
Global Environmental Change 87 (2024) 102857

Available online 8 June 2024
0959-3780/© 2024 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-
nc-nd/4.0/).

Greening to shield: The impacts of extreme rainfall on economic activity in 
Latin American cities 

Rafael Van der Borght *, Montserrat Pallares-Barbera 
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A B S T R A C T   

Latin American cities are increasingly impacted by floods and this trend is likely to be further exacerbated under the 
combined effects of climate change and urbanisation. To reduce urban flood risk, green infrastructure and the 
ability to preserve and rehabilitate green spaces is often mentioned as an option to improve the hydraulic response of 
cities. Yet, little empirical evidence exists about the degree to which a greener city land cover can reduce the impacts 
of extreme rainfall on urban economic activity. Using earth observations from 630 cities across Latin America, this 
paper shows that extreme rainfall has a negative impact on urban economic activity, as proxied by cities’ night 
lights. Importantly, it finds that this negative impact diminishes as city’s land cover becomes greener: for cities 
where dense vegetation represents more than 20 % of total city area, the marginal impact of extreme rainfall is 
broadly halved vis-a-vis cities below this threshold. A counterfactual analysis for the year 2015 suggests that 
increasing the greenness of 25 % of the cities in our sample could have reduced losses by US$ 6,500 million 
-equivalent to a 19 % reduction of total estimated losses. These results evidence the benefits that a greener city land 
cover that makes room for green infrastructure can provide to adapt to more erratic rainfall patterns.   

1. Introduction 

In Latin America, both the frequency and damage associated with 
floods have been on an upward trend. While, on average, four floods per 
year were reported during the 1960s, this number has been steeply 
rising, reaching 13.8 floods per year during the 2010s and more than 22 
per year during the first years of the 2020s (CRED, 2015, Fig. 1). Re-
ported flood damages have multiplied almost seven-fold, to reach an 
average of US$ 1,726 million per year during the 2010s (US$ 2022, 
adjusted). Although these trends have mainly been driven by a steady 
expansion of population and assets into flood-prone areas (Jongman 
et al., 2012), local flood impacts display considerable variations across 
locations. Flood risk is in fact the product of a complex set of interactions 
between hazards (extreme rainfall), exposure (the presence of assets and 
persons in flood prone areas), and vulnerability (flood protection 
infrastructure, soil infiltration capacity − among other factors that in-
fluence the capacity to deal with extreme rainfall) (UNDRR, 2017). 

In most cities of the region, this rising exposure to flooding has 
combined with a dramatic expansion of impervious soil surfaces, 
magnifying the impacts of extreme rainfall events. Hydrological 

literature has extensively evidenced that the expansion of impervious 
surfaces alters the rainfall-runoff process (Yao et al., 2016, Jacobson, 
2011, Mejía and Moglen, 2010, Arnold and Gibbons, 1996, among 
others). In short, impervious soil interferes with the natural process of 
water infiltration and increases both the velocity and volume of surface 
run off, exacerbating the magnitude of urban flooding when adequate 
drainage systems are not in place. Looking forward, urbanisation is 
anticipated to continue across central and south America, which could 
deepen this soil-sealing process and increase the extent of urban areas 
exposed to flood in the region by a factor 3.2 by 2030 (Güneralp et al., 
2015). 

Simultaneously, the hydrological cycle is expected to continue inten-
sifying as the climate warms, resulting in more frequent extreme precipi-
tation events, particularly in wet regions (Tabari, 2020). Projections from 
33 models included under the CMIP-6, converge on the conclusions that 
maximum 5-day precipitation will increase for all Latin American sub-
regions except South-Western America (IPCC, 2023).1 Under the combined 
effects of urbanisation and climate trends, flood impacts are likely to be 
further aggravated, in particular in urban centers and their surrounding 
areas (Dottori et al., 2018; Steinhausen et al., 2022). 
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1 The magnitude of this increase is heterogeneous across regions: median estimates for the end of the century under high-warming scenarios (i.e. RCP 8.5) suggest 
an increase that could reach 23.8% for the South-East America region or only 4.8% for South Central America. 
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In order to confront these growing risks, green infrastructures (GI) for 
flood protection have received increasing attention.2 Traditional urban 
flood control infrastructure, such as dykes, drainage networks or chan-
nels, can efficiently drain storm water out of the city. However, they 
entail important upfront capital costs and are complex to maintain in 
urban contexts characterised by poor solid waste management capacities 
(Lamond et al., 2012). They also display a finite water transport capacity, 
requiring costly upgrades in case of fast-paced urban growth and changes 
to precipitation patterns, to avoid quick saturation in the case of storm 
events (Schmitt et al., 2004). GI, on their hand, constitute a set of alter-
native interventions that seek to bring hydrological responses closer to 
pre-urbanised conditions by enhancing water infiltration capacity. GI 
which addresses pluvial flooding typically includes rain gardens, infil-
tration trenches, bio-swales or permeable pavements, which are capable 
of significantly reducing and postponing peak runoff, thus limiting the 
downstream flooded area for a given extreme rainfall event (Schubert 
et al., 2017). Likewise, interventions to reduce the impact of fluvial 
flooding can range from localized streambed re-naturalisation to more 
ambitious re-meandering and restoring upstream floodplains or wet-
lands. Interventions to address fluvial flood risk usually imply important 
coordination works but deliver high flood protection benefits (Gour-
evitch et al., 2020). Importantly, all GI deliver additional co-benefits by 
providing multiple ecosystems services ranging from aesthetic value and 
recreational opportunities to biodiversity conservation, temperature 
regulation and carbon sequestration (Brink et al., 2016). 

Despite this growing interest, properly quantifying the value of GI 
remains a challenging task notably because little is known about the 
benefits of GI in terms of protecting assets and reducing economic 
disruption triggered by extreme rainfall events. Bhattacharjee and 
Behera (2018) have for example provided evidence of a negative asso-
ciation between forest cover and flood impacts in terms of death and 
population affected in India but have not examined the economic effects 
of forest cover in case of flood. In the specific context of urban areas, 
hydrological modelling analysis indicates that GI deliver non-linear ef-
fects, with a highly heterogeneous relationship between imperviousness 
changes and rainfall-runoff alterations (Anni et al., 2020, Yang et al., 
2015, Yao et al., 2016, Schubert et al., 2017). GI also display saturation 
effects once the infiltration capacity of the existing GI is exceeded 
(Ellison et al., 2017). Besides, detailed flood risk simulations for 
Shanghai have highlighted that GI can play a critical role, although on 
their own, they cannot maintain future flood risk at a low level (Du et al., 
2020). More generally, flood risk reduction measures, including GI 
schemes, are rarely monitored and available assessments have pre-
dominately focused on high-income countries (Poussin et al., 2015). 

As a result, for most intermediate and small cities in Latin America, 

there is very little empirical evidence that determines the extent to 
which GI can reduce the effects of extreme rainfall on urban economic 
activity. Yet, GI could be particularly attractive to Latin American cities, 
which often display insufficient traditional flood control infrastructure 
and face complex maintenance challenges. The prospects of rising urban 
flood risk throughout the region only reinforce the urgent need to 
quantify the potential benefits associated with these interventions. This 
knowledge gap also contrasts with the mounting evidence that indicates 
that GI help reducing local temperature and the adverse impacts asso-
ciated with Urban Heat Island effects (Iungman et al., 2023). 

To fill this knowledge gap, this study leverages the rapidly growing 
literature that uses night-time light (NTL) satellite imagery to evaluate 
the impacts of extreme rainfall or other disasters on local economic 
activity (del Valle et al., 2020, Kocornik-Mina et al., 2020, Mohan and 
Strobl, 2017, among others). Since the work of Chen and Nordhaus 
(2011), night-time lights have been increasingly used as a proxy for 
economic activity. This source of data has proven particularly useful 
when studying the variations of local economic activity in urban areas 
(Gibson et al., 2021). Cities affected by extreme rainfall may experience 
power outages, damage to streetlights infrastructure or even evacuation 
that lead to reduced or altered city night-light patterns. These changes in 
light intensity and distribution provide quantitative insights into the 
severity and duration of extreme rainfall impacts that can be used to 
proxy variations in local economic activity. Inspired by this literature, 
this paper estimates (i) whether and to what extent extreme rainfall 
impact city NTLs and (ii) how a greener land cover in a city can change 
this relationship. Intuitively, because greener land cover can facilitate 
rainfall absorption, it is expected that cities with a higher proportion of 
green areas will suffer less economic impacts than those where land 
cover is almost exclusively made of impervious surfaces. 

