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ABSTRACT 

Non-road mobile machinery (NRMM) significantly impacts national air pollution levels, but many 

countries lack comprehensive, data-driven inventories due to limited, fragmented, or assumption-

based activity and fleet data. This dissertation proposes and evaluates a practical alternative: a non-

linear regression method that estimates NRMM emissions at a national level using easily obtainable 

indirect statistics. Utilising XGBoost, the model employs comparable datasets—such as road vehicle 

emissions and socio-economic or sectoral indicators like industrial output, agricultural land use, and 

housing activities—to estimate emissions of CO, NMVOC, NOX, PM2.5, and PM10. 

Four data-preparation methods (raw, standardised, filtered, filtered plus standardised) and three 

evaluation configurations (standard 80/20 split, Denmark-only test, and Croatia-only test) are used to 

assess model generalisability under realistic data limits. To enhance interpretability, tools are 

employed to identify key predictors and convert the model from a “black box” into an understandable 

decision system. Throughout all scenarios, the combination of filtered and standardised inputs results 

in the most consistent and transferable results at the country level, highlighting an important role of 

data preparation in modelling from indirect proxies. 

The research identifies key parameters for assessing engine emissions in NRMM, and presents a 

practical model that can estimate national NRMM emissions with adequate precision. The confirmed 

hypothesis is that integrating existing literature and inventories with indirect factors chosen in this 

work enables credible assessments of an NRMM inventory. This method provides a feasible solution 

for current policy and planning purposes, while also revealing opportunities for future enhancements, 

such as exploring alternative learning algorithms, improved preprocessing for missing or outlier data, 

greater sectoral/NFR detail, spatial disaggregation, and temporal forecasting — enhancements that 

will benefit from systematic, higher-quality data collection. 

Keywords: mobile machinery, emissions, emission inventory, non-linear regression, XGBoost 
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PROŠIRENI SAŽETAK 

Sva vozila i strojevi koji za rad koriste fosilna goriva izvor su emisija, koje se obično klasificiraju u 

dvije glavne kategorije: emisije stakleničkih plinova i emisije štetnih tvari. Staklenički plinovi, poput 

ugljikovog dioksida (CO2), igraju ključnu ulogu u efektu staklenika, jer zadržavaju dodatnu toplinu 

u Zemljinoj atmosferi, doprinoseći globalnom zagrijavanju i posljedičnim klimatskim promjenama. 

Štetne tvari u zraku predstavljaju dodatni problem, jer se sastoje od raznih tvari za koje je dokazano 

da uzrokuju značajne zdravstvene probleme, posebno utječući na ljudski dišni i kardiovaskularni 

sustav. 

Uloženi su značajni međuvladini napori kako bi se smanjile emisije i ublažio njihov utjecaj na okoliš 

i ljudsko zdravlje. Pariški sporazum iz 2016. predstavlja globalni konsenzus, a zemlje su se složile 

surađivati kako bi ograničile porast prosječnih globalnih temperatura na znatno ispod 2 °C iznad 

predindustrijskih razina. Postizanje ovog cilja zahtijeva značajno smanjenje emisija stakleničkih 

plinova, s ciljem smanjenja od najmanje 40 % do 2030. u usporedbi s razinama iz 1990. 

Osim cestovnih vozila u EU, zakonski propisi primjenjuju se i na motore koji se koriste u necestovnim 

pokretnim strojevima (NCPS). Slični regulatorni okviri implementirani su u drugim velikim 

gospodarstvima, uključujući Sjedinjene Američke Države, Kinu i Indiju. Unutar Europske unije, 

regulacija emisija NCPS-ova  započela je uvođenjem prvog emisijskog standarda, poznatog kao Faza 

1, 1999. godine. Ovaj regulatorni okvir se postupno širio, a peta faza u potpunosti je na snazi od 2021. 

godine. 

Izrada inventara emisija važan je korak u osmišljavanju strategija za ublažavanje emisija. 

Katalogiziranjem emisija na temelju njihovih izvora i količina za svaku praćenu vrstu emisija štetnih 

tvari moguće je pronaći primarne doprinositelje ukupnim emisijama. Međutim, izrada inventara 

emisija je neprekinut proces koji zahtijeva trajno prikupljanje podataka iz različitih izvora. Područje 

NCPS-ova  je u ovom pogledu manjkavo zbog ozbiljnog nedostatka kvalitetnih i pouzdanih podataka, 

što rezultira inventarima emisija s lošom kvalitetom izvora podataka te posljedično inventarima 

emisija slabe kvalitete i pouzdanosti. Nedostatak podataka u ovom području prvenstveno je posljedica 

percepcije da NCPS-ovi manje doprinose onečišćenju u usporedbi s cestovnim vozilima. Kao rezultat 

toga, ograničenja emisija za NCPS-ove općenito su blaža od onih nametnutih cestovnim vozilima, 

kako u EU tako i globalno. To je dovelo do manje istraživanja i ograničenog prikupljanja podataka 

od strane državnih institucija u vezi s NCPS-ovima. Trenutni inventari emisija NCPS-ova 

prvenstveno se oslanjaju na podatke o uvozu ili prodaji strojeva. 
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Imajući u vidu trenutna ograničenja, upotreba regresije za procjenu emisija štetnih tvari NCPS-ova 

mogla bi pridonijeti izradi kvalitetnijih inventara emisija. Ipak, nisu svi regresijski modeli prikladni 

kao rješenje. Tradicionalni linearni regresijski modeli često su neadekvatni za procjenu emisija 

NCPS-ova, dok napredne tehnike regresije, posebno nelinearni regresijski modeli, pružaju 

obećavajuću alternativu za procjenu i analizu emisija tamo gdje izravni podaci nisu dostupni ili su 

nepotpuni. Metode poput stabala odlučivanja, slučajnih šuma ili eXtreme Gradient Boostinga 

(XGBoost) ističu se kao snažni i fleksibilni nelinearni regresijski modeli, dobro prilagođeni za 

rukovanje složenim skupovima podataka i pravilnog povezivanja složenih odnosa između varijabli. 

Ovo istraživanje ima za cilj identifikaciju ključnih parametara potrebnih za procjenu emisija motora 

ugrađenih u NCPS-ove i razvijen model koji će omogućiti zadovoljavajuće točnu procjenu emisija 

motora ugrađenih u NCPS-ove na temelju postojećeg inventara emisija za cestovna vozila i važnih 

neizravnih čimbenika. Primjenom naprednih tehnika strojnog učenja na ograničene dostupne podatke, 

ovaj rad nastoji zadovoljavajuće procijeniti emisije NCPS-ova. Procjenjuju se emisije pet vrsta  

emisija štetnih tvari – ugljikov monoksid (CO), metanski hlapivi organski spojevi (NMVOC), 

dušikov oksidi (NOX), PM2.5 čestice (PM2.5) i PM10 čestice (PM10)  – na uzorku od 32 europske 

države. Izravni podaci o emisijama NCPS-ova preuzeti su iz baze UNECE CLRTAP za razdoblje 

1990.–2021., strukturirani po državama, NFR kategorijama i vrstama štetnih tvari. U obuhvat su 

uključene NFR kategorije 1A2gvii, 1A4aii, 1A4bii, 1A4cii, 1A4ciii i 1A5b, čime su pokrivena sva 

područja, tj., sve vrste NCPS-ova. Dodatno je iz iste baze agregirana emisija cestovnih vozila (suma 

NFR 1A3b potkategorija) kao jedinstven neizravni čimbenik „Road vehicle emissions“. 

Neizravni čimbenici odabrani su iz Eurostatove baze podataka, ciljano po područjima u kojima se 

NCPS-ovi intenzivno koriste (industrija/proizvodnja, građevinarstvo, 

poljoprivreda/šumarstvo/ribarstvo, kućanstva i usluge). Pretraga je provedena dvoslojno: prvo 

pretragom ključnim riječima („industry“, „construction“, „agriculture“, „energy balance“, 

„buildings“, „fleet“, „households“, itd.), a zatim manualnom provjerom baze podataka radi 

izbjegavanja lažnih korelacija i uključivanja mogućih „skrivenih“ skupova s jasnom sektorskom 

povezivošću s NCPS-ovima. Tako je sastavljen skup kandidata (npr. sts_inpr_a, sts_copr_a, 

sts_cobp_a, sbs_na_ind_r2, itd.), a unutar svakog skupa odabrane su pojedinačne varijable s bliskošću 

s područjem NCPS-ova (npr. indeksi obujma proizvodnje, dozvole za gradnju, iskorištene 

poljoprivredne površine, stanovanje po tipu, kućanska potrošnja energije). 
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Zbog ograničene duljine vremenskih nizova (≈ 30 točaka po zemlji) i neravnomjerne kvalitete 

podataka, primijenjene su tri strategije pripreme podataka: z-standardizacija po zemlji, filtriranje 

prema kvantilima za skupove s najvišom asimetrijom (eng. skewness) unutar sektora, te kombinacija 

„filtrirano+standardizirano“. Standardizacija je provedena na razini svake pojedinačne zemlje zbog 

velikih međudržavnih razlika u razinama istih varijabli; time se podaci dovode na usporedivu skalu i 

smanjuje se utjecaj međudržavnih razlika na učenje modela. Nije rađena imputacija – model se 

oslanja isključivo na zabilježene vrijednosti. Nakon pripreme podataka, provedeno je ugađanje 

hiperparametara XGBoost-a (eta, max_depth, n_estimators, subsample, colsample_bytree, alpha, 

lambda) kombinacijom grid/random pretrage i k-presjeka.  

Model je proveden na tri slučaja: standardna podjela 80/20 (train/test), test na Danskoj i test na 

Hrvatskoj. Kao metrike korišteni su koeficijent determinacije (R2), srednja apsolutna greška (MAE) 

i korijen srednje kvadratne greške (RMSE), uz interpretaciju modela putem važnosti značajki (eng. 

feature importance) i SHAP vrijednosti (eng. SHAP values). Upozorava se na ograničenja R2 u 

nelinearnim modelima i malim/šumnim uzorcima te na veću robusnost MAE/RMSE pri malim test-

skupovima. 

Sažetak ključnih rezultata: 

1. Standardna 80/20 podjela: korištenje sirovih podataka rezultira vrlo visokom objašnjenom 

varijanca (R2 ≈ 0,99). Kombinacija filtriranja i standardizacije snižava R2, ali homogenizira 

pogreške (standardizirani MAE/RMSE < ~0,6 SD) i čini model otpornijim na različitosti u 

podacima.  

2. Danska: Odabrana je zbog relativno dobre kvalitete podataka i raznolike sektorske uporabe 

NCPS-ova; međutim, CO pokazuje neuobičajen skok 2003.–2008. (zbog povećanja potrošnje 

benzina u komercijalnom/institucijskom sektoru s 0,6 PJ na 1,2 PJ), što model ne „prati“ jer 

ostale vrste emisija štetnih tvari stagniraju ili padaju. Prosječna relativna pogreška za 

NMVOC je 6 %, ali CO je, osim zbog neočekivanog skoka u vrijednostima, osjetljiv zbog 

uskog raspona i dominacije jednog skupa ulaznih podataka – emisije CO cestovnih vozila. 

SHAP vrijednosti prikazuju gotovo linearan i jedinično dominirajući utjecaj tog skupa 

podataka.  

3. Hrvatska: Hrvatski slučaj dodatno testira model na gospodarstvu drukčije strukture i 

kvalitete podataka. Standardizacija, osobito s filtriranjem, znatno poboljšava rezultate. Za 

razliku od Danske, metrike CO su na razini ostalih tvari, što se poklapa s većom relativnom 
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varijabilnošću niza. Također, uloga ostalih neizravnih čimbenika, poput podataka iz područja 

poljoprivrede i građevine, je izraženija. 

Sva tri slučaja potvrđuju da je standardizacija po zemlji glavni generator bolje prenosivosti i 

stabilnijih pogrešaka u modelu, a da kombinacija s ciljanom kvantilnom filtracijom (na 

podskupovima s najvećom asimetrijom) rezultira najboljom ukupnom ravnotežom između točnosti i 

robusnosti. Prednost se posebno vidi na primjeni modela na Dansku i Hrvatsku gdje je varijabilnost 

manja, a broj podataka ograničen. Ponašanje po tvarima nije homogeno: CO je osjetljiv na uske 

raspone i pojedinačne dominirajuće prediktore (npr. RVEMIS_CO u Danskoj), što može dovesti do 

negativnih ili niskih R2 unatoč relativno malim apsolutnim pogreškama. Nasuprot tome, PM2.5, 

primjerice, pokazuje stabilno poravnanje stvarnih i predviđenih vrijednosti te višeznačajnu ovisnost 

neizravnim čimbenicima, što povećava otpornost modela. NMVOC i NOX u oba su slučaja između 

ta dva ekstrema. Veličina uzorka presudno utječe na metrike: u klasičnom 80/20 režimu model 

raspolaže velikim i heterogenim test-skupom i ostvaruje visoke R2 i povoljne MAE i RMSE; dok u 

slučaju Danske i Hrvatske mali broj točaka i niska varijabilnost amplificiraju utjecaj svake 

pojedinačne pogreške (R2 je vrlo volatilan), dok su MAE/RMSE robusniji indikatori korisnosti 

predikcija. 

Glavni doprinos rada je dokaz da se integracijom UNECE-CLRTAP emisijskih nizova s odabranim 

Eurostatovim indirektnim čimbenicima i primjenom metode XGBoost može dobiti zadovoljavajuća 

procjena nacionalnih emisija NCPS-ova, čak i ondje gdje su nacionalni podaci krnji ili temeljeni na 

pretpostavkama. Okvir je skalabilan (lako uključuje/isključuje čimbenike), reproducibilan i prenosiv 

preko zemalja, a alati za interpretaciju modela pomažu objasniti zašto model predviđa kako predviđa. 

Ograničenja su inherentna kvaliteti i potpunosti službenih nizova i malom broju podataka po zemlji. 

U praksi to znači da R2 sam po sebi nije dovoljan kriterij, osobito na malim skupovima; stoga su i 

upotrijebljene dodatne metrike MAE i RMSE, kao i analize važnosti značajki i SHAP vrijednosti. 

Primjenjivost je višestruka: kao temeljna procjena u zemljama s podatkovnim prazninama, 

scenarijske provjere osjetljivosti promjenom ulaznih podataka, međudržavno uspoređivanje i 

provjere kvalitete i kao alat politike interpretacijom procijenjenih vrijednosti emisija štetnih tvari 

(putem analize važnosti značajki i SHAP vrijednosti). Budući rad uključuje granuliranu  NFR razradu, 

prostornu disagregaciju, scenarije kratkoročnog predviđanja kao i eksperimente s alternativnim 

algoritmima strojnog učenja ili hibridnim pristupima. 

Ključne riječi: necestovni pokretni strojevi, emisije, inventar emisija, nelinearna regresija, XGBoost  
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1 Introduction 

All fossil-fuel-powered vehicles and machines are a source of emissions, which are typically 

classified into two main categories: greenhouse gas emissions and air pollutants. Greenhouse gases, 

such as carbon dioxide (CO2), play a crucial role in the greenhouse effect, as they trap additional heat 

within the Earth’s atmosphere, contributing to global warming and subsequent climatic changes [1]. 

Air pollutants pose an additional problem, as they consist of various harmful substances that have 

been shown to cause significant health issues, particularly affecting the human respiratory and 

cardiovascular systems [2,3]. The levels of both greenhouse gases and air pollutants are globally on 

the rise, leading to a growing environmental and public health problem [4]. The need to address and 

reduce these emissions has become one of the main objectives in the global fight against climate 

change and environmental degradation. 

Substantial intergovernmental efforts have been made to lower emissions and mitigate their impact 

on both the environment and human health. The Paris Agreement from 2016 represents a global 

consensus, with countries agreeing to work together to limit the rise in global average temperatures 

to well below 2 °C above pre-industrial levels. Achieving this target requires a significant reduction 

in greenhouse gas emissions, with a goal of at least a 40% decrease by 2030 compared to 1990 levels 

[5]. This commitment to climate action was further reinforced by the Glasgow Climate Pact 

from 2021, with even stronger measures and renewed dedication to achieving climate goals [6]. In 

alignment with these global initiatives, the European Union (EU) has adopted a plan for further 

emission reduction. Through the European Commission, the EU has set a target to reduce CO2 

emissions by 55% by 2030, compared to 1990 levels, affirming and strengthening its leadership in 

the global effort to transition toward a low-carbon economy and achieve long-term sustainability [7]. 

As a part of the aforementioned global environmental objectives, particularly those targeting climate 

change mitigation, one of the main areas of emission reduction are emissions from internal 

combustion engines (ICE). This need is underscored by the fact that between 1990 and 2017, only 

Sweden and Lithuania among EU member states managed to achieve a reduction in emissions from 

road traffic, which is responsible for most of the ICE emissions [8]. To support the formulation of 

effective emission reduction strategies, the European Environment Agency (EEA) compiles data from 

a wide range of sources, thereby establishing a foundation for the development of legal restrictions 

aimed at curbing emissions [9]. 
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In addition to road vehicles in the EU, legal regulations are also being applied to engines used in non-

road mobile machinery (NRMM) [10]. Similar regulatory frameworks have been implemented in 

other major economies, including the United States [11], China [12], and India [13]. Within the 

European Union, the regulation of NRMM emissions began with the introduction of the first emission 

standard, known as Stage 1, in 1999. This regulatory effort has progressively expanded, with the fifth 

stage proposed in 2014, which significantly broadened the scope of the regulations to include engines 

ranging from small spark-ignition engines to those with power outputs exceeding 560 kW [14]. 

The principal regulatory framework governing NRMM emissions in the EU is set out in the 

Regulation (EU) 2016/1628 of the European Parliament and of the Council. This regulation defines 

NRMM, categorising it as machinery that is mobile or transportable but not intended for the 

transportation of passengers or goods on public roads. Additionally, it covers machinery that is 

installed on vehicles designed for passenger or cargo transport. The regulation applies to a wide array 

of machinery, including construction equipment, mobile industrial and commercial devices, snow 

groomers, street cleaning machines, agricultural and forestry machinery, household appliances, 

garden maintenance equipment, as well as inland waterway vessels and locomotives [15]. 

Creating an emission inventory is an important step in devising strategies to mitigate emissions. By 

cataloguing emissions based on their sources and quantities for each monitored pollutant, it becomes 

possible to find the primary contributors to overall emissions. An emission inventory, however, is 

never fully developed, but is an ongoing process that necessitates the continuous gathering of data 

from a variety of sources. This means that it should take into account technology advancements, 

machinery population changes, changes in machinery use etc., making it a dependable tool for the 

advancement of technologies aimed at reducing emissions. They also play a critical role in enforcing 

policies for emission reduction, particularly at the local level [16–18]. Moreover, emission inventories 

serve as a valuable means of evaluating the effectiveness of existing environmental policies [19]. 

However, there must be a process of data collection and preparation for an emission inventory to be 

developed. The NRMM sector has an issue of a serious lack of quality and reliable data, which results 

in emission inventories with poor quality of data sources. The scarcity of data in this area is primarily 

due to the perception that NRMM contributes less to pollution compared to road vehicles. As a result, 

emission limits for NRMM are generally more lenient than those imposed on road vehicles, both in 

the EU and globally [10,20]. This has led to less research and limited data collection by governmental 

organizations regarding NRMM. The current NRMM emission inventories primarily rely on machine 
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import or machinery sales data. For example, official statistical data in the Netherlands base NRMM 

emissions solely on vehicle sales, with activity data inferred from secondary sources from other 

nations [21,22]. Similarly, the Federal German Environment Agency uses machinery stock data from 

various resale platforms, whereas detailed stock data are available only for tractors [23]. In Denmark, 

while partial data on agricultural and construction machinery are collected, information on other 

NRMM categories also relies on assumptions. However, Denmark has one of the most complete 

datasets regarding NRMM emissions which makes it, in this case of generally very poor data, a 

reliable reporting country [24]. A more detailed NRMM emission inventory in Switzerland exists, 

though only for 2015, with customised correction factors applied to better reflect real-world 

conditions. Additional correction factors align this research with the Tier 3 methodology outlined in 

the EEA Air Pollutant Emission Inventory Guidebook. However, data are not directly collected but 

instead based on assumptions and expert judgment [25].  

Some NRMM inventories are more detailed. Finland, for instance, has a comprehensive NRMM 

emission model. The calculation model used in Finland aligns with the EEA Air Pollutant Emission 

Inventory Guidebook Tier 3 method [26] to estimate NRMM emissions and energy consumption. 

This model incorporates data such as engine type, average power, median age, annual usage, and load 

factor, all based on unit counts, sales, and registration data. Data collection integrates national and 

international research, and the results cover five NRMM types: diesel and gasoline drivable machines, 

diesel and gasoline movable machines, and gasoline handheld machines. The data have been collected 

since 1980, with emission projections extending to 2040. However, even for this inventory activity 

data are only partially collected [27].  

The Swedish NRMM emission inventory similarly collects annual data on vehicle type and average 

annual use, providing detailed emission figures, including real-world emission data [28]. 

Nevertheless, improvements are needed as only partial data are collected and then extrapolated at the 

national level [29], which means that even this data is partial. 

To address this gap, a critical first step would involve governmental authorities designating a specific 

institution responsible for the systematic collection of NRMM data [30]. This would result in long-

term accumulation of data on a national scale, allowing for the integration of new information as 

technological advancements are made, thereby supporting efforts to meet emission reduction targets. 

The results could then be presented in a visually easy-to-understand manner, allowing easier 

knowledge transfer to policy makers. An example of this can be seen in the United Kingdom, where 
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the NRMM emission inventory has been used to provide spatial data on key pollutants [19]. Similarly, 

in the United States, the Environmental Protection Agency (EPA) developed a comprehensive 

NRMM emission inventory for 2017, which offers disaggregated data by federal state, enabling more 

targeted environmental management [31]. 

As already mentioned, assessing national emissions from non-road mobile machinery (NRMM) is 

particularly challenging due to the limited availability and poor quality of data. Unlike emissions data 

for road vehicles, which are relatively well-documented, NRMM emissions are usually poorly 

monitored or unmonitored, leading to a scarcity of comprehensive datasets. This data gap 

significantly makes it difficult to make an accurate emission quantification, which is critical for 

effective policy-making and regulatory enforcement [32,33]. Given these limitations, traditional 

linear regression models are often inadequate for assessing NRMM emissions. For this data problem, 

advanced regression techniques, especially non-linear regression models1, provide a promising 

alternative for estimating and analysing emissions where direct data is either unavailable or 

incomplete [34,35]. 

Methods such as Decision trees, Random forest or eXtreme Gradient Boosting (XGBoost) stand out 

as powerful and flexible non-linear regression models, well-suited for handling complex datasets and 

capturing intricate relationships between variables [36,37]. Many countries currently struggle with a 

lack of detailed and reliable NRMM emission inventories, which limits their ability to implement 

targeted emission reduction strategies. The application of non-linear regression models can 

significantly enhance the accuracy of NRMM emission assessments [38]. These models can achieve 

applicable results even under conditions of suboptimal data quality or some missing data [39]. 

Leveraging non-linear regression models represents a crucial step toward overcoming the current 

challenges in NRMM emission assessment. By improving the reliability and comprehensiveness of 

these assessments, this approach supports more effective environmental management at the national 

level and contributes to broader efforts to reduce emissions and address climate change. The 

integration of non-linear machine learning models into emissions analysis enables more accurate 

predictions even in the presence of complex, non-linear relationships within the data [40]. 

Additionally, applying advanced machine learning techniques has demonstrated significant 

 
1Non-linear regression models describe relationships where the expected response changes with predictors through a non-

linear (often non-additive) function. They encompass both parametric forms (e.g., exponential, logistic, power-law) and 

flexible, non-parametric machine-learning regressors such as tree ensembles or kernel methods, which are usually 

estimated via iterative optimisation. These models can capture complex patterns and interactions when linearity is not 

appropriate, but need careful tuning, diagnostics, and measures to prevent overfitting. 
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improvements in air pollutant forecasting and environmental management, providing a stronger 

foundation for policymaking [41]. Moreover, recent advancements in non-linear regression analysis, 

particularly with the support of models like XGBoost, further highlight the potential for enhancing 

emissions analysis and ensuring more reliable environmental assessments [42]. 

1.1 Motivation 

Although the contribution of non-road mobile machinery (NRMM) to overall emissions is substantial, 

there remains a significant gap in the systematic approach needed to acquire and process the necessary 

data for fully understanding the environmental and health risks posed by NRMM emissions. Current 

data reveal considerable disparities in the emission proportions of NRMM compared to their energy 

consumption. To address these emissions effectively, developing accurate emissions inventories 

supported by high-quality data is imperative. However, many countries lack such inventories, and 

where they exist, they are often based on assumptions rather than reliable data. 

One of the primary challenges is the absence of a comprehensive database of reliable and good-quality 

NRMM data. Establishing and maintaining such a database is essential for developing and updating 

an accurate emissions inventory. Unfortunately, many countries do not possess any form of NRMM 

emissions inventory, and those that do often rely on estimations rather than empirical data. Another 

critical issue is the lack of data on NRMM activity, which is vital for developing more detailed 

emission inventories. The construction, agriculture, and forestry sectors are particularly significant 

due to their substantial contributions to nitrogen oxide (NOX) and particulate matter (PM) emissions. 

For example, the EEA’s 2023 EMEP/EEA Air Pollutant Emission Inventory Guidebook emphasizes 

the importance of the agriculture and construction sectors in NOX and PM emissions. Similarly, 

Switzerland’s NRMM emissions inventory identifies these sectors as the primary sources of NOX and 

PM emissions. Accurate data collection from these sectors, particularly regarding the activity levels 

of machinery, is crucial. However, the reliability of this data depends on the collection by trained 

personnel to ensure high data quality.  

Based on current knowledge, to achieve robust, transparent and comparable inventories, compilation 

should proceed within a systematic, regulator-led framework. This could be achieved through annual 

surveys of major NRMM retailers organized by regulatory authorities or mandates requiring data 

collection on NRMM units introduced into the market. Additionally, to surveys and government 

involvement, further research is needed to refine methods for collecting or estimating emission 
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factors, especially considering the diverse range of engine models and fieldwork conditions. 

However, since this data-collecting scenario is far from reality, NRMM emissions could be estimated 

by using existing data. 

All the aforementioned challenges share a lack of data as its root problem. Certain data types, such 

as the registry of NRMM units and overall fuel consumption, can only be reliably collected by 

government bodies. Countries with established NRMM emissions inventories, like Finland, Sweden, 

and Germany, could share their methodologies with other nations to standardise data collection 

efforts, although they also estimate much of their input data. Digital tools could also play a role in 

automating data collection, but sustained government funding is necessary for their implementation. 

National statistical agencies are well-positioned to lead these efforts, given their expertise and 

resources. In many cases, slight modifications to existing surveys could be sufficient to gather basic 

data on NRMM numbers and activity. Additionally, establishing a dedicated task team or institution 

focused on NRMM emissions would help process the collected data and produce accurate, up-to-date 

emissions inventories. 

This research aims to address these challenges by exploring the use of non-linear regression models, 

specifically XGBoost, to improve the assessment of NRMM emissions on a national scale. By 

applying advanced machine learning techniques to the limited available data, this work seeks to 

satisfactorily assess NRMM emissions, thereby supporting more effective environmental 

management and policy-making efforts. 

1.2 Objective and hypotheses of research 

1.2.1 Research objectives 

The aim of the research is to develop a new method for assessing emissions of engines installed into 

NRMM. Since many countries lack the data to make such an inventory with current recommended 

models, the new method would allow the NRMM emission assessment to be made using less data, 

allowing the share of NRMM emissions in total emissions to be calculated. 

1.2.2 Research hypothesis 

Using the available scientific and professional literature, existing NRMM and road vehicle emission 

inventories, and by determining indirect factors affecting NRMM emissions, it is possible to develop 
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a method based on which the selected set of input data will be able to satisfactorily assess NRMM 

emissions, instead of determining them by making an NRMM emission inventory.  

1.3 Expected scientific contribution of proposed research 

There are two main expected scientific contributions of this research: 

1. Identification of key parameters needed to assess emissions of engines installed in non-road 

mobile machinery. 

2. Developed model that will enable a satisfactorily accurate emissions assessment of engines 

installed in non-road mobile machinery, based on the existing emission inventory for road 

vehicles and important indirect factors. 

1.4 Scope of work 

This PhD dissertation is divided into 6 chapters: 

Chapter 1 outlines the scope of work, discusses the research motivation, objectives, and hypotheses. 

It also offers a literature review on the scope of NRMM emissions, emission modelling, and emission 

inventories.  

Chapter 2 provides information on regression modelling, with a strong focus on non-linear regression 

modelling, especially machine learning methods. It also discusses the possibility of using machine 

learning models for NRMM emissions, as well as potential challenges related to data quality and 

model interpretation.  

Chapter 3 discusses database selection, the use of indirect data, choosing relevant datasets, and 

selecting a regression method. It presents multiple linear and non-linear regression techniques, with 

XGBoost identified as the most effective for NRMM emissions. The XGBoost regression method is 

then detailed, including potential challenges and solutions for applying this approach to assess 

NRMM emissions.  

Chapter 4 details the model build. This chapter explains the XGBoost model, implemented in Python. 

It covers data preparation, which involved four different scenarios. The process of hyperparameter 

tuning is also outlined. Additionally, it discusses model evaluation metrics and interpretability 

methods.  
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Chapter 5 presents model results, including several detailed discussions of the findings, which include 

predicted data, model explanations, and various factors that influence the model and its outcomes. 

The results are shown for multiple train/test data splits. First, the results are provided for the 80/20 

train/test split. Then, results are presented for Denmark and Croatia as test countries.  

Chapter 6 is the concluding chapter of this work. It presents the main contributions, confirms the 

research hypothesis, and states the original scientific contribution. Finally, it discusses possible and 

recommended directions for future research.  

1.5 Literature Overview 

The development of accurate and comprehensive emission inventories is crucial for identifying and 

mitigating emissions across various sectors. An emission inventory serves as a systematic 

compilation of data that categorises emissions by source, quantity, type, and other relevant factors, 

providing a tracking mechanism essential for policy development and technological innovation [43–

45]. The creation of these inventories is typically a long-term process that requires continuous data 

collection from a wide array of sources, making them invaluable tools for evaluating the effectiveness 

of existing policies and shaping new regulatory frameworks [46,47]. A well-developed emission 

inventory provides a platform for tracking the main sources of emissions by pollutant type and 

quantity, enabling targeted interventions and more effective policy-making [48,49].  

