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A B S T R A C T

Fog is crucial to the hydrological processes in Pithoragarh district, Uttarakhand, significantly affecting local 
water systems and ecosystems. This study employed five machine learning (ML) models, Gradient Boosting 
Machine (GBM), AdaBoost (ADB), Model Averaged Neural Network (avNNet), Naive Bayes (NB), and Shrinkage 
Discriminant Analysis (SDA) to map fog water potential in the area. Using data from 100 foggy locations and 23 
variables (hydro-climatic, topographical, and terrain), the models were rigorously evaluated. Results showed 
that GBM, ADB, avNNet, NB, and SDA models identified high fog water potentiality classes in 43.91 %, 43.84 %, 
44.79 %, 42.97 %, and 34.16 % of the area, respectively. ADB and GBM performed best (AUC = 0.999), followed 
by avNNet (AUC = 0.967), SDA (AUC = 0.967), and NB (AUC = 0.941). Key factors influencing fog occurrence 
included elevation, wind speed, wind exposition index, relative humidity, and mean power density, identified 
using the ordinary least square (OLS), various nature-inspired algorithms (such as GA, PSO, GO, DFO, HHO, and 
GWO), Pearson correlation, and Boruta sensitivity analysis. In this investigation, the linear regression approach 
was also applied to utilize ensembles of EC-Earth3, NorESM2-LM, and MIROC6 CMIP6 models for fog water 
forecasting climate conditions spanning from 2025 to 2055. Approximately 22.81 % and 21.52 % of the study 
area consistently exhibit very high potential for fog water harvesting (FWH) under the ssp245 and ssp585 sce
narios, respectively. This research lays a foundation for addressing environmental concerns related to FWH and 
represents a significant step towards mitigating water scarcity, contributing to water security in the eastern 
Himalayas in line with Sustainable Development Goal 6 (SDG 6).

1. Introduction

Water is essential for human health and the well-being of ecosystems 
and societies (Cheng et al., 2021). Nonetheless, issues such as freshwater 
scarcity and pollution threaten its availability, leaving millions without 
access to safe water, a situation expected to worsen by 2025 (WHO, 
2023). Climate change exacerbates this issue by increasing water de
mand, particularly in Southeast Asia and other developing regions, due 
to rising consumption (Ismail and Go, 2021). This situation necessitates 
the efficient use of resources and the exploration of new water sources 

(Feng et al., 2020).
Fog water harvesting (FWH) provides a sustainable and cost- 

effective solution by harnessing atmospheric humidity to supply fresh 
water, effectively addressing water scarcity in water-stressed regions 
(ASEAN, 2015; Al-Jawad et al., 2019; Khoury et al., 2023; Yu et al., 
2021; Han and Guo, 2021; Elashmawy, 2020; Jarimi et al., 2020; 
Hoekstra et al., 2017; Fessehaye et al., 2017). This approach aligns with 
the UN Sustainable Development Goal 6 (SDG 6), which advocates for 
universal access to clean water and improved local availability 
(Shanyengana et al., 2003, Fessehaye et al., 2013). In regions like 
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Southern Bolivia, FWH is used for fog-based irrigation to secure food 
supplies (Castelli et al., 2023). In Southeast Asia, it helps reduce 
dependence on conventional water sources such as wells (Vanham, 
2016; Zhou and Dai, 2017; Kutty et al., 2014). The successful application 
of this technology in countries including Canada, Saudi Arabia, and 
Chile further demonstrates its effectiveness (Gandhidasan et al., 2018; 
Olivier, 2002; LeBoeuf and de la Jara, 2014; Marzol and Sanchez, 2008; 
Fessehaye et al., 2015; Henderson and Falk, 2001; Ritter et al., 2015).

In such contexts, accurately identifying potential fog water sources is 
essential for conducting effective cost–benefit analyses, minimizing ex
penses, and ensuring project feasibility (Domen et al., 2013; Kutty et al., 
2014). Geographic Information System (GIS) and Remote Sensing (RS) 
are invaluable tools for planning and selecting suitable sites for FWH 
systems. For example, Pretorius (2009) utilized GIS-RS methods in South 
Africa to locate potential FWH sites by evaluating factors such as 
elevation and slope, which provide safe drinking water to remote 
mountainous communities. Similarly, Fessehaye et al. (2015) used 
NASA’s Aqua/Terra satellite imagery to assess fog feasibility in Eritrea, 
while Choudhury et al. (2007) applied NOAA-AVHRR data to map fog 
distribution in northern India. These studies demonstrate that by 
leveraging GIS/RS techniques and analyzing geospatial factors (e.g., 
wind speed, air temperature, and humidity), it is possible to identify 
optimal FWH locations, ensuring efficient resource use and reliable 
water supply for communities.

These international experiences demonstrate that FWH can be 
adapted for regions like Uttarakhand, where water scarcity is intensi
fying due to climate change and population growth, affecting many 
villages (NITI Aayog, 2019, Nand et al., 2017, Singh et al., 2015, Ground 
Water Year Book, Uttarakhand − 2022, Singh, 2016). Identifying po
tential FWH sites in this region could benefit rural populations by 
providing fresh drinking water, supporting agriculture, enhancing 
livelihoods, and improving health and hygiene. While FWH might only 
meet a portion of the total water needs, it can significantly enhance the 
overall well-being of these communities.

