation 

principles, thereby increasing its relevance for financial 

applications characterized by heavy tails, volatility 

clustering, and structural breaks (Thavaneswaran and 

Thompson, 2019). 

Parallel to these developments, the growth of 

algorithmic trading has intensified the demand for 

models that are not only statistically sound but also 

operationally viable. Algorithmic trading systems must 

make rapid decisions under uncertainty, manage risk 

dynamically, and adapt to changing market conditions. 

The literature on algorithmic and high-frequency trading 

emphasizes the importance of signal extraction, 

execution efficiency, and risk control, all of which rely 

implicitly on filtering and forecasting methodologies 

(Chan, 2013; Cartea et al., 2015; Conlan, 2016). 

At the same time, machine learning techniques such as 

neural networks, support vector machines, and hybrid 

evolutionary models have gained prominence in 

financial forecasting, particularly in foreign exchange 

markets. These models excel at capturing nonlinear 

relationships and complex interactions among 

predictors, but they often lack interpretability and 

theoretical grounding in economic structure 

(Galeshchuk, 2016; Ni and Yin, 2009; Nayak et al., 2019). 

Recent research has therefore explored hybrid 

approaches that combine statistical filtering with 

machine learning, aiming to leverage the strengths of 

both paradigms (Das et al., 2019; Das et al., 2020). 

Despite the richness of this literature, there remains a 

conceptual gap between classical state space filtering 

theory and modern algorithmic trading and machine 

learning practice. Many studies apply Kalman filters, 

estimating functions, or neural networks in isolation, 

without fully articulating their theoretical connections 

or complementary roles. Jahja et al. (2019) provide a 

critical insight by demonstrating equivalences between 

Kalman filter sensor fusion and constrained regression, 

suggesting that filtering can be interpreted as a form of 
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dynamic regularization. This insight opens the door to 

a unified framework in which filtering, regression, and 

machine learning are viewed as different 

manifestations of the same underlying inferential 

problem. 

The objective of this article is to address this gap by 

developing an integrated, publication-ready research 

narrative that synthesizes state space filtering, 

estimating-function-based methods, and machine 

learning within the domain of financial time series and 

algorithmic trading. By drawing strictly on the provided 

references, the study constructs a comprehensive 

theoretical foundation, elaborates methodological 

implications in depth, and offers a descriptive analysis 

of results and applications across multiple financial 

contexts, including pairs trading, volatility forecasting, 

Value at Risk, foreign exchange prediction, and crypto-

native hedging. 

Methodology 

The methodological foundation of this study rests on 

the state space representation of financial time series 

and the use of filtering techniques to infer latent states. 

A state space model consists of two conceptual 

components: a state evolution mechanism that 

describes how the unobserved state changes over 

time, and an observation mechanism that links the 

latent state to the observed data. This separation 

allows the modeler to encode economic intuition about 

market dynamics while explicitly accounting for 

measurement noise and uncertainty (Durbin and 

Koopman, 2001). 

Within this framework, the Kalman filter provides a 

recursive algorithm for updating estimates of the latent 

state as new observations arrive. The key 

methodological insight is that filtering is not merely a 

numerical procedure but a statistical inference process 

grounded in optimality principles. In the linear 

Gaussian case, the Kalman filter minimizes mean 

squared estimation error, making it particularly 

attractive for applications requiring real-time decision-

making (Arratia, 2014). 

Jahja et al. (2019) extend this perspective by 

demonstrating that Kalman filter sensor fusion can be 

viewed as equivalent to constrained regression. From 

this standpoint, each new observation imposes a 

constraint on the latent state, and the filtering update 

balances fidelity to the data with adherence to the 

dynamic model. This interpretation has profound 

methodological implications for finance, where 

regularization and constraint-based learning are 

ubiquitous. It suggests that filtering inherently performs 

a form of dynamic shrinkage, smoothing noisy financial 

signals without overfitting. 

However, financial data often violate the Gaussian 

assumptions underlying the classical Kalman filter. 

Returns exhibit heavy tails, volatility is clustered, and 

extreme events occur more frequently than predicted 

by normal distributions. To address these issues, the 

methodology incorporates estimating-function-based 

filtering approaches developed by Thompson and 

Thavaneswaran (1999, 2019). Estimating functions 

provide a flexible alternative to likelihood-based 

inference, allowing consistent estimation under weaker 

distributional assumptions. In a filtering context, 

estimating functions enable the construction of 

recursive estimators that remain robust in the presence 

of nonnormality and model misspecification. 

