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Abstract11

Ensuring accountability in emissions reductions is critical as many nations strug-12

gle to meet their Nationally Determined Contributions (NDCs) under the Paris13

Agreement. Traditional greenhouse gas (GHG) monitoring approaches are hin-14

dered by the long atmospheric lifetimes of key gases like carbon dioxide (CO2)15

and methane (CH4). In contrast, nitrogen dioxide (NO2) is a short-lived pollutant16

with high spatial and temporal variability, making it an effective proxy for track-17

ing anthropogenic emissions. This study introduces a novel predictive framework18

integrating satellite-derived NO2 data with socioeconomic indicators, specifically19

the International Wealth Index (IWI). Using machine learning techniques, we20

establish IWI as a reliable predictor of NO2 column densities, demonstrating that21

socioeconomic development patterns significantly influence emission trends. Our22

convolutional neural network (CNN) model achieves an average predictive accu-23

racy (R2 = 0.56) across the African continent, allowing for anticipatory analysis24

of emission hotspots. Forecasts for 2030 reveal substantial disparities between25

projected NO2 levels and NDC commitments, highlighting regions at risk of non-26

compliance. These findings emphasize the potential of integrating socioeconomic27

and environmental data to improve emissions monitoring, inform policy decisions,28

and enhance accountability in global climate action.29

Keywords: International Wealth Index (IWI), NO2 monitoring, Machine learning in30

environmental policy, Nationally Determined Contributions (NDCs)31
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Main32

When future emissions projections based on Nationally Determined Contributions33

(NDCs) fall short of the Paris Agreement’s goals[1], and many nations struggle to34

meet even these pledges[2], stronger accountability becomes essential. Ensuring that35

states uphold their commitments is crucial to bridging this gap and advancing global36

climate action. Despite the global commitments established under the Paris Agree-37

ment and reinforced through subsequent COP meetings, there remains no robust38

mechanism to systematically monitor and enforce these promises[3]. Traditional39

methods of tracking greenhouse gas (GHG) emissions are limited by the long atmo-40

spheric lifetimes and complex vertical distributions of key gases like carbon dioxide41

(CO2) and methane (CH4), which hinder the identification of emission sources and42

trends[4]. CO2 persists for decades to millennia[5], while CH4 remains in the atmo-43

sphere for years[6], allowing these gases to mix across multiple atmospheric layers.44

In contrast, NO2 is a short-lived pollutant, with a lifetime of just a few hours dur-45

ing daytime, predominantly concentrated near the ground. This unique property46

makes NO2 an exceptional proxy for tracking anthropogenic emissions[7]. Its strong47

temporal and spatial variability reflects emission patterns from localized sources,48

such as transportation networks, industrial activities, and energy production sites[8].49

Furthermore, NO2 is often co-emitted with other GHGs, making it a valuable and50

comprehensive indicator of human impact on the environment[9]. In addition to its51

utility as a proxy, NO2 is independently significant as an air pollutant due to its52

harmful effects on public health. Exposure to elevated NO2 levels has been linked to53

respiratory illnesses, cardiovascular problems, and premature mortality[10].54

55

The advent of satellite-based observations, such as those from the Tropo-56

spheric Monitoring Instrument (TROPOMI), has revolutionized NO2 monitoring.57

TROPOMI provides high-resolution global measurements, capable of pinpointing58

emission hotspots at the urban scale[11]. This unprecedented spatial detail, together59

with the atmospheric lifetime and distribution of NO2, enables both the evaluation of60

compliance with NDC targets and the identification of local emission sources within61

individual countries (i.e. at the intra-country level).62

However, translating these observational data into actionable insights for policy-63

makers remains a significant challenge.64

65

This study seeks to address this gap by integrating socioeconomic indicators with66

satellite-based NO2 observations. Specifically, this article is the first to link the Interna-67

tional Wealth Index (IWI) as a predictor of NO2 column densities. The IWI measures68

critical dimensions of socioeconomic development, including material wealth distribu-69

tion, which in turn is associated with urbanization and infrastructure growth, factors70

well-known to affect emission patterns[12]. As delineated in the Methods section, we71

