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Abstract 

We investigate whether satellite observations of nitrogen dioxide (NO₂) – a short-lived 

pollutant primarily emitted by fossil fuel combustion – can improve the forecasting of 

oil demand. After retrieving, cleaning, and aggregating daily satellite data, we integrate 

NO₂ into a range of forecasting models. Across a panel of advanced and emerging 

economies, we find that including NO₂ significantly enhances nowcasting accuracy 

relative to benchmark models based on autoregressive terms and traditional predictors 

such as industrial activity, prices, weather, and vehicle registrations. Accuracy gains are 

particularly strong during crisis episodes but remain present in more stable times. Non-

linear models, especially neural networks, yield the largest improvements, highlighting 

the non-linear link between energy demand and pollution. By offering a timely, globally 

consistent, and freely available proxy, satellite-based NO₂ data provide a valuable new 

tool for real-time monitoring of oil demand. 
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Non-technical summary 

Recent events (e.g. Covid-19 pandemic, Russian war against Ukraine, US trade policies, 

geopolitical tensions in the Middle East) highlighted the importance of high-frequency 

indicators for monitoring economic activity in real time. This is notably the case for oil 

consumption – where official statistics are published with a 3-month delay – leaving 

policymakers, firms, and households without timely information in periods when 

conditions change rapidly.  

In this paper, we explore whether satellite-based measurements of nitrogen dioxide 

(NO₂), a pollutant primarily emitted by the combustion of fossil fuels, can be used to 

improve the real-time monitoring of global oil consumption. Compared with other high-

frequency indicators, satellite data present four unique advantages: 1) timeliness as data 

are available daily, within hours of capture; 2) global coverage as satellites cover all 

economies uniformly, including those with scarce or unreliable statistics; 3) high 

granularity as measurements are available at a high spatial resolution, allowing for both 

national and regional analysis; and 4) free access as satellite data can be obtained at no 

cost, unlike many proprietary data sources. 

Satellite data are however not immediately suitable for economic analysis. They must be 

retrieved, cleaned, and adjusted as raw NO2 readings can be distorted by cloud cover, 

snow, or solar angles – implying that a large share of observations is typically missing. 

To address this, we apply standard filtering procedures in which we leverage 

spatiotemporal averaging and combine near real-time data with more robust satellite 

products. This provides smooth satellite-based NO2 pollution indices for major cities 

globally.  

We then test whether NO2 data can enhance the forecasting of monthly oil consumption 

across 10 advanced and emerging economies, including the United States, China, India, 

Japan, South Korea, Australia, and European countries – and that represent together 

around 60% of world GDP and NO2 emissions. We compare models with and without 

NO₂, using both simple autoregressive benchmarks and richer specifications that include 
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standard predictors used in the literature such as industrial production, energy prices, 

weather variables, and number of cars in circulation. We explore the predictive power 

of NO2 using a linear OLS model as well as non-linear techniques – namely support 

vector regressions and neural networks which have been shown to perform well in the 

oil forecasting literature. 

Our results show that including satellite-based NO2 data improves the accuracy of oil 

demand nowcasts in a broad and robust way. Across countries, models with NO2 data 

outperform autoregressive and benchmark models. On average, forecasting errors 

decline by 25% compared to simple AR models and by around 20% compared to more 

sophisticated benchmarks. While accuracy gains are particularly pronounced during the 

pandemic, when oil demand shifted abruptly, improvements remain significant outside 

of the pandemic. Accuracy gains from including NO2 as a predictor for oil demand 

remain when using machine and deep learning models. Finally, improvements are 

notable also when comparing NO2 with other high-frequency indicators used in the 

literature, such as Google Mobility indices or Google Trends.  

By providing a globally consistent, timely, and freely available proxy for oil 

consumption, satellite-based NO2 data offer a valuable new tool for real-time monitoring 

of oil consumption. This could be especially important for emerging and developing 

economies where official statistics are scarce or published with long delays.  
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Introduction 

The Covid-19 pandemic brought renewed attention to high-frequency data, as 

traditional statistics proved too delayed to capture the sudden collapse in activity. 

Weekly, daily, or even hourly data were mobilized to assess in real-time the impact of 

lockdowns, and in doing so, challenged conventional approaches to economic 

monitoring. Among these, satellite-based measures of air pollution stood up, as striking 

images of plummeting emissions during pandemic lockdowns circulated widely in the 

media (see for example China in Figure 1). 

Figure 1. Tropospheric NO2 pollution over China: January 2020 vs. February 2020 

Source: Earth observatory. 

Against this background, this paper investigates whether satellite data for tropospheric 

pollution can improve the forecasting of oil demand. This variable is key for both 

macroeconomic and energy analysis, yet timely information is scarce: official oil 

consumption data are often published with months of delay, leaving policymakers and 
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market participants without timely insights. Satellite-based measurements of NO2, 

available in near real-time, offer a promising proxy to make up for the long publication 

delays of official statistics. The pollutant is primarily emitted by fossil fuel combustion 

and has a short lifetime in the atmosphere – making it well-suited for monitoring oil 

consumption. ESA satellites provide near-real-time measurements of NO2 pollution, 

with information released within few hours of the capture, enabling a timely tracking of 

oil consumption dynamics. In addition, satellite data offer a global coverage with 

uniform quality, high spatial granularity, and free accessibility – providing key 

advantages over traditional statistics and even alternative high-frequency indicators.  

We test whether NO2 satellite data can enhance the forecasting performance of monthly 

oil consumption across 10 advanced and emerging economies, including the United 

States, China, India, Japan, South Korea, Australia, and European countries – and that 

represent together around 60% of world GDP and NO2 emissions.  We compare models 

with and without NO₂, using both simple autoregressive benchmarks and richer 

specifications that include standard predictors used in the literature such as industrial 

production, energy prices, weather variables, and number of cars in circulation. We 

explore the predictive power of NO2 using a linear OLS model as well as non-linear 

techniques – namely support vector regressions and neural networks which have been 

shown to perform well in the oil forecasting literature. 

We show that satellite-based NO₂ pollution enhances the real-time nowcasting of oil 

demand across a set of advanced and emerging economies. Compared with standard 

linear benchmarks, models incorporating NO₂ data deliver significant accuracy gains – 

not only relative to simple autoregressive benchmarks but also to richer models 

including abovementioned established predictors. Importantly, while accuracy gains are 

especially large during the pandemic, improvements in forecast performance persist 

even in more stable periods. Moving to non-linear frameworks consistent with more 

recent studies on predicting – namely support vector regressions and neural networks – 

we find that accuracy gains remain robust when using machine and deep learning 

models that capture non-linear dynamics. Finally, we find that using satellite-based NO2 
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pollution yields more accurate forecasts than incorporating other high-frequency 

indicators used in the literature such as Google Mobility indices and Google Trends. 

Our contribution to the literature is threefold. First, we extend the growing literature on 

satellite data in economics (e.g. Henderson et al., 2012; Donaldson and Storeygard, 2016) 

by exploring the potential of NO₂ pollution – which have been used very little in 

economics (see Ezran et al., 2023). More broadly, while a vast literature has shown how 

economic conditions influence air pollution (e.g. Boersma and Castellanos, 2012; Du and 

Xie, 2017; Le et al., 2020; Baimatova et al., 2020), very few have explored the reverse 

relationship where air pollution becomes an early indicator for economic conditions. 

Second, we add to the body of research on oil consumption forecasting by demonstrating 

the usefulness of satellite-based indicators on NO2 pollution as a novel real-time proxy 

for energy demand. We demonstrate its value-added alongside more established 

predictors such as industrial activity, energy prices, weather conditions, and number of 

vehicles – while also highlighting its potential relative to alternative high-frequency 

indicators used in most recent analyses (e.g. Yu et al., 2019; Dey and Das, 2022). Third, 

we contribute to the debate on high-frequency data (see Ferrara et al., 2020; Carvalho et 

al., 2021; Li et al., 2021; Bricongne et al., 2023) by quantifying the benefits of daily satellite 

observations, highlighting their role in improving short-term forecasting – especially 

during crisis episodes.  

