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Abstract. The cooling efficiency of the land surface, i.e., its ability to dissipate absorbed radiation and moderate temperature 

rise, is reflected in its apparent heat capacity, a property that varies throughout the day in response to the relative intensities 

of sensible and latent heat fluxes. Under clear-sky conditions, the daytime increase in apparent heat capacity can be reliably 

estimated using geostationary satellite data and used to derive a new dataset called Cooling Efficiency Factor Index (CEFI). 20 

This index quantifies land surface energy dissipation through turbulent and ecohydrological processes from 2005 to near real 

time at a spatial resolution of 5 km. The spatial distribution of the CEFI dataset is primarily determined by land cover, water 

availability, surface roughness, and wind speed. Its temporal variability can be exploited to derive proxies for variables and 

processes that are otherwise difficult to observe, especially in real time, such as evapotranspiration and wind speed 

anomalies. Accordingly, the CEFI dataset can serve as an indicator of vegetation drought stress, the condition in which 25 

plants close their stomata due to soil water limitation and high atmospheric water demand, as well as vegetation productivity. 

It can also detect flash droughts and support improved estimation of fire risk in natural ecosystems, crop production losses in 

agricultural areas, and dust formation in desert regions. In addition, the dataset can be used to quantify the cooling efficiency 

of urban areas. This paper provides access to a publicly available CEFI dataset updated in near real time. Given its broad 

range of applications, the dataset can be used for both research and operational monitoring, to constrain poorly observed 30 

processes in dynamical models, and as an additional predictor or predictand in machine learning applications. 
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1 Introduction 

The land surface is a fundamental component of the Earth system, forming the dynamic interface where exchanges of 

energy, water, and carbon connect the atmosphere, biosphere, and hydrosphere. It sustains natural ecosystems and provides 

the physical and ecological basis for agriculture (Mehrabi et al. 2025), forestry (Hansen et al. 2013), and human settlements 35 

(Pesaresi et al. 2016). The state of the land surface controls key processes such as evapotranspiration and heat flux 

partitioning (Jung et al, 2019), thereby regulating local climate anomalies and extremes (Zampieri et al. 2009, Grossiord et 

al. 2020) as well as global climate change (Novick et al. 2016, Friedlingstein et 2022). Its condition directly influences 

ecosystem productivity (Ciais et al. 2005, Novick et al. 2024), agricultural production (Brás et al. 2021), and human well-

being (Massaro et al. 2023).  40 

The land surface is now experiencing profound and accelerating changes driven by global warming, land-use conversion, 

intensified climate variability and proximity to tipping points (Jung et al. 2010, Hansen et al. 2013, McKay et al. 2022, 

Friedlingstein et al. 2022, Mehrabi et al. 2025). Rising temperatures, shifts in precipitation regimes, and increasing frequency 

of extreme events have altered vegetation dynamics, soil moisture availability and carbon cycle (Reichstein et al. 2013), and 

surface energy balance (Alkama and Cescatti, 2016; Duveiller et al. 2018). These transformations not only modify regional 45 

hydrological cycles and surface temperatures but also generate feedbacks that can amplify or dampen climate anomalies at 

the local and global scales (Zampieri et al. 2009, Miralles et al. 2014, Naumann et al. 2018, Alkama and Cescatti 2022, 

Friedlingstein et al. 2022). Understanding how land surface processes respond to these disturbances is essential for 

predicting ecosystem resilience and ensuring sustainable land and water management (Hartmann et al. 2022). 

Given the complexity and scale of these interactions, a robust and continuous monitoring system is required to capture the 50 

spatiotemporal variability of land surface behavior. Satellite observations provide an unparalleled means to assess these 

dynamics at regional to global scales (Li et al. 2023, Pickens et al. 2025). In this context, the Cooling Efficiency Factor 

Index (CEFI, /ˈsɪfaɪ/ Zampieri et al. 2025) offers a novel approach to quantify the land surface’s capacity to dissipate heat 

through evaporation and other processes. Derived from geostationary satellite data, CEFI enables real time monitoring of 

surface thermal responses to environmental and climatic drivers.  55 

Here, we show that the CEFI index proposed provides valuable insights into drought stress, vegetation health, wind stress 

over arid areas, and the thermal regulation of urban environments. The present study describes the conceptual basis and the 

implementation details of the CEFI as a reference for a publicly available dataset extending from 2005 and updated in near 

real time. We also illustrate several potential applications of CEFI, showcasing its potential for monitoring vegetation 

drought stress, assessing surface wind stress in arid environments, estimating fire and dust risk, and evaluating the cooling 60 

performance of urban areas. Through these analyses, we highlight the value of CEFI as a versatile indicator for studying 

land–atmosphere interactions, improving dynamical and machine learning based models and supporting climate adaptation 

and environmental management strategies. 
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2 Theory 