use a novel IWI dataset originally covering Africa from 1990 to 2020 at a 6.7 km72

resolution[13]. To align with TROPOMI’s full-year data availability since 2019, we73

applied their model to generate annual IWI estimates for 2019–2024. This study links74

these data with TROPOMI observations over the same period, leveraging machine75
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learning (ML) techniques to establish a predictive framework that links socioeconomic76

data and environmental monitoring.77

The predictive framework developed here is built on the hypothesis that higher78

levels of and changes in IWI can serve as a reliable indicator of future NO2 column79

densities. Projections of IWI allow for anticipatory analysis, enabling the identifica-80

tion of regions where column densities are likely to increase, stagnate, or decrease.81

This approach moves beyond descriptive analysis, offering predictive insights that82

can guide targeted policy interventions and resource allocation.83

84

Furthermore, our framework facilitates the evaluation of progress toward NDC85

goals. By forecasting future NO2 column densities and comparing them to NDC tar-86

gets, this study highlights regions and nations at risk of non-compliance. It provides87

an evidence base for policymakers to refine strategies, prioritize actions, and allo-88

cate resources effectively. Additionally, the high-resolution spatial data allows for the89

observation of intra-country column densities variations, offering insights into localized90

sources of emissions and enabling targeted interventions at the subnational level.91

In summary, this study combines satellite-derived NO2 data with socioeconomic92

projections to address key gaps in emissions monitoring and policy evaluation. The use93

of NO2 as a short-lived proxy for GHG emissions, coupled with the predictive power of94

the IWI, offers a novel and scalable methodology for assessing progress toward global95

climate commitments. This study focuses on Africa as a case study due to the reliable96

and extensive IWI predictions available for this region from [13], providing a consis-97

tent dataset to validate our methodology. The focus is not meant to disproportionately98

scrutinize less culpable nations for climate change but to leverage high-quality socioe-99

conomic data to showcase the broader applicability of our approach. This integrative100

approach not only informs climate action but also addresses broader sustainability101

goals, including public health and equity. This study contributes to the broader effort102

to hold nations accountable for their commitments under the Paris Agreement while,103

at the same time, identifying emission sources and enabling targeted interventions at104

the subnational level.105

Results106

Predictive power of IWI on NO2107

Our model, a 3-layer convolutional neural network (CNN), demonstrated an average108

predictive accuracy, measured by R2, of 0.56 for predicting NO2 column densities from109

IWI. Fig.2 provides a schematic representation of our model’s framework. The model’s110

performance surpasses that of more complex architectures, including deeper CNNs,111

VGG16-based models, and CNNs incorporating wind data as an additional input.112

Moreover, it significantly outperformed traditional machine learning approaches, such113

as linear regression and random forest regressors, highlighting its effectiveness and114

efficiency for this task (see Methods).115

Figure 1b illustrates the predictive performance of the model across different116

African countries, represented by the R2 value obtained when each country is used117

as a geographically isolated test dataset while training is performed on the rest of118
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(a) (b)

Fig. 1: Model performance (R2) across African countries. R2 values are obtained by
training the model on the rest of the continent and using each country as a geographi-
cally isolated test dataset. Lighter shades indicate higher R2 values, while gray regions
represent countries with insufficient or missing data.

Fig. 2: Schematic representation of our model’s framework.

the continent. The color gradient reflects the model’s R2, with lighter shades indi-119

cating higher predictive accuracy. Gray regions denote countries for which data were120

insufficient or not included in the analysis.121

LowerR2 values (darker red) are observed in countries such as Kenya, Ethiopia, and122

the Democratic Republic of Congo, suggesting that the model struggles to generalize123

well in these regions. This may result from unique socioeconomic or emission patterns124
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that are not well-represented in the training data. Conversely, higher R2 values (lighter125

shades) are observed in countries such as Mauritania, Mali, Niger, and Namibia, as well126

as in other parts of West Africa and the Sahara region. This better performance likely127

reflects more consistent emission patterns or better representation of these regions in128

the training data.129

Intra-country forecasted changes in NO2 column densities130

Fig. 3: Change in NO2 column densities between 2019 and the forecasted 2030, over
the populated areas of the African continent.