The rest of the paper is organized as follows: Section 1 reviews related literature, Section 

2 explains the choice of relying on NO2 from satellite data – a source largely uncharted 

in the literature, Section 3 details data processing and aggregation, while Section 4 

compares nowcasting performances across different linear and non-linear models.  
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Section 1: Literature review 

Our paper first contributes to the growing literature that leverages satellite data for 

economic analysis – see Donaldson and Storeygard (2016) for a review. Following the 

seminal contribution of Henderson et al. (2012), satellite data on night-light intensity has 

been widely employed as a proxy for economic development, particularly in data-scarce 

countries (Ebener et al., 2005; Keola et al., 2015; Jean et al., 2016; Pinkovskiy and Sala-i-

Martin, 2016). More recently, this approach has been applied to monitor the impact of 

specific shocks, such as India’s demonetization (Chodorow-Reich et al., 2020) and the 

Covid-19 pandemic (Beyer et al., 2021). Methodological refinements have also emerged, 

with for instance Goldblatt et al. (2019) showing that daytime reflectance outperforms 

night lights in predicting enterprise counts, employment, and expenditure. However, 

limitations of both night and daytime light measures have been documented, notably in 

high-density areas and in advanced economies where their correlation with economic 

activity weakens (Sutton et al., 2007; Chen and Nordhaus, 2010; Tanaka and Keola, 2017; 

World Bank, 2017; Hu and Yao, 2019). In response, researchers have explored alternative 

satellite-based indicators such as land and forest cover (Lobell, 2013), infrared satellite 

images (d’Aspremont et al., 2025), or satellite-derived measures of floor space (Egger et 

al., 2023). Satellite data on air pollution – specifically NO2 – has also gained prominence 

with Bricongne et al. (2021) and Ezran et al. (2023) demonstrating its usefulness for 

nowcasting industrial production and real GDP, respectively. Building on this strand of 

research, this paper is the first, to the best of our knowledge, to investigate the use of 

satellite-based NO2 to predict oil demand.  

Our paper also extends the literature on forecasting oil consumption – a topic of 

enduring relevance in both economics and energy research – by demonstrating the 

merits of satellite-based NO2 pollution as a predictor.1 Historically, energy demand 

prediction has relied primarily on linear models for their interpretability and ease of 

implementation (Mackay and Probert, 1994; Harris et al., 2018; Boamah, 2021). Over 

1 An extensive summary of the literature on forecasting energy consumption can be found in Table A1 

in Appendix A. 
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time, ordinary least squares (OLS) models were supplanted by more sophisticated time-

series techniques such as autoregressive distributed lag (ARDL) models (e.g. Dilaver and 

Hunt, 2011; Fatima et al., 2019; He and Lin, 2018). Many of these approaches have 

incorporated Mixed Data Sampling (MIDAS) methods (He and Lin, 2018) or adjustments 

for trend in the context of long-term forecasting.2 Other commonly used techniques 

include ARIMA and moving average models (Edigar and Akar, 2007; Rehman et al., 

2017; Xu and Wang, 2010), Bayesian linear regressions (Chai et al., 2012) and vector 

autoregressions (Crompton and Wu, 2005). However, despite their widespread use, 

linear models face limitations when dealing with many predictors as they are prone to 

overfitting. This had long posed a significant challenge given the broad set of 

determinants for oil consumption such as real GDP (e.g. Mackay and Probert, 1994; 

Crompton and Wu, 2005), trade (e.g. Assareh et al., 2010), consumer price inflation (e.g. 

Zhu, 2023), weather conditions3 (e.g. Fatima et al., 2019), population (e.g. Harris et al., 

2018; Al-Fattah, 2021), oil prices (e.g. Aldabbagh et al., 2024) and number of vehicles (e.g. 

Behrang et al., 2011; Chai et al., 2012). Our paper extends this literature by proposing to 

use satellite-based NO2 pollution as another predictor for oil consumption. This variable 

offers a dual advantage: it significantly improves short-term forecasting accuracy while 

also being available across all countries. 

Our paper also delves into the more recent literature on forecasting oil consumption, by 

exploring machine and deep learning models. Although traditional econometric 

approaches remain widely used, recent research on oil demand forecasting increasingly 

relies on machine learning and deep learning methods. These approaches are 

particularly well-suited to capturing the non-linear and multifactorial nature of oil 

demand. To address the “curse of dimensionality” (Bellman, 1957) – arising when the 

2 Long-term forecasts of energy demand often rely on the concept of “underline energy demand trend” 

(UEDT) introduced by Hunt et al. (2003), which captures technical changes in oil reserves as well as 

exogenous factors (Dilaver and Hunt, 2011; Fatima et al., 2019). In addition, some linear models have 

been refined to account for seasonality and trend (Romero-Gelvez et al., 2020).  
3 Liu et al. (2021) finds that temperature variables are particularly important drivers for short- and 

medium-term energy demand forecasts. When temperatures are lower than a neutral threshold (often 

around 18 degrees Celsius), energy consumption increases for heating but when temperatures are 

higher, energy consumption increases for air conditioning. In line with the former, INSEE (2010) 

reports that a 1-degree decline in temperature can raise energy consumption by up to 2%.  
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number of potential predictors exceeds the number of observations – the literature has 

first employed feature selection methods such as genetic algorithms (Assareh et al., 

2010), gravitational search algorithms (Behrang et al., 2011), and social spider 

optimisation (Alkhammash et al., 2022). Beyond feature selection, a growing body of 

work has focused on machine and deep learning methods capable of accommodating 

numerous predictors and of capturing complex, non-linear relationships in oil 

consumption. Among these, support vector regressions (Romero-Gelvez et al., 2020; 

Zhu, 2023) and neural networks (Liu et al., 2016; Yu et al., 2019; Al-Fattah, 2021; Huang 

et al., 2021; Aldabbagh et al., 2024) consistently emerge as the best-performing model 

classes, especially in short-term energy forecasting where high-dimensional input data 

is common (Liu et al., 2021). Our paper contributes to this strand of literature by 

demonstrating that the accuracy gains from incorporating NO2 pollution into oil 

demand forecasting models remain, even when using these non-linear methods.  

Our paper finally adds to the growing literature on alternative and high-frequency data. 

Following the Covid-19 pandemic, such data have been increasingly used for economic 

analysis – for example credit card transactions (Carvalho et al., 2021), online housing 

listings (Bricongne et al., 2023), and social media data (Li et al., 2021).4 Although high-

frequency data are often noisy and their contribution to forecast performance remains 

disputed (Ahnert and Bier, 2001; INSEE, 2020), their timeliness can lead them to 

outperform traditional data in nowcasting applications (Ferrara et al., 2020; Fosten and 

Nandi, 2025). In that respect, our work is closely related to Yu et al. (2019) who use 

Google Trends data to nowcast global oil consumption by incorporating search intensity 

for keywords such as “oil consumption”, “oil price”, and “oil reserves” into support vector 

regressions and neural networks. Our paper differs mainly in the indicator considered, 

as well as the broader country scope. Our study benefits from the fact that satellite-based 

data offer a consistent cross-country coverage, whereas quality and availability of 

Google Trends vary substantially across geographies depending on Google’s market 

4 See Chetty et al. (2020) and Bricongne et al. (2020) for reviews of alternative data for the US and France 

during the Covid-19 pandemic, respectively. 
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share – notably, Google Trends are not available for China.5 Moreover, Google trends 

mainly capture household behaviour, which may not fully reflect demand from other 

agents such as businesses and public administration.  

5 It can be added that Google Trends data are prone to substantial revisions by design given the scaling 

of the series between 0 and 100 (maximum). On the contrary, satellite-based pollution data are not 

subject to revisions. 
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Section 2: Why satellite data on NO2? 

Compared to other data sources, satellite data offer four key advantages: timeliness, 

global coverage, high granularity, and free accessibility. First, satellite data are available 

daily and released within hours of capture, thereby making it a suitable candidate to 

make up for substantial publication delays of official statistics. For instance, energy 

consumption statistics from the US Energy Information Administration (EIA) – one of 

the few institutions publishing cross-country data – are released around two months 

after the end of the month of interest (Figure 2). During this period, little to no public 

information is available. While such lags might be less problematic in “normal” times, 

where economic conditions remain broadly stable, this can become critical when sudden 

shocks occur and require a real-time assessment of oil demand fluctuations. In this 

context, the timeliness of daily satellite data is particularly valuable. Second, satellite 

data provide consistent global coverage, including in regions where official statistics are 

scarce or entirely absent, notably emerging and developing economies. The uniform 

coverage of satellite data also reduces potential biases that otherwise arise from country-

specific data collection or reporting practices. Third, the spatial granularity of satellite 

data – available at resolutions of 5×3.5 km2 areas – makes it possible to capture events at 

regional level whereas official statistics are typically reported only at national level. 

