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Forecasting the level of groundwater is essential for sustainable resource management. This 

study focuses on the use of machine learning (ML) approaches for groundwater level 

prediction. A literature review was conducted on different groups of forecasting methods 

covering mathematical, physically-based, data-driven and hybrid methods. The review 

showed that while other models offer valuable insights, data-driven models have shown 

strong predictive performance although they require quality and long-range monitoring data. 

In the empirical part, an example aquifer, in the Kankaala region of Sotkamo, is analyzed 

using a dataset of daily observations of nine monitoring wells for 51 months from November 

2021 to February 2026. 

Three different ML methods, namely Ridge Regression, Random Forest and Gradient 

Boosting, models were utilized for the case data. They were trained using features of 

groundwater levels, meteorological data, and pumping data of nine wells. In the data pre-

processing and model building, the Input variables were reduced through a two-stage feature 

selection process from 42 to 13. 

Findings showed that in the case analysed Ridge Regression provided high accuracy in terms 

of predicting the absolute value of groundwater level, whereas Random Forest performed 

better for short-term forecasting up to seven days. The results compare well with previous 

studies in which forecasting performance drops rapidly after three to five days. However, 

the relatively short time series limited the model’s ability to capture long-term variation and 

excluded advanced deep learning modelling. Future research could extend monitoring 

periods, conduct more comprehensive sensitivity analysis and test the framework in other 

aquifer zones. 
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Pohjaveden pinnankorkeuden ennustaminen on välttämätöntä luonnonvarojen kestävän 

hallinnan kannalta. Tässä tutkimuksessa keskitytään koneoppimismenetelmien (ML) 

hyödyntämiseen pohjaveden korkeuden ennustamisessa. Kirjallisuuskatsauksessa 

tarkasteltiin eri ennustemenetelmien luokkia, jotka kattavat matemaattiset, fysiikkaan 

pohjautuvat, datalähtöiset ja hybridimenetelmät. Katsaus osoitti, että datalähtöiset mallit 

pystyvät hyvään ennustustamiseen, joskin ne vaativat laadukasta ja pitkäaikaista 

seurantadataa. Empiirisessä osassa analysoidaan esimerkkipohjavesialuetta Sotkamon 

Kankaalan alueella käyttämällä aineistoa, joka koostuu yhdeksän havaintokaivon 

päivittäisistä havainnoista 51 kuukauden ajalta, marraskuusta 2021 helmikuuhun 2026. 

Työn empiriaosiossa hyödynnettiin kolmea eri koneoppimismenetelmää: Ridge Regression, 

Random Forest ja Gradient Boosting. Mallit koulutettiin käyttämällä pohjaveden 

pinnankorkeustietoja, meteorologista dataa sekä yhdeksän kaivon pumppaustietoja. Datan 

esikäsittelyssä ja mallin rakentamisessa muuttujien määrää vähennettiin kaksivaiheisella 

muuttujien valintaprosessilla alkuperäisestä 42 muuttujasta 13 muuttujaan. 

Tulokset osoittivat, että analysoidussa tapauksessa Ridge Regression tarjosi tarkimman 

ennusteen pohjaveden pinnankorkeuden absoluuttiselle arvolle, kun taas Random Forest 

suoriutui paremmin lyhyen aikavälin (enintään seitsemän päivän) ennustamisessa. Tulokset 

ovat linjassa aiempien tutkimusten kanssa, joissa ennustetarkkuus heikkenee nopeasti 

kolmen–viiden päivän jälkeen. Suhteellisen lyhyt aikasarja kuitenkin rajoitti eri mallien 

kykyä tavoittaa pitkän aikavälin vaihtelua ja sulki pois kehittyneemmät syväoppimismallit. 

Tuleva tutkimus voisikin pidentää seurantajaksoja, toteuttaa kattavamman 

herkkyysanalyysin ja testata menetelmäkehystä muilla pohjavesialueilla. 
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SYMBOLS AND ABBREVIATIONS  

Roman Characters 

h Forecast horizon days 

k Lag interval days 

n Number of observations 
 

Q Daily groundwater abstraction volume m³/day 

r Pearson correlation coefficient 
 

t Time step day 

ŷ Predicted groundwater level m a.s.l. 

y Observed groundwater level m a.s.l. 

ȳ Mean observed groundwater level m a.s.l. 

 

Greek Characters 

α Ridge regression regularisation parameter (L2 penalty)  

β Regression coefficient vector  

Δ First-difference operator  

φ Partial autocorrelation coefficient  

 

Dimensionless Quantities 

NSE Nash-Sutcliffe Efficiency 

r Pearson correlation coefficient 

Skill Skill score relative to persistence baseline 

 

Subscripts 

t Current time step 

t+h Future time step at horizon h 

lag k Variable lagged by k days 

roll w Rolling window of w days 

Superscripts 

rec Recursive multi-step prediction 

dir Direct multi-step prediction 

 



 

 

 

 

Abbreviations 

ADF Augmented Dickey-Fuller test 

ANN Artificial Neural Network 

AR Autoregressive 

CNN Convolutional Neural Network 

CV Cross-Validation 

ΔGWL Daily change in groundwater level 

DOY Day of Year 

FMI Finnish Meteorological Institute 

GBM Gradient Boosting Machine 

GRACE Gravity Recovery and Climate Experiment 

GRU Gated Recurrent Unit 

GTK Geological Survey of Finland (Geologian tutkimuskeskus) 

GWL Groundwater Level 

L1 Lasso regularisation (absolute value penalty) 

L2 Ridge regularisation (squared penalty) 

LSTM Long Short-Term Memory network 

m a.s.l. Metres above sea level 

MAE Mean Absolute Error 

ML Machine Learning 

NSE Nash-Sutcliffe Efficiency 

ODE Ordinary Differential Equation 

PACF Partial Autocorrelation Function 

POVADA 
Pohjavesivarat ja veden saatavuus (Groundwater Resources and Water 

Availability project) 

RF Random Forest 

RMSE Root Mean Square Error 

SVR Support Vector Regression 

XGB Extreme Gradient Boosting 
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1  Introduction 

Finland is known for its abundant and high-quality groundwater resources, which form the 

backbone of the country’s drinking water supply. Most Finnish municipalities rely heavily 

on groundwater or artificially recharged groundwater for domestic and industrial use, 

benefiting from the country’s glacial geology that provides extensive and productive sand 

and gravel aquifers, particularly along esker formations (Kløve et al., 2017; Luoma et al., 

2024). These formations enable high infiltration rates and stable recharge, making Finnish 

groundwater both reliable and sustainable under current climatic conditions. 

Finland’s national and regional authorities, such as SYKE and FMI, maintain large databases 

concerning the levels and qualities of groundwater (Kløve et al., 2017). However, while 

studies of descriptive and statistical nature are common, there are very few predictive models 

that can predict future changes of the groundwater at certain local water utilities. In today’s 

situation, characterised by increased climatic variability and increasing urbanisation, this 

issue acquires special importance due to its potential impact on recharge and needs of water 

(Nygren et al., 2020). 

This thesis explores the use of data driven predictive models to study local groundwater level 

management. The research attempts to analyse the development of data-driven local 

predictive models for the selected waterworks. This work contributes to the overall 

groundwater modelling by investigating local groundwater level dynamics and recharge 

mechanisms. In this study, extensive time-series data from Finland’s groundwater 

monitoring across aquifers in specific zones (Kløve et al., 2017; Luoma et al., 2024). 

1.1  Background and Motivation 

Groundwater supports modern society by supplying safe drinking water to billions of people 

worldwide, supporting agriculture, and sustaining ecosystems (Hussein et al., 2020) by 

regulating baseflow and soil moisture. Groundwater contributes 30% of total freshwater 

resources on Earth, being second in volume to glaciers and ice sheets and easier to utilise 

compared to surface water (Akoto et al., 2021). However, groundwater is typically ignored 

in the public dialogue since it is out of sight and more difficult to see than surface water 
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systems. The relevance of groundwater becomes obvious when one considers emergencies 

resulting from climate change (Sun et al., 2022). In this context, droughts result in drying up 

of surface water sources, pollutants threaten shallow aquifers, and climate variations 

influence recharge processes (Li et al., 2021). High latitudes, including the Arctic and sub-

Arctic regions, are particularly vulnerable due to the rapid increase in temperature by twice 

as high as globally (IPCC, 2021). These changes are altering precipitation patterns, 

snowpack accumulation, and evapotranspiration, all of which directly influence groundwater 

recharge (Dao et al., 2024).  

The relevance of groundwater becomes obvious when one considers emergencies resulting 

from climate change. In this context, droughts result in drying up of surface water sources, 

pollutants threaten shallow aquifers, and climate variations influence recharge processes. 

High latitudes, including the Arctic and sub-Arctic regions, are particularly vulnerable due 

to the rapid increase in temperature by twice as high as globally. 

Aquifers act as natural filters that remove pathogens and reduce contaminants through 

physical and biological processes (Mumberg et al., 2024). However, the effectiveness of this 

self-purification process depends heavily on residence time, which is the period that water 

spends moving through soil and aquifer layers (Martinez & Widdowson, 2024). Heavy 

rainfall can shorten residence time and allow pollutants to reach aquifers quickly (Shi et al., 

2025), while droughts reduce dilution capacity and concentrate natural solutes such as iron, 

fluoride and manganese (Staudinger et al., 2019; Wittenberg et al., 2019). Likewise, 

McDonough et al. (2020) speculate that high-impact rainfall events within boreal catchments 

could accelerate leaching of dissolved organic carbon that will make treatment processes 

more difficult. Any of these extreme events threaten water quality and highlight residence 

time as an important factor when designing climate adaptation for groundwater systems. 

Although Finland has long been considered water-abundant (Kitterød et al., 2022), its 

aquifers now face higher variability and pressure (Juuti et al., 2023). Decadal monitoring 

shows that groundwater levels in southern and central Finland fluctuate earlier in the year 

and with greater extremes than before (Nygren et al., 2020). Reports of Finnish Environment 

Institute (SYKE) as well as Finnish Meteorological Institute (FMI) also confirm that the 

country’s shift from snow-dominated to rain-dominated winters affects recharge reliability. 

Such occurrences alongside anthropogenic activities such as urbanisation and intensified 

forestry further increase vulnerability by altering infiltration and runoff patterns (Davamani 
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et al., 2024). The combined factors above highlight the need for predictive tools that allow 

waterworks to plan for changing recharge conditions and protect long-term water quality. 

1.2  Aims and Research Questions 

The aim of this thesis is to develop and evaluate data-based approaches that can be used by 

local Finnish waterworks to predict and manage future groundwater changes under varying 

climatic and operational conditions. To achieve this, the study pursued three specific 

objectives: First, it aims to review and classify the existing descriptive and predictive 

modelling approaches reported in scientific literature that could be adapted to Finnish 

groundwater conditions. Secondly, the intention is to evaluate these models using real-world 

data obtained from water facilities close by and observe their performance in daily 

applications. Thirdly, the study considersthe possibilities to integrate predictive analytics in 

the existing groundwater management frameworks. 

In order to achieve the aforementioned objectives, the following two research questions were 

formulated:  

1. Which type of data-based, both descriptive and predictive, models have been 

reported in the literature that applicable by the local waterworks to anticipate the 

development of the local groundwater reservoir(s)? 

2. Based on the literature review, what are the applicable models for the selected data 

cases, and possible paths of implementation? 

The purpose of the first research question was to establish a theoretical and methodological 

foundation for groundwater modelling in the study. The theoretical foundation helped to 

identify data-driven methods that have been successfully applied in previous works and 

which are most relevant to Finnish local waterworks data (Kløve et al., 2017; Luoma et al., 

2024). The second research question moved the study from theory to practice by testing the 

application of the identified models using real-world data from selected Finnish waterworks. 

It evaluated the technical accuracy of the models and how usable they are for water utilities 

to promote proactive, business-relevant decision making. The aim and research questions 

together, determine a clear way of the thesis and help to achieve POVADA project's overall 

goals related to municipal groundwater management and its climate resilience. 
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1.3  Structure of this Thesis 

The structure of the thesis consists of four chapters. Chapter one outlines the problem of 

interest, which is explained in terms of the importance of groundwater in Finland and climate 

changes as well as increasing demands, along with the fact that there are not much reported 

predictive models applied in practice despite an abundant amount of data collected. Chapter 

two provides a literature review, which covers various approaches of the description and 

prediction of aquifers and groundwater dynamics, highlighting recent machine learning 

achievements, and defining gaps within the current research. Chapter three maps out the 

study data and how the models were built, while chapter four contains results of the machine 

learning model built, with results compared with those of existing studies. The final chapter 

restated findings, limitations and suggests areas for further research.  
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2  Literature Review 

The review of literature looks at the application of machine learning in groundwater level 

analysis and prediction. The articles were selected from the databases of Scopus and Web of 

Science based on simple keywords which include "groundwater level," "groundwater 

recharge," "physically based model," "hybrid model," and "ensemble model." This review 

covers articles published between 2020 and 2025, as well as some notable previous articles. 

Articles included had to be related directly to machine learning applications in groundwater. 

2.1  Groundwater Level 

Groundwater  level can be described as one of the indicators of aquifer condition because it 

reflects the dynamics of recharge and discharge processes (Bhalla et al., 2025; Mumberg et 

al., 2024). Any fluctuations in the levels of the groundwater will affect the quantity of water 

available for natural ecosystems, agriculture, and human activities, as well as interaction 

between the surface and atmosphere (Irvine et al., 2024). Scientific studies have 

demonstrated that the depth of groundwater has a potential to influence the emission of 

greenhouse gases from the wetlands through alterations in soil properties and activity of 

microscopic organisms (Tiemeyer et al., 2020; J. Zhang et al., 2024). Moreover, groundwater 

storage capacity has implications for the severity of the floods and droughts. Low 

groundwater levels can make droughts more severe, while high groundwater levels can 

increase the likelihood of flooding by reducing the capacity of the subsurface to store 

additional water. (Cox et al., 2025; Peña et al., 2022). 

Groundwater systems are related to soil moisture, vegetation, and interactions between land, 

water, and energy flows. This relationship can influence the process of evapotranspiration 

and reduce temperature variations during periods of drought (Vogelbacher et al., 2026). The 

consequences of this are particularly significant in colder climates, as here the behavior of 

the groundwater system depends greatly on snow accumulation and melting, freezing of soil 

and seasonal thawing (Ding et al., 2024; Hyman‐Rabeler & Loheide, 2023). 
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According to predictions on the climate, there is an expectation of increased rainfall in 

winters and thawing during the middle of winter in northern regions. In turn, the process of 

groundwater recharge will become less predictable using traditional techniques due to its 

variability (Hyman‐Rabeler & Loheide, 2023; Akoto et al., 2021). In such circumstances, 

the forecasting of the groundwater level becomes particularly relevant (Ding et al., 2024; 

Sun et al., 2022).  