To empirically test this hypothesis, an internationally harmonised 
definition of cities is employed to delineate 630 cities across seven Latin 
American countries (i.e. Argentina, Brazil, Colombia, Chile, Ecuador, 
Mexico and Peru). Earth observations are then leveraged over the period 
2013–2021, to gather key information on (i) rainfall patterns, (ii) urban 
economic activity, proxied through monthly night-time lights and (iii) 
impervious land cover features using NDVI composites. Eventually, 
fixed effect econometrics are used to assess the causal relationship be-
tween extreme rainfall and NTL and examine how the greenness of city 
land cover can act as a mediating factor. 

Our results fall into three broad categories. This paper first contrib-
utes to the climate economy literature by documenting how extreme 
rainfall triggers negative and significant impacts on NTL at the city level, 
with the mean extreme rainfall event estimated to reduce NTL/cap by 
17.9 %. Second, findings reveal that this negative impact diminishes as 
city land cover becomes greener; for cities where dense vegetation 
represents more than 20 % of total city area, the marginal impact of 
extreme rainfall is broadly halved vis-a-vis cities below this threshold. 
Eventually, the most important contribution of this paper relies upon the 

Fig. 1. Flood frequency and damage in Latin America: 1965–2022 (5 year moving average).  

2 Green infrastructures go beyond flood protection measures but, for the sake 
of conciseness in this investigation, it was decided to restrict it to flooding. 
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proposed valuation of the benefits that greener land cover could bring in 
terms of avoided losses. This valuation is conducted by simulating an 
increase of the greenness index in 25 % of the cities in our sample. 
Leveraging the correlation between NTL and GDP, avoided NTL losses 
under this simulated scenario are translated into monetary values. It is 
suggested that, in 2015 alone, losses could have been reduced by 
approximately US$ 6,500 million (2015 constant), which is roughly 
equivalent to a 19 % reduction of observed losses. 

The remainder of this paper is structured as follows: Section 2 details 
the methodology employed to assemble our panel. Section 3 presents the 
empirical framework used to assess the relationship between extreme 
rainfall and NTL and explore the heterogeneity of impacts associated 
with different levels of greenness. Section 4 documents the results of this 
assessment and simulates the losses that could be avoided if selected 
cities increased the greenness of their land cover. The last section dis-
cusses these results and concludes. 

2. Methods and materials 

In this paper, cities are defined in a systematic way across the seven 
countries of interest, using the degree of urbanisation concept (Dijkstra 
et al., 2020). According to this methodology, urban centres are popula-
tion clusters that meet two criteria: a minimum density of 1,500 people 
per km2 and a total population of at least 50,000 inhabitants. To ensure 
replicability, this analysis used the extents of urban centres provided by 
the Urban Centre Database (UCDB available here; see Florczyk et al., 
2019 for a full description). This population-based approach is more 
likely to depict the socio-economic reality and spatial extent of the urban 
system than administrative boundaries (Van der Borght and Pallares- 
Barbera, 2023). The final sample we used in this investigation included 
630 cities, ranging from small urban areas (50,000 people, as per the 
definition of the degree of urbanisation) to giant megalopolises (almost 
20 million people for Mexico City or Sao Paulo, see Map 1 in Appendix 
A).3 Importantly, it covered the spectrum of small and intermediate cities 
that make up the bulk of the urban system, providing a comprehensive 
view of human settlements: half of the cities in our sample had a popu-
lation below 107,000 in 2015 and only 37 cities had a population of over a 
million. Taking advantage of the spatial nature of this city database, we 
then overlaid this ‘city layer’ with earth observations, to gather the three 
main variables of interest at the city level, namely: rainfall, night-time 
lights (NTL) and greenness of the land cover.4 

2.1. Precipitation and extreme rainfall events 

Precipitation data was extracted from the CHIRPS pentad product 
(Funk et al., 2015) at a spatial resolution of 0.05◦. City-level precipita-
tion was computed based on a zonal sum of the CHIRPS pixels inter-
secting with city extents. Following standard climatological practices, 
which use a minimum of 30 years to define ‘climate normal’, the 5-days 
precipitation data was aggregated on a monthly basis over the period 
1991–2021 (WMO, 2023). To be able to accurately capture extreme 
rainfall events across different climatological areas, we normalised 
precipitation on a city-monthly basis using the traditional Z-score for-
mula described in Eq. (1). 

Zm,j =
Xm,j − Xm,j

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
M
∑

M
(
Xm,j − Xm,j

)2
√ (1)  

Extreme rainfallm,j =

{
Zm,j, if Z > 2 and Xm,j > 30
0, otherwise (2) 

Xm,j is the monthly precipitation in month m in city j and Zm,j is the Z- 
score of this precipitation relative to its mean and standard deviation 
over the period 1991–2021. By normalising precipitation data, we ob-
tained a measure that is comparable across geographies. Our extreme 
rainfall index was then computed following a double condition: first, the 
Z-score should be above 2 (i.e. monthly precipitation is two standard 
deviations above the mean precipitation); second, absolute monthly 
precipitation must exceed 30 mm, to ensure that only extreme rainfall 
events occurring during a rainy month are retained (Eq. (2)). This 
double condition allowed us to focus on months where soil infiltration 
capacity was more likely to be saturated and where extreme rainfall was, 
therefore, more likely to trigger damaging floods. With this definition, 
extreme rainfall events constituted less than 3 % of total precipitation 
observations over the period, which is consistent with WMO recom-
mendations, which considers extreme rainfall events to be those events 
whose “occurrence tends to take the form of the upper 90th, 95th and 99th 
percentile of precipitation” (WMO, 2023). To test the robustness of our 
approach, two alternative precipitation indexes were used: the first was 
based on the full range of precipitation Z-score values; the second was 
based exclusively on a positive Z-score and accounted for a month where 
a city experiences precipitation above its mean value. 

We repeated the same process for temperature data, which is 
potentially correlated with precipitation.5 Temperature data was 
extracted from the ERA-5-Land product provided by the Copernicus 
Climate Change Service (C3S) at a 0.1◦ resolution. The value of pixels 
intersecting with city extents was extracted and averaged by area before 
being normalised using the same Z-score formula as for precipitation. 
Temperature deviations were used as a control variable, exclusively, and 
we refrained from a causal interpretation, as the conceptual relationship 
between temperature anomalies and night-time light remains unclear. 

It is important to underscore that this paper deliberately rejected the 
use of data on flood-related impacts as an explanatory variable because of 
endogeneity concerns. Data on flood impacts may correlate with devel-
opment levels and, therefore, with city-level NTLs (i.e. our dependant 
variable). Indeed, data on the impact of flooding is, by essence, an 
endogenous variable: damage caused by urban flooding are functions of 
the vulnerability levels of the affected area which, in turn, depend on the 
level of economic development of those areas (see Felbermayr et al. 
(2022) for a more detailed discussion). To address this reverse causation 
issue, we propose the three above-mentioned precipitation indexes, 
which have the advantage of being exogenous to economic development 
and are preferred in our identification strategy. However, precipitation 
indexes are not intended to be a perfect predictor of flooding. In fact, in 
urban contexts, at a fine spatiotemporal resolution, extreme precipitation 
events and floods are unlikely to occur at the exact same location and at 
the same moment.6 In this investigation, we intentionally worked at a 
relatively low spatiotemporal resolution, to minimise the potential 
mismatch between extreme rainfall events and floods (i.e. city-monthly 
level as opposed to pixel/daily level). 

3 To avoid measurement errors, we focused on cities with over 50,000 in-
habitants in 2015 and manually removed the following observations: 2 poten-
tially false positive urban centers, 11 cities with missing temperature data and 
22 cities with, on average, less than 3 days of cloud-free observations per 
month.  

4 The overlay and zonal operations described hereafter were performed 
through the Goggle Earth Engine (GEE). 

5 The Clausius-Clapeyron relation suggest that, for every 1◦C of increased air 
temperature, the water-holding capacity of the atmosphere rises by about 7%. 
More moisture is therefore available in a warmer atmosphere than in a colder 
one, creating heavier rainfall when precipitation forms. As temperature and 
precipitation can both affect economic activity, the exclusion of temperatures 
could bias our estimates.  