Finally, satellite data are freely available, further reinforcing their attractiveness as a 

complementary source for economic analysis. 

Figure 2. Timeline for indicators of oil consumption 

Sources: US EIA and authors. 

While satellites measure concentration of several pollutants, we focus on NO2 as the 

most suitable indicator for tracking oil consumption in real-time. There are four main 

reasons for this choice. First, NO2 has a relatively short lifetime in the troposphere 

Current month (m) Month m+1

Need for more timely information

30Month m+2

US EIA data
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compared with other pollutants (Lamsal et al., 2011), which makes it especially relevant 

for near-real-time monitoring. 6 Second, NO2 is primarily emitted through the 

combustion of fossil energies, directly linked to energy use. Third, NO2 acts as a 

precursor for other pollutants (Henneman et al., 2017), making it particularly valuable 

as an “early” indicator. Finally, empirical evidence confirms a robust relationship 

between energy consumption and NO2 emissions (e.g. Cui et al., 2020; Hu and Guo, 2020; 

Abbas et al., 2022). This link has already been exploited during crisis episodes such as 

the Great Financial Crisis in 2008-2009 (Boersma and Castellanos, 2012; de Ruyter de 

Wilt et al., 2012; Russell et al., 2012; Du and Xie, 2017) and the Covid-19 pandemic (Le et 

al., 2020; Tobias et al., 2020; Baimatova et al., 2020; Keola and Hayakawa, 2021).  

6 NO2 typically stays in the troposphere for only a few hours to up to one day – much shorter than other 

pollutants such as fine particles (PM2.5 or PM10) which persist for several days to weeks, carbon 

monoxide (CO; around one month), and methane (CH4; around 10 years). This short lifetime reflects 

the high reactivity of NO2 to chemical processes in the troposphere, notably its transformation into 

ozone and other secondary pollutants (Vincent et al., 2010). As a result, NO2 does not travel over long 

distances, making it particularly relevant for capturing local activity.  
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Section 3: Data retrieval, cleaning, and aggregation 

Our data are derived from satellite observations of tropospheric pollution collected by 

the TROPOMI instrument on-board the Sentinel-5P satellite, operated by the European 

Spatial Agency (ESA).7 In technical terms, TROPOMI is a nadir-viewing imaging 

spectrometer, meaning it observes the atmosphere by looking straight down rather than 

diagonally. Tropospheric pollution is measured using passive remote sensing 

techniques that detect solar radiation reflected and radiated by the Earth’s surface and 

atmosphere. Sentinel-5P follows a Sun-synchronous orbit, passing over each location 

daily at approximately the same local solar time (around 13:35), which ensures consistent 

mid-day observations across the globe.8 As the TROPOMI instrument was started only 

recently, our dataset begins in July 2018. 

We apply several steps to retrieve, clean, and aggregate the data, ensuring that we obtain 

a dataset that is balanced and is aggregated at a level comparable to oil consumption 

statistics (i.e. country level). These steps can be broadly separated into pre-processing in 

Section 3.1 (i.e. general adjustments on raw data to make them more tractable for further 

usages) and post-processing in Section 3.2 (i.e. specific aggregations and corrections on 

the pre-processed data to make them fit for oil nowcasting).  

7 Earth atmosphere has a series of layers. Moving upward from ground level, these layers are the 

troposphere (0 to around 15 km), stratosphere, mesosphere, thermosphere and exosphere. 
8 Other sources of NO2 pollution data are available, but our choice of using TROPOMI is motivated by 

its global coverage, uniqueness of the sensor, and enhanced precision. Compared with ground-based 

monitoring stations which provide limited and location-dependent coverage determined by the 

(arbitrary) placement of sensors, TROPOMI offers global observations of uniform quality. Its single 

sensor also alleviates risks of idiosyncratic errors that can arise from ground-based instruments (e.g. 

due to malfunction of some specific sensors). Our choice is supported by the geophysical literature that 

advocates for the use of remote sensing over ground-based observations for large-scale studies (Remer 

et al., 2005). Finally, TROPOMI data have been shown to be more precise than alternative satellite 

measurements such as NASA’s OMI, which in recent years has suffered from various instrument 

malfunctions (Griffin et al., 2019; Wang et al., 2020).  
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3.1. Pre-processing phase: data retrieval and initial cleaning 

The retrieval process is automatized on a deviant server that automatically collects 

Sentinel-5P satellite data from the Copernicus Browser platform and checks the presence 

of the relevant observations. Among the variables provided by the Sentinel-5P dataset, 

we focus on the “NO2 tropospheric column concentration”. We use the second version (V2) 

of the dataset which offers NO2 data in both “offline” (OFFL) and “near-real time” (NRTI) 

designs.9 Between the two, the trade-off lies between timeliness and robustness. NRTI 

data are available only within a couple of hours of image acquisition while OFFL data 

are typically available within one week. This is because of differences in the weather 

data employed for the weather-adjustment of the satellite observations: NRTI relies on 

weather forecast, whereas OFFL incorporates ex post meteorological data – therefore 

more accurate to perform weather-normalization.10 In addition, OFFL data has the 

advantage of correcting for potential retrieval delays from the satellite (Verhoelst et al., 

2021). We fetch both OFFL and NRTI datasets and combine them in the post-processing 

phase (see Section 3.2) to benefit from both the timeliness of NRTI and the robustness of 

OFFL. Upon retrieval, the algorithm checks automatically for the consistency of entering 

files – notably whether NO2 data are available – and flattens the data for further use. 

The raw data are processed into Level 3 (L3) swaths, a gridded data cube with constant 

latitude and longitude coordinates, that can be more readily exploited for analysis. 

Copernicus provides the data as Level 2 (L2) swaths, consisting of pixels of 5x3.5 km2 

with centroid coordinates (longitude and latitude) and a quality index (between 0 and 

1). Following ESA recommendations, we exclude all observations with a quality below 

0.75, as snow cover, cloud presence, or variations in solar zenith and viewing angles can 

significantly alter TROPOMI estimates (ESA, 2020; Wang et al., 2020). Next, observations 

9 NO2 data are also available in a “reprocessed” (RPRO) design, but only available until June 2022. 
10 Weather-normalization is a critical step when working with atmospheric pollution as pollution levels 

are very sensitive to meteorological conditions, which not only affect the chemical process of pollutant 

formation but also influence human behaviours that generate emissions (Rao and Zurbenko, 1994). 

The influence of weather – especially wind and temperature – has been found to often exceed the effect 

of policy interventions or economic events (Anh et al., 1997; Alix-Garcia and Millimet, 2021). In this 

paper, we rely on ESA-provided data that are already weather-normalized, which alleviates the need 

for additional corrections such as the steps performed in Bricongne et al. (2021). 
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are allocated at the municipal level. Starting from the geo-coordinates of each city centre 

of interest, we collect NO2 measurement within a 40 km radius – broadly consistent with 

ranges reported in atmospheric science literature and supported by empirical tests and 

measurements (Figure A1 in Appendix A).11 This approach ensures consistency across 

cities by relying on an equal amount of input data, while also accounting for possible 

movements of NO2 in the troposphere under windy conditions.  

Overall, this pre-processing step (Figure 3) condenses the daily raw data (1-2 Gb across 

various datasets) into a single file of manageable size (10-20 Mb), facilitating subsequent 

analysis.  

11 The choice of a 40-km radius reflects a trade-off between including a sufficiently large set of valid 

observations for statistical robustness and ensuring that the signal remains representative of local 

urban activity. To validate our choice, we also tested the utilization of 20-km radius around city centres. 