While previous FWH studies have focused on modeling fog dynamics 
using hydrological variables, these approaches often require extensive 
datasets and complex computations (Qadir et al., 2018; Qadir et al., 
2021; Gandhidasan et al., 2018; Mistry and Hurst, 2022). In recent 
years, research has shifted toward integrating Machine Learning (ML) 
algorithms with RS and GIS data for socio-environmental modeling in 
FWH. For instance, Karimidastenaei et al. (2019) introduced the 
Fog-water Harvesting Capability Index (FCI), which employs condi
tioning factors and ML models to identify ideal FWH sites. Despite its 
promise, this approach considered a limited number of factors and 
models.

To enhance FWH, our study investigates the use of advanced ML 
models to identify fog-prone areas in the Pithoragarh district under 
current and projected climate change conditions. Recognizing the sig
nificant impact of geo-environmental factors such as topography, hy
drological conditions, and climate on fog formation (Haghighi et al., 
2019; Karimidastenaei et al., 2019), we incorporate these variables as 
inputs for our modeling. We employ a set of ML models, including 
Gradient Boosting Machine (GBM), AdaBoost (ADB), Averaged Neural 
Network (avNNet), Naive Bayes (NB), and Shrinkage Discriminant 
Analysis (SDA), to produce detailed FWH distribution maps. Our 
framework leverages diverse environmental variables and RS imagery to 
create comprehensive maps that identify potential FWH sites. Addi
tionally, we evaluate the future prospects of FWH by analyzing climate 
model simulations from EC-Earth3, NorESM2-LM, and MIROC6 under 
the CMIP6 framework’s ssp245 and ssp585 scenarios for the period 
2025-2055.

2. Material and methods

2.1. Study area

The study area lies in the southern part of the Central Himalayas, 
within the Pithoragarh district of Uttarakhand, India (80◦–81◦E, 
29◦4′–30◦3′N), at an elevation of ~1,645 m above mean sea level 
(Fig. 2), covering an area of about 489.26 km2. Pithoragarh has a 
temperate climate characterized by distinct seasonal variations in tem
perature. The region receives most of its rainfall (~166 mm annually) 
during the southwest monsoon and experiences around 140 rainy days 
per year. January is typically the coldest month (average temperature of 
3.23 ◦C), while May is the hottest, with temperatures often exceeding 
33 ◦C. During winter, members of the Bhotiya tribe migrate to lower 
altitudes with their livestock.

Pithoragarh hosts diverse water sources, including lakes, springs, 
and groundwater reserves. However, these resources have become 
increasingly threatened due to climate change, over-extraction, rapid 
urbanization, and population growth. Agriculture, the primary con
sumer of water in the state, accounts for a substantial proportion of total 
demand (URL: https://prepdata.org/dashboards/uttarakhand-water-r 
esources).

Fig. 2 illustrates a declining trend in precipitation from 1960 to 2023 
based on TerraClimate data. This observation aligns with the results of 
the Mann-Kendall trend test at rain gauge stations in Pithoragarh and 
Chamoli, both showing significant changes in precipitation (p < 0.05; 
Supplementary Table 1). In addition, GRACE satellite data (2002–2023) 
reveal a sharp decline in equivalent water thickness (EWT), decreasing 
from 42.099 cm to − 121.367 cm, with annual losses ranging from − 5.65 
to − 6.79 cm. These findings indicate increasing water stress in the re
gion and highlight its potential for adopting FWH as a sustainable water 
management strategy, particularly under changing climate conditions.

2.2. Inventory of fog sampling

The upper regions of our study area are highly susceptible to winter 
valley fog, driven by cold air settling in low-lying terrain, and are 
influenced by local hydro-meteorological and orographic conditions 
(Sánchez-Falfan et al., 2023). To support spatial modeling of FWH, we 
conducted ground-based fog sampling at 200 georeferenced locations, 
including key locations such as Bassey, Sirtha, Hallpat, and Karma (see 
Fig. 1). These sampling points were selected based on historical mete
orological data, fog frequency, temperature, humidity, visibility, and 
field reconnaissance.

Field campaigns were conducted during the peak fog periods in 
December and January of 2021 and 2022, with additional surveys in 
October and November 2022 to capture seasonal variations. Observa
tions were recorded between 6:00 and 8:00 a.m., when fog conditions 
were most stable. Each site was geolocated using a Garmin eTrex 20 
GPS, with on-site measurements of air temperature, humidity, and vis
ibility collected using handheld sensors and visual assessments. Loca
tions with recurring dense fog (visibility less than 500 m) were 
prioritized to enhance ground-truth data reliability. To ensure spatial 
representativeness, the sampling included various elevation bands, ori
entations, and proximities to land use features such as built-up areas, 
ridges, and valleys. Local knowledge was also used to identify micro
zones with historically persistent fog. The sampling data were converted 
into a binary format for model training and validation, with "1″ indi
cating the presence of fog and "0″ indicating its absence. The dataset was 
then divided using a 70:30 train-test split, where 140 plots were allo
cated for training the model and 60 plots were reserved for testing.

