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This article examines whether data from remote sensing satellites can be used to predict lithium mine output. We use pixel
classification of land cover to measure long-term mine expansion and nightly light emissions to measure short-term operational
activities. We find a strong correlation between satellite data in one period and individual lithium mine production volumes in
the following period. Our rapid and cost-effective method of forecasting lithium mine production can help decision-makers in
companies that rely on lithium, and policymakers seeking to ensure adequate lithium supplies in their countries.

Introduction

Lithium plays a critical part in the global transition to electric vehicles and renewable energy storage
systems (Jeong et al., 2024). As the metal with the lowest density in the period system, lithium is especially
well suited for energy storage in weight-sensitive applications such as electric vehicles. It is primarily
extracted by way of open-cast mining (mineral-based) and through the evaporation of lithium-rich water
(brine-based). Lithium production is highly geographically concentrated, with Australia, Chile, and China
collectively accounting for nearly 90% of global output (U.S. Geological Survey, 2024). Ensuring a stable
and sufficient supply of lithium is therefore of strategic importance for the sustainability of industries
reliant on this critical resource. The inclusion of lithium on the U.S. Critical Minerals List (Fortier et al.,
2021) and the vital role of lithium in achieving climate goals outlined in international climate agreements
(United Nations, 2015) show that policymakers recognize the importance of a stable lithium supply.

For car manufacturers and technology companies, lithium has become such an essential raw material that
bottlenecks in lithium supply can bring entire production lines to a grinding halt (Krauss and Ewing, 2023).
Rapidly obtaining accurate data on lithium mine output is therefore essential for assessing supply chain
security (U.S. Geological Survey, 2024). However, the traditional method of obtaining production
estimates through reports, such as those of the U.S. Geological Survey, has several shortcomings. Creating
these reports is expensive and time-consuming because in-person inspections of remote mines are
sometimes necessary. The information in market reports often becomes outdated just a few days after
publication. Some lithium market reports also only cover a small selection of mines and, if prepared by
commercial consultancies, come with a hefty price tag. Because most lithium mining is mineral- and brine-
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based and takes place on the Earth’s surface, we propose a satellite-based approach as an efficient
alternative for timely and low-cost lithium production estimates.

Satellite imagery has evolved significantly since the mid-20th century, advancing from early state-
sponsored meteorological and communication missions to complex, often privately funded constellations
offering high-resolution imagery and frequent revisits (Katona et al., 2025). Today, a key use case of
satellite data is in land use and land cover (LULC) analysis, which employs deep learning models to classify
pixels of satellite images into categories of built-up land, water, or different types of vegetation (Venter et
al., 2022). While LULC models are based on satellite imagery taken during the day, light emissions
measured at night also offer valuable information. A common application for this method, called nighttime
lights (NTL) analysis, measures economic growth using a high spatial resolution and temporal frequency
(Henderson et al., 2012). In contrast, traditional government reports typically offer only outdated and less
granular information.

Although mines have often been the subject of LULC studies, past investigations have focused primarily on
ecological changes and site reclamation (Chen et al.,, 2018). The relationship between the spatial
expansion of lithium mines, measured by LULC and NTL, and their production volumes remains largely
unexplored.

We find that nighttime mine activity, measured by light emissions, Granger-causes lithium mine production
volume in the following year and quarter. We also find a strong correlation between mine expansion and
production volumes. Using LULC satellite data, we can closely monitor production stops for mineral-based
lithium mines. We contribute to research on alternative data in financial markets, particularly the use of
satellite data in finance, which primarily focuses on equity markets (Ha, 2025; Katona et al., 2025; Zhu,
2019) and commodities such as crude oil (Mukherjee et al., 2021; Zhao and Miao, 2023). We also
contribute to the literature on predicting trends in commodity markets by focusing on the actual output
of a commodity, rather than on returns of the respective commodity future (e.g., Dudda et al., 2024;
Hollstein et al., 2021). Hence, our findings also have significant implications for practitioners, such as
commodity traders, companies relying on lithium, and data providers offering reports on mining outputs.
Lithium is subject to relatively strong price fluctuations, and our approach offers a rapid and inexpensive
method of obtaining lithium mine production estimates.