The results using a smaller radius were consistently worst. As shown in Figure A1 in Appendix A, a 

20-km radius is insufficient to capture all the NO₂ dynamics around the major metropolitan areas used

in this study. While we could have used grid-search techniques to test all possible radius between 10

and 50-km, we rejected this approach as it would have been computationally intensive and prone to

overfitting the data. This radius is also in line with the atmospheric science literature, which shows

that short-lived pollutants such as NO₂ typically disperse over few kilometres only. For example,

Lamsal et al. (2011) and Russell et al. (2012) report dispersion ranges of 20-50 km, while Boersma et al.

(2009) and de Ruyter de Wilt et al. (2012) adopt similar buffer sizes in urban air-quality analyses.

Against this background, a 40-km radius provides a reasonable balance between coverage and

representativeness.
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Figure 3. Data pre-processing 

.

Source: authors. 

3.2. Post-processing phase: dataset combination and aggregation 

A key challenge when working with satellite data is the prevalence of missing values, 

with 10 to 40% of the observations rendered unusable by cloud cover, snow, or 

unfavourable viewing conditions depending on the country.12 This well-documented 

issue has motivated a wide range of methods to address it. The geo-statistics literature 

emphasizes that the most accurate approaches exploit both spatial and temporal 

correlations, with spatiotemporal “kriging” regarded as the state of the art (Laslett, 1994; 

Tadic et al., 2017; Peng et al., 2020; Shao et al., 2020; Yang and Hua, 2018).13 Related 

12 In addition, a key limitation of passive satellite observations is their dependence on sunlight to take 

measurements. This is why remote sensing generally performs less well for countries near the poles, 

such as Canada or Russia, where low luminosity and solar angle reduce retrieval accuracy (van Geffen 

et al., 2022). 
13 Another class of popular methods are “gap-fill” algorithms (Weiss et al., 2014). While spatiotemporal 

kriging and gap-fill algorithms aim to reconstruct missing values in environmental datasets, their 

methodological foundations differ. Kriging is a geostatistical approach that explicitly models spatial 
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contributions employ econometric methods ranging from linear extrapolation (Zhang et 

al., 2017) to machine and deep learning (Bi et al., 2019; Chi et al., 2020; Fouladgar and 

Främling, 2020). However, these sophisticated approaches often involve substantial 

computational costs, which make them poorly suited to high-frequency, large-coverage 

datasets – where methods like “kriging” become intractable due to the need to invert 

large covariance matrices (Kianan et al., 2021).14 Instead, most studies using high 

frequency (daily or intra-daily) data with large coverage – as in our paper – adopt 

simpler techniques such as linear extrapolation or local averages, which have been 

shown to provide sufficient accuracy (e.g. Noor et al., 2006; Hirabayashi and Kroll, 2017). 

Against this background, we employ a local-averaging approach, striking a practical 

balance between accuracy and computational feasibility. Our method incorporates both 

spatial and temporal dimensions: 

- Spatial dimension: we reduce the data to a single observation per municipality

per day by computing the unweighted average of all valid measurements within

the city radius. We implement this on both NRTI and OFFL datasets.

- Temporal dimension: we smooth the resulting series using an unweighted 28-

day moving average. The choice of a 28-day window accounts for weekly

seasonality – being a multiple of 7. This allows us to track monthly dynamics

NO2 dynamics while reducing short-term noise.

We combine the NRTI with the OFFL datasets to leverage their respective strengths, 

incorporating the timeliness of NRTI while retaining the robustness of OFFL. To 

construct the smoothed series, we apply a 28-day moving average, such that any 

observation 𝑌𝑡  at time 𝑡 is the average of the previous 28 observations. Since OFFL data 

are available with a publication lag of 8 days, the computation follows equation (1):  

and temporal correlation structures, yielding both predictions and associated uncertainty estimates. 

Gap-fill algorithms, by contrast, encompass a wide range of heuristic or data-driven methods that are 

often computationally lighter and more scalable, but typically do not quantify uncertainty. 
14 While a “lattice kriging” has been developed to overcome this issue over large datasets (Nychka et al., 

2015), it remains important when dealing with world data at daily frequency. In addition, the same 

technical difficulty is faced with “gap-fill” algorithms. 
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(1) 𝑌𝑡 =
(∑ 𝑁𝑅𝑇𝐼𝑡−7

𝑡 + ∑ 𝑂𝐹𝐹𝐿𝑡−27
𝑡−8 )

𝑁𝑁𝑅𝑇𝐼 + 𝑁𝑂𝐹𝐹𝐿

Where 𝑁𝑁𝑅𝑇𝐼 denotes the number of non-missing NRTI values between 𝑡 and 𝑡 − 7, and 

𝑁𝑂𝐹𝐹𝐿 the number of non-missing OFFL values between 𝑡 − 8 and 𝑡 − 27. The main 

advantage of our approach is that it exploits the complementarity of missing patterns 

across the two datasets (Figure 4) since outages typically affect them at different times. 

Finally, this also ensures that the moving average series remains continuous even when 

one source dataset temporarily fails. 

Finally, we aggregate city-level observations to the country level. To ensure that 

meaningful variation in NO2 pollution is not diluted by broadly stable pollution over 

sparsely populated areas, we restrict the sample to major urban centres, selecting for 

each country a maximum of 25 cities with more than 275,000 inhabitants.15 At this stage, 

any remaining missing values at city-level are extrapolated to obtain a balanced dataset. 

The resulting city-level series are then aggregated into a country-level indicator by 

aggregating the NO2 concentration across the cities. 

Figure 4. Differing patterns of missing data between NRTI and OFFL datasets 

Panel a) Share of missing data in NRTI dataset Panel b) Share of missing data in OFFL dataset 

Sources: ESA and authors. 

Note: both panels refer to China. 

15 The thresholds of 275,000 inhabitants and 25 cities aim at striking a balance between ensuring sufficient 

representativeness of urban activity and maintaining comparability across countries of different sizes, 

while avoiding undue influence from smaller, less representative localities. Our empirical tests have 

shown little benefit from adding more than 25 cities per country, while the computation costs increase 

linearly with the inclusion of new cities - this further justified our choice as a trade-off between 

including many cities and keeping the processing algorithm tractable. 
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Section 4: Nowcasting oil demand 

4.1. Comparing against benchmark linear models 

We now assess whether satellite-based NO2 pollution data can improve the real-time 

forecasting of oil demand. To this end, we evaluate the out-of-sample performances of 

nowcasting models that incorporate NO2 pollution data, using two benchmarks. The first 

one is a straightforward autoregressive (AR) model as in equation (2) which we compare 

with an augmented specification that adds our satellite-based index of NO2 pollution 

alongside the AR term. The second one is a more sophisticated benchmark that includes 

the predictors commonly used in the oil-demand forecasting literature, which we then 

compare to the same specification augmented with our NO2 pollution index. More 

specifically, this second (more sophisticated) benchmark predicts oil consumption (𝑦𝑡) 

using an AR term together with variables for industrial activity (𝐼𝑃𝑡), energy prices (𝑃𝑡), 

number of vehicles (𝑉𝑡), and weather conditions (𝑊𝑡) as formalized in equation (3). The 

specification accounts for publication delays faced by real-time forecasters by taking 

lagged values when appropriate, as denoted by subscripts 𝑘 in equation (3).16 In our 

baseline specification, we use industrial production as the variable 𝐼𝑃𝑡 following Dilaver 

and Hunt (2011), the Producer Price Index (PPI) as variable 𝑃𝑡 following Aldabbagh et 

al. (2024), new car registrations as variable 𝑉𝑡 following Behrang et al. (2011) and Chai et 

16 Oil consumption is generally published with at least a two-month delay, so we set 𝑘𝑦 to 2. The same 

lag applies to most macroeconomic variables (e.g. industrial production). By contrast, Purchasing 

Managers’ Index (PMI) enters with only a one-month lag (𝑘𝑖𝑝 = 1) given its timeliness while weather 

variables and oil prices enter contemporaneously (𝑘𝑤 , 𝑘𝑝 = 0) as they are available in quasi real-time. 

All variables are expressed in log differences – except for PMIs and weather variables which enter 

directly in levels. Further details on data are available in Table A2 in Appendix A. 
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al. (2012),17 and temperatures as variable 𝑊𝑡 following INSEE (2010) and Liu et al. 