Typically, emission inventories are developed using either a bottom-up approach, which estimates 

emissions based on statistical analyses of activity data combined with emission factors, or a top-down 

approach, which relies on broader data collected at regional or national levels [50,51]. However, 

discrepancies between these methods can result in significant differences in the estimated emissions, 

underscoring the need for continued research and methodological refinement [51]. Figure 1.1 shows 

top-down and bottom-up approaches to emission inventory development. 
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Figure 1.1 Top-down and bottom-up approaches to emission inventory development [52] 

Further improvements to emission inventory development methods can result in more accurate result, 

such as using spatial-temporal disaggregation [53,54]. These improvements also rely on other socio-

technical areas which are innovation drivers [55]. However, despite the importance of emission 

inventories, significant data gaps persist in the area of NRMM, where the perceived minor role of this 

sector relative to road vehicles has led to less rigorous data collection and analysis [56,57]. 

NRMM encompasses a wide array of machinery used in sectors such as construction, agriculture, 

services, railway and forestry, all of which contribute to overall emissions. Regulation 2016/1628  

relating to gaseous and particulate pollutant emission limits and type-approval for internal 

combustion engines for non-road mobile machinery defines NRMM as “any mobile machine, 

transportable equipment or vehicle with or without bodywork or wheels, not intended for the transport 

of passengers or goods on roads, and includes machinery installed on the chassis of vehicles intended 

for the transport of passengers or goods on roads” [15]. Despite this, NRMM has been overlooked in 

environmental assessments, resulting in more lenient emission limits compared to those imposed on 
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road vehicles [58]. This disparity is also evident in the European Union (EU), where NRMM 

regulations have traditionally been less stringent than those for road vehicles, although recent efforts 

have been made to close this regulatory gap [59]. The underrepresentation of NRMM in emission 

inventories and the associated regulatory frameworks is a challenge, particularly given the 

contribution of this sector to overall emissions [60,61]. Countries that have implemented continuously 

updated inventories, such as Finland, provide valuable models for other countries to address the data 

gaps and regulatory shortcomings in their own NRMM sectors [62,63]. Figure 1.2 shows a breakdown 

of NRMM groups by nomenclature for reporting (NFR) categories and common machinery types in 

each group. NFR refers to the format for the reporting of national data in accordance with the 

Convention on Long-Range Transboundary Air Pollution (CLRTAP) also remitted to the European 

Environment Agency (EEA) [64]. 

 

Figure 1.2 Non-road mobile machinery categories according to the EEA Air Pollutant Emission 

Inventory Guidebook 

Recent studies have demonstrated that the contribution of NRMM to air pollution is significant 

[58,65]. For instance, NRMM is responsible for a substantial proportion of PM and NOX emissions, 

both of which are major contributors to air quality degradation and associated health risks [66,67]. 

The lack of stringent regulatory oversight in this sector has furthered these environmental impacts, as 

many NRMM units remain in operation well beyond their intended lifespan, continuing to emit high 

levels of pollutants [68,69]. 
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To address these data gaps and improve the accuracy of emission inventories, it is important to 

establish NRMM data collection, analysis, and reporting [70]. The availability of such data would not 

only enhance the precision of emission inventories but also support the development of targeted 

policies aimed at reducing emissions from this sector [71]. For example, in the United Kingdom and 

the United States, NRMM emission inventories have been significantly improved through the use of 

spatially resolved data, which allows for a more detailed analysis of pollution sources and facilitates 

more effective policy interventions [11,72]. 

Reducing NRMM emissions is a component of the broader goal of achieving climate neutrality. While 

NRMM accounts for a smaller proportion of total emissions compared to road vehicles, its 

contribution to greenhouse gases and pollutants such as NOx and PM is still substantial. In the EU, 

for instance, NRMM was responsible for 2% of total greenhouse gas emissions in 2010 [73] and 15% 

of NOX emissions in 2017 [30], highlighting the sector’s significant environmental impact. These 

figures clarify the need for more stringent emission controls and the adoption of advanced emission 

reduction technologies in the NRMM sector. Technologies such as diesel particulate filters, NOX 

adsorbers, selective catalytic reduction systems, and oxidation catalysts represent effective solutions 

for reducing emissions from NRMM, particularly in the agricultural and construction sectors [74]. 

However, implementing these technologies presents several challenges, particularly concerning the 

cost associated with retrofitting or replacing older NRMM with newer, cleaner models. The financial 

burden can be substantial, with estimates ranging from $229 per engine for smaller units to over 

$10,000 for larger engines with higher power outputs [75]. Moreover, while emission standards for 

NRMM have become more stringent in recent years, they still lag behind the more rigorous standards 

applied to road vehicles [20]. This discrepancy means that NRMM emissions will continue to pose a 

long-term environmental challenge due to the machinery’s durability and extended operational 

lifespan, which prolongs its impact on air quality [76]. 

The disparity between the regulation of NRMM and road vehicles is particularly concerning if 

NRMM emissions are compared to their energy consumption. For example, research conducted in 

Switzerland in 2015 revealed that although NRMM accounted for only 9% of the total energy 

expenditure in the transport sector, it was responsible for 28% of carbon monoxide (CO), 18% of 

hydrocarbons (HC), 19% of NOx, 33% of PM, and 8% of CO2 emissions [25]. Similarly, in Germany, 

NRMM was found to account for 20% of NOx emissions and 48% of PM emissions in 2010 [77]. 

These findings provide insight into the disproportionate impact of NRMM on air quality, particularly 
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in regions with high concentrations of construction and agricultural activities [78,79]. Figure 1.3 

shows a comparison of NRMM emissions compared to road vehicle emissions for the same amount 

of consumed energy for the Netherlands, Sweden, Finland, Denmark, Germany, and Switzerland. 

 

Figure 1.3 Total NRMM emissions compared to road vehicle emissions for the same amount of 

energy consumed for the Netherlands, Sweden, Finland, Denmark, Germany, and Switzerland [58] 

Another issue with NRMM is that it often operates in close proximity to populated areas, furthering 

the health risks associated with its emissions. Despite NRMM’s relatively small share of energy 

consumption compared to road vehicles, its emissions are often more harmful due to the types of 

pollutants it releases and the conditions under which it operates. For instance, a study in Germany 

found that emissions from construction sites, most often set in urban areas, contributed to 3% of total 

NOx emissions from traffic and 17% of total PM10 emissions from all sources [77]. This is further 

evidenced by data from Sweden, which shows that while the overall numbers of major pollutants like 

PM and HC have decreased since 2010, their relative contribution to emissions from NRMM has 

remained high, indicating slower fleet renewal rates compared to road vehicles [80,81]. 

Research outside Europe confirms this problem. For example, in China, 56% of PM emissions from 

mobile sources in 2019 were emitted mainly from 40 million units of construction and agricultural 

machinery, compared to 24% of PM emissions from 340 million road vehicles [82,83]. Another study 

in 2016 found that NRMM in China was responsible for significant levels of various pollutants, 

including CO, HC, NOX, and PM [84]. Additionally, projections suggest that emissions from 

construction and agricultural machinery in China’s Beijing-Tianjin-Hebei region could increase by 
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9% from 2015 to 2025 [85]. Similar trends are observed in other regions, such as Australia, where 

NRMM emissions, particularly from construction machinery, have been found to contribute 

significantly to NOX, SO2, PM10, and PM2.5 emissions [86]. 

Despite the progress made in recent years, significant challenges remain in developing accurate and 

comprehensive NRMM emission inventories. The lack of consistent data collection standards across 

regions, coupled with the variability in machine usage patterns and the aging of the NRMM fleet, 

complicates efforts to assess and mitigate the environmental impact of this sector [47,87]. Moreover, 

the limited availability of real-time data on NRMM operations intensify these challenges, making it 

difficult to develop a clear and accurate picture of the sector’s contribution to air pollution [88,89]. 

In order to overcome these challenges regarding data availability and quality, regression methods can 

be used to incorporate existing data and develop emission inventories and satisfactorily assess 

NRMM emissions. Machine learning models, such as Decision tree, Random forest or XGBoost can 

offer advanced possibilities in existing data usage [90] and offer satisfactory results to emissions 

[41,91]. However, since data quality and accessibility for NRMM is very poor, as visible from the 

EMEP/EEA NRMM Guidebook [92], the aforementioned methods would not have enough data to 

satisfactorily assess NRMM emissions only from existing data on NRMM emissions. Thus, in this 

thesis, other, indirect factors, will be used to assess NRMM emissions and provide an emission 

inventory which can be used as an orientation point towards new and improved emission models, data 

collection procedures and emission reduction policies. 

In conclusion, the assessment of NRMM emissions at a national level represents a critical area of 

research that addresses significant gaps in current emission inventories. As NRMM continues to be a 

major contributor to greenhouse gas emissions and air pollution, the development of accurate and 

comprehensive inventories is essential for informing effective policy interventions. The application 

of advanced regression methods, including machine learning models. Models like XGBoost and 

Random Forest which are commonly used for regression tasks [93], offer promising directions for 

developing these inventories in an alternative fashion, especially in the context of limited, poor-

quality data.  

Non-Road Mobile Machinery (NRMM) emissions data is often scarce or inconsistent across 

countries, presenting significant challenges to building a model that accurately reflects emissions 

across various regions and sectors. Unlike road vehicles, which benefit from well-defined emissions 

standards and monitoring, NRMM spans a broad range of machinery types used across industries like 
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construction, agriculture, forestry, and manufacturing. Given these limitations in NRMM data quality 

and availability, this thesis adopts an innovative approach by integrating indirect factors and using 

regression methods to estimate NRMM emissions on a national level. The resulting emission 

inventory aims not only to serve as a starting point for future research and policymaking but also to 

underscore the need for improved data collection practices and regulatory oversight in the NRMM 

sector. Through this work, the thesis contributes to the broader effort of achieving environmental 

sustainability and reducing the ecological footprint of NRMM across various industries.  
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2 Regression modelling 

2.1 Using Data in Regression Methods: The Role of Non-Linear Machine 

Learning Models 

Regression methods are often used in statistical analysis, providing tools to model the relationship 

between a dependent variable and one or more independent variables. These methods are especially 

valuable in fields that require precise predictions based on historical data, such as economics, 

engineering, environmental science, and medicine. While traditional linear regression models have 

been widely used for decades, the increasing complexity of data in various fields has led to the 

development and adoption of non-linear models, particularly those based on machine learning 

techniques. Non-linear regression models can make use of complex relationships within data, making 

them more suitable for real-world scenarios where the relationships between variables are not linear. 

2.1.1 The Evolution of Regression Methods 

Traditional regression methods, such as linear regression, rely on the assumption that there is a 

straight-line relationship between the independent variables and the dependent variable. While these 

methods are easy to implement and interpret, they often fall short when dealing with complex, non-

linear data [94]. For example, in environmental science, the relationship between pollutant levels and 

various influencing factors (like temperature, humidity, or industrial activity) is rarely linear. As a 

result, linear models may oversimplify the relationships, leading to inaccurate predictions [95]. 

To address these limitations, non-linear regression models are often used. These models do not 

assume a straight-line relationship between variables. Instead, they allow for more flexible 

relationships, which can take various forms such as quadratic, exponential, or logarithmic. Non-linear 

regression models can capture more complex patterns in the data, making them more accurate in 

predicting outcomes in scenarios where the relationships between variables are not straightforward 

[96,97]. 

However, while more flexible than linear models, traditional non-linear regression methods still have 

limitations. They often require the specification of a particular non-linear form (e.g., quadratic or 

cubic), which may not be appropriate for all datasets [98]. Moreover, they can be computationally 

intensive and sensitive to initial parameter estimates, which can lead to convergence issues [99]. 
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2.1.2 Machine Learning and Non-Linear Regression Models 

The development of machine learning has significantly advanced the field of both linear and non-

linear regression. Machine learning models, particularly those that fall under the category of 

supervised learning, have the capability to automatically detect complex patterns in data without the 

need for pre-specifying the form of the relationship between variables [100]. This makes them 

particularly well-suited for non-linear regression tasks [101]. 

Additionally, one of the key strengths of machine learning models is their ability to handle large 

amounts of data. As the volume of data increases, these models can learn more complex patterns and 

make more accurate predictions [101,102]. However, more data also increases the risk of overfitting, 

where the model learns the noise in the data rather than the underlying relationship. Techniques such 

as cross-validation, regularization, and pruning are commonly used to address overfitting in machine 

learning models [103,104]. Figure 2.1 shows an overview of machine learning models. 

 

Figure 2.1 An overview of machine learning models [105] 

Some of the most widely used machine learning models for non-linear regression include decision 

trees, random forests, Gaussian process regression (GPR), general vector machine (GVM),  support 
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vector regression (SVR). Some model types include multiple sub-types, such as XGBoost models as 

a gradient boosting type of ensemble decision tree models [106]. Based on current knowledge, non-

linear regression models (e.g., tree ensembles, kernel methods and neural networks such as extreme 

learning machines) can learn higher-order interactions among predictors without pre-specifying 

interaction terms, whereas linear models require such terms a priori; this makes them particularly 

useful when many variables may interact.[107,108]. Some of the most used methods are mentioned 

and explained below. 

A decision tree is a model that splits the data into subsets based on the value of input features. The 

model recursively splits these subsets further, eventually creating a tree-like structure where each leaf 

node represents a prediction. Decision trees are inherently non-linear, as they do not assume a linear 

relationship between the input features and the target variable. They are also relatively easy to 

interpret and can handle both numerical and categorical data, making them an often used machine 

learning model. However, they are prone to overfitting, especially when the tree grows too complex. 

[109]. 

To mitigate the overfitting problem of decision trees, random forests were developed. A random 

forest is an ensemble model that combines the predictions of multiple decision trees. Each tree in the 

forest is trained on a different random subset of the data, and the final prediction is made by averaging 

the predictions of all trees. This ensemble approach reduces the variance of the model, leading to 

more robust predictions. [110,111]. 

SVM is a powerful machine learning model that can be used for both classification and regression 

tasks. [112]. In the context of regression, SVM models the relationship between variables by finding 

a hyperplane that best fits the data. SVM can handle non-linear relationships by using kernel 

functions, which transform the input data into a higher-dimensional space where a linear relationship 

might exist. This allows SVM to model complex, non-linear relationships in the original data space 

[113,114]. 

Gradient boosting is an ensemble technique that builds models sequentially. Each new model is 

trained to correct the errors made by the previous models, i.e., it is trained on the pseudo-residuals 

(the negative gradient of the chosen loss) left by the current model. Further details are provided in 

chapter 4.3.1 [115,116]. XGBoost is an optimised version of the gradient boosting algorithm, 

designed to be highly efficient, scalable, and accurate. It has become one of the most popular machine 
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learning models due to its ability to handle large datasets and complex, non-linear relationships. It 

also includes mechanisms to prevent overfitting, such as regularisation [117,118]. 

2.1.3 The Role of Data in Non-Linear Regression Models 

The effectiveness of non-linear regression models, particularly machine learning models, hinges on 

the quality and quantity of the data used for training. High-quality data that accurately represents the 

underlying processes is important for building reliable models [119]. This involves ensuring that the 

data is clean, free from errors, and includes all relevant features that might influence the target 

variable [120]. 

Another important consideration is feature selection. In datasets with a large number of features, not 

all features may be relevant to the prediction task. Irrelevant features can introduce noise and reduce 

the model's accuracy [121]. Machine learning models often include mechanisms for feature selection, 

either implicitly (e.g., in decision trees where irrelevant features are unlikely to be chosen for splits) 

or explicitly (e.g., using regularization techniques that penalize the inclusion of irrelevant features) 

[122,123]. 

2.2 Using Machine Learning Models for NRMM Emissions Assessment 

2.2.1 Suitable machine learning methods 

Non-linear regression models, particularly those based on machine learning, offer significant 

advantages in assessing NRMM emissions at a national level. NRMM emissions are influenced by a 

wide range of factors, including engine type, fuel quality, usage patterns, and maintenance practices. 

Moreover, depending on machinery type, additional data can be used to assess emissions. The 

relationships between these factors and emissions are often complex and non-linear, making 

traditional linear models inadequate for accurate prediction. [124]. 

Machine learning models such as XGBoost and Random Forests are appropriate for this purpose since 

they can directly learn non-linear influences and higher-order interactions from disparate inputs, deal 

with multicollinearity and intermittent missingness with little pre-processing, and control overfitting 

via regularisation (XGBoost) or averaging (Random Forests), and provide functional variable-

importance diagnostics. These models can capture the complex interactions between different factors 

influencing NRMM emissions. [125,126]. For example, XGBoost can model the non-linear 

relationship between various datasets. Moreover, the ability of machine learning models to handle 
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large and diverse datasets makes them ideal for integrating multiple data sources to provide a 

comprehensive assessment of NRMM emissions. [127,128]. 

Incorporating machine learning models into NRMM emission inventories can significantly improve 

their accuracy and granularity. By using non-linear models, it is possible to predict emissions under 

a wide range of indirect data, providing policymakers with more detailed and actionable insights. 

These insights can inform the development of targeted emission reduction strategies, such as 

identifying high-emission machinery for retrofitting or replacement, optimizing maintenance 

schedules to reduce emissions, and setting more stringent emission standards for different types of 

NRMM [125,129]. 

2.2.2 Data quality 

If data quality is poor, particularly in scenarios where direct measurements are sparse or unreliable, 

non-linear machine learning models can still be effective when indirect data is incorporated. These 

models excel in uncovering complex patterns and relationships within the data, making them well-

suited for situations where traditional methods might give worse results due to data limitations [130]. 

By leveraging indirect data these models can identify correlations and potential causative links 

between the inputs and the target variable, even when direct data is lacking. This is because machine 

learning models are designed to explore and capture interactions between variables, enabling them to 

infer connections that might not be immediately apparent. As a result, even in the presence of poor 

quality or limited data, these models can provide valuable insights into the relationships driving 

emissions [131]. Their ability to adapt to the available data and still produce working predictive 

models makes them invaluable tools to assess NRMM emissions with adequate accuracy [132]. These 

methods, however, although being better than linear methods, also have limitations, and even they 

cannot replace good quality data or present wanted results based on poor or no data at all [133,134]. 

2.2.3 Model interpretation 

When evaluating non-linear methods, in scenarios with poor data quality and the use of indirect data, 

selecting the most practical metrics is important for accurate assessment of model performance. 

Traditional metrics like R², which measures the proportion of variance explained by the model, may 

not be the best suited in these cases. This is because R² assumes a linear relationship between the 

predictors and the target variable, and it does not account for the complexity of non-linear interactions 

that machine learning, non-linear models are designed to capture. Furthermore, R² can be misleading 
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when indirect data is used, as it might not fully reflect the nuanced relationships that such data can 

introduce [135,136]. Instead, metrics such as Mean Absolute Error (MAE) and Root Mean Squared 

Error (RMSE) are often more practical. MAE provides a straightforward interpretation of the average 

error, making it useful for understanding the typical magnitude of prediction errors, while RMSE 

emphasizes larger errors, which is important when outliers or extreme values are particularly 

impactful in the context of environmental assessments [137,138]. 

Moreover, when dealing with non-linear models and complex datasets, additional interpretation of 

the model and its metrics is necessary to ensure that the results are meaningful and actionable. Unlike 

linear models, where the relationship between predictors and the outcome is more transparent, non-

linear models can capture complex interactions that are not immediately apparent. This complexity 

means that metrics alone may not fully convey how well the model is performing [139]. For instance, 

a model might achieve a low RMSE, indicating good overall performance, but still exhibit significant 

prediction errors in specific subgroups of the data [140]. Therefore, it is essential to complement 

quantitative metrics with a thorough analysis of the entire model, including feature importance, data 

quality, potential interactions between variables, previous model limitations and results, and the 

overall context of the work,. This additional interpretation helps to uncover any hidden biases or 

patterns that the model might be learning, ensuring that the predictions are not only accurate on 

average but also reliable and a step forward compared to current state of affairs. 

Furthermore, interpreting these models requires a careful consideration of the indirect data used in 

the analysis. Indirect data can introduce correlations that, while statistically significant, may not 

reflect true causative relationships. Therefore, while non-linear machine learning models are powerful 

tools for finding connections within complex datasets, it is critical to assess whether these connections 

make sense within the domain context. This involves validating the model's predictions against 

known outcomes and, where possible, cross-validating with additional data sources. Most of all, it 

relies on careful input data selection. By integrating these interpretative steps into the evaluation 

process, the insights derived from non-linear models are both robust and applicable to real-world 

decision-making, particularly in challenging environments where data quality and availability are 

poor [141]. 

The use of non-linear regression methods, and particularly more complex machine learning models 

like XGBoost and Random Forests, represents a significant advancement in the assessment of NRMM 

emissions, especially in cases where direct data quality is poor, and indirect data must be relied upon. 
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These models offer the flexibility and accuracy required to capture the intricate relationships between 

various factors influencing emissions, which are often non-linear and complex. By using indirect data 

these models can find correlations and potential causative links that traditional linear models might 

miss [139]. However, the application of these models necessitates careful consideration of the 

evaluation metrics used to assess their performance. While metrics like R² are commonly used, they 

may not fully capture the model's effectiveness in these complex scenarios. Instead, metrics such as 

Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE) provide more practical insights 

into model accuracy, especially when dealing with noisy or incomplete data [142]. 

Moreover, interpreting the results from non-linear models goes beyond relying solely on metrics. 

Given the complexity of the relationships that these models capture, a deeper analysis including 

feature importance, the interactions between variables, and input data assessment is necessary to 

ensure that the model's predictions are reliable and actionable. As the availability and quality of data 

continue to improve, the role of these advanced machine learning models will become even more 

integral to environmental sustainability efforts. By providing more accurate assessments of NRMM 

emissions, these models will help shape more effective emission reduction strategies, contributing to 

better air quality and a healthier environment.  

Figure 2.2 and Figure 2.3 provide schematic overviews of the different approaches to assessing 

NRMM emissions. Figure 2.2 shows the conventional activity/emission-factor method based on 

direct NRMM data, while Figure 2.3 shows the proposed machine-learning workflow used when the 

necessary data are missing. 
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Figure 2.2. Current emission inventory calculation schematic 

 

Figure 2.3. Workflow of the model used in this work 
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3 Selection of data and regression method 

3.1 Selection of databases for NRMM emission data and indirect factors 

3.1.1 Choosing the relevant direct emission data 

To establish baseline NRMM emission data, which would serve as input data for the model, existing 

country data was taken from The Convention on Long-Range Transboundary Air Pollution database 

(CLRTAP), which the United Nations Economic Commission operates for Europe (UNECE). To 

solve the air pollution problem, 32 countries in the pan-European region decided to cooperate to 

reduce air pollution. In 1979, they signed the UNECE Convention on Long-range Transboundary Air 

Pollution, creating the first international treaty to deal with air pollution on a broad regional basis 

[143]. Today, the Convention has 51 Parties and is implemented by the European Monitoring and 

Evaluation Programme (EMEP) [144]. Together with the European Environment Agency (EEA), 

EMEP publishes the Pollutant Guidebook (EMEP/EEA Guidebook), which has a section designated 

to NRMM emissions. The 2023 version is the most recent [92].  

Since UNECE CLRTAP data on NRMM emissions is continuous (for some countries over thirty 

years) and on a country level, it provides adequate baseline input data on NRMM emissions [145]. 

The data is divided by country, NFR categories, and pollutant type. Data for 1990 – 2021 was 

available. Five pollutants, or emission types, were included in this research: HC, CO, NOX, PM2.5, 

and PM10. Furthermore, data for six NFR categories, as listed in the EMEP/EEA Guidebook, were 

considered for this research. Table 3.1 describes NFR categories relevant to NRMM emissions. 

Table 3.1 NRMM NFR categories 

NFR 

Category 

Number 

NFR 

Category 
Category Name Description 

1 1A4aii 
Commercial/institutional: 

Mobile 

Emissions from mobile equipment used in 

commercial or institutional settings, such 

as forklifts or cleaning machines. 

2 1A4bii 
Residential: Household and 

gardening (mobile) 

Emissions from small mobile equipment 

used in households or gardening, such as 

lawnmowers and chainsaws. 

3 1A4cii 

Agriculture/Forestry/Fishing: 

Off-road vehicles and other 

machinery 

Emissions from machinery used in 

agricultural, forestry, or fishing operations, 

such as tractors and harvesters. 
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NFR 

Category 

Number 

NFR 

Category 
Category Name Description 

4 1A4ciii 
Agriculture/Forestry/Fishing: 

National fishing 

Emissions from fishing vessels used for 

national fishing activities. 

5 1A2gvii 

Mobile Combustion in 

manufacturing industries and 

construction 

Emissions from mobile equipment used in 

manufacturing and construction, such as 

cranes or bulldozers. 

6 1A5b 

Other, Mobile (including 

military, land-based, and 

recreational boats) 

Emissions from various other mobile 

sources, including military vehicles, 

recreational boats, and other land-based 

equipment. 

 

Apart from NRMM emissions, road vehicle emissions were obtained from the same database. Road 

vehicle emissions serve as an indirect factor. In the database, they are divided into seven categories 

and were summed up into a single category, Road vehicle emissions, for this research. Table 3.2 

describes NFR categories relevant to road vehicle emissions as taken from the UNECE CLRTAP 

database. 

Table 3.2 Road vehicles NFR categories 

NFR 

Category 

Number 

NFR 

Category 
Category Name Description 

1 1A3bi 
Road Transport: Passenger 

Cars 

Emissions from passenger cars, including 

petrol, diesel, and alternative-fuelled 

vehicles. 

2 1A3bii 
Road Transport: Light duty 

vehicles 

Emissions from smaller commercial 

vehicles such as vans and pickups used for 

goods transport. 

3 1A3biii 
Road Transport: Heavy duty 

vehicles and buses 

Emissions from large trucks, lorries, and 

buses, primarily used for freight and 

passenger transport. 

4 1A3biv 
Road Transport: Mopeds & 

Motorcycles 

Emissions from two-wheeled vehicles, 

including mopeds and motorcycles 

powered by petrol or diesel. 

5 1A3bv 
Road Transport: Gasoline 

Evaporations 

Emissions from fuel evaporation during 

vehicle refuelling, storage, and operation of 

petrol engines. 

6 1A3bvi 
Road Transport: Automobile 

tyre and brake wear 

Particulate emissions from the wear of tyres 

and brakes during vehicle operation. 

7 1A3bvii 
Road Transport: Automobile 

road abrasion 

Particulate emissions generated from road 

surface wear caused by vehicle movement. 



  

25 

 

All data was obtained for 32 countries from the wider European area, as available in the database. 

Table 3.3 lists countries with respective country codes. 

Table 3.3 Selected countries with their respective country codes 

Country 
Country 

code 

Austria AT 

Belgium BE 

Bulgaria BG 

Switzerland CH 

Cyprus CY 

Czechia CZ 

Germany DE 

Denmark DK 

Estonia EE 

Spain ES 

Finland FI 

France FR 

Greece GR 

Croatia HR 

Hungary HU 

Ireland IE 

Iceland IS 

Italy IT 

Liechtenstein LI 

Lithuania LT 

Luxembourg LU 

Latvia LV 

Malta MT 

Netherlands NL 

Norway NO 

Poland PL 

Portugal PT 

Romania RO 

Sweden SE 

Slovenia SI 

Slovakia SK 

Türkiye TR 

For some countries, some national reporting was discontinued, began after the year 1990 or is missing 

for some pollutants and/or years. As discussed in the introduction, most countries have poor input 

data quality for their official NRMM emission figures. In contrast, some countries derive their data 

almost exclusively from basic assumptions. The model used in this work will serve as a baseline for 
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countries with little or no NRMM emission data and provide a more adequate basic model for 

countries with data gaps. With the UNECE CLRTAP data and selected indirect data as input, the 

model used in this work will give a satisfactorily accurate emissions assessment of NRMM emissions 

on a country level. 

3.1.2 Using indirect data in emission modelling 

In emission modelling for complex and poor data quality sources like NRMM, relying only on direct 

emissions data can limit accuracy and scope. Incorporating indirect data allows the model to utilize a 

broader range of indicators that influence NRMM emissions, especially when non-linear relationships 

are involved. Emissions are often shaped by sectoral and economic trends such as industrial 

production, construction activity, and agricultural output which may not correlate with emissions 

linearly. Indirect data brings flexibility to regression models, capturing both direct and indirect, i.e., 

secondary factors and leading to more accurate and adaptable estimates. 

Using diverse datasets such as energy consumption, construction permits, industrial turnover, and 

government infrastructure spending enhances the model's sensitivity to data patterns. A multi-sectoral 

approach enables the model to detect complex relationships in NRMM emissions and provide more 

robust predictions even where direct data is low quality or non-existent. Thus, integrating indirect 

data broadens the model’s reach across countries and sectors and strengthens its ability to accurately 

reflect real-world conditions. 

3.1.3 Using Eurostat database 

Since NRMM encompasses various types of machinery used across sectors such as construction, 

agriculture, forestry, and the household sector, it has, along with limited monitoring and reporting 

requirements compared to road vehicles, resulted in significant gaps in NRMM emissions data. By 

using indirect data from Eurostat to estimate NRMM emissions through regression methods, the 

currently available NRMM emission data can serve as a starting point for adequate national NRMM 

emission estimates, particularly in countries where this data is lacking. Eurostat was chosen as the 

primary data source due to its high-quality, comprehensive datasets and standardised, comparable 

data across European Union countries, which are essential for producing reliable and consistent 

emissions estimates. 

Eurostat datasets were selected due to the need for data quality, consistency, and a robust indirect 

correlation with emissions. As sectoral activity levels directly or indirectly influence NRMM 
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emissions, datasets indicating a connection to NRMM emissions form a basis for estimating 

emissions indirectly. The model used in this work not only estimates NRMM emissions but also 

enables better interpretation of how various trends drive NRMM emissions. This use of indirect data 

is important in this regard, as it allows the model to function effectively even in countries where 

NRMM-specific data is unreliable or absent. Furthermore, Eurostat’s datasets were selected for their 

sectoral relevance and because they are standardised, which enables comparability across all reporting 

countries. Eurostat maintains continuity in its definitions, classifications, and data collection 

practices, which means that each dataset remains consistent across national boundaries. This is 

important for obtaining reliable cross-country results, as it prevents inconsistencies stemming from 

differences in local data collection methodologies. Using Eurostat, data from multiple countries can 

be integrated into a regression model, with the knowledge that it follows a shared standard of quality 

and consistency. 