2.2  Groundwater Level Forecasting 

Groundwater level forecasting is necessary to plan irrigation, to provide water for urban 

areas and industries, and to manage the utilisation of land properly (Wunsch et al., 2021). 

Proper predictions allow water administrators to respond well to drought situations, water 

overuse, and pressures from development (Cox et al., 2025; Hussein et al., 2020). Proper 

predictions allow water administrators to respond well to drought situations, water overuse, 

and pressures from development (Sun et al., 2022; Wunsch et al., 2021). 

2.2.1  Mathematically-Based Modelling of Groundwater 

Mathematical modelling involves representing real-world processes using equations and 

numerical methods to support analysis and decision-making (Afrifa et al., 2022). In 

groundwater studies, these models have long been used to simulate subsurface flow and 

examine aquifer responses to changing climatic, hydrological, and human influences (Daliev 

et al., 2025). They remain widely applied for assessing the effects of recharge, abstraction, 

boundary conditions, and land-use change on groundwater systems (Esquivel Victoria & 

Escolero Fuentes, 2023). 

Mathematical models have also been used to investigate and forecast groundwater-level 

variability. Statistical and deterministic approaches have been applied to identify long-term 

trends, assess system stability, and explore the drivers of groundwater fluctuations (Lin et 

al., 2022). More mechanistic models use ordinary differential equations to represent 

groundwater dynamics and examine system behaviour under different conditions (Daliev et 

al., 2025; Lin et al., 2022; Martinez & Widdowson, 2024). 
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Models based on basic laws of physics have been developed by researchers. The mass 

balance approach uses recharge and discharge of aquifers for the representation of changes 

in the water level in the aquifers, providing simple and effective modeling techniques (Afrifa 

et al., 2022; Esquivel Victoria & Escolero Fuentes, 2023; Krogulec et al., 2020). Some 

researchers have also extended Biot’s theory to demonstrate the coupling between the flow 

and deformations in the aquifer due to compressibility of aquifers (Afrifa et al., 2022). 

Numerical process-based models are popular even in complex settings, including coastal 

aquifers experiencing seawater intrusion (Kassem et al., 2024). 

One significant advantage associated with mathematical models is their ability to capture the 

relationship between the variables such as recharge, storage, transmissivity, and flux at 

boundaries (Afrifa et al., 2022; Daliev et al., 2025). However, mathematical models are faced 

with challenges such as uncertainty in parameterisation, the assumption of stationarity, and 

difficulties in modeling complex or sparse regions (Mautner et al., 2022). As a result, there 

has been a move towards adopting data-driven approaches in the prediction of groundwater 

flow. 

2.2.2  Physically Based Groundwater Models  

Physically based groundwater models are a subset of mathematical models that simulate 

groundwater systems using established physical laws. Common examples include 

MODFLOW, FEFLOW and ParFlow, which represent processes such as groundwater flow, 

recharge, and boundary interactions (Condon et al., 2021; Hou et al., 2025). These models 

are widely used to assess aquifer behaviour under different management and climate 

scenarios when sufficient hydrogeological data are available ( Krogulec et al., 2020; Mautner 

et al., 2022). For example, MODFLOW is extensively applied by the Geological Survey of 

Finland in groundwater studies and management. 

MODFLOW is one of the most widely applied groundwater models and has been used 

extensively to investigate groundwater responses to climate variability and change (Condon 

et al., 2021).  For example, three-dimensional transient MODFLOW models have been used 

to simulate historical and future climate conditions and evaluate their effects on groundwater 

levels (Ismail et al., 2024). MODFLOW has also been coupled with surface hydrology 
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models to represent groundwater–surface water interactions and assess basin-scale water 

balance dynamics under changing climatic conditions (Aredo et al., 2023; Hou et al., 2025).  

Despite the benefits that physically-based models offer, they require extensive 

parametrisation through hydraulic conductivity, storage, and boundary conditions, which are 

difficult to calibrate in heterogenous and anisotropic aquifers (Condon et al., 2021; Mautner 

et al., 2022). Their accuracy depends on calibration; moreover, multiple parameters can yield 

similar model outcomes while being under entirely different hydrological conditions. In 

addition, such models require considerable computational power in case of high spatial 

resolution and integration with climate and surface water systems. Due to the increasing 

impacts of climate change and other environmental changes on groundwater dynamics, the 

basic premises on which physically-based modeling relies may start failing (Esquivel & 

Escolero, 2023). Such modeling is vital for studying processes occurring within the system, 

yet its technical requirements make its application impractical in case of short-term 

groundwater forecasting. 

The limitations have sparked the interest in data-driven approaches. Data-driven approaches 

leverage information from the monitoring system to model relationships between 

environmental variables and groundwater response without the need for any knowledge 

about subsurface conditions (Ramadan & Boubaker, 2024; Shuai et al., 2024). This has made 

machine learning models increasingly popular as an auxiliary or alternative means of 

predicting the levels of groundwater, particularly where rapid prediction and nonlinear 

responses are required (Wunsch et al., 2021). 

2.2.3  Data-Driven Groundwater Level Models 

Recent developments in monitoring technologies, remote sensing, and computational 

capabilities have increased the availability of high-resolution environmental data, providing 

new opportunities for data-based modeling of groundwater (Afrifa et al., 2022; Condon et 

al., 2021). As a result, ML techniques have been frequently applied in hydrological research 

for modeling of nonlinear relations that cannot be easily captured using classical approaches 

(Shuai et al., 2024; Wunsch et al., 2021).  
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As far as groundwater modeling is concerned, ML approaches help understand relationships 

between groundwater levels and several variables such as precipitation, air temperature, 

groundwater recharge, abstraction, and previous state of groundwater (Afrifa et al., 2022; 

Shuai et al., 2024). Differing from physical approaches, ML does not require a precise 

description of subsurface processes and allows producing accurate predictions without 

sufficient information on hydrogeologic characteristics of an area (Hou et al., 2025; Hussein 

et al., 2020). It has been shown by many research works that ML approaches outperform 

conventional forecasting approaches for short- to medium-term groundwater forecasting, 

particularly in complex or data-rich environments (Shuai et al., 2024; Wunsch et al., 2021).  

Early modelling such as Artificial Neural Networks (ANNs), Random Forest (RF), and 

Support Vector Regression (SVR), were applied providing satisfactory performance in 

modeling the relationship between the groundwater level and the environment (Afrifa et al., 

2022; Ramadan & Boubaker, 2024). In more recent studies, various approaches related to 

deep learning models have been investigated, for example, including Long Short-Term 

Memory (LSTM) and Gated Recurrent Unit (GRU) networks, as well as ensemble methods 

such as Extreme Gradient Boosting and Gradient Boosted Trees (Hou et al., 2025; Wunsch 

et al., 2021). 

Ensemble tree models, such as Random Forests and Gradient Boosting, are favored due to 

their ability to deal with noisy data, prevent overfitting, and recognise complicated predictor 

interactions (Barzegar et al., 2025; Shuai et al., 2024). In addition, combining predictions 

from multiple algorithms is used in these techniques to enhance accuracy and minimise 

generalisation errors. Their performance can degrade when they are applied in situations 

where there is an environment change from the one encountered during model training (Saqr 

et al., 2025). 

In cases where the groundwater systems do not vary much with time, recurrent neural 

networks such as LSTM and GRU perform excellently since they have an ability to identify 

the effects of delayed processes due to the snow accumulation cycle, freeze-thaw process, 

and infiltration (Hussein et al., 2020; Wunsch et al., 2021). Despite their superior 

performance, recurrent neural networks tend to require large datasets and are notoriously 

difficult to interpret (Afrifa et al., 2022). 
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Moreover, machine learning approaches are widely combined with clustering in order to 

identify wells that exhibit similar groundwater response or geological features (Kitterød et 

al., 2022; Sharghi et al., 2022). Clustering wells according to their similarity is very 

beneficial for increasing accuracy of models on new sites, avoiding overfitting and 

forecasting at the regional scale (Yin et al., 2022). The latter is particularly true for 

heterogeneous aquifers where groundwater responses might differ significantly even within 

a small area (Kitterød et al., 2022). As noted by Afrifa et al. (2022), common predictors for 

such ML approaches include lagged groundwater levels, precipitation, temperature, 

evapotranspiration, and pumped volumes of water. Various additional predictors, namely, 

recharge indices, land cover, soil properties, and results from numerical groundwater models 

are known to improve forecasting (Afrifa et al., 2022; Saqr et al., 2025). Thus, ML 

techniques provide highly flexible and robust approaches for groundwater level modelling 

despite difficulties related to their interpretation, generalisation to new regions, and climate 

non-stationarity (Condon et al., 2021; Wunsch et al., 2021). 

2.2.4  Hybrid Modelling of Groundwater Level” 

The principle of hybrid models includes a combination of physical and data-driven 

approaches in order to solve the shortcomings of each of them alone (Zhuang et al., 2025). 

The described approach involves combining knowledge about processes with machine 

learning techniques and optimisation or clustering or physical constraints in order to improve 

the performance of the model (Barzegar et al., 2025; El Bilali et al., 2026). 

Hybrid modeling can be especially useful for heterogeneous aquifers due to the spatial 

variability and nonlinear recharge processes which complicate the operation of numeric and 

machine learning models (Dai et al., 2025). While numerical models provide information 

about processes and space distribution, machine learning can identify the non-linear 

dependencies and residuals that cannot be explicitly defined (Nasruddin et al., 2025; Zhuang 

et al., 2025). Research shows that hybrid frameworks demonstrate the highest efficiency 

among traditional numeric models and machine learning algorithms (Afrifa et al., 2022). 

Hybrids may include using such innovations as a framework based on numerical modeling, 

hydrograph classification, machine learning, and evolutionary algorithms to predict 
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outcomes for groups of similar wells (Kayhomayoon et al., 2022). Moreover, other 

innovative techniques, such as Adaptive Neuro-Fuzzy Inference System (ANFIS) and 

genetic programming, merge data-driven approaches with expert or evolutionary knowledge 

in order to better model nonlinear groundwater dynamics (Kayhomayoon et al., 2022). Deep 

learning algorithms, including LSTM and DeepAR approaches, have also been used to 

improve multi-step forecasts and uncertainty analysis in hybrid techniques (Wunsch et al., 

2021).  

Although hybridisation provides additional possibilities for groundwater modeling, such 

techniques are challenging to develop due to a number of reasons associated with the need 

to correctly incorporate different factors. Therefore, current research focuses on improving 

transparency, scalability, and application potential of such hybrid methods. 

2.3  Summary of the Literature Review 

Studies have reported the advancement of groundwater modeling through physically-based, 

statistical, and artificial intelligence approaches. However, many challenges persist. For 

instance, most works on artificial intelligence have concentrated on regions receiving heavy 

rainfall or regions with moderate weather without considering the impact of snow, freeze–

thaw effects, and late recharge in cold regions (Wunsch et al., 2021). This has raised doubts 

on the ability of existing models to represent groundwater memory and episodic recharge 

(Wunsch et al., 2021). There is also a gap between the simulated groundwater datasets in 

numerous studies that are ideal and continuous and the actual groundwater data that are 

irregular and sporadic (Afrifa et al., 2022; Condon et al., 2021). Few attempts have been 

made to determine the performance of various models under actual conditions (Sharghi et 

al., 2022). 

Most data-driven approaches rely on time series and do not fully account for the underlying 

hydrogeological properties such as variability of the aquifer system, recharge zones, and 

influence of the pumping process (Afrifa et al., 2022; Ahmadi et al., 2022). Such an approach 

can lead to reduced explainability and less direct connections between the model outputs and 

the behavior of the real system (Condon et al., 2021). 
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The idea of hybrid modeling combining physics-based and data-driven approaches seems 

highly appealing, but there are no widely recognised methods of integrating two different 

approaches in one unified and scalable framework (Ahmadi et al., 2022; Shuai et al., 2024). 

Thus, there is undoubtedly a need for approaches capable of dealing with inherent 

complexity of the groundwater systems, being robust to climate change, working effectively 

with limited monitoring data, and providing reasonable predictions of groundwater-level. 
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3  Data and Methodology 

This chapter provides an overview of the design process and validation carried out to develop 

a zone-based forecast model for the Kankaala Aquifer located at Sotkamo region in northern 

Finland. Rather than modeling each monitoring well individually, a pooling approach was 

used where data collected from nine wells was combined into one dataset (Kratzert et al., 

2019). The approach makes the learning process more efficient while providing a generalised 

model that identifies individual wells based on their unique groundwater profiles rather than 

categorical identifiers. The methodological framework is presented in Figure 1 

 

Figure 1. Methodological Framework 

The framework (Figure 1) progresses in eight successive steps, which include: data 

collection and integration; data quality control and preprocessing; detection and 

transformation of stationarity; feature engineering; pooling of datasets; creation of 

forecasting models; model training and testing; and finally, performance measurement. The 

various stages have been described in further detail in the subsequent paragraphs. 
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3.1  Study Area and Hydrogeological Context 

Kankaala aquifer system is located in Sotkamo, Kainuu, located in Northern Finland. The 

aquifer system consists of glaciofluvial eskers formed by highly permeable sandy gravels 

capable of facilitating rapid filtration, storage, and lateral underground flow of groundwater. 

This aquifer provides a water supply to the town through abstraction conducted by Sotkamo 

Waterworks. 

Groundwater observations show significant seasonal variations. In winter, recharging is 

suppressed because rainfall takes the form of snowfall and freezing of the ground surface 

prevents further recharging. Recharging takes place mostly in spring when snow melts, and 

this usually happens between April and June, when the level of water in the aquifer rises 

very quickly. Then it begins to fall gradually during the summer and fall seasons due to high 

evapotranspiration rates reducing water storage in the ground. Long-term monitoring records 

across the zone also shows consistent declining trend of groundwater levels in the zone as 

measured over time. 

 

 

136

137

138

139

140

141

142

143

144

N
o

v 
2

0
2

1

Ja
n

 2
0

2
2

M
ar

 2
0

2
2

M
ay

 2
0

2
2

Ju
l 2

0
2

2

Se
p

 2
0

2
2

N
o

v 
2

0
2

2

Ja
n

 2
0

2
3

M
ar

 2
0

2
3

M
ay

 2
0

2
3

Ju
l 2

0
2

3

Se
p

 2
0

2
3

N
o

v 
2

0
2

3

Ja
n

 2
0

2
4

M
ar

 2
0

2
4

M
ay

 2
0

2
4

Ju
l 2

0
2

4

Se
p

 2
0

2
4

N
o

v 
2

0
2

4

Ja
n

 2
0

2
5

M
ar

 2
0

2
5

M
ay

 2
0

2
5

Ju
l 2

0
2

5

Se
p

 2
0

2
5

N
o

v 
2

0
2

5

Ja
n

 2
0

2
6

G
W

L 
(m

 a
.s

.l
.)