(2021).18 

(2) 𝑦𝑡 = 𝛽0 + 𝛽1 ∙ 𝑦𝑡−𝑘𝑦
+ 𝜀𝑡 

(3) 𝑦𝑡 = 𝛽0 + 𝛽1 ∙ 𝑦𝑡−𝑘𝑦
+ 𝛽2 ∙ 𝐼𝑃𝑡−𝑘𝑖𝑝

+ 𝛽3 ∙ 𝑃𝑡−𝑘𝑝
+ 𝛽3 ∙ 𝑉𝑡−𝑘𝑣

+ 𝛽4 ∙ 𝑊𝑡−𝑘𝑤
+ 𝜀𝑡

We evaluate forecasting performance by comparing out-of-sample root mean squared 

errors (RMSE) across models, using a recursive real-time nowcasting exercise that 

replicates the information set that would have been available to a real-time forecaster. 

Specifically, the model is estimated (in-sample) up to month 𝑡 − 1, and oil consumption 

is then nowcasted (out-of-sample) for month 𝑡. The exercise starts in July 2018, with the 

first out-of-sample nowcast in January 2020 and the last one in December 2024. We 

conduct this procedure separately for each of the 10 advanced and emerging economies 

in our sample (Australia, China, France, India, Italy, Japan, South Korea, Spain, United 

Kingdom,  United States)  for which oil consumption and control variables are available 

at monthly frequency – and that represent together around 60% of world GDP and NO2 

emissions.19 To reconcile the frequency mismatch between daily NO2 pollution and 

monthly oil consumption, we use monthly average of NO2 pollution – computed as in 

Section 3.20 On average, models incorporating satellite-based NO2 pollution outperform 

17 We use new car registrations (i.e. the flow) rather than the stock of vehicles as up-to-date monthly data 

on the latter are unavailable. The series cover both electric and thermal vehicles, since comparable 

cross-country data distinguishing between the two was not available to us. This implies that in 

countries with high penetration of electric vehicles, new registrations might overstate oil consumption. 

However, over our sample period (2018-2024), electric vehicles accounted for only 8% of global car 

sales (IEA, 2025). In addition, empirically NO2 pollution still significantly improves oil-demand 

forecasting in countries with above-average penetration of electric vehicles, such as China (where 17% 

of car sales were electric vehicles over our sample). 
18 To preserve parsimony given the limited timespan of our dataset, we include only one variable per 

category in the benchmark specification. Since different proxies have been used per category in the 

literature (see Table A1 in Appendix A), we also tested alternative benchmark specifications. The 

results, reported in Figure A2 in Appendix A, are broadly consistent across specifications and confirm 

higher forecasting accuracy when satellite-based NO2 pollution is included as a predictor. 
19 For other countries, monthly series for oil consumption are not available.  
20 We also examined the time dimension of daily satellite-based NO2 pollution by running daily nowcasts 

of monthly oil consumption. Specifically, for each day 𝑑 of month 𝑡, we estimate the model (in-sample) 

up to month 𝑡 − 1 and then nowcast (out-of-sample) oil demand in month 𝑡 using the information set 

available on day 𝑑 – that is, daily NO2 observations up to day 𝑑 − 1. Results are reported in Figure A3 

in Appendix A and show that accuracy improves progressively as more information becomes 
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benchmark models, notably during crisis episodes. Figure 5 presents results averaged 

across countries and shows that models including daily NO2 satellite-based pollution 

perform better than a naïve AR model (panel a) and then a more sophisticated 

benchmark model (panel b). Over the full sample (2020-2024), adding NO2 pollution as 

a predictor improves forecasting accuracy by 26% on average relative to the naïve AR 

model and by 22% relative to the multi-variable benchmark model. These averages, 

however, mask some cross-country heterogeneity with gains up to 60% in some cases 

(e.g. China, Spain) but closer to 5% in other (e.g. Japan, South Korea). Detailed results in 

Table A3 in Appendix A show these accuracy gains are nevertheless significant for most 

countries, based on a Clark and West (2007) test. 

To better understand whether the forecasting gains from NO₂ pollution are concentrated 

in periods of heightened volatility, we then separate the analysis between crisis and non-

crisis times. In line with the literature suggesting that high-frequency data enhance 

forecasting performance primarily during crisis episodes (e.g. Jardet and Meunier, 2022), 

we split the sample between the pandemic year (2020) and the subsequent period (2021-

2024). In line with the literature, our results indicate substantially larger gains during the 

pandemic, with models including NO2 pollution outperforming the naïve AR model by 

more than 30% on average. Nevertheless, accuracy gains persist in more stable periods, 

with improvements of 10-15% over the benchmarks between 2021 and 2024. Detailed 

results in Table A4 in Appendix A show that accuracy gains remain statistically 

significant for several countries (e.g. United States, China, Spain) even outside of crisis 

times. 

available, consistent with intuition. Nevertheless, the exercise shows that even on the first day of the 

month, including NO2 pollution in the model yields accuracy gains.  
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Figure 5. Out-of-sample RMSE of OLS models incorporating satellite-based NO2 

pollution – relative to standard benchmarks 

(average across countries) 

a) Relative to naïve AR b) Relative to full benchmark model 

Sources: Haver Analytics, US Energy Information Administration, International Energy Agency, OECD, Bloomberg and authors. 

Notes: Countries in the sample are Australia, China, France, India, Italy, Japan, South Korea, Spain, the United Kingdom and the United States. The 

full benchmark model incorporates an AR term, a variable for industrial activity (industrial production), a variable for prices (PPI), a variable for the 

number of vehicles (new car registrations), and a variable for weather (temperature). Results are presented relative to the benchmark: a negative value 

indicates an over-performance of the model with satellite-based NO2 pollution. Results by country are available in Tables A3 and A4 in Appendix 

A. 

We finally benchmark our satellite-based NO2 pollution index against alternative high-

frequency indicators that have been proposed in the literature to nowcast oil demand, 

namely Google Mobility indices (Dey and Das, 2022), Google Trends (Yu et al., 2019) and 

the Oxford Stringency indices (Aldabbagh et al., 2024).21 As mentioned in Section 2, a 

key advantage of the satellite index is its global coverage, whereas Google-based 

indicators are unavailable for China due to the platform’s ban. Moreover, since Google 

indices rely on user activity, their quality depends on Google’s market penetration in the 

country, which can be limited or biased toward specific populations segments. In 

addition, the Oxford Stringency index (Hale et al., 2021), while a series with global 

coverage, was a one-off effort and stops shortly after the pandemics – just like the Google 

21 All high-frequency indicators enter with no lag as they are available in quasi real-time. Google Trends 

are expressed in first differences; Google Mobility and Oxford Stringency indices (which both measure 

deviation to a normal situation) both enter directly in levels.  
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Mobility indices.22 Results are reported in Figure 6.23 On average, models including 

satellite-based NO2 pollution outperform moderately those using Google Mobility and 

Stringency indices (by 1%) but more markedly Google Trends (by 13%). But when 

distinguishing between pandemic and post-pandemic periods, a sharper pattern 

emerges. During the pandemic, forecasting performance is somewhat better for Google 

Mobility and Oxford Stringency indices – whereas in normal times, the NO2 index 

outperforms significantly all benchmarks by 10-20%. Overall, these findings suggest that 

while pandemic-specific indicators (Google mobility and Oxford Stringency indices) can 

be relevant during the Covid-19 period, their predictive power diminishes strongly in 

normal times. By contrast, the NO2 pollution index retains its relevance outside crisis, as 

evidenced by its outperformance relative to both alternative high-frequency indicators 

(Figure 6) and the standard benchmarks (Figure 5). 

22 The extrapolation of missing observations for the Oxford Stringency index and Google Mobility indices 

(before and after the pandemic) is made by assuming no restrictions prior to the Covid-19 period, and 

a gradual return to no restriction after the last observation (October and December 2022 for Google 

Mobility and Oxford Stringency, respectively). 
23 Following Yu et al. (2019), we use Google Trends for the keyword “oil consumption” which we translate 

into local languages of the countries in our sample. We focus on the keyword “oil consumption” as in 

Yu et al. (2019) who find this keyword to yield better forecasting improvements over other keywords 

tested (e.g. “oil prices”, “oil inventories”).  
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Figure 6. Out-of-sample RMSE of OLS models incorporating satellite-based NO2 

pollution – relative to alternative high-frequency indicators 

(average across countries) 

Sources: Haver Analytics, US Energy Information Administration, International Energy Agency, OECD, Bloomberg and authors. 