2.3. FWH factors

The present study utilized multiple RS data sources, including 
TRMM, NOAH FLDAS, SRTM DEM, ESA World Cover, Landsat 8, and 
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Sentinel-2B, to assess the potential of fog water resources in the Pith
oragarh region, Uttarakhand, India (Table 1). A total of twenty-three key 
topographic, environmental, and climatic parameters influencing fog 
formation were selected based on previous research (Karimidastenaei 
et al., 2019). These variables were categorized into three groups based 
on their relevance and interdependency: hydroclimatic parameters 
(precipitation (Pr), minimum and maximum (Tmax, Tmin) temperature, 
vapour pressure (VAP), wind exposition index (WEI), wind speed (WS), 
mean power density (PD), diurnal anisotropy heating (DAH) and topo
graphic wetness index(TWI)), topographical parameters (elevation, 
aspect, slope, curvature, terrain ruggedness index (TRI), and topo
graphic positional index(TPI)), and terrain distribution parameters (land 
use/land cover, land surface temperature (LST), distance to roads 
(DistRoad), distance to river (DistRiver), distance to buildings (Dis
tBuildings), and normalized vegetation index (NDVI)). The Pr, Tmax, 
Tmin, RH, and WS parameters were used to project FWH trends using 
ensembles of EC-Earth3, NorESM2-LM, and MIROC6 CMIP6 models 
under the CMIP6 framework’s SSP2-4.5 and SSP5-8.5 scenarios from 
2025-2055.

In our processing workflow, all temporal features were averaged on 
an annual basis to ensure consistency. Along with other raster layers, 
they were then resampled to a spatial resolution of 30 × 30 m using 
bilinear interpolation, preparing them for the implementation of ML 
models. This process was carried out using R (version 4.4.0), Python 
(version 3.10), and ArcGIS (version 10.7). The computational tasks were 
performed on a desktop computer equipped with an Intel® Core™ i7- 

5700HQ CPU (3.50 GHz), 32 GB RAM, and an NVIDIA GeForce GTX 
970M GPU, running Windows 10.

2.3.1. Topographical parameters

2.3.1.1. Elevation. Elevation enhances FWH by increasing exposure to 
fog-laden air, especially in mountainous regions where cooler temper
atures and orographic lifting promote fog formation (Fessehaye et al., 
2013). This study utilized elevation data from the U.S. Geological Sur
vey (USGS) Digital Elevation Model (DEM) accessed via Google Earth 
Engine (GEE), using the "USGS/SRTMGL1_003″ dataset, which provides 
30-m resolution layers (Fig. 3a). The study area’s elevation ranges from 
416 to 2474 m, with a mean of approximately 1426 m.

2.3.1.2. Slope. Topographic slope influences FWH by affecting fog 
interception and airflow dynamics. Moderate slopes enhance droplet 
capture efficiency, while steep slopes may hinder infrastructure stability 
and increase runoff loss (Schemenauer and Cereceda, 1994). A slope 
angle map was generated from DEM data using ArcGIS 10.7’s "Spatial 
Analyst" tool, showing slope values in the study area ranging from 0 to 
88.09◦ (Fig. 3b).

2.3.1.3. Aspect. Aspect from DEM data affects FWH by orienting slopes 
in relation to fog-bearing winds, with slopes facing the wind getting 
better moisture interception and fog exposure, enhancing collection 
efficiency (Schemenauer and Cereceda, 1994). In the Northern 

Fig. 1. Study area showing the Pithoragarh region with Field photographs of fog sampling ground location; (A) Bastey (29◦58ʹ04ʺN, 80◦17ʹ06ʺ◦E), (B) Halipati 
(29◦06ʹ 08ʺ N, 80◦22ʹ04ʹʹ E), (C) Sirrha (29◦01ʹ20ʹʹ N, 80◦30ʹ08ʹʹ E), and (D) Kurma (29◦55ʹ 07ʺ N, 80◦24ʹ20ʺ10◦ E).
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Hemisphere, north-facing slopes remain cooler and retain more mois
ture, which promotes higher fog persistence. This aspect map was 
derived from the DEM using the “Aspect” tool within the “Surface” 
toolbox of the “Spatial Analyst extension” in ArcGIS version 10.7. The 
resulting map was classified into eight directional categories: north, 
south, east, west, northeast, southeast, northwest, and southwest 
(Fig. 3c).

2.3.1.4. Curvature. Curvature influences FWH by affecting airflow dy
namics and moisture accumulation. Concave surfaces tend to concen
trate fog moisture and enhance water collection, whereas convex 
surfaces promote fog dispersion and reduce potential (Agam and Ber
liner, 2005). The Curvature map was generated from the DEM using 
ArcGIS 10.7’s “Curvature” tool in the “Surface” section. This map 
(Fig. 3d) illustrates the terrain’s concavity (from − 33.78 to 0) and 
convexity (from 0.0001 to 307.09) within the study area.

Fig. 2. Precipitation (1960–2023) and EWT (2002–2023) trends of the study area, adopted form (Sahoo et al., 2025).
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2.3.1.5. Terrain ruggedness index (TRI). The TRI influences FWH by 
affecting airflow patterns and local microclimates. Moderate terrain 
ruggedness can improve fog capture efficiency, whereas excessive 
ruggedness may reduce efficiency due to installation challenges and 
increased surface runoff (Fessehaye et al., 2013). TRI was calculated to 
assess surface roughness using the DEM in ArcGIS 10.7, utilizing the 
“Focal Statistics” tool under “Neighborhood” and the “Raster Calcu
lator” under “Map Algebra”toolbox. For this study, TRI values ranged 
from 0.11 (maximum ruggedness) to 0.89 (minimum ruggedness) (see 
Fig. 3e), calculated as (Riley et al., 1999a,b): 

TRI=

(
1
n
∑n

i=1
(Zn − Zi)

2

)0.5

(1) 

where, Zn is the elevation of the desired pixel, Zi is the neighbouring 
pixel elevation, and n refers to number of surrounding pixels, which is 
usually considered eight. 

Topographic positional index (TPI)

TPI informs FWH by indicating a location’s position in the landscape. 