Related Literature and Research Question Development

Satellite imagery has recently joined the ranks of alternative data sources that are now firmly established
in financial and economic research (Zhu, 2019). The advantages of data from remote sensing satellites—
high spatial resolution, high temporal frequency, and global coverage—are particularly relevant in both
disciplines (Donaldson and Storeygard, 2016).

In finance, scholars and practitioners typically analyze images taken during the day with the help of
machine learning and object recognition. For example, Feng and Fay (2022) use satellite images to predict
retailer performance by measuring parking lot traffic and find a positive relationship between sales and
satellite-measured traffic. Studies have also shown that market-moving players use satellite data, with
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Mukherjee et al. (2021) finding less trading activity on cloudy days over oil depots and Kang (2024)
studying the availability of satellite datasets to financial market actors. Scholars and practitioners using
satellite imagery benefit particularly from the emergence of commercial satellite data and analysis
providers such as Planet Labs, Capella Space, or BlackSky. Together with many other “new space”
companies, these companies have built up fleets of dozens to hundreds of high-resolution satellites
capable of surveying every point on Earth multiple times a day. These firms have also developed
extraordinary capabilities in the rapid and autonomous analysis of satellite imagery. Satellite datasets on
mining have thus far been used primarily to monitor environmental impacts and track land reclamation
efforts (Chen et al., 2018). Figure 1 below provides an example for mineral- and brine-based mines.
Lithium mines have distinct land cover types that contrast with their surroundings and allow for clear
spatial delineation. Mining companies seeking to ramp up lithium production will require more basins and
infrastructure, which satellite imagery easily captures. We thus hypothesize that the growth in the
remotely sensed spatial extent of lithium mines in one period predicts the growth in production output in
the following period.

In contrast to the finance literature, economic scholars often use NTL datasets. Various correlations of NTL
data with economic indicators such as urbanization, economic productivity, or electricity consumption are
well established in this literature (Elvidge et al., 1997). We suggest that NTL emissions may provide
valuable information on the activity of a mine, particularly about overnight operations and infrastructure
lighting. Thus, we hypothesize that the growth in nightly activity at lithium mines in one period predicts
the growth in production output in the following period.

When comparing LULC and NTL, we hypothesize that NTL data reflects more short-term operational
activities of a mine and is a valuable indicator for detecting both immediate increases and decreases in
production. In contrast, data on the spatial extent of a mine provides insights into long-term investments
in infrastructure and expansion, typically linked to increased production capacity. However, such data may
lead to inaccuracies in forecasting short-term production changes.

Data and Method

Table 1 on the next page provides an overview of our empirical approach. To classify and subsequently
measure the spatial extent of lithium mines in our sample, we use the Dynamic World V1 LULC dataset
provided by Google and the World Resources Institute (Brown et al., 2022) because it offers short revisit
times and a 10-meter spatial resolution. The dataset assigns each pixel a probability of belonging to one
of nine land use classes. We classify mine areas by characteristic land cover types and count the number
of corresponding pixels. Depending on the extraction type, we classify different land cover types as “mine”
and “non-mine” areas. For mineral-based mines, we classify the land cover types “built,” “water,” and
“bare” as “mine” areas. For brine-based mines, we classify the land cover types “built,” “water,” and “snow
and ice” as “mine” areas. Figure 1 below shows that this distinction enables us to reliably differentiate
between mining and non-mining areas.
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Table 1
Research Framework
Measure Mine Output Nighttime Lights Mine Site
Lithium . VIIRS Nighttime
Dataset Asset GlobaliMmmg Day/Night Band Dynamic World V1
) Intelligence . .
Service Composites Version 1
Provider CRU Group S&P Capital IQ Earth Observation Group Google an?ﬂ‘:iﬁﬂi Resources
. Quarterly Annual Monthly Quarterly Annual
Time Frame 5518 5023 2017-2023 2017-2023 2017-2023  2017-2023