Date

PVP16 PVP17 PVP18 PVP20 PVP23 PVP24 PVP25S



26 

 

 

 

 

Figure 2. Kankaala Aquifer Zone: Groundwater Level Trends and Seasonal Cycle 

The first graph presents the day-to-day fluctuations of groundwater levels in all seven wells 

during the period between November 2021 and February 2026. The curves presented in this 

graph are 90-day moving averages, which help eliminate daily fluctuations and highlight the 

underlying trends. The trend shows that all the wells have a consistently downward trend 

over the monitoring period, meaning the water table has been gradually declining year on 

year, regardless of the season. A small upward bump appears in each spring season is also 

observed (green shading marks the April to June window) revealing the short but important 

annual recharge pulse when winter snow melts and water infiltrates into the aquifer. 

The adjoining graph isolates the seasonal pattern by removing the long-term declining trend 

and showing only how each month compares to its own year's average. January has the 

highest level since the aquifer is still benefiting from autumn and early winter recharge at 

that point. Levels then continue to fall through February, March, and April as the ground 

freezes and no new water enters the system. April is the lowest point of the year, representing 

the pre-snowmelt minimum when the aquifer has been draining without replenishment for 

the longest period. From May, snow melt causes groundwater recharge, and the levels begin 

rising until they exceed the annual average by summer and autumn time until repeating this 

cycle again. 

For model development, data from nine wells in the region of Kankaala were collected, 

namely PVP16, PVP17, PVP18, PVP20, PVP22, PVP23, PVP24, PVP25, and PVP26. The 

effect of abstraction is included using pumping measurements from PVP_K1 (Kaivo 1). 

There were two wells that merit special consideration from the very beginning. PVP18 
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showed the largest negative trend in relation to other wells within the Kankaala area (about 

–33 cm/year), suggesting proximity to the pumping well influence zone. On the other hand, 

PVP24, being located at about 143 m a.s.l. (higher than any other well in the observed area), 

showed lower correlation with other Kankaala wells, suggesting possible connection with 

the neighboring Vuokatti area. 

3.2  Research Design and Pooled Modelling Architecture 

The core choice of architecture for this project was to employ a pooled multiple well 

modelling approach rather than an individual well modelling approach. All data collected 

from the nine wells were concatenated vertically into one large set of data, where each line 

was a combination of a specific well number and date: 

𝐷 =  {(𝑤𝑒𝑙𝑙𝑖, 𝑑𝑎𝑡𝑒𝑗)}    (I) 

where: 

𝑤𝑒𝑙𝑙𝑖 = observation well i  

𝑑𝑎𝑡𝑒𝑗  = represents observation date j  

No static well identifier was included in the set of predictor variables. Instead, each well was 

identified using the history of its own groundwater lags, including not only individual GWL 

lags but also first-differenced GWL lags. The rationale for such an approach is that by 

characterising each well by time-based signatures rather than by categories, the model 

becomes generalisable to the entire zone, while remaining sensitive to the distinct dynamics 

of each monitoring location. 

𝑊𝑒𝑙𝑙𝐼𝑑𝑒𝑛𝑡𝑖𝑡𝑦 = 𝑓 (𝑜𝑤𝑛𝑔𝑤𝑙𝑙𝑎𝑔𝑠
,  𝑜𝑤𝑛𝑑𝑖𝑓𝑓𝑙𝑎𝑔𝑠

)   (II) 

The zone predictors, which consist of meteorological predictors, pumping predictors, and 

season predictors, were all standardised in exactly the same way for every well on a given 

day, thus representing their importance on an aquifer scale. On the other hand, individual 

predictors for each well were calculated separately before being pooled together. The wells 

with long observation periods (PVP16, PVP17, PVP18, PVP20, PVP23, PVP24, and 
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PVP25) were used in both training and testing of the model. PVP22 and PVP26, with short 

records starting from January 2025 and January 2024, were used only in the training set. 

3.3  Data Sources and Integration 

The modelling framework integrates four dataset types namely:  

a. The groundwater levels recorded in monitoring wells,  

b. Groundwater abstracted and pump water levels recorded in the pumping wells, and  

c. The daily meteorological data measured at the nearest weather station.  

It is important to note that all data records were converted into a uniform daily index before 

forming the integrated dataset. 

3.3.1  Groundwater Monitoring Data 

Groundwater levels were obtained for nine wells in the Kankaala area. Data consisted of 

hourly groundwater level readings recorded by pressure transducers and averaged daily. 

Table 3.1 gives a brief summary of the data properties. 

Table 1: Groundwater monitoring wells used in the Kankaala forecasting framework 

Well Record start Role Testing Notes 

PVP16 Nov 2021 Training and Testing Yes — 

PVP17 Nov 2021 Training and Testing Yes Best-represented well 

PVP18 Nov 2021 Training and Testing Yes Fastest decline (~−33 

cm/yr) 

PVP20 Nov 2021 Training and Testing Yes — 

PVP22 Jan 2025 Training only No Short record 

PVP23 Nov 2021 Training and Testing Yes — 

PVP24 Nov 2021 Training and Testing Yes Elev. ~143 m; possible 

Vuokatti zone 

PVP25 Nov 2021 Training and Testing Yes — 

PVP26 Jan 2024 Training only No Short record 
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3.3.2  Pumping Data 

Groundwater abstraction was represented using two datasets from the Kankaala pumping 

infrastructure. The pumping well, 20201_K1 (Kaivo 1), provided daily abstraction volumes 

(m³/day) taken from the waterworks operational records beginning 2nd January 2022. A 

second water level column recorded within the pumping well casing was available in the 

same file but was not used, as it carries no reference datum and cannot be converted to metres 

above sea level. A separate observation well, designated PVP_K1, is located within a few 

metres of 20201_K1 and provided hourly groundwater level measurements; these were 

aggregated to daily means and used as a proxy for drawdown cone intensity within the water 

abstraction zone. This series commences 1st January 2024. 

The 56-day gap in abstraction volumes between the modelling start date (7th November 

2021) and the first recorded pumping day (2nd January 2022), along with any missing days 

within this period, was filled with 0.0 m³/day on the physically conservative assumption that 

no water abstraction occurred on unrecorded days. Groundwater level values from PVP_K1 

prior to 1st January 2024 and thereafter for any missing observations were filled with 0.0 m 

and flagged using a binary missing indicator to enable the model distinguish true zero-level 

readings from absent observations. 

3.3.3  Meteorological Data 

Daily meteorological data were obtained from the Sotkamo Kuolaniemi station maintained 

by the Finnish Meteorological Institute (FMI, 2026). Variables used for the analysis include 

daily average, maximum, and minimum air temperatures (°C), along with daily precipitation 

sums (mm). Missing values were common for the precipitation variable during the time of 

overlap and had to be corrected using the preprocessing methodology presented in Section 

3.4.3. Temperatures, however, remained relatively complete for the entire period of the 

model estimation. 
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3.4  Data Quality Control and Pre-processing 

Quality checks and pre-processing of raw data relating to groundwater level, meteorological 

factors, and the amount of water pumped were done prior to feature creation. The process 

ensured the consistency and readiness of the time-related data, since a continuous, solid 

dataset is needed when using time-series data for groundwater modelling. This included the 

collection of daily data that had multiple readings per day, handling of any missing data, and 

aligning all data sets to one modelling period starting from November 7, 2021. 

3.4.1  Temporal Alignment and Modelling Window 

All data sets were aligned based on a common daily time index starting from 7th November 

2021, which is the earliest groundwater measurement period for the wells under study. The 

final date of the modeling period was based on the most recent data point available for the 

seven wells with the longest record periods. The alignment ensured temporal consistency 

across all inputs before pooled dataset construction. 

3.4.2  Groundwater Gap Interpolation 

Short gaps in monitoring records from individual wells were handled via linear interpolation 

where the periods did not exceed three consecutive days (Sorensen et al., 2021). Sorensen et 

al. (2021) had employed linear interpolation in filling gaps that did not exceed three months 

in monthly frequency data to ensure that time continuity was maintained for any instrument 

download gaps and brief outages. It also prevented any reconstruction in longer gaps. The 

interpolation procedure is: 

𝑥𝑡 = 𝑥𝑡−1 +
𝑥𝑡+1−𝑥𝑡−1

2
      (III) 

where: 

xt = estimated groundwater value at time, t  

xt−1 and xt+1 = neighbouring observations  
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3.4.3  Treatment of Missing Meteorological Data 

Precipitation records in the modelling period showed missing values. To include missing 

values into the calculation, all missing values for precipitation were substituted by zero, and 

a missing value indicator was generated: 

𝑃𝑟𝑒𝑐𝑖𝑝𝑚𝑖𝑠𝑠𝑖𝑛𝑔 = {
1, 𝑖𝑓 𝑝𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛 𝑣𝑎𝑙𝑢𝑒 𝑚𝑖𝑠𝑠𝑖𝑛𝑔

0,        𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                          
   (IV) 

This indicator allowed the model to distinguish days where there was a zero precipitation 

reading from days without any recording at all. Missing values for temperature readings 

occurred rarely, so forward/backward filling within a 5 day-window was performed to 

preserve thermal continuity. 

3.4.4  Pump Data Treatment 

As described in Section 3.4.2, missing abstraction volumes were filled with 0.0 m³/day. 

Missing pumping well groundwater levels were replaced with 0.0 m and flagged using a 

dedicated binary indicator: 

𝑝𝑢𝑚𝑝𝑔𝑤𝑙𝑚𝑖𝑠𝑠𝑖𝑛𝑔
= {

1, 𝑖𝑓 𝑛𝑜 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 𝑒𝑥𝑖𝑠𝑡𝑠
0,        𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                             

    (V) 

The pairing of zero-fill together with the flag, ensures that forecast models can tell the 

difference between a measurement of zero and an absence of information. 

3.4.5  Feature Normalisation 

Prior to fitting Ridge regression, all predictor variables were standardised using z-score 

normalisation. Normalisation parameters (mean and standard deviation) were estimated 

exclusively from the training partition and then applied identically to the test set: 

𝑥′ =  
(𝑥 − 𝜇𝑡𝑟𝑎𝑖𝑛) 

𝜎𝑡𝑟𝑎𝑖𝑛
     (VI) 

where: 

 𝜇𝑡𝑟𝑎𝑖𝑛 = training-set mean 



32 

 

 

 

𝜎𝑡𝑟𝑎𝑖𝑛 = are the training-set standard deviation 

Estimating these parameters from the training data only prevents data leakage, no 

information from the test period influences the scaling transformation. Tree-based models 

(Random Forest and Gradient Boosting) do not require normalisation and were trained on 

raw feature values. 

3.5  Stationarity Assessment and Transformation 

Stationarity assessment was conducted prior to model development to evaluate the statistical 

properties of the groundwater level series. Non-stationary series — those exhibiting time-

varying means or trends — can violate model assumptions, reduce predictive reliability, and 

cause tree-based models to fail on test data that falls outside the range observed during 

training. 

Visual inspection of rolling means and rolling standard deviations was first used to identify 

trends and variance instability. Formal stationarity testing was then conducted using the 

Augmented Dickey–Fuller (ADF) procedure with a constant-and-trend specification. The 

ADF test evaluates the null hypothesis that the series contains a unit root and is therefore 

non-stationary. The test regression is: 

𝛥𝑦𝑡 = 𝛼 + 𝛽𝑡 + 𝛾𝑦𝑡−1 − 1 + ∑ 𝛿𝑖∆𝑦𝑡−𝑖
𝑝
𝑖=1 + 𝜀𝑡    (VII) 

where: 

𝛥𝑦𝑡 = first difference of the groundwater series  

α = constant (intercept term) 

βt = deterministic linear trend component, where β is the trend coefficient and t is the time 

index 

γ = coefficient on the lagged groundwater level 

𝑦𝑡−1 = lagged level of groundwater observation  

δi = coefficient on the i-th lagged difference term 
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Δ𝑦𝑡−1 = the i-th lagged first difference, included to remove serial correlation from the 

residuals 

t = linear time trend  

p = number of lag terms selected by AIC minimisation 

𝜀𝑡= random error term  

The null hypothesis of a unit root is rejected when the ADF statistic falls below the critical 

value at the chosen significance level. Testing confirmed that the level GWL series for most 

monitoring wells were non-stationary over the study period from November 2021 to 

February 2026, and therefore integrated of order one, I(1). In other words, the water table 

did not fluctuate around a stable average but instead followed a persistent downward path. 

This behaviour is specific to this monitoring window and reflects the combination of ongoing 

water abstraction and recharge conditions during that time. First-order differencing was 

applied to produce a stationary target series: 

𝛥𝐺𝑊𝐿(𝑡) = 𝐺𝑊𝐿(𝑡) − 𝐺𝑊𝐿(𝑡−1)    (VIII) 

where: 

𝐺𝑊𝐿(𝑡)= groundwater level at time, t 

𝐺𝑊𝐿(𝑡−1)= groundwater level on the preceding day 

The differenced series ΔGWL represents the daily change in groundwater level, is stationary 

after differencing, and were used as the primary prediction target for tree-based models. 

Predictions were then converted back to GWL values using a cumulative summing operation 

as follows: 

𝐺𝑊𝐿𝑡 = 𝐺𝑊𝐿𝑖𝑛𝑖𝑡𝑖𝑎𝑙 +  ∑ Δ𝐺𝑊𝐿̂
𝑖

𝑡
𝑖=1     (IX) 

where: 

𝐺𝑊𝐿𝑡= reconstructed groundwater level at time t 

𝐺𝑊𝐿𝑖𝑛𝑖𝑡𝑖𝑎𝑙 = final observed groundwater level from the training partition for the relevant 

well 

Δ𝐺𝑊𝐿̂
𝑖 = model-predicted change at step i 
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Reconstruction was done individually for each observation well, using each well's own last 

training observation as the starting point. It is noted that cumulative summation has a 

tendency to cause drift when making forecasts over extended forecast intervals, because it 

accumulates errors in predictions as one adds repeatedly. Therefore, the performance of the 

reconstruction was separately evaluated together with the ΔGWL predictions. 