6 The location and spatial extent of flooded areas are influenced by local 
factors such as topography, soil infiltration capacity and drainage systems ca-
pacity, among others. These factors channel water runoff away from the loca-
tion where the rainfall has occurred, generating a ‘spatial lag’ between the 
location of extreme rainfall and flooded areas. Likewise, flooding only mate-
rialises after a significant amount of rainfall, generating a ‘temporal lag’ be-
tween peak precipitation moment and flooding. 
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2.2. Nighttime lights and urban economic activity 

The literature using nighttime lights to proxy economic activity in 
small geographic areas has relied on two major datasets. The Defense 
Meteorological Satellite Program (DMSP) satellites, with a spatial res-
olution of approximately 1 km and an annual coverage over the period 
1992–2013, have been extensively used to assess the impacts of large- 
scale natural disasters (Klomp, 2016), weather anomalies (Felbermayr 
et al., 2022) or to quantify the impacts of extreme precipitation and 
floods (del Valle et al., 2020, Kocornik-Mina et al., 2020). More recently, 
the release of the Visible Infrared Imaging Radiometer Suite (VIIRS) 
instrument has provided a newer source of NTL data with a finer spatial 
resolution (approximately 450 m at the equator) and a monthly 
coverage from April 2012 to the present (contemporaneous observations 
are generally issued with a 4-month lag; see Elvidge et al. (2017) for a 
description of VIIRS). This dataset has also been used to (i) proxy local 
economic activity (Chen and Nordhaus, 2015, Zhao et al., 2017) or (ii) 
detect damages and power outages in the aftermath of flood events 
(Zhao et al., 2018, Levin and Phinn, 2022) and hurricanes strikes 

(Mohan and Strobl, 2017). 
As evidenced by Gibson et al. (2021), the VIIRS dataset is more 

suitable than the DMSP one to proxy economic activity at city-level. This 
is primarily due to the top-coding feature of the DMSP, which un-
derstates the intensity of lights in brightly lit city centers.7 Additionally, 
the monthly frequency of this NTL data source is crucial for capturing 
relatively short-term disruptions, such as those triggered by urban 
floods, which could be ‘averaged out’ when using annual observations 
provided by the DMSP product. 

Given the above, this study uses the VIIRS NTL dataset to proxy 
economic activity at the city-level. Specifically, we refer to urban eco-
nomic activity as the zonal summation of NTL pixels located within city 

Map 1. Visual comparison of two cities displaying differentiated greenness indexes. Note: The left panel maps the extent of each city according to the UCDB. The 
right panel zoom-in on the centre of each map to provide an illustration of vegetation cover. The red squares represent a 30 m pixel. 
Source: Google Maps 

7 The DMSP measures NTL intensity using a Digital Number ranging from 0 to 
63. While city centers pixels typically register the maximum value of 63, other 
regions like suburbs or smaller towns also saturate DMSP sensors, resulting in 
the same number and lessening distinctions in light intensity among areas. 
VIIRS sensors offer a broader range and do not show saturation problems. 
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extents. Following Elvidge et al. (2017), we cleaned the dataset from 
very low cloud-free coverage observations, by removing 22 cities that, 
on average, had less than 3 days of cloud-free observations per month, 
over the period considered. To address the airglow issue noted by Uprety 
et al. (2017), we manually set negative NTL values to ‘0′, which repre-
sented 0.1 % of total observations.8 We then restricted our sample to 
cities that have experienced at least one extreme rainfall event during 
the period 2013–2021. The final panel comprised 630 cities observed 
over 108 months (i.e. 9 full years). 

Intuitively, one would expect city-level NTLs to experience a 
reduction in the aftermath of an extreme precipitation event. It is 
important to underscore that this reduction in NTL values can be asso-
ciated with power outages and/or damages and direct destruction of city 
light infrastructure, which represent two very different economic im-
pacts in nature: one denotes a destruction of physical and productive 
assets, and the other is associated with disruption and losses linked to 
interrupted activities or foregone revenues. Although it is impossible to 
distinguish between these two effects with NTL data, capturing both 
effects is fully relevant to provide a comprehensive view of the impacts 
of extreme rainfall on urban economic activity. 

A quick visual examination of different cities experiencing extreme 
precipitation events, and for which a flood had been reported, seems to 
confirm the expected pattern (Fig. 2). According to Brakenridge (2023), 
the city of Governador Valadares (in Brazil) experienced flooding from 
23rd December 2013 to the first weeks of January 2014, and displayed a 
significant reduction of NTL/capita in the following months. In the case of 
Santiago (in Chile), the flood reported from the 15th to the 18th April 2016 
seemed to have exacerbated a drop in NTLs that started before the flood. 
Interestingly, for Santiago, two other extreme precipitation events were 
detected during the two-year period of this visual analysis and seem to have 
also been accompanied by a drop of NTLs. Overall, for both cities, NTL/ 
capita reached their lowest level over a two-year period in the aftermath of 
the reported flood. Although the high volatility of NTL/capita makes it 
difficult to isolate the effects of extreme precipitation from other varia-
tions, this visual examination constitutes suggestive evidence that extreme 
precipitation could result in a deviation of NTL/cap from baseline trends. 

The statistical analysis in the next sections robustly assesses whether 
NTLs deviate from their trend in the case of an extreme rainfall event 
and properly quantify this effect by isolating it from other factors. One 
important concern is however linked to the reduction of cloud-free ob-
servations during the months where an extreme precipitation event is 
detected. With a Pearson’s coefficient estimated at 0.32, the correlation 
between the number of cloud-free observations and NTL values warrants 
a cautious approach (see Appendix C). The observed reduction in NTL 
values during months of high cloud-coverage could confound the esti-
mation of extreme rainfall impacts, as NTL reduction presumably linked 
to damage or power outages could, in fact, be driven by higher cloud- 
coverage. While we cannot fully isolate variations in NTL values due 
to higher cloud-coverage from factors linked to power outages and 
damage to infrastructure, we argue that if the monthly variation linked 
to cloud-coverage commonly impacts all cities within a given area, it can 
be at least partially captured by a country-monthly fixed effect (see 
Appendix C for more details). 

2.3. City land cover and greenness index 

The number of satellite-derived land cover products has been rapidly 
growing during the last decade, although these products differ signifi-

cantly, in terms of spatiotemporal resolution and scale. Of the existing 
products, Landsat imagery has proved to be the one of the best data 
sources, accurately capturing land cover features at a global level (Sun 
et al., 2022). Consequently, to proxy vegetation cover this study lever-
ages annual NDVI composites from the Landsat 8 Collection 1 Tier 1 
orthorectified scenes, using the computed top-of-atmosphere (TOA) 
reflectance. NDVI pixels have a 30-meter resolution and, following usual 
practice in land cover analysis, we consider that pixels with a value 
above 0.5 are associated with dense vegetation, such as trees, urban 
gardens or parks or even urban forests. We therefore computed the 
annual share of pixels with a value above 0.5 for each city in our sample 
over the period 2013–2021. To mitigate inter-annual variability, we use 
the mean value of this annual share over the period and express our 
greenness index through the ratio of dense vegetation areas within the 
city relative to the total city area, as shown in Eq. (3) below. 

Greenness indexj =
Dense vegetation areas(NDVI > 0.5)j

Total city areaj
(3) 

We conducted a quick visual comparison of different cities through 
Google maps satellite imagery (i.e. a different data source than the one 
used to compute NDVIs). Map 1 shows the cities of Poza Rica, Mexico 
and Santiago del Estero, Argentina, which display a greenness index of 
27.8 and 6.5, respectively. Randomly zooming within city borders 
confirmed a more prominent presence of dense vegetation in Poza Rica, 
which is consistent with a higher value of the greenness index. To test 
the sensitivity of our results to different greenness measurement, we 
computed a more restrictive greenness index based on the share of NDVI 
pixels above 0.6 and used an alternative source of data to derive the 
greenness index (see Appendix D). 

3. Calculation 

The empirical analysis undertaken in this paper comprised a twofold 
approach. First, the relationship between extreme rainfall and NTL at 
the city level was investigated; then the heterogeneity of effects asso-
ciated with extreme rainfall was explored by interacting the extreme 
rainfall index with the greenness index. 

The empirical framework proposed in this paper directly drew from 
the approach proposed in the recent climate-economy literature (Dell 
et al., 2014). The assumption underpinning our identification strategy is 
that extreme rainfall events are exogenous and conditional on city and 
country-month fixed effects. Consequently, our benchmark model takes 
the following form: 

lnYi,c,m = α + β1(Xtrmi,c,m) + β2(Tmpi,c,m)+ωi + θcm + εi,c,m (4) 

lnYi,c,m represents the log-transformed value of NTL per-capita of city 
i in country c and month m.9 Xtrmi,c,m is the extreme rainfall index, as 
described in the previous section, Tmpi,c,m is a vector of monthly tem-
perature z-scores, ωi are city-fixed effects and θcm are month-by-country 
fixed effects (i.e. monthly fixed-effects interacted with country 
dummies). The exclusion of temperature variables could imply a po-
tential mis-specification bias although, in our setting, this variable is to 
be viewed as a control variable. εi,c,m is the robust error term, clustered 
by city. 

With this model, we analysed whether city-specific NTL deviations 
are related to city-specific deviations from precipitation trends, after 
accounting for unobserved time-invariant heterogeneity, as well as 
monthly shocks, common to all cities in the country of interest. 