Figure 3 illustrates the differences in NO2 column densities between 2030 predic-131

tions and 2019 observations from TROPOMI. To generate these predictions, we first132

obtain IWI estimates from an Earth Observation–Machine Learning (EO-ML) method,133

which provides gridded socioeconomic data at a 6.7 km resolution for Africa from 1990134

to 2024[13]. We then extend this dataset by linearly interpolating IWI values forward135

to 2030. These projected IWI values are fed into our trained model, which predicts136

NO2 column densities at the same spatial resolution. The model’s output for 2030 is137

then compared to 2019 NO2 column densities observed by TROPOMI, allowing us138

to quantify changes over time and identify regions experiencing notable increases or139

decreases in emissions. The map highlights both increases and decreases in column den-140

sities across the African continent, with notable intra-country variability. Significant141

intra-country variations in predicted NO2 column densities are observed across the142

African continent. Hotspots of increased column densities are prominently observed in143

rapidly urbanizing and industrializing regions, such as East Africa (notably Kenya and144
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Ethiopia), Central Africa, and parts of West Africa. These increases are likely driven145

by urban expansion, industrial growth, and the associated rise in transportation activ-146

ities. For instance, Kenya’s industrialization efforts and Ethiopia’s rapid urbanization147

align with these predictions, as seen in their urban development policies and economic148

growth targets[14, 15]. Additionally, such regions with limited implementation of air149

quality control measures are particularly susceptible to rising emissions[16]. Decreases150

in predicted NO2 column densities are concentrated in parts of Southern Africa and151

localized areas in the Sahel region. These decreases may be attributed to a combi-152

nation of socioeconomic transitions, shifts in energy sources, and the implementation153

of emission control policies[17]. For example, South Africa’s Nationally Determined154

Contribution (NDC) commits to transitioning away from coal-fired power plants and155

adopting renewable energy sources, likely contributing to reduced emissions[18]. In the156

Sahel, sustainable agriculture and clean energy adoption have been gaining traction,157

reducing reliance on traditional biomass fuels and mitigating emissions from rural158

areas[19].159

Disparities between forecasted NO2 column densities and160

NDC goals161

The results highlight substantial discrepancies between the forecasted difference in162

NO2 column densities for 2030 and the relative reduction targets outlined in the NDCs163

for many African countries. Fig. 4a presents a histogram comparing the column density164

variation from 2019 to 2030 as predicted by the ML model versus the NDC goals for165

each country.166

Some countries, such as Burkina Faso, Ghana, Liberia, Mali, Nigeria and Tunisia167

demonstrate substantial underperformance relative to their NDC targets, with fore-168

casted column densities far exceeding their declared goals. These findings suggest169

significant challenges in meeting emission reduction commitments, potentially due to170

economic pressures or insufficient policy enforcement. On the other hand, countries like171

Cameroon, Egypt, Guinea and Malawi are on track to exceed their NDC targets, indi-172

cating either effective policy implementation or slower economic growth trajectories173

that naturally reduce emissions.174

A geographical visualization of NDC compliance likelihood, shown in Fig. 4b, fur-175

ther illustrates these trends. Nations in West Africa, such as Burkina Faso and Nigeria,176

are at the highest risk of non-compliance, reflecting potential gaps in institutional177

capacity or infrastructure for implementing emission reduction strategies. Southern178

African countries like Zimbabwe display smaller gaps, indicating better alignment with179

NDC targets, though challenges remain.180

These findings carry significant implications for global emission reduction efforts.181

Regions with the largest gaps between forecasted and declared emissions represent182

high-impact areas where targeted interventions could yield the greatest benefits.183

This highlights the importance of data-driven policy planning and international184

collaboration to address the capacity challenges faced by underperforming nations.185
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(a) (b)

Fig. 4: (a) Histogram comparing NDC goals and predicted NO2 column densitie
variation between 2019 and 2030 by country. The countries shown are the ones for
which the model’s R2 is higher than 0.5, when having the country as test dataset,
and the ones for which NDC are available and for which there were enough pixels to
calculate R2. (b) Map of African countries showing likelihood of NDC compliance by
2030. Countries in red are those where the model’s R2 falls below 0.5 when the country
is used as the test dataset. Countries in grey either have an R2 lower than 0.5 under
the same condition, lack available NDC data, or do not have a sufficient number of
pixels to calculate R2.