Notes: Countries in the sample are Australia, France, India, Italy, Japan, South Korea, Spain the United Kingdom and the United States. China is 

excluded as Google indices are not available. The benchmark model incorporates an AR term, a variable for industrial activity (industrial production), a 

variable for prices (PPI), a variable for the number of vehicles (new car registrations), and a variable for weather (temperature). Results are presented 

relative to the benchmark: a negative value indicates an outperformance of the model with satellite-based NO2 pollution. Results by country are available 

in Table A5 in Appendix A.

4.2. Exploring non-linear models 

We now turn to non-linear models – specifically Support Vector Regressions (SVR) and 

artificial neural networks which have consistently shown strong predictive performance 

in prior studies (Yu et al., 2019; Romero-Gelvez et al., 2020; Huang et al., 2021; Zhu, 2023; 

Aldabbagh et al., 2024) – by extending the OLS analysis of Section 4.1 to these 

specifications. 

The SVR model adapts the Support Vector Machine (SVM) framework of Cortes and 

Vapnik (1995), originally developed for binary classification. The underlying idea is to 

project input data into a higher dimensional space - called “feature space”- where linear 

separation becomes feasible (Figure 7, panel a). In regression form, SVR follows a similar 

approach and estimates the relationship between explanatory and dependent variables 

using a “kernel” function that governs the transformation of input data. Predictions allow 

for a margin of error around the fitted function: observations lying within this margin 
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are ignored, while those outside – the “support vectors” – determine the fit (Figure 7, 

panel b). Formally, SVR predicts oil demand 𝑦𝑡 as in equation (4):  

(4) 𝑦𝑡 = ∑(𝑎𝑖 − 𝑎𝑖
∗)

𝑖𝜖𝑇

𝐾(𝑋𝑖 , 𝑋𝑡) + 𝛽0 

Where 𝑋 denotes the vector of explanatory variables, 𝑖 the training period (𝑇 = 0, . . , 𝑡 −

1), and 𝑡 the predicted month. The kernel function 𝐾(𝑋𝑖 , 𝑋𝑡) compares current predictors 

(𝑋𝑡) with support vectors, assigning higher weights (𝑎𝑖, 𝑎𝑖
∗) to more similar

observations.24 Equation (4) can also be written as in equation (5):  

(5) 𝑦𝑡 = ω ∙ Φ(𝑋𝑡) + 𝛽0 

Where Φ is the mapping function into the feature space, for which 𝜔 (weights of the 

support vectors) and 𝛽0 (constant) are obtained by solving the minimization problem in 

equation (6): 

(6) 
min

ω, 𝛽0, 𝜉𝑖, 𝜉𝑖
∗

1

2
‖ω‖2 + 𝐶 ∑(𝜉𝑖 + 𝜉𝑖

∗)

𝑖𝜖𝑇

Subject to: {

𝑦𝑖 − ω ∙ Φ(𝑋𝑖) − 𝛽0 ≤ Ɛ + 𝜉𝑖

ω ∙ Φ(𝑋𝑖) + 𝛽0 − 𝑦𝑖 ≤ Ɛ + 𝜉𝑖
∗

𝜉𝑖 , 𝜉𝑖
∗ ≥ 0

Where 𝜉𝑖 and 𝜉𝑖
∗ are slack variables measuring deviations outside the error band Ɛ (the

“tube width” or error-insensitive loss function), and 𝐶 is a regularization parameter 

controlling the trade-off between model complexity and training error. A wider tube 

width Ɛ allows more volatility around the kernel and, thus, fewer support vectors.25  

24 Specifically, weights are allocated such that (𝑎𝑖 − 𝑎𝑖
∗) ≠ 0 for support vectors, and that higher weights

are allocated to observations 𝑖 for which 𝑋𝑖 are more similar to 𝑋𝑡. 
25  Following Yu et al. (2019), we use a radial basis function (RBF) kernel formally defined as 𝐾(𝑥𝑖 , 𝑥) =

exp (−Ɣ‖𝑥𝑖 − 𝑥‖2). We tune hyper-parameters by conducting a grid search on regularization

parameter 𝐶, the epsilon-insensitive loss Ɛ, and the RBF kernel parameter Ɣ. Performance is evaluated 

by cross-validation. 
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Figure 7. Support vectors 

a) Support Vector Machines b) Support Vector Regressions

Sources: Palaogu (2023) and authors. 

Note: Panel b) represents a radial basis function kernel. Other popular kernels include linear, polynomial, or sigmoid. 

Our results indicate that incorporating satellite-based NO2 pollution data improves 

forecast accuracy – confirming the results obtained with an OLS specification. Figure 8 

reports average RMSE gains across countries and shows that SVR models including NO2 

consistently outperform those without it. Compared with a naïve AR model (panel a), 

incorporating satellite-based NO2 increases forecasting accuracy by about 3% over the 

full sample, with larger gains (around 5%) during the pandemic. The more sophisticated 

benchmark (panel b) also benefits from including NO2 data, with average gains of 3% –

and slightly stronger improvements outside the Covid period. As with the OLS results, 

country-level results vary: Spain records RMSE gains of up to 10%, while France and 

Italy exhibit more modest improvements of 2-4%. Overall, these findings confirm that 

the predictive gains from NO₂ extend beyond linear models, strengthening their 

robustness across different forecasting frameworks. Nevertheless, the larger gains 

observed with OLS likely reflect the model’s more limited ability to capture complex 

relationships when predictors are omitted. By contrast, SVR already flexibly captures 
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non-linearities and interactions among the benchmark variables, so the marginal 

contribution of adding NO₂ pollution would be smaller. 

Figure 8. Out-of-sample RMSE of SVR models incorporating satellite-based NO2 

pollution – relative to benchmarks 

(average across countries) 

a) Relative to naïve AR b) Relative to full benchmark model 

Sources: Haver Analytics, US Energy Information Administration, International Energy Agency, OECD, Bloomberg and authors. 

Notes: Countries in the sample are Australia, China, France, India, Italy, Japan, South Korea, Spain the United Kingdom and the United States. The 

benchmark model incorporates an AR term, a variable for industrial activity (industrial production), a variable for prices (PPI), a variable for the 

number of vehicles (new car registrations), and a variable for weather (temperature). Results are presented relative to the benchmark: a negative value 

indicates an over-performance of the model with satellite-based NO2 pollution. Results by country can be found in Table A6 in Appendix A. 

We then compare the performances of linear versus non-linear models for predicting oil 

consumption. Figure 9 reports the out-of-sample RMSEs of SVR models, relative to the 

same specifications in OLS. On average across countries, SVRs outperform OLS by up to 

55% over the full sample, confirming prior findings that machine learning models, 

particularly SVRs, outperform linear models in forecasting oil demand (Yu et al., 2019; 

Romero-Gelvez et al., 2020; Zhu, 2023). Gains are especially pronounced during the 

pandemic, whereas in normal times SVRs deliver a similar accuracy as OLS. This pattern 

is in line with the literature on asymmetric forecast performances, which point to more 

complex models performing better during downturns but being of comparable accuracy 

with naïve models in normal times (e.g. Chauvet and Potter, 2013; Siliverstovs and 

Wochner, 2021). At the country level, accuracy gains from SVRs are largest in China 

(around 75%) but are more modest in South Korea (around 3%). 
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Figure 9. Out-of-sample RMSE of SVR model compared to OLS 

(average across countries) 

Sources: Haver Analytics, US Energy Information Administration, International Energy Agency, OECD, Bloomberg and authors. 

Notes: Countries in the sample are Australia, China, France, India, Italy, Japan, South Korea, Spain the United Kingdom and the United States. The 

benchmark model incorporates an AR term, a variable for industrial activity (industrial production), a variable for prices (PPI), a variable for the 

number of vehicles (new car registrations), and a variable for weather (temperature). Results are presented relative to the OLS model: a negative value 

indicates an over-performance of the SVR model compared to OLS. Results by country can be found in Table A7 in Appendix A.