8 The underlying processes for constructing VIIRS NTL cleans the raw data 
captured by the satellite to remove noise and direct light from the moon or sun. 
This process is automated and follows a methodology where an amount is 
deducted from the raw value of the lights. This process is sometimes affected by 
airglow and deducts an amount exceeding the value of captured light, resulting 
in negative NTL values. 

9 City NTL per-capita were estimated using the 2015 city population esti-
mates provided in the UCDB. We added 0.001 to all city NTL values before log- 
transforming them, to avoid removing observations where monthly NTL values 
were 0. We tested and rejected the null hypothesis of the presence of a unit root 
in our dependent variable. 
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Contextual effects that are, for example, associated with topography, 
elevation or culture are soaked up by city fixed effects, while changes in 
satellite imagery quality or international prices variations are subsumed 
into the monthly-country fixed effects.10 This framework is well-suited 
to isolate the causal effect of extreme rainfall on NTLs. 

The second step of our analysis investigates the effects of greener 
urban land cover by testing whether the impact of extreme rainfall on 
NTL decreases as the level of vegetation cover increases, everything else 
being equal. To ensure that these effects are not driven by an intrinsi-
cally higher vulnerability to extreme rainfall in cities where dense 
vegetation is inexistent, in this part of the analysis we removed cities 
that display no or very limited dense vegetation.11 Cities with less than 
5 % of their total area covered by high greenness pixels (i.e. approxi-
mately 20 % of our original sample) corresponding to urban centres with 
almost no trees nor dense vegetation are thus excluded of this analysis. 

Because the hydrological literature has emphasised that there may be 
a non-linear relationship between the amount of GI and the observed 
reduction in urban flood extent (Schubert et al., 2017, Yao et al., 2016, 
Yang et al., 2015), we replicated the framework proposed by del Valle 
et al. (2019) and explored the heterogeneity of extreme rainfall effects 
by estimating three different models. For each model, we discretized the 
city greenness index into various bins, corresponding to different 
quantiles. The first model used the median value of the greenness index 
to create two dummy variables for each equal-sized bin and interact 
these dummies with the extreme rainfall index. The variable resulting 
from this interaction was then inserted into our benchmark equation, as 
shown in Eq. (5). 

ln Yi,c, m = α + β1 (Xtrmi,c,m)+β2 (Xtrmi,c,m • Green indexi,c) + ωi + δmc

+ εi,c,m

(5) 

The marginal impact of extreme rainfall in each bin was obtained by 
summing β1 and β2. This procedure allowed the estimation of effects that 
vary in a non-linear fashion across bins, potentially capturing non- 
linearities in the impacts of extreme rainfall events across levels of 
greenness. We repeated this assessment discretizing the greenness index 
at the tercile and quarter values of the sample. 

When exploring the effects of the interactions between greenness 
index and extreme rainfall, we acknowledge that the greenness index 
could potentially be jointly determined with income per capita (proxied 
by NTL/cap) and precipitation patterns. To attenuate this issue, we used 
the average value of greenness over the period and ensured that city 
NTL/cap and greenness index did not change discontinuously at the 
threshold values selected, which could have potentially been driving the 
differentiated effects observed in each bin. As depicted in Fig. 3, there 
does not seem to be a clear relationship between greenness index and 
NTL/cap at the city level. With a Pearson coefficient of − 0.06, the 
correlation between log-values of NTL/cap and the greenness index re-
mains limited and is unlikely to explain the differentiated impacts of 
extreme rainfall events. We nonetheless refrained from claiming a causal 
interpretation of this effect. 

4. Results 

4.1. The effects of extreme rainfall on city-level NTL 

The main results of estimating equation (4) with the data detailed in 
section 2 are presented in Table 1. A major finding of this first step was 
the systematic negative relationship between extreme rainfall and NTL/ 
capita across Latin American cities. Column 1 shows the result of our 
benchmark specification and provides evidence that, on average, 
extreme rainfall has a negative and significant impact on city NTL/ 
capita. To ensure the robustness of this estimation, we considered 
alternative rainfall proxies and a variety of robustness checks. Column 2 
removes all other covariates and reveals similar impacts, corroborating 
the estimates obtained in column 1. Column 3 replaces the extreme 
rainfall index, with an index based exclusively on monthly precipitation 
above mean rainfall (i.e. Z score > 0) and finds consistently negative 
effects. Column 4 explores the presence of non-linearity in the rela-
tionship between NTL and precipitation, by replacing the extreme 
rainfall index by the full spectrum of precipitation values (normalised by 
the Z-score formula) along with its quadratic term but finds no evidence 
of it. Column 5 introduces precipitation Z score values in a linear fashion 
and confirms a negative relationship between rainfall deviations and 
city NTL/cap. 

Temperature deviations show a consistent non-linear U-shaped effect 
on NTL/cap: positive temperature deviations raise the NTL/cap at first, 
although this effect is progressively reduced and, beyond a tipping point, 
reversed. Based on column 1, the tipping point for temperature Z score is 
estimated to be at 2.28, which is close to the maximum value recorded 
over the period (i.e. 2.8) and well above the third quarter of our tem-
perature sample, indicating that negative temperature effects only pre-
vail for a handful of cases. 

Extensive robustness checks are presented in Appendix B. These 
indicate that these results are robust to the choice of fixed effects and 

Fig. 2. VIIRS Nightlights in Governador Valadares, Brazil (left) and Santiago, Chile (right) before and after extreme rainfall events. Note: the blue bar denotes the 
occurrence of an extreme rainfall event. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

10 To the extent that urban drainage systems have remained unchanged over 
the period of analysis, variations associated with this infrastructure are also 
soaked up by city fixed effects.  
11 This higher vulnerability could arise for example from the fact these cities 

are principally located in semi-arid areas with structurally lower soil infiltration 
rates. Removing cities that do not display abundant vegetation also ensures that 
the simulation conducted in the following section does not project an increase 
of the greenness index in cities that cannot accommodate dense vegetation 
because of strong water availability constraints. 
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different computation of standards errors. Likewise, including cities that 
did not experience extreme rainfall events, or dropping the largest 
country of the region, did not change the significance of the coefficients. 
We further controlled potential cloud-coverage variations through more 
restrictive thresholds for cloud-coverage quality and additional seasonal 
trend controls, without finding evidence that this alters our results. 

From a quantitative perspective, the results in column 1 indicate 
that, for Latin American cities, when an average extreme rainfall event 
occurs, the NTL/cap is reduced by 17.9 % (or − 0.179 log points). This is 
obtained by multiplying our coefficient of interest by the average value 
of the extreme rainfall index (i.e. 2.5). Importantly, since extreme 
rainfall events are, by definition, rare events, we provide a probabilistic 
view of our estimates to better reflect the nature of impacts. In order to 
do this, we computed an empirical cumulative distribution function of 
the maximum extreme rainfall index, recorded annually, during the 
period 1991–2021, in each of the 630 cities. This procedure allows us to 
estimate the values of extreme rainfall index at different percentiles of 
the distribution and, consequently, to infer the annual probability of 
having a city exceeding a given extreme rainfall index. As such, until the 
73rd percentile of the distribution, the value of the extreme rainfall 
index is 0, meaning that, across the seven countries of interest, the 

annual probability of having at least one city experiencing an extreme 
rainfall event is approximately 27 % (1–0.73). 

This probabilistic view reveals a non-linear relationship between 
extreme rainfall event realisations and NTL losses (Fig. 4). As such, the 
80th percentile of the distribution corresponds to a value of 2.23, which 
implies that, at the regional level, there is a 20 % annual probability 
(1–0.8) of exceeding an extreme rainfall index of 2.23. In other words, 
the model predicts that, in the long run, Latin American cities face a 20 
% annual probability of experiencing an extreme rainfall event that 
lowers monthly NTL per capita by approximately 15.4 % (i.e. 2.23 ×
6.92). For extreme rainfall events displaying a 1 % annual probability of 
being exceeded, city NTL/cap is estimated to be reduced by 30.7 %. 
Worryingly, under the effects of climate change, future precipitation 
patterns are projected to significantly depart from the historical patterns 
used for this assessment. Events in the tail of the distribution (such as 
those with a 1 % annual probability) are expected to become more 
frequent, thereby increasing the likelihood of the region having to 
confront significant losses. 

Finally, we need to understand whether negative impacts arising 
from extreme rainfall events produce: (i) permanent effects on a city’s 
local economic activity, (ii) only a momentary impact, or (iii) are fully 

Fig. 3. Average city NTL/cap VS greenness index. Note: the dotted line represents the median of the greenness index.  

Table 1 
Main estimation results.   