Discussion186

This study demonstrates the predictive power of socioeconomic development, mea-187

sured as the International Wealth Index (IWI), in forecasting NO2 column densities.188

Our study highlights its potential in assessing progress toward Nationally Determined189

Contributions (NDCs) under the Paris Agreement. By integrating socioeconomic190

indicators with satellite-derived NO2 data, we provide a novel framework for link-191

ing development patterns to emissions and identifying areas where emission control192

policies are most urgently needed.193

The simplicity of the 3-layer CNN ensures computational efficiency while main-194

taining robust predictive performance, making it an accessible tool for large-scale195

analyses.196

The predictive strength of IWI validates its utility as a proxy for socioeconomic197

factors driving emissions, such as urbanization, infrastructure development, and eco-198

nomic activity. However, it is important to note that predictive accuracy does not199

equate to causation. While our findings highlight the value of IWI for identifying col-200

umn density patterns, future studies should aim to establish causal mechanisms linking201
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specific socioeconomic activities to NO2 emissions. For instance, differentiating emis-202

sions originating from transportation, industrial processes, and residential energy use203

could provide more actionable insights for policymakers.204

Intra-country and regional insights205

The spatially resolved predictions from our model reveal significant intra-country206

variability in NO2 column densities. Hotspots of increased column densities are promi-207

nently observed in rapidly urbanizing and industrializing regions, such as Kenya and208

Ethiopia in East Africa, as well as parts of Central and West Africa. These findings209

align with documented trends in urban expansion and industrial growth, which drive210

transportation and energy demands[14, 15].211

Conversely, areas of predicted column density decreases can be found in Southern212

Africa and localized regions within the Sahel. These reductions may reflect shifts in213

socioeconomic activities, transitions to cleaner energy sources, and the implementation214

of emission control policies[17, 19]. For example, South Africa’s commitment to phasing215

out coal-fired power plants and the adoption of sustainable agriculture in the Sahel216

region have likely contributed to these trends[18, 16].217

Our forecasting how socioeconomic changes will influence column densities at the218

local level is crucial for designing targeted interventions, particularly in regions with219

limited air quality control measures or institutional capacity.220

Implications for NDC compliance221

The comparison of forecasted difference in NO2 column densities for 2030 with NDC222

targets reveals significant gaps for many African nations. Some countries, such as223

Burkina Faso and Nigeria, exhibit forecasted increases in NO2 column densities that224

far exceed their stated reduction goals. This underscores the challenges posed by225

rapid urbanization, limited institutional capacity, and economic constraints in meet-226

ing climate commitments. In contrast, countries like Cameroon, Egypt, Guinea and227

Malawi are on track to exceed their NDC targets, potentially reflecting effective policy228

implementation or slower economic growth trajectories.229

These disparities highlight the importance of integrating emissions monitoring with230

socioeconomic data to support data-driven policy planning. Our findings suggest that231

regions with the largest gaps between forecasted and declared emissions should be232

prioritized for capacity-building initiatives and international support.233

Advancing emissions monitoring234

The integration of IWI with satellite-derived NO2 column densities represents a sig-235

nificant advancement in emissions monitoring. Unlike traditional methods that rely236

on self-reported inventories, our approach provides an independent, high-resolution237

assessment of emission trends. By leveraging the short atmospheric lifetime and238

ground-level presence of NO2, our framework enables the identification of emission239

sources and hotspots with unprecedented spatial detail.240

Moreover, the ability to observe intra-country variations in column densities offers241

new opportunities for subnational policy interventions. For instance, targeting specific242
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urban centers or industrial zones identified as emission hotspots can maximize the243

impact of mitigation strategies. Additionally, our model provides a flexible framework244

for scenario-based analyses, allowing policymakers to assess the implications of various245

socioeconomic trajectories on future emissions.246

Limitations and future directions247

While this study provides valuable insights, several limitations should be acknowl-248

edged. The reliance on predictive models inherently introduces uncertainties, particu-249

larly in regions with sparse data or unique emission patterns. For example, countries250

with lower model performance, such as Kenya and Ethiopia, may require additional251

data or context-specific adjustments to improve predictive accuracy.252

The linear interpolation of IWI data to forecast future column densities is another253

limitation. While this approach provides a baseline estimate, it does not account for254

nonlinear socioeconomic changes or unexpected policy shifts. Future research could255

explore more sophisticated methods for projecting IWI, such as time-series models,256