The methodological framework also integrates 

generalized models for financial risk measures. 

Thavaneswaran et al. (2015) introduce generalized 

duration models that capture the timing of financial 

events, while Thavaneswaran et al. (2019) extend these 

ideas to generalized Value at Risk forecasting. These 

approaches highlight the importance of dynamic risk 

estimation, which aligns naturally with state space 

filtering. Rather than treating risk measures as static 

quantities, the methodology views them as evolving 

states that respond to market conditions. 

Algorithmic trading strategies provide a practical testing 

ground for these methods. Pairs trading, in particular, 

has been widely studied as a relative-value arbitrage 

strategy that relies on the mean-reverting behavior of 

price spreads between correlated assets (Gatev et al., 

2006). Kalman filter-based approaches to pairs trading 

model the spread as a latent state, allowing dynamic 

estimation of hedge ratios and mean levels (Longmore, 

2019). This methodology demonstrates how filtering 

adapts trading signals to changing market relationships, 

reducing the risk of structural breakdowns. 
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Beyond traditional statistical models, the methodology 

acknowledges the role of machine learning in financial 

forecasting. Neural networks and hybrid evolutionary 

algorithms have been applied extensively to foreign 

exchange prediction, exploiting nonlinear patterns in 

technical indicators and macroeconomic variables (Ni 

and Yin, 2009; Galeshchuk, 2016). Hybrid models 

combining extreme learning machines with 

optimization algorithms such as Jaya and krill herd 

strategies further enhance predictive performance by 

automating feature selection and parameter tuning 

(Das et al., 2019; Das et al., 2020). 

Rather than positioning machine learning as a 

replacement for filtering, the methodology frames it as 

a complementary tool. Filtering provides a principled 

way to extract latent states and reduce noise, while 

machine learning models can operate on these filtered 

signals to capture nonlinear dependencies. This layered 

approach aligns with the concept of dynamic data 

science articulated by Thompson (2018), which 

emphasizes continuous learning and adaptation in 

official statistics and, by extension, financial systems. 

Finally, the methodology incorporates insights from 

high-frequency and crypto-native trading. Cartea et al. 

(2015) emphasize the microstructural aspects of 

algorithmic trading, where rapid updates and 

execution risks necessitate real-time filtering. The 

recent work on FX hedging algorithms for crypto-native 

companies extends these ideas to decentralized and 

highly volatile markets, underscoring the need for 

adaptive, filter-based risk management frameworks 

that can operate under extreme uncertainty. 

Results 

The results of this integrated methodological 

framework are best understood through a descriptive 

synthesis of outcomes across different financial 

applications, rather than through numerical metrics or 

tabulated statistics. Across the literature, a consistent 

pattern emerges: state space filtering and its 

extensions provide a unifying mechanism for improving 

signal extraction, adaptability, and risk awareness in 

financial models. 

In the context of pairs trading, Kalman filter-based 

approaches demonstrate superior adaptability 

compared to static regression models. By allowing 

hedge ratios and equilibrium relationships to evolve 

over time, filtering mitigates the risk of regime shifts 

that can render traditional pairs trading strategies 

unprofitable (Gatev et al., 2006; Longmore, 2019). The 

descriptive outcome is a trading signal that is smoother, 

more responsive to structural changes, and less prone to 

false arbitrage opportunities driven by transient noise. 

For volatility forecasting and risk estimation, estimating-

function-based filtering yields robustness against 

nonnormal return distributions. Thavaneswaran et al. 

(2019) show that generalized Value at Risk forecasts 

derived from such methods are more stable during 

periods of market stress, when Gaussian assumptions 

break down. The qualitative result is a risk measure that 

evolves coherently with market conditions, providing 

more reliable guidance for capital allocation and risk 

control. 

In foreign exchange markets, machine learning models 

consistently demonstrate strong predictive capabilities, 

particularly when hybridized with optimization 

algorithms (Das et al., 2019; Nayak et al., 2019). 