High TPI values, found on ridges and hilltops, expose sites to fog-laden 
winds and enhance moisture collection, while low TPI areas like valleys 
may have modest fog interception (Jenness, 2006). In this study, TPI was 
calculated using Quantum GIS v2.18.16 as described in Eq. (2)
(Chauniyal and Dutta, 2018), with values ranging from − 72.33 to 
597.33 m (Fig. 4f). 

TPI=
Epixel

Esurrounding
(2) 

where Epixel is the elevation of each cell, and Esurrounding is the average 
elevation of the neighbouring pixels.

2.3.1.6. Sky view factor (SV). The Sky View factor (SV) is defined as the 
ratio of visible sky at a point to the entire hemisphere above (Böhner and 
Antonić, 2009). It varies across landscapes, with higher SV areas 
generally experiencing less fog due to increased visibility (Olcinal, 
2013). SV affects FWH by controlling sky exposure; lower SV areas (like 
valleys) retain fog longer, enhancing water capture, while higher SV 
areas facilitate faster fog dissipation (Jiao et al., 2019). The SVF is 
calculated as follows (Böhner and Antonić, 2009): 

Table 1 
Conditioning factors used for current and future FWH mapping.

Parameter Conditioning subfactors Min. Max Avg. Std. Description Type Source

Topographic Elevation (m) 416 2474 1421 420 USGS/SRTMGL1_003 DEM, 30 
m

Numerical (URL:https://cmr.earthdata. 
nasa.gov/)Slope (%) 0 75.92 25.55 11.99 Numerical

Aspect – – – – Categorical
Curvature – – – – Categorical
TRI 0.111 0.888 0.494 0.08 Numerical
TPI − 72.33 597.33 − 0.28 15.90 Numerical
Sky view factor (SV) 0.121 1 0.90 0.07 Numerical

Hydro- 
Climatic

Precipitation (Pr) (mm) 124.63 144.19 132.13 3.23 IDAHO_EPSCOR/ 
TERRACLIMATE, 4638.3 m, 
(1960–2023)

Numerical (URL: https://www.climatol 
ogylab.org/terraclimate)Maximum temperature 

(Tmax) (◦C)
21.31 27.38 24.79 1.23 Numerical

Minimum temperature 
(Tmin) (◦C)

11.93 16.10 14.08 0.89 Numerical

Vapour pressure (VAP) 
(kPa)

1.32 1.72 1.53 0.08 Numerical

Wind exposition index 
(WEI)

0.75 1.34 1.04 0.10 USGS/SRTMGL1_003 DEM, 30 
m

Numerical (URL:https://cmr.earthdata. 
nasa.gov/)

Wind speed (WS) (m/s) 0.37 5.52 2.40 0.77 Global Wind Atlas at 50 m 
height, 250 m

Numerical (URL: https://globalwindatlas. 
info/en/about/method)Mean power density 

(PD) (w/m2)
0.12 350.65 31.77 34.11 Numerical

Diurnal anisotropy 
heating (DAH)

− 0.89 0.91 0.025 0.33 USGS/SRTMGL1_003 DEM, 30 
m

Numerical (URL:https://cmr.earthdata. 
nasa.gov/)

Relative Humidity (RH) 
(%)

53.74 61.02 58.49 0.99 NOAA/GFS0P25 (2015–2023) 
27830 m,

Numerical (URL:https://www.ncei.noaa. 
gov/products/weather-cl 
imate-models/global-forecast)

Topographic wetness 
index (TWI)

0.01 18.50 5.65 1.68 USGS/SRTMGL1_003 DEM, 30 
m

Numerical (URL:https://cmr.earthdata. 
nasa.gov/)

Terrain 
distribution

Land Use Land Cover 
(LULC)

– – – – ESA WorldCover 10 m, 2021 Categorical (URL: https://esa-worldcover. 
org/en)

Land surface 
temperature (LST), (◦C)

12.61 28.54 21.16 2.31 LANDSAT/LC08/C02/T2_L2, 
Landsat 8, 30 m 2021–2022 
(March–May)

Numerical (URL: https://www.usgs.gov/)

Normalized difference 
vegetation index 
(NDVI)

− 0.289 1 0.626 0.136 Sentinel-2B, 10 m, (2021–2022) Numerical URL: https://Sci-Hub.coperni 
cus.eu/

Distance to road 
(DistRoad) (Km)

0 2.97 0.049 0.047 Open street map, vector layer Numerical (URL: https://www.openstree 
tmap.org/)

Distance to river (Km) 0 3.35 0.082 0.064 HydroSHEDS, river network, 
vector layer

Numerical (URL: https://www.hydrosheds 
.org/)

Distance to buildings 
(DistBuildings) (Km)

0 15.27 6.50 3.47 Open street map, Google earth, 
vector layer

Numerical (URL: https://www.openstree 
tmap.org/)

Future 
climatic 
data

Precipitation (Pr) (mm) NASA/GDDP-CMIP6, 27830 m, (2025–2055), (ssp245, ssp585)NorESM2-LM, EC- 
Earth3, MIROC6

Numerical (URL: https://registry.opend 
ata.aws/nex-gddp-cmip6/)Maximum temperature 

(Tmax) (◦C)
Numerical

Minimum temperature 
(Tmax) (◦C)

Numerical

Relative humidity (RH) 
(%)