The CEFI definition is extensively discussed and contextualized by Zampieri et al. (2025). A practical example of CEFI 65 

computation is provided in Figure 1. In essence, the CEFI formulation is based on the surface energy balance equation (Arya 

2001): 

cs dTs/dt = Rn – SH – LH – G,          (1) 

where Ts is the land surface temperature (LST, Fig. 1a), expressed in K, cs is the surface heat capacity ([cs]=W m-2 K-1), Rn is 

the net radiation (Fig. 1b), SH is the sensible heat flux, LH is the latent heat flux and G is the ground heat flux (all expressed 70 

in W m-2). Here, Ts and cs are associated with an infinitesimally thin layer of the surface (either canopy or bare soil), which is 

emitting the thermal radiation measured by the satellite that is used to define the LST product.  

Following  Zampieri et al. (2025), Equation 1 can be integrated to give the temperature response between two different times 

of the day, after the sunrise and before the sunset. 

∆Ts = ∫ ( Rn – SH – LH – G ) dt / cs.          (2) 75 

This equation can be conveniently rearranged to express the heat capacity, disentangling the terms that can be measured 

from satellite from the unknown terms. 

cs = ca – ec,             (3) 

where 

ca = ∫ Rn dt / ∆Ts,              (4) 80 

is the apparent heat capacity (Fig. 1d), which can be measured from satellite, and 

ec = ∫ ( SH + LH + G ) dt / ∆Ts           (5) 

is the cooling efficiency, which is considered as an unknown in this framework.  

The cs is found to be very small, especially during the day, when the apparent heat capacity and the cooling efficiency almost 

balance each other and they increase approximately linearly as a function of ∆Ts (Zampieri et al 2025). This allows to define 85 

the cooling efficiency factor (CEF ≡ ec1, Eq. 6) as the linear regression of the ca versus ∆Ts curves displayed in Fig. 1d, as 

expressed by the following linear approximation: 

ca ≈ cs + ec0 +  ec1·∆Ts,           (6) 

where the cs  can be either neglected or incorporated in the ec0 term as intercept of the regression lines, which allows to 

classify the diurnal temperature variability of the land surface with a single number. This is a main advantage of the CEF 90 

formulation. Moreover, differently than other satellite products, the CEF error can be precisely quantified through the 

standard error of the estimated regression slope parameter. Finally, to ensure temporal continuity in the dataset despite days 

when daily estimation is not possible, the cooling efficiency factor index (CEFI) is defined as the monthly median of the 

available daily CEF estimations. 
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 95 

Figure 1: a) LST vs. time, b) net radiation vs. time, c) daytime ∆Ts vs. integrated net radiation; d) apparent heat capacity vs. ∆Ts 

computed over a forested region in April in Spain (adapted from Zampieri et al. 2025). Red/blue lines correspond to days 

characterized by dry/normal conditions. Only days with sufficient continuous cloudless conditions are shown. 

 

3 Methods 100 

The apparent heat capacity can be estimated at sub-daily resolution using Eq. (4) using geostationary satellite data from 

EUMETSAT Land Surface Analysis Satellite Application Facility (LSASAF, https://lsa-saf.eumetsat.int/), which provides 
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high-frequency land surface temperature (LST) and radiation measurements (downward shortwave radiation every 15 min, 

downward longwave every 30 min) with constant viewing geometry and pixel size (Trigo et al. 2011). Surface thermal 

radiation is computed from LST using the Stefan-Boltzmann law. Emissivity and albedo are provided by LSASAF at daily 105 

time scale (Trigo et al. 2008). Data cover Africa, Southern Europe, the Arabian Peninsula, and parts of South America from 

2005 to near-real time at 0.05°×0.05° resolution. More specifically, the analysis presented in this paper covers a 21 years 

period from 2005 to 2025. 

In Zampieri et al. (2025) gaps in LST up to 45 min are linearly interpolated; larger gaps lead to rejection of that day. For 

shortwave radiation no gap filling was applied. Only periods with sufficiently long clear-sky conditions (4 hours of 110 

continuous data) and monotonically increasing LST are used for linear regression of apparent heat capacity versus ∆LST 

(Eq. 6) to estimate daily CEF, rejecting regressions with r² < 0.7. Finally, CEFI was defined at the monthly level as the 

median of valid daily CEF estimates. 

Differently from Zampieri et al. (2025), here we allow small deviations from monotonicity, accepting temperature changes 

between subsequent acquisitions of at least –0.1 K. We also gap-fill short missing periods in radiation data affecting a single 115 

time step, typically due to missing files in the repository. Finally, we permit the estimation of CEF over shorter time 

windows of 2 hours. These modifications increase the number of valid cases for process studies and monitoring applications, 

while having a negligible impact on the accuracy of the CEFI estimation. 