Dependent variable: 
Ln NTL/cap 

(1) (2) (3) (4) (5) 

Xtrm Rainfall − 0.069*** − 0.076***     

(0.014) (0.014)    
Rainfall Zscore    − 0.067*** − 0.063***     

(0.007) (0.006) 
Sq. Rainfall Zscore    0.004      

(0.003)  
Temp. Z 0.058***   0.043*** 0.044***  

(0.007)   (0.006) (0.006) 
Sq. Temp. Z − 0.011**   − 0.012*** − 0.012***  

(0.005)   (0.005) (0.005) 
Abov. mean rainfall   − 0.088***      

(0.009)    

Observations 68,040 68,040 68,040 68,040 68,040 
F Statistic 57.1*** (df = 3; 66652) 73.6*** (df = 1; 66654) 184.6*** (df = 1; 66654) 70.8*** (df = 4; 66651) 93.9*** (df = 3; 66652) 

Note: *p < 0.1; **p < 0.05; ***p < 0.01. 
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offset by a rebound in economic activity in subsequent months. 
Following Dell et al. (2014), we assessed these effects by including the 
monthly lagged values of the extreme rainfall index in Eq. (4). Fig. 5 
plots the results presented in column 1 of Table B.3 in Appendix B; the 
contemporaneous effect of extreme rainfall is significantly negative and 
the first lag remains negative but no longer statistically different from 
0 at the usual 5 % threshold value. Subsequent extreme rainfall lags are 
hovering below and above 0 but are all statistically insignificant. A 
similar pattern is observed when using the index based only on positive 
Z scores. This suggests that the adverse economic effects of extreme 
rainfall are short-lived and, on average, do not persist after the month of 
impact. Insignificant lagged effects also point to the absence of economic 
rebound in the aftermath of extreme rainfall events. 

4.2. The greenness of the land cover as a moderating factor 

We then proceeded to estimate the effects of a greener land cover 
through the three models indicated in section 3. Estimated effects are 
presented in Fig. 6(a), which plots the point estimates and 90 % confi-
dence intervals for each of the three models. The city and country- 
monthly fixed effects are included in the estimations. The coefficients 
can be interpreted as the marginal reduction in nightlights caused by an 
extreme rainfall event for each group of cities. 

In the model with two bins, for cities below the median value of the 
greenness index (i.e. 15.69), the marginal extreme rainfall effect reduces 
nightlights by almost 12 %. Contrastingly, in cities with greenness indexes 
above this median value, this marginal effect is reduced to approximately 5 
%. In addition, the null hypothesis of no differential impact of extreme 
rainfall events between the two bins was rejected (P value < 0.1). Models 
with 3 and 4 bins show a consistently decreasing impact of extreme rainfall, 
as the level of greenness increases. In the case of the model using 4 bins, we 
were able to reject the null hypotheses of equality between the coefficients 
associated with the first and the fourth quartile (P value < 0.1). For the 
model with 3 bins, we were not able to reject it at conventional levels and 
the reduction of extreme rainfall impact only seems to materializes in the 
third tercile (i.e. cities with greenness index above 19).12 Fig. 6(b) plots the 
distribution of greenness index in each bin across these three models, 
unveiling how the impacts of excess rainfall are systematically and 
significantly lowered for bins displaying a greenness index that exceeds 20 
(i.e. bins at the bottom of each figure). 

Extensive robustness checks were conducted in Appendix D and 
confirmed that results are not overly sensitive to (i) different NDVI or 
greenness index thresholds values (i.e. 0.5 or 0.6 to define dense vege-
tation pixels or varying the minimum value of the greenness index from 
1 to 5 or removing potential outliers) or (ii) alternative spatiotemporal 
resolution to compute NDVI values. Ultimately, to ensure that results 
were not driven by other sources of heterogeneity potentially correlated 
to the greenness index, we performed three additional set of regressions 
allowing for extreme precipitation effects to vary based on greenness 
index and (i) total city population, (ii) average precipitation or (iii) city 
elevation. These regressions confirm that the reduction of impacts 
associated to a greener land cover remains significant and suggest that 
more populated cities in higher locations tend to be less vulnerable to 
extreme rainfall. Average precipitation levels do not seem to signifi-
cantly influence extreme rainfall effects. 

Altogether, results from these three models suggest that, for cities 
where dense vegetation represents more than 20 % of total city area, the 
marginal impact of extreme rainfall is broadly halved vis-a-vis cities 
below this threshold. Consistent with the hydrological literature, in none 
of the models the adverse effects associated with extreme precipitation 
are totally wiped out by a greener land cover. This could be linked to soil 
infiltration saturation effects as well as the impossibility to maintain or 
expand green areas in some parts of the city. It also insinuates that GI 
alone might not be able to fully protect against the economic impacts of 
extreme rainfall. Significant protection benefits are nonetheless associ-
ated to a greener city land cover. According to our benchmark model (i. 
e. greenness index discretized based on its median value), the average 
extreme rainfall event observed over the period would lead to almost a 
30 % decrease in urban economic activity in cities where less than 15 % 
of the area is associated with dense vegetation (2.5 × − 0.119), while 
this reduction would be limited to approximately 14 % in cities where 
green areas represent more than 15 % of total city area (2.5 × − 0.055). 

4.3. Valuation of the protection benefits associated with a greener city 
land cover 

Finally, we leveraged the relationship between city NTLs and GDP to 
provide an economic valuation of the benefits associated with a higher 
greenness index, in terms of avoided losses. To this end, a simple 
calculation was performed using the benchmark model where cities are 
classified into two bins based on the median value of the greenness 
index. The computation was conducted for the year 2015 and followed 
three steps. First, city NTL variations were estimated by multiplying the 
extreme rainfall index recorded in each city by the coefficient corre-
sponding to the greenness index of the city (either − 0.055 or − 0.119). 
Absolute NTL losses were derived by applying this variation to the 2015 
mean city NTL/cap value and using the corresponding city population 
estimate. National NTL losses were obtained by summing all city NTL 
losses recorded in each country. 

A counter-factual scenario was then simulated by computing NTL 
variations, under the hypothesis that cities displaying a greenness index 

Fig. 4. Annual probability of exceeding a given city NTL/cap loss. Note: this 
figure was constructed using the empirical cumulative distribution of extreme 
rainfall events for 1991–2021 and the coefficient in column 1 of Table 1. 

Fig. 5. Time dimension of extreme rainfall effects on city NTL/cap.  

12 Estimating Eq. (5) using the third tercile of the greenness index (i.e. 19.70) 
to create 2 bins (i.e. above/below third tercile) allowed us to reject the null 
hypothesis of equality between the two coefficients. 
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between 10.52 (i.e. first quarter) and 15.69 (i.e. median value) increase 
their share of green areas. This ‘as-if” analysis corresponds to a scenario 
where 25 % of the cities in our sample increase their average share of 
green land cover from the actual 13 % to close to 23 % (i.e. the mean 
value of greenness index in the bin above the median). To account for 
uncertainty in our estimates, this process was repeated 5000 times, 
drawing the coefficient associated with extreme rainfall from a normal 
distribution, which had the estimated parameter as its mean value and 
the estimated standard error as its standard deviation. 

In the second step, we investigated the relationship between NTL and 
GDP to obtain a conversion factor between the two values. To this end, the 
annual mean city NTL values were summed at the national level and 

regressed against the value of GDP (in constant US$ of 2015). This 
regression did not seek to establish a causal relationship but attempted to 
provide a conversion factor between national city NTLs and GDP (see 
Appendix E for more details). To account for uncertainty, we used the 
same procedure as in the first step and repeated the translation of NTL to 
GDP values 5,000 times, drawing the coefficient of interest from a normal 
distribution, taking the estimated parameter as its mean value and the 
estimated standard error as its standard deviation. This procedure 
allowed us to translate the national NTL losses estimated in the first step 
into an equivalent variation of US$. Thirdly, the benefits of greener city 
land cover were estimated as the difference between the mean ‘observed’ 
losses and the mean simulated losses under the ‘as-if’ scenario. 

Fig. 6. (a) Estimated effects of three models of extreme rainfall interacting with q-quantiles of greenness index (q = 2, q = 3 and q = 4; left). (b) Distribution of the 
greenness index in each group of cities (right). 
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The findings suggest that if 25 % of the cities had displayed a higher 
greenness index, losses from extreme rainfall in 2015 could have been 
reduced by approximately US$ 6,500 million (2015 constant). This 
reduction accounts for roughly 19 % of the total estimated losses that 
year and a t-test confirms that the difference between the means of the 
distribution of observed and simulated losses is not equal to 0 (see 
Fig. 7).13 This simulated scenario assumes the deployment of green 
infrastructure in 125 cities already displaying densely vegetated land 
cover, with a rise of the average greenness index of these cities from 13 
% to close to 23 %. 