The partial autocorrelation function (PACF) measures the direct linear relationship between 

a time series and its own lagged values, after removing the indirect influence of all 

intermediate lags. For a stationary series yt, the PACF at lag k is defined as the coefficient 

φkk obtained from the Yule-Walker equations: 

𝜙𝑘𝑘 =
𝜌𝑘−∑ ∅𝑘−1,𝑗𝜌𝑘−𝑗

𝑘−1
𝑗=1

1−∑ ∅𝑘−1,𝑗𝜌𝑗
𝑘−1
𝑗=1

                           (X) 

Where: 

𝜙𝑘𝑘= partial autocorrelation coefficient at lag k 

ρk = autocorrelation at lag k.  

𝜌𝑘−𝑗= autocorrelation of the series at lag k−j 

∅𝑘−1,𝑗= partial autocorrelation coefficient at lag j from the previous order (k−1) 

k = lag order being evaluated 

j = summation index running from 1 to k−1  

∑ = summation over all intermediate lags j from 1 to k−1 

A lag is considered statistically significant when its PACF value exceeds the 95% confidence 

band; where n is the number of observations. Unlike the standard autocorrelation function, 

the PACF isolates the direct contribution of each lag, making it the appropriate tool for 

selecting the autoregressive order of a time series model (ref). 

To test Multicollinearity, Pearson correlation coefficients were computed between all 

predictor pairs in the training set to assess multicollinearity structure, where r = 1 indicates 

perfect positive linear dependence, r = −1 perfect negative dependence, and r = 0 no linear 

relationship (ref). 
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3.6  Feature Engineering 

Well-Specific Temporal Predictors 

To encode individual well behaviour without a static well identifier, lag variables were 

derived from each well's own GWL history. Such factors operate as the time signature that 

distinguishes between wells in the pooling approach. Results concerning the lag of the 

groundwater level were generated from: 

𝑜𝑤𝑛_𝑔𝑤𝑙_𝑙𝑎𝑔𝑘 = 𝐺𝑊𝐿𝑡−𝑘 , 𝑘 ∈ {1, 2, 3, 7, 14, 30}     (XI) 

First-differenced groundwater lags were additionally constructed to capture recent rates of 

change: 

𝑜𝑤𝑛_𝑑𝑖𝑓𝑓_𝑙𝑎𝑔𝑘 = ∆𝐺𝑊𝐿𝑡−𝑘 , 𝑘 ∈ {1, 2, 3, 7}    (XII) 

where: 

k = lag interval  

The 30-day GWL lag captures slow aquifer memory; lags at 1–3 days capture short-term 

persistence; the 7-day and 14-day lags capture intermediate responses. All lag variables were 

computed independently for each well before stacking into the pooled dataset. 

Pumping Predictors 

Water abstraction variables were used to indicate the effect of groundwater withdrawal on 

the behaviour of the local water table. Calculation of lagged abstraction volumes was as 

follows: 

𝑝𝑢𝑚𝑝_𝑣𝑜𝑙_𝑙𝑎𝑔𝑘 = 𝑃𝑢𝑚𝑝𝑡−𝑘 , 𝑘 ∈ {1, 2, 3, 5, 7, 14, 21, 30}   (XIII) 

Rolling cumulative abstraction indicators were additionally calculated to capture sustained 

drawdown effects: 

𝑝𝑢𝑚𝑝_𝑣𝑜𝑙_𝑟𝑜𝑙𝑙𝑤 = ∑ 𝑃𝑢𝑚𝑝𝑡−𝑖
𝑤
𝑖=1 , 𝑤 ∈  {7, 30}    (XIV) 

Pumping well groundwater level lags were also included as a proxy for drawdown cone 

intensity: 

𝑝𝑢𝑚𝑝_𝑔𝑤𝑙_𝑙𝑎𝑔𝑘 = 𝑃𝑢𝑚𝑝𝐺𝑊𝐿𝑡−𝑘 , 𝑘 ∈ {1, 3, 7, 14}   (XV) 
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All pump-related predictors were grouped as a category in the feature importance analysis 

to quantify the collective contribution of abstraction signals relative to other predictor 

groups.  

Meteorological Predictors 

Lagged and rolling temperature indicators were created to capture control effects due to 

thermal dynamics on snowmelt recharge events. 

𝑡𝑒𝑚𝑝_𝑙𝑎𝑔𝑘 = 𝑇𝑡−𝑘, 𝑘 ∈  {1, 3, 7, 14}    (XVI) 

𝑡𝑒𝑚𝑝_𝑟𝑜𝑙𝑙𝑤 =
1

𝑤
∑ 𝑇𝑡−𝑖

𝑤
𝑖=1 ,   𝑤 ∈  {7, 30}   (XVII) 

Lagged values and rolling sums for precipitation were computed to capture delayed 

infiltration and antecedent soil moisture conditions. 

𝑝𝑟𝑒𝑐𝑖𝑝_𝑙𝑎𝑔𝑘 = 𝑃𝑟𝑒𝑐𝑖𝑝𝑡−𝑘, 𝑘 ∈ {1, 3, 7, 14, 30}   (XVIII) 

𝑝𝑟𝑒𝑐𝑖𝑝_𝑟𝑜𝑙𝑙𝑤 = ∑ 𝑃𝑟𝑒𝑐𝑖𝑝𝑡−𝑖
𝑤
𝑖=1 , 𝑤 ∈ {7, 30, 90}   (XIX) 

The 90-day rolling sum for precipitation captures the antecedent moisture condition of the 

aquifer, which for the esker formations studied may affect the position of the water table 

several weeks after a recharge event has occurred. All lagged and rolling variables were 

generated using the shifted series (starting at t−1) to ensure that no same-day information is 

used as a predictor. 

Seasonal Representation 

Seasonality was captured using trigonometric transformations of the day-of-year to preserve 

the cyclical continuity of the annual recharge cycle. 

Seasonality was captured using a technique known as cyclical encoding, which represents 

the day-of-year as paired sine and cosine values. The trigonometric transformation (sine and 

cosine) was used because some seasonal variables repeat in a cycle where the end connects 

directly back to the beginning. For example, December flows into January, not away from 

it. Using a raw calendar number as a predictor would cause the model to treat December and 

January as far apart when they are in reality very close in seasons. 

Both sine and cosine were used as using only sine of the day-of-year would have the function 

start at zero in January, rise to its peak around day 91 (late March to early April), cross back 
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through zero around day 183 (late June to early July), and then turn negative through the 

second half of the year before returning to zero on 31 December. This means the model 

would see late June as a neutral point and the entire second half of the year as negative, 

which carries no meaningful seasonal interpretation and, more importantly, assigns the same 

sine value to two completely different times of year. For example, a day in early March and 

a day in early October would produce the same sine value despite being in very different 

seasonal conditions. Hence, the cosine is also used so the sine and cosine give every single 

day of the year a unique coordinate pair, and the model naturally sees December and January 

as close neighbours rather than opposites, for smooth continuity of the annual seasonal cycle: 

𝑠𝑖𝑛_𝑑𝑜𝑦 = sin (
2𝜋𝐷𝑂𝑌

365.25
)    (XI) 

𝑐𝑜𝑠_𝑑𝑜𝑦 = cos (
2𝜋𝐷𝑂𝑌

365.25
)   (XII) 

 

Where: DOY is the day of year.  

The calendar month was additionally included as a direct seasonal label alongside the 

cyclical encoding. While the sine and cosine terms describe seasonal position as a smooth 

continuous signal, the calendar month helps the model recognise abrupt seasonal transitions 

(such as the rapid onset of snowmelt in April or the ground freeze in November) that do not 

always change gradually. The practical feature engineering choice is usually used in 

forecasting models generally, not just Ridge regression. 

3.7  Training Strategy and Time-Series Validation 

Given the time-dependent nature of the groundwater level data, a chronological division 

between train/test datasets, along with walk-forward validation, was employed for proper 

evaluation of the performance of the predictive model. 

3.7.1  Chronological Train–Test Partitioning 

The pooled dataset was divided into training and test subsets using an 80:20 ratio split based 

on chronological order. All observations that take place before the split date belong to the 
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training set, while observations after the split date belong to the testing set. The cut-off is 

applied for all wells uniformly to ensure no future observations in any wells are taken into 

account when forming the training set. Random or k-fold splitting was avoided due to the 

high level of temporal autocorrelation in groundwater time series; it means that if 

observations were randomly mixed, then the model would be able to use future dates to train. 

3.7.2  Walk-Forward Cross-Validation 

For reliable estimates of predictive performance that account for uncertainty without relying 

on a single holdout test set, a five-fold walk-forward cross-validation procedure was applied 

to the long-record well dataset. Specifically, this methodology employs an expanding-

window approach where the training origin is iteratively extended. In each subsequent fold, 

the training horizon expands chronologically to incorporate the prior validation data, while 

the validation window advances to the next immediate, non-overlapping temporal block. 

This strict chronological partitioning preserves temporal dependency and prevents look-

ahead bias, to ensure that all times the model generates predictions based solely on past 

observations and never encounters validation data during training. The five-fold procedure 

produced five sets of RMSE and NSE values, from which means and standard deviations are 

reported. The reason why this is done is that such an approach provides a more stable 

measure of model performance than using only a single splitting into training and testing set, 

and this may be used to detect poorer performance in subsequent validation intervals. 

3.8  Forecasting Models 

The four forecast approaches applied in the forecast analysis included the persistence 

approach, Ridge Regression, Random Forest, and Gradient Boosting. The first approach is 

the persistence approach which is used to determine the baseline of the lowest possible 

standard (Wunsch et al., 2021). The second approach is the use of Ridge Regression. This 

approach was selected to be used because it is a linear approach that works perfectly well in 

cases where there is correlation of predictors. This becomes very important in the case of 

lagged groundwater levels as they become correlated. The third approach is Random Forest. 

This approach too is correlated but it is proved to work well when it comes to groundwater 



39 

 

 

 

forecasting (Rajaee et al., 2019). Gradient Boosting was also added for comparison as it has 

the ability to capture complex interactions between weather and groundwater response (Saqr 

et al., 2025; Lin et al., 2022). Together, the four models allow a fair assessment of whether 

increasing model complexity actually improves forecasting skill for this aquifer. Each is 

described below with its mathematical specification and the hyperparameter configuration 

used.  

3.8.1  Persistence Baseline 

A persistence model represents the benchmark of performance required as a bare minimum 

to compare the predictive power of all other data-driven models. For the study’s framework, 

persistence assumes groundwater level will continue to decline at historically observed rate. 

In other words, groundwater level at a particular horizon will be the most recently observed 

value adjusted by h times the per-well daily trend rate: 

𝐺𝑊𝐿𝑡+ℎ = 𝐺𝑊𝐿𝑡  + ℎ × 𝑟    (XXIII) 

Where: 𝐺𝑊𝐿𝑡= last observed groundwater level 

ℎ =horizon 

𝑟 = daily trend rate 

 

If any model does not surpass this benchmark, it cannot provide any added forecasting value 

except in its presumption of no daily changes in groundwater level. 

3.8.2  Ridge Regression 

Ridge regression is a regularised linear model that penalises high coefficients of predictors; 

as such, it minimises the influence of multicollinearity among the considerable number of 

lags used as predictors. The optimisation objective is: 

𝛽̂ = 𝑎𝑟𝑔 min
𝛽

[∑ (𝑦𝑖 − 𝑋𝑖𝛽)2 +  𝜆 ∑ 𝛽𝑗
2𝑝

𝑗=1
𝑛
𝑖=1 ]      (XXIV) 

Where: 

𝑦𝑖= target value  
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𝑋𝑖= predictor vector  

𝛽 = regression coefficients  

𝜆 = regularisation parameter set to 1.0 throughout.  

Predictors were standardised before fitting (Section 3.5.5). Therefore, the calculated 

coefficients can be interpreted in terms of the importance of each predictor. 

3.8.3  Random Forest Regression 

Random Forest is an ensemble method that generates multiple independent decision trees 

from bootstrapped subsets of training sets and averages their predictions: 

𝑦̂ =  
1

𝑇
∑ ℎ𝑡(𝑥)𝑇

𝑡−1       (XXV) 

where: 

T = number of trees  

ht(x) = prediction from tree t  

Averaging helps in avoiding overfitting and decreases variance. The model was built using 

200 trees as a balance between computational efficiency and ensemble stability (Lange et 

al., 2025), maximum depth of eight, and a minimum leaf size five observations. These 

hyperparameters represent widely used default settings in groundwater forecasting 

applications and were selected based on values reported to provide stable generalisation 

performance without extensive tuning (Lange et al., 2025).  

3.8.4  Gradient Boosting Regression 

Gradient Boosting builds its ensemble progressively by adding one more tree fitted to the 

residuals left by the previous ensemble: 

𝑦̂𝑖
(𝑘)

= 𝑦̂𝑖
(𝑘−1)

+ 𝜂𝑓𝑘(𝑥𝑖)     (XXVI) 

where: 
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𝑦̂𝑖
(𝑘)

= prediction at iteration k 

𝑓𝑘 = tree fitted at that iteration 

η = learning rate  

The model was configured with 200 estimators, a learning rate of 0.05, a maximum tree 

depth of four, and a subsample fraction of 0.8. The low learning rate of 0.05 was chosen 

deliberately to slow the contribution of each successive tree, which reduces the risk of 

overfitting by requiring more trees to fit the data gradually rather than aggressively (Xie & 

Tummala, 2025). A maximum depth of 4 restricts individual tree complexity, and the 

subsample fraction of 0.8 introduces stochasticity by training each tree on a random 80% of 

the data, further improving generalisation (Y. Zhang & Wang, 2025). 

3.8.5  Dual-Target Rationale 

An important aspect in the study was the selection of different prediction targets in various 

model architectures. Both Random Forest and Gradient Boosting tree-based models do not 

have the ability to extrapolate beyond the observed value range when trained. If trained on 

the raw GWL time series, where there is a tendency towards decreasing trends, then it would 

be possible that the two aforementioned models would have failed during testing when GWL 

falls below a value present during the training process. For this reason, both tree-based 

models use the stationary and bounded difference series ΔGWL as a target. 

As a linear model, Ridge Regression can also extrapolate a trend from the data set. Ridge 

was therefore additionally tested directly on the groundwater level target in its raw, non-

differenced form. The dual-target design makes it possible to compare different algorithms 

fairly and show their strengths and weaknesses best within the Kankaala forecasting context. 

 

3.9  Performance Metrics 

Three criteria were used to evaluate the performance of the models used, each addressing a 

different aspect of forecasting effectiveness. 
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Root Mean Square Error (RMSE) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑛

𝑖=1      (XVII) 

where: 

𝑦𝑖 = observed groundwater level  

𝑦̂𝑖 = predicted groundwater level  

n = number of observations  

RMSE gives higher weight to large errors than small ones and is measured in units that match 

those of the objective (meters for GWL, millimeters for ΔGWL). The lower the RMSE, the 

better the model performs. 