As in Zampieri et al. (2025), we compare the CEFI with the stress factor estimated by the Global Land Evaporation 

Amsterdam Model (GLEAM) and with NDVI (Normalized Difference Vegetation Index) from the Moderate Resolution 120 

Imaging Spectroradiometer (MODIS, Justice et al. 2002). However, in this study we use a newer and improved version of 

GLEAM (version 4.2b, Miralles et al. 2025) available at 0.1° spatial resolution, making the analysis more sensitive to fine-

scale features than the work that was previously conducted at 0.25°. Similarly, the analysis of NDVI and the other variables 

is also performed here at higher spatial resolution compared to Zampieri et al. (2025). 

Here, we also compare the CEFI to precipitation and Standardized Precipitation Index from Rainfall Estimates from Rain 125 

Gauge and Satellite Observations (CHIRPS, https://www.chc.ucsb.edu/data/chirps), to the soil moisture from the European 

Space Agency (ESA) Climate Change Initiative (https://climate.esa.int/en/projects/soil-moisture/), to the Global Surface 

Waters datasets of the Joint Research Centre (https://global-surface-water.appspot.com/), to the burned area statistics from 

MODIS (MCD64A1, https://ladsweb.modaps.eosdis.nasa.gov/missions-and-measurements/products/MCD64A1), to the 10 

meter wind taken from the ERA5-Land reanalysis retrieved from the Copernicus Climate Data Store (CDS, 130 

https://cds.climate.copernicus.eu/), to crop production records by FAOSTAT (https://www.fao.org/faostat/), to Dust Aerosol 

Optical Depth (DAOD) from the CAMS global reanalysis (EAC4, ECMWF Atmospheric Composition Reanalysis 4), 

retrieved from Copernicus Atmosphere Data Store (ADS, https://ads.atmosphere.copernicus.eu/datasets).  

Statistical analyses involve mainly standard Pearson correlation coefficient estimation between the CEFI and the other 

involved dataset. Occasionally we use machine learning approach to reconstruct the CEFI spatial distribution (globally and 135 

for cities) and quantify the different features importance. In these cases, the datasets were randomly split into training (80%) 
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and testing (20%) subsets. A Random Forest (RF) regressor was trained on the training data. Predictions were then generated 

for the independent test set to evaluate out-of-sample performance. Model performance was assessed using standard 

regression metrics, including the coefficient of determination (R2), root mean square error (RMSE), and mean absolute error 

(MAE). These metrics provide complementary information on the model’s ability to explain variance and the magnitude of 140 

prediction errors. To further assess the robustness and physical consistency of the model results, partial dependence analysis 

was conducted, albeit not shown in the main paper. Partial dependence plots (PDPs) were used to quantify the marginal 

effect of individual predictor variables on the predicted outcome, while averaging out the influence of all other variables. 

This analysis enabled verification that the modeled relationships were consistent with the expected physical behavior of the 

system and helped identify potential nonlinearities and interaction effects captured by the model. 145 

4 Results 

4.1 Spatial and temporal patterns of the CEFI 

4.1.1 CEFI accuracy and spatial variability 

The long term mean CEFI spatial distribution (Fig.2a) displays a well-defined spatial variability with high/low values 

representing high/low cooling efficiency of the land surface. That information is associated to different levels of accuracy 150 

that is higher in dry regions and lower in humid regions. In general, a minimum level of accuracy is ensured by the data 

processing that excludes any acquisition that departs from the linear assumption of the diurnal variations of apparent heat 

capacity (see Methods). Because of this reason the maximum error of the daily estimations is contained to roughly the 25% 

on average (Fig. 2b). However, the same procedure reduces the number of valid estimations especially at higher latitudes and 

the tropics (Fig. 2c). Therefore, we expect a reduced applicability of the CEFI in these regions.  155 
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Figure 2: a) CEFI climatology 2005-2025 (Wh m-2 K-2), b) mean CEFI relative error, c) monthly mean number of CEF estimation 

used to define the CEFI, d) NDVI climatology, e) precipitation climatology (mm/day) and f) mean CEFI as a function of mean 

precipitation and NDVI.  160 

 

The  minimum CEFI of about 1 Wh m-2 K-2 is found in several regions of the Sahara desert, over the so-called Empty Quarter 

in the southeast of the Arabian Peninsula (Rub' al Khali), and in the Kalahari desert southwest of Africa. In these regions, 

because of low cloudiness the accuracy of the estimation is the highest as the error of the CEFI estimation is about the 5% 

and the monthly mean number of valid CEF estimation is larger than 15. The CEFI values increase to about 3 Wh m-2 K-2 in 165 

transitional regions such as the Mediterranean, the Sahel, East Africa and South Africa still with relatively low error (5 

to10%) and 10 to 15 estimations per month. The CEFI reaches about 5 Wh m-2 K-2 over flat areas of continental Europe and 

the Subtropical regions of Africa and South America, with associate error of about the 10% and around 5 estimations per 

month. The CEFI increases to 8-10 Wh m-2 K-2 over mountainous regions in Central Europe and the Baltic regions (10-15% 

error, less than 5 estimations per month) and reaches values of about 20 Wh m-2 K-2 over tropical forests in central Africa and 170 

America (15% error, less than 1 estimation per month). The error of the estimation also tend to grow along the margin of the 

region covered by the geostationary satellite.  
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The CEFI spatial distribution qualitatively resembles that of vegetation cover (Fig. 2d) and precipitation amount (Fig 2f).  