Another strength of Eurostat data is its regular updating, ensuring the model reflects current 

conditions. This is particularly important for a model that relies on various sectoral and cross-sectoral 

indicators. For example, seasonal trends in agriculture or fluctuations in construction output have an 

impact on NRMM usage patterns, which in turn influence emissions. Eurostat’s frequent data updates 

allow the model to remain current, capturing these shifts and providing accurate, timely emissions 

estimates. The standardised data structure by Eurostat also enables a model adaptable to both national 

and international applications. By providing harmonized data, Eurostat enables cross-country 

comparability, which is essential for environmental analysis at an international, e.g. European, level. 

This comparability allows policymakers and researchers to assess NRMM emissions within 

individual countries and across regions. The model can then be used as a valuable tool for 

coordinating policy measures that address NRMM emissions on a broader scale. Furthermore, using 

a single, unified data source enhances the credibility and coherence of the model, as all emissions 

estimates are derived from a consistent and reliable foundation. 

3.2 Selection of datasets and variables 

To ensure that the chosen datasets adequately reflect NRMM emissions, each dataset is evaluated 

based on its connection to sectors that predominantly use NRMM, such as agriculture, construction, 

and manufacturing. Using too many different datasets would increase the model's complexity and 

increase the risk of spurious correlations. To establish a basic structure during indirect data search,  
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3.2.1 Initial dataset search 

For this research, a wide-ranging search of Eurostat’s datasets was conducted using keywords to 

locate the most relevant data sources related to NRMM activities. Keywords: “industry“, 

“construction“, “production“, “building“, “enterprise“, “turnover“, “energy balance“, “agriculture“, 

“agricultural land“, “farm“, “wood“, “forestry“, “fishing“, “aquaculture“, “boats“, “urbanisation“, 

“households“, “dwelling“, “recreational boats“, “military“, “government“, and “fleet” were selected 

to capture the diverse activities associated with NRMM emissions. This keyword-based approach 

ensured that the data search was broad and did not unintentionally omit any sectors with potential 

NRMM emissions impact. The search was aligned with Eurostat’s categorisation, making it less likely 

that important datasets would be missed. 

One drawback of a keyword approach is that it may result in spurious correlation, leading to the 

inclusion of datasets that are only tangentially related to NRMM or unrelated. A full review of the 

Eurostat database navigation tree was also conducted manually to address this issue and guarantee 

that no relevant dataset was overlooked. This in-depth review allows navigation through Eurostat’s 

structured hierarchy, identifying datasets that might not have been captured in the initial keyword 

search. By examining the database structure directly, the review provided insight into how Eurostat 

organizes data by sector, topic, and economic activity. This process also enabled the identification of 

less obvious datasets related to processes or broader activities indirectly connected to NRMM, which 

provide valuable insights into the NRMM sector. Although a manual review can be time-consuming, 

it provides an additional layer of confidence in the dataset selection process, ensuring no valuable, 

important data is missed. On the other hand, this method can introduce subjectivity in dataset 

selection. However, combining manual review with the keyword search ensured a selection that was 

both comprehensive and objective. In other words, this two-fold method captures NRMM’s multi-

sectoral impact, simultaneously eliminating false correlation and including less obvious related 

datasets. Table 3.4 shows all selected Eurostat datasets. 

Table 3.4 Eurostat datasets chosen for indirect factors 

Sector Dataset name 
Eurostat 

dataset code 
Reference 

1.A.2.g vii Mobile 

Combustion in 

manufacturing industries 

and construction 

Production in industry - annual data sts_inpr_a [146] 

Production in construction - annual 

data 
sts_copr_a [147] 

Building permits - annual data sts_cobp_a [148] 
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Sector Dataset name 
Eurostat 

dataset code 
Reference 

Annual detailed enterprise statistics 

for industry (NACE Rev. 2, B-E) 
sbs_na_ind_r2 [149] 

Annual detailed enterprise statistics 

for construction (NACE Rev. 2, F) 
sbs_na_con_r2 [150] 

1.A.4.a.ii 

Commercial/institutional: 

Mobile 

Turnover and volume of sales in 

wholesale and retail trade - annual 

data 

sts_trtu_a [151] 

Turnover in services - annual data sts_setu_a [152] 

Production in services - annual data sts_sepr_a [153] 

1.A.4.b.ii Residential: 

Household and gardening 

(mobile) 

Utilised agricultural area by categories tag00025 [154] 

Distribution of population by degree 

of urbanisation, dwelling type and 

income group - EU-SILC survey 

ilc_lvho01 [155] 

Disaggregated final energy 

consumption in households - 

quantities 

nrg_d_hhq [156] 

1.A.4.c.ii 

Agriculture/Forestry/Fishing: 

Off-road vehicles & other 

machinery 

Farm indicators by legal status of the 

holding, utilised agricultural area, type 

and economic size of the farm and 

NUTS2 region 

ef_m_farmleg [157] 

Main farm land use by NUTS 2 

regions 
ef_lus_main [158] 

Main livestock indicators by NUTS 2 

regions 
ef_lsk_main [159] 

Economic accounts for agriculture - 

values at current prices 
aact_eaa01 [160] 

Roundwood removals by type of 

wood and assortment 
for_remov [161] 

Sawnwood and panels for_swpan [162] 

Economic aggregates of forestry for_eco_cp [163] 

Volume of timber over bark (source 

EFA questionnaire) 
for_vol_efa [164] 

1.A.4.c.iii 

Agriculture/Forestry/Fishing: 

National fishing 

Catches - major fishing areas fish_ca_main [165] 

Production from aquaculture 

excluding hatcheries and nurseries 
fish_aq2a [166] 

Fishing fleet by age, length and gross 

tonnage 
fish_fleet_alt [167] 

1.A.5.b Other, Mobile (inc. 

military, land based and 

recreational boats) 

General government expenditure by 

function (COFOG) 
gov_10a_exp [168] 

Energy balance - all NFR 

sectors 
Complete energy balances nrg_bal_c [169] 
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Each dataset contains multiple variables that could serve as a model input, i.e., as indirect factors. 

This is why, after dataset selection, further intra-dataset research was conducted to choose the best 

indirect factors. This was done to simplify the model and minimise the chance of model overfitting 

and correlation between factors.  

3.2.2 Choosing data relevant to NRMM emissions 

OVO TREBA PREPRAVITI – točniji, precizniji izrazi, primjer mogućih podataka I odabranih, 

izbaciti nepotrebne rečenice koje ne govore ništa (vidi primjer žuto obojanog). Ali u konačnici nema 

neke metode koja je automatska, sve odabrane varijable su jasno navedene I time je rad ponovljiv. U 

suprotnom mogu samo dati ključne riječi pa nek uzme što mu sam isfiltrira. A to ne može, ovako je 

selekcija varijabli bolja jer je pregledana od nekog stručnog – mene. 

Individual variables were manually evaluated and selected within each relevant dataset for their 

applicability to NRMM emissions. All of the selected variables (i.e., indirect factors used by the 

model) are listed in Table 3.5. The objective of this manual variable evaluation and selection was to 

minimise the variable count, thereby avoiding overloading the model with redundant information and 

simplifying data analysis and the model regression process. For instance, in the Annual detailed 

enterprise statistics for industry, the “Enterprises number”, “Production value million euro” and 

“Gross investment in machinery and equipment - million euro” variables were chosen. In contrast, 

the whole dataset contains 54 variables. Other variables, for instance “Purchases of goods and 

services purchased for resale in the same condition as received” and “Payments for agency workers - 

million euro”, were judged less directly informative for NRMM activity. The model incorporates 

broader economic and policy-driven datasets as well, to capture external influences on NRMM 

activity. An example is the “Government expenditure data” from the “General Government 

Expenditure by Function (COFOG)” dataset, which provides insights into public spending on 

infrastructure projects, often driving high NRMM usage. Public investments in road construction, and 

large-scale public works require extensive machinery deployment, so using government expenditure 

patterns as input helps the model estimate. No data imputation was performed in this research, 

meaning that the model’s outputs are based exclusively on recorded values from Eurostat. 

Another example is energy data from Eurostat’s Complete Energy Balances dataset, which provides 

additional insight into the energy consumption patterns across different sectors, indirectly indicating 

NRMM usage in energy-intensive activities. For instance, high energy consumption in agriculture 
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and forestry requires intensive machinery usage, as these sectors rely on energy-intensive equipment 

for tasks such as ploughing, harvesting, and timber processing. 

The same country set (listed in Table 3.3) were used across all selected datasets. Similarly, the same 

time range was applied across all datasets to maintain consistency in longitudinal analysis. The period 

from 1990 to 2021 was chosen to capture trends in NRMM-related activities and emissions, The year 

1990 is the most commonly starting year in all the selected datasets (15 out of 24 selected datasets), 

and the year 2021 was the latest year available at the time of model construction. When specific 

datasets only became available after 1990, the earliest available year was used to include as much 

historical data as possible without compromising continuity. This was the case for datasets “Farm 

indicators by legal status of the holding, utilised agricultural area, type and economic size of the farm 

and NUTS2 region” (data available from 2010), “Main farm land use by NUTS 2 regions” (data 

available from 2005), “Catches - major fishing areas” (data available from 2000), and “Production 

from aquaculture excluding hatcheries and nurseries” (data available from 2008). 

For datasets with periodic rather than annual records the reported years were used. This was the case 

for datasets “Farm indicators by legal status of the holding, utilised agricultural area, type and 

economic size of the farm and NUTS2 region”, “Main farm land use by NUTS 2 regions”, and “Main 

livestock indicators by NUTS 2 regions”. No imputation or interpolation to annual frequency was 

applied. 

In summary, variables were manually screened for relevance to NRMM activity, coverage and 

redundancy, and the retained set of indirect factors is listed in Table 3.5 (datasets in Table 3.4). A 

harmonised country sample and a 1990–2021 analysis window were applied wherever possible, with 

later-starting or periodic series used as reported and no imputation. The adequacy of these inputs is 

evaluated empirically in Chapter 5. 

Table 3.5 Selected indirect factors for the model 

Sector Dataset 
Indirect factor 

code 
Meaning 

Dataset 

filename 

1.A.2.g vii Mobile 

Combustion in 

manufacturing 

industries and 

construction 

Production in 

industry - annual 

data 

PROD_PROIND 
Volume index 

of production 
sts_inpr_a 

Production in 

construction - annual 

data 

PROD_PROCON 
Volume index 

of production 
sts_copr_a 

Building permits - 

annual data 
CPA_F41001 

Residential 

buildings 
sts_cobp_a 
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Sector Dataset 
Indirect factor 

code 
Meaning 

Dataset 

filename 

Building permits - 

annual data 
CPA_F410011 

One-dwelling 

buildings 
sts_cobp_a 

Building permits - 

annual data 

CPA_F410012_410

013 

Non-

residential 

buildings 

sts_cobp_a 

Building permits - 

annual data 
CPA_F410014 

Residences for 

communities 
sts_cobp_a 

Building permits - 

annual data 

CPA_F41001_4100

2 
Buildings sts_cobp_a 

Building permits - 

annual data 

CPA_F41001_X_4

10014 

Residential 

buildings, 

except 

residences for 

communities 

sts_cobp_a 

Building permits - 

annual data 
CPA_F41002 

Non-

residential 

buildings 

sts_cobp_a__cu

stom_11547746

_linear 

Building permits - 

annual data 
CPA_F410023 

Office 

buildings 
sts_cobp_a 

Building permits - 

annual data 

CPA_F41002_X_4

10023 

Non-

residential 

buildings, 

except office 

buildings 

sts_cobp_a 

Annual detailed 

enterprise statistics 

for industry (NACE 

Rev. 2, B-E) 

V11110 
Enterprises 

number 
sbs_na_ind_r2 

Annual detailed 

enterprise statistics 

for industry (NACE 

Rev. 2, B-E) 

V12120_ADEI 

Production 

value million 

euro 

sbs_na_ind_r2 

Annual detailed 

enterprise statistics 

for industry (NACE 

Rev. 2, B-E) 

V15150_ADEI 

Gross 

investment in 

machinery and 

equipment - 

million euro 

sbs_na_ind_r2 

Annual detailed 

enterprise statistics 

for construction 

(NACE Rev. 2, F) 

V12110 

Turnover or 

gross 

premiums 

written million 

euro 

sbs_na_con_r2 

Annual detailed 

enterprise statistics 

for construction 

(NACE Rev. 2, F) 

V12120_ADEC 

Production 

value million 

euro 

sbs_na_con_r2 
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Sector Dataset 
Indirect factor 

code 
Meaning 

Dataset 

filename 

Annual detailed 

enterprise statistics 

for construction 

(NACE Rev. 2, F) 

V12150 

Value added at 

factor cost 

million euro 

sbs_na_con_r2 

Annual detailed 

enterprise statistics 

for construction 

(NACE Rev. 2, F) 

V15150_ADEC 

Gross 

investment in 

machinery and 

equipment - 

million euro 

sbs_na_con_r2 

Complete energy 

balances 
FC_IND_E 

Final 

consumption - 

industry sector 

- energy use 

nrg_bal_c 

1.A.4.a.ii 

Commercial/institution

al: Mobile 

Turnover and 

volume of sales in 

wholesale and retail 

trade - annual data 

TOVT_TURNVS

WR 

Index of 

turnover Total 
sts_trtu_a 

Turnover and 

volume of sales in 

wholesale and retail 

trade - annual data 

TOVV_TURNVS

WR 

Index of 

deflated 

turnover 

sts_trtu_a 

Turnover in services 

- annual data 

TOVT_TURNSER

V 

Index of 

turnover Total 
sts_setu_a 

Turnover in services 

- annual data 

TOVV_TURNSER

V 

Index of 

deflated 

turnover 

sts_setu_a 

Production in 

services - annual 

data 

PROD_PRODSER

V 

Volume index 

of production 
sts_sepr_a 

Complete energy 

balances 
FC_OTH_CP_E 

Final 

consumption - 

other sectors - 

commercial 

and public 

services - 

energy use 

nrg_bal_c 

1.A.4.b.ii Residential: 

Household and 

gardening (mobile) 

Utilised agricultural 

area by categories 
UAA_UTILAGRA 

Utilised 

agricultural 

area 

tag00025 

Utilised agricultural 

area by categories 
ARA_UTILAGRA Arable land tag00025 

Utilised agricultural 

area by categories 
J0000 

Permanent 

grassland 
tag00025 

Utilised agricultural 

area by categories 
PECR 

Permanent 

crops 
tag00025 

Utilised agricultural 

area by categories 
K0000 

Kitchen 

gardens 
tag00025 
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Sector Dataset 
Indirect factor 

code 
Meaning 

Dataset 

filename 

Distribution of 

population by degree 

of urbanisation, 

dwelling type and 

income group - EU-

SILC survey 

HOUSE House ilc_lvho01 

Distribution of 

population by degree 

of urbanisation, 

dwelling type and 

income group - EU-

SILC survey 

FLAT Flat ilc_lvho01 

Disaggregated final 

energy consumption 

in households - 

quantities 

O4000 

Oil and 

petroleum 

products 

nrg_d_hhq 

Complete energy 

balances 
FC_OTH_HH_E 

Final 

consumption - 

other sectors - 

households - 

energy use 

nrg_bal_c 

1.A.4.c.ii 

Agriculture/Forestry/Fi

shing: Off-road 

vehicles & other 

machinery 

Farm indicators by 

legal status of the 

holding, utilised 

agricultural area, 

type and economic 

size of the farm and 

NUTS2 region 

UAA_FARMINDI

C 

Utilised 

agricultural 

area 

ef_m_farmleg 

Main farm land use 

by NUTS 2 regions 

ARA_FARMLAN

D 
Arable land ef_lus_main 

Main livestock 

indicators by NUTS 

2 regions 

A0010 Livestock ef_lsk_main 

Economic accounts 

for agriculture - 

values at current 

prices 

PROD_BP 

Production 

value at basic 

price 

aact_eaa01 

Roundwood 

removals by type of 

wood and assortment 

OVBK Over bark for_remov 

Roundwood 

removals by type of 

wood and assortment 

UNBK Under bark for_remov 

Sawnwood and 

panels 
PN 

Wood-based 

panels 
for_swpan 

Sawnwood and 

panels 
SN 

Sawnwood 

including 

sleepers 

for_swpan 
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Sector Dataset 
Indirect factor 

code 
Meaning 

Dataset 

filename 

Economic 

aggregates of 

forestry 

P1 

Output of 

forestry and 

connected 

secondary 

activities 

for_eco_cp 

Volume of timber 

over bark (source 

EFA questionnaire) 

STK_OP Opening stock for_vol_efa 

Complete energy 

balances 
FC_OTH_AF_E 

Final 

consumption - 

other sectors - 

agriculture and 

forestry - 

energy use 

nrg_bal_c 

1.A.4.c.iii 

Agriculture/Forestry/Fi

shing: National fishing 

Catches - major 

fishing areas (from 

2000 onwards) 

F00_CATCHFISH 
Total fishery 

products 
fish_ca_main 

Production from 

aquaculture 

excluding hatcheries 

and nurseries (from 

2008 onwards) 

F00_PRODAQUA 
Total fishery 

products 
fish_aq2a 

Fishing fleet by age, 

length and gross 

tonnage 

KW Kilowatt fish_fleet_alt 

Fishing fleet by age, 

length and gross 

tonnage 

NR Number fish_fleet_alt 

Complete energy 

balances 
FC_OTH_FISH_E 

Final 

consumption - 

other sectors - 

fishing - 

energy use 

nrg_bal_c 

1.A.5.b Other, Mobile 

(inc. military, land 

based and recreational 

boats) 

General government 

expenditure by 

function (COFOG) 

GF0201 
Military 

defence 
gov_10a_exp 

General government 

expenditure by 

function (COFOG) 

GF0202 Civil defence gov_10a_exp 

General government 

expenditure by 

function (COFOG) 

GF0203 
Foreign 

military aid 
gov_10a_exp 

General government 

expenditure by 

function (COFOG) 

GF0204 R&D Defence gov_10a_exp 

General government 

expenditure by 

function (COFOG) 

GF0205 Defence nec gov_10a_exp 
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Sector Dataset 
Indirect factor 

code 
Meaning 

Dataset 

filename 

Complete energy 

balances 
FC_OTH_NSP_E 

Final 

consumption - 

other sectors - 

not elsewhere 

specified - 

energy use 

nrg_bal_c 

 

By using the listed indirect factors, the model can be reliable across different regional contexts by 

relying on widely available and regularly updated Eurostat data, compensating for the lack of 

standardised high quality NRMM data.  

3.3 Choosing a regression method for assessing NRMM emissions 

3.3.1 Basic method selection criteria 

As discussed previously, multiple regression methods are available to estimate NRMM emissions, 

each with unique strengths and limitations. These methods can generally be categorised into linear 

and non-linear approaches; each suited to different types of data relationships. Linear methods 

considered for this work are multiple linear regression, Lasso, ridge, and elastic net. They are easier 

to interpret compared to non-linear methods but struggle to capture complex relationships in cases 

where non-linearity is significant. Non-linear methods considered for this work are the decision tree, 

the random forest, and the gradient-boosted method XGBoost. These methods can model more 

complex interactions between variables but require more computational resources and larger datasets 

to reach their full potential. A comparative summary and the method choice are presented in Chapter 

3.3.4, detailed results for the selected method are given in Chapter 5, and per-pollutant metrics for all 

candidate methods are reported in ANNEX D. 

The choice of regression method is fundamental for NRMM emissions modelling, especially given 

the limited amount and inconsistent quality of NRMM data. Sparse data, continuity issues, and 

potential gaps in data collection make it essential to select a method that is both robust to these 

limitations and capable of deriving meaningful predictions from an imperfect dataset. The evaluation 

criteria were specified and applied as follows:  

• Non-linearity & interactions: the method should be able to represent non-linear functional 

forms and interaction effects between inputs on its own. 
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• Multicollinearity & scaling: it should still work with strongly correlated inputs and differences 

in units or magnitudes, requiring at most standardisation or filtering. 

• Short, unbalanced datasets & data missingness: results should remain dependable even if the 

dataset is small, some countries or years are absent, and the timeline is uneven. 

• Overfitting control & stability: consistent performance under repeated cross-validation or 

resampling. 

• Computational tractability: ability to tune on a typical research computer within a reasonable 

time, without heavy computing resources. 

• Interpretability & diagnostics: it should provide clear checks on which inputs matter and how 

they affect predictions (e.g., evaluation metrics and interpretability methods), so that results 

can be explained to non-specialists. 

3.3.2 Linear regression methods 

Multi-linear regression2 (MLR) is a straightforward approach that models the relationship between a 

dependent variable and multiple independent variables linearly. The coefficients indicate the direction 

and approximate magnitude of association, conditional on the other variables [170]. Performance is 

limited when significant non-linearities or interactions are not included, and estimates are sensitive 

to multicollinearity [171]. 

Lasso regression3 is a variant of linear regression that applies a penalty equal to the absolute value of 

the coefficients' magnitudes. This penalty term influences the overall model to shrink the coefficients 

of less relevant variables toward zero, which effectively excludes them from the model [172]. By 

driving irrelevant or weak input variables (also called predictors or features) to zero, lasso performs 

automatic variable selection, simplifying the model and reducing the risk of overfitting [140]. 

However, this penalisation also disables the model from including the influence of input variables 

with weaker standalone signals—especially those that overlap with stronger, retained input variables. 

This prevents the model from using less-obvious yet informative variables [173]. 

Ridge regression3 is a form of linear regression that applies a penalty which controls for 

multicollinearity by discouraging overly large coefficients for correlated variables, effectively 

 
2 Further reading on MLR: Hastie, Tibshirani & Friedman, The Elements of Statistical Learning (2nd ed., 2009) [135], 

Ch. 3; James, Witten, Hastie & Tibshirani, An Introduction to Statistical Learning (2013) [140], Ch. 3. 
3 Further reading on Ridge, Lasso and Elastic Net: Hastie, Tibshirani & Friedman, The Elements of Statistical Learning 

(2nd ed., 2009) [135], Ch. 3; James, Witten, Hastie & Tibshirani, An Introduction to Statistical Learning (2013) [140], 

Ch. 6. 
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spreading the influence across input variables instead of allowing one variable to dominate. Unlike 

the penalty in Lasso regression, which shrinks the coefficients of correlated predictors towards zero, 

the penalty in Ridge regression shrinks the coefficients of correlated input variables toward each 

other, meaning that the model estimates become more stable [171]. However, because all predictors 

are retained and the relationship remains linear, ridge does not perform variable selection and cannot 

capture non-linear structure [135]. 

Elastic net3 combines the penalties from both lasso and ridge regression, offering a balance between 

the two methods. This hybrid approach is particularly beneficial in datasets with high-dimensional, 

correlated variables, as it retains variable selection while controlling for multicollinearity. For 

NRMM emissions, elastic net could address some of the challenges associated with variable selection 

and collinearity. However, similar to other linear methods, the model’s reliance on linearity disables 

the model from capturing the nonlinear relationships [174]. 

3.3.3 Non-linear regression methods 

Decision tree4 models provide a non-linear approach by partitioning data into regions by a sequence 

of if–then splits and issuing a single prediction within each region. Decision trees are advantageous 

in that they do not require extensive data preprocessing and can handle non-linear relationships [175]. 

However, they are highly sensitive to data quality and continuity issues, resulting in overfitting5, 

especially when dealing with small datasets [176]. 

Random forests6 address the limitations of individual decision trees by creating an ensemble of trees, 

each built on a random subset of the data and input variables. It then averages all the predictions. This 

method improves model stability and reduces overfitting, making it more resilient to fluctuations in 

the data [177]. However, random forests require a substantial amount of data to reach optimal 

performance, breaking down before completing the results if there is not enough data [178]. 

XGBoost7 uses a sequential boosting approach to enhance the capabilities of decision trees and 

random forests. By learning from past errors in each iteration, XGBoost reduces residual errors over 

 
4Further reading on Decision trees: Hastie, Tibshirani & Friedman, The Elements of Statistical Learning (2nd ed., 2009) 

[135], Ch. 9; Breiman, Friedman, Olshen & Stone, Classification and Regression Trees (2017) [175] 
5 Overfitting occurs when a model learns the training data too closely—including its quirks and mistakes—so it looks 

very accurate on data it has seen but performs worse on new data 
6 Further reading on Decision trees Hastie, Tibshirani & Friedman, The Elements of Statistical Learning (2nd ed., 2009) 

[135], Ch. 15; Breiman (2001), Random Forests, Machine Learning (45, 5-32) (2001) [177] 
7 Further reading on XGBoost: Hastie, Tibshirani & Friedman, The Elements of Statistical Learning (2nd ed., 2009) [135], 

Ch. 10 
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successive rounds, refining its predictions and yielding higher accuracy than single decision trees or 

traditional random forests. This iterative process is particularly effective for capturing complex, non-

linear relationships between variables, which are common in emissions modelling, where numerous 

factors interact in dynamic ways [37,115].  

3.3.4 Method comparison and choice 

Methods were compared using the criteria listed in Chapter 3.3.1. A summary against the criteria is 

shown in Table 3.6. All candidate methods were implemented and tuned on the study data under a 

common evaluation protocol (shared data pre-processing, identical data train/test splits, k-fold cross-

validation).  

Scale: – = does not meet; –/+ = partially meets; + = meets well. 

Scaling by criterion: 

• Non-linearity & interactions: – = requires manual terms; –/+ = limited non-linearity or 

interactions; + = learns both without manual specification. 

• Multicollinearity & scaling: – = sensitive, heavy pre-processing; –/+ = somewhat robust with 

basic standardisation; + = inherently robust/regularised. 

• Short, unbalanced datasets & data missingness: – = degrades markedly; –/+ = workable with 

simple imputation/constraints; + = stable and/or native handling of missingness. 

• Overfitting control & stability: – = no built-in control; –/+ = some control via tuning; + = 

explicit regularisation and stable cross-validation behaviour. 

• Computational tractability: – = heavy/slow to tune; –/+ = moderate; + = efficient with cross 

validation. 

• Interpretability & diagnostics: – = limited; –/+ = indirect/global only; + = clear coefficients 

or established diagnostics (e.g. feature importance). 
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Table 3.6 Methods by selection criteria 

  Method 

Selection criterion MLR Ridge Lasso 
Elastic 

Net 

Decision 

Tree 

Random 

Forest 
XGBoost 

Non-linearity & 

interactions 
– – – – + + + 

Multicollinearity 

& scaling 
–/+ + –/+ + + + + 

Short, unbalanced 

datasets & data 

missingness 
–/+ –/+ –/+ –/+ –/+ –/+ + 

Overfitting 

control & stability 
– + + + –/+ + + 

Computational 

tractability 
+ + + + + + + 

Interpretability & 

diagnostics 
+ + + + + –/+ + 

 

The XGBoost method satisfies the criteria most comprehensively and is adopted as the primary 

method. Per-pollutant metrics are reported in ANNEX D, providing empirical evidence in support of 

the criteria-based choice. The XGBoost method is described in detail in Chapter 3.4, the model used 

in this work and its setup are described in Chapter 4, and results for the XGBoost method are 

presented in Chapter 5. 

3.4 Regression of NRMM emissions using XGBoost non-linear machine learning 

method 

3.4.1 XGBoost regression process 

3.4.1.1 Conceptual overview 

XGBoost automatically determines the best-split direction for missing values based on patterns 

learned from the data without having to resort to data imputation. This capability allows the model to 

handle incomplete datasets, entirely using the available information without compromising predictive 

accuracy [117]. The algorithm also supports parallel processing and optimised memory usage, 

effectively using computational resources even when dealing with large datasets [179]. 
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The method works by building a sequence of decision trees, where each new tree focuses on 

correcting the mistakes made by the previous ones. This process is called boosting, specifically 

gradient boosting, which creates a strong overall model by combining multiple weaker models (in 

this case, decision trees) in a structured sequence. This process involves several steps [115,180]: 

1. The model starts with a simple prediction, often just a single tree or an average value, which 

may not be accurate. It calculates the error (or residual) between this initial prediction and the 

actual values. 

2. The next tree is trained specifically on the errors made by the first prediction. This new tree 

learns to correct the parts where the initial model did poorly. It focuses more on the harder-

to-predict instances where the initial model struggled, i.e., the first model’s weakest parts. 

3. Each successive tree is trained on the residual errors of all the previous trees. This means that 

over several iterations, the model gradually reduces errors, with each tree helping to refine the 

overall prediction. 

4. As new trees are added, the model gives them different weights based on how well they correct 

previous mistakes. The combined result from all trees, each with a small contribution, forms 

a much more accurate final model. 

Because each tree is specifically trained to fix the mistakes of the prior trees, the resulting model of 

ensemble trees outperforms a single decision tree or even a standard random forest, which only 

averages the results of all trees. XGBoost’s boosting approach also generates better results with 

smaller datasets compared to decision tree or random forest methods [181].  

3.4.1.2 Mathematical formulation 

XGBoost models predictions based on input data by following steps [117]: 

1. Problem setup 

For a dataset {(𝑥𝑖, 𝑦𝑖)}𝑖 = 1
𝑛 where 𝑥𝑖 represents the input features (e.g., economic or industrial 

activity data) and 𝑦𝑖 denotes the target values the model aims to predict (e.g., NRMM 

emissions), XGBoost seeks to model the relationship between 𝑥𝑖 and 𝑦𝑖 as accurately as 

possible by building a sequence of decision trees. The final model prediction 𝑦𝑖̂ is constructed 

iteratively: 

 𝑦̂𝑖 = ∑ 𝑓𝑡(𝑥𝑖)

𝑇

𝑡 = 1

 (1) 
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where 𝑓𝑡(𝑥𝑖) represents the output of the t-th decision tree, and T is the total number of trees. 

At the beginning, the predictions are initialised with a simple value, often the mean of 𝑦𝑖, 

where the first iteration, 𝑦̂𝑖
(0)

, equals zero. Each tree is added to the model sequentially, 

focusing on reducing the errors (differences between actual and predicted values) made by the 

previous trees. 