Obviously, these results reflect the specific distribution of extreme 
rainfall events across cities during the year 2015 and could vary 
depending on the location, intensity and number of extreme rainfall 
events recorded over a year. Likewise, these estimates do not consider 
impacts which are not captured through NTL variations, such as human 
losses or natural capital degradation. They do, however, provide robust 
evidence of the benefits that green areas can generate for Latin American 
cities, in terms of avoided losses and reduced economic disruption 
generated by extreme rainfall. 

5. Discussion and conclusion 

This investigation provides empirical evidence that, in Latin Amer-
ica, the negative impact of extreme rainfall on urban economic activity 
is significantly reduced in cities displaying a greener land cover. These 
results were obtained using an internationally harmonised definition of 
cities and leveraging earth observations for the period 2013–2019. 
Urban economic activity was proxied using monthly night-time lights. 
Extreme rainfall was detected through an analysis of precipitation pat-
terns over 30 years and the greenness of the land cover was categorised 
using NDVI composites. To measure the impact of extreme rainfall on 
urban economic activity, a fixed effects model was employed to control 
for unobserved city heterogeneity and common monthly changes to all 
cities in each country. Then, to examine the extent to which the impact 
of extreme rainfall is differentiated across cities, an interaction term, 
based on the share of green areas detected within city boundaries, was 
introduced. Eventually, a counterfactual analysis for the year 2015 was 

conducted and suggested that if 25 % of the cities in our sample had 
increased their average share of green land cover to above 20 %, an 
additional US$ 6,500 million could have been reaped, in terms of 
avoided losses and reduced disruption. Taken together, these findings 
reveal how a more balanced land cover, which makes room for green 
infrastructure within the city, can contribute to shield economic activity 
from adverse effects associated with extreme rainfall. 

While most of the previous studies assessing the role of GI for flood 
protection relied on hydrological modelling at the watershed level, the 
methodology used in this paper innovates in at least two major di-
mensions: (i) it relies on empirical observations to measure extreme 
rainfall impacts (as opposed to modelling a set of synthetic flood events); 
and (ii) it covers a much larger geographical area, spanning nine years of 
rainfall observations. Consequently, findings differ from those obtained 
through hydrological modelling studies and do not offer tailored rec-
ommendations about the design and location of urban GI at the water-
shed level. 

Instead, the proposed investigation focuses on providing robust ev-
idence that, for most intermediate and small cities in Latin America, a 
greener land cover can alter the impacts of extreme rainfall. This 
framework provides a solid methodology to quantify the benefits 
delivered by GI in terms of avoided losses or reduced economic 
disruption in case of extreme rainfall. This adds further evidence on the 
multiple ecosystemic services provided by GI (e.g. improved air and 
water quality, temperature regulation, enhanced biodiversity or recre-
ational opportunities, among others) and contributes to expand the 
methods that can be mobilized to quantify these services. Ultimately, by 
contributing to a sound quantification of the wide-ranging benefits 
associated with GI, this study seeks to inform urban public policies about 
the strategic value of these interventions. 

As cities continue to expand in flood prone areas and climate change 
further intensifies the hydrological cycle, more frequent and intense 
extreme rainfall events are expected to affect Latin American cities. This 
will only make the benefits associated with green infrastructure more 
relevant and should encourage future research on the efficacy and ad-
equacy of GI for flood protection. Research at a finer spatial resolution 
will notably be required to examine how GI efficacy can be altered by 
the type of vegetation used or by different storm intensity and duration 
parameters under a changing climate. Due to the nature of the data used 
in this investigation, these factors have not been addressed but remain 
an important avenue for future investigations. 

This research has been carried out as part of the Grant “Challenges, 

Fig. 7. Observed vs simulated losses based on 2015 extreme rainfall. Note: The dotted line corresponds to the mean of the observed and simulated losses.  

13 Observed losses for 2015 account for roughly 0.77% of the GDP of the 7 
countries of interest, with the reduction in impact due to the higher greenness 
accounting for 0.15% of the aggregated GDP. 
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Appendix A. City-level statistics and spatial distribution  

Table A.1 
Summary statistics.  

Variable Mean Std. Dev. Min Max 

Ln NTL/cap  7.8  1.3 − 6.9  10.7 
Extreme Precipitation*  2.6  0.5 2  5.3 
Greenness index  0.4  0.2 0.1  1.0 

*Extreme precipitation statistics were only computed for realised events, i.e. excluding observations where the index was 
equal to 0. 

Map A.1. Spatial distribution and population (in 2015) of the cities included in the study. Note: The size of the bubble is proportional to the population of the city in 
2015. Source: UCDB. 
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Appendix B. Robustness checks 

Extensive robustness checks were conducted to test the sensitivity of the results to different assumptions and specification choices. First, we altered 
the sample of cities by including all cities detected in the seven countries of interest, i.e. not restricting our sample to cities that have experienced at 
least one extreme rainfall event over the period of analysis. This raised the number of cities from 630 to 736 but did not substantially modify the 
results. Table B.1 follows the same approach that the main results displayed in Table 1, Section 4. It shows how the extreme rainfall index (columns 
1–2), the above average precipitation value (column 3) and the full scope of Z-score values attached to monthly precipitation (columns 4–5) all have a 
negative impact on the NTL/cap at the city-level of a similar magnitude to those observed with the restricted sample of cities. When considering this 
broader sample of cities, the only difference with baseline results appears in column 4, which seems to suggest that there is a U-shaped relationship 
between precipitation Z scores and the NTL/cap. However, the vertex of this curve is reached with a Z score of 4.78, which is very close to the 
maximum value of the sample and would imply a potential positive impact on NTL/cap for only a handful of observations. We further tested the 
sensitivity of our results by removing cities in Brazil, which represented almost half of the cities in our sample, before estimating Eq. (4) with the three 
aforementioned precipitation indexes. The results remain consistent and suggest a statistically significant negative impact, although a bit noisier and 
of a lower magnitude (between − 0.037 and − 0.023).  

Table B.1 
Sensitivity of results to altering the sample of cities by including cities that did not experience extreme rainfall events over the period.   

Dependent variable: 
Ln NTL/cap 

(1) (2) (3) (4) (5) 

Xtrm Rainfall − 0.076*** − 0.085***     

(0.014) (0.014)    
Rainfall Zscore    − 0.067*** − 0.059***     

(0.007) (0.005) 
Sq. Rainfall Zscore    0.007**      

(0.003)  
Temp. Z 0.059***   0.046*** 0.047***  

(0.005)   (0.005) (0.005) 
Sq. Temp. Z − 0.016***   − 0.017*** − 0.016***  

(0.004)   (0.004) (0.004) 
Abov. mean rainfall   − 0.085*** 

(0.008)    

Observations 80,352 80,352 80,352 80,352 80,352 
F Statistic 60.009*** (df = 3; 79390) 65.545*** (df = 1; 79392) 151.218*** (df = 1; 79392) 67.789*** (df = 4; 79389) 88.436*** (df = 3; 79390) 

Note: *p < 0.1; **p < 0.05; ***p < 0.01. 
Additionally, we changed the structure of our fixed effects by using a subregional-monthly time trend (i.e. a South America-Monthly and Central 
America-Monthly fixed-effect as opposed to a country-monthly time trend), with little difference in magnitude or significance for the coefficients of 
interest (Table B.2). Simple monthly fixed effects for the entire continent were also used and delivered consistent results. The use of a month-by- 
province time trend was not tested as it would dramatically increase the number of fixed-effects (by 23,868 corresponding to 221 provinces* 108 
months), strongly reducing the variance in our data and obscuring the statistical effects of our variable of interest. Finally, we computed standard 
errors using a two-way clustering (i.e. city and country-monthly or subregional-monthly clustering) and confirmed that this did alter the significance 
of our results.  

Table B.2 
Sensitivity to changing the structure of the time trend to subregional-monthly fixed-effects.   