Denoising

Mode
Composite

Total Pixel
Count

Mine Area
Classification

Error Check

Value

0.8 <avg rad <235.13

Generating a composite image by
calculating the most frequent land
cover type (mode) for each pixel

Count pixels per land cover type
per mode composite

Sum pixel counts of landcover
types:
Brine-based (built, water, snow
and ice)
Mineral-based (built, water, bare)

Cloud-free coverages Total Pixel Count per Mode
(cf cvg) > 0 Composite constant
Output Value TNL calculation Mine-classified-pixel count per
mode composite
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Figure 1
Example lllustration of Mine Monitoring
Sentinel-2 Dynamic World NTL
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Sources: Dynamic World imagery provided by Google and the World Resources Institute. VIIRS NTL data provided by the Earth
Observation Group. All images created by the authors using the Google Earth Engine.
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For NTL data, we use the VIIRS Nighttime Day/Night Band Composites Version 1 dataset (Elvidge et al.,
2013) because of its high spatial resolution compared to other NTL datasets. We apply the total nighttime
lights concept introduced by Shi et al. (2014) to calculate the amount of light emitted around a mine site.
The lithium production data is derived from two sources: S&P Capital IQ’s Global Mining Intelligence Tool,
which provides annual lithium production data from 2017 to 2023; and the CRU Group’s Lithium Asset
Service, which provides quarterly data for selected mines from 2018 to 2023. Both sources report
production volumes in tons of lithium carbonate equivalent (LCE) per mine. Because only a small number
of mines are responsible for the majority of worldwide lithium production (U.S. Geological Survey, 2024),
our study is able to cover over three-quarters of global lithium production, according to EIKON data.

We apply an exploratory correlation analysis to evaluate the effectiveness of satellite-based remote
sensing and run a mine-fixed-effects Granger causality analysis to investigate the predictive value of
satellite data for lithium mine output (Juodis et al.,, 2021). Granger causality refers to a statistical
relationship in which past values of one variable predict future values of another variable, without
assuming an actual causal relationship. Unlike traditional causality, this concept is based solely on
temporal predictive power and not on an underlying mechanism of action (Juodis et al., 2021). Juodis et
al. (2021) developed a test for Granger causality especially for panel data, which requires a strongly
balanced panel. As a result, we cannot consider some mines that have shorter time dimensions, because
their inclusion would significantly reduce our sample. In total, we analyze nine mines over five years and
four mines over 14 quarters in our annual and quarterly Granger causality analysis.? To ensure stationarity,
which is another prerequisite for a Granger causality analysis, we use the log growth rate of lithium output,
NTL, and mine size when conducting our statistical analysis.

Results

Table 2 on the next page shows the correlation analysis of mine sizes and lithium production volumes. The
results of the quarterly analyses fluctuate greatly depending on the mine site. We observe higher
correlations in our annual data (0.55) than in our quarterly data (0.37). Table 2 also shows a strong positive
correlation between NTL and lithium mine production volumes, both for the quarterly and annual data.
For example, we measure a correlation of 0.95 for the mineral-based Wodgina mine in Australia and a 0.88
correlation for the brine-based Salar de Atacama SQM mine in Chile. Averaged across mines, we find a
correlation of 0.65 for both the quarterly and yearly data. The mines Mt Cattlin and Chaerhan Lake
represent our most significant outliers, with correlations of 0.1 and -0.12, respectively. For mine size and
NTL, we find no pattern in the strength of the correlation depending on the lithium extraction method.

In Table 3 below, we test for Granger causality between the one-period lagged log mine size or log NTL and
log lithium production volume. We find that nightly mine activity measured by NTL predicts lithium mine
production in the following period. This finding holds for yearly and quarterly estimates and is significant
at the 1% level. While the spatial extent of mines strongly correlates with production volumes as measured
by LULC, we cannot establish Granger causality for the spatial extent of mines and lithium output.
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However, using LULC, we can measure production stops and resulting declines in production volumes.
Figure 2 on the next page shows the analysis of satellite imagery of the Wodgina mine in Australia, where
production was halted in 2020 and 2021 (Sharma, 2021). Using our measure of spatial extent, we observe
an increase in shrub/scrub land cover pixels, indicating unused mine area. In line with our hypothesis,
mine size data is less sensitive to immediate changes in production, reflecting longer-term trends in
production capacity compared to short-term operational activities in mines, which the NTL data captures.