Long Short-Term Memory (LSTM), or transformer models.257

Moreover, the generalizability of our findings beyond Africa remains an open ques-258

tion. Expanding this approach to other regions with reliable IWI predictions could259

validate its broader applicability and inform global efforts to monitor and reduce260

emissions.261

Finally, NO2 can also serve as a valuable proxy for greenhouse gas emissions,262

particularly CO2. Since NO2 is co-emitted with CO2 in combustion-related activi-263

ties, including transportation, industry, and power generation[9], future research could264

build on this study’s framework to develop predictive models that estimate CO2 emis-265

sions based on NO2 satellite observations and predictions. Expanding this predictive266

framework to CO2 would enhance its utility for climate monitoring and mitigation267

efforts, reinforcing the role of satellite-based observations in tracking anthropogenic268

emissions at multiple scales.269

Methods270

Data Description271

International Wealth Index (IWI)272

The International Wealth Index (IWI) is an asset-based measure of material well-273

being designed for comparability across low- and middle-income countries. Unlike other274

wealth indices that are often country-specific and context-bound, IWI offers a stan-275

dardized approach for evaluating household wealth and socioeconomic status, allowing276

for cross-national and temporal comparisons. Developed using data from 2.1 million277

households across 97 countries, IWI is grounded in household asset ownership, access278

to basic services, and housing quality, effectively capturing material well-being on a279

global scale.280

IWI evaluates a household’s material standard of living using a carefully selected281

set of assets, including consumer durables like televisions, refrigerators, and bicycles;282

housing characteristics such as the quality of flooring and toilet facilities; and access283
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to essential utilities like electricity and clean water. The index is constructed using284

Principal Component Analysis (PCA), which assigns weights to each asset based on285

its contribution to overall wealth. These weights are combined into a unified scale286

that runs from 0 to 100, where a score of 0 represents a household with no durable287

goods, poor-quality housing, and no access to utilities, and 100 represents a household288

possessing all assets and services included in the index[12].289

The IWI is available only at the locations and times where household surveys290

have been conducted. To overcome this limitation, [13] developed an EO-ML method291

to infer neighborhood-level material-asset wealth across the populated areas of the292

African continent from 1990 to 2019. This method combines multi-temporal satellite293

imagery, available DHS surveys, and recurrent convolutional neural networks to pro-294

duce spatially and temporally consistent estimates of IWI. For this study, we applied295

their model to obtain data for more recent years, generating annual IWI data for296

2019–2024 to align with the operational period of the TROPOMI instrument. The297

resulting data is organized into gridded images at a resolution of 6.7 km.298

This study focuses on Africa as a case study because [13] provide reliable IWI pre-299

dictions for this region, offering a geographically extensive and temporally consistent300

dataset to validate our methodology. It is important to emphasize that the focus on301

the African continent is not intended to disproportionately scrutinize countries that302

are less responsible for climate change. Instead, it leverages the availability of high-303

quality socioeconomic data to demonstrate the broader applicability of our approach304

in regions with reliable information.305

NO2 data306

Nitrogen dioxide (NO2) is mainly generated by the combustion of fossil fuels, such as307

those used in vehicles, power plants, and industrial activities. Additionally, smaller308

contributions arise from natural sources like soil microbial activity and vegetation.309

Beyond its role as a direct pollutant, NO2 acts as a precursor to other harm-310

ful atmospheric compounds, including ground-level ozone, fine particulate matter,311

and acid rain. Despite its significant health and environmental impacts, NO2 is not312

categorized as a major greenhouse gas due to its relatively low global column densi-313

ties—approximately three orders of magnitude lower than carbon dioxide (CO2)—and314

its short atmospheric lifespan of a few hours to a day. This brevity ensures that315