The learning rate 𝜂 ∈ (0, 1] is often applied to scale each tree's contribution, ensuring 

smoother updates: 

 
𝑦̂𝑖

(𝑡)
= 𝑦̂𝑖

(𝑡−1)
+ 𝜂𝑓𝑡(𝑥𝑖) 

 
(2) 

 

2. Objective functions 

XGBoost minimises an objective function – 𝐿 function, which consists of two parts: the loss 

function (𝑙) and a regularisation term Ω(𝑓𝑡): 

 𝐿 = ∑ 𝑙(𝑦𝑖, 𝑦̂𝑖)

𝑛

𝑖 = 1

+  ∑ Ω(𝑓𝑡)

𝑇

𝑡 = 1

 (3) 

where 𝑙(𝑦𝑖, 𝑦̂𝑖) measures the difference between the actual and predicted values. For example, 

a common loss function for regression tasks is Mean Squared Error (MSE). Ω(𝑓𝑡) penalises 

the complexity of the model to prevent overfitting, i.e., it ensures that trees are not overly 

large or complex. It is defined as: 

 Ω(𝑓) = 𝛾𝑇𝑙 +  
1

2
𝜆‖𝑤‖2 (4) 

where 𝑇𝑙 is the number of leaves in a tree, 𝑤 represents the leaf weights, 𝛾 controls the penalty 

for the number of leaves and 𝜆 regularises the size of the leaf weights. 

3. Taylor expansion of loss function 

To optimise the model, XGBoost uses a second-order Taylor expansion of the loss function: 

 𝑙(𝑦𝑖, 𝑦̂𝑖 +  𝑓𝑡(𝑥𝑖)) ≈ 𝑙(𝑦𝑖, 𝑦̂𝑖) +  𝑔𝑖𝑓𝑡(𝑥𝑖)  +  
1

2
ℎ𝑖𝑓𝑡(𝑥𝑖)

2 (5) 
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where 𝑔𝑖 =  
𝜕𝑙(𝑦𝑖,𝑦̂𝑖)

𝜕𝑦̂𝑖
 is the gradient, representing the direction of the steepest descent in the 

loss function and ℎ𝑖 =  
𝜕2𝑙(𝑦𝑖,𝑦̂𝑖)

𝜕𝑦̂𝑖
2  is the Hessian (second derivative - curvature), providing 

information about the curvature of the loss function. This expansion allows the algorithm to 

approximate the loss and update the model efficiently, using both the gradient and the 

curvature for precise adjustments. 

4. Tree construction  

Each decision tree in XGBoost is built to minimise the approximate loss. The structure of a 

tree is determined by splitting the dataset into smaller subsets based on feature values. The 

splits are chosen to maximise the loss reduction, which is calculated as the Gain: 

 𝐺𝑎𝑖𝑛 =
1

2
[

(∑ 𝑔𝑖𝑖∈𝐼𝐿
)

2

∑ ℎ𝑖𝑖∈𝐼𝐿
+  𝜆

+  
(∑ 𝑔𝑖𝑖∈𝐼𝑅

)
2

∑ ℎ𝑖𝑖∈𝐼𝑅
+  𝜆

− 
(∑ 𝑔𝑖𝑖∈𝐼 )2

∑ ℎ𝑖𝑖∈𝐼 +  𝜆
] −  𝛾 (6) 

 

where 𝐼𝐿 and 𝐼𝑅 represent the data points in the left and right child nodes after a split, 𝐼 

represents the data points in the current node before splitting. At each node, the algorithm 

evaluates (computes the gain for each simple yes/no split at the node) all possible splits and 

selects the split with the highest gain. 

5. Leaf weight optimisation 

Once the tree structure is fixed, each leaf predicts a single constant. Because the loss is known 

(squared error in this study) and XGBoost uses a local second-order (quadratic) approximation 

at each boosting round, the leaf-value optimisation reduces to a one-variable convex 

quadratic—bowl-shaped with a unique minimum. The minimum is obtained by setting the 

first derivative to zero, yielding the optimal leaf weight 𝑤𝑗: 

 𝑤𝑗 = −
∑ 𝑔𝑖𝑖∈𝐼𝑗

∑ ℎ𝑖𝑖∈𝐼𝑗
+  𝜆

 (7) 

where 𝐼𝑗 represents data points the j-th node. 

6. Regularisation 
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To prevent overfitting, XGBoost incorporates regularisation into its tree-building process. 

Regularisation penalises trees that are too complex, for example, by limiting the depth of the 

tree or shrinking the leaf weights ((i.e., adding a small penalty that pulls leaf values towards 

zero so they influence predictions less and reduce overfitting). These mechanisms ensure that 

the model generalises well to unseen data, especially in cases where the dataset is noisy or has 

a limited number of samples. 

7. Boosting process 

At each boosting iteration 𝑡, the algorithm adds a new tree 𝑓𝑡(𝑥) to the model to minimise the 

objective function. 

Step 1: Calculate Residual Errors 

The algorithm starts with an initial prediction, often a single value (such as the mean of 𝑦𝑖) or 

a simple decision tree. The residual errors are then calculated as the difference between the 

actual values and the predicted values: 

 𝑟𝑖 = 𝑦𝑖 − 𝑦̂𝑖 (8) 

These residuals represent what the model has failed to predict so far and form the basis for 

training the next tree. 

Step 2: Train the Next Tree 

A new decision tree is trained to predict these residuals. Points with larger residuals contribute 

more to the split score; the algorithm therefore splits where errors are biggest and corrects 

those regions first. 

Step 3: Update the Model 

The predictions from the new tree are combined with the previous model predictions to update 

𝑦̂𝑖. The updated predictions aim to reduce the residuals further. 

Step 4: Repeat for All Trees 

This process is repeated for a predefined number of iterations (𝑛estimators) or until the residual 

errors are sufficiently small. Each new tree builds on the previous ones, gradually improving 

the model’s accuracy. 
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8. Final prediction 

The final model is the sum of all the individual trees (Equation (1)), where each tree 

contributes a small portion to the overall prediction. This approach allows XGBoost to capture 

complex, non-linear relationships between variables while balancing model accuracy and 

generalisation. 

An example of XGBoost regression process is given in ANNEX B. 

A schematic overview of the XGBoost process is shown in Figure 3.1. 

 

Figure 3.1 A schematic overview of the XGBoost process [182] 

3.4.2 Hyperparameter tuning in XGBoost regression  

Hyperparameters are the settings that define how a machine learning model learns from the data and 

makes predictions (e.g., how fast it updates, how large trees may grow, how strongly it is regularised). 

Unlike model parameters, which are automatically learned during training, hyperparameters must be 

set manually before the training begins. In XGBoost, these hyperparameters control crucial aspects 

of the model, such as its depth, speed of learning, and how it handles complexity. The right choice of 

hyperparameters can significantly influence the model’s performance. On the other hand, poor 

decisions can lead to issues such as overfitting or poor handling of feature importance, where the 

model becomes too tailored to the training data and fails to generalise well to new data. 
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These parameters are broadly categorised into general, booster, and learning task parameters. General 

parameters determine the type of model used, with options like gbtree for tree-based models or dart 

for dropout techniques, allowing customisation based on dataset characteristics. Booster parameters 

control the behaviour of the boosting process and tree construction, including critical settings like eta 

(learning rate), max_depth, n_estimators, and regularisation parameters such as alpha (L1 

regularisation) and lambda (L2 regularisation), which are essential for balancing model complexity 

and generalisation. Parameters like subsample and colsample_bytree introduce randomness to 

prevent overfitting, while min_child_weight and gamma regulate tree growth to avoid unnecessary 

splits and overfitting to noise. The learning task parameters, including objective, eval_metric, and 

verbosity, dictate the purpose of the model and its evaluation criteria. For instance, objective specifies 

whether the task is regression, classification, or ranking, and eval_metric determines how 

performance is measured (e.g., MSE for regression or log-loss for classification). Together, these 

hyperparameters allow for precise control over the model, enabling it to adapt effectively to different 

datasets [183].  

The first step is to establish the initial ranges for key hyperparameters because they are critical in 

determining the model’s capacity and flexibility. For example, the learning rate is typically set 

between 0.01 and 0.3 to control how quickly the model updates during training. In contrast, maximum 

depth is initially set in the range of 3 to 10 to balance complexity and generalisation. These ranges 

act as starting points for systematically exploring the hyperparameter space. The next step is 

determining a search strategy to explore these ranges. Grid search is a standard method that evaluates 

all possible combinations of hyperparameter values within the defined ranges. 

Cross-validation is integrated into the tuning process to ensure the model generalises well to unseen 

data. A common approach is k-fold cross-validation, where the dataset is split into 𝑘 subsets. The 

model is trained on 𝑘 − 1 folds and validated on the remaining fold, with the process repeated for 

each fold. The results are averaged to evaluate the model’s performance robustly under different 

hyperparameter configurations. This step is especially crucial for NRMM emissions data, where gaps 

and inconsistencies make generalisation a priority. 

The tuning process then involves iterative evaluation and adjustment of the hyperparameters. For 

instance, if the validation error decreases with a lower learning rate, the number of trees may need to 

be increased to allow sufficient iterations for the model to converge. If the model begins to overfit, 

adjustments such as reducing tree depth or introducing more randomness through subsample and 
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colsample_bytree values can help mitigate the issue. Thus, if the model underfits and fails to capture 

key patterns, increasing the depth of the trees or the learning rate may improve performance. 

Techniques like early stopping can halt training when no further improvements in validation errors 

are observed. This not only saves time but also prevents overfitting. Based on observed results, the 

dynamic adjustment of the search space further enhances efficiency by focusing on the most 

promising ranges of hyperparameters. 

Once the optimal hyperparameters are identified, the final model is trained on the entire training 

dataset using these settings. A separate test set (taken from the input data) is then used to evaluate its 

performance and confirm its ability to generalise to new data. This final step ensures the model is 

robust and ready for practical applications. Table 3.7 shows hyperparameters, with short explanations 

of their roles, impact and tuning process. The hyperparameters are written as they are presented when 

coding in the Python programming language. Key hyperparameters are discussed in more detail in 

subchapters 3.4.3.1 – 3.4.3.7. 

Table 3.7. Hyperparameters used in XGBoost regression method 

Name Role Impact Tuning Process 

booster 

Specifies the 

type of model 

(gbtree, gblinear, 

or dart). 

gbtree is ideal for non-linear 

tasks, while gblinear works 

for simpler, linear 

relationships. Dart adds 

dropout for regularisation. 

Choose based on dataset 

complexity: gbtree for most 

tasks, gblinear for sparse data, 

or dart for added 

regularisation. 

eta (learning rate) 

Controls the size 

of updates during 

boosting 

iterations. 

Lower values (e.g., 0.01–

0.1) reduce overfitting but 

require more trees; higher 

values (e.g., >0.3) speed up 

convergence but risk 

overfitting. 

Starts with 0.1, adjust based 

on n_estimators. Use grid or 

random search to balance 

convergence speed and 

generalisation. 

max_depth 

Sets the 

maximum depth 

of decision trees. 

Deeper trees capture 

complex relationships but 

risk overfitting; shallow 

trees reduce complexity but 

may underfit. 

Begin with a depth of 3–6. 

Gradually increase while 

monitoring cross-validation 

performance to find the 

balance between complexity 

and generalisation. 

n_estimators 

Controls the total 

number of 

boosting 

iterations (trees). 

More trees improve 

accuracy but increase 

computation and risk of 

overfitting, especially with 

high learning rates. 

Combine with eta: use more 

trees with lower eta. Stop 

increasing when cross-

validation error stabilises. Use 

early stopping to prevent 

overfitting. 
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Name Role Impact Tuning Process 

subsample 

Fraction of 

training data 

used to grow 

each tree. 

Reduces overfitting by 

introducing randomness. 

Too low can lead to 

underfitting. 

Start with 0.8. Reduce to 0.6 

if overfitting persists. Monitor 

validation error to avoid 

missing key patterns. 

colsample_bytree 

Fraction of 

features used to 

grow each tree. 

Reduces multicollinearity 

and prevents over-reliance 

on specific features. 

Start with 0.8. Adjust 

downward (e.g., 0.6) for 

datasets with many redundant 

features. Combine with 

subsample for diversity. 

colsample_bylevel 

Fraction of 

features used per 

split at each tree 

level. 

Adds randomness to feature 

selection at each split, 

improving robustness and 

generalisation. 

Begin at 1.0. Reduce 

incrementally (e.g., 0.8, 0.6) 

and monitor performance with 

cross-validation. 

alpha (L1 

regularization) 

Penalises large 

coefficients by 

driving some to 

zero. 

Reduces model complexity 

and selects relevant 

features, helping with sparse 

data. 

Start with 0 or 0.1. Increase 

(e.g., 1.0) if overfitting is 

observed. Useful when many 

irrelevant features are present. 

lambda (L2 

regularization) 

Shrinks large 

coefficients 

without setting 

them to zero. 

Reduces overfitting, 

especially when features are 

highly correlated. 

Begin with 1.0. Increase to 

stabilise feature importance in 

datasets with 

multicollinearity. 

gamma (min split 

loss) 

Minimum loss 

reduction 

required to create 

a split. 

Higher values make the 

model more conservative, 

reducing unnecessary splits. 

Start with 0. Increase to 0.1 or 

0.5 if overfitting or excessive 

splits are observed. 

min_child_weight 

Minimum sum of 

instance weights 

(hessian) needed 

in a child node. 

Higher values prevent 

small, noisy splits; lower 

values allow finer 

granularity but risk 

overfitting. 

Start with 1.0. Increase if the 

dataset is noisy or has many 

outliers. 

objective 

Defines the 

learning task 

(e.g., regression, 

classification). 

Ensures that the model 

optimises for the correct 

output. 

Use reg:squarederror for 

regression or task-specific 

objectives like binary:logistic 

for binary classification. 

eval_metric 

Sets the 

evaluation metric 

for model 

performance. 

Guides model optimisation: 

metrics like RMSE or MAE 

affect how errors are 

prioritised. 

Choose metrics aligned with 

task goals: RMSE for 

precision, MAE for 

robustness. 

The process of hyperparameter tuning is not just about improving model accuracy—it’s also about 

enhancing the model’s interpretability and computational efficiency. The choices made during tuning 

can affect how quickly the model learns, how well it handles missing or noisy data, and how easily 

we can understand the relationships between different features. In practical terms, this means that a 

well-tuned XGBoost model can reveal meaningful insights into the indirect factors driving NRMM 
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emissions, such as trends in industrial production or shifts in agricultural activities. The following 

subchapters provide more detailed information about hyperparameters. 

3.4.3 Key hyperparameters in using XGBoost regression for NRMM emissions 

Below, key hyperparameters are described in more detail, with graphs showing their effect on Root 

Mean Squared Error (RMSE) of the model results. The dataset is generated, with 2200 datapoints. 

The Python code used for this example is given in ANNEX A.  
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3.4.3.1 Learning rate (eta) 

The learning rate (eta) determines the size of the model's updates during each boosting iteration. A 

lower learning rate allows the model to learn gradually, refining its predictions over many iterations, 

while a higher learning rate accelerates the process but risks unstable predictions. Also, a low learning 

rate reduces the risk of overfitting by allowing the model to make more minor, more controlled 

updates. However, it requires more trees (n_estimators) to converge, which increases computational 

costs. 

The tuning process typically begins with a moderate value, such as 0.3, to balance training speed and 

precision. A range of values, such as 0.01, 0.05, 0.1, 0.2 and 0.4, is tested using a grid or random 

search to find the optimal learning rate for the dataset. When selecting a lower learning rate, the 

number of trees is increased to compensate for slower convergence. Cross-validation is used to 

identify the rate that minimizes validation error without requiring excessive boosting rounds. Figure 

3.2 shows the influence of the learning rate (eta) hyperparameter value on the regression model. 

 

Figure 3.2 Influence of learning rate (eta) hyperparameter value on the regression model 
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3.4.3.2 Max Depth 

The max_depth parameter defines the maximum depth of each decision tree. Deeper trees can capture 

more complex relationships but are more prone to overfitting. In most cases, a moderate depth 

balances complexity and generalisation. For NRMM emissions, where relationships between indirect 

indicators like industrial production and emissions can be complex, tuning max depth helps the model 

capture these interactions without fitting irrelevant patterns. 

The tuning process begins with shallow trees (e.g., depth of 3) to prevent overfitting and gradually 

increases the depth (e.g., to 5 or 7) while monitoring cross-validation performance. Deeper trees are 

introduced only if they provide significant performance improvements, whereas early stopping stops 

the process when increasing depth no longer reduces validation error. The final depth is selected 

based on the trade-off between capturing sufficient complexity and avoiding overfitting. Figure 3.3 

shows the influence of the max_depth hyperparameter value on the regression model. 

 

Figure 3.3 Influence of max_depth hyperparameter value on the regression model 
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3.4.3.3 Number of Trees (n_estimators) 

The n_estimators parameter controls the total number of boosting iterations. Each tree corrects 

residual errors from the previous trees, effectively learning from the mistakes of previous trees. More 

trees improve the model's ability to capture patterns, but too many trees can lead to overfitting, 

especially when paired with a high learning rate. The model's computational cost also increases with 

the number of trees. 

Cross-validation is used to determine the point at which adding more trees no longer improves 

performance. Early stopping is also applied to terminate training if the validation error stabilises 

before reaching the maximum iterations. Figure 3.4 shows the influence of the n_estimators 

hyperparameter value on the regression model. 

 

Figure 3.4 Influence of n_estimators hyperparameter value on the regression model 
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3.4.3.4 Subsample 

The subsample parameter specifies the fraction of the training data used to grow each tree. By 

introducing randomness, subsampling helps reduce the risk of overfitting by preventing the model 

from relying too heavily on specific data points. Subsampling enhances generalisation by reducing 

the model's sensitivity to individual observations. However, excessively low subsampling rates can 

lead to underfitting, as the model may miss key patterns in the data. 

Subsampling starts at a default value of 1.0 (using the full dataset) and is gradually reduced to values 

such as 0.8 or 0.6 to introduce more randomness. Cross-validation is used to monitor the impact of 

subsampling on validation error, and the final value is chosen based on the balance between 

improving generalisation and retaining sufficient data diversity. Figure 3.5 shows the influence of the 

subsample hyperparameter value on the regression model. 

 

Figure 3.5 Influence of subsample hyperparameter value on the regression model 
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3.4.3.5 Colsample_bytree and Colsample_bylevel 

These parameters control the fraction of features (columns, i.e., variables) used at different stages of 

tree building. Colsample_bytree determines the fraction of features used to construct each tree, while 

colsample_bylevel specifies the fraction of features used when splitting nodes at each level. 

Subsampling features reduces the risk of overfitting, particularly in datasets with highly correlated 

features. It also encourages the model to explore a broader range of feature combinations, improving 

robustness and preventing a too-strong dominance by a few strong predictors. 

Tuning typically starts with colsample_bytree and colsample_bylevel set to 1.0 (using all features) 

and gradually reduces them to values like 0.8 or 0.6. Cross-validation helps assess the impact of these 

parameters on validation error. The final values balance feature diversity with model stability, 

ensuring that important features are not excluded while reducing over-reliance on any single 

predictor. Figure 3.6 shows the influence of colsample_bytree and colsample_bylevel hyperparameter 

values on the regression model. 

 

Figure 3.6 Influence of colsample_bytree and colsample_bylevel hyperparameter valueson the 

regression model 
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3.4.3.6 Regularization Parameters (alpha and lambda) 

Alpha and lambda control the penalties applied to the model's coefficients, discouraging overly 

complex models. alpha encourages sparsity by driving irrelevant input data coefficients to zero, while 

lambda shrinks coefficients to mitigate multicollinearity. Regularisation prevents overfitting by 

simplifying the model and reducing its sensitivity to noise or correlated features. This is particularly 

useful in datasets with many redundant or weakly relevant features. 

Regularisation values are tested starting from their defaults (e.g., alpha = 0 and lambda = 1) and 

gradually increasing (e.g., alpha = 0.5 or lambda = 2). Cross-validation helps determine the 

combination that minimises error while balancing complexity and generalisation. For datasets with 

highly correlated features, lambda is especially important, as it stabilises feature importance by 

ensuring that no single feature dominates the model due to correlation effects. For datasets with highly 

correlated features, alpha is beneficial when the goal is to simplify the model by selecting only the 

most relevant features. Alpha effectively excludes less important or redundant features from the 

model by applying a penalty that drives some feature coefficients to zero. Figure 3.7 shows the 

influence of alpha and lambda hyperparameter values on the regression model. 

 

Figure 3.7 Influence of alpha and lambda hyperparameter values on the regression model  
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3.4.3.7 Gamma (Minimum Split Loss) 

Gamma specifies the minimum reduction in loss (error) required to make an additional split in a tree. 

A higher gamma value makes the model more conservative, ensuring that only splits with significant 

contributions to reducing error are made. This helps simplify the model and prevents overfitting by 

avoiding unnecessary splits caused by noise or minor fluctuations in the data. However, setting the 

gamma too high can lead to underfitting, where the model becomes too simplistic and fails to capture 

important patterns. 

Gamma tuning starts at 0 (no splits restriction) and gradually increases (e.g., 0.1, 0.5, 1.0). Cross-

validation evaluates the impact of different gamma values on validation error. The final value is 

chosen to balance model simplicity and predictive performance, particularly for noisy datasets. Figure 

3.8 shows the influence of the gamma hyperparameter value on the regression model. 

 

Figure 3.8 Influence of gamma hyperparameter value on the regression model 

3.4.4 Model evaluation metrics and interpretability tools 

3.4.4.1 Evaluation metrics 

Typical performance metrics, including Mean Absolute Error (MAE), Root Mean Squared Error 

(RMSE), and R-squared (R2), can be used individually or combined to assess the effectiveness of the 

model. These metrics provide a comprehensive view of the model’s predictive accuracy, handling of 
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residual errors, and ability to explain the variability in NRMM emissions. Their influence on overall 

model evaluation were presented and referenced in more detail in chapter 2.2.3. This subchapter aims 

to assess and provide a more in-depth explanation of performance metrics in the context of this 

specific work. An example for calculating evaluation metrics is given in ANNEX C. 

R2 measures the proportion of variance in the target variable 𝑦 that is explained by the model. It 

ranges from 0 to 1, where higher values indicate a better fit, and is calculated according to the 

equation: 

 𝑅2 = 1 −
∑ (𝑦𝑖𝑅 − 𝑦̂𝑖𝑅)2𝑛

𝑖 = 1

∑ (𝑦𝑖𝑅 − 𝑦
𝑅

)2𝑛
𝑖 = 1

 (9) 

where 𝑦𝑖𝑅 is the actual observed value for the 𝑖-th instance, 𝑦̂𝑖𝑅is the predicted value for the 𝑖-th 

instance, 𝑦
𝑖𝑅

is the mean of actual observed values, and 𝑛 represents total number of observations. 

Although R2 is the most common metric used in assessing a model’s effectiveness due to providing 

a single, intuitive measure of model fit, its many limitations, especially in non-linear regression tasks 

and complex, noisy datasets, require other metrics to assess its effectiveness more adequately. One 

of the major misconceptions about R2 is that a high value automatically means the model makes 

accurate predictions. R2 only measures how well the model explains the variability in the target 

variable relative to its mean. It does not assess how close the predictions are to the actual values. For 

example, a model can have a high R2 value but still produce predictions with significant errors if it 

overfits to the training data or fails to capture outliers effectively. This means that overly complex 

models may fit the noise rather than the underlying patterns, especially in scenarios with small 

datasets, leading to misleadingly high R2 values. 

Furthermore, and especially important in the case of this work, is that R2 is unsuitable for non-linear 

relationships as a standalone evaluation metric. R2 assumes a linear relationship between the input 

features and the target variable. For non-linear models like XGBoost, which capture complex, non-

linear interactions, R² might fail to measure model performance accurately.  

Outliers can disproportionately affect the calculation of R2 significantly if they skew the total variance 

of the target variable. A model that minimises errors for most data points might still have a low R2 

value due to a few extreme outliers. This limitation makes R2 less robust when working with noisy 

data, as is often the case with NRMM emissions, where variations in machinery use and indirect 

indicators can introduce significant noise.  
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Moreover, R2 is specific to the dataset and the modelled target variable. It cannot be used to compare 

models trained on different datasets or targeting different variables, as the total variance in the target 

variable differs between datasets. This limitation is significant when evaluating NRMM emissions 

for multiple emission types or various countries, where the variability in emissions might differ 

substantially. 

Other metrics like RMSE and MAE are often used instead of or with R2 to overcome these limitations, 

which provide complementary insights into prediction errors and model accuracy. MAE measures 

the average absolute difference between predicted and actual values, providing a straightforward 

indicator of model accuracy. It treats all errors equally, making it less sensitive to outliers compared 

to other metrics. MAE is easy to interpret since it is expressed in the same units as the target variable, 

offering a clear sense of the model's typical prediction error. However, its equal weighting of errors 

means it may not highlight large deviations as effectively as RMSE, limiting its usefulness when 

outliers are significant. MAE is calculated according to the formula: 

 𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦𝑖 − 𝑦̂𝑖|

𝑛
𝑖 = 1 . (10) 

RMSE calculates the square root of the average squared differences between predicted and actual 

values, emphasising more significant errors more heavily due to the squaring process. This makes it 

a more sensitive metric for detecting substantial deviations, which can be critical in applications with 

undesirable large errors. RMSE is also expressed in the same units as the target variable, but its 

sensitivity to outliers can skew results in noisy datasets. While RMSE is informative for evaluating 

the spread of errors, it can sometimes be less intuitive than MAE due to its penalisation of more 

significant errors. RMSE is calculated according to the formula: 

 𝑅𝑀𝑆𝐸 =
1

𝑛
 √∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑛

𝑖 = 1 . (11) 

3.4.4.2 Interpretability tools 

An important part of using a regression model is its interpretation. A benefit of XGBoost is its ability 

to quantify feature importance, which helps interpret the contributions of different indirect indicators 

to NRMM emissions predictions. Feature importance can be assessed using various methods, 

providing an understanding of how each variable influences the model’s predictions. In this work, 

feature importance and SHAP (SHapley Additive exPlanations) were used as interpretability tools for 

the results. 
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Feature importance refers to techniques used to evaluate the contribution of each input feature in a 

machine learning model to its predictions. It helps identify which variables are most influential in 

determining the model's outcomes, providing valuable insights for interpretability and further 

refinement. Main methods for calculating feature importance are: 

• Gini importance, which measures the total reduction in impurity caused by a feature in a 

decision tree. It is widely used in tree-based models but overemphasises features with more 

levels or splits. 

• Permutation importance, which measures the change in the model’s performance when the 

values of a feature are randomly shuffled. It highlights the feature's true impact by breaking 

its relationship with the target variable, but is computationally consuming. 

• SHAP, which is a unified, game-theoretic approach to measure feature importance. It 

considers the contribution of a feature in the presence of all possible feature combinations. 

An example of a feature importance diagram in regression modelling Figure 3.9. Indirect factors 

named on the vertical axis are explained in Table 3.5. 

 

Figure 3.9 An example of a feature importance diagram in regression modelling 

SHAP is a method to explain the predictions of machine learning models by assigning each feature a 

Shapley value. It is rooted in cooperative game theory, where the Shapley value represents a fair 

payout distribution among players based on their contributions. It assigns a value to each feature 

based on its contribution to the prediction for a specific instance. SHAP values provide both global 
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explanations (overall feature importance across the dataset) and local explanations (why a specific 

prediction was made). It is calculated according to the formula: 

 𝜙𝑖 = ∑
|𝑆|!(|𝑁|−|𝑆|−1)!

|𝑁|!𝑆⊆𝑁\{𝑖} [𝑓(𝑆 ∪ {𝑖}) − 𝑓(𝑆)] . (12) 

where 𝑖 is the feature for which SHAP values are calculated, 𝑆 is the subset of features excluding 

feature 𝑖, 𝑁 is the set of all features, and 𝑓(𝑆) is the model output when only features in S are used. 

SHAP values are often visualised by summary plots, where the global impact of each feature, showing 

the distribution of SHAP values, is highlighted. An example of SHAP values in regression modelling 

is shown in Figure 3.10. Indirect factors named on the vertical axis are explained in Table 3.5. 

 

 

Figure 3.10 An example of SHAP values in regression modelling 
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3.4.5 Challenges in Hyperparameter Tuning for XGBoost in NRMM Emissions Modelling 

3.4.5.1 Most notable challenges 

The principal difficulty is the scarcity and heterogeneity of high-quality NRMM emissions data. 

Hyperparameter search (grid, random or Bayesian) explores many candidate configurations, but when 

the sample size is small, the risk of overfitting during tuning increases. Cross-validation mitigates 

this risk, although limited data still constrain the breadth of the search space. Data quality and 

continuity vary across countries and years, with missing values and gaps. This complicates settings 

for row subsampling (subsample) and column subsampling (colsample_bytree, colsample_bylevel), 

which trade variance reduction against the danger of underfitting. Finally, although XGBoost is 

computationally efficient, tuning is still expensive because several interacting hyperparameters 

expand the search space (the hyperparameter grid used in this work is listed in Table 4.1). 

3.4.5.2 Methods for minimising possible downsides 

One enhancement that prevents overfitting is column subsampling, also known as feature 

subsampling (a feature, in this case, would be one of the input datasets, e.g. Volume index of 

production). This technique involves selecting a random subset of features (or columns) at each 

boosting iteration rather than using the entire set of input features every time a new decision tree is 

built. In XGBoost modelling, this process is regulated with subsample, colsample_bytree and 

colsample_bylevel parameters.  

For example, if there is a dataset with 10 different features (e.g., industrial production, construction 

permits, agricultural land use, energy consumption, etc.), in a traditional model, every feature would 

be considered for every split in every decision tree. With column subsampling, XGBoost randomly 

selects only a subset of these features for each boosting iteration. Instead of using all 10 features, it 

randomly selects a subset of features for one tree and a different combination for the next tree.  

Shrinkage, also known as learning rate adjustment (scaling each new tree by a small learning rate eta 

to regularise and reduce overfitting), is a technique in XGBoost that helps control the speed at which 

the model learns. In XGBoost modelling, the hyperparameter learning_rate (eta) scales the 

contribution of each tree added to the model during the boosting process. 

Tree pruning is another technique that helps control the complexity of the decision trees used in 

XGBoost. Pruning involves removing tree branches that provide little to no additional predictive 
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power. In other words, it cuts off splits that do not significantly reduce the prediction error, preventing 

the tree from growing unnecessarily deep. The XGBoost model allows the user to specify a maximum 

depth for each tree with the max_depth hyperparameter. 