However, high CEFI levels are found also in areas with less precipitation, if the local hydrological conditions can support 

vegetation (Fig 2e). In fact, the average CEFI spatial distribution is mostly related to the distribution of vegetation than that 175 

of precipitation or other variables. A simple machine learning regression model (random forest) can explain the 87% of the 

average CEFI spatial variability (RMSE = 1.16) using as predictors the distribution of NDVI (53.8% explained variance), 

mean surface wind during the time of the CEFI estimation (11.5%), mean precipitation (11.2%), canopy height standard 

deviation (7.5%), orography (7.5%), orography standard deviation (4.6%) and surface water fraction (4.0%). The given 

percentages associated with the individual variables represent their relative contributions to the fraction of total variance 180 

explained by the random forest model (i.e. variable importance summing to 100%). The dominance of the vegetation 

distribution as explaining variable compared to precipitation demonstrate the sensitivity to the CEFI to the 

evapotranspiration also in regions were vegetation is not only supported by rainfall but also by other components of surface 

hydrology such as irrigation and groundwater fluxes. Vegetation also acts as an important mediator of evapotranspiration, 

which directly depends on the leaf area index. Other explaining variables highlight the role of wind and surface roughness in 185 

determining the turbulent fluxes defining the cooling efficiency. Surface water fraction here plays a minor role, as the CEFI 

is not computed over lakes and large water bodies over the land surface. 

 

4.1.2 CEFI temporal variability 

The CEFI variability range is quantified by the coefficient of variation (CV ≡ standard deviation divided by the mean). When 190 

the coefficient of variation exceeds the relative error, the magnitude of variability is larger than the associated uncertainty, 

indicating that the signal is likely to be informative rather than noise-dominated. The CV tends to be lower in desert regions 

(10-20%, Fig. 3a), where the modulation effects related to vegetation are absent, but still higher than the mean estimation 

error (Fig. 2b). Over such regions, the CEFI CV display limited seasonal variations (Fig 3b). Over vegetated regions, the 

CEFI CV is 20-40% on average (Fig 3a) reaching values around the 70% in specific months of the year (Fig. 3b). Such high 195 

values area reached in spring in northern Europe, in winter in the Mediterranean region, in summer in the Sahel region and in 

Southern Africa. Again, the CEFI variability is much larger than the mean daily estimation error. Its robustness further 

increases with the number of monthly estimations used to compute the median. 
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 200 

Figure 3: mean, max  and month of the maximum CEFI Coefficient of Variation (CV, panels abc), trend (panels def), CV of the 

detrended CEFI timeseries (panels ghi) and difference between the CV of the original and detrended CEFI timeseries (jkl). 

 

The CEFI does not display a clear trend in general (Fig 3d), but there are specific months of the year in which it is 

consistently decreasing (Fig 3e). Interestingly, the period of the year with maximum decreasing trend (Fig 3f) almost 205 

coincides with the period with maximum CV (Fig 3c). This motivates repeating the analysis of the CV after removing the 
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trend (Fig 3ghi). This analysis highlights the areas where the trend is significantly affecting the variability, which are the 

tropics and the high-latitudes (Fig 3jk). A significant reduction in CEFI variability in the tropics is consistently linked to the 

decreasing CEFI trend in summer (Fig 3l), highlighting a possible increase in aridity of those regions. 

 210 

4.2 Spatial and temporal patterns of the CEFI 

4.2.1 CEFI and meteorological drought 

 

Figure 4: mean and max correlation and month of the maximum correlation between the CEFI a) correlation between the CEFI 

and the Standardized Precipitation Index (SPI) in all months, b) average SPI timescale corresponding to the correlation displayed 215 

in panel a, c) maximum correlation between the CEFI and the SPI, and d) the month of the maximum correlation depicted in 

panel c. 
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The Standardized Precipitation Index (SPI) is a widely used multiscalar meteorological drought indicator that measures 

precipitation anomalies over varying time scales, typically ranging from 1 to 48 months. It is designed to be flexible, 220 

allowing users to analyze different types of droughts—short-term (e.g., 1–3 months) for agricultural moisture, and long-term 

(e.g., 12–48 months) for hydrological resources like groundwater and reservoirs. 

The CEFI is positively correlated with the SPI almost everywhere, with the only exception of hyper arid regions (Figure 4a). 