Mean Absolute Error (MAE) 

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦𝑖 − 𝑦̂𝑖|𝑛

𝑖=1      (XXVIII) 

On the other hand, MAE provides a more reliable measure of the mean forecast error than 

RMSE because all errors have equal weight regardless of size, making it less sensitive to 

outliers.  

Nash–Sutcliffe Efficiency (NSE) 

𝑁𝑆𝐸 = 1 −
∑ (𝑦𝑖−𝑦̂𝑖)2𝑛

𝑖=1

∑ (𝑦𝑖−𝑦̅𝑖)2𝑛
𝑖=1

    (XXIX) 

where: 

𝑦 ̅= mean of observed groundwater level values 

NSE measures the performance of the models relative to the trivial benchmark of simply 

predicting the mean. NSE = 1 represents the ideal scenario of perfect prediction; NSE = 0 

reflects the performance of a model whose predictions equal that of the mean predictor, while 

NSE < 0 is worse than predicting the mean. The Nash-Sutcliffe Efficiency measures are 

considered standard performance indicators in the field of hydrologic forecasting and can be 

especially useful in this respect. 
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3.10  Feature Importance Analysis 

Feature importance analysis was conducted after calibrating the models to understand the 

significance of each feature group and whether the major driving forces of the model were 

consistent with the hydrogeological processes in the Kankaala aquifer system. 

For Ridge regression, predictor importance was assessed using the absolute magnitude of 

each predictor's standardised regression coefficient. Because all predictors were z-score 

normalised before fitting, these magnitudes are directly comparable across features - a larger 

coefficient indicates a stronger contribution to the prediction, regardless of the original units 

or scale of the predictor. 

For Random Forest and Gradient Boosting, impurity-based feature importance was used. 

This measures how much each predictor reduces prediction error across all trees in the 

ensemble, averaged over all the splits where that predictor was used. A predictor that 

consistently produces large reductions in error at the splits where it appears receives a higher 

importance score than one that contributes little, regardless of how often it is selected. 

For Ridge regression, predictor importance was assessed using the absolute magnitude of 

standardised regression coefficients, which are directly comparable across features because 

all predictors were normalised before fitting: 

For Random Forest and Gradient Boosting, impurity-based feature importance was used. It 

measured the total reduction in prediction error contributed by each predictor across all trees 

in the ensemble: 

𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒𝑗 = ∑ Δ𝐼𝑗
(𝑡)𝑇

𝑡=1    (XXX) 

where: 

T = number of trees 

Δ𝐼𝑗
(𝑡)

 = reduction in prediction error attributable to predictor j in tree t. 

To evaluate the contribution of groundwater abstraction to model predictions, all the pump-

related variables such as the amounts of abstraction, lagged versions of these values, and 

lagged values of water levels in abstraction wells were combined and evaluated for their 

overall importance as a group. This was done to allow comparisons with other feature 
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categories, such as own GWL lags, meteorological predictors, and seasonality indicators. It 

also assessed the quantitative role of the pumping signal within the forecasting framework. 
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4  Results 

This chapter presents the results of the groundwater level (GWL) forecasting analysis for the 

Kankaala aquifer zone in Sotkamo, Northern Finland. The results follow the analytical 

sequence of the methodology: stationarity and lag-structure diagnostics, one-step model 

performance across all four model configurations, five-fold walk-forward cross-validation, 

feature ablation, feature importance, multi-step forecasting skill, and operational projections. 

All performance metrics reported in Sections 4.3 and 4.4 are computed exclusively on the 

held-out test partition, which was not seen during training or scaling. 

4.1  Exploratory Analysis 

Prior to model development, data analysis was performed to assess whether the series of 

Kankaala GWLs are stationary and identify the correct autoregressive predictor structure. 

4.1.1  Groundwater Trends and Stationarity 

Figure 4.1 illustrates the full GWL data series for the seven test wells with a moving average 

window of 90 days and a seasonal trend derived from full calendar years. Table 4.1 presents 

the results of the ADF stationarity tests (Eq. VII) for all nine modelled wells.  
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Figure 3: Kankaala groundwater level series and rolling mean diagnostics for all nine 

observation wells (November 2021 – February 2026). Thinner lines denote daily 

data series of GWL (m.a.s.l.), thicker lines represent rolling mean with a window 

of 90 days, and dotted lines show the fitted linear trend for the data. Blue-shaded 

areas highlight the hold-out sample range (March 2025 to February 2026). Table 

4.1 includes ADF test statistics, linear trend rates, and the full range of GWL 

observations for all wells. 
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There is an observed continuous long-term reduction in groundwater levels at the Kankaala 

wells. This can be evidenced by the 90-day moving averages, which are not constant for the 

nine wells studied. There are marked differences in the rates of decline ranging from −5.3 

cm/year (PVP20) to −34.1 cm/year (PVP18). Both wells have the highest rates of decline, 

and decline throughout the experimental period (March 2025 – February 2026) falling out 

of the historical training ranges. This could be indicative of more difficulties in forecasting 

since we would be working outside our training datasets. The groundwater levels in well 

PVP24 are significantly higher (at around 142.6–143.1 meters above sea level) compared to 

the other Kankaala wells (around 3 meters). This is consistent with our hypothesis regarding 

its possible hydraulic connection with the adjacent Vuokatti area. Table 2 below presents the 

stationarity statistics for the time series of each individual well. 

Table 2: ADF stationarity results for all nine Kankaala monitoring wells 

Well ADF level ADF (ΔGWL) Stationary 

PVP16 -2.134 -25.799*** Yes 

PVP17 0.537 -33.659*** Yes 

PVP18 -3.530* -26.927*** Yes 

PVP20 1.986 -34.674*** Yes 

PVP22 -2.630 -17.379*** Yes 

PVP23 -3.580* -17.897*** Yes 

PVP24 -2.216 -51.164*** Yes 

PVP25 1.376 -22.355*** Yes 

PVP26 -2.730 17.008*** Yes 

Critical value (5%): −3.46. ***Significance <0.01; *Significance <0.05 

 

The nine Kankaala wells were identified as non-stationary at level and stationary after first-

order differencing (Eq. VIII) producing the stationary ΔGWL series (ADF p < 0.01). This 

confirms the I(1) classification for the November 2021–February 2026 monitoring window. 

PVP18 and PVP23 show borderline stationarity at level (p < 0.05) suggesting partial 

stationarity despite exhibiting broader long-term variability. 

4.1.2  PACF Diagnostics and Lag Selection 

Figure 4 presents the partial autocorrelation function (PACF) (Eq. X) of the first-differenced 

GWL series for all nine monitoring wells. Significant lags (above the 95% confidence band 



48 

 

 

 

shown as dashed lines) directly determined the autoregressive lag set applied in feature 

engineering. 

 

Figure 4: PACF diagnostics for Kankaala wells (ΔGWL series). Dashed lines indicate the 

95% confidence bands. ADF results and significant lags are annotated within each panel.  

Across the Kankaala wells, lags 1–3 are consistently significant, indicating universal short-

term persistence across the groundwater series (Eq. X). Lag 7 is significant in five of the 

nine wells (PVP17, PVP20, PVP22, PVP24, and PVP25), suggesting the presence of a 

coherent weekly signal. PVP18 and PVP23 exhibit the shortest autocorrelation structure, 

with significance restricted to lags 1–3, indicating more rapid decay in temporal dependence, 

especially since they are close to the pumping well, where abstraction-driven drawdown 

overrides the natural inertia of the aquifer. PVP24 displays a distinctly different PACF 

structure from all other Kankaala wells, with consistently negative values at higher lags (lags 

2 and beyond). This trend indicates the presence of an oscillating or mean reverting 

groundwater system in contrast to the non-oscillatory groundwater system present in other 

parts of the Kankaala aquifer. In light of the higher altitude (around 143 m a.s.l., which is 3 

m higher than the other wells) and poor correlation of the well with the overall groundwater 
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system of the region, the findings of the PACF analysis indicate that PVP24 is part of another 

hydraulic system (Vuokatti zone). Consequently, further hydrogeological investigation is 

recommended before PVP24 is incorporated into future pooled Kankaala groundwater 

models. Based on these results, the lag structure selected for Kankaala was {1, 2, 3, 7, 14} 

days. 

4.1.3  Correlation and Multicollinearity 

Pearson correlation analysis of the 25 most important variable training-set features 

confirmed that multicollinearity is concentrated within predictor groups rather than across 

them. In other words, own GWL lags are mutually correlated at r ≈ 1.00; pump volume lags 

at r = 0.60–0.94. Critically, the GWL lag block and the pump volume block are largely 

independent (r ≈ 0.01–0.05), confirming that pump features carry information not already 

encoded in the aquifer state. The full correlation heatmap is in the Figure 5 below:  

 

Figure 5: Correlation Heatmap for Kankaala wells. Colour scale: dark red: 1.0; dark blue: -1.0. 
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Kankaala’s own GWL lag features (own_gwl_lag1 through own_gwl_lag14) form a near-

perfectly correlated block (r ≈ 1.00), reflecting the slow daily dynamics of the aquifer, where 

today's level is almost the same as yesterday's. The pump volume lag features form a second 

dense block (r = 0.60–0.94 within the group). Crucially, the own GWL lag block and the 

pump volume block are largely independent of each other (r ≈ 0.01–0.05), confirming that 

pump features carry information about external forcing that is not already encoded in the 

aquifer state. Lastly, because missing pumping well GWL values were zero-filled (Eq. V), 

the pump_gwl_missing flag is almost perfectly negatively correlated (r = −0.97) with the 

pump GWL lags, reflecting their complementary, engineered relationship (Afrifa et al., 

2022) rather than any physical groundwater process. 

Following feature engineering, the Pearson correlation analysis (Eq. XI) conducted on the 

full 42-feature training was used to identify and remove multicollinearity before model 

fitting. Multicollinearity occurs when two or more predictor variables carry essentially the 

same information. Retaining all of them does not improve model accuracy but increases 

complexity, inflates regularisation demands, and makes feature importance results harder to 

interpret. Any feature that exceeded r > 0.90 with at least one other predictor was flagged 

for removal, retaining the more physically interpretable or temporally distinct representative 

of each correlated pair. This threshold was chosen as a conservative boundary at which two 

predictors become effectively interchangeable in a linear model, carrying less than 19% 

unique variance relative to each other (Dormann et al., 2012). 

Twelve features were removed through this process, structured across three predictor groups. 

In the own GWL lag group, own_gwl_lag2, lag3, lag7, and lag14 were all removed because 

they correlate with own_gwl_lag1 at r = 0.97–1.00. In the pump GWL group, 

pump_gwl_lag3, lag7, and lag14 were removed due to mutual correlation with each other 

and with pump_gwl_missing (r = 0.91–0.97), and pump_gwl_missing itself was removed as 

it was almost perfectly complementary to the pump GWL lags by construction. From the 

pump volume group, pump_vol_roll7 was removed as it correlates with the retained 

pump_vol_lag3 at r = 0.94, the 7-day rolling sum captures largely the same abstraction signal 

as the shorter lag. In the temperature group, temp_lag3, temp_roll7, and temp_roll30 were 

removed because consecutive daily temperature values in a subarctic climate correlate 

strongly (r = 0.90–0.96), and the retained temp_lag1 already encodes the most recent thermal 

state. 
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Overall, features were reduced from 42 to 30, preserving at least one representative from 

each correlated cluster while maintaining full coverage across the autoregressive, pump, 

meteorological, and seasonal predictor categories. 

Further on feature engineering, although the 30-feature corr-removed set eliminated 

redundancy within correlated pairs, it was still relatively large relative to the length of the 

training record. It is generally known that generalisable prediction models should be 

parsimonious, that is the simplest model, the better. This prompted a second stage of feature 

selection, in which only features with a clear, principled justification from either the PACF 

diagnostics or the Random Forest importance analysis were retained in the model. 

Two complementary criteria were applied to the 30-feature set. The first criterion used the 

PACF results from Section 4.2.2 to determine the justified autoregressive lag structure. Only 

lags that exceeded the 95% confidence band in the Kankaala ΔGWL series were considered 

informative. This retained own_gwl_lag1 as the single level lag and the differenced lags at 

1, 2, 3, and 7 days, corresponding directly to the confirmed lag set {1, 2, 3, 7} days identified 

from the PACF analysis. The remaining own GWL level lags that survived the correlation 

filter but lacked PACF support were removed at this stage. 

The second criterion applied a Random Forest impurity-based importance threshold of 1%, 

meaning only predictors contributing at least 1% of total error reduction across all trees in 

the ensemble were retained. These features provide less signal than the inherent noise within 

the splits in the data model; hence, they have been labelled as noise. When this threshold is 

used, some of the meteorological and pump features that have been found to be most relevant 

include precip_roll90, precip_lag1, precip_roll30, precip_roll7, temp_lag1, month, and 

sin_doy. The only significant pump feature found at the 1% threshold is pump_vol_lag7, 

which indicates that lagging pump once produces sufficient signal for this data. 

These criteria filtered out 17 of the 30 remaining variables: 12 pump GWL, temperature 

rolling, and precipitation variables which passed the initial filter but were not significant 

according to the RF importance measure, and also five own GWL and pump volume lagged 

variables which did not have PACF validation or RF importance explanation. The reduced 

number of features consists of 13 variables: five autoregressive lags, seven weather and 

seasonal predictors, and one pump variable. 
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Validation against the held-out samples proved the advantage of the model built using the 

reduced number of 13 features in comparison with the previous one. Ridge RMSE score was 

lower, going down to 6.76 mm instead of 6.95 mm. Moreover, it expanded the range of 

prediction ahead (from h = 2 days to h = 7 days) when beating the persistence benchmark. 

These results suggest the value of the parsimony principle. Eliminating irrelevant variables 

minimises error propagation in recursive feature updating. 

4.2  Forecasting Performance 

This section evaluates the forecasting performance of the models developed for the Kankaala 

aquifer zone. The first evaluation is the one-step forecasting assessing each model's ability 

to predict the groundwater level one day ahead using the most recently observed conditions. 

It represents the shortest and generally most accurate prediction horizon achievable with the 

available data. The multi-step forecasting follows, forecasting for longer planning horizons 

to provide a comprehensive evaluation of the model for forecasting in Kankaala zone. 