Shrinkage and tree pruning have a complementary effect, which increases model accuracy. Shrinkage 

ensures that the model learns gradually, preventing sudden overfitting, while tree pruning simplifies 

the trees by cutting off branches that do not contribute meaningful information. These techniques are 

particularly valuable when working with complex, noisy input data, such as in this case. 
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4 Model build 

4.1 Data preparation 

Since the model input data has many limitations, three data preparation methods were used to make 

the most of the available data. The methods are data standardisation and quantile filtering. A 

combination of both methods, where data is filtered and then standardised, was also used. These 

methods provide additional possibilities for the model to return satisfyingly accurate results and are 

explained in more detail further below. This is especially important since the data quality is poor, and 

the end result has only a few data points. In large datasets, where the end goal function is 

straightforward and may have several hundred or thousands of data points, this train/test split would 

be enough. However, the point of this model is not to adequately assess some random data but to 

provide solutions for real-world country data with year-by-year time series. Even though XGBoost is 

very good at handling time series data [184], obtaining usable results is very difficult since CLRTAP 

data on NRMM emissions go back to 1990, which is around 30 years of data, or only about thirty 

data points. Furthermore, many countries have gaps in or no data for some emission types.  

Python programming language was used to code the model. AN example for data standardisation and 

quantile filtering is provided in ANNEX C. 

4.1.1 Data standardisation 

The data standardisation method (or z-score normalisation), where the data was standardised to have 

a mean of 0 and a standard deviation of 1, was done in order to reduce magnitudes between different 

datasets (feature magnitudes), i.e., to ensure that datasets with more extensive ranges do not dominate 

the training process. In this context, a feature refers to a dataset within the input data, e.g., agricultural 

land use.  

Additionally, there are considerable differences between data for various countries, where the same 

emission types vary considerably. For example, in 2019, total emissions of PM10 from NRMM in the 

residential sector were 8.39 t in Belgium and 170.27 t in Germany. Similar differences are present 

when considering indirect factors. A good example is the utilised agricultural area, where in 2020, 

there was 869.280 ha of utilised agricultural area in Belgium, whereas there was 11.663.810 ha in 

Germany. With such large differences across countries, sectors and emission types, a single 

standardisation for all countries would be nullified by the vast differences among the same data type 
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between countries. This is why standardisation was done individually for each country. It enables 

better comparability of data.  

Data was standardised according to the z-score normalisation formula [185]: 

 𝑧𝑖 =
𝑥𝑖 − 𝜇

𝜎
 (13) 

where 𝑧𝑖is the standardised value of the original value of the data point 𝑥𝑖, 𝜇 is the mean of the feature 

(in this model, emission data and indirect factors), and 𝜎 is the standard deviation of the feature. 

The mean of the feature is calculated as: 

 𝜇 =
1

𝑛
∑ 𝑥𝑖

𝑛

𝑖=1

 (14) 

and the standard deviation of the feature as: 

 𝜎 = √
∑ (𝑥𝑖 − 𝜇)2𝑛

𝑖=1

𝑛
 (15) 

By subtracting each data point by 𝜇, the feature is centred around 0. After this each data point is 

divided by 𝜎, which results in a unit variance. The standardisation used in the model is presented in 

Listing 4.1 below. 

def standard_scaler(data: pd.DataFrame) -> pd.DataFrame: 

    data_to_scale = data.drop(columns=co.EXCLUDED_COLS) 

    data_to_retain = data[co.EXCLUDED_COLS] 

    scaler = StandardScaler().fit(data_to_scale) 

    scaled_data_array = scaler.transform(data_to_scale) 

    scaled_data = pd.DataFrame( 

        scaled_data_array, columns=data_to_scale.columns, 

index=data_to_scale.index) 

    data_final = pd.concat([data_to_retain, scaled_data], axis=1) 

    return data_final 

 

def geo_scaler(data: pd.DataFrame) -> pd.DataFrame: 

    dfs = list() 

    geo_list = data[co.GEO_COLUMN].unique().tolist() 

    for geo in geo_list: 

        geo_df = data[data[co.GEO_COLUMN] == geo] 

        df = standard_scaler(geo_df) 

        dfs.append(df) 

    data_final = pd.concat(dfs, axis=0) 

    return data_final 

Listing 4.1 Data standardisation by country 
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Figure 4.1 shows an example of a dataset before and after data standardisation. 

 

a) 

 

b) 

Figure 4.1 An example of dataset a) before and b) after data standardisation 
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4.1.2 Quantile filtering 

Data filtering, where extreme values (outliers) are filtered based on quantiles8, was an additional 

method to preprocess the input data. By dividing data into quantiles, the data is partitioned into equal-

sized groups instead of choosing arbitrary thresholds. It also allows the model to focus on the central 

part of the data. For a given dataset of n data points, 𝑋 =  {𝑥1,  𝑥2, … ,  𝑥𝑛}, sorted in ascending order, 

the first and third quantiles are defined as 𝑄1 =  𝑥[𝑞1∙𝑛] and 𝑄3 =  𝑥[𝑞3∙𝑛], respectively. If filtering is 

not done on just quantiles, but the aim is to remove only more extreme outliers, then an interquartile 

range is introduced into the method. An interquartile range is calculated as [186]: 

 𝐼𝑄𝑅 = 𝑄3 −  𝑄1  (16) 

For capturing extreme outliers data points can be excluded outside of Lower and Upper bounds, where 

Lower bound is calculated as. 

 𝐿𝑜𝑤𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 = 𝑄1 − 𝑘 ×  𝐼𝑄𝑅  (17) 

And Upper bound as: 

 𝑈𝑝𝑝𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 = 𝑄3 + 𝑘 ×  𝐼𝑄𝑅  (18) 

Where most often 𝑘 = 1.5 for moderate outliers. The filtered dataset 𝑋′ only contains data within the 

range 𝑋′ = {𝑥 ∈ 𝑋 ∶ 𝑄1 ≤ 𝑥 ≤ 𝑄3}. If an interquartile range is used the filtered dataset contains data 

within the range 𝑋′ = {𝑥 ∈ 𝑋 ∶ 𝑄1 − 𝑘 ×  𝐼𝑄𝑅 ≤ 𝑥 ≤ 𝑄3 + 𝑘 ×  𝐼𝑄𝑅}.  

However, the downside of this method is data loss. Since in this there is little data, filtering all data 

would further reduce the models’ ability to make satisfyingly accurate predictions. As mentioned 

previously, XGBoost handles missing data and small amounts of input data well compared to some 

of the other regression methods but aggressively reducing an already small dataset would be 

counterproductive. This is why this method was paired with finding the skewness9 of each data subset. 

Skewness describes the asymmetry of a dataset’s distribution relative to its mean. If the dataset is 

positively skewed, higher values are predominant in a dataset. If it is negatively skewed, lower values 

are predominant in a dataset. Skewness is calculated as [187]: 

 
8 A quantile is a threshold that splits the distribution so that each resulting interval contains an equal share of probability; 

applied to a dataset, it yields equally populated subsets. 
9 Skewness describes how lopsided a distribution is. If the right tail is longer (a few very large values), it’s positively 

skewed; if the left tail is longer (a few very small values), it’s negatively skewed. Near zero means roughly symmetric. 
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 𝑆𝑘𝑒𝑤𝑛𝑒𝑠𝑠 =
1

𝑁𝑝
∑ (

𝑥𝑖 − 𝜇

𝜎
)

3
𝑁

𝑖=1

 (19) 

where Np is the population size, 𝜇 is the population mean, 𝜎 is the population standard deviation, and 

𝑥𝑖 is a data point. Note that the expression in the parentheses (
𝑥𝑖−𝜇

𝜎
) is the formula for data 

standardisation. 

After finding the skewness for each dataset, the dataset among indirect factors with the highest 

skewness in each NFR sector was filtered based on quantiles. In this way, there was little data loss, 

but the influence from the dataset with the highest skewness was lowered. The quantile filtering, 

along with finding the dataset with highest skewness, used in the model is presented in the code 

snippet below. 

def remove_outliers_iqr( 

        data: pd.DataFrame, 

        target: str, 

        q1: float, 

        q3: float, 

        outliers_only: bool = False 

): 

    # Step 1: Filter columns by float data type 

    float_columns = [col for col in 

data.select_dtypes(include=['float']).columns.tolist() if col != target] 

 

    # Step 2: Calculate skewness and find the column with the highest 

absolute skew 

    skew_values = data[float_columns].skew().abs() 

    hs_column = skew_values.idxmax() 

    hs_value = skew_values.max() 

 

    # Step 3: Apply the original outlier removal logic to the column with 

the highest skew 

    Q1 = data[hs_column].quantile(q1) 

    Q3 = data[hs_column].quantile(q3) 

    IQR = Q3 - Q1 

    lower_bound = Q1 - 1.5 * IQR 

    upper_bound = Q3 + 1.5 * IQR 

    df_no_outliers = data[(data[hs_column] > lower_bound) & 

                          (data[hs_column] < upper_bound)] 

    if outliers_only: 

        return df_no_outliers 

    else: 

        return df_no_outliers, hs_column, hs_value 

Listing 4.2 Data filtering by quantiles 
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Figure 4.2 shows an example of a dataset before and after quantile filtering. 

 

a) 

 

b) 

Figure 4.2 An example of dataset a) before and b) after quantile filtering 
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4.2 Hyperparameter tuning 

As explained in Chapter 3.4, a hyperparameter tuning was conducted. By using a grid search, the best 

hyperparameter combinations are found from the chosen hyperparameter grid values. The code for 

the parameter grid is shown in Listing 4.3. The hyperparameters are explained in Chapter 3.4.3, while 

Table 4.1 lists all hyperparameter values used in this model’s grid search. 

Table 4.1 Hyperparameter values used in grid search 

Hyperparameter name Values 

max_depth 3, 4, 5, 6, 7, 8, 9, 10, 12, 15 

learning_rate 0.01, 0.05, 0.1 

n_estimators 200 

subsample 0.8, 1.0 

gamma 0.1, 0.2, 0.5 

colsample_bytree 0.8, 1 

random_state 42 

 

XGBOOST_PARAM_GRID  = { 

    'max_depth': [3, 4, 5, 6, 7, 8, 9, 10, 12, 15],  # Maximum tree depth 

for base learners. 

    'learning_rate': [0.01, 0.05, 0.1],  # Boosting learning rate (xgb's 

"eta") 

    'n_estimators': [200],  # Number of boosted trees to fit. 

    'subsample': [0.8, 1.0],  # Subsample ratio of the training instance. 

    'gamma': [0.1, 0.2, 0.5],  # Minimum loss reduction required to make 

a further partition on a leaf node of the tree. 

    'colsample_bytree': [0.8, 1.0], # Subsample ratio of columns when 

constructing each tree. 

    'random_state': [42] # Random number seed 

} 

 

 

def tune_xgboost_regressor( 

            train_data: pd.DataFrame, 

            target: str, 

            existing_params: bool, 

            config_file_name: str | None = None, 

            param_grid: Dict = None, 

            cv: int | None = 3 

    ): 

        if not existing_params: 
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            logger.info('Performing hyper-parameter tunning') 

            if param_grid is None: 

                param_grid = param_grids.XGBOOST_PARAM_GRID 

 

            # Preprocess the emissions_data 

            data_dr = train_data.dropna(subset=target) 

            data = data_dr.drop(EXCLUDED_COLS, axis=1) 

            X = data.drop(target, axis=1) 

            y = data[target] 

 

            # Instantiate the XGBoostRegressor 

            xgb_regressor = XGBRegressor() 

 

            # Setup cross-validation 

            if cv is not None: 

                kf = KFold(n_splits=cv, shuffle=True, random_state=42) 

            else: 

                kf = cv  # If cv is None, GridSearchCV uses the default 5-

fold cross-validation 

 

            # Configure and run GridSearchCV 

            grid_search = GridSearchCV(estimator=xgb_regressor, 

param_grid=param_grid, 

                                       cv=kf, 

scoring='neg_mean_absolute_error', verbose=1, n_jobs=-1) 

            grid_search.fit(X, y) 

 

            # Extract the best parameters 

            best_params = grid_search.best_params_ 

 

            if config_file_name is not None: 

                with open(config_file_name, 'w') as file: 

                    yaml.dump(best_params, file, default_flow_style=False) 

 

            return best_params 

        else: 

            logger.info(f'Using existing param grid: {config_file_name}') 

            best_params = get_tuned_parameters(file_name=config_file_name) 

            return best_params 

 

Listing 4.3 Hyperparameter grid search setup 

4.3 XGBoost regression and model evaluation 

4.3.1 XGBoost regression 

After preparing the data and tuning the hyperparameters, XGBoost regression was employed. In the 

regression process, a part of the data is left out to serve as test data, i.e., to check how correct the 

model is, while the rest of the data is used as training data, i.e., the data on which the model calculates 

the optimal parameters based on the proposed evaluation metrics. This test/train data split is usually 



  

71 

 

done in the 80/20 ratio, meaning that 80% of the data is used to train the model, and 20% is used for 

testing. The best way to split the data is for the model to split the data randomly. If the data is not 

split randomly, there is a risk of bias when selecting the train/test split. In temporal data such as in 

this model, this ensures that no temporal period is overrepresented. Additionally, this splitting ensures 

that the training and testing datasets statistically represent the overall dataset. And furthermore, it 

makes the model robust. i.e., it ensures that the model generalises better to unseen data. 

However, the purpose of this model is not to adequately assess some random set of emissions but to 

adequately assess emissions at the country level. This is why the model was later tested on a specific 

country to evaluate how it reacts when fitting a single-country dataset. Since the train/test datasets 

differ, this involved another hyperparameter tunning and model fitting. Denmark was chosen as the 

test country since it has reliable data, given the NRMM context, and is a highly developed country 

with a diverse range of activities in all NFR sectors. Furthermore, it has strong environmental policies. 

Croatia was also chosen as an additional test country. It will also be shown later in the results section 

that Denmark has an unusual spike in CO emissions, which is a great case for testing the ability of 

the model to adapt to and predict unforeseen and unusual data. This not only enabled additional results 

but also a comparison of two countries with similar areas and populations but different climates, data 

quality, economic activity and GDP per capita. Additionally, the model will also be tested on Croatia.  

4.3.2 Evaluation metrics and interpretability methods 

R2, MAE, and RMSE were used as evaluation metrics. They provide insights and enable evaluation 

of different aspects of model performance; R2 primarily explains the model’s variance (R2), RMSE 

provides insight into its sensitivity to larger errors, and MAE provides the average prediction 

accuracy. When considering overall model interpretation, these evaluation metrics provide 

straightforward and quantitative performance measures. However, their interpretation strongly 

depends on the data context.  

As shown in Chapter 5, in a classic train/test random split, the model will have higher R2 values and 

lower RMSE and MAE due to diverse and representative training data. When tested on country-

specific datasets (in this work, Denmark and Croatia), the performance metrics reflect the limitations 

of smaller and more homogeneous datasets. Interpretability methods provide additional insights into 

why the model predicts the results in the way that it does.  

  



  

72 

 

 # Model evaluation 

            r2 = r2_score(y_test, y_pred) 

            adjusted_r2 = calculate_adjusted_r2(r2=r2, x_test=X_test, 

y_test=y_test) 

            mse = mean_squared_error(y_test, y_pred) 

            mae = mean_absolute_error(y_test, y_pred) 

            rmse = sqrt(mse) 

 

        performance_table = pd.DataFrame({ 

            'Metric': ['R2', 'Adjusted-R2', 'MSE', 'MAE', 'RMSE'], 

            'Value': [r2, adjusted_r2, mse, mae, rmse] 

        }) 

        performance_table['experiment'] = plot_name 

        performance_table['excluded_country'] = 

configs_dict['excluded_country'] 

        print(performance_table) 

 

        # Feature importance plot if applicable 

        if hasattr(model, 'feature_importances_'): 

            feature_importance = model.feature_importances_ 

            importance_df = pd.DataFrame({'Feature': X_train.columns, 

'Importance': feature_importance}) 

            importance_df = importance_df.sort_values(by='Importance', 

ascending=False) 

            plt.figure(figsize=(12, 6)) 

            sns.barplot(x='Importance', y='Feature', data=importance_df, 

palette='muted') 

            plt.title(f'Feature Importances for {model_type}') 

            plt.savefig(feat_plots) 

            plt.tight_layout() 

 

        plt.figure(figsize=(12, 6)) 

        sns.scatterplot(x=y_test, y=y_pred) 

        plt.xlabel('Actual Values') 

        plt.ylabel('Predicted Values') 

        plt.title(f'Actual vs Predicted Values - {model_type.title()} 

Regression') 

        plt.plot([y_test.min(), y_test.max()], [y_test.min(), 

y_test.max()], 'r--') 

        plt.tight_layout() 

        plt.savefig(ap_plots) 

 

        residuals = y_test - y_pred 

        plt.figure(figsize=(12, 6)) 

        sns.scatterplot(x=y_pred, y=residuals) 

        plt.xlabel('Predicted Values') 

        plt.ylabel('Residuals') 

        plt.axhline(y=0, linestyle='--', color='red') 

        plt.title(f'Residuals vs Predicted Values - {model_type.title()} 

Regression') 

        plt.tight_layout() 

        plt.savefig(res_plots) 

Listing 4.4. Computation of evaluation metrics and interpretability tools 
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5 Model results for NRMM emissions 

5.1 Introduction to the results 

After running the model for all combinations of the hyperparameters (shown in Table 4.1) and the 

data preparation techniques, results were obtained, containing data on basic data markers (e.g. mean, 

minimum and maximum values), evaluation metrics, feature importance, SHAP values, comparison 

of actual and predicted values and residuals. This massive number of different-oriented results is 

challenging to grasp if only studied in raw or poorly organised form. The main goal is not to scrutinise 

every possible combination of the data results, because this would lead to a thing that should be 

avoided – detailed results on a massive scale, which would, for practical purposes, make this work 

unreadable.  

In the following subchapters, data is presented in a way that enables the reader to understand how, on 

a fundamental level, various data preparation techniques and data combinations affect the model 

performance and the end result. This means not only the basic data metrics, but also how these 

different possibilities affect the effect of indirect factors on the end model predictions. In a way, this 

touches on the main problem of data science and machine learning models, namely, how these models 

need a researcher who can adequately interpret the output data. This is another reason why it would 

be superfluous just to present several hundred graphs and other metrics. Chapter 5.2 provides results 

on the classic train/test split with an extensive, in-depth commentary on the CO emissions results to 

better understand the whole results. Later results in chapters 5.3 and 5.4 for Denmark and Croatia 

will focus on key takeaways.  

5.2 Results for classic train/test split 

5.2.1 Test data and results overview for classic train/test split 

Since the model's goal is to satisfactorily assess NRMM emissions on a country level, the main goal 

is to evaluate the model for the test country – Denmark. However, as a first step, the model was 

conducted for a classic train/test split to see how it would react to a standard data split.  

A standard train/test split (80/20) is a commonly employed method in model evaluation. 

Approximately 80% of the data is allocated to the training set, which is used to learn the data patterns 

and build the predictive model. The remaining 20% is set aside as the testing set, where the model’s 
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performance is assessed on data it did not encounter during training. The train/test split is randomised. 

A randomised train/test split is beneficial because it minimises potential biases in data selection for 

training and testing; both subsets are more likely to represent the overall variability of the dataset. 

Such a split arranges diverse cases, including outliers and minority classes, and proportionately 

distributes them across the training and testing sets. 

Basic parameters of the test data are helpful to better understand how data values, spread and the 

presence of extreme outliers can affect model performance. Table 5.1 shows the basic parameters of 

the test data. This data is important for interpreting the results and the metrics.  

Table 5.1. Basic parameters of the test data for the classic train/test split 

  

Emission type 

CO NMVOC NOX PM2.5 PM10 

No data preparation 

Mean (t) 53,656.1 8,976.4 30,490.8 2,504.3 2,652.5 

Standard 

deviation (t) 
90,188.0 14,279.6 43,953.6 4,587.0 4,737.9 

Minimum (t) 169.8 54.1 506.9 25.0 25.0 

Maximum (t) 438,550.0 72,208.4 231,986.0 25,201.7 27,269.4 

Standardised 

Mean (t) 0.024 0.026 0.036 0.000 0.015 

Standard 

deviation (t) 
0.996 0.962 0.975 0.957 0.987 

Minimum (t) -2.738 -2.048 -2.165 -2.744 -2.744 

Maximum (t) 3.881 3.499 2.200 2.251 3.216 

Filtered 

Mean (t) 25,272.4 3,745.6 12,408.2 810.8 922.7 

Standard 

deviation (t) 
29,167.8 4,449.9 13,074.2 879.4 1,014.2 

Minimum (t) 131,4 42,5 479,2 23,1 23,5 

Maximum (t) 114,360.0 21,575.2 87,896.4 6,064.4 6,376.2 

Filtered and standardised 

Mean (t) -0.084 -0.079 -0.127 -0.046 -0.043 

Standard 

deviation (t) 
0.965 0.969 0.974 0.980 0.980 

Minimum (t) -1.855 -2.048 -2.165 -1.943 -1.943 

Maximum (t) 2.297 2.154 1.949 2.251 2.252 

There is substantial variability across all emission types where there is no data preparation. For 

example, CO emissions have a mean of 25,272.4 with a standard deviation of 29,167.8. This results 

in a coefficient of variation of 1.681, meaning that the standard deviation is 168.1% of the mean. 

Such a high ratio indicates that the data is highly dispersed, with the spread of values being large in 
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relation to the average. Similar patterns are observed for NMVOC, NOX, PM2.5, and PM10, with wide 

minimum-to-maximum ranges. This means that the data is heterogeneous and has significant outliers.  

When the data is standardised, the transformation shifts all means to 0 and compresses the standard 

deviations to approximately 1. This uniform scaling enables an easier direct comparison across the 

different emission types by eliminating the influence of their original units and magnitudes. Although 

the central metrics are normalised, the persistence of extreme values in the minimum and maximum 

statistics highlights that outliers remain in the dataset, even if the standardisation mitigates their 

impact on the central tendency. 

The application of filtering results in a marked reduction in both the means and standard deviations 

compared to the unprocessed data. For instance, filtering reduces the average level for CO emissions 

to a significantly lower value and a similar proportional decrease in standard deviation. Such 

reductions are indicative of the successful removal of extreme values. However, the data is still highly 

dispersed, although less so compared to the case of no data preparation. This can be seen from the 

relation of standard deviation to the mean. For example, for CO, it is 1.154, meaning that the standard 

deviation is 115.4% of the mean. Similar patterns are observed for NMVOC, NOX, PM2.5, and PM10. 

Still, removing the main outliers can lead to a dataset that better represents typical emission levels for 

all pollutants. 

Finally, when filtering is combined with standardisation, the resulting dataset is affected by removing 

outliers and a transformation to a common scale, with a mean near zero and a standard deviation of 

approximately 1. 

After running the regression code, the data for model evaluation were collected for all emission types 

and data preparation techniques. Table 5.2 This shows the model evaluation metrics for the classic 

train/test data split. Metrics are shown for all emission types and all data preparation techniques. The 

following subchapter covering CO emissions provides a detailed overview and commentary of the 

results to give a better outlook about how the theoretical and abstract terms explained through this 

work manifest and intertwine in a concrete model example.  
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Table 5.2. Model evaluation metrics for the classic train/test data split 

  

Emission type 

CO NMVOC NOX PM2.5 PM10 

No data preparation 

R2 0.992 0.986 0.979 0.991 0.991 

MAE 4,150.167 905.866 3,380.000 227.137 252.827 

RMSE 8,238.002 1,686.208 6,421.188 441.675 455.507 

Standardised 

R2 0.580 0.769 0.775 0.737 0.660 

MAE 0.475 0.304 0.321 0.299 0.310 

RMSE 0.644 0.462 0.461 0.490 0.574 

Filtered 

R2 0.953 0.952 0.967 0.946 0.947 

MAE 3,400.554 538.664 1,491.527 127.051 114.963 

RMSE 6,316.009 973.009 2,352.664 203.031 232.386 

Filtered and standardised 

R2 0.520 0.813 0.707 0.820 0.799 

MAE 0.466 0.291 0.345 0.285 0.308 

RMSE 0.666 0.418 0.526 0.415 0.437 

5.2.2 In-depth results for CO emissions  

Overall, results for CO emissions in the classic train/test data split demonstrate that while the 

XGBoost model can explain a large portion of the variance in CO emissions in the raw data, 

significant absolute errors persist due to outliers. The standardisation process effectively reduces the 

scale of errors, and filtering substantially improves performance by removing extreme values. 

However, the R2 value decreased with data standardisation, suggesting a trade-off between reducing 

error magnitude in standardised units and the proportion of variance explained by the model. 

In the no data preparation case, R2 was 0.992, indicating that the model captured nearly all of the CO 

emissions variance. However, as already mentioned, R2 is not the best-suited metric for non-linear 

models, particularly as a standalone metric, and should at least be paired with other metrics to better 

understand, explain and evaluate the influence of basic data on the model and the model performance 

itself. MAE was 4,150.167, meaning that, on average, predictions deviated from the observed values 

by this amount in tonnes. Compared to the mean value of 53,656.1 tonnes, this means that the MAE 

is 7.73% of the mean value of testing data. RMSE was 8,238.002, which is considerably higher than 

the MAE; this difference suggests that some predictions incur much larger errors, as RMSE 

emphasises larger deviations due to the squaring of errors. These high absolute error values reflect 

high variability and the presence of extreme values in the raw dataset. The values and the ratios are 
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similar for cases with data filtering, suggesting that the filtering did not have a large effect on the 

dataset and model predictions.  

When the data were standardised, the target values were rescaled so that the mean became 0 and the 

standard deviation 1. In this scenario, the R² for CO dropped to 0.580, which indicates that the model 

explains a moderate proportion of the variance on this uniform scale. The MAE decreased to 0.475, 

showing that the average error is less than half a standard deviation, while the RMSE was reduced to 

0.644. Although both error metrics are low in standardised units, the RMSE remains higher than the 

MAE, implying that relatively larger errors still occur despite the rescaling. However, the 

RMSE/MAE ratio is 1.35, whereas in the “without data preparation” model, the ratio is 1.98, which 

means that standardisation significantly lowered the impact of large data deviations. The results are 

similar for the case when the data is filtered and standardised, pointing to a conclusion that data 

standardisation had a much more significant effect on model performance compared to data filtering. 

Figure 5.1 shows the feature importance for CO emissions, showing the relative contribution of each 

predictor to the model's output, where Figure 5.1 a) shows the case without data preparation, b) shows 

the case where the data is standardised, c) shows the case with data filtering, and d) shows the case 

with data standardisation and filtering. This visual representation confirms that certain features have 

a dominant influence on the predictions, thereby offering insight into which factors are most critical 

in explaining the variability in CO emissions. In tree based models such as XGBoost, feature 

importance provides insight on which inputs the algorithm split on most often or most effectively. 

The most common metric is the aforementioned Gain, which measures how much each split on a 

given feature reduces the training loss (averaged over all trees). A high‐Gain feature is one the model 

uses to split the data into purer subsets, i.e., it’s “useful” for improving predictions. 

It should be noted, for this and other feature importance figures which follow, that high feature 

importance reflects a strong statistical association with the target variable, rather than establishing a 

causal relationship. In other words, while these features are highly predictive of CO emissions within 

the model, their influence should be interpreted as correlational, and further in-depth, domain-specific 

analysis would be necessary to assert causality. 

In the Figure 5.1 a), it can be seen that General government expenditure by function – R&D and 

defence (GF0204), Production value at basic price in agricultural sector (PROD_BP) and CO 

emissions from road vehicles (RVEMIS_CO) have the most significant influence on the results, 

indicating that production values in the agriculture sector, government expenditure on military and 
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civil infrastructure and emissions from road vehicles could have a major influence on NRMM 

emissions.  

On the other hand, Figure 5.1 b) shows that the most dominant feature is RVEMIS_CO. In this case, 

with this predictor being by far the feature with the highest importance, there is a strong case for a 

notable linkage between road and non-road patterns. Since both the test values and RVEMIS_CO 

result from vehicle usage, it is logical that they are closely correlated. However, since they are 

different in scale and in uniformity (emissions form road vehicles are much more closely monitored, 

leading to a much higher quality data), they do not correlate when non-standardised data is used. 

Following RVEMIS_CO, the volume index of production in the services sector 

(PROD_PRODSERV) and utilised agricultural area (UAA_UTILAGRA) also emerge as highly 

influential. 

Figure 5.1 c) shows the case with data filtering. The feature importance hierarchy is almost the same 

as for the case with no data preparation and it can be seen that PROD_BP and General government 

expenditure by function - defence (GF0201) have the largest influence on the results. 

Figure 5.1 d) shows the case with data filtering and standardisation. In this case, agricultural area 

utilised for permanent crops (PECR) is the most influential predictor for CO emissions after data 

filtering and standardisation. Its substantially higher importance score indicates that variations in 

permanent crops play a central role in the model’s estimation of CO emissions under these pre-

processing conditions. This is followed by the indirect factor UAA_UTILAGRA, representing 

utilised agricultural area, highlighting the influence of agricultural factors. RVEMIS_CO is in the 

third place. Compared to previous scenarios without data preparation and with data standardisation, 

this shift in feature dominance strongly emphasises the extent to which data preprocessing can alter 

the model’s perspective on which variables matter most. Yet, as always, high importance scores 

signify strong statistical associations rather than conclusive causal effects. This again shows the 

importance of having quality data, of using variables which are connected to the task at hand, and of 

critically inspecting the model output.  

Here, it is also appropriate to reiterate that only a further, deep, domain-specific investigation would 

be required to ascertain why these indirect factors lead to the estimation of CO emissions in this 

refined dataset. Moreover, it is interesting how data filtering did not have a large effect on model 

metrics but shifted feature importance metrics when combined with data standardisation. This points 

to two main corollaries. Firstly, it notes how strong machine learning models require previous 
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knowledge, not just for determining the quality of the results, but also for their input data to be 

adequately chosen. Secondly, how multiple outputs can point to different influences of various 

indirect factors, while maintaining plausible correctness and logical soundness for all of them. In this 

example, the PECR indirect factor (variations in permanent crops) is in the lower part of the feature 

importance hierarchy for the first three cases. However, in the last case, it comes out on top. Since 

agricultural machinery, along with construction machinery, has the largest influence on total NRMM 

emissions, the change in permanent crops is a logical parameter which can indicate in which direction 

the overall NRMM emissions will go for a given year, i.e., will they increase or decrease.  

 

a) 
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d) 

Figure 5.1. Feature importance for CO emissions in the classic train/test data split: a) without data 

preparation, b) with data standardisation, c) with data filtering, d) with data standardisation and 

filtering 

Figure 5.2 a) and b), displaying the SHAP values, provides a different view of feature contributions. 