Numerical

Wind Speed (WS) (m/s) Numerical
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Fig. 3. FWH factors: topographical parameters: (a)–(g): (a) elevation, (b) slope, (c) aspect, (d) curvature, (e) TRI, (f) TPI and (g) sky view factor (SV); hydro-climatic 
parameters (h)–(p): (h) precipitation (Pr), (i) maximum temperature (Tmax), (j) minimum temperature (Tmin), (k) Vapour pressure (VAP), (l) wind exposition index 
(WEI), (m) wind speed (WS), (n) mean power density (PD), (o) diurnal anisotropy heating (DAH), (p) relative Humidity (RH), and (q) topographic wetness index 
(TWI); and Terrain distribution parameters (r)–(w): (r) land use land cover (LULC), (s) land surface temperature (LST), (t) Normalized difference vegetation index 
(NDVI), (u) distance to road, (v) distance to buildings and (w) distance to river.
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SV=
1
N
×
∑N

i=1

[
cos β.cos2 βφi + sin β.cos(ϕi − α).(90 − φi − sin φi.cos φi)

]

(3) 

where N is the number of azimuth directions used to sample the full 
circle, ϕi is the horizon angle (in degrees) in the i-th direction, and ϕi is 
the corresponding azimuth angle at each point in the DEM; β represents 
the slope angle of the surface, while α denotes the aspect, or the azimuth 
of the slope’s steepest descent.

For this study, the SVF was calculated using SAGA GIS (Olaf et al., 
2015) by accessing the “Terrain Analysis” tools and selecting “Lighting, 
Visibility.” SVF values range from 1, indicating unobstructed horizontal 
surfaces such as ridges or peaks, to 0, representing completely 
obstructed terrain (Böhner and Antonić, 2009). Fig. 3g presents the 
spatial distribution of SVF across the Pithoragarh region.

2.3.2. Hydro-climatic parameters

2.3.2.1. Precipitation (Pr). Precipitation influences FWH by increasing 
atmospheric humidity and surface wetness, which support fog forma
tion. In arid regions, fog serves as a crucial supplementary water source, 
making fog collection systems highly relevant (Agosta et al., 2025). The 
annual average precipitation from 1960 to 2023 was mapped using 
TerraClimate datasets (https://www.climatologylab.org/terraclimate. 
html), which integrate WorldClim averages with CRU Ts4.0 and 
JRA55 data to provide fine-scale temporal information at approximately 
4638-m resolution. This map was generated using the Inverse Distance 
Weighting (IDW) method in ArcGIS 10.7 Spatial Analyst toolbox. The 
western part of the study area experiences the highest annual precipi
tation (~144.19 mm), while the overall average across the region is 
132.13 mm (Fig. 3h).

2.3.2.2. Maximum temperature (Tmax). Tmax affects FWH by influ
encing evaporation and fog persistence. Higher Tmax increases evapo
ration, reducing available fog moisture and shortening fog duration, 
which limits the efficiency of condensation on mesh collectors. 
Conversely, in cooler regions with lower Tmax, fog tends to persist 
longer, enhancing water collection potential (Kaseke and Wang, 2018). 
Annual Tmax data from 1960 to 2023 were sourced from the TerraCli
mate dataset (https://www.climatologylab.org/terraclimate.html) and 
used to generate a spatial temperature distribution map via Inverse 
Distance Weighting (IDW) interpolation in ArcGIS 10.7. The Tmax in the 
study area ranges from 21.31 ◦C to 27.37 ◦C, with an average of 24.79 ◦C 
(Fig. 3i).

2.3.2.3. Minimum temperature (Tmin). Lower Tmin values favor fog 

formation by enhancing nighttime cooling and limiting evaporation, 
thereby increasing the efficiency of fog water collection (Kaseke and 
Wang, 2018). A spatial Tmin map was developed using TerraClimate 
data (1960–2023) and interpolated with the Inverse Distance Weighting 
(IDW) method in ArcGIS. Tmin values in the study area range from 
11.93 ◦C to 16.09 ◦C, with an average of 14.07 ◦C (Fig. 3j).

2.3.2.4. Vapour pressure (VAP). VAP reflects the atmospheric moisture 
content and plays a vital role in fog formation. Higher VAP levels in
crease the potential for condensation, thereby enhancing fog water 
harvesting efficiency. In contrast, lower VAP reduces the likelihood of 
fog development and the amount of condensable water on collection 
surfaces (Preetha et al., 2025). The spatial distribution of VAP across the 
study area was derived from TerraClimate datasets (1960–2023) using 
IDW interpolation. As shown in Fig. 3k, VAP values range from 1.32 kPa 
to 1.721 kPa, with the highest levels observed in the southern and 
eastern regions.

2.3.2.5. Wind exposition index (WEI). WEI measures a site’s exposure to 
prevailing winds, affecting fog interception. Higher WEI values indicate 
greater exposure to moisture-laden winds, enhancing fog water collec
tion, while lower values denote sheltered areas with less fog (Carvajal 
et al., 2021). Calculated using SAGA GIS Terrain Analysis, WEI is unit
less, with values below 1 indicating sheltered zones and above 1 indi
cating wind-exposed areas (Böhner and Antonić, 2009). In this study, 
WEI ranges from 0.753 to 1.33 (Fig. 3l).

2.3.2.6. Wind speed (WS). WS affects FWH by influencing fog droplet 
movement toward collectors. Moderate winds enhance moisture cap
ture, while high speeds can disperse fog, reducing efficiency, and low 
speeds may limit fog flow and collection rates (Carvajal et al., 2021). 
The Global Wind Atlas helps identify strong wind areas for energy 
production, offering free, advanced datasets. It enables users to conduct 
initial assessments and offers free access to downloadable datasets 
created using up-to-date data and advanced modeling techniques (htt 
ps://globalwindatlas.info/en). WS maps at 50 m were created using 
these datasets via GEE (https://gee-community-catalog.org/projects/ 
gwa/), with WS ranging from 0.37 m/s to 5.51 m/s and an average of 
2.9 m/s across the study area (Fig. 3m).