In a second exploration of non-linear models, we employ Artificial Neural Networks 

(ANN) to nowcast oil demand. Compared with SVRs, ANNs offer greater flexibility in 

capturing complex, non-linear relationships, making them well suited to noisy datasets. 

Neural networks consist of “layers” with “neurons”: each neuron applies weights to its 

inputs and transforms them via a (generally non-linear) “activation function”, before 

passing the output forward. This process is run across multiple interconnected layers: 

information flows from the “input layer” (receiving raw predictors) through “hidden 

layers” to the “output layer” that delivers the forecasted value (Figure 10, panel a). This 

layered architecture enables ANNs to approximate complex functions by progressively 

extracting relevant information and non-linearities. However, the large number of 

parameters increases the risk of overfitting, especially for small datasets as in our paper. 

To mitigate this, we adopt a parsimonious network with few hidden layers, we also 

constrain the number of “epochs” (training iterations over in-sample data) and 

incorporate “dropout layers” (that randomly deactivate a subset of neurons during 

training). Finally, given the sensitivity of ANNs to initialization, we follow Woloszko 
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(2024) and average predictions across an ensemble of five neural networks, each 

initialized with different random seeds.26 

Figure 10. Neural networks 

a) General architecture b) ELU activation function

Source: authors. 

In line with the results of OLS and SVR, our findings indicate that satellite-based NO2 

pollution data adds to forecast accuracy, even in the context of neural networks. While 

the improvements in accuracy are around 3% in crisis times, they remain more modest 

(below 1%) in normal periods, resembling our findings for OLS. Satellite data improves 

performance more significantly in the US and UK (3-3.5%), while its impact is more 

limited in China and Spain (see Table A8 in Appendix A). 

Using ANNs improves accuracy compared with both OLS and SVR models, with gains 

of up to 80%. Figure 11 shows the relative accuracy of ANNs to OLS and SVR models, 

26 We set hyperparameters through a grid search over the number of epochs, layers, neurons, and 

activation functions. In the end, we set the number of epochs to 20, number of layers to 2, number of 

neurons to 420 (on the first layer, then decreasing by a factor 2 on each layer), activation function to 

Exponential Linear Unit (ELU), and no L2 regularization. The ELU is linear for positive values and 

asymptotically approaching a bound for negative values (Figure 10, panel b) with this property 

facilitating activations closer to a zero mean, which enhances the convergence speed during training 

and has the potential to improve forecast accuracy. We also set batch size (number of observations 

used by the algorithm before updating its parameters) to 1 considering the small dataset and use the 

stochastic gradient descent of Adam optimizer (Kingma and Ba, 2017) as standard in the literature. 

Finally, we tested for other hyper-parameters whose importance was however found to be less crucial 

such as weight initializers (we use Xavier uniform in Pytorch) and L2 regularization.  
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where negative values indicate superior performance of neural networks. On average, 

ANNs improve accuracy by about 50% relative to OLS and 9% relative to SVR. Relative 

to OLS, neural networks consistently enhance forecasting performance, with gains up to 

80% for China and around 30% for Spain and the United Kingdom. Relative to SVRs, 

ANNs also deliver accuracy gains in most countries, notably South Korea (by 32%), 

though SVRs slightly outperforms in the United States, Australia, and more substantially 

in China. These results support the hypothesis that the relationship between oil demand 

and satellite-based NO2 data is non-linear, and that neural networks are particularly 

well-suited to capture it. This is consistent with previous studies highlighting the 

potential of deep learning for oil demand forecasting (Al-Fattah, 2021; Yu et al., 2019; 

Huang et al., 2021), and more generally in nowcasting applications (Hopp, 2022; 

Woloszko, 2024, d’Aspremont et al., 2025). 

Figure 11. Out-of-sample RMSE of neural networks compared to OLS and SVR models 

Sources: Haver Analytics, US Energy Information Administration, International Energy Agency, OECD, Bloomberg and authors. 

Notes: Predictions of neural network are the average of an ensemble of 5 models initialized with different random weights. The y-axis represents the 

accuracy compared to the OLS and SVR set-up. A negative value indicates an over-performance of neural networks compared to OLS and SVR 

respectively. Numeric results by country can be found in Table A8 in Appendix A. 
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Conclusion 

This paper shows how satellite-based measurements of tropospheric NO2 pollution can 

be transformed into an informative and timely indicator for oil demand. After retrieving, 

cleaning, and aggregating raw data, we construct a daily index that complements 

existing statistics, overcoming their publication delays and limited coverage. Our 

forecasting results demonstrate that incorporating NO₂ pollution significantly improves 

the accuracy of nowcasting models, both relative to simple autoregressive benchmarks 

and to richer models including more established predictors (industrial activity, energy 

prices, weather, and vehicle registrations). Gains are strongest during crisis periods such 

as the Covid-19 pandemic, but improvements remain in more stable times, highlighting 

the robustness of NO₂ as a real-time proxy for energy demand. The results also extend 

to non-linear models. Finally, our NO₂-satellite-based indicator appears informative 

across both advanced and emerging economies. This contrasts with night lights – a 

widely used satellite-based proxy for economic activity – whose relevance weakens 

significantly across advanced economies (Hu and Yao, 2019).  

The broader implication is that satellite-based pollution data can help close information 

gaps in energy statistics. More generally, the findings illustrate the value of high-

frequency satellite observations in economic monitoring, complementing traditional 

sources. Compared with traditional statistics and alternative data sources, satellite data 

have the key advantages of daily observations (vs. monthly for most official statistics), 

global coverage (vs. official or alternative indicators often limited to few countries and 

with heterogeneous quality depending on countries), granularity, and free access. 

Future research could extend this approach to other pollutants and satellite-based 

measures to develop a broader toolkit of real-time indicators for economic analysis. This 

approach might also be extended at infra-national level, given the granularity provided 

by satellite data. 
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Table A2: Data sources 

Variables Sources 

NO2 pollution QuantCube based on ESA satellite data 

Oil demand US Energy Information Administration, 

International Energy Agency, OECD, Bloomberg, 

national sources via Haver Analytics 

PMI S&P Global via Haver Analytics 

CPI and PPI inflation National statistical offices via Haver Analytics 

Industrial production National statistical offices via Haver Analytics 

Heating Degree Days (HDD), Cooling 

Degree Days (CDD), temperature, 

humidity and precipitation 

International Energy Agency, national sources via 

Haver Analytics, World Bank 

New car registrations National sources via Haver Analytics 

Oil prices Bloomberg 

Google mobility Google 

Google Trends Google 

Oxford Stringency indices Hale et al. (2021) 
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Table A3. Relative RMSE (out-of-sample) of models using satellite-based 

NO2 pollution compared with benchmarks 

NO2 model vs. 

AR model 

NO2 model vs. 

Full benchmark 

Australia -39.1% ** -28.5% *

China -60.7% *** -29.4% **

France -1.2% -14.0%*

India -22.3% ** -16.2% *

Italy -50.6% *** -15.3%

Japan -6.6% -1.2%

South Korea 3.1% -14.9%

Spain -54.6% *** -53.5% ***

United Kingdom -1.0%* -3.6%**

United States -28.8% ** -36.3% ***

Average -26.2% -22.4%

Notes: The benchmark model incorporates an AR term, a variable for industrial activity 

(industrial production), a variable for prices (PPI), a variable for the number of vehicles 

(new car registrations), and a variable for weather (temperature). Results are presented 

relative to the benchmark: a negative value indicates an over-performance of the model 

with satellite-based NO2 pollution. ***, **, and * indicate that the outperformance in 

predictive accuracy is significant at respectively the 1%, 5%, and 10% levels, based on a 

Clark and West (2007) test. Test results are not available for the average. 
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Table A4. Relative RMSE (out-of-sample) of models using satellite-based 

NO2 pollution compared with benchmarks 

NO2 model vs. 

AR model 

NO2 model vs. 