The SHAP plot quantifies how each feature pushes the prediction higher or lower, revealing not only 

the magnitude of each feature's impact but also the direction of the effect. They effectively show by 

how much a feature pushes the model’s output above or below the average prediction. For example, 

features with consistently positive SHAP values mean that higher feature values are associated with 

increased predicted emissions, whereas negative SHAP values suggest a lowering effect on the 

predictions. SHAP values explain each prediction, while feature importance presents and averages 

over the entire set. They are useful in understanding non-linear relationships and interactions that may 

not be apparent from global feature importance scores alone. An illustrative case of this can be seen 

by looking at the SHAP values for cases with no data preparation (Figure 5.2 a)) and with data 

filtering and standardisation (Figure 5.2 b)), and comparing them to the respective feature importance 

in Figure 5.1 a) and d). Whereas in figures Figure 5.1 a) and d) RVEMIS_CO is in third and fourth 

place, respectively, by feature importance, in both SHAP plots this indirect factor is on top, indicating 

that while RVEMIS_CO is not the feature which drives the model the strongest, its values were often 

the main individual drivers during the model tree split. In other words, the magnitude of the impact 

on individual prediction is the highest for RVEMIS_CO in both cases. This means, even with data 

filtering and standardisation, RVEMIS_CO had the highest impact on individual predictions.
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a) b) 

Figure 5.2. SHAP values for CO emissions in the classic train/test data split: a) without data preparation, b) with data standardisation and filtering
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A related issue is how all this correlates to the predicted values when compared to actual values. 

Figure 5.3 a) and b) show the comparison of actual and predicted values for CO emissions in the 

classic train/test data split without data preparation and with data standardisation and filtering, 

respectively. The red dashed 45° line is where perfect predictions would lie. Considering Figure 5.3 

a), a handful of very large points (above 200,000 t) drive most of the spread, but the model follows 

the overall trend—even those extreme values, reasonably well. The tight clustering of most values 

around the diagonal at the low end is the main reason for an R2 of 0.992, but the presence of a few 

extreme outliers in the high-value part results in an MAE of 4,150 t, and an RMSE of 8,238 t. Figure 

5.3 b) shows that the cloud of points is more spread out relative to the diagonal, especially in the 

middle of the distribution. Data filtering removed the biggest outliers, whereas standardising levelled 

all the remaining errors. In other words, even though there is a larger spread of data, the lower 

MAE/RMSE ratio of 1.42 means that this way the model has tighter error bounds.
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a) b) 

Figure 5.3. Comparison of actual and predicted values for CO emissions in the classic train/test data split: a) without data preparation, b) with 

data standardisation and filtering 
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A good follow-up representation of results is a figure which presents the residuals of predicted values. 

Figure 5.4 a) and b) show the residuals of predicted values for CO emissions in the 80/20 train/test 

data split without data preparation and with data standardisation and filtering, respectively. These 

figures help to understand if the model’s errors are systematically unbiased, meaning that the model 

is not consistently over- or under-representing. It also shows if the error variance grows with 

prediction magnitude. In a way, these figures confirm the validity of the regression, confirming that 

there is no bias or obvious patterns in the residuals. Both Figure 5.4 a) and b) show no systematic bias 

in the model prediction or model errors. Furthermore, there is no pronounced heteroscedasticity 

(unequal scatter) in both cases, although the case with no preparation (Figure 5.4 a) shows a slight 

change in the spread of the residuals over the total range of values (indicated by a slight “fan” shape). 

Standardising and filtering the data “tamed” the values since error variance is relatively constant 

across predicted magnitudes (Figure 5.4 b), meaning that the model is more robust.
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a) b) 

Figure 5.4. Residuals of predicted values for CO emissions in the classic train/test data split: a) without data preparation, b) with data 

standardisation and filtering 
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Overall, the results show that XGBoost regression, when applied to an 80/20 train/test split of 

European NRMM data, can achieve exceptionally high explained variance in absolute emissions (R2 

≥ 0.99), but only at the cost of large, slightly heteroscedastic errors (MAE ≃ 4,150 t; RMSE ≃ 8,238 

t) driven by a few extreme outliers. Filtering and/or standardising the data results in a trade-off 

between raw-data fidelity (lower R2 and higher MAE and RMSE compared to the standard deviation) 

and model robustness (tighter error bounds, standardised MAE/RMSE is below 0.6 of the standard 

deviation, and errors are relatively constant across predicted magnitudes). Even after mitigating 

outliers, the indirect factor of CO emissions from road vehicles (RVEMIS_CO), covering CO 

emissions from road transport, remains the strongest predictor of NRMM emissions. The filtered and 

standardised case shows a balance between predictive accuracy and interpretability. This will prove 

to be very useful when using the model on a single-country basis, where the data is much more 

uniform, but with a very low number of values. 

5.3 Results for Denmark 

5.3.1 Test data and results overview for Denmark 

The model's performance was then tested on a country-based test dataset, for which Denmark was 

chosen as a test country. The reasons are already stated in Chapter 4.3.1, but as a short reiteration, 

Denmark has relatively high-quality data, modern environmental policies, and diverse NRMM usage 

throughout its economic and social sectors. The identical data preparation cases (without preparation, 

standardisation, filtering, standardisation + filtering) were applied to the data. Table 5.3 shows basic 

parameters of the test data for Denmark as a test country.  
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Table 5.3. Basic parameters of the test data for Denmark as a test country 

  

Emission type 

CO NMVOC NOX PM2.5 PM10 

No data preparation 

Mean (t) 62.994,8 6.600,2 20.437,8 1.637,3 1.637,9 

Standard 

deviation (t) 
6.895,4 1.914,8 4.489,8 694,1 694,3 

Minimum (t) 53.761,3 3.440,6 11.759,4 552,4 552,9 

Maximum (t) 77.834,0 9.571,7 25.467,6 2.768,0 2.768,9 

Standardised 

Mean (t) 0,000 0,000 0,000 0,000 0,000 

Standard 

deviation (t) 
1,016 1,016 1,016 1,016 1,016 

Minimum (t) -1,362 -1,676 -1,964 -1,587 -1,587 

Maximum (t) 2,187 1,576 1,138 1,655 1,655 

Filtered 

Mean (t) 62.994,8 6.600,2 20.437,8 1.637,3 1.637,9 

Standard 

deviation (t) 
6.895,4 1.914,8 4.489,8 694,1 694,3 

Minimum (t) 53.761,3 3.440,6 11.759,4 552,4 552,9 

Maximum (t) 77.834,0 9.571,7 25.467,6 2.768,0 2.768,9 

Filtered and standardised 

Mean (t) 0,000 0,000 0,000 0,000 0,000 

Standard 

deviation (t) 
1,016 1,016 1,016 1,016 1,016 

Minimum (t) -1,362 -1,676 -1,964 -1,587 -1,587 

Maximum (t) 2,187 1,576 1,138 1,655 1,655 

As seen in Table 5.4, from 1990 to 2021, Danish NRMM emissions follow a consistent pattern, 

showing, in general, lower year-by-year emissions for all emission types. CO emissions stand out in 

the period 2003-2008, showing a strong increase in emissions. This is unexpected since during this 

time the core legislature concerning NRMM emissions was already in place, so the emissions should 

have been lower on a year-by-year basis; furthermore, all other emission types lowered or stagnated 

during this period. This is most probably due to a rise in gasoline consumption in the 

Commercial/Institutional sector (CRF code: 1A4a), which doubled from 0.6 PJ in 2003 to 1.2 PJ in 

2008 [24].  
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Table 5.4. Actual emission data for Denmark per emission type [145] 

Actual values (tonnes) 
Year CO NOX NMVOC PM10 PM2.5 
1990 72,332.68 21,858.77 9,571.67 2,713.25 2,712.42 
1991 70,333.01 23,584.71 9,356.48 2,768.87 2,768.01 
1992 66,697.82 22,402.15 8,871.69 2,612.71 2,611.91 
1993 64,523.92 22,727.70 8,594.14 2,550.06 2,549.30 
1994 62,591.12 22,975.16 8,433.85 2,445.36 2,444.59 
1995 61,219.00 23,909.33 8,393.31 2,487.02 2,486.23 
1996 59,425.25 23,037.61 8,185.91 2,319.95 2,319.20 
1997 58,056.37 22,581.65 8,060.37 2,272.72 2,272.11 
1998 56,877.59 23,291.68 7,953.67 2,184.65 2,184.02 
1999 55,820.85 23,873.14 7,869.49 2,100.33 2,099.61 
2000 54,847.34 25,467.58 7,794.83 2,049.28 2,048.35 
2001 54,539.94 25,463.05 7,783.30 2,009.53 2,008.64 
2002 55,237.43 25,215.25 7,712.50 1,928.17 1,927.28 
2003 54,821.67 24,913.71 7,513.78 1,850.24 1,849.39 
2004 59,322.17 24,554.71 7,407.80 1,772.33 1,771.58 
2005 64,746.49 24,398.31 7,369.54 1,693.64 1,692.88 
2006 69,164.29 23,769.78 7,446.74 1,626.17 1,625.40 
2007 74,669.71 23,417.10 7,437.39 1,567.99 1,567.26 
2008 77,834.02 22,154.96 7,049.14 1,473.15 1,472.59 
2009 75,355.46 19,950.16 6,009.20 1,267.54 1,266.98 
2010 72,562.71 20,536.16 5,706.86 1,312.53 1,311.96 
2011 69,516.96 19,690.07 5,314.97 1,231.20 1,230.66 
2012 66,604.72 17,305.73 4,922.11 1,124.49 1,124.05 
2013 65,296.18 17,327.82 4,706.70 1,053.15 1,052.65 
2014 64,075.56 16,110.29 4,502.23 970.09 969.62 
2015 62,094.73 15,718.21 4,318.23 901.29 900.78 
2016 61,072.14 14,894.26 4,192.92 841.64 841.14 
2017 60,661.29 14,182.86 4,107.97 781.95 781.46 
2018 59,572.98 12,876.99 3,942.55 717.04 716.57 
2019 57,353.29 12,262.91 3,712.93 648.94 648.46 
2020 54,845.11 11,796.87 3,521.95 585.55 585.08 
2021 53,761.28 11,759.42 3,440.55 552.91 552.39 

 

Table 5.5 shows the predicted emissions for Denmark by emission type for the filtered and 

standardised case because, as will be shown below, it is the case with the best overall metrics. The 

predicted emissions follow the actual ones, with minor errors in a single-digit range. For example, 

the average relative error for NMVOC emissions is 6 % of the mean value. However, the model 

predicted the downward trend in CO emissions as well, even in the 2003-2008 period, where the 

actual emissions rose. This can be seen best in Figure 5.5. Even though the average relative error to 
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the mean value for CO is only 7 %, this could result in significantly worse result metrics for CO 

emissions. A more thorough results inspection and discussion will show the extent of the influence 

of this data discrepancy.  

Table 5.5. Predicted emission data for Denmark per emission type for the filtered and standardised 

case 

Predicted values (tonnes) 
Year CO NOX NMVOC PM10 PM2.5 
1990 74,243.72 25,276.78 9,303.93 2,626.46 2,644.74 
1991 75,705.82 25,228.48 9,360.58 2,694.22 2,751.71 
1992 73,902.94 25,740.33 9,507.07 2,290.54 2,401.72 
1993 69,306.58 25,003.57 8,556.30 2,346.28 2,332.23 
1994 67,986.09 24,489.21 8,562.45 2,437.86 2,445.27 
1995 69,563.26 23,414.50 8,322.22 2,200.60 2,367.68 
1996 68,400.20 23,262.56 8,333.58 2,138.34 2,259.80 
1997 68,155.17 23,088.11 8,264.38 2,074.62 2,197.37 
1998 64,402.53 23,199.20 7,483.75 2,173.61 2,084.28 
1999 65,574.58 23,866.77 7,546.42 2,182.39 2,113.79 
2000 66,165.19 23,142.31 7,645.91 2,185.22 2,098.53 
2001 63,014.65 23,879.80 7,596.81 2,197.66 2,138.46 
2002 64,271.25 22,643.37 7,212.04 1,937.23 2,074.39 
2003 65,355.01 23,137.20 7,718.83 1,917.79 1,819.93 
2004 64,899.15 22,862.48 7,195.15 1,837.38 1,675.05 
2005 65,828.90 22,396.30 7,027.99 1,952.33 1,893.79 
2006 62,498.03 21,570.83 6,948.84 1,915.87 1,816.10 
2007 64,000.53 21,276.04 6,614.46 1,723.91 1,731.81 
2008 62,713.36 20,445.35 6,316.22 1,603.87 1,514.86 
2009 61,540.85 18,704.31 5,783.21 1,303.87 1,140.80 
2010 61,560.60 18,513.54 5,759.54 1,205.79 1,274.05 
2011 59,911.57 17,391.39 5,048.32 1,310.69 1,301.96 
2012 58,083.65 16,716.23 4,793.48 1,236.34 1,146.62 
2013 58,032.79 16,788.18 4,864.03 1,025.31 994.44 
2014 58,378.48 16,306.37 4,855.92 892.07 916.63 
2015 62,083.98 16,374.50 5,596.89 973.94 1,007.09 
2016 57,750.34 15,525.23 4,386.99 897.76 910.15 
2017 57,399.42 15,096.18 4,508.55 849.66 890.57 
2018 58,854.63 15,027.54 4,396.58 894.98 873.68 
2019 57,027.87 14,028.06 4,164.04 789.33 748.19 
2020 57,375.55 14,470.16 4,105.95 785.20 883.53 
2021 56,489.53 13,981.68 4,436.07 733.19 835.06 
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Figure 5.5. Actual and predicted emission values for Denmark per emission type for the filtered and 

standardised case 

Compared with the previous classic train/test split sample, Danish emissions are more tightly 

clustered and exhibit limited spread, which can be seen in much lower standard deviation values 

compared to the mean values of the test data. Furthermore, the means for all pollutants correspond 

well to the mean values in the previous sample, meaning that the Danish test data is not an outlier in 

the total data spread. This is beneficial because it makes Denmark a good test country, namely, there 

is no systematic bias pushing all Danish predictions too high or too low. However, the minor Danish 

variance is not beneficial to the model since even modest absolute errors will result in much smaller 

or negative R2 scores10. This way, R2 can be an especially misleading metric to look at as a standalone 

metric. On the other hand, this case is an excellent example to show the model’s sensitivity to scale 

and how a moderate spread in the data is good for the machine learning models since it allows them 

to anchor the model splits. In other words, the model will more likely make a good prediction on 

where the Danish emissions should sit on average, but will struggle to predict the minor changes in 

 
10 Negative R2 indicates the model performed worse than a simple mean baseline on the evaluation data. 
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the emission trends accurately. This can be seen in Table 5.6, which shows model evaluation metrics 

for Denmark as a test country. 

Table 5.6. Model evaluation metrics for Denmark as a test country 

  

Emission type 

CO NMVOC NOX PM2.5 PM10 

No data preparation 

R2 -19.081 -0.859 -1.363 -0.205 0.369 

MAE 26,949.4 2,143.9 6,356.3 576.2 432.9 

RMSE 30,412.5 2,569.7 6,793.2 750.1 542.8 

Standardised 

R2 -0.646 0.950 0.806 0.978 0.967 

MAE 1.080 0.177 0.365 0.117 0.143 

RMSE 1.283 0.224 0.440 0.150 0.181 

Filtered 

R2 -47.054 -0.193 -0.845 -0.557 0.514 

MAE 45,741.0 1,727.3 5,390.9 691.3 379.6 

RMSE 47,046.7 2,058.5 6,002.1 852.4 476.3 

Filtered and standardised 

R2 -0.320 0.940 0.793 0.958 0.959 

MAE 0.991 0.190 0.380 0.172 0.168 

RMSE 1.149 0.244 0.455 0.205 0.202 

 

Three things come to attention almost immediately when looking at Table 5.6. Firstly, the results are 

poorer than in the classic 80/20 split. This is expected because the Denmark-only test set is much 

smaller and more homogeneous, making R2 more sensitive and typical errors larger relative to the 

test set’s spread, and the fact that there is simply a lot less test data when the testing is done only on 

Denmark. Machine learning models greatly benefit from large quantities of data. Hence, a significant 

cut in test data is a major blow to the model, and adding other factors only makes the task harder for 

the model. This is seen not only straightforwardly for R2, but also for the MAE and RMSE, which 

are much larger than the standard deviation for all emission types.  

Secondly, standardisation greatly improved the evaluation metrics compared to raw or filtered data 

results. Except for CO emissions, all other emission types show good evaluation metrics. For 

NMVOC, NOX, PM2.5 and PM10, rescaling each emission series to zero mean and unit standard 

deviation lifted the R2 to the 0.8+ range, and reduced the MAE and RMSE below 0.22 of standard 
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deviation. This means that, when the model’s metrics improve greatly once they are calculated on 

relative rather than absolute deviations.  

Thirdly, the evaluation metrics for CO emissions remain poor for all cases. This is most due to data 

for CO having a lot less spread than the data for other emission types, and the 2003 – 2008 emission 

spike. However, even this spike could be captured by the model if enough variety in raw data is 

present, but the relative-range metric (Maximum −  Minimum) / Mean  quantifies the spread of 

emissions data in units of its mean, providing a dimensionless measure of variability. For Danish CO 

emissions, this ratio is only 0.38, indicating that the annual CO series varies by less than 40% of its 

mean value. In contrast, NMVOC, NOX, PM2.5, and PM10 each exhibit relative ranges near or above 

0.7, and PM2.5 and PM10 exceed 1.3, demonstrating greater variability. Much lower spread 

(variability of the data in the time series) and the unnatural emission spike mean that even lower 

absolute prediction errors result in a high penalty regarding R2, resulting in negative values. With 

much more difficult split decision-making for the model, this also spills over to the MAE and RMSE. 

While standardisation rescales all pollutants to unit variance, it cannot create dispersion where there 

is none, which means that while it can bring some improvement to the evaluation metrics, i.e., the 

model performance, it still struggles to assess the data accurately. In other words, the model’s poor 

performance on Danish CO emissions is the result of the lack of meaningful variation in the model, 

rather than it being a product of poor algorithmic tuning or data preprocessing. This is a good example 

of what challenges can arise during model evaluation and fine-tuning. Further, the detailed results 

discussion below will analyse why Denmark’s CO emissions were hard to capture for the model, i.e., 

why indirect factors did not follow the CO trend. Additionally, it will be interesting to reflect on this 

when looking at the model’s performance on Croatia’s example.  

5.3.2 Results discussion for Danish CO and PM2.5 emissions in the case with filtered and 

standardised data 

This overview will serve as an in-depth commentary on the model’s performance on two 

representative pollutants, CO and PM2.5, under the filtered and standardised data scenario. It will also 

serve to show how rescaling to zero mean and unit variance affects predictive accuracy, error 

distributions, and feature interpretability. CO serves as a challenging case where even filtering and 

standardisation did not result in captured variance. At the same time, PM2.5 is an example of a 

pollutant for which filtering and standardisation changed the results almost completely, resulting in 

high R2 and error magnitudes below the standard deviation.  
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Figure 5.6 a) and b) show feature importance for CO and PM2.5 emissions, respectively. 

RVEMIS_CO, i.e., CO emissions from road vehicles, is the dominant predictor (with approximately 

12% of total importance) for CO emissions, followed by UAA_UTILAGRA (utilised agricultural 

area) and PECR (permanent crops). Similarly, the strongest predictors for PM2.5 emissions are FLAT 

(share of population living in flats), UAA_UTILAGRA (utilised agricultural area) and PECR 

(permanent crops). This means that indirect factors from the agricultural sector are among the 

strongest predictors in both cases, which aligns with the agricultural sector being a strong emission 

source in NRMM emissions. For PM2.5 emissions, the feature importance of FLAT also points, albeit 

indirectly, to construction machinery, since more densely populated areas correlate with a more active 

construction sector. Furthermore, CO emissions are strongly dominated by the RVEMIS_CO indirect 

factor, while the PM2.5 emissions are more dispersed between the first three indirect factors. 

 

a) 
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b) 

Figure 5.6. Feature importance for the filtered and standardised data case for Denmark: a) CO 

emissions, b) PM2.5 emissions  

Figure 5.7 shows the SHAP values, with Figure 5.7 a) showing the values for CO emissions and 

Figure 5.7 b) showing the SHAP values for PM2.5 emissions. This figure confirms the findings from 

the previous Figure 5.6 and could further explain why the results for CO are not as good as those for 

the other emission types. In Figure 5.7 a), it can be seen that nearly all predictive power comes from 

the RVEMIS_CO indirect factor. This means that high RVEMIS_CO uniformly pushes predictions 

upward; low values uniformly pull them down. In this case, the model is most likely being “forced” 

into big corrections simply because there’s not an adequately strong second input from any other 

feature. Moreover, there is no plateau, meaning that RVEMIS_CO’s impact on SHAP is almost purely 

linear. With no other features for correction, the model cannot self-correct once the values go into 

extremes. Other features are centred around zero, meaning they do not significantly affect the model 

outcome. Even if they have values that drive the predictions upward or downward, they are only a 

few outlier values (such as total power of fishing fleet – KW, or production of wood-based panels - 

PN) for features which, on top of that, do not exhibit a considerable feature importance in Figure 5.5 

a).  

By contrast, PM2.5’s filtered and standardised case, shown in Figure 5.7 b), pans out across several 

indirect factors (model predictors). More importantly, some features push the prediction up (e.g. 

higher flats share - FLAT), others push it down (e.g. more grassland – J0000), and the magnitude of 
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these effects is comparable. This has an influence on model split when finding the best predictions 

according to the input data, resulting in better metrics. This, in end, influences the evaluation metrics, 

leading to R2 of 0.96 and MAE and RMSE values of around 0.2 of standard deviation. 
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a) b) 

Figure 5.7. SHAP values for the filtered and standardised data case for Denmark: a) CO emissions, b) PM2.5 emissions 
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The results showing actual vs. predicted values, shown in Figure 5.8, confirm the conclusions from 

the feature importance and SHAP plots. The scatter in Figure 5.8 a), showing the actual vs. predicted 

values for CO, reveals a model that cannot capture the variability of the values. This is visible from 

the underpredicted values for the high CO values and overpredicted values for the low CO values. 

This means that the model was not even able to capture the trend. Since the average RMSE is 1.149 

(this is also visible from the considerable vertical distance between each point and the dashed line), 

the average prediction error is bigger than the CO spread itself. The “fan-shaped” cloud of points 

indicates heteroscedasticity, meaning that the model is least reliable with larger value spikes. Figure 

5.8 b), showing the actual vs. predicted values for PM2.5, also confirms this. The points are tightly 

packed around the 45° line, showing a strong relationship between the actual and predicted values. 

Model performance is also consistent across the value range, with no apparent bias at value extremes.
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a) b) 

Figure 5.8. Actual vs. predicted values for the filtered and standardised data case for Denmark: a) CO emissions, b) PM2.5 emissions 
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Figure 5.9 shows the residuals of predicted values for the filtered and standardised data case for 

Denmark, where Figure 5.9 a) shows the residuals for CO emissions and Figure 5.9 b) shows the 

residuals for PM2.5 emissions. The most significant difference between the two plots is the magnitude 

on the y-axis. In Figure 5.9 a) residuals routinely exceed ±1 unit (in standardised terms, representing 

one standard deviation), and several points are near +2 and –1.7. By contrast, in Figure 5.9 b) residuals 

are almost exclusively in below ±0.3. unit. 
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a) b) 

Figure 5.9. Residuals of predicted values for the filtered and standardised data case for Denmark: a) CO emissions, b) PM2.5 emissions 
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Overall, Denmark's results reveal several important conclusions. Compared to the classic train/test 

split, filtering and standardisation greatly improved the evaluation metrics. While in the classic 

train/test split modelling, the results were the best for the no data preparation case (raw data), for 

Denmark, the metrics show that the results are almost unusable, i.e., that an average value would 

outperform the model. This is almost exclusively due to a much larger and differentiated test dataset. 

For Denmark, filtering and standardisation yielded the best overall results across the five emission 

types. Another valuable lesson is seen in the difference between the CO and PM2.5 case for Denmark. 

While filtering and standardisation greatly improved the evaluation metrics for CO, it still did not 

result in high R2 or low MAE and RMSE (especially compared to the standard deviation). Contrary 

to this, the metrics for other emission types significantly improved. This is commented in depth for 

PM2.5 emissions. The actual vs. predicted scatter aligns tightly around the 45° line, and residuals form 

a uniform band around zero, indicating homoscedastic, unbiased errors.  

5.4 Results for Croatia 

5.4.1 Test data and results overview for Croatia 

The model's performance was then tested on a second country-based test dataset, Croatia (i.e., the test 

data are now data for Croatia instead of Denmark). The reasons are already stated in Chapter 4.3.1, 

but as a short reiteration, Denmark has relatively high-quality data, modern environmental policies, 

and diverse NRMM usage throughout its economic and social sectors. In contrast, Croatia is a country 

with poorer data quality, lower GDP per capita, Unlike Denmark’s highly developed manufacturing 

and service economy, Croatia’s activity profile leans more heavily on tourism, agriculture and small-

scale industry. Testing the model on Croatia shows how well the indirect factors translate across a 

very different economic structure. Additionally, although Croatia has up-to-date environmental 

policies (since it is in the EU), it joined much later than Denmark, so the policies were not 

implemented as early as in Denmark. The identical data preparation cases (without preparation, 

standardisation, filtering, standardisation + filtering) were applied to the data. Table 5.7 shows basic 

parameters of the test data for Croatia as a test country.  
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Table 5.7. Basic parameters of the test data for Croatia as a test country 

  

Emission type 

CO NMVOC NOX PM2.5 PM10 

No data preparation 

Mean (t) 13,356.3 1,743.6 7,454.2 507.3 507.3 

Standard 

deviation (t) 
3,070.4 742.5 2,979.1 281.4 281.4 

Minimum (t) 7,573.1 485.2 2,979.9 113.0 113.0 

Maximum (t) 18,320.0 2,820.1 12,448.2 1,459.8 1,459.8 

Standardised 

Mean (t) 0.000 0.000 0.000 0.000 0.000 

Standard 

deviation (t) 
1.016 1.016 1.016 1.016 1.016 

Minimum (t) -1.914 -1.722 -1.525 -1.423 -1.423 

Maximum (t) 1.642 1.473 1.703 3.440 3.440 

Filtered 

Mean (t) 11,951.3 1,253.9 6573.5 344.2 344.2 

Standard 

deviation (t) 
2,389.6 609.9 2,927.7 186.0 186.0 

Minimum (t) 8,247.4 485.2 2,979.9 113.0 113.0 

Maximum (t) 16,152.4 2,219.2 11,235.5 629.7 629.7 

Filtered and standardised 

Mean (t) 0.000 0.000 0.000 0.000 0.000 

Standard 

deviation (t) 
1.031 1.031 1.031 1.031 1.031 

Minimum (t) -1.598 -1.299 -1.265 -1.281 -1.281 

Maximum (t) 1.812 1.631 1.641 1.582 1.582 

As seen in Table 5.8, from 1990 to 2021 Croatian NRMM emissions do not follow a consistent pattern 

as the Danish emissions. They are, however, showing lower year-by-year emissions for all emission 

types from the early 2000’s onwards. Furthermore, emissions show more volatility. This is mainly 

due to poor data quality, since NRMM emissions for Croatia are extrapolated from other energy 

trends and there is not enough data concerning NRMM that is continuously monitored [188]. Table 

5.9 shows the predicted emissions for Croatia by emission type for the filtered and standardised case 

because, as will be shown below, it is the case with the best overall metrics. The predictions follow 

the trend of the actual values, especially after the year 2002, which can be seen best in Figure 5.10. 

The average relative errors are much higher for Croatia than for Denmark, ranging from 18% for 

PM10 to 34% for NOX. However, since Croatian emissions exhibit a much larger volatility compared 

to the Danish ones, the results metrics are expected to be very favourable, since the model correctly 

captured the overall trend. 