NO2 remains concentrated near emission sources, making it a valuable indicator for316

identifying pollution hotspots[20].317

This study employs NO2 measurements from the TROPOspheric Monitoring318

Instrument (TROPOMI), a high-resolution spectrometer aboard the Sentinel-5P satel-319

lite, launched in 2017. TROPOMI captures NO2 column densities with a spatial320

resolution as fine as 5.5 km × 3.5 km, enabling the detection of medium-scale pollution321

sources, including urban centers, industrial facilities, highways and large individual322

emission events such as wildfires or shipping activities. By maintaining a fixed obser-323

vation time of approximately 13:30 local solar time, TROPOMI ensures consistent324

measurements, reducing variability caused by daily fluctuations in NO2 levels[21].325

Extensive validation studies have confirmed the instrument’s accuracy and reliability326

in monitoring atmospheric NO2[22].327
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The instrument detects sunlight reflected from the Earth’s surface and atmo-328

sphere, analyzing a broad range of wavelengths, from ultraviolet to shortwave infrared.329

Through these measurements, TROPOMI identifies absorption features specific to330

NO2, allowing it to estimate the tropospheric vertical column density (VCD) of the331

gas[23]. This quantity serves as a proxy for ground-level emissions. In fact, although332

minor amounts of NO2 can be transported from the stratosphere via processes such as333

photolysis of nitrous oxide (N2O) and subsequent stratospheric intrusions, their impact334

on tropospheric column densities is negligible compared to surface-level sources[24].335

For this analysis, we used yearly median of NO2 data from 2019, the first complete336

year of TROPOMI observations, to 2024, re-gridded to match the resolution of the337

IWI data.338

NDC data harmonization339

Nationally Determined Contributions (NDCs) are central to the Paris Agreement’s340

objective of limiting global temperature rise to well below 2°C above pre-industrial341

levels, with efforts to cap the increase at 1.5°C. Each signatory nation is mandated342

to formulate, communicate, and maintain successive NDCs, detailing their strategies343

for reducing greenhouse gas emissions and adapting to climate change impacts. NDCs344

embody the global commitment to combat climate change, with each country con-345

tributing according to its capabilities and responsibilities. By publicly outlining their346

climate actions, countries provide a basis for tracking progress[25].347

Countries publish their emission reduction targets for various GHGs, summarized348

as CO2 equivalents (CO2e), for different target years and relative to different base349

years. This variability complicates direct comparisons between countries. Additionally,350

NDCs lack standardization: they are presented as separate documents with vary-351

ing formats. Some NDCs include detailed sector-specific breakdowns and distinctions352

between conditional (dependent on external support, such as funding or technology353

transfer) and unconditional (self-financed or guaranteed) commitments. Others only354

specify an aggregate reduction target without elaborating on the methods or conditions355

for achieving it[26].356

To address these inconsistencies, we standardized all NDCs by converting them to357

a common baseline year (2019, the first full year of TROPOMI observations used in358

this study) and a common forecast year (2030). This involved linearly interpolating359

or extrapolating data from the reference years provided in the NDCs. We then calcu-360

lated the difference in total CO2 equivalent emissions between 2019 and 2030 for each361

country. Where available, we prioritized conditional targets to reflect the maximum362

commitments pledged. However, countries that report their reductions only relative363

to a Business-As-Usual (BAU) scenario for their estimation year could not be directly364

compared within this framework, resulting in their exclusion from the analysis.365

It is important to interpret these results cautiously, as the standardization process366

introduces uncertainties. The assumption of linear emission trajectories between base367

years and target years is a simplification and may not reflect the complex, sectoral-368

specific dynamics of emission reduction efforts.369
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Model architecture and training370

Fig. 5: Schematic representation of the CNN model used to predict NO2 concen-
trations from IWI data. The model processes gridded IWI input through multiple
convolutional layers (conv1–conv3) to extract spatial features and generate NO2 pre-
dictions at the same resolution. The numbers indicate the number of filters in each
convolutional layer, while Roman numerals denote the corresponding downsampling
factors.