2.3.2.7. Mean power density (PD). Represents the amount of wind en
ergy available per unit area and significantly influences fog transport 
and concentration, impacting fog water harvesting (FWH) efficiency. 
Higher PD can enhance wind-driven fog movement but may reduce 
droplet deposition due to excessive turbulence (Khoury et al., 2023; 
Gandhidasan et al., 2018). In this study, PD data at 50 m were obtained 

Fig. 4. Flowchart of methodology for FWH mapping.
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from the Global Wind Atlas for precise wind resource assessment. The 
eastern region exhibited the highest PD values, reaching up to 350.64 
W/m2, with an average of 31.76 W/m2 across the study area (Fig. 3n).

2.3.2.8. Diurnal anisotropy heating (DAH). DAH describes differential 
land warming affecting atmospheric conditions and fog behavior. High 
DAH areas experience winds that disperse fog, reducing FWH efficiency, 
while areas with lower DAH maintain fog stability, improving collection 
potential (Karimidastenaei et al., 2019). DAH in QGIS is estimated using 
the SAGA GIS tool available in the Processing Toolbox. DAH was esti
mated using SAGA GIS based on Eq. (4), where its values for our study 
area ranged from 0.907 to − 0.89 (Fig. 3o). 

Hα = cos (αmax − α) × arctan (β) (4) 

where, αmax represents the aspect with the highest overall heat surplus, α 
denotes the slope aspect, and β indicates the slope gradient.

2.3.2.9. Relative humidity (RH). RH plays a crucial in FWH by influ
encing fog formation and duration. High RH levels mean the atmosphere 
can retain more moisture, facilitating fog formation and enhancing 
water condensation on collection surfaces. Near-saturation conditions 
(RH near 100 %) typically result in more efficient water capture. 
Conversely, low RH indicates drier air, reducing fog development and 
the effectiveness of fog harvesting systems (Bai et al., 2024). 
NOAA/GFS0P25 datasets from 2015 to 2023 were used to create an 
annual average RH map. The yearly average RH ranged from 53.73 % to 
61.02 %, with a mean of 58.58 % across the study area (Fig. 3p). Higher 
RH values were observed in the southernmost region.

2.3.2.10. Topographic wetness index (TWI). Quantifies water accumu
lation based on slope and catchment area, providing insights into po
tential moisture distribution across a landscape (Mehravar et al., 2023). 
High TWI values highlight wet zones that are particularly suitable for 
fog water harvesting, while low values indicate drier conditions, 
limiting fog accumulation. TWI is computed using Equation (5) in the 
ArcGIS environment, based on the DEM data: 

TWI= ln
(

As

tan β

)

(5) 

where, As is the catchment area, and β is the slope angle. In our study 
area, the maximum TWI value observed is 18.5, illustrating significant 
potential for moisture retention (Fig. 3q).

2.3.3. Terrain distribution parameters

2.3.3.1. Land use/land cover (LULC). LULC affects FWH by changing 
the landscape’s ability to intercept moisture. Vegetated areas, such as 
forests and shrubs, enhance fog condensation, improving water collec
tion efficiency. In contrast, urban and barren lands reduce fog capture 
due to limited surface roughness. The LULC map was generated by 
masking the ESA World Cover 2021 data with a spatial resolution of 10 
m using the GEE platform (Zanaga et al., 2021). The ESA WorldCover 
2021 dataset offers global land cover information at 10 m resolution 
using Sentinel-1 and Sentinel-2 data. It classifies LULC into 11 categories 
for the year 2021. This product was developed under ESA’s EOEP-5 
program (URL: https://esa-worldcover.org/en). The LULC classes in 
the study area were categorized into seven types: tree cover (71.42 %), 
shrubland (0.05 %), grassland (18.95 %), cropland (4.95 %), built-up 
(1.51 %), bare/sparse vegetation (2.14 %), and water bodies (0.97 %), 
(Fig. 3r; Supplementary Table 2).

2.3.3.2. Land surface temperature (LST). LST influences fog formation 
through moisture condensation. Lower LST values supports fog reten
tion and improves water collection efficiency, whereas higher LST 

values reduces humidity and harvesting potential, making cooler sur
faces ideal for fog capture. The average LST map was generated using 
Landsat 8 (L8) data for the period from March to May 2021–2022 
(Fig. 3s). The Statistical Mono-Window (SMW) algorithm was used to 
estimate LST from thermal infrared satellite data through the GEE cloud 
platform (Ermida et al., 2020), as follows: 

LST= a⋅TB + b⋅
TB

ϵ
+ c (6) 

where TB is brightness temperature, ϵ is surface emissivity, and a, b, c 
are regression coefficients, specific to the satellite sensors and condi
tions. The maximum LST was around 25.84 ◦C in southern and central 
areas, with a mean LST of 21.15 ◦C across the study area.

2.3.3.3. Normalized vegetation index (NDVI). NDVI reflects vegetation 
cover, which influences local humidity, water efficiency, and microcli
mate stability. High NDVI facilitates moisture retention and enhances 
FWH effectiveness (Qiao et al., 2020), while low NDVI can hinder fog 
development. The 2021–2022 NDVI map was created using Sentinel-2B 
images via GEE (Fig. 3t), calculated from the Near Infrared (NIR) and 
Red bands (Huang et al., 2016): 

NDVI=
NIR − Red
NIR + Red

(7) 

The mean NDVI value of the study area was 0.62 (Huang et al., 
2016).