  



  

104 

 

Table 5.8. Actual emission data for Croatia per emission type [145] 

Actual values (tonnes) 

Year CO NOX NMVOC PM10 PM2.5 

1990 9,564.64 12,448.25 2,638.58 1,459.84 1,459.84 

1991 16,945.80 8,730.24 2,820.10 964.79 964.79 

1992 7,573.04 4,009.81 1,247.66 424.54 424.54 

1993 12,662.83 3,426.27 1,656.98 358.10 358.10 

1994 13,933.59 7,170.90 2,158.16 670.66 670.66 

1995 14,596.41 5,945.66 2,063.44 534.42 534.42 

1996 16,928.67 6,402.58 2,312.23 548.24 548.24 

1997 15,478.99 6,410.97 2,157.19 534.92 534.92 

1998 15,141.22 8,690.37 2,311.27 675.69 675.69 

1999 18,319.99 8,724.90 2,583.76 644.57 644.57 

2000 18,280.87 10,992.63 2,745.94 770.85 770.85 

2001 17,358.15 11,652.89 2,668.63 775.85 775.85 

2002 15,105.38 10,685.68 2,329.01 684.30 684.30 

2003 16,213.57 11,043.57 2,436.82 694.96 694.96 

2004 16,127.07 10,448.75 2,350.04 639.15 639.15 

2005 14,406.29 10,611.62 2,156.30 629.73 629.73 

2006 14,946.18 10,713.47 2,178.01 618.17 618.17 

2007 15,111.86 10,374.60 2,128.22 582.12 582.12 

2008 16,152.44 11,235.45 2,219.21 617.88 617.88 

2009 14,716.13 9,146.34 1,794.79 495.16 495.16 

2010 12,799.56 8,016.09 1,436.37 430.05 430.05 

2011 12,484.04 7,409.49 1,242.32 395.71 395.71 

2012 11,468.92 6,416.31 1,093.64 335.23 335.23 

2013 11,059.71 5,877.50 1,011.50 297.45 297.45 

2014 11,352.22 5,318.25 970.44 260.98 260.98 

2015 10,993.56 4,798.84 908.05 232.98 232.98 

2016 10,831.77 4,329.28 857.67 206.63 206.63 

2017 10,557.99 3,955.60 810.66 184.83 184.83 

2018 9,536.87 3,792.49 782.67 168.45 168.45 

2019 9,742.40 3,524.41 681.19 152.98 152.98 

2020 8,764.25 3,249.78 559.65 129.92 129.92 

2021 8,247.39 2,979.90 485.15 112.98 112.98 
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Table 5.9. Predicted emission data for Croatia per emission type for the filtered and standardised 

case 

Predicted values (tonnes) 

Year CO NOX NMVOC PM10 PM2.5 

1990 10,322.28 10,439.45 2,200.07 959.86 881.71 

1991 11,671.61 4,654.64 2,216.57 980.40 883.78 

1992 11,500.27 8,597.69 2,202.83 965.62 865.02 

1993 9,742.29 7,715.06 2,182.21 925.00 848.79 

1994 10,802.97 9,205.88 2,177.90 884.36 853.01 

1995 12,182.32 9,067.35 2,275.27 903.57 815.25 

1996 12,846.68 10,464.73 2,270.16 910.67 821.58 

1997 13,377.16 10,603.45 2,126.70 861.45 805.53 

1998 13,093.98 10,621.40 2,180.35 870.65 810.12 

1999 13,235.54 10,450.79 2,167.53 844.41 800.49 

2000 14,254.44 10,892.73 2,215.26 814.35 783.42 

2001 14,609.41 10,776.89 2,307.98 830.51 768.36 

2002 15,198.77 10,607.28 2,346.91 815.29 799.85 

2003 15,549.71 10,130.30 2,288.39 764.02 751.27 

2004 14,736.60 10,505.69 2,290.25 760.40 753.22 

2005 15,068.77 9,734.69 2,082.09 740.51 751.10 

2006 14,845.35 9,783.97 2,162.42 681.81 663.19 

2007 15,178.60 9,442.71 1,963.63 648.88 596.00 

2008 14,412.04 8,933.13 1,777.31 604.27 577.68 

2009 14,122.81 8,418.20 1,784.39 585.61 621.40 

2010 12,475.50 8,024.92 1,675.72 508.54 533.27 

2011 13,029.40 6,412.13 1,333.57 322.25 306.13 

2012 12,634.20 4,714.96 1,094.25 347.20 371.61 

2013 12,283.83 6,064.88 1,032.76 315.08 324.05 

2014 11,805.35 6,285.85 1,086.65 351.54 340.16 

2015 12,285.41 6,550.44 1,211.91 322.64 359.58 

2016 12,211.73 5,427.85 1,133.66 284.74 322.34 

2017 10,868.60 5,581.01 1,149.90 262.78 304.42 

2018 10,822.15 4,046.94 1,119.04 219.93 213.93 

2019 10,892.18 3,843.56 1,022.95 209.83 214.65 

2020 10,897.56 3,911.90 1,054.52 202.14 210.50 

2021 11,196.67 3,847.34 1,104.18 219.09 246.50 
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Figure 5.10. Actual and predicted emission values for Croatia per emission type for the filtered and 

standardised case 

Compared to the previous classic train/test split and similar to Denmark, Croatian emissions are more 

tightly clustered and exhibit limited spread, which can be seen in much lower standard deviation 

values compared to the mean values of the test data. Furthermore, as with the Danish data, the means 

for all pollutants correspond well to the mean values in the previous sample, meaning that the Croatian 

test data is not an outlier in the total data spread. To reiterate, this is beneficial because it makes 

Croatia a good test country, namely, there is no systematic bias pushing all Croatian predictions too 

high or too low. However, this works against the model in the no data preparation case, since even 

modest absolute errors will result in much smaller or negative R2 scores. Also, as with the Danish 

data, the model makes a good prediction on where the Croatian emissions should sit on average, but 

struggles to predict the minor changes in the emission trends accurately. This can be seen in Table 

5.10, which shows model evaluation metrics for Croatia as a test country. 
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Table 5.10. Model evaluation metrics for Croatia as a test country 

  

Emission type 

CO NMVOC NOX PM2.5 PM10 

No data preparation 

R2 -2.398 -1.816 -1.254 -0.107 -0.484 

MAE 4.806 959 3.933 233 218 

RMSE 5.571 1.226 4.402 291 337 

Standardised 

R2 0.515 0.658 0.328 0.322 0.525 

MAE 0.547 0.496 0.675 0.574 0.459 

RMSE 0.695 0.584 0.819 0.823 0.689 

Filtered 

R2 -3.907 0.374 -2.191 -0.275 0.312 

MAE 4.472 316 4.820 197 127 

RMSE 5.135 467 5.074 203 149 

Filtered and standardised 

R2 0.665 0.781 0.695 0.621 0.714 

MAE 0.395 0.344 0.454 0.467 0.396 

RMSE 0.578 0.467 0.552 0.616 0.538 

The three findings from the Danish results in Table 5.6 can now be compared to the Croatian 

evaluation metrics in Table 5.10. As with Denmark, the results are much poorer compared to the 

classic train/test split ones.  This is seen not only for R2, which are negative across all emission types, 

but also for the MAE and RMSE, which are much larger than the standard deviation, also for all 

emission types.  

Using the model on Croatian test data also benefits greatly from standardisation, especially when 

combined with filtering. After standardisation, all emission types show good evaluation metrics, 

indicating usable results. Overall, the best case, as with Denmark, is where the data is filtered and 

standardised, where the model R2 values of 0.67 for CO, 0.78 for NMVOC, 0.70 for NOX, 0.62 for 

PM2.5 and 0.71 for PM10. Also, MAE and RMSE all fall below approximately 0.62 of the standard 

deviation, meaning that the typical prediction error is smaller than the year-to-year swings in the data. 

This turnaround shows that, as with Denmark, rescaling to zero mean/unit variance and cutting out 

extreme outliers gives the model enough relative spread to do the splits correctly and predict year-to-

year changes robustly. 

Thirdly, unlike Denmark’s case, where CO’s narrow range most probably greatly impacted 

performance, the evaluation metrics for CO emissions are good, and on par with other emissions, in 

the filtered and standardised data case. This can be seen in the relative range metric, which is 0.8, 
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indicating that the annual CO series varies around 80% of its mean value. In comparison, NMVOC 

and NOX each exhibit relative ranges around 1.3, and PM2.5 and PM10 exceed 2.6. In other words, all 

emission types demonstrate even greater variability than the Danish data.  

5.4.2 Results discussion for Croatian CO and PM2.5 emissions in the case with filtered and 

standardised data 

This overview will serve as an in-depth commentary on the model’s performance on two 

representative pollutants, CO and PM2.5, under the filtered and standardised data scenario. It will also 

serve to show how rescaling to zero mean and unit variance affects predictive accuracy, error 

distributions, and feature interpretability. CO serves as a challenging case where even filtering and 

standardisation did not result in captured variance. At the same time, PM2.5 is an example of a 

pollutant for which filtering and standardisation changed the results almost completely, resulting in 

high R2 and error magnitudes below the standard deviation.  

Figure 5.11 a) and b) show feature importance for CO and PM2.5 emissions, respectively. For Croatian 

data, the first two features by importance switched places compared to Denmark. UAA_UTILAGRA 

(utilised agricultural area) dominates by far, showing that, for Croatia, the extent of agricultural land 

is the single strongest lever for predicting non-road CO emissions. This is followed by RVEMIS_CO, 

i.e., CO emissions from road vehicles and CPA_F41001_41002 (building permits: total buildings). 

The strongest predictors for PM2.5 emissions are FLAT (share of population living in flats), 

UAA_UTILAGRA (utilised agricultural area) and J0000 (permanent grassland, again similar to 

Denmark, where FLAT was also the strongest predictor, followed by UAA_UTILAGRA and PECR, 

again agricultural indirect factors. Overall, although similar to Denmark, the feature importance plots 

for Croatia reveal a somewhat stronger influence of agricultural and construction sectors on CO and 

PM2.5 emissions. 
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a) 

 

b) 

Figure 5.11. Feature importance for the filtered and standardised data case for Croatia: a) CO 

emissions, b) PM2.5 emissions  

Figure 5.12 shows the SHAP values, with Figure 5.12 a) showing the values for CO emissions and 

Figure 5.12 b) showing the SHAP values for PM2.5 emissions. SHAP values for CO are in line with 

feature importance, with RVEMIS_CO and UAA_UTILAGRA being the top two indirect factors. 

Unlike as with Danish dataset, where the values were almost exclusively influenced by the 
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RVEMIS_CO, Croatian dataset shows more harmonised SHAP values. PM2.5’s filtered and 

standardised case pans out across several indirect factors (model predictors), corresponding clearly 

to the top indirect factors by feature importance. 
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a) b) 

Figure 5.12. SHAP values for the filtered and standardised data case for Croatia: a) CO emissions, b) PM2.5 emissions 
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Figure 5.13 shows the actual vs. predicted values for Croatia. The actual vs. predicted values for CO, 

shown in Figure 5.13 a), show a relatively tight and consistent band of values around the 45° line, 

meaning that the model captured the actual values relatively well. This is also confirmed by the 

moderate R2 value of 0,67 and MAE and RMSE of 0,395 and 0,578, respectively. Furthermore, the 

plot also shows a clear regression toward the mean, meaning that the model tends to pull more extreme 

values toward the central average. In practical terms, high values will be underpredicted, whereas low 

values will be overpredicted. In regularised tree models, such as XGBoost, this is also called model 

shrinkage and is mainly influenced by the learning rate (eta) parameter, and leaf-weight penalties (L1 

and L2 regularisation). Since the model did not encounter enough “evidence” to push the values 

further during training, it lowered its learning rate and took a conservative approach toward the model 

data. The values for PM2.5, shown in Figure 5.13 b), are similar to the ones for CO, i.e., there is a 

clear regression to the mean.
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a) b) 

Figure 5.13. Actual vs. predicted values for the filtered and standardised data case for Croatia: a) CO emissions, b) PM2.5 emissions 
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Figure 5.14 shows the residuals of predicted values for the filtered and standardised data case for 

Croatia, where Figure 5.14 a) shows the residuals for CO emissions and Figure 5.14 b) shows the 

residuals for PM2.5 emissions. The plots for both emission types are similarly shaped and are in line 

with other visuals, showing a regression to the mean. 
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a) b) 

Figure 5.14. Residuals of predicted values for the filtered and standardised data case for Croatia: a) CO emissions, b) PM2.5 emissions 
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Croatia’s results add important information to the Danish data and results. As with Denmark, filtering 

and standardisation greatly improved the evaluation metrics. However, whereas in the Danish case 

the model’s predictions for CO emissions remained poor for all emission types, in the Croatian case, 

filtering and standardisation improved the results for all emission types. It should be noted, though, 

that the starting point for CO in the Danish case was much worse than the one for Croatia. R2 was -

19.1 for Denmark compared to –2.4 for Croatia, and MAE and RMSE were around four times the 

standard deviation, whereas for Croatia they were less than two times the standard deviation. The 

evaluation metrics for Croatia show similar results across all emission types and, with selected 

interpretation methods, show signs of reliable results. 

5.5 Discussion of the overall results 

5.5.1 The role of data preparation 

Across all three cases – the classic train/test split, the Denmark-only test and the Croatia-only test – 

the combination of filtering and standardisation resulted in similar results, with reliable, adequately 

accurate and reproducible results. In the classic train/test split case, evaluation metrics were the best 

for raw data, mainly due to the sheer test data size and average of the pan-European test dataset. Data 

standardisation by each country was the main driver for the more accurate model results, while 

combining standardisation with previous quantile filtering of the most problematic datasets (the ones 

with the most skew, as discussed in chapter 4.1.2) resulted in best overall results which are suitable 

for usage on other countries, as tested on Denmark and Croatia. Such better results on a country level 

are mainly due to the standardisation levelling all the country-level datasets down to a common scale, 

which automatically downplays some country-specific characteristics. Although, when looking at the 

results for Croatia and Denmark, this potentially lowers some evaluation metrics, it also proves as a 

great reliability tool for this model. A different approach, taking into account some individual country 

specifics and fine-tuning the model, would result in a much higher metrics, but would be good only 

for a specific country, and not as a tool which serves for multiple possible countries. It would serve 

as a great tool for predicting future emissions for an individual country, i.e., temporal predictions.  

5.5.2 Pollutant-specific behaviour 

Even though the modelling framework is uniform, each pollutants variability and driving factors 

resulted in very different results. For this results overview, CO and PM2.5 were chosen for the country-

specific cases (Denmark and Croatia), since they were most suitable to show this issue. While CO 
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exhibited lower evaluation metrics for Denmark and on par with other emission types for Croatia, 

PM2.5 emissions showed similar results for Denmark and Croatia. This different behaviour of results 

for CO emissions, as already discussed in chapter 5.3.1, is due to a much lower spread of Danish CO 

emissions, which means that even lower absolute prediction errors result in a high penalty regarding 

R2, resulting even in negative values. This was furthered by a single dominant predictor 

(RVEMIS_CO). PM10 exhibited similar (or, in the Croatian case, the same) characteristics, while 

NMVOC and NOX displayed intermediate relative ranges, resulting in stable results in both Danish 

and Croatian cases.  

5.5.3 Results interpretability and sample size 

Using machine learning methods enables the user to generate a large number of outputs, such as 

global feature‐importance rankings, SHAP value distributions, actual vs. predicted plots, residual 

analyses, and quantitative metrics for multiple pollutants under various preparation schemes. Such 

vast amounts of results should serve as a potential for fine-tuning the model or achieving better results 

in the future via constant method and model improvements. In this model, using interpretability 

methods for a detailed overview of an illustrative case provided valuable information for possible 

future work. For instance, using both SHAP values and feature importances enabled to see why, in 

Danish case, CO emissions were influenced almost exclusively by the RVEMIS_CO indirect factor, 

despite other factors seemingly having a major influence on model predictions.  

Concerning sample size, the evaluation metrics showed how ample data give the model enough space 

for making strong, very accurate predictions. Large test‐set sizes feed the model with diverse 

examples, minimising sampling noise and allowing XGBoost to learn robust, generalisable patterns. 

Unfortunately, there is little use in using the model to predict such emissions. For a starting point, to 

expect its usefulness, it should be used at least on a country level for total NRMM emissions by 

emission type. The classic train/test split took 20% of the data from 32 countries for 30 years, while 

using a single country as test data lowers the amount of data and reduces data variability. Moreover, 

sample size and variability amplify the effect of each prediction error, especially on R2. In such cases, 

a single error of about two standard deviations can dramatically impact R2, lowering it by 0.2, 0.3 or 

more. The MAE and RMSE are more robust to a small test size, so they prove especially valuable as 

a result metric in these cases.  
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6 Conclusion 

The purpose of this work was to develop a method for satisfactorily assessing NRMM emissions, 

instead of determining them by making an NRMM emission inventory. To obtain satisfactory results, 

indirect factors and an XGBoost-based framework were employed. By examining three distinct 

evaluation regimes—the classic 80/20 train/test split, a Denmark‐only test set, and a Croatia‐only test 

set—an in-depth evaluation of how data preparation, pollutant specifics, interpretability tools, and 

sample size considerations interact to shape model performance. In the previous chapter covering 

model results, the results evaluation covered not only commenting on the evaluation metrics but also 

providing a narrative highlighting both the strengths and limitations of the proposed approach. In 

other words, this work aims to be the groundwork for many future potential research directions and 

topics. 

6.1 Main contributions covered by this work 

The first, and the main contribution of this work is a robust model suitable for assessing CO, 

NMVOC, NOX, PM2.5 and PM10 NRMM emissions using indirect, statistical data, such as road 

vehicle emissions, industrial production indices, agricultural land use metrics, housing statistics etc. 

By utilising XGBoost, a gradient-boosted decision tree algorithm, the method developed and used in 

this work combines non-linear relationships and high-dimensional feature spaces for assessing 

NRMM emissions. This was empirically confirmed by testing the model on Denmark’s and Croatia’s 

data.  

The second contribution of this work is the use of multiple data preparation techniques and a 

systematic examination of their selection and usage on the end results. Four data-preparation 

regimes—raw data, standardised data, filtered data, and filtered + standardised data—were used 

across three testing scenarios (classic train/test split, Denmark-only, Croatia-only). An exhaustive 

analysis and comment of the results concluded that filtered + standardised inputs result in the most 

reliable and generalisable results, particularly when applied at the country level. This is clear evidence 

of the importance of data preparation when using machine learning models (in this case, XGBoost), 

as well as a starting point for a potential branch of future model development, i.e., research on using 

additional or other data preparation techniques and their impact on model results. 
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The third contribution is the integration of interpretability tools in the results discussion for a better 

understanding of the model. A major problem with using machine learning methods is understanding 

how seemingly small differences can have significant implications for the results. While describing 

the basic principles of how XGBoost works and how the model is built certainly helps in 

understanding the roadmap to obtaining the results, without additional insights and comments with 

the help of interpretability tools, this model is basically a black box. Although there is nothing wrong 

with applying the model presented in this work to assess NRMM emissions, this approach overlooks 

one of the primary objectives of this model and the science itself – to discover, develop, and build 

upon existing knowledge. In other words, interpretability tools used in the discussion of the results 

are not only there to explain the results, but to provide additional insight into the model for its future 

development.  

6.2 Confirmed research hypothesis 

This work confirms the research hypothesis, i.e., that it is possible to develop a method based on 

which the selected set of input data will be able to satisfactorily assess NRMM emissions using the 

available scientific and professional literature, existing NRMM and road vehicle emission 

inventories, and by determining indirect factors affecting NRMM emissions, instead of determining 

them by making an NRMM emission inventory.  

6.3 Original scientific contribution 

The work done through researching for and preparing this dissertation resulted in the following 

scientific contributions in the field of assessing NRMM emissions: 

1. Key direct and indirect parameters needed to assess emissions of engines installed in non-road 

mobile machinery were identified. 

2. A model was developed to enable a satisfactorily accurate emissions assessment of engines 

installed in non-road mobile machinery, based on the existing emission inventory for road vehicles 

and important indirect factors. 
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6.4 Practical uses of this work 

While the primary aim of this research lies in its scientific contribution, an equally important aspect 

of scientific work is its potential for practical application. Possible practical applications of this work 

include: 

1. Completing inventories. The model estimates NRMM emissions for country–year without 

official reports using standard public indicators, enabling complete submissions and basic 

internal quality checks when national data are missing or late. When some years are reported, 

the model can be calibrated to the partially reported data and used to fill the remaining years, 

so the country has a continuous, internally consistent time series 

2. Scenario-style sensitivity checks. By changing key inputs (for example, construction activity 

or agricultural indicators), users can assess how NRMM emissions would plausibly move 

under alternative policy or economic conditions. 

3. Cross-country benchmarking and quality checks. For input data standardised per country, 

results support like-for-like comparisons, helping to locate unusual reported values that are 

inconsistent with a country’s observed values. 

4. Explainability for policy. Interpretability tools (feature importance/SHAP) identify which 

drivers most influence the estimates. This is important in emission reduction policy planning. 

6.5 Possible directions of future research 

Research on this topic can be continued in several different ways. Although XGBoost provided 

valuable and satisfying results, other regression methods can be used to try to assess NRMM 

emissions, such as random forests, support-vector regression, neural networks or Gaussian processes. 

Different algorithms may handle different emission types better, or be the best for a certain emission 

type. Combining several models, depending on the data conditions, can help further reduce result 

errors. In addition to the various regression methods, other data preparation and data handling 

techniques can be employed. Methods such as log transforms, rank-based scaling or more advanced 

outlier detectors could prove helpful, and methods such as k-nearest neighbours, matrix factorisation 

could help in better utilisation of indirect factors with a lot of missing data. 

Another way in which this work can be continued is to develop a model for a more detailed emission 

assessment. A further development of the model towards a more detailed emission assessment could 
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result in a model for predicting the emissions by NFR categories, or even machinery types. Moreover, 

it could be spatially granulated to assess emissions on a level beneath the country scale. This would 

be beneficial in detecting local NRMM emission hotpots, or machinery types with the largest data 

emissions. 

This research can also be developed in a way that would retrain and retune it to project emissions 

temporally, i.e., to project future emissions. For example, for each country and pollutant, the first step 

is to build features that include lagged values of the indirect factors alongside calendar variables. The 

model could then be built to incorporate sudden data changes (e.g. economic shocks) and evaluate 

multiple scenarios. 

However, it should be noted once again that a consistent collection of high-quality data would be 

most beneficial for the entire NRMM emissions sector. Not only would it help in forming adequate 

policies for emission reduction, but it would also enable the training of higher-quality models on 

quality data. This would also offer new insights into the optimal policies and actions for addressing 

NRMM emissions, where this model could serve as a complementary tool for a better understanding 

of the main emission drivers and possible future scenarios. 
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ANNEX A  

Python code used to generate Figures Figure 3.2 - Figure 3.8: 

# %%S 

from pathlib import Path 

import os 

import time 

import numpy as np 

import matplotlib as mpl 

import matplotlib.pyplot as plt 

import xgboost as xgb 

from sklearn.model_selection import train_test_split 

 

# --------------------------- visual style --------------------------- 

mpl.rcParams.update({ 

    "figure.figsize": (11, 6), 

    "figure.dpi": 140, 

    "axes.labelsize": 16, 

    "xtick.labelsize": 13, 

    "ytick.labelsize": 13, 

    "legend.fontsize": 13, 

    "axes.titleweight": "bold", 

}) 

 

OUTDIR = Path("figures") 

OUTDIR.mkdir(exist_ok=True) 

 

# --------------------------- data generation ------------------------ 

def make_dataset(n=2200, p=10, noise=0.40, seed=42, test_size=0.35): 

    rng = np.random.default_rng(seed) 

    X = rng.uniform(-1, 1, size=(n, p)) 

 

    x1, x2, x3, x4, x5, x6 = X[:,0], X[:,1], X[:,2], X[:,3], X[:,4], X[:,5] 

        y = ( 

        3.0 * x1 

        + 2.5 * (x2**2) 

        - 5.0 * np.sin(3.0 * x3) 

        + 4.0 * x1 * x2 

        - 3.0 * x3 * x4 

        + 6.0 * ((x5 > 0) & (x6 > 0)).astype(float) 

        + 8.0 * (x4 > 0.3).astype(float) 

        - 4.0 * (x4 < -0.3).astype(float) 

    ) 

    y = y + rng.normal(0, noise, size=n)   

    X_train, X_test, y_train, y_test = train_test_split( 

        X, y, test_size=test_size, random_state=1 

    ) 

    return X_train, X_test, y_train, y_test 

 

# --------------------------- training utils ------------------------- 

def rmse_curve(dtrain, dtest, params, num_rounds):  
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    """Return test RMSE after each boosting round.""" 

    evals_result = {} 

    xgb.train( 

        params=params, 

        dtrain=dtrain, 

        num_boost_round=num_rounds, 

        evals=[(dtest, "test")], 

        evals_result=evals_result, 

        verbose_eval=False, 

    ) 

    return np.array(evals_result["test"]["rmse"]) 

 

def plot_and_save(curves, labels, filename_base): 

    """Plot curves and save as PNG + SVG.""" 

    x = np.arange(1, len(curves[0]) + 1) 

    plt.figure() 

    for c, lbl in zip(curves, labels): 

        plt.plot(x, c, label=lbl, linewidth=2.6) 

    plt.xlabel("Number of Boosting Rounds") 

    plt.ylabel("Root Mean Squared Error (RMSE)") 

    plt.legend() 

    plt.tight_layout() 

    png = OUTDIR / f"{filename_base}.png" 

    svg = OUTDIR / f"{filename_base}.svg" 

    plt.savefig(png, bbox_inches="tight") 

    plt.savefig(svg, bbox_inches="tight") 

    plt.show() 

    print(f"Saved: {png}\nSaved: {svg}") 

 

# --------------------------- main experiment ------------------------ 

def main(): 

    t0 = time.perf_counter() 

    X_train, X_test, y_train, y_test = make_dataset() 

    dtrain = xgb.DMatrix(X_train, label=y_train) 

    dtest  = xgb.DMatrix(X_test,  label=y_test) 

 

    # Deterministic base (change only one param at a time) 

    base = dict( 

        objective="reg:squarederror", 

        eta=0.1, 

        max_depth=6, 

        subsample=1.0, 

        colsample_bytree=1.0, 

        tree_method="hist", 

        random_state=123, 

        nthread=max(1, (os.cpu_count() or 4) // 2), 

    ) 

    ROUNDS = 100 

 

    # A) Learning rate (eta) 

    etas = [0.01, 0.1, 0.2] 

    curves = [rmse_curve(dtrain, dtest, dict(base, eta=e), ROUNDS) for e 

in etas] 

    plot_and_save(curves, [f"eta = {e}" for e in etas], "xgb_eta_rmse") 
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    # B) Max depth 

    depths = [3, 6, 9] 

    curves = [rmse_curve(dtrain, dtest, dict(base, max_depth=d), ROUNDS) 

for d in depths] 

    plot_and_save(curves, [f"max_depth = {d}" for d in depths], 

"xgb_maxdepth_rmse") 

 

    # C) n_estimators (cap) — show plateau by holding last value after cap 

    caps = [25, 40, 75, 100] 

    curves = [] 

    for cap in caps: 

        c = rmse_curve(dtrain, dtest, dict(base), cap) 

        if cap < ROUNDS: 

            c = np.concatenate([c, np.full(ROUNDS - cap, c[-1])]) 

        curves.append(c[:ROUNDS]) 

    plot_and_save(curves, [f"n_estimators = {cap}" for cap in caps], 

"xgb_n_estimators_rmse") 

 

    # D) Subsample 

    subs = [0.2, 0.7, 1.0] 

    curves = [rmse_curve(dtrain, dtest, dict(base, subsample=s), ROUNDS) 

for s in subs] 

    plot_and_save(curves, [f"subsample = {s}" for s in subs], 

"xgb_subsample_rmse") 

 

    # E) Colsample (bytree × bylevel) 

    combos = [(0.5, 0.5), (0.7, 0.7), (1.0, 1.0), (0.5, 0.7), (0.7, 1.0), 

(1.0, 0.5)] 

    curves = [ 

        rmse_curve(dtrain, dtest, dict(base, colsample_bytree=bt, 

colsample_bylevel=bl), ROUNDS) 

        for (bt, bl) in combos 

    ] 

    plot_and_save( 

        curves, 

        [f"colsample_bytree = {bt}, colsample_bylevel = {bl}" for (bt, bl) 

in combos], 

        "xgb_colsample_rmse", 

    ) 

 

    # F) L1/L2 regularisation (stronger settings to show separation) 

    regs = [(0.0, 1.0), (0.5, 5.0), (2.0, 20.0), (0.5, 1.5), (0.5, 5.0), 

(0.1, 1)] 

    curves = [rmse_curve(dtrain, dtest, dict(base, reg_alpha=a, 

reg_lambda=l), ROUNDS) for (a, l) in regs] 

    plot_and_save(curves, [f"alpha = {a}, lambda = {l}" for (a, l) in 

regs], "xgb_reg_rmse") 

 

    # G) Gamma (min loss to split) — deeper trees so effect is visible 

    gammas = [0.0, 1.0, 5.0, 10.0] 

    curves = [rmse_curve(dtrain, dtest, dict(base, max_depth=7, gamma=g), 

ROUNDS) for g in gammas] 

    plot_and_save(curves, [f"gamma = {g}" for g in gammas], 

"xgb_gamma_rmse") 
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    print(f"\nAll done in {time.perf_counter()-t0:.2f}s. Figures saved to: 

{OUTDIR.resolve()}") 

 

if __name__ == "__main__": 

    main() 

 

# %% 

 

Listing A.1 Visualisations for regression methods explained in Chapter 3.3 
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ANNEX B  

Below is an example of XGBoost on a small experimental dataset. The example is meant to help 

better understand the XGBoost regression process described in Chapter 3.4.111 and model evaluation 

metrics in Chapter 3.4.4.1. The aim is to model the relationship between input features 𝑥𝑖 and target 

values 𝑦𝑖 using XGBoost. The model builds a sequence of decision trees, where the final prediction 

is: 

 

 𝑦̂𝑖 = ∑ 𝑓𝑡(𝑥𝑖)

𝑇

𝑡 = 1

 . (B.1) 

 

Initial settings for this example: 

• Squared error loss, meaning that 𝑔𝑖 =  𝑦̂𝑖 − 𝑦𝑖 and ℎ𝑖 =  1; 

• Tree depth is 1; 

• Three rounds of iterations; 

• Learning rate 𝜂 =  0.5; 

• Penalty for number of leaves 𝛾 =  0; 

• Regularisation of the size of leaf weights 𝜆 =  1. 

The dataset is:  

 (𝑥, 𝑦) = {(0,0), (1,0), (2,1), (3,1), (4,2), (5,2)} . (B.2) 

 

At iteration 1, the model starts with a constant prediction, the mean of the target values:  

 𝑦𝑖
(0)

= 𝑦̅ =
1

𝑛
∑ 𝑦𝑖

𝑛

𝑖=1

=
0 + 0 + 1 + 1 + 2 + 2

6
= 1 . (B.3) 

Residuals represent the difference between actual and predicted values: 

 𝑟𝑖
(0)

= 𝑦𝑖 − 𝑦𝑖
(0)

. (B.4) 

 
11 All the labels used in this Annex are already described in Chapter 3.4.1. 
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The values for all six inputs are shown in Table B.1 below: 

Table B.1 Initial predictions and residuals for the first iteration 

𝑖 𝑥𝑖 𝑦𝑖 𝑦̂𝑖
(0)

 𝑟𝑖 

1 0 0 1 −1 

2 1 0 1 −1 

3 2 1 1 0 

4 3 1 1 0 

5 4 2 1 1 

6 5 2 1 1 

This results in 𝑔1 =  [1, 1, 0, 0, −1, −1], and ℎ1 =  [1, 1, 1, 1, 1, 1]. 

Gain is evaluated for each split point 𝑠 ∈ {0.5, 1.5, 2.5, 3.5, 4.5} using equation (calculation for the 

first split is numerically shown in the formula): 

 

𝐺𝑎𝑖𝑛 =
1

2
[

(∑ 𝑔𝑖𝑖∈𝐼𝐿
)

2

∑ ℎ𝑖𝑖∈𝐼𝐿
+  𝜆

+  
(∑ 𝑔𝑖𝑖∈𝐼𝑅

)
2

∑ ℎ𝑖𝑖∈𝐼𝑅
+  𝜆

− 
(∑ 𝑔𝑖𝑖∈𝐼 )2

∑ ℎ𝑖𝑖∈𝐼 +  𝜆
] −  𝛾 = 

=
1

2
[

(1)2

1 + 1
+ 

(1 + 0 + 0 − 1 − 1)2

1 + 1 + 1 + 1 + 1 + 1
−  

(1 + 1 + 0 + 0 − 1 − 1)2

1 + 1 + 1 + 1 + 1 + 1 + 1
] − 0 = 

=
1

2
 [

1

2
+ 

1

6
−  0] − 0 =

1

2
 
2

3
=

1

3
 . 