Dependent variable: 
Ln NTL/cap 

(1) (2) (3) (4) (5) 

Xtrm Rainfall − 0.079***   − 0.087***   

(0.014)   (0.014)  
Rainfall Zscore  − 0.065*** − 0.070***     

(0.006) (0.007)   
Sq. Rainfall Zscore   0.004      

(0.003)   
Temp. Z 0.060*** 0.046*** 0.045***    

(0.006) (0.005) (0.005)   
Sq. Temp. Z − 0.013*** − 0.013*** − 0.014***    

(0.004) (0.004) (0.004)   
Abov. mean rainfall     − 0.093***      

(0.009)  

Observations 68,040 68,040 68,040 68,040 68,040 
F Statistic 75.746*** (df = 3; 67192) 116.469*** (df = 3; 67192) 87.970*** (df = 4; 67191) 96.940*** (df = 1; 67194) 219.199*** (df = 1; 67194) 

Note: *p < 0.1; **p < 0.05; ***p < 0.01. 
Eventually, we included a lagged extreme rainfall index and confirmed that the contemporaneous effect associated with extreme rainfall 
remains significantly negative and of a magnitude similar to the one estimated previously (see column 1 in Table B.3). A very similar 
pattern is observed when using rainfall above the mean (column 2 in Table B.3) or precipitation z-score and their lagged versions.  
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Table B.3 
Time dimension of the extreme rainfall index (col 1) and of Z scores values above 0 (col 2).   

Dependent variable: 

Ln NTL/cap 

(1) (2) 

Xtrm Rainfall − 0.09***   

(0.020)  
Lag xtrm − 0.02   

(0.010)  
Lag2 xtrm 0.01   

(0.010)  
Lag3 xtrm − 0.01   

(0.010)  
Lag4 xtrm − 0.01   

(0.010)  
Lag5 xtrm 0.01   

(0.010)  
Lag6 xtrm 0.02**   

(0.010)  
Above norm.  − 0.09***   

(0.020) 
Lag abv norm  − 0.02   

(0.010) 
Lag2 abv norm  0.01   

(0.010) 
Lag3 abv norm  − 0.02*   

(0.010)  

Observations 64,260 66,150 
F Statistic 15.61*** (df = 7; 63420) 59.75*** (df = 4; 65307) 

Note: *p < 0.1; **p < 0.05; ***p < 0.01. 

Appendix C. Cloud-free coverage 

As mentioned in the main text and in Elvidge et al. (2017), varying cloud coverage quality can influence the value of monthly VIIRS NTL. For our 
sample of NTL values aggregated at the city-level, VIIRS NTL values are based on an average of 9 days of cloud-free coverage per month. Although the 
distribution of cloud-free observations varies across the seven countries of interest, they all follow a similar pattern and display a limited number of 
observations with 15 or more cloud-free days (Histogram C.1). When looking at the average number of cloud-free observations by month over the 
period 2013–2021, a seasonal pattern can be detected: Brazil and Peru experienced a notable increase in the number of cloud-free observations during 
April to September, while it seems be the inverse in Mexico and, to a lesser extent, in Chile (see Histogram C.2). Argentina is the only country where 
the number of cloud-free observations is flat all year round, at approximately 10 days/month, which is why Argentina is not included in Histogram 
C.2. Importantly, the average value of city NTL/cap seems to follow this seasonal trend but with less pronounced variations: higher (or lower) NTL 
values are recorded during the months where more (or less) cloud-free observations are available. Overall, with a Pearson’s coefficient estimated at 
0.32, the correlation between cloud-free observations and NTL values is quite strong and warrants a cautious approach. In this setting, the observed 
reduction in NTL values during months of high cloud-coverage (which are also the months where extreme rainfall events tend to occur) could 
confound the estimation of extreme rainfall impact. 

As argued in the main text, the inclusion of a country-monthly fixed effect in Eq. (4) allows the soaking up of all the monthly variations in cloud 
coverage, that commonly affects the NTL values of cities within a given country. As cloud coverage is more spatially diffuse than extreme rainfall, 
which are by nature very localized events, we consider that this country-monthly fixed effects at least partially limit this issue. However, to further 
control the potential impact of cloud coverage variations we used two additional robustness tests. First, we used a more restrictive cloud-coverage 
quality threshold and removed cities that had less than 6 days of cloud-free observations, on average (i.e. almost a quarter of the sample, or 88 
cities, were removed), with the objective of excluding these cities, which are regularly affected by high cloud coverage from the estimation. Second, 
we added an additional quarter trend fixed effect, to capture a potential cyclical winter/summer variation due to cloud coverage. The results of these 
two estimations are shown in column 1 and 2 of Table C.1, respectively, and confirm our previous results: extreme rainfall events have a negative 
impact on city NTL/cap that does not seem to be driven by lower cloud-free observations. 
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Histogram C.1. Number of cloud-free observations used to compute the monthly NTL values, 20132021.   

Table C.1 
Results for additional cloud coverage quality controls.   

Dependent variable: 
Ln NTL/cap 

(1) (2) 

Xtrm Rainfall − 0.058*** − 0.079***  

(0.012) (0.014) 
Temp. Z 0.046*** 0.060***  

(0.005) (0.006) 
Sq. Temp. Z − 0.014*** − 0.013***  

(0.003) (0.004)  

Observations 58,536 68,040 
F Statistic 56.503*** (df = 3; 57776) 75.746*** (df = 3; 67192) 
Restrictive cloud-coverage quality threshold (>6 days) YES NO 
Additional Quarter fixed-effect NO YES 

Note: *p < 0.1; **p < 0.05; ***p < 0.01. 

Histogram C.2. Monthly distribution of mean cloud-free observations (left) and NTL values (right), 2013–2021.  

Appendix D. Greenness index sensitivity analysis 

To test the sensitivity of our results to different greenness index specifications, we conducted extensive robustness checks. First, we altered the 
different NDVI and greenness index thresholds values used in the main text. Specifically, we started by estimating Eq. (5) including all cities with a 
greenness index above 1. In doing so, we added 93 cities to the sample used in the main text, which included all cities with a greenness index higher 
than 5. To ease comparisons, column 1 of in Table D.1 reports the results for our benchmark model using the sample of cities from the main text. 
Following columns report results splitting the larger alternative sample into two groups at the values corresponding to the median (col. 2) and the 3rd 
tercile of the greenness index (col. 3). Results confirmed that a higher greenness index reduces the negative effects of extreme rainfall events. 
Interestingly, the model based on the median value of this new sample (i.e. a greenness index of 13.45) suggests that the difference of impacts between 
the two bins is not statistically significant, while the model based on the third tercile (i.e. a greenness index of 20.31) evidences a significant difference 
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in impacts, with a reduction of a similar magnitude to what was obtained using the sample in the main text. These estimates suggest that, on average, 
cities with a greenness index higher than 20 display a lower vulnerability to extreme rainfall events. Results varying the minimum greenness index 
threshold between 1 and 5 suggested a consistent pattern but are not reported, for the sake of conciseness.  

Table D.1 
Econometric results for different greenness index threshold.   

Dependent variable: 
Ln NTL/cap 

(1) (2) (3) 

Xtrm Rainfall − 0.120*** − 0.085*** − 0.093***  

(0.031) (0.024) (0.019) 
Xtrm Rainfall: Med. Greenness 0.064* 0.009   

(0.033) (0.030)  
Xtrm Rainfall: 3rd Quart. Greenness   0.049**    

(0.024)  

Observations 54,324 64,368 64,368 
F Statistic 37.282*** (df = 2; 53064) 36.500*** (df = 2; 63015) 39.185*** (df = 2; 63015) 
Minimum greenness index value 5 1 1 

Note: *p < 0.1; **p < 0.05; ***p < 0.01. 
We then considered a NDVI threshold value of 0.6 to categorize pixels as “dense vegetation pixels” (as opposed to a NDVI threshold value of 
0.5 in the main text) and repeated the estimation strategy employed above. Table D.2 reports the results of this more restrictive NDVI 
threshold value, considering cities displaying a greenness index above 5. Results confirm that previous findings hold, although the dif-
ference in effects between the different bins is only statistically different for the model splitting the sample at the 4th quartile of the 
greenness index (col. 3).  

Table D.2 
Econometric results using a NDVI threshold of 0.6 to define dense vegetation pixels.   

Dependent variable: 
Ln NTL/cap 

(1) (2) (3) 

Xtrm Rainfall − 0.113*** − 0.106*** − 0.104***  

(0.029) (0.024) (0.022) 
Xtrm Rainfall: Med. Greenness 0.046    

(0.033)   
Xtrm Rainfall: 3rd Tercile Greenness  0.045    

(0.029)  
Xtrm Rainfall: 4th Quart. Greenness   0.058**    

(0.028)  

Observations 42,660 42,660 42,660 
F Statistic (df = 2; 41508) 41.638*** 41.277*** 41.977*** 

NDVI Threshold Value 0.6 0.6 0.6 

Note: *p < 0.1; **p < 0.05; ***p < 0.01. 
Eventually, we removed cities with a very high greenness index (i.e. cities with a greenness index above 40) to ensure that the estimated effects did not 
depend on a few cities that could be viewed as outliers, in terms of land cover. Results are almost identical to these displayed in column 1 of Table D.1 
and confirm that previous results are not overly sensitive to these high values. 