However, when these models are applied directly to raw 

financial data, they often exhibit sensitivity to noise and 

overfitting. The integration of filtering as a 

preprocessing or latent-state extraction step improves 

the interpretability and stability of machine learning 

forecasts. The resulting descriptive outcome is not 

merely higher predictive accuracy, but a clearer 

economic narrative linking model outputs to underlying 

market dynamics. 

Algorithmic trading systems that incorporate filtering 

also exhibit improved operational characteristics. Chan 

(2013) emphasizes that successful trading strategies 

depend as much on risk management and execution 

discipline as on signal quality. Filtering contributes by 

providing continuously updated estimates of expected 

returns and risks, enabling algorithms to adjust position 

sizes and execution speeds dynamically. In high-

frequency settings, this translates into reduced 

drawdowns and more consistent performance, even in 

rapidly changing markets (Cartea et al., 2015). 

In emerging domains such as crypto-native FX hedging, 

the descriptive results highlight the necessity of 
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adaptive filtering frameworks. The extreme volatility 

and structural novelty of these markets challenge 

conventional models, but state space approaches offer 

a flexible foundation for incorporating new information 

and adjusting hedging strategies in real time. The 

qualitative outcome is enhanced resilience in the face 

of market shocks and technological disruptions. 

Discussion 

The integrated framework developed in this study 

underscores the centrality of filtering and state space 

thinking in modern financial modeling. One of the most 

significant theoretical implications is the recognition 

that filtering, regression, and machine learning are not 

fundamentally distinct paradigms but rather 

interconnected approaches to the same inferential 

problem: extracting meaningful signals from noisy, 

dynamic data. 

The equivalence between Kalman filtering and 

constrained regression articulated by Jahja et al. (2019) 

provides a conceptual bridge between statistical 

estimation and optimization-based learning. This 

insight challenges the conventional dichotomy 

between parametric and nonparametric models, 

suggesting instead a continuum in which model 

structure and flexibility can be tuned dynamically. In 

financial applications, this has profound implications 

for model selection and validation, as it encourages 

practitioners to focus on inferential objectives rather 

than methodological labels. 

Despite these strengths, several limitations warrant 

critical discussion. State space models, even when 

extended with estimating functions, rely on 

assumptions about the form of state evolution and 

observation mechanisms. If these assumptions are 

poorly specified, filtering can propagate systematic 

biases over time. Moreover, the computational 

demands of real-time filtering increase with model 

complexity, posing challenges for high-frequency 

trading systems with strict latency constraints. 

Machine learning models, while powerful, introduce 

their own limitations. Hybrid neural and evolutionary 

approaches can suffer from interpretability issues, 

making it difficult to align model outputs with 

economic intuition or regulatory requirements. 

Integrating these models with filtering helps mitigate 

some of these concerns, but the balance between 

flexibility and transparency remains an open challenge. 

Future research directions emerging from this 

discussion include the development of unified 

frameworks that explicitly combine estimating-function-

based filtering with deep learning architectures, as well 

as the exploration of adaptive state space models that 

can learn their own structure over time. The application 

of these ideas to decentralized and algorithmically 

mediated markets, such as cryptocurrencies, represents 

a particularly promising avenue, given the need for 

robust, adaptive inference in environments 

characterized by rapid innovation and uncertainty. 

Conclusion 

This research has presented a comprehensive, 

theoretically grounded, and integrative examination of 

state space filtering, estimating functions, and machine 

learning within the domain of financial time series 

analysis and algorithmic trading. By synthesizing insights 

from the provided literature, the study demonstrates 

that filtering methodologies form a unifying backbone 

for a wide range of financial models, from pairs trading 

and volatility forecasting to foreign exchange prediction 

and crypto-native hedging. 

The central contribution lies in articulating a coherent 

conceptual framework that bridges classical statistical 

theory and modern computational finance. Rather than 

treating filtering, regression, and machine learning as 

competing approaches, the article positions them as 

complementary tools that can be combined to address 

the inherent challenges of financial data. This 

perspective not only enhances methodological clarity 

but also provides practical guidance for researchers and 

practitioners seeking robust, adaptive, and interpretable 

financial models. 

In an era of increasingly automated and data-driven 

financial markets, the importance of principled 

inference under uncertainty cannot be overstated. State 

space filtering, enriched by estimating functions and 

integrated with machine learning, offers a powerful and 

flexible foundation for meeting this challenge. 
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