This figure is computed using the SPI timescale that maximized the correlation with the CEFI for each month, and then 

averaging over all months of the year. This timescale is varying for each location from about 4 to 6 months (Figure 4b), 225 

reflecting the different interactions between the local hydrological processes and the surface turbulent fluxes. There are 

regions where the SPI timescale maximizing the correlation with the SPI is consistently larger, such as in Mesopotamia, 

probably because of the intense water management. The correlation in non-arid areas, already significantly high, is almost 

perfect for at least one month of the year (Figure 4cd), indicating a strong coupling between the integrated precipitation 

anomalies and the surface cooling efficiency and reinforcing the idea that the CEFI can be considered a proxy for drought 230 

stress during critical periods of the year.  

 

4.2.2 CEFI and biophysical variables 

The CEFI tends to be on average positively correlated with the surface soil moisture retrieved from the ESA CCI (Fig. 5a), 

the correlation greatly increases on specific months (Fig 5ab), when the soil moisture is a limiting factor for 235 

evapotranspiration. As already demonstrated by Zampieri et al. (2025), over non arid areas and far from the tropics, the CEFI 

is on average well correlated with monthly NDVI (Fig. 5d) and the GLEAM stress factor (Fig. 5g), which is defined 

similarly to the evaporative fraction, i.e. the ratio between actual and potential evapotranspiration (ET/ET0, Miralles et al., 

2025). While the average correlations between the CEFI and the GLEAM stress factor can be negative in overly dry and wet 

areas (as well as close to the MSG disk border, Fig. 5dg), there is almost always a month with positive and often very high 240 

correlation (Fig. 5eh). The month of the year in which the highest correlation is found is very similar between the ESA-CCI 

soil moisture (Fig. 5c), the MODIS NDVI (Fig. 5f) and the GLEAM stress factor (Fig. 5i). This reflects the  high level of 

coupling between the vegetation stress and greenness reduction estimated by the GLEAM and NDVI datasets and the surface 

cooling efficiency anomalies estimated by the CEFI during specific periods of the year. This strong coupling between 

ecohydrological variables occurs in spring in the Mediterranean and South Africa, late summer in the Sahel region and in 245 

most of central Europe, for instance.  

In addition to Zampieri et al. (2025), we demonstrate here the strong coupling between the CEFI and surface wind (Fig. 5j), 

which is on average stronger in arid regions, where the regulatory effect of vegetation of evapotranspiration is missing, but 

also in some parts of Europe. As it occurs for the vegetation related variables, it is always possible to find one month of the 

year is which the correlation is very high almost everywhere (Fig. 5k). This finding suggests that in some conditions the 250 

CEFI could be used as proxy of wind, especially over arid regions, which would be another innovative and unique 
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application of satellite data over land. The month of the maximum coupling between the CEFI and wind is generally 

different than that for drought and the other vegetation related variables (Fig. 5l), being found sometimes in winter rather 

than in the summer months. 

 255 
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Figure 5: mean and max correlation and month of the maximum correlation between the CEFI and abc) ESA-CCI soil moisture, 

def) MODIS NDVI, ghi) the GLEAM Stress factor and jkl) the ERA5-Land mean surface wind at the same time as the CEFI 

acquisitions. mno) mean and min correlation and month of the minimum correlation between the CEFI and the burned area 

fraction from MODIS. 260 

 

We also tested the potential ability of the CEFI to estimate fire risk (Fig. 5mno). In this case, the correlation between the 

CEFI variability and the burned area frequencies is generally weaker (Fig. 5m), given the seasonal and sporadic nature of 

fire events that could also be of anthropogenic origin. However, is again possible to identify specific months of the year in 

which the correlation is stronger, negative in this case (Fig. 5n). The CEFI is highly correlated to the burned area in the 265 

Mediterranean and the Black Sea regions in summer and late summer, in the Sahel in Autumn, in Southern Africa and South 

America during the Austral spring (Fig. 5o).  

 

4.2.3 CEFI and crop production 

The use of the CEFI as drought indicator is supported by its strong correlation with traditional drought indicator such as the 270 

SPI (Fig. 4), and further strengthened by its links to observed surface soil moisture (Fig 5abc) as well as vegetation related 

variables (Fig 5defghi). A main role of drought indicators consists in monitoring and predicting crop production risk (e.g. 