4.2.1  One-Step Forecasting Performance 

To test and validate the selected approach the simplest possible case, which is predicting one 

day ahead was evaluated. Table 3 summarises zone-wide one-step forecasting performance 

for all models on the held-out test set (March 2025 to February 2026) using Root Mean 

Square Error (Eq. XXVI), Mean Absolute Error (Eq. XXVII), and Nash-Sutcliffe Efficiency 

(Eq. XXIX).  Two prediction targets were used across the model configurations. The first is 

the absolute groundwater level (GWL level, in metres above sea level). The second is the 

daily change in groundwater level (ΔGWL), which represents how much the water table rose 

or fell compared to the previous day. Ridge regression was tested on both targets, while 

Random Forest and Gradient Boosting were trained on the ΔGWL target only, as tree-based 

models cannot reliably extrapolate below groundwater levels observed during training.  
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Table 3: Kankaala One-Step Forecasting Performance 

Model Target 

Variable 

RMSE MAE NSE Note 

Persistence ΔGWL 6.78 mm 3.87 mm −0.009 Benchmark for ΔGWL models 

Persistence GWL Level 169.15 mm 129.58 mm 0.981 Fails on trending series 

Ridge ΔGWL 6.77 mm 3.80 mm −0.007 Linear model on daily changes 

Random Forest ΔGWL 6.45 mm 3.61 mm 0.087 Best ΔGWL model 

Gradient Boosting ΔGWL 6.75 mm 3.76 mm −0.002 Second best ΔGWL model 

Ridge   GWL Level 6.76 mm 3.80 mm 0.992 Best overall; recommended  

Ridge (recursive) GWL Level 6.77 mm 3.80 mm 0.992 ΔGWL - reconstructed level 

RF (recursive) GWL Level 6.45 mm 3.61 mm 0.992 ΔGWL - reconstructed level 

 

Table 3 presents the one-step forecasting performance for all models on the held-out test set 

covering March 2025 to February 2026. The table reports results across two prediction 

targets which are, the daily change in groundwater level (ΔGWL) and the absolute 

groundwater level (GWL level). There are also two persistence baselines that serve as the 

reference point for evaluating genuine model skill. 

The level persistence baseline, which assumes tomorrow's water table will equal today's 

table, achieves a high NSE of 0.981. However, its average absolute error of 169.15 mm 

shows that because the aquifer is steadily declining, carrying today's level forward 

accumulates a large systematic error over time. The ΔGWL persistence baseline, which 

assumes no daily change, achieves NSE = −0.009  just below zero, confirming that predicting 

zero change every day is essentially the same as predicting the mean daily fluctuation. 

Among the ΔGWL models, Random Forest performs best with NSE = 0.087 and RMSE = 

6.45 mm. it is the only model that achieves meaningful positive skill over the ΔGWL 

baseline. Gradient Boosting (NSE = −0.002) and Ridge on ΔGWL (NSE = −0.007) both 

below zero, meaning neither consistently outperforms the persistence baseline. It is expected 

because predicting daily changes in a slow-moving esker aquifer is difficult, since most day-

to-day fluctuations are small relative to the overall declining trend and carry a low signal-

to-noise ratio (ref). Ridge on the GWL level target achieves the strongest headline result 

with NSE at 0.992 and RMSE at 6.76 mm, becoming the recommended model for daily 

operational monitoring.  

The two recursive model rows at the bottom of the table, Ridge (recursive) and RF 

(recursive), show identical RMSE and MAE to their ΔGWL counterparts. The identical test 

values draws from the fact that recursive approach simply adds the predicted daily change 
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to the previous observed level, which is mathematically equivalent to the ΔGWL prediction 

itself.  

 

Well-Level Test Performance 

Table 4 disaggregates the one-step test-set performance to the individual well level for the 

two top-performing models, Ridge (level) and Random Forest (ΔGWL). 

Table 4: Kankaala One-Step Forecasting Performance per Well 

Well Ridge (lvl) 

RMSE 

Ridge (lvl) 

NSE 

RF (ΔGWL) 

RMSE 

RF (ΔGWL) 

NSE 

XBG 

(ΔGWL) 

RMSE 

XBG 

(ΔGWL) 

NSE 

PVP16 3.0 mm 0.997 2.9 mm 0.189 2.9mm 0.154 

PVP17 2.0 mm 0.999 2.0 mm −0.090 2.0mm -0.135 

PVP18 6.9 mm 0.998 6.4 mm 0.163 7.7mm −0.230 

PVP20 5.7 mm 0.992 5.7 mm 0.062 5.7mm 0.038 

PVP23 3.5 mm 0.991 3.1 mm 0.260 3.3mm 0.176 

PVP24 14.5 mm 0.976 13.9 mm 0.052 14.2mm 0.021 

PVP25 1.8 mm 0.999 1.4 mm −0.120 1.5mm −0.358 

 

For Ridge on the level target, results are strong across all seven evaluation wells with NSE 

above 0.990 in six of seven wells. The best results were found in PVP25 (RMSE = 1.8 mm, 

NSE = 0.999) and PVP17 (RMSE = 2.0 mm, NSE = 0.999). Both wells have smooth, near-

linear declining trajectories that the AR(1) mechanism of Ridge follows with high fidelity. 

PVP18 records the highest Ridge error among the long-record wells (RMSE = 6.9 mm), 

consistent with its steep and irregular decline of −34.1 cm/yr and occasional sharp step-

changes linked to pumping events. PVP24 stands out as the weakest performer by a wide 

margin of RMSE = 14.5 mm, roughly four to six times higher than its neighbours, providing 

evidence of its hydraulic disconnection from the Kankaala zone rather than failure of the 

model. 

ΔGWL models exhibit different performance for various wells. Random Forest exhibits a 

positive value of NSE in five out of seven wells evaluated. The best single performance 

belongs to PVP23 with NSE equal to 0.260 as the well is most active and interactions 

between pump proximal extraction events and seasonal recharge are strongest. PVP17 and 

PVP25 have negative values of RF NSE (-0.090 and -0.120), since their time series of 

ΔGWL is almost straight with a steep decline and no variability day to day for the ΔGWL 

models to capture besides the overall decline tendency. In other words, using predictions of 
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zero change each day as a baseline model performs better than any other model for the two 

wells due to small magnitude of changes in groundwater levels. Similarly, Gradient Boosting 

has similar tendencies compared to RF with worse performances, especially PVP25 (NSE = 

-0.358) and PVP18 (NSE = -0.230). 

 

Five-Fold Walk-Forward Cross-Validation 

To validate the three ΔGWL models in the one-step forecasting, Table 5 presents five-fold 

walk-forward cross-validation results for the three ΔGWL models. Each fold uses an 

expanding training window and advances the validation block forward chronologically, 

covering the period December 2021 to March 2025. The mean and standard deviation of 

RMSE and NSE across the five folds provide a more robust characterisation of model skill 

than a single holdout split. 

 

Table 5: Five-Fold Walk-Forward Cross-Validation Results 

Model RMSE mean RMSE std NSE mean NSE std 
Ridge (ΔGWL) 9.650 mm 3.771 mm −0.049 0.084 

Random Forest  9.393 mm 3.844 mm 0.013 0.069 
Gradient Boosting 10.005 mm 3.777 mm −0.172 0.328 

 

Random Forest achieves the best and most consistent performance across all five folds with 

mean NSE at 0.013 and the lowest standard deviation of any model (0.069).  The values 

confirm that RF’s ΔGWL skill generalises reliably across different periods of the monitoring 

record. The Ridge model on the ΔGWL target has an average NSE score of −0.049, which 

outperforms the Gradient Boosting, albeit with considerable variability between folds (std = 

0.084). Gradient Boosting demonstrates the lowest results in cross-validation with the NSE 

averaging −0.172; the same holds for its standard deviation of 0.328, which indicates higher 

sensitivity to particular properties of different testing sets due to the sequential nature of the 

boosting process as opposed to parallel processing in Random Forest. 

The cross-validation errors close to 9–10 mm are substantially higher than the one obtained 

for the holdout set with 6–7 mm in one-step forecasting, as is expected, and provide an honest 

estimation of the models' performance. The holdout test set reflects only the period with the 

least dynamics in the groundwater seasonally-induced change rate and low precipitation 
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levels while all five folds in cross-validation demonstrate both high seasonality dynamics 

and precipitation effects. Thus, one can state that a model performing well on all five folds 

can reliably predict changes in the groundwater level under various conditions rather than 

on one single dataset only, and Random Forest proves to be the best-performing algorithm. 

 

Feature Ablation Analysis for One-Step Forecasting 

Ablation was conducted to quantify the marginal contribution of each predictor group to 

ΔGWL forecasting skill, using the test-set NSE as the evaluation metric. Table 6 presents 

feature ablation results for both Ridge and Random Forest across four predictor 

configurations, which are AR lags only, weather only, pump only, and all 13 features 

combined. 

Table 6: Feature Ablation Results 

Configuration N features Ridge RMSE Ridge NSE RF RMSE RF NSE 

AR lags only 5 6.81 mm −0.020 6.38 mm 0.105 

Weather only 7 6.73 mm 0.006 6.87 mm −0.038 

Pump only 1 6.75 mm -0.002 6.77 mm −0.006 

All features 13 6.77 mm −0.007 6.45 mm 0.087 

 

The ablation results indicate that it is impossible to predict daily groundwater variability in 

the Kankaala esker using any sets of predictors. RMSEs are within 6.45–6.87 mm while NSE 

values are low and far below 0.5. All NSE values in Ridge are close to zero, indicating that 

there is no predictive power beyond zero-change baseline. This linear model is unable to 

detect the relationship between groundwater variability and its predictors. For Random 

Forest, autoregressive (AR) lags are the most informative predictors with the highest NSE 

value (0.105) when used individually. Short-term groundwater behavior is the most 

important factor. Weather and pumping factors alone do not perform better than baseline; 

including all predictors decreases performance, probably because of the noise factor. In 

general, AR lags are the most informative predictors in both approaches, but particularly in 

the Random Forest model. However, low NSE values demonstrate the complexity of 

prediction of daily groundwater variability in this esker. 
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Feature Importance for One-Step Forecasting 

Figure 6 presents feature importance, which involves identifying the most significant 

variables for predicting ΔGWL in the models considered. 

 

Figure 6: Kankaala Feature Importance in One-Day Forecasting 

Figure 6 helps understand how the models select factors that are responsible for groundwater 

level behaviour in Kankaala. In terms of the Ridge model, the most informative variable is 

its lagged value - own_gwl_lag1, which represents the persistence property of the aquifer 

system. All other predictors contribute almost nothing to predictability. In relation to the 

daily change in groundwater level, it should be mentioned that the recursive model built 

using Random Forest selects different most significant predictors. These are the recent 

change in groundwater level (own_diff_lag1 and own_diff_lag2), the lagged groundwater 

level itself (own_gwl_lag1) and precipitation-related variables (precip_roll90), with 

pumping variables contributing insignificantly to predictability. Thus, one can state that 

weather conditions have a greater effect on fluctuations in groundwater levels than on their 

average values. In conclusion, it can be said that models based mainly on autoregressive 

groundwater level lags consistently achieved the highest prediction accuracy in Kankaala. 
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4.2.2  Multi-Step Forecasting Results 

To evaluate the models under operational conditions, forecasting performance had to be 

conducted on periods longer than one-day ahead. Table 7 summarises multi-step direct 

forecasting results at eight horizons from 1 to 30 days. It consists of Ridge direct, Ridge 

recursive, RF direct, and RF recursive, against a trend-based persistence baseline that is 

assumes that the historical rate of groundwater declines as it moves farther from the forecast 

start point. 

Table 7: Multi-Step Direct Forecasting Results at Key Horizons. 

h Ridge 
RMSE 

Ridge 
NSE 

Skill Ridge 
rec. 

RMSE 

Ridge 
rec. 
NSE 

Skill RF 
direct 
RMSE 

RF 
direct 
NSE 

Skill RF 
rec. 

RMSE 

RF 
rec. 
NSE 

Skill Pers. 
RMSE 

1 9.0 0.999 −0.343 5.5 1.000 +0.177 21.2 0.999 −2.164 5.4 1.000 +0.201 6.7 

2 10.7 0.999 −0.166 7.5 1.000 +0.182 23.0 0.999 −1.527 7.4 1.000 +0.191 9.1 

3 11.8 0.999 −0.097 8.0 1.000 +0.254 27.2 0.999 −1.519 8.1 1.000 +0.250 10.8 

5 14.4 0.999 −0.067 11.7 0.999 +0.128 37.7 0.999 −1.793 12.1 0.999 +0.098 13.5 

7 17.1 0.999 −0.046 13.4 0.999 +0.180 45.7 0.998 −1.787 14.3 0.999 +0.127 16.4 

14 25.4 0.999 +0.007 25.9 0.999 -0.009 84.0 0.995 −2.281 26.3 0.999 −0.027 25.6 

21 34.3 0.999 +0.003 35.8 0.999 −0.041 116.4 0.991 −2.384 37.6 0.999 −0.093 34.4 

30 45.4 0.998 -0.009 46.8 0.998 −0.041 149.4 0.985 −2.320 47.4 0.998 −0.054 45.0 

 

Groundwater levels in the Kankaala aquifer change slowly and steadily, so the water table 

today is not far from where it will be tomorrow, next week, or even in two weeks. This makes 

persistence difficult to beat, particularly at shorter horizons where the aquifer has barely 

moved from its current position. As the horizon extends, persistence RMSE grows from 6.7 

mm at h = 1 to 45.0 mm at h = 30, as the accumulated decline widens the gap between today's 

level and the actual future level. This means persistence (trend-based) becomes more 

difficult to beat at longer horizons as it accounts for the declining groundwater level rate. 

RF direct confirms what the methodology predicted as it fails immediately, producing RMSE 

= 21.2 mm at h = 1, far worse than persistence (6.7 mm) and every other model. As the test-

period water table falls progressively below the minimum level seen during training, RF 

cannot extrapolate below that floor and its predictions stall while the actual water table 

continues to decline. By h = 30, RF direct RMSE reaches 149.4 mm, which is more than 

three times the persistence error. 

In terms of the best performances in the short term, both RF recursive and Ridge recursive 

models emerge as leaders in the table. So, for h = 1, RF recursive model gives RMSE = 5.4 

mm and the skill of +0.201, while the Ridge recursive model yields RMSE = 5.5 mm and 
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the skill of +0.177. Both models are the only configurations that demonstrate the skill in the 

positive numbers, therefore, they outperform persistence at all the forecasting horizons in 

the table. For h = 2, RF recursive model shows the RMSE of 7.4 mm, while the second 

configuration gives RMSE = 7.5 mm, and both results exceed the persistence result of RMSE 

= 9.1 mm. The better performance persists till h = 7 days. The reason for the extended skill 

window lies in the fact that the number of features used in this experiment was quite small 

(13). As a consequence, the errors were not accumulated during recursion. By h = 30 days, 

however, the errors were accumulated again, leading to RMSE of 46.8 mm for the first model 

and RMSE of 47.4 mm for the second one. The result implies that, given the aquifer and 

specific timeframe, the recursive mechanism is not suited to forecasting beyond a week. 