The primary model used in this study is a 3-layer convolutional neural network371

(CNN) (see Fig. 5). The model takes patches of size 32 × 32 pixels, each containing372

a single channel representing IWI values, as input, and corresponding NO2 patches373

as targets. Patches were created by dividing the IWI and NO2 images from each year374

into smaller regions and augmenting them through rotation, flipping, and striding.375

The first layer applies a set of 16 convolutional filters, each with a kernel size of376

3×3, extracting spatial features while preserving the input dimensions through ”same”377

padding. Following this convolutional operation, the spatial dimensions of the feature378

maps are reduced using a 2× 2 max pooling layer. This pooling step helps the model379

capture lower-resolution representations of the input while reducing computational380

complexity. To mitigate overfitting, a dropout layer is applied after pooling, randomly381

deactivating 25% of the neurons during training.382

Subsequently, a second convolutional layer is introduced, applying 32 filters and383

using the same kernel size of 3 × 3 with ReLU activation and ”same” padding. The384

output from this layer undergoes an upsampling operation, restoring the spatial dimen-385

sions to their original size. Finally, the output layer produces a single-channel result386
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Table 1: Performance comparison of various CNN configurations. Bold values indicate the best-
performing model configuration. The values in parentheses correspond to those obtained over 1000
different training-validation-test splits.

Patch Size Network Depth Filters Inputs R2 R2

0
% p-values < 0.05

32

2
8

IWI 0.20 -0.04 30%
IWI, wind 0.29 0.03 40%

16
IWI 0.37 0.24 50%

IWI, wind 0.34 0.10 40%

3
16

IWI 0.51 -0.10 50%
IWI, wind 0.50 -0.10 60%

32
IWI 0.57 (0.56) -0.06 (-0.01) 80% (69.7%)

IWI, wind 0.53 -0.15 70%

16

2
8

IWI -0.14 -0.17 10%
IWI, wind -0.13 -0.23 20%

16
IWI -0.11 0.03 10%

IWI, wind -0.10 -0.02 20%

3
16

IWI 0.18 0.03 30%
IWI, wind 0.12 -0.26 20%

32
IWI 0.14 -0.20 30%

IWI, wind 0.14 -0.10 30%

Table 2: Performance comparison of vari-
ous alternative models configurations.

Model R2 R2

0
% p-values < 0.05

forest -0.28 -0.47 100%
linear 0.09 0.00 100%
VGG16 0.24 0.47 50%

using a 3× 3 convolutional filter with ReLU activation, ensuring the predicted patch387

matches the input dimensions.388

The model was trained using the Adam optimizer and a custom loss function389

designed to handle missing values through a masked mean squared error approach.390

Patches of size 32 × 32 were processed in batches of 1,000, and the training was391

conducted over 10 epochs. Test data comprised 20% of the total available patches,392

randomly split from the dataset. To prevent leakage, the test dataset was geograph-393

ically isolated, ensuring that no patches from the same region were included in both394

the training and test sets, even when derived from images taken in different years.395

This architecture was selected after testing multiple configurations, including396

CNNs of various depths and with varying number of convolutional filters, VGG16-397

based models, random forest regressors and other CNN models incorporating addi-398

tional input variables such as wind data from ERA5 - the global climate reanalysis399

dataset produced by the European Centre for Medium-Range Weather Forecasts400

(ECMWF) - as summarized in Tables 1 and 2. We considered incorporating wind as an401
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additional input because wind influences the dispersion and transport of NO2, affect-402

ing observed column densities independently of emission rates. However, adding wind403

did not enhance predictive performance, suggesting that the NO2-IWI relationship404

is robust even without accounting for wind variability. Alternative CNN configura-405

tions utilizing either smaller or larger patch sizes than those presented in Table 1406

demonstrated suboptimal performance. Models with smaller patch sizes often failed to407

converge, while those with larger patches had R2

0
values comparable to R2, indicating408

a lack of meaningful predictive power.409

The tables demonstrate that the best-performing model is a CNN with a patch410

size of 32 pixels, 3 layers, 32 filters, and IWI as the sole input. This model achieves411

an R2 of 0.57, an R2

0
of -0.06, and 80% of p -values below 0.05. For each model, R2

412

values were computed over 10 different training-validation-test splits of the data. The413

value presented in the table is the mean of these R2 scores across the 10 splits. R2