Zampieri et al. 2017). In this case, the possible role of the CEFI consists in the direct estimation of vegetation stress, whether 

it is drive by soil moisture deficit or by enhanced atmospheric moisture demand as it happens in the case of heat waves 

(Zampieri et al. 2017). A precise estimation link between climate indicators and crop production anomalies is  hindered by 275 

the fact that crop production data is often provided at the national level, while the climate anomalies need to be considered at 

the field level, considering the spatial distribution as well as the precise phenological stages when the crop is most sensitive, 

which are depending on the specific crop (Zampieri et al. 2017, 2019a). In some cases, different hydrological indicators 

rather that precipitation deficit needs to be accounted for (Zampieri et al., 2018, 2019b). Over Africa, maize is one of the 

most important staple food, South Africa being the larger producer and also an international player in the global food 280 

commodity market. Maize in Africa is very sensitive to drought, especially in the last part of the growing season excluding 

the harvesting month when the crop is left in the field to dry up. Drought during the harvesting month of maize is actually 

beneficial (Zampieri et al. 2019a). 
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Figure 6: maize production in South Africa according to the FAOSTAT dataset (solid lines) and mean CEFI averages over the 285 

maize production area (25E - 30E, 22S - 30S) from February to April (dashed line). 

 

The average CEFI is computed over the maize production area in South Africa on the last two months of the maize growing 

season leaving out the harvesting month and compared to the production record reported by FAOSTAT (Fig. 6). Maize 

production time-serie in South Africa indicates steadily increased since 2005, but it also large interannual variability. The 290 

CEFI reports, with few exceptions, the same variability and partly the same positive trend. After removing the suspicious 

outlier in 2006, the correlation between the CEFI and maize production in South Africa reaches 0.79, a level that is hardly 

found in studies linking climate indicators to crop production, despite the very rough estimation of the spatial averages 

implemented here (see e.g. Zampieri et al. 2017, 2018, 2019ab). The production values for 2025 are not available yet from 

the FAOSTAT dataset. However, the CEFI predicts a very positive yield. 295 

 

4.2.4 CEFI and dust production 

The use of the CEFI as proxy of surface wind anomalies is strongly supported by the correlation analysis between the CEFI 

and the average 10 meter wind computed during the CEFI estimation time window (Fig. 5jkl). Here we analyze the spatial 

correlation between the CEFI in the North Africa and Middle East and the dust aerosol optical depth in May, a period of the 300 

year with large dust concentration in the atmosphere, provided by the CAMS global reanalysis (EAC4). 
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Figure 7: a) Dust Aerosols Optical Depth (DAOD) at 550nm in May (2005-2025 average), b) spatial DAOD averages over Norther 

Africa (NA, in blue) and the Arabia Peninsula (AP, green). Spatial correlation between the CEFI and c) the NA DAOD and d) the 

AP DAOD time series. 305 

 

In May, the Intertropical Convergence Zone (ITCZ) reaches the Sahel region. Here the ITCZ represents the convergence 

between the South African monsoon and the Harmattan and Shamal northerly winds, which constitute the surface return flow 

of the Hadley circulation over the MENA region. These winds, blowing over the desert regions accumulate dust southwest to 

the dust formation zone, along the western Sahel region (Fig. 7a). On the other hand, dust production over the Empty Quarter 310 

can be brought to the center of the Peninsula by transient weather systems counteracting the mean Shamal wind. The 

correlation analysis between the DAOD time series (Fig. 7b) and the CEFI identify spatially coherent areas in North Africa 

(Fig. 6c) and the Middle East (Fig. 7d), which are usually associated to dust production. Some of these spatial patterns, such 

as the positive correlation between AP DAOD and the CEFI over North Africa could be due to non-causal correlation 

associated to the synoptic circulation regimes over the region. However, the overall pattern identified by this quick 315 
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showcasing analysis is realistic. More precise analysis probably needs to consider daily data, in order to provide a useful dust 

risk product. However, as such, the CEFI can be used as a unique proxy of surface wind for dust production in desert regions 

– a metric otherwise non available from a purely observational point of view. Therefore, the CEFI could be used as a novel 

framework to better constrain and improve weather, climate and air quality models in arid regions. 

 320 

4.2.5 Cities cooling Efficiency 

The CEFI can be computed over every land cover types including urban regions. It is therefore possible and interesting to 

evaluate it over the main cities covered by the MSG disk (Fig. 8a). Only cities with an area of at least 100 square kilometers, 

roughly corresponding to four CEFI grid cells, were considered. This selection, applied to ensure a robust CEFI estimation, 

reduces the sample to 245 cities. The median CEFI over such cities is 4.2 Wh m-2 K-2, with interquartile range between 3.4 325 

and 5.6 Wh m-2 K-2. This range, as is can be expected, is more narrow than that displayed by the entire dataset considering all 

land cover types. However, very large values can be found over the coasts, most probably because of sea water surfaces 

partially included in the MSG grid used to compute the CEFI. Preliminary work identifies the annual precipitation, surface 

waters fraction and vegetation fraction as the better explanatory variables for the CEFI variability between different cities.  

For previously unexplained reasons, research has found that heat waves in London are riskier for human health than other 330 

European cities such as Copenhagen (Chen et al. 2024). We find that London has CEFI = 3.3 Wh m -2 K-2  while Copenhagen 

has CEFI = 4.8 Wh m-2 K-2 . This remarkable difference of cooling efficiency between the two cities can explain the different 

sensitivity of human health between similar heat waves in these and other cities. Using the CEFI can help understand how 

city planning can be used as climate adaptation mechanism in the context of climate change. 