 

(B.5) 

The values for all splits are shown in Table B.2. 

Table B.2 Gain per candidate split for the first iteration 

Split 𝑠 ∑ 𝑔𝑖
𝑖∈𝐼𝐿

 ∑ ℎ𝑖
𝑖∈𝐼𝐿

 ∑ 𝑔𝑖
𝑖∈𝐼𝑅

 ∑ ℎ𝑖
𝑖∈𝐼𝑅

 𝑮𝒂𝒊𝒏 

0.5 1.0 1 −1.0 5 0.333 

1.5 2.0 2 −2.0 4 1.067 

2.5 2.0 3 −2.0 3 1 

3.5 2.0 4 −2.0 2 1.067 

4.5 1.0 5 −1.0 1 0.333 

 



  

144 

 

The best split is 𝑥 ≤ 1.5. 

The leaf weights are then calculated: 

 

𝑤𝐿 = −
∑ 𝑔𝑖𝑖∈𝐼𝐿

∑ ℎ𝑖𝑖∈𝐼𝐿
+  𝜆

= −
2

2 + 1
= −

2

3
 , 

𝑤𝑅 = −
∑ 𝑔𝑖𝑖∈𝐼𝑅

∑ ℎ𝑖𝑖∈𝐼𝑅
+  𝜆

= −
−2

4 + 1
=

2

5
 . 

(B.6) 

The predictions are updated for each leaf: 

 
𝑦̂𝑖

(1)
= 𝑦̂𝑖

(0)
+ 𝜂𝑓𝑡(𝑥𝑖). 

 
(B.7) 

Because this tree only has two leaves the function 𝑓𝑡(𝑥𝑖) is: 

 𝑓1(𝑥) = {
𝑤𝐿 , 𝑥 ≤ 1.5,
𝑤𝑅 , 𝑥 > 1.5,

  (B.8) 

the predictions for left and right leaf are: 

 𝑦̂𝑖
(1)

= {
𝑦̂𝑖∈𝐿

(1)
= 𝑦̂𝑖

(0)
+ 𝜂𝑤𝐿 = 1 + 0.5 × (−

2

3
) =

2

3
= 0.6667,

𝑦̂𝑖∈𝑅
(1)

= 𝑦̂𝑖
(0)

+ 𝜂𝑤𝑅 = 1 + 0.5 ×
2

5
=

6

5
= 1.2 .

  (B.9) 

Table B.3 shows prediction updates after the first iteration. 

Table B.3 Prediction updates after the first iteration 

𝑖 𝑥𝑖 Leaf 𝑤𝐿𝑒𝑎𝑓(𝑖) 𝑦̂𝑖
(0)

+ 𝜂𝑤 𝑦̂𝑖
(1)

 

1 0 L −0.6667 1 – 0.3333 0.6667 

2 1 L −0.6667 1 – 0.3333 0.6667 

3 2 R 0.4 1 + 0.2 1.2 

4 3 R 0.4 1 + 0.2 1.2 

5 4 R 0.4 1 + 0.2 1.2 

6 5 R 0.4 1 + 0.2 1.2 

 

The resulting predictions after the first iteration are: 

 𝑦̂𝑖
(1)

= [0.6667, 0.6667, 1.2, 1.2, 1.2, 1.2 ]. (B.10) 
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These predictions become input variables for the second iteration (the next tree). 

The residuals in the second iterations are: 

 𝑟𝑖
(1)

= 𝑦𝑖 − 𝑦̂𝑖
(1)

. (B.11) 

The values for all six inputs are shown in Table B.4 below: 

Table B.4 Predictions and residuals in the second iteration 

𝑖 𝑥𝑖 𝑦𝑖 𝑦̂𝑖
(1)

 𝑟𝑖 

1 0 0 0.6667 −0.6667 

2 1 0 0.6667 −0.6667 

3 2 1 1.2 −0.2 

4 3 1 1.2 −0.2 

5 4 2 1.2 0.8 

6 5 2 1.2 0.8 

 

This results in 𝑔1 =  [0.6667, 0.6667, 0.2, 0.2, −0.8, −0.8], and ℎ1 =  [1, 1, 1, 1, 1, 1]. 

Gain is again evaluated for each split point 𝑠 ∈ {0.5, 1.5, 2.5, 3.5, 4.5} using equation (calculation for 

the first split is numerically shown in the formula): 

 

𝐺𝑎𝑖𝑛 =
1

2
[

(∑ 𝑔𝑖𝑖∈𝐼𝐿
)

2

∑ ℎ𝑖𝑖∈𝐼𝐿
+  𝜆

+  
(∑ 𝑔𝑖𝑖∈𝐼𝑅

)
2

∑ ℎ𝑖𝑖∈𝐼𝑅
+  𝜆

− 
(∑ 𝑔𝑖𝑖∈𝐼 )2

∑ ℎ𝑖𝑖∈𝐼 +  𝜆
] −  𝛾 = 

=
1

2
[
(0.6667)2

2
+  

(−0.5333)2

6
−  

(0.1333)2

7
] − 0 = 

=
1

2
 [

0.4445

2
+  

0.2844

6
− 

0.0178

7
] − 0 = 0.134 . 

 

(B.12) 

The values for all splits are shown in Table B.5. 
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Table B.5 Gain per candidate split for the second iteration 

Split 𝑠 ∑ 𝑔𝑖
𝑖∈𝐼𝐿

 ∑ ℎ𝑖
𝑖∈𝐼𝐿

 ∑ 𝑔𝑖
𝑖∈𝐼𝑅

 ∑ ℎ𝑖
𝑖∈𝐼𝑅

 𝑮𝒂𝒊𝒏 

0.5 0.667 1 −0.533 5 0.134 

1.5 1.333 2 −1.2 4 0.439 

2.5 1.533 3 −1.4 3 0.538 

3.5 1.733 4 −1.6 2 0.726 

4.5 0.933 5 −0.8 1 0.231 

 

The best split is 𝑥 ≤ 3.5. 

The leaf weights are then calculated: 

 

𝑤𝐿 = −
∑ 𝑔𝑖𝑖∈𝐼𝐿

∑ ℎ𝑖𝑖∈𝐼𝐿
+  𝜆

= −
2

4 + 1
= −0.3467 , 

𝑤𝑅 = −
∑ 𝑔𝑖𝑖∈𝐼𝑅

∑ ℎ𝑖𝑖∈𝐼𝑅
+  𝜆

= −
−1.6

2 + 1
= 0.5333 . 

(B.13) 

The predictions are updated for each leaf: 

 
𝑦̂𝑖

(2)
= 𝑦̂𝑖

(1)
+ 𝜂𝑓𝑡(𝑥𝑖). 

 
(B.14) 

Because this tree only has two leaves the function 𝑓𝑡(𝑥𝑖) is: 

 𝑓2(𝑥) = {
𝑤𝐿 , 𝑥 ≤ 3.5,
𝑤𝑅 , 𝑥 > 3.5,

  (B.15) 

the predictions for left and right leaf are: 

 𝑦̂𝑖
(2)

= {
𝑦̂𝑖∈𝐿

(2)
= 𝑦̂𝑖

(1)
+ 𝜂𝑤𝐿 = 𝑦̂𝑖

(1)
+ 0.5 × (−0.3467) = 𝑦̂𝑖

(1)
− 0.1733,

𝑦̂𝑖∈𝑅
(2)

= 𝑦̂𝑖
(1)

+ 𝜂𝑤𝑅 = 𝑦̂𝑖
(1)

+ 0.5 × 0.5333 = 𝑦̂𝑖
(1)

+ 0.2667 .
  (B.16) 

Table B.6 shows prediction updates after the second iteration. 

Table B.6 Prediction updates after the second iteration 

𝑖 𝑥𝑖 Leaf 𝑤𝐿𝑒𝑎𝑓(𝑖) 𝑦̂𝑖
(1)

+ 𝜂𝑤 𝑦̂𝑖
(2)

 

1 0 L −0.3467 0.6667 – 0.1734 0.4933 
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𝑖 𝑥𝑖 Leaf 𝑤𝐿𝑒𝑎𝑓(𝑖) 𝑦̂𝑖
(1)

+ 𝜂𝑤 𝑦̂𝑖
(2)

 

2 1 L −0.3467 0.6667 – 0.1734 0.4933 

3 2 L −0.3467 1.2 – 0.1734 1.0267 

4 3 L −0.3467 1.2 – 0.1734 1.0267 

5 4 R 0.5333 1.2 + 0.2667 1.4667 

6 5 R 0.5333 1.2 + 0.2667 1.4667 

 

The resulting predictions after the second iteration are: 

 
𝑦̂𝑖

(2)
= [0.4933, 0.4933, 1.0267, 1.0267, 1.4667, 1.4667 ]. 

 
(B.17) 

These predictions become input variables for the third iteration (the next tree). 

The residuals in the third iteration are: 

 𝑟𝑖
(2)

= 𝑦𝑖 − 𝑦̂𝑖
(2)

. (B.18) 

The values for all six inputs are shown in Table B.7 below: 

Table B.7 Predictions and residuals in the third iteration 

𝑖 𝑥𝑖 𝑦𝑖 𝑦̂𝑖
(1)

 𝑟𝑖 

1 0 0 0.4933 −0.4933 

2 1 0 0.4933 −0.4933 

3 2 1 1.0267 −0.0267 

4 3 1 1.0267 −0.0267 

5 4 2 1.4667 0.5333 

6 5 2 1.4667 0.5333 

 

This results in 𝑔1 =  [0.4933, 0.4933, 0.0267, 0.0267, −0.5333, −0.5333], and  

ℎ1 =  [1, 1, 1, 1, 1, 1]. 

Gain is again evaluated for each split point 𝑠 ∈ {0.5, 1.5, 2.5, 3.5, 4.5} using equation (calculation for 

the first split is numerically shown in the formula): 



  

148 

 

 

𝐺𝑎𝑖𝑛 =
1

2
[

(∑ 𝑔𝑖𝑖∈𝐼𝐿
)

2

∑ ℎ𝑖𝑖∈𝐼𝐿
+  𝜆

+  
(∑ 𝑔𝑖𝑖∈𝐼𝑅

)
2

∑ ℎ𝑖𝑖∈𝐼𝑅
+  𝜆

− 
(∑ 𝑔𝑖𝑖∈𝐼 )2

∑ ℎ𝑖𝑖∈𝐼 +  𝜆
] −  𝛾 = 

=
1

2
[
(0.4933)2

2
+  

(−0.52)2

6
−  

(−0.0267)2

7
] − 0 = 

=
1

2
 [

0.2433

2
+  

0.2704

6
− 

0.0007

7
] − 0 = 0.083 . 

 

(B.19) 

The values for all splits are shown in Table B.8. 

Table B.8 Gain per candidate split for the third iteration 

Split 𝑠 ∑ 𝑔𝑖
𝑖∈𝐼𝐿

 ∑ ℎ𝑖
𝑖∈𝐼𝐿

 ∑ 𝑔𝑖
𝑖∈𝐼𝑅

 ∑ ℎ𝑖
𝑖∈𝐼𝑅

 𝑮𝒂𝒊𝒏 

0.5 0.4933 1 −0.52 5 0.083 

1.5 0.9867 2 −1.0133 4 0.265 

2.5 1.0133 3 −1.04 3 0.263 

3.5 1.04 4 −1.0667 2 0.298 

4.5 0.5067 5 −0.5333 1 0.092 

 

The best split is 𝑥 ≤ 3.5. 

The leaf weights are then calculated: 

 

𝑤𝐿 = −
∑ 𝑔𝑖𝑖∈𝐼𝐿

∑ ℎ𝑖𝑖∈𝐼𝐿
+  𝜆

= −
1.04

4 + 1
= −0.208 , 

𝑤𝑅 = −
∑ 𝑔𝑖𝑖∈𝐼𝑅

∑ ℎ𝑖𝑖∈𝐼𝑅
+  𝜆

= −
−1.0667

2 + 1
= 0.3556 . 

(B.20) 

The predictions are updated for each leaf: 

 
𝑦̂𝑖

(3)
= 𝑦̂𝑖

(2)
+ 𝜂𝑓𝑡(𝑥𝑖). 

 
(B.21) 

Because this tree only has two leaves the function 𝑓𝑡(𝑥𝑖) is: 

 𝑓3(𝑥) = {
𝑤𝐿 , 𝑥 ≤ 3.5,
𝑤𝑅 , 𝑥 > 3.5,

  (B.22) 

 

the predictions for left and right leaf are: 
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 𝑦̂𝑖
(3)

= {
𝑦̂𝑖∈𝐿

(3)
= 𝑦̂𝑖

(2)
+ 𝜂𝑤𝐿 = 𝑦̂𝑖

(2)
+ 0.5 × (−0.208) = 𝑦̂𝑖

(2)
− 0.104,

𝑦̂𝑖∈𝑅
(3)

= 𝑦̂𝑖
(2)

+ 𝜂𝑤𝑅 = 𝑦̂𝑖
(2)

+ 0.5 × 0.3556 = 𝑦̂𝑖
(2)

+ 0.1778 .
  (B.23) 

Table B.9 shows prediction updates after the second iteration. 

Table B.9 Prediction updates after the third iteration 

𝑖 𝑥𝑖 Leaf 𝑤𝐿𝑒𝑎𝑓(𝑖) 𝑦̂𝑖
(3)

+ 𝜂𝑤 𝑦̂𝑖
(3)

 

1 0 L –0.208 0.4933 – 0.104 0.3983 

2 1 L –0.208 0.4933 – 0.104 0.3983 

3 2 L –0.208 1.0267 – 0.104 0.9227 

4 3 L –0.208 1.0267 – 0.104 0.9227 

5 4 R 0.3556 1.4667 + 0.1778 1.6444 

6 5 R 0.3556 1.4667 + 0.1778 1.6444 

The resulting predictions after the third iteration are: 

 𝑦̂𝑖
(3)

= [0.3983, 0.3983,0.9227, 0.9227, 1.6444, 1.6444 ]. (B.24) 

After obtaining predictions from the third iteration evaluation metrics are calculated. 

The final residuals are: 

 𝑟𝑖
(3)

= 𝑦𝑖 − 𝑦̂𝑖
(3)

= [−0.3893, −0.3893, 0.0773, 0.0773, 0.3556, 0.3556]. (B.25) 

After that, R2, mean absolute error (MAE), and root mean squared error (RMSE) can be calculated: 

 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑛
𝑖 = 1

∑ (𝑦𝑖 − 𝑦̅)2𝑛
𝑖 = 1

= 1 −
∑ (𝑟𝑖

(3)
)

2
6
𝑖 = 1

∑ (𝑦𝑖 − 𝑦̅)2𝑛
𝑖 = 1

=  

=  
0.38932 + 0.38932 + 0.07732 + 0.07732 + 0.35562 + 0.35562

(−1)2 + (−1)2 + 02 + 02 + 12 + 12
= 

= 0.858, 

(B.26) 

 

 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑦𝑖 − 𝑦̂𝑖

(3)| =
1

6
∑|𝑟𝑖

(3)
| =

6

𝑖 = 1

𝑛

𝑖 = 1

 

=
0.3893 + 0.3893 + 0.0773 + 0.0773 + 0.3556 + 0.3556

6
= 0.2741, 

 

(B.27) 
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𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑖

(3)
)

2
𝑛

𝑖 = 1

=  √
1

6
∑(𝑟𝑖

(3)
)

2
6

𝑖 = 1

= 

=  √
0.38932 + 0.38932 + 0.07732 + 0.07732 + 0.35562 + 0.35562

6
= 0.3077. 

 

(B.28) 
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ANNEX C  

An example data standardisation method (or z-score normalisation), where the data is standardised to 

have a mean of 0 and a standard deviation of 1, is shown below. An inverse transformation is also 

performed to illustrate how model results for standardised data can be converted back to original units 

(in this case, emission types in tonnes). 

For this example, the same six values are used as the ones in the XGBoost regression example shown 

in ANNEX B:  

 𝑥 = (0, 0, 1, 1, 2, 2) . (C.1) 

Standardisation is performed by using the formula (the formula is explained in Chapter 4.1.1): 

 𝑧𝑖 =
𝑥𝑖 − 𝜇

𝜎
 . (C.2) 

The mean of 𝑥 is calculated as: 

 𝜇 =
1

𝑛
∑ 𝑥𝑖

𝑛

𝑖=1

=  
0 + 0 + 1 + 1 + 2 + 2

6
= 1 , (C.3) 

and the standard deviation of 𝑥 as: 

 𝜎 = √
∑ (𝑥𝑖 − 𝜇)2𝑛

𝑖=1

𝑛
= √

(−1)2 + (−1)2 + 02 + 02 + 12 + 12

6
= 0.8165 . (C.4) 

Standardisation for each value is shown in Table C.1 

Table C.1 Standardisation values for each input data 

𝑖 𝑥𝑖 𝑥𝑖 − 𝜇 𝑧𝑖 = (𝑥𝑖 − 𝜇)/𝜎 

1 0 –1 –1.2247 

2 0 –1 –1.2247 

3 1 0 0 

4 1 0 0 

5 2 1 1.2247 

6 2 1 1.2247 
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As a check, the mean of the standardised data is calculated as: 

 𝜇𝑧 =
1

𝑛
∑ 𝑧𝑖

𝑛

𝑖=1

=  
−1.2247 − 1.2247 + 0 + 0 + 1.2247 + 1.2247

6
= 0 , (C.5) 

and the standard deviation of the standardised data as: 

 

𝜎𝑧 = √
∑ (𝑧𝑖 − 𝜇)2𝑛

𝑖=1

𝑛
= 

= √
(−1.2247)2 + (−1.2247)2 + 02 + 02 + 1.22472 + 1.22472

6
= 1 . 

(C.6) 

Inverse transformation is performed by using the formula: 

 𝑥𝑖 = 𝜎𝑧𝑖 + 𝜇 . (C.7) 

Reverse transformation of the standardised data for each value is shown in Table C.2 

Table C.2 Reverse transformation of the standardised data 

𝑖 𝑧𝑖 𝜎𝑧𝑖 + 𝜇  

1 –1.2247 0 

2 –1.2247 0 

3 0 1 

4 0 1 

5 1.2247 2 

6 1.2247 2 

 

Data filtering, where extreme values (outliers) are filtered based on quantiles, is an additional method 

to preprocess the input data. For this example, a sorted sample of data is shown below, with skewness 

calculated before and after filtering:  

 𝑥 = (2, 3, 4, 5, 6, 7, 8, 50) . (C.8) 
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Population skewness for this data is calculated by using the formula (the formula is explained in 

Chapter 4.1.2): 

 𝑆𝑘𝑒𝑤𝑛𝑒𝑠𝑠 =
1

𝑁𝑝
∑ (

𝑥𝑖 − 𝜇

𝜎
)

3
𝑁

𝑖=1

 (C.9) 

The mean of 𝑥 is calculated as: 

 𝜇 =
1

𝑛
∑ 𝑥𝑖

𝑛

𝑖=1

=  10.25 , (C.10) 

and the standard deviation of 𝑥 as: 

 𝜎 = √
∑ (𝑥𝑖 − 𝜇)2𝑛

𝑖=1

𝑛
= 14.9995 . (C.11) 

Standardisation values for the calculation of skewness before data filtering is shown in Table C.3 

Table C.3 Standardisation values for the calculation of skewness before data filtering 

𝑥𝑖 𝑧𝑖 = (𝑥𝑖 − 𝜇)/𝜎 𝑧𝑖
3 

2 −0.5750 −0.1901 

3 −0.5084 −0.1314 

4 −0.4417 −0.0862 

5 −0.3750 −0.0527 

6 −0.3083 −0.0293 

7 −0.2417 −0.0141 

8 −0.1750 −0.0054 

50 2.6251 18.0898 

Population skewness for this data is then calculated: 

 𝑆𝑘𝑒𝑤𝑛𝑒𝑠𝑠 =
1

𝑁𝑝
∑ (

𝑥𝑖 − 𝜇

𝜎
)

3
𝑁

𝑖=1

=
1

8
∑ 𝑧𝑖

3

8

𝑖=1

= 2.1976 (C.12) 
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For data filtering, an interquartile range is calculated with the formula below (the formula is explained 

in Chapter 4.1.2): 

 𝐼𝑄𝑅 = 𝑄3 − 𝑄1 =
7 + 8

2
−

3 + 4

2
= 7.5 − 3.5 = 4  (C.13) 

For capturing extreme outliers (for which 𝑘 = 1.5 is commonly used, data points are excluded outside 

of the Lower and Upper bounds, where the Lower bound is calculated as: 

 𝐿𝑜𝑤𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 = 𝑄1 − 𝑘 ×  𝐼𝑄𝑅 = 3.5 − 1.5 × 4 = −2.5  (C.14) 

And Upper bound as: 

 𝑈𝑝𝑝𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 = 𝑄3 + 𝑘 ×  𝐼𝑄𝑅 = 7.5 + 1.5 × 4 = 13.5  (C.15) 

This means that every 𝑥 in range −2.5 ≤ 𝑥 ≤ 13.5 is kept, so 𝑥 = 50 is removed as outlier. 

After filtering the sample data is as follows: 

 𝑥𝑓 = (2, 3, 4, 5, 6, 7, 8) . (C.16) 

Population skewness for this data is calculated by using the formula (the formula is explained in 

Chapter 4.1.2): 

 𝑆𝑘𝑒𝑤𝑛𝑒𝑠𝑠 =
1

𝑁𝑝
∑ (

𝑥𝑓𝑖 − 𝜇

𝜎
)

3
𝑁

𝑖=1

 (C.17) 

The mean of 𝑥𝑓 is calculated as: 

 𝜇 =
1

𝑛
∑ 𝑥𝑓𝑖

𝑛

𝑖=1

=  10.25 , (C.18) 

and the standard deviation of 𝑥 as: 

 𝜎 = √
∑ (𝑥𝑓𝑖 − 𝜇)2𝑛

𝑖=1

𝑛
= 14.9995 . (C.19) 
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Standardisation for each value is shown in Table C.4: 

Table C.4 Standardisation values for the calculation of skewness before data filtering 

𝑥𝑓𝑖 𝑧𝑖 = (𝑥𝑓𝑖 − 𝜇)/𝜎 𝑧𝑖
3 

2 −1.5 −3.375 

3 −1 −1 

4 −0.5 −0.125 

5 0 0 

6 0.5 0.125 

7 1 1 

8 1.5 3.375 

Population skewness for the filtered data is then calculated: 

 𝑆𝑘𝑒𝑤𝑛𝑒𝑠𝑠 =
1

𝑁𝑝
∑ (

𝑥𝑖 − 𝜇

𝜎
)

3
𝑁

𝑖=1

=
1

7
∑ 𝑧𝑖

3

8

𝑖=1

= 0 (C.20) 
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ANNEX D  

This annex reports the evaluation metrics for all regression methods described in Chapters 3.3.2 and 

3.3.3. The methods were tested on Denmark and complement the results presented for Denmark in 

Chapter 5.3.1. The metrics are presented from Table D.1 to Table D.7 For the following regression 

methods: multiple linear regression, Lasso, Ridge, Elastic Net, Decision Tree, Random Forest, and 

XGBoost. A blank entry indicates the model failed to produce a prediction for that case. 

Data preparation techniques are described in Chapter 4.1, and evaluation metrics are described in 

Chapter 4.3.2. 

Table D.1. Model evaluation metrics for Denmark as a test country for the multiple linear regression 

method 

  

Emission type 

CO NMVOC NOX PM2.5 PM10 

No data preparation 

R2 -23.612 -2.266 -8.506 -1.698 -1.574 

MAE 29,765.9 2,527.8 11,265.9 926.0 943.7 

RMSE 33,669.4 3,405.9 13,624.9 1,122.1 1,096.4 

Standardised 

R2 -0.516 0.887 0.750 
 

0.772 

MAE 1.039 0.251 0.429 
 

0.424 

RMSE 1.231 0.336 0.500 
 

0.477 

Filtered 

R2 -24.772 -1.871 -3.345 -0.015 -0.804 

MAE 31,749.5 2,773.9 6,549.3 510.1 660.6 

RMSE 34,453.7 3,193.6 9,211.2 688.3 917.7 

Filtered and standardised 

R2 
  

0.739 0.774 
 

MAE 
  

0.450 0.403 
 

RMSE 
  

0.511 0.476 
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Table D.2. Model evaluation metrics for Denmark as a test country for the Lasso method 

  

Emission type 

CO NMVOC NOX PM2.5 PM10 

No data preparation 

R2 -46.840 -2.278 -8.508 -1.484 -1.494 

MAE 43,572.9 2,535.2 11,274.4 882.7 929.7 

RMSE 46,941.5 3,412.4 13,626.6 1,076.7 1,079.1 

Standardised 

R2 -0.238 0.795 0.655 
 

0.762 

MAE 0.938 0.369 0.500 
 

0.387 

RMSE 1.112 0.453 0.588 
 

0.487 

Filtered 

R2 -25.214 -1.845 -3.200 -0.014 -0.815 

MAE 32,054.4 2,744.8 6,326.7 515.7 668.9 

RMSE 34,748.1 3,178.8 9,056.2 687.9 920.5 

Filtered and standardised 

R2 
  

0.698 0.767 
 

MAE 
  

0.479 0.392 
 

RMSE 
  

0.550 0.483 
 

 

Table D.3. Model evaluation metrics for Denmark as a test country for the Ridge method 

  

Emission type 

CO NMVOC NOX PM2.5 PM10 

No data preparation 

R2 -23.611 -2.952 -8.670 -1.564 -1.489 

MAE 29,756.3 2,783.5 11,405.5 903.5 930.5 

RMSE 33,668.8 3,746.5 13,741.9 1,093.9 1,078.1 

Standardised 

R2 -0.519 0.887 0.750 
 

0.773 

MAE 1.038 0.251 0.429 
 

0.424 

RMSE 1.232 0.336 0.500 
 

0.477 

Filtered 

R2 -24.762 -1.886 -3.289 -0.012 -0.808 

MAE 31,723.1 2,778.0 6,462.2 510.0 663.8 

RMSE 34,447.3 3,201.8 9,151.4 687.4 918.8 

Filtered and standardised 

R2 
  

0.739 0.774 
 

MAE 
  

0.450 0.403 
 

RMSE 
  

0.511 0.475 
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Table D.4. Model evaluation metrics for Denmark as a test country for the Elastic Net method 

  

Emission type 

CO NMVOC NOX PM2.5 PM10 

No data preparation 

R2 -25.543 -2.231 -12.047 -0.664 -0.638 

MAE 31,038.0 2,694.4 14,141.9 760.5 734.4 

RMSE 34,965.1 3,387.9 15,962.2 881.2 874.4 

Standardised 

R2 -0.339 0.854 0.723 
 

0.822 

MAE 0.975 0.305 0.460 
 

0.344 

RMSE 1.157 0.382 0.527 
 

0.422 

Filtered 

R2 -25.156 -1.670 -3.102 0.078 -0.704 

MAE 32,023.3 2,642.3 6,339.6 493.2 661.9 

RMSE 34,709.4 3,079.8 8,950.4 655.9 892.0 

Filtered and standardised 

R2 
  

0.718 0.813 
 

MAE 
  

0.460 0.349 
 

RMSE 
  

0.531 0.432 
 

 

Table D.5. Model evaluation metrics for Denmark as a test country for the Decision Tree method 

  

Emission type 

CO NMVOC NOX PM2.5 PM10 

No data preparation 

R2 -27.993 -7.220 -40.274 -16.703 -2.023 

MAE 28,354.3 4,823.3 21,523.7 2,423.2 925.6 

RMSE 36,543.4 5,403.4 28,390.2 2,874.5 1,188.1 

Standardised 

R2 -0.686 0.482 0.663 0.913 0.921 

MAE 1.123 0.513 0.418 0.247 0.220 

RMSE 1.299 0.720 0.581 0.295 0.281 

Filtered 

R2 -4.934 -10.086 -4.756 -1.723 -2.504 

MAE 13,839.5 5,904.7 9,617.5 943.7 1,147.2 

RMSE 16,533.1 6,275.1 10,601.7 1,127.4 1,279.1 

Filtered and standardised 

R2 -1.054 0.802 0.622 0.690 0.666 

MAE 1.179 0.291 0.414 0.400 0.424 

RMSE 1.433 0.445 0.615 0.556 0.578 

  



  

159 

 

Table D.6. Model evaluation metrics for Denmark as a test country for the Random Forest method 

  

Emission type 

CO NMVOC NOX PM2.5 PM10 

No data preparation 

R2 -5.213 0.354 0.753 0.369 0.699 

MAE 14,877.6 1,154.0 1,657.4 435.9 305.4 

RMSE 16,916.2 1,514.7 2,196.5 542.6 374.7 

Standardised 

R2 
 

0.895 0.772 0.927 0.904 

MAE 
 

0.247 0.417 0.191 0.228 

RMSE 
 

0.323 0.478 0.271 0.310 

Filtered 

R2 
 

-0.937 
   

MAE 
 

2,266.2 
   

RMSE 
 

2,623.1 
   

Filtered and standardised 

R2 -0.485 0.905 0.768 0.929 0.931 

MAE 1.036 0.243 0.427 0.211 0.208 

RMSE 1.218 0.309 0.481 0.266 0.262 

 

Table D.7. Model evaluation metrics for Denmark as a test country for the XGBoost method 

  

Emission type 

CO NMVOC NOX PM2.5 PM10 

No data preparation 

R2 -19.081 -0.859 -1.363 -0.205 0.369 

MAE 26,949.4 2,143.9 6,356.3 576.2 432.9 

RMSE 30,412.5 2,569.7 6,793.2 750.1 542.8 

Standardised 

R2 -0.646 0.950 0.806 0.978 0.967 

MAE 1.080 0.177 0.365 0.117 0.143 

RMSE 1.283 0.224 0.440 0.150 0.181 

Filtered 

R2 -47.054 -0.193 -0.845 -0.557 0.514 

MAE 45,741.0 1,727.3 5,390.9 691.3 379.6 

RMSE 47,046.7 2,058.5 6,002.1 852.4 476.3 

Filtered and standardised 

R2 -0.320 0.940 0.793 0.958 0.959 

MAE 0.991 0.190 0.380 0.172 0.168 

RMSE 1.149 0.244 0.455 0.205 0.202 

 