A second set of robustness checks tested an alternative NDVI spatiotemporal resolution. To this end, we leveraged the dataset provided by Corbane 
et al. (2020), which computed NDVI values within urban centers using the same underlying Landsat annual composites, but working at a 1 km 
resolution on a time interval that spans from 2012 to 01-01 to 2015–12-30 i.e. only the first part of the period considered in the analysis. Resulting 
pixel values were classified into one of the three classes as follows: values below 0.1 are associated with built-up structures, barren rock, sand or snow; 
pixel values in between 0.2 and 0.5 are assumed to correspond to shrubs or agriculture areas; pixel values above 0.6 are associated with dense 
vegetation such as forests, urban garden or parks. We used these categorical values to compute our greenness index as the ratio of pixels above 0.6 over 
all city pixels, in a similar fashion to our greenness index shown in Eq. (3) in Section 2 of the main text. 

Results are shown in Fig. D.1 following the same structure than in the main report: the city greenness index has been discretized into various bins 
corresponding to the q-quantile values of this alternative greenness index. Again, to exclude any protection benefits that could be derived from the fact 
that cities without dense vegetation are intrinsically more vulnerable to extreme rainfalls, we excluded cities with a greenness index below 0.1 
(approximately 10 % of cities from our original sample). We find that differences in impacts are particularly visible when splitting cities into three 
bins. In this model, for cities below the third tercile of greenness, the marginal extreme rainfall effect reduces nightlights by more than 10 %. Con-
trastingly, in cities with greenness indexes above the third tercile (with an average green index of 0.66), this marginal effect is reduced to approx-
imately − 5 %. In addition, we tested and rejected the null hypothesis of no differential impact of extreme rainfall events between the second and third 
bins (P value < 0.1). Models with q = 4 and q = 2 show a consistently decreasing impact of extreme rainfall, as the level of greenness increases. In the 
case of the q = 4 model, we were able to reject the null hypotheses of equality between the coefficients associated with the last bin and the second bin 
(P value < 0.1). However, we were not able to reject it for the model with q = 2 at conventional levels. Overall, when using this alternative source of 
data, the estimated impacts suggest that adverse effects triggered by extreme rainfall are attenuated in a similar magnitude than previously estimated, 
although effects seem a bit noisier with this coarser spatial resolution. 
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Fig. D.1. Estimated effects of three models of extreme rainfall interacting with q-quantiles of greenness index (q = 2, q = 3 and q = 4) using NDVI values from 
Corbane et al. (2020). 

Although this investigation has focused on the greenness of the land cover, the effect of extreme rainfall on city NTLs may differ along many 
dimensions. To ensure that the differentiated impacts reported above are not driven by other sources of heterogeneity potentially correlated to the 
greenness index, we have performed a final set of robustness checks. Three additional source of heterogeneity that could have potentially confounded 
our estimation were considered: the population of a city, the mean precipitation level and its elevation. We therefore used Eq. (5) in the main text and 
interacted our extreme rainfall variables with the greenness index as well as a new interaction term based on either (i) 2015 city population, (ii) 
average rainfall over the period 2013–2021 or (iii) the average elevation of each city. 

The population of a city might constitute a very important dimension likely to shape extreme rainfall impacts on city NTLs. We posit that the more 
populated the city, the lower the marginal impact of extreme rainfall events. In fact, for the largest cities in our sample, due to scale effects, it is 
unlikely that a given extreme rainfall event affects the entire city population. NTL reductions in one area might thus have a modest impact on overall 
city NTLs or might even be compensated by positive effects in another area of the city. For very large cities, these spatial spillovers could “averaged 
out” extreme rainfall effects and produce unclear aggregated effects on city NTLs. 

Extreme rainfall effects might also be differentiated in wet and dry regions. We assume that wet regions are used to deal with abundant rainfall and 
might have more incentives to invest in infrastructure that limit surface run-off and channel water out of the city. In other words, cities in wet regions 
might be better equipped to cope with extreme rainfall events than cities in dry regions, where rainfall is low and concentrated only over a few months 
of the year. Although this dimension is partially captured in the z-score formula used to depict extreme rainfall events, we used this second interaction 

R. Van der Borght and M. Pallares-Barbera                                                                                                                                                                                              



Global Environmental Change 87 (2024) 102857

17

term to test for this effect more explicitly. 
Finally, extreme rainfall effects might also be moderated by the elevation of a city. One might expect that impacts of extreme rainfall will be more 

severe the further downstream a city is located because it is potentially located in areas more prone to flood risk and because pluvial flooding tends to 
be more intense downstream. Contrastingly, city located upstream or at higher locations could potentially experience less pronounced impacts 
because extreme rainfall will be more easily channelled out of the city. To test this effect, we have extracted the average elevation estimated within the 
extent of each city provided by the UCDB. This elevation is expressed in metres above sea level. Cities covered in sample range from almost sea-level 
altitude for coastal cities, to above 2,500 m for the highest cities in Peru, Colombia and Ecuador. 

Results are shown in Table D.3 and confirm that the marginal effect of extreme rainfall is significantly reduced for cities displaying a higher than 
median greenness index, even considering these additional sources of heterogeneity. Column 1 indicates that adverse effects are diminished as city 
population increases, confirming that more populated cities tend to be less vulnerable to extreme rainfall. On the other hand, in column 2, the co-
efficient associated with average precipitation is not significant, suggesting that cities located in wet or dry regions do not display differentiated 
responses to extreme rainfall events, everything else being equal.14 Finally, column 3 indicates that the higher the elevation of the city, the lower the 
negative effects associated with the extreme rainfall index, although this does not alter the benefits of a greener land cover.  

Table D.3 
Other sources of heterogeneity potentially confounding the differentiated impacts of greenness.   

Dependent variable: 
Ln NTL/cap 

(1) (2) (3) 

Xtrm Rainfall − 0.568*** − 0.123*** − 0.150***  

(0.202) (0.032) (0.038) 
Xtrm: Greenness 0.074** 0.064* 0.067**  

(0.035) (0.033) (0.033) 
Xtrm: Ln City Pop 0.037**    

(0.015)   
Xtrm: Av. Precip.  0.00001    

(0.000)  
Xtrm: Elevation   0.0001***    

(0.000)  

Observations 54,324 54,324 54,324 
F Statistic (df = 3; 53063) 29.324*** 25.047*** 29.228*** 

Note: *p < 0.1; **p < 0.05; ***p < 0.01. 
Taken together, these robustness checks confirmed that the results presented in the main text were not driven by other sources of heterogeneity across 
our sample of cities, nor overly sensitive to the thresholds values employed to characterize city greenness or city outliers in terms of greenness index. 
Overall they increase our confidence in the estimates used in the main text. 

Appendix E. NTL vs GDP 

To estimate GDP variation associated with a given change in city NTL, we first need to compute national-annual NTL values from the city-monthly 
NTL sample we are using. To this end, we used the monthly NTL values to first calculate the mean annual NTL value for each city. We then summed 
annual city NTL values at a national level and regressed these values against the GDP values of each country, expressed in 2015 US$ constant and 
extracted from the World Development Indicators of the World Bank. We first used a linear regression (column 1 of Table E.1) and then included a 
yearly fixed effect with a log–log relationship (column 2). In both cases, the coefficient of interest is highly significant and with a squared R above 0.90, 
estimations are deemed robust enough to provide a conversion factor. To illustrate this, Fig. E.1 plots the predicted GDP against the actual GDP values 
using the regression for column 1. As can be observed, all points are located close to the 45◦ line, revealing that NTL quite accurately predict GDP 
values. Consequently, we used the coefficient of column 1 to reproduce the simulation and counterfactual analysis presented in Section 4. This 
regression is by no means intended to be interpreted as a causal relationship, it simply seeks to establish a conversion factor between national city NTLs 
and GDP.  

Table E.1 
The relationship between NTL and GDP.   

Dependent variable: 
GDP Ln GDP 
OLS panel 

linear 

(1) (2) 

Yearly NTL 42.99***   

(1.550)  
Ln Yearly NTL  0.89***   

(0.030) 

(continued on next page) 

14 This is consistent with the results displayed in Column 4 of Table 1 of Section 3 in the main text, indicating that relationship between NTL and precipitation is not 
adequately captured by a U-shaped curve. It. 
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Table E.1 (continued )  

Dependent variable: 
GDP Ln GDP 
OLS panel 

linear 

(1) (2)  

Observations 63 63 
R2 0.93 0.94 
Adjusted R2 0.92 0.93 
F Statistic 764.49*** (df = 1; 61) 806.75*** (df = 1; 53) 

Note: *p < 0.1; **p < 0.05; ***p < 0.01. 

Fig. E.1. Predicted GDP using city-level NTL vs actual GDP, 2013–2021.  
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