 335 
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Figure 8: a) mean CEFI over cities with at least 100 square km area (minimum 4 CEFI grids per city). Spatial distribution of b) 

the CEFI and c) NDVI over the greater Milan area and d) their scatter plots.  

 340 

The CEFI can be also used to understand within-city variability of the cooling efficiency, for sufficiency larger cities. For 

Milan (Fig 8bcd), for instance, the CEFI methodology confirms the contrast between vegetation and urban land cover 

fraction that produces the well-known “urban heat island” effect. In the greater Milan area, our analysis confirms that the 

CEFI is extremely well correlated with the vegetation distribution, represented here by the NDVI.   

 345 
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5 Discussion 

Drought is a persistent and increasing source of tension, conflict, and migration, particularly in developing countries (Eklund 

et al. 2022). Each year, drought causes global economic losses of about $500 billion (Sadoff et al. 2015), largely due to crop 

failure, livestock loss, reduced forest growth, soil and ecosystem degradation, wildfires, deteriorating air and water quality, 

and reduced hydropower generation and other industrial outputs (e.g. Zampieri et al. 2017, Turco et al. 2017, Liu et al. 350 

2023). In addition, dry soils significantly increase the risk of heatwaves, which pose further risks to human health and further 

intensify drought conditions through a feedback loop (Seneviratne et al. 2010, Zampieri et al. 2024). 

In response to the urgent need for a globally coordinated early warning system, numerous drought monitoring and 

forecasting initiatives have been developed worldwide (e.g. Rembold et al. 2023, Biella et al. 2026), with new systems 

emerging that focus on less-studied regions (e.g. Hoteit et al. 2025). These systems aim to monitor multiple dimensions of 355 

drought, including meteorological, soil moisture, agricultural/vegetation, and hydrological drought. They rely on combined 

and integrated indicators to account for the systemic nature of drought (Hagenlocher et al. 2023) and to maximize predictive 

capability (Shyrokaya et al. 2025). 

However, drought monitoring is often based on estimated hazard anomalies rather than direct impact indicators, as drought is 

inherently a multiscale process characterized by a sequence of events that is not yet fully understood and still requires 360 

fundamental research (AghaKouchak et al. 2023). Meteorological drought is traditionally defined by negative precipitation 

anomalies, which act as the initial trigger. These anomalies are commonly quantified using the Standardized Precipitation 

Index (SPI), which enables comparison across different climatic regions (McLee et al., 1993). The SPI has been extended to 

include potential evapotranspiration, resulting in the Standardized Precipitation Evapotranspiration Index (SPEI, Vicente-

Serrano et al. 2010). The SPEI serves as a proxy for surface water balance anomalies and is sensitive to climate change 365 

(Vicente-Serrano et al. 2010). However, both SPI and SPEI require calibration of thresholds and selection of appropriate 

accumulation periods to assess the risk of specific impacts. 

With regard to vegetation impacts, soil moisture is often considered the most relevant indicator of drought stress (Liu et al. 

2020). However, both direct and indirect observations of soil moisture remain challenging. Direct measurements using the 

gravimetric method are extremely rare and spatially inconsistent (Dorigo et al., 2021). Indirect estimates from microwave 370 

remote sensing represent only a very shallow surface layer (Kerr et al., 2016). Variability in deeper soil moisture and 

groundwater can be inferred from the Gravity Recovery and Climate Experiment (GRACE), but its spatial resolution and 

accuracy are insufficient for detailed vegetation drought assessments (Reager et al. 2009). Moreover, the actual amount of 

soil moisture accessible to plants remains uncertain, due to poorly constrained rooting depths and limited knowledge of soil 

properties affecting water retention and accessibility (Gao et al., 2014, Fan et al. 2017, Tariq et al. 2024). 375 

The complexity increases further because vegetation drought stress is not solely determined by soil moisture but also by 

atmospheric vapor pressure deficit (VPD), a variable that is rarely available from direct observations (Novick et al. 2016, 

Grossiord et al. 2020, Novick et al. 2024). This is particularly relevant for flash droughts, an emerging climate change-
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related phenomenon characterized by rapid onset (Pendergrasse et al. 2020). Critically, flash droughts are often driven by 

VPD conditions that are not captured by standard indicators such as SPI and SPEI, which are better suited to slowly evolving 380 

droughts (Otkin et al. 2018, Yuan et al. 2018, Lesinger and Tian 2022). 