The Ridge direct technique exhibits the best performance and stability over 21 days out of 

the 30 considered. Its RMSE increases from 9.0 mm for h = 1 up to 45.4 mm for h = 30. The 

skill scores for Ridge direct become positive from h = 14 onwards (+0.007 for h = 14) and 

remain slightly higher than persistence up until h = 21 (+0.003). Therefore, Ridge direct 

outperforms persistence from 8 to 21 days. 

Thus, the implications of Table 4.7 can be formulated clearly in terms of real-world use 

cases. In case of h = 1-7 days, the choice is straightforward, with RF recursive or Ridge 

recursive models clearly superior to all other combinations. In case of h = 8-21 days, the 

decision should favour Ridge direct, being the only model outperforming persistence up to 

3 weeks. 

  

Figure 7: Kankaala Multi-Step Forecast Skill Curves 
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The accuracy forecast graph for a horizon range of 1 to 30 days is illustrated in Figure 7. The 

two recursive methods, RF recursive and Ridge recursive, have similar trends as seen on the 

graph. They start by being below the persistence method, cross at around h = 7, and then 

sharply increase to levels above persistence. The two methods remain very close throughout 

and reach an average value of 47 mm at h = 30, which is higher than persistence value (45.0 

mm) and Ridge direct (45.4 mm). 

As indicated by the red line on the graph, Ridge direct increases at the lowest rate among the 

four methods analysed. Its lowest point is at 9.0 mm at h = 1 and increases slowly to end up 

at 45.4 mm at h = 30. Ridge direct holds a marginal advantage over persistence at h = 14 

(25.4 mm vs 25.6 mm) and h = 21 (34.3 mm vs 34.4 mm), though the margin in both cases 

is under 0.2 mm. In other words, Trend persistence beats all other models after the 21st day. 

The gradual, controlled growth of Ridge direct RMSE for 21 days before persistence cuts 

below confirms its suitability for operational medium to long-range groundwater level 

forecasting in the Kankaala zone.   

RF direct was excluded from the Figure 7 as the model cannot predict water table levels 

below those seen during training, which makes its errors escalate as the declining test-period 

trajectory moves further outside the training range with each passing day. 

 

Well-Level Test Performance 

Table 8 disaggregates the zone-wide multi-step test-set performance to the individual well 

level for the two top-performing models, Ridge (level) and Random Forest (ΔGWL) at h=7, 

h=14 and h=21. 

Table 8: Kankaala Multi-Step Forecasting Performance per Well.  
Well Skill 

h=7 Rd 

Skill 

h=7 RF 

Skill 

h=14 Rd 

Skill 

h=14 RF 

Skill 

h=21 Rd 

Skill 

h=21 RF 

PVP16 −0.061 −0.389 −0.068 +0.161 −0.131 −0.173 

PVP17 −0.317 +0.323 −0.289 +0.399 −0.318 +0.353 

PVP18 −0.200 +0.357 −0.270 −0.073 −0.355 −0.043 

PVP20 −0.018 +0.140 +0.021 +0.025 +0.002 −0.067 

PVP23 −0.069 +0.109 −0.032 −0.115 −0.068 −0.197 

PVP24 −0.067 +0.052 −0.032 −0.348 −0.045 −0.473 

PVP25 −0.072 +0.552 +0.004 +0.585 −0.001 +0.615 

Bold = positive skill (beats trend persistence). Rd = Ridge direct, RF = RF recursive. 
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Performance of models varies significantly among seven evaluated wells. PVP25 and PVP17 

are the only wells in which RF recursive demonstrates positive skill for all forecast horizons, 

with the maximum skill score at h = 21 being +0.615 in PVP25. In these two wells, there is 

a steady near-linear trend in decline in skill scores, which implies the best performance of 

RF recursive under constant hydrological conditions. Ridge direct is the only one 

demonstrating positive skill in PVP20 well, with very slight positive skill (+0.021 at h = 14; 

+0.002 at h = 21). Its marked seasonal cycle seems to be better captured by linear 

extrapolation method used by Ridge. PVP24 is the only well in which skill scores of RF 

recursive decrease dramatically from +0.052 at h = 7 to -0.473 at h = 21. Such behaviour 

confirms previous research which proved hydraulic uniqueness of PVP24 and poor 

suitability for pooled modelling approach. Finally, PVP16, PVP18 and PVP23 wells have 

mixed results without any clear winner in each case. This conclusion suggests that 

performance of models does not depend only on forecast horizon, but also on hydrological 

features of the particular well. 

Feature Importance for Multi-Step Forecasting 

To determine the contribution of each of the 13 features to the prediction of GWL with the 

multi-step forecasting models, feature importance is presented on Figure 8 below: 

 

Figure 8: Kankaala Feature Importance in Multi-Step Forecasting 
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Ridge shows that the most dominant feature is the own_gwl_lag1, with the differenced AR 

lags (own_diff_lag1, lag2, lag3, lag7) only contributing marginally for longer periods. 

Therefore, Ridge anchors its prediction almost entirely on the most recently observed 

groundwater level. 

RF recursive has the own_diff_lag1 as the leading feature in predicting gwl, with 

precip_roll90 and precip_lag1 following, before own_gwl_lag1 and own_diff_lag2. Unlike 

Ridge, RF recursive draws meaningfully on precipitation accumulation signal and a very 

small contribution from pump_vol_lag7. Therefore, RF recursive in forecasting for 

groundwater, incorporates relevant recharge and abstraction information that single-feature 

Ridge model does not access. 

 

Observed vs. Predicted for Multi-Step Forecasting 

Figures 9 to 15 illustrate the actual GWL trend and its long-term predicted changes for each 

of the seven wells assessed from March 2025 to February 2026. In all graphs, there are seven 

curves comprising observed, as well as Ridge (level) forecasts and Random Forest prediction 

results each at h=7, 14, and 21. 

 

 

Figure 9: Observed vs. Predicted GWL for PVP 16 for Test Period 

For PVP16 as shown in Figure 9, the prediction plots track the observed line well through 

the spring and summer months. At autumn when groundwater level falls, the predictions 

mirror, but at a lower speed as forecast period increases.  In practice, this well is fine for 
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tracking the broader trend over several weeks, but the timing of short-term spikes should not 

be taken with caution. 

  

Figure 10: Observed vs. Predicted GWL for PVP 17 for Test Period 

PVP17 had predictions follow observed levels declining through the period.  Although they 

rise slightly above observed in certain periods. Overall, this is a well where long-term 

forecasts can be trusted with reasonable confidence, as long as the underlying trend does not 

suddenly shift. 

  

Figure 11: Observed vs. Predicted GWL for PVP 18 for Test Period 

For PVP18 as shown in Figure 11, the predictions track the observed groundwater level up 

until late July 2025, before a sudden drop. However, forecasts do not capture the drop until 

after about two weeks. This implies that long-term forecasts are vulnerable to be thrown off 
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when certain events arise or something operational changes at the well. Thus, the model may 

not be very reliable in these period of events. The behaviour of the models is expected since 

both ridge and RF recursive learn average relationships from past data and have no 

mechanism for anticipating discrete, unforeseen events. 

  

Figure 12: Observed vs. Predicted GWL for PVP 20 for Test Period 

The observed series of PVP 20 in Figure 12 above, show that groundwater level rises through 

summer and falls in autumn. The forecasts capture the undulating movement but delay in 

capturing the trend. It shows that long-term forecasts are good at showing the overall 

seasonal pattern, but not the exact day the season turns. The behaviour is expected as the 

models revert towards historical relationships, and the precise date on which a season turns 

is a one-time event each year, that is difficult to predict from past data alone. The sine-cosine 

encoding of seasonality used in this study is also a mechanical, smooth representation of 

calendar position, and is not designed to predict the specific timing of a seasonal turning 

point, which depends on year-specific weather conditions rather than calendar date alone. 
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Figure 13: Observed vs. Predicted GWL for PVP 23 for Test Period 

From Figure 13 above, PVP23 is the most most volatile well in the zone with sharp spikes 

throughtout the year. The forecasts follow the observed plot, but begin to fall farther behind 

for longer-term predictions as seen with th 21-day forecast falling more than the 7-day 

forecast line. Therefore, PVP23 prdictions confirm that longer-term forecasting comes with 

a cost of more errors. 

. 

 

Figure 14: Observed vs. Predicted GWL for PVP 24 for Test Period 

Figure 14 reveals that PVP24 behaves differently from the other wells, confirming it most 

likely belongs to another zone of the aquifer system. The study model is thus not particularly 

suitable for predicting GWL in this well. 
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Figure 15: Observed vs. Predicted GWL for PVP 25 for Test Period 

The PVP25 well as shown in Figure 15, had the best long forecast result as every prediction 

line stayed close to the observed for almost the entir perios. It is the well in the zone where 

long-term forecasting works well, and forecast can be done with confidence. 

4.3    Operational Groundwater Level Projection 

Based on the multi-step results in Section 4.8, a hybrid forecasting approach could be 

adopted for the operational projection. However, within the limits of the dataset and the short 

period, the hybrid framework is out of scope.  For the first seven-day forecast, the recursive 

Random Forest model could be used, as it outperforms Ridge and persistence in those days 

(h= 7: RMSE = 14.3 mm (RF rec.) vs 17.1 mm (ridge) vs 16.4mm (persistence)). For 

horizons from eight to twenty-one days, direct Ridge regression could be used, as it 

consistently outperforms both RF approaches and remains closest to persistence for the 

period. Both models were retrained on the full available record before generating the 

projection 

Figure 16 presents the 30-day operational GWL projection from 5 January 2026, which is 

the last date for which a complete feature vector was available across all seven evaluation 

wells. Both models were trained again on the entire data set before making any predictions. 

The ±2 × test-RMSE intervals around each forecasting line reflect the 95% prediction 
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intervals at each forecasting horizon, depending on the performance of the model out of 

sample. 

 

 

Figure 17: Kankaala operational GWL projection 

 

The 30-day hybrid forecast for January 5, 2026, can be seen in Figure 16 above. All seven 

wells continue their declining trend up until February 2026. For a 30-day forecast period, 

the central forecasts range from 138.950 m (PVP23) to 142.602 m (PVP24) with ±54 mm 

prediction intervals for all seven wells when h = 30 and reducing to ±5.19 mm when h = 1. 

The value for PVP24 is quite high compared to the others, and this can justify the possibility 

of moving it to the Vuokatti hydraulics zone. 

4.4  Summary of Findings 

Overall, the feature ablation analysis confirmed that no single predictor group 

(autoregressive groundwater lags, meteorological inputs, or abstraction data) was sufficient 

on its own to explain daily groundwater level changes in the Kankaala aquifer. Retaining 

only one representative from each correlated cluster by dropping highly-correlated 



68 

 

 

 

(predictors with pairwise Pearson correlation r > 0.90), reduced the feature set from 42 to 30 

features. Autocorrelation and Random Forest Impurity Selection further reduced features to 

13 features for a parsimonious model.  The results of the 13-feature modelling confirmed 

that feature redundancy, rather than feature richness, is the primary constraint on model 

performance in this setting. 

The one-step holdout evaluation showed that Ridge regression on the GWL level target (NSE 

= 0.992, RMSE = 6.95 mm) and Random Forest on the differenced target (NSE = 0.104) 

performed best within their respective target types. Multi-step forecasting revealed that 

neither model dominates across all forecast horizons. RF recursive outperformed Ridge up 

to h = 7 (RMSE = 14.3 mm, skill = +0.127), while Ridge direct consistently produced the 

lowest error from h = 14 to h = 21 days, growing gradually from 25.4mm to 45.4 mm against 

a persistence baseline of 25.6 to 45.0 mm. 

The operational forecasting system therefore, could use the RF recursive for the first week 

or seven days, where it demonstrates a genuine accuracy advantage over Ridge and 

persistence alike. Direct Ridge regression could then be used for other horizons from eight 

to thirty days, where its linear extrapolation along the trend outperforms all alternative 

approaches. This horizon-specific hybrid design directly addresses the extrapolation 

limitation of tree-based models and provides the Sotkamo waterworks with a practically 

deployable tool calibrated to the full range of operationally relevant planning timescales. 

Comparing the findings with other data-driven groundwater forecasting studies, the one-step 

NSE of 0.992 achieved by Ridge on the GWL level target and the RF ΔGWL NSE of 0.087 

in this study, are broadly consistent with the range reported in the related studies. However, 

it is difficult to make comparisons since different types of aquifers, data collection intervals, 

data spans, and evaluation measures are used. For instance, Wunsch et al. (2021) and 

Hussein et al. (2020) have shown NSE measures greater than 0.90 in their LSTM-based 

models using multiyear groundwater level data. On the other hand, RF and SVR models 

from Afrifa et al. (2022) and Ramadan and Boubaker (2024) have similar high NSE scores 

using level targets in well-monitored locations. However, most of these studies used 

considerably long datasets (10-20 years) based on daily readings compared to our study area 

where we had a total span of less than three and a half years of data from nine wells. 
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Comparing studies that have models with good ΔGWL predictive skills (NSE > 0.3), these 

studies either have extensive data over time, a more dynamic aquifer system with well-

defined seasonality, or more extensive input information that includes evapotranspiration, 

soil moisture and remote sensing data (Hussein et al., 2020; Kumar et al., 2020; Lin et al, 

2022; Wunsch et al., 2021). Given the stability and low variability in the Kankaala esker 

aquifer, it is expected that our results regarding the ΔGWL NSE and one-step skills will be 

relatively poor for both models. 

For multi-step results, RF recursive maintaining positive skill to h = 7 days and Ridge direct 

beating persistence from h = 14 to h = 21, exceeding what most data-driven groundwater 

forecasting studies achieve at extended horizons. Wunsch et al. (2021) report rapidly 

deteriorating skill beyond h = 3 to h = 5 days for LSTM and CNN models despite using 

substantially longer training records and richer meteorological inputs than were available 

here. Similarly, Hussein et al. (2020) and Lin et al. (2022) note that recursive multi-step 

prediction errors compound quickly in groundwater systems, limiting operational usefulness 

beyond a few days for most model configurations. The extended skill window achieved in 

this study can be attributed to the parsimonious 13-feature set, that removes redundant 

predictors, and makes the recursive feature update at each step carries a cleaner signal and 

keeps compounding errors smaller for longer. This represents an important methodological 

contribution of this thesis, demonstrating that in a data-constrained cold-region aquifer 

setting, a carefully curated small feature set can outperform a larger one not only at one-step 

but across the full multi-step forecasting horizon. 