Table 2
Correlation Analysis Between Mine Size/Nighttime Lights and Lithium Production Volume
Mine Size Nighttime Lights

Mine Site Country Quarterly Annual Quarterly Annual
Greenbushes Australia
Salar de Atacama SQM Chile
Pilgangoora Australia
Wodgina Australia
Mount Marion Australia 0.65
Salar de Atacama Albemarle Chile -
Chaerhan Lake China 0.40 -0.12
Bikita Zimbabwe
Salar del Hombre Muerto Argentina - -
Mt Cattlin Australia 0.08 0.19 0.10 0.26
Salar de Olaroz Argentina | 0.59
Mibra Brazil

Note: Gaps in the data are due to unavailability of quarterly production data. Correlation strengths are visually represented
using a gradient color scheme: dark green indicates very strong correlations, light green signifies strong correlations, and ochre
denotes weak or negative correlations.

Discussion and Implications

While we find significant predictive value in remote sensing data for lithium mine production in the overall
sample, some brine- and mineral-based mines do not seem to be well suited for our method. For example,
the Chaerhan Lake mine in China shows correlation coefficients between -0.12 and 0.4. These outliers
could reflect a flawed method or inaccurate production data. As the third-largest lithium producer
globally, China plays a crucial role in the lithium market (U.S. Geological Survey, 2024). However, data on
China’s domestic lithium production is limited, and political and strategic motives on the part of the
government could influence its reporting (Clark et al., 2020).
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Table 3
Granger Causality
Growth Rates

Forecasting Lithium Mine Output Using Satellite Data

Tests Between log Mine Size/log Nighttime Lights Growth Rates and log Lithium Production

DV: log Lithium Production Growth Rates
Quarterly Annual
Log Nighttime Lights; 0.445%* 0.527%***
(0.169) (0.106)
Log Mine Sizey., -0.358 0.438
(0.219) (0.266)
HPJ Wald test 6.919%** 2.672 24.561%*** 2.711

Note: This table shows the Granger causality of log Nighttime Lights growth rates (NTL) and log Mine Size growth rates
(measured by the number of pixels classified as mine) on log lithium production growth rates in the following quarter or year.

Standard error for the coefficient are reported in brackets. * p <.1; ** p <.05; *** p <.01.

Figure 2
Land Cover Classification, Wodgina Mine Site

100

80

Percent
)}
o

1

40 -

20

0__—

e B e  meees s

2017 2018 2019 2020 2021 2022 2023
B shrub and Scrub Bare Snow and Ice
Flooded Vegetation Grass B water
BN crops I cuit N Trees

bayes-cid.com | Winter 2025 | Commodity Insights Digest

S[Clig

53



Forecasting Lithium Mine Output Using Satellite Data

The production data also suggests that some data providers such as EIKON presumably generate quarterly
production data by simply dividing annual data by four. It is reasonable to assume that our method
provides a more reliable, faster, and more cost-effective measurement of lithium mine production.

Investigating the effect of NTL on lithium output, we find strong evidence of an immediate effect of NTL
on lithium output, which disappears in the long run. In models where we investigate mine size, we find
no immediate effect of mine size on lithium output, which results from the fact that additional land use
usually requires cleaning up the surface (mineral-based mines) and establishing basins (brine-based
mines). This rationale is also reflected in our data, which provides evidence that only the three-period
lagged changes in mine size lead to changes in lithium production volume.

While we rely on freely accessible satellite imagery, making our approach replicable and cost-efficient,
future research should investigate whether commercial satellite data offering higher temporal and spatial
resolution could yield better and more consistent results. Fittingly, the CEO of Planet Labs mentioned in
the company’s Q3 2022 earning calls that the new space satellite company monitors the output of various
mines, albeit without disclosing information about the exact method.