In this context, the CEFI dataset can help fill these gaps by providing a direct, observation-based method to detect whether 

vegetation is under drought stress conditions. The CEFI is well correlated with, yet substantially distinct from, the 

aforementioned drought indicators. Therefore, the CEFI not only enhances the effectiveness of drought monitoring systems, 

but also opens new avenues for scientific research and potential applications. These include the estimation of fire risk in 385 

vegetated regions, crop production in agricultural areas, surface wind and dust production in arid environments, and the 

assessment of urban structure effectiveness for climate mitigation.  

To our knowledge, no spatially distributed wind observations exists. Therefore, wind applications rely on poorly constrained 

modelling products. In this respect the CEFI can be used to better constrain the surface parameters and the turbulence 

parameterization of atmospheric models, advancing significantly meteorological forecast and climate projections as well as 390 

applications wind power generation and air quality estimations. 

Fire risk monitoring is currently based on combined indicators such as the Fire Weather Index (FWI) developed by the 

Canadian Forest Service in the late 1960s, as well as similar methodologies that inform of the favourable meteorological 

conditions to triggering a wildfire (He et al. 2025). In this respect, this paper demonstrated that the CEFI can provide 

additional information purely based on observations of the actual status of vegetation drought stress, possibly incrementing 395 

the accuracy of the fire risk monitoring systems. 

Moreover we have shown a very promising example of application of the CEFI in agriculture, which is a very important 

component of the global society that is under threat because of climate change. Generally, it was understood that climate 

variability could affect about one third of the main crops’ production (Ray et al. 2015). Subsequent research has 

demonstrated that accurate indicators could explain a larger share of the interannual variability, 42% for wheat and 50% for 400 

maize (Zampieri et al. 2017, 2019a). The simple and rough estimation reported in this paper achieved 64% for maize in 

South Africa. Therefore, including the CEFI in more sophisticated methodologies accounting for detailed spatial distribution 

of the crops’ phenological phases such as the Combines Stress Index (CSI, Zampieri et al. 2017, 2019a) can probably 

improve the performances of crop production anomalies estimation, with important implications for global food security.  

Last but not least, we demonstrated the potential application of the CEFI for the urban areas. This is particularly important 405 

because, about 55–57% of the world’s population already lives in urban areas, a share projected to rise to nearly 70% by 

2050 (Massaro et al. 2023). Cities concentrate people, infrastructure, and economic activity, making them highly exposed to 

climate risks such as heatwaves, flooding, water scarcity, and air pollution, which can amplify social inequalities. This 

makes urban climate adaptation such resilient infrastructure, green spaces, improved water management, and heat mitigation, 

essential to protect lives, sustain economic productivity, and ensure livable cities under a changing climate. In this context, 410 

the CEFI can provide an observational constraint to evaluate the cities’ cooling efficiency quantifying the relative roles of 

the fundamental properties that enhance the climate adaptation potential. 
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6 Conclusions 

The Cooling Efficiency Factor Index (CEFI) is an observational dataset that quantifies the land surface energy dissipation 

through turbulent and ecohydrological processes. It is defined based on diurnal variations in apparent heat capacity, a land 415 

surface property derived from geostationary satellite data acquired by the EUMETSAT’s Meteosat Second Generation 

(MSG) program. The dataset is available from 2005 onward and covers Europe, Africa, and parts of West Asia and South 

America at a spatial resolution of 5 km. The spatial variability of the CEFI reflects differences in land surface properties, 

including surface roughness, vegetation cover, and water availability. Its temporal variability primarily serves as a proxy for 

drought stress events over vegetated regions and for wind speed anomalies over bare ground. Similarly to other satellite data, 420 

the use of CEFI also comes with some caveats, particularly related to the limited number of valid daily estimates requiring 

clear-sky conditions, which decreases substantially in tropical regions and at high latitudes. The operational application of 

CEFI should therefore be conducted with awareness of the variability in the number of daily estimates used to derive 

monthly CEFI values. An advantage of the CEFI compared to other satellite data is the robust estimation of the acquisitions 

error. The large coefficient of variation compared with the relative error suggests that the observed variability is not 425 

dominated by estimation uncertainty. In this respect, we have preliminarily demonstrated how the CEFI can be applied to 

assess natural vegetation and agricultural drought stress and productivity anomalies, wind-driven turbulence, fires, dust 

emission, and urban thermal behavior. Its strong consistency with established datasets such as CHIRPS, ESA-CCI soil 

moisture, MODIS NDVI, GLEAM stress factor, ERA5-Land 10 m wind speed, MODIS burned area, FAOSTAT crop 

production anomalies, and dust activity from the CAMS global reanalysis (EAC4) demonstrates that CEFI is a physically 430 

grounded integrative variable capable of revealing otherwise difficult-to-observe processes, especially in near real time. 

Because the index is fully observation-based, continuously updated, and globally scalable wherever suitable geostationary 

satellite data are available, CEFI has the potential to become a practical tool for climate monitoring, early warning systems, 

model evaluation and development, and adaptation planning in a warming world. 
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