2.3.3.4. Distance to road (DistRoad). Distance to roads was included as 
a conditioning factor for FWH, as roads can alter local microclimates 
through heat emissions and modifications to airflow patterns, thereby 
hindering fog formation (Karimidastenaei et al., 2019; Baldocchi and 
Waller, 2014; Williams et al., 2015). We expect that areas farther from 
roads offer better conditions for fog formation. Road data were sourced 
from OpenStreetMap (OSM) and processed in ArcGIS to calculate dis
tances, which ranged from 0 to ~2.97 km (Fig. 3u).

2.3.3.5. Distance to buildings (DistBuildings). Proximity to buildings af
fects airflow and fog dynamics interception, influencing FWH efficiency 
(Verbrugghe and Khan, 2023). Buildings can also modify local micro
climates through heat retention, altered wind patterns, and the emmi
sion of air pollutants. Thus, we expect areas farther from buildings to be 
more conducive to fog flow, although strategically placed structures can 
enhance fog capture (Caldas et al., 2018). Building data from OSM and 
Google Earth were used to generate a distance raster (0–15.27 km) using 
GIS-based spatial analysis tools (Fig. 3v).

2.3.3.6. Distance to river (DistRiver). Proximity to rivers increases local 
humidity levels, supporting fog formation and enhancing moisture 
condensation (Batisha, 2015). In this study, river network data obtained 
from HydroSHEDS (URL: https://www.hydrosheds.org/) were used to 
compute Euclidean distance layers in ArcGIS, from 0 to 3.35 km 
(Fig. 3w).

2.4. Methodology

The methodological framework for identifying and mapping poten
tial FWH zones under existing and future climatic conditions consists of 
eight integrated phases, as illustrated in Fig. 4.

I) Parameter selection and preprocessing: A comprehensive set of 
geo-environmental and hydro-climatic parameters was selected, 
including topographical, terrain distribution, and climatic variables 
relevant to fog occurrence and water retention. All raster layers were 
resampled to a uniform spatial resolution using bilinear interpolation to 
ensure compatibility during analysis. II) Ground-based fog sampling: 
Field-based fog water sampling was conducted at strategically selected 
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locations (e.g., Bastey, Sirrha, Hallpat, and Kurma) using GPS devices. 
These ground observations served as ground-truth data for model 
training and validation. III) Statistical analysis: The selected variables 
were subjected to multicollinearity diagnostics using the following sta
tistical tools: Variance Inflation Factor (VIF), Ordinary Least Squares 
(OLS) Regression, Spearman Correlation Coefficient, IV) Feature selec
tion using nature-inspired algorithms: To identify the most influential 
predictors, several bio-inspired optimization techniques were applied: 
Genetic Algorithm (GA), Particle Swarm Optimization (PSO), Gravita
tional Optimization (GO), Dragonfly Optimization (DFO), Harris Hawk 
Optimization (HHO), and Grey Wolf Optimization (GWO), These algo
rithms were employed to refine the predictor set and enhance model 
performance. V) ML model development and FWH mapping: Five 
advanced MLs algorithms (GBM, ADB, avNNNet, NB and SDA) were 
deployed to model FWH potential. Based on the best-performing models, 
spatial maps were generated to classify the landscape into FWH poten
tial zones, categorized as very low, low, moderate, high, and very high. 
VI) Model evaluation and validation: Model performance was assessed 
using a suite of evaluation metrics under 10-fold cross validation, 
ensuring the robustness and generalizability of model predictions. VII) 
Feature importance assessment: The Boruta algorithm was used to 
determine the relative importance of input features, facilitating further 
interpretation of key environmental and climatic drivers influencing 
FWH potential. VIII) Climate change scenario integration and uncer
tainty analysis: To project future FWH potential (2025–2055), outputs 
from CMIP6 climate models (EC-Earth3, NorESM2-LM, MIROC6) under 
two Shared Socioeconomic Pathways (SSPs), SSP2-4.5 and SSP5-8.5 
were integrated. Standard deviation (Std.) and entropy analyses were 
then conducted to quantify model uncertainty and variability in FWH 
predictions under changing climate scenarios, enabling robust planning 
and adaptation strategies.

2.4.1. Statistical analysis
The statistical significance of independent variables related to fog 

water potential was assessed using the OLS method (Lee et al., 2022). 
Pearson correlation was applied to examine spatial relationships among 
predictors. Multicollinearity was evaluated using the Variation Inflation 
Factor (VIF) (Eq. , where values ≤ 10 indicate low multicollinearity and 
acceptable model optimization (Kim, 2019; Holloway et al., 2017; 
Moghimi et al., 2024). 

VIF=
1

Tolerance
(8) 

Tolerance=1 − X2
j (9) 

where, X2
j represents the coefficient of determination of the 

jthexplanatory variable regressed on all other independent variables.

2.4.2. Feature selection
To identify the most relevant predictors of fog water occurrences, 

feature selection was performed using six nature-inspired wrapper al
gorithms, inclucing GA, PSO, GO, DFO, HHO, and GWO. Each algorithm 
was paired with a LightGBM model, which served as the core evaluator 
during the optimization process. These wrappers aimed to identify the 
optimal subset of features by maximizing model performance through 
their respective fitness functions.