Our framework is potentially applicable to all open pit mines beyond lithium at any remote site with low
light pollution. And although we could not establish a link between lithium supply and the price of
lithium—which is most likely due to the high volatility of lithium prices in the years 2021 to 2023 —satellite
images could contain price-relevant information for metals whose prices are much more supply- and
demand-driven in the short term, similar to the findings of Mukherjee et al. (2021) for the oil market.

Conclusion

This study demonstrates the applicability of satellite-sensed data for monitoring lithium mine output. The
results show that NTL emissions Granger-cause quarterly and annual lithium production volumes. We also
find that the spatial extent of mines strongly correlates with production volumes. These results have far-
reaching implications for the efficiency and accuracy of lithium mine monitoring. Near-real-time satellite
data provides a faster, cost-effective alternative to traditional reports by governmental and commercial
entities and can potentially be applied to other mining projects beyond lithium. Future studies using high-
resolution commercial satellite data with shorter revisit times could lead to even more accurate production
estimates.

Endnotes

This article was originally published as Hornuf, L., Klerner, J., Schweizer, D. and D. Vrankar, 2025, “Forecasting Lithium Mine
Output Using Satellite Data,” Finance Research Letters and is available at https://doi.org/10.1016/j.frl.2025.107433. We have
decided to reprint it in the Commodity Insights Digest because it is primarily aimed at a practitioner audience.

1 We excluded two mines that had one year of missing data, which would have led to an unbalanced panel. We also ran a
robustness check in which we imputed the missing values for the two mines with the respective average, minimum, or maximum
production rate of the excluded mines. The findings remain consistent with those of the sample excluding the two mines.
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University. From 2016 to 2021, he was an affiliated research fellow at the Max Planck Institute for Innovation and Competition.
In 2017, Lars Hornuf became a full professor of business administration, specializing in the areas of financial services and
financial technology at the University of Bremen, and recently a fellow of the CESifo research network. Since spring 2023 he
has been a full professor of business administration specializing in financial services and financial technology at Dresden
University of Technology. He has worked on numerous projects related to financial technology, financial regulation, and data
privacy. His research interests also include empirical and behavioral finance as well as space economics. Media including The
Economist and Foreign Policy have reported on his research findings.
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Johannes Klerner holds a diploma in Industrial Engineering and Management from Dresden University of Technology, with
specializations in Finance and Aerospace Engineering. He completed a study abroad program at Audencia Business School,
where he majored in Management Consulting. His practical experience spans venture capital and the startup ecosystem, with
a particular focus on B2B marketplaces.

DENIS SCHWEIZER, Ph.D.
Concordia University, Canada

Dr. Denis Schweizer studied business administration at Johann Wolfgang Goethe University in Frankfurt/Main and earned his
doctorate in 2008 at the European Business School (EBS) in Oestrich-Winkel with a thesis on alternative investments. During
his doctoral studies, he worked as a research assistant at the PFI Private Finance Institute and the EBS Finance Academy, where
he also gained experience in executive education. He holds the designations of Financial Risk Manager (FRM) and Certified
Financial Planner (CFP). In 2008, he was appointed Assistant Professor of Alternative Investments at WHU — Otto Beisheim
School of Management and was a visiting scholar at New York University. In 2014, he joined the John Molson School of Business
at Concordia University as Associate Professor and has held the rank of Full Professor since 2020. At Concordia, he serves as
Director of the Desjardins Centre for Innovation in Business Finance and Scientific Director of the Climate Business Institute.
From 2016 to 2019, he led the Van Berkom Small-Cap Investment Management Program, which significantly outperformed its
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Forecasting Lithium Mine Output Using Satellite Data
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Daniel Vrankar is a Ph.D. student at the Chair of Business Administration, with a focus on Finance and Financial Technology at
Dresden University of Technology. His research is focused on the economic and societal implications of the space industry and
the use of satellite data in finance. He published Articles in Information and Organization, Business & Information Systems
Engineering, Finance Research Letters, Information & Organization, npj Microgravity, and Review of Quantitative Finance and
Accounting.
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