The use of more advanced deep learning architectures such as LSTM and GRU networks 

specifically designed for temporal sequence prediction and have demonstrated state-of-the-

art performance in several groundwater forecasting benchmarks (Wunsch et al., 2021; Lin 

et al., 2022) was considered outside the scope of this thesis. LSTM networks require several 

decades of continuous observations to train robustly and to avoid overfitting (Afrifa et al., 

2022). With approximately three and a half years of pooled training data across nine wells, 

the Kankaala monitoring record falls substantially short of what the literature identifies as a 

minimum threshold for reliable deep learning performance.  

Deploying LSTM or similar recurrent architectures would therefore most likely produce 

results that appear strong on the test set but lack transferability. The simpler, regularised 

models employed which are Ridge and Random Forest, are better suited to small-sample 
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regimes precisely because their inductive biases align more closely with the slow, trend-

dominated, low-variance time series with limited non-linear seasonal dynamics. 

On feature selection and engineering, the two-stage manual selection using Pearson 

correlation removal followed by PACF and RF importance thresholding aligns broadly with 

the feature engineering strategies documented in the literature, where lagged groundwater 

levels, precipitation accumulations, and temperature inputs are the most commonly retained 

predictors (Afrifa et al., 2022; Saquir et al., 2025). However, it is acknowledged that the 

final 13-feature parsimonious set was arrived at through a structured, but not fully exhaustive 

selection process. Specifically, a systematic sensitivity analysis testing all possible 

combinations of 1 to n features within the 30-feature corr-removed set was not conducted 

within the scope of this thesis. It is therefore possible that a different combination of features 

could yield marginally better or more robust performance. Establishing the globally optimal 

feature subset through exhaustive combinatorial search would require computational 

resources beyond the scope of the current work, and the gains are unlikely to be large given 

the strong physical justification for the retained features. Nonetheless, this represents a clear 

direction for future work, which is a systematic feature combination search, potentially using 

forward stepwise selection or LASSO-based regularisation across multiple cross-validation 

folds, could confirm whether the manually curated 13-feature set is near-optimal or whether 

a different parsimonious combination exists that better captures the recharge and abstraction 

dynamics of the Kankaala aquifer. 

 

5  Conclusions and Discussion 

The thesis investigated the use of machine learning for daily groundwater level forecasting 

in the Kankaala esker aquifer, Sotkamo, northern Finland, as part of the POVADA project. 

Of the three monitoring zones considered (Kankaala, Tenetti and Vuokatti), only Kankaala 

provided sufficient data quality, temporal coverage, and monitoring density to support 

reliable machine learning modelling. This is proof of how critical the availability of long and 

reliable groundwater time-series is for any forecast. 
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A complete forecasting pipeline of the forecasting algorithm was created, comprising data 

preparation, feature engineering, creation of several different models (Ridge Regression, 

Random Forest, and Gradient Boosting) and 30-day operational forecasting with them. After 

performing feature selection via correlation checks, PACF test, and importance score from 

Random Forest, we were able to drastically decrease the number of predictors to 13 while 

maintaining good results. Finally, the chosen algorithm uses Random Forest recursive 

prediction for up to 7 days ahead and direct ridge prediction for up to 30 days ahead. 

5.1  Answering the Research Questions 

RQ1: Which type of data-based, both descriptive and predictive, models have been reported 

in the literature that are applicable by the local waterworks to anticipate the 

development of the local groundwater reservoir? 

The literature review confirmed different models for predicting the level of groundwater, 

including classical statistical models and modern artificial intelligence algorithms. Time 

series decomposition, Pearson correlation analysis, and partial autocorrelation were among 

the techniques used to determine the nature of time series, key factors that drive them, and 

appropriate lag order.  

As for predictive models, there are three main groups. Regression models that employ 

regularisation techniques like Ridge and LASSO models have the benefits of being robust 

and easily interpretable; this is an important consideration when there are not many 

observations. Tree-based ensembles (e.g. random forests, gradient boosting) are capable of 

capturing nonlinear dependencies between water level in the aquifer, water usage and 

atmospheric parameters. Recurrent neural networks, such as LSTM and GRU models, 

provide high-quality predictions but need plenty of training data. The review also confirmed 

that reliable forecasting may also require hybrid modelling frameworks and clustering 

approaches for heterogeneous aquifer systems. 

RQ2: Based on the literature review, what are the applicable models for the selected data 

cases, and possible paths of implementation? 

Using daily monitoring data obtained from nine wells in the Kankaala area, together with 

daily data on pumping withdrawal and meteorological data provided by FMI, the research 
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concluded that the hybrid model performs optimally for groundwater prediction. This was 

after testing with gradient boost, random forest (direct), random forest (recursive), ridge 

(direct) and ridge (recursive).  RF-recursive prediction was used for predictions for short 

time horizons (1-7 days), while ridge regression was used for predictions on long time 

horizons (8-21 days). The model was evaluated using an eleven month validation dataset 

and produced forecasts with expected accuracy levels. 

From the practical perspective, and keeping in mind the limitations of data, the seven-day 

RF recursive forecast could provide a short-range planning tool that genuinely outperforms 

persistence. The 21-day RF recursive/Ridge direct forecast also show signs of being able to 

act as a medium-range planning tool with quantified uncertainty bounds that allow the 

operator to assess confidence in the projection at each horizon.  

5.2  Verification and Validation 

The limitations of this research are as follows. First, the training data was for 51 months, and 

therefore, it was short when compared to the most studies on groundwater forecasting. As a 

result, the models may not have fully captured climatic cycles, recharge variability, and other 

rare hydrological events that could alter groundwater behaviour. Second, although more 

advanced machine learning and deep learning approaches such as LSTM and GRU networks 

have shown strong performance in groundwater forecasting studies (Wunsch et al., 2021; 

Hussein et al., 2020), they were not applied in this research. Such models tend to require 

larger datasets to be generalised properly. Considering the dataset available, ridge regression 

and random forest are more appropriate for building predictive models without overfitting 

issues.  

As for this study, sensitivity analysis was beyond scope. There were no tests conducted to 

see whether changing model parameters and training settings could improve the results. 

Feature selection was only done by employing correlation and PACF analyses as well as by 

evaluating the importance provided by the random forest.  
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5.3  Future Research 

Future research should evaluate these models using longer records of groundwater 

measurements, to see whether the inclusion of additional cycles and variations of water flow 

improves the prediction capacity of the models. Applying the framework to other aquifers 

and groundwater systems would also help assess the generalisability of the findings. 

Researchers can also explore more advanced forecasting methods, including LSTM and 

GRU networks, where sufficient historical data are available. Comparing these approaches 

with the simpler models used in this study would provide a clearer understanding of the 

trade-off between model complexity and predictive performance. For example, ARMA and 

ARIMA time series modelling could also be employed to account for short term 

autoregressive persistence and longer term moving average components in low-dimensional 

series in specific aquifers. Hybrid approaches could also be used considered for such limited 

data in future research. 

Future studies can look into other techniques for representing seasons either in addition or 

instead of the sine and cosine encoding that was done in this study.  The calendar month and 

week numbers can be included as categorical variables in the models so the model learns 

distinct seasonal responses associated with sudden changes like snowmelt and ground freeze. 

With this approach, the model is able to capture different seasonal patterns that trigonometric 

signals may not be able to capture. 

Finally, further work could also include sensitivity analysis to examine the influence of 

different feature combinations, model parameters, forecast horizons, and training 

configurations on model performance. Such analyses would help identify optimal modelling 

options and improve confidence in real-world predictions.  
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Appendix 1. Feature Engineering- Exclusion and Inclusion of Features by Multicollinearity 

Test  

12 features removed (r > 0.90 with at least one other predictor) 
Feature removed Correlated with Max r 

own_gwl_lag2 own_gwl_lag1 1.00 

own_gwl_lag3 own_gwl_lag1, lag2 1.00 

own_gwl_lag7 own_gwl_lag1, lag2, lag3 1.00 

own_gwl_lag14 own_gwl_lag1, lag2, lag3, lag7 1.00 

pump_gwl_lag1 pump_gwl_missing 0.97 

pump_gwl_lag3 pump_gwl_missing, lag1 0.94 

pump_gwl_lag7 pump_gwl_missing, lag1, lag3 0.91 

pump_gwl_lag14 pump_gwl_lag7 0.91 

pump_vol_roll7 pump_vol_lag3, lag5 0.94 

temp_lag3 temp_lag1 0.90 

temp_roll7 temp_lag1, lag3, lag7 0.96 

temp_roll30 temp_roll7, temp_lag14 0.93 

30 features retained: grouped by category 

AR / Own GWL lags (5): own_gwl_lag1, own_diff_lag1, own_diff_lag2, own_diff_lag3, 

own_diff_lag7 

Pump features (10): pump_gwl_missing, pump_vol_lag1, pump_vol_lag2, pump_vol_lag3, 

pump_vol_lag5, pump_vol_lag7, pump_vol_lag14, pump_vol_lag21, pump_vol_lag30, 

pump_vol_roll30 

Weather / Seasonal (15): temp_lag1, temp_lag7, temp_lag14, precip_lag1, precip_lag3, 

precip_lag7, precip_lag14, precip_lag30, precip_roll7, precip_roll30, precip_roll90, 

precip_missing, sin_doy, cos_doy, month 

  



 

 

 

 

Appendix 2. Feature Engineering- Exclusion and Inclusion of Features by PACF and RF 

Importance Tests  

Feature Group Features Removed N 

Removed 

Retention Criterion 

Pump volume lags pump_vol_lag1, lag2, lag3, 

lag5, lag14, lag21, lag30 

7 Only pump_vol_lag7 exceeded 1% RF 

importance threshold 

Pump volume 

rolling 

pump_vol_roll30 1 Rolling 30-day sum adds no marginal 

signal beyond lag7 

Pump GWL pump_gwl_lag1 1 PVP_K1 series begins Jan 2024 only, 

insufficient training coverage 

Temperature temp_lag7, temp_lag14 2 Thermal signal at 7 and 14 days 

redundant given temp_lag1 retention 

Precipitation lags precip_lag3, lag7, lag14, 

lag30 

4 Point lags subsumed by retained rolling 

accumulation features 

Precipitation flag precip_missing 1 Binary flag carries insufficient 

predictive signal 

Seasonal cos_doy 1 Cosine term redundant given sin_doy 

and month jointly capture seasonal 

position 

Total 
 

17 
 

13 features retained: grouped by category 

AR/Own GWL lags (5): own_gwl_lag1, own_diff_lag1, own_diff_lag2, own_diff_lag3, 

own_diff_lag7 

Weather / Seasonal Features (7): precip_roll90, precip_lag1, precip_roll30, precip_roll7, 

temp_lag1, sin_doy, month 

Pump Features (1):  pump_vol_lag7 

 

 

 



 

 

 

Appendix 3. 30-Day Rolling Operational GWL Forecasts from Study Modelling  

Forecast Date 
Horizon 
(days) 

Model PVP16 PVP17 PVP18 PVP20 PVP23 PVP24 PVP25 

07 Jan 2026 1 RF recursive  139.4 140.225 139.624 139.033 139.024 142.654 140.26 

08 Jan 2026 2 RF recursive  139.3988 140.224 139.623 139.0318 139.0232 142.6528 140.2588 

09 Jan 2026 3 RF recursive  139.3977 140.223 139.622 139.0307 139.0223 142.6517 140.2577 

10 Jan 2026 4 RF recursive  139.3965 140.222 139.621 139.0295 139.0215 142.6505 140.2565 

11 Jan 2026 5 RF recursive  139.3953 140.221 139.62 139.0283 139.0207 142.6493 140.2553 

12 Jan 2026 6 RF recursive  139.3942 140.22 139.619 139.0272 139.0198 142.6482 140.2542 

13 Jan 2026 7 RF recursive  139.393 140.219 139.618 139.026 139.019 142.647 140.253 

14 Jan 2026 8 Ridge direct  139.3879 140.2137 139.613 139.0214 139.0134 142.6427 140.2476 

15 Jan 2026 9 Ridge direct  139.3827 140.2084 139.608 139.0169 139.0079 142.6384 140.2421 

16 Jan 2026 10 Ridge direct  139.3776 140.2031 139.603 139.0123 139.0023 142.6341 140.2367 

17 Jan 2026 11 Ridge direct  139.3724 140.1979 139.598 139.0077 138.9967 142.6299 140.2313 

18 Jan 2026 12 Ridge direct  139.3673 140.1926 139.593 139.0031 138.9911 142.6256 140.2259 

19 Jan 2026 13 Ridge direct  139.3621 140.1873 139.588 138.9986 138.9856 142.6213 140.2204 

20 Jan 2026 14 Ridge direct  139.357 140.182 139.583 138.994 138.98 142.617 140.215 

21 Jan 2026 15 Ridge direct  139.3547 140.1796 139.5806 138.9917 138.9777 142.6144 140.2126 

22 Jan 2026 16 Ridge direct  139.3524 140.1772 139.5782 138.9894 138.9754 142.6119 140.2103 

23 Jan 2026 17 Ridge direct  139.3501 140.1749 139.5759 138.9871 138.9731 142.6093 140.2079 

24 Jan 2026 18 Ridge direct  139.3477 140.1725 139.5735 138.9847 138.9708 142.6067 140.2055 

25 Jan 2026 19 Ridge direct  139.3454 140.1701 139.5711 138.9824 138.9684 142.6042 140.2031 

26 Jan 2026 20 Ridge direct  139.3431 140.1677 139.5687 138.9801 138.9661 142.6016 140.2007 

27 Jan 2026 21 Ridge direct  139.3408 140.1654 139.5664 138.9778 138.9638 142.5991 140.1984 

28 Jan 2026 22 Ridge direct  139.3385 140.163 139.564 138.9755 138.9615 142.5965 140.196 

29 Jan 2026 23 Ridge direct  139.3362 140.1606 139.5616 138.9732 138.9592 142.5939 140.1936 

30 Jan 2026 24 Ridge direct  139.3339 140.1583 139.5592 138.9709 138.9569 142.5914 140.1912 

31 Jan 2026 25 Ridge direct  139.3316 140.1559 139.5569 138.9686 138.9546 142.5888 140.1889 

01 Feb 2026 26 Ridge direct  139.3293 140.1535 139.5545 138.9663 138.9522 142.5863 140.1865 

02 Feb 2026 27 Ridge direct  139.3269 140.1511 139.5521 138.9639 138.9499 142.5837 140.1841 

03 Feb 2026 28 Ridge direct  139.3246 140.1488 139.5497 138.9616 138.9476 142.5811 140.1817 

04 Feb 2026 29 Ridge direct  139.3223 140.1464 139.5474 138.9593 138.9453 142.5786 140.1794 

05 Feb 2026 30 Ridge direct  139.32 140.144 139.545 138.957 138.943 142.576 140.177 

 

 