0
414

represents the average R2 obtained by training models on shuffled NO2 data (i.e.,415

randomizing the target variable). This process destroys meaningful relationships, and416

values close to 0 are expected, indicating poor performance. Specifically, for each417

training-validation-test split, the NO2 images were shuffled 10 different times, and a418

model was trained on each shuffled dataset. The reported R2

0
value is the mean over419

all these shuffled cases. Comparing R2 with R2

0
highlights how much better the model420

performs relative to a random baseline. The percentage of p -values minor than 0.05421

represents the proportion of splits where the model’s performance was statistically422

significant compared to the benchmark R2

0
. A p-value below 0.05 indicates that the423

model’s performance is unlikely to have occurred by chance. A higher percentage424

here signifies more consistent and reliable model performance across the different data425

splits.426

To ensure the robustness of our results, the model with the best-performing427

configuration was trained a greater number of times, that is on 1000 different training-428

validation-test splits. For each split, the NO2 images were shuffled 100 times to429

calculate the benchmark R2

0
. Across these splits, the model achieved a R2 of 0.56, a R2

0
430

of -0.01 and a p-value below 0.05 in 69.7% of cases compared to the random-shuffling431

benchmark (values in parenthesis in Table 1).432

Scenario modeling and forecasting433

To project NO2 column densities in 2030, a year widely used as a benchmark for434

emission reduction commitments in international agreements, we employed a linear435

interpolation of IWI data over time for each pixel. Given that the dataset spans from436

1990 to 2024, this interpolation was used to estimate IWI values for 2030, which were437

then input into our trained model to predict future NO2 column densities. This method438

was chosen for its simplicity, providing an estimate of NO2 column densities under a439

scenario where socioeconomic trends continue along their historical trajectory.440

For country-level column densities in 2030, we aggregated predicted NO2 column441

densities across all pixels corresponding to populated areas, i.e., those where IWI data442

were available. The change in column densities between 2019 (as from TROPOMI443

observations) and 2030 (model predictions) was then computed for each country. To444

quantify uncertainties in the column densitie predictions, we propagated errors from445
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two main sources: uncertainties in the linear regression parameters used to project IWI446

forward in time and the measurement uncertainty of TROPOMI NO2 observations in447

2019.448

These changes in NO2 column densities between 2019 and 2030 were directly449

compared to the change in Nationally Determined Contributions (NDCs) for total450

greenhouse gas (GHG) emissions, reported in CO2 equivalents (CO2e).451

This approach is based on the assumption that NO2 column densities are strongly452

correlated with emissions of other GHGs, particularly CO2, due to their shared emis-453

sion sources in human activities such as industrial processes, transportation, and454

energy production. Because NO2 is co-emitted with CO2 in combustion and indus-455

trial activities, it serves as a useful proxy for tracking broader pollutant emissions.456

Prior research has demonstrated the viability of using NO2 as an estimator of CO2457

emissions [27].458

However, this approach has inherent limitations. Emission ratios between NO2459

and other pollutants can vary across sectors and regions, influenced by fuel type,460

combustion efficiency, and pollution control technologies. While NO2 provides a valu-461

able spatial and temporal indicator of emission trends, care must be taken in directly462

translating NO2 variations to CO2e reductions. Further refinements, including sector-463

specific adjustments and additional environmental factors, could improve the accuracy464

of this forecasting framework.465

Source data466

IWI estimates can be downloaded at https://dataverse.harvard.edu/dataset.xhtml467

?persistentId=doi:10.7910/DVN/9DINV4 [28]; TROPOMI468

L2 data can be downloaded upon registration at469

https://disc.gsfc.nasa.gov/datasets/S5P L2 NO2 HiR 2/470

summary?keywords=TROPOMI [29]471
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