Full benchmark 

Pandemic 

(2020) 

Normal times 

(2021-24) 

Pandemic 

(2020) 

Normal times 

(2021-24) 

Australia -45.1% *** -7.2% -30.7% ** -12.2%

China -65.1% *** -11.1% * -30.3% * -20.2% *

France -0.7% -16.0% -2.0% -5.9%

India -21.6% ** -22.0% * -26.8% ** -33.2% **

Italy -59.6% *** -19.0% ** -9.4% -20.3% *

Japan -12.6% -5.4% 3.1% -3.3%

South Korea -6.7% -19.5% * 5.9% 3.0% 

Spain -59.2% *** -58.5% *** -23.2% * -32.4% **

United Kingdom -1.7% -4.8% 1.3% -2.0%

United States -37.8% ** -39.2% ** -8.0% -17.2%

Average -31.0% -7.7% -24.6% -14.4%

Notes: The benchmark model incorporates an AR term, a variable for industrial activity 

(industrial production), a variable for prices (PPI), a variable for the number of vehicles 

(new car registrations), and a variable for weather (temperature). Results are presented 

relative to the benchmark: a negative value indicates an over-performance of the model 

with satellite-based NO2 pollution. ***, **, and * indicate that the outperformance in 

predictive accuracy is significant at respectively the 1%, 5%, and 10% levels, based on a 

Clark and West (2007) test. Test results are not available for the average. 
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Table A5. Relative RMSE (out-of-sample) of models using satellite-based NO2 

pollution compared with benchmarks using Google indices 

NO2 model vs. 

Google mobility indices 

NO2 model vs. 

Google Trends 

NO2 model vs. 

Oxford Stringency index 

Australia 0.6% -24.6% * 8.9% 

China N.A. N.A. 51.3% 

France 25.2% 19.4% -7.9%

India -3.5% -49.7% *** 4.9% 

Italy 20.6% -10.8% 22.7% 

Japan -35.6% ** 5.0% -7.8%

South Korea -16.1% -15.3% -94.0% ***

Spain -21.9% * -4.5% -22.2% *

United Kingdom -26.9% * -7.7% -13.3%

United States 48.4% -26.4% * 43.6% 

Average -1.0% -12.7% -1.4%

Notes: China is excluded as Google indices are not available. The benchmark model incorporates an AR 

term, a variable for industrial activity (industrial production), a variable for prices (PPI), a variable for 

the number of vehicles (new car registrations), and a variable for weather (temperature). Results are 

presented relative to the benchmark: a negative value indicates an outperformance of the model with 

satellite-based NO2 pollution. ***, **, and * indicate that the outperformance in predictive accuracy is 

significant at respectively the 1%, 5%, and 10% levels, based on a Clark and West (2007) test. Test 

results are not available for the average. 
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Table A6. Relative RMSE (out-of-sample) of SVR models using satellite-

based NO2 pollution compared with benchmarks 

NO2 model vs. 

AR model 

NO2 model vs. 

Full benchmark 

Australia -4.1%*** -8.6%**

China -0.9%* -3.9%***

France -1.7%* -1.1%

India -0.3% 0.5% 

Italy -4.1%*** -3.0%**

Japan -0.1% -2.9%**

South Korea 2.4% 2.3% 

Spain -10.1%*** -9.0%***

United Kingdom 1.2% -0.0%

United States -8.6%*** -4.9%***

Average -2.6% -3.1%

Notes: The benchmark model incorporates an AR term, a variable for industrial activity 

(industrial production), a variable for prices (PPI), a variable for the number of vehicles 

(new car registrations), and a variable for weather (temperature). Results are presented 

relative to the benchmark: a negative value indicates an over-performance of the model 

with satellite-based NO2 pollution. ***, **, and * indicate that the outperformance in 

predictive accuracy is significant at respectively the 1%, 5%, and 10% levels, based on a 

Clark and West (2007) test. Test results are not available for the average. 
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Table A7. Relative RMSE (out-of-sample) of SVR models using satellite-based NO2 

pollution compared with OLS 

AR model 
AR model 

with NO2 
Benchmark model 

Benchmark model 

with NO2 

Australia -56.1% -30.9% -64.8% -55.0%

China -73.9% -34.4% -91.5% -88.4%

France -17.0%* 17.4%* -44.4%** -36.1%**

India -48.0%* -33.3% -36.2%** -23.6%**

Italy -51.8% -6.6%* -78.4% -75.2%

Japan -19.7% -14.1% -36.1%* -37.2%**

South Korea 3.1% 2.4% -43.4% -31.9%*

Spain -58.7% -18.3% -56.5% -15.0%*

United Kingdom -43.2% -41.9% -22.4%** -19.5%**

United States -35.8%* -17.7%* -66.2% -49.5%

Average -40.1% -21.2% -54.0% -43.1%

Notes: The benchmark model incorporates an AR term, a variable for industrial activity (industrial 

production), a variable for prices (PPI), a variable for the number of vehicles (new car registrations), and a 

variable for weather (temperature). Results are presented relative to the benchmark: a negative value indicates 

an over-performance of SVRs compared to OLS. ***, **, and * indicate that the outperformance in predictive 

accuracy is significant at respectively the 1%, 5%, and 10% levels, based on a Clark and West (2007) test. Test 

results are not available for the average. 
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Table A8. Relative RMSE (out-of-sample) of neural networks using satellite-based NO2 pollution 

compared with benchmark model without NO2, OLS and SVR models 

ANN with NO2 vs. 

ANN without NO2 

ANN with NO2 vs. 

OLS with NO2 

ANN with NO2 vs. 

SVR with NO2 

Australia -0.6% -50.7%* -9.7%***

China -0.09% -86.0% 20.7%* 

France -2.6%* -49.2%** -20.4%***

India -1.9% -32.1%*** -9.8%*

Italy -5.2%* -78.8% -14.5%***

Japan 0.8% -47.4%** -16.1%**

South Korea -0.7% -53.5%** -31.6%***

Spain 0.2 -29.6%** -17.2%***

United Kingdom -3.2%** -28.4%*** -11.0%**

United States -3.4%** -49.5%* 0.0%** 

Average -1.7% -50.4% -9.0%

Notes: The benchmark model incorporates an AR term, a variable for industrial activity (industrial production), a variable 

for prices (PPI), a variable for the number of vehicles (new car registrations), a variable for weather (temperature) with 

satellite-based NO2. Results are presented relative to the benchmark without NO2, OLS and SVR models: a negative value 

indicates an over-performance of the neural network with NO2. ***, **, and * indicate that the outperformance in predictive 

accuracy is significant at respectively the 1%, 5%, and 10% levels, based on a Clark and West (2007) test. Test results 

are not available for the average. 
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Figure A1. NO2 levels above major cities (January 20, 2025) 

Wuhan (China) Madrid (Spain) 

New Delhi (India) Seoul (South Korea) 

Houston (United States) 

Sources: European Spatial Agency and authors. 

Notes: Grey and black rings represent 20- and 40-km radius, respectively, around city centre. Rings can be egg-shaped in some cities due to distortions caused 

by higher latitudes. All images follow the same pre- and post-processing outlined in the article. 
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Figure A2. Out-of-sample RMSE of model with satellite-based NO2 pollution – 

alternative specifications 

(average across countries) 

Sources: Haver Analytics, US Energy Information Administration, International Energy Agency, OECD, Bloomberg and authors. 

Notes: Countries in the sample are Australia, China, France, India, Italy, Japan, South Korea, Spain the United Kingdom and the United States. The 

“baseline benchmark specification” model incorporates an AR term, a variable for industrial activity (industrial production), a variable for prices (PPI), 

a variable for the number of vehicles (new car registrations), a variable for weather (temperature) with satellite-based NO2. Alternative specifications 

include other variables for industrial activity (PMI manufacturing), prices (CPI and oil prices), and weather conditions (heating degree days, cooling 

degree days, humidity and precipitation). The grey bar represents the 10th-90th range of the average relative performance of models with satellite-based 

NO2 relative to models without satellite-based NO2, across specifications incorporating all combinations of possible input variables.
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Figure A3. Out-of-sample RMSE of model with satellite-based NO2 pollution – daily 

nowcasts relative to naïve AR model 

(average across countries) 

Sources: Haver Analytics, US Energy Information Administration, International Energy Agency, OECD, Bloomberg and authors. 

Note: Countries in the sample are Australia, China, France, India, Italy, Japan, South Korea, Spain the United Kingdom and the United States. 
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