2.4.3. Machine learning (ML) models
To identify fog-prone areas, five ML models were employed, each 

offering unique advantages for spatial prediction, as summarized in 
Table 2. The models were implemented using the caretEnsemble package 
within the R software environment. Comprehensive information on the 
required R packages and tuning parameters was provided in Supple
mentary Table 3 and illustrated in Supplementary Fig. 1.

2.5. Future trends of FWH

This study evaluated future trends in FWH potential using the NEX- 
GDDP-CMIP6 dataset, which provides high-resolution (0.25◦) down
scaled climate projections derived from CMIP6 General Circulation 
Models (GCMs) (Thrasher et al., 2012; URL: https://cds.climate.cope 
rnicus.eu). The dataset incorporates climate scenarios based on Shared 
Socioeconomic Pathways (SSPs), specifically SSP2-4.5 (moderate emis
sions) and SSP5-8.5 (high emissions), allowing the assessment of po
tential changes in FWH under different climate trajectories. To address 
uncertainties associated with individual GCMs, a multi-model ensemble 
approach was employed by integrating outputs from three 
well-validated models: EC-Earth3, NorESM2-LM, and MIROC6 
(Lybarger et al., 2024; Singha et al., 2024; Cui et al., 2021; see Sup
plementary Table 4).

Key climate variables relevant to fog formation, including annual 
averages of precipitation (Pr), maximum and minimum temperature 
(Tmax, Tmin), wind speed (WS), and relative humidity (RH), were 
extracted for the period 2025–2055 (see Supplementary Figure.2 and 
Figure.3). These variables served as inputs for modeling FWH potential 
and assessing the influence of future climate change on fog occurrence. 
Furthermore, they provide essential context for broader climate impact 
and hydrological analyses relevant to FWH systems (Siabi et al., 2023).

2.6. Validation metrics

Model performance was evaluated using a 70:30 train–test split, with 
140 plots allocated for training and 60 plots reserved for testing. To 
enhance model generalization and minimize overfitting, 10-fold cross- 
validation was also employed (Guan and Burton, 2022).

Model validation was conducted using standard performance met
rics, including accuracy, Kappa coefficient, sensitivity, specificity, pos

Table 2 
Overview of ML models used for mapping FWH potential mapping.

Model Definition strength

Gradient boosting 
machine (GBM)

An ensemble method that 
builds sequential decision 
trees, each one improving on 
the errors of the previous, to 
enhance model accuracy (
Friedman, 2001; Natekin 
and Knoll, 2013; Singha 
et al., 2025).

High accuracy and robustness 
against overfitting (with 
proper tuning); handles 
missing data; scalable for 
large, high-resolution datasets.

Adaptive Boosting 
(ADB)

A boosting technique that 
combines multiple weak 
classifiers, giving more 
weight to previously 
misclassified instances to 
improve overall 
performance (Sun et al., 
2011; Singha et al., 2025).

Effective in handling 
imbalanced and binary 
classification tasks; simple 
implementation; reliable with 
minimal tuning.

Model Averaged 
Neural Network 
(avNNet)

An ensemble of feed-forward 
neural networks with 
different random 
initializations, averaged to 
improve prediction stability 
(Ripley, 1996, 2007; Singha 
et al., 2025).

Capable of modeling complex, 
non-linear relationships; uses 
weight decay and hidden layer 
settings to prevent overfitting 
and enhance generalization.

Naive Bayes (NB) A probabilistic classifier 
based on Bayes’ theorem, 
assuming conditional 
independence between 
features (Rish, 2001).

Computationally efficient; 
performs well with high- 
dimensional data; minimal 
training required; effective 
when feature independence is 
approximately valid.

Shrinkage 
Discriminant 
Analysis (SDA)

An extension of linear 
discriminant analysis that 
applies shrinkage to stabilize 
covariance estimation in 
high-dimensional data (
Zuber and Strimmer, 2009).

Manages multicollinearity and 
overfitting; enhances variable 
selection through shrinkage; 
well-suited for noisy or 
complex environmental 
datasets.
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itive predictive value (PPV), negative predictive value (NPV), and F1- 
score, as defined in Eq. (10)–(16): 

Accuracy=
TP + TN

TP + TN + FP + FN
(10) 

Kappa coefficient=
Pobs − Pexp

1 − Pexp
(11) 

Sensitivity=
TP

TP + FN
(12) 

Specificity=
TN

TN + FP
(13) 

PPV =
TP

TP + FP
(14) 

NPV =
TN

TN + FN
(15) 

F1 − score = 2 ×
PPV × Sensitivity
PPV + Sensitivity

(16) 

where, TP represents true positive, TN denotes true negative, FP false 
positives, and FN false negatives. Pobs denotes the observed proportion 
of positive cases, and Pexp is the expected proportion of positive cases 
under random chance.

This study also employed the Boruta wrapper algorithm (Kursa and 
Rudnicki, 2010) to evaluate the relative importance and sensitivity of 
parameters influencing FWH potential. The Boruta algorithm applies a 
z-score–based criterion to assess the significance of each feature by 
comparing its importance with that of randomized shadow features. The 
selected parameters were subsequently analyzed using statistical 

techniques to quantify their sensitivity and contribution to variations in 
FWH potential occurrences.

To investigate uncertainty in projected future FWH trends, an 
ensemble modeling approach was employed by combining outputs from 
multiple climate and ML models. Pixel-wise standard deviation and 
entropy analyses were conducted to quantify the spatial variability and 
uncertainty across ensemble predictions (Schneider, 2025; Chapman, 
1986). The standard deviation metric measures the degree of variability 
in fog probability estimates across models for each pixel, while entropy 
(Eq. (17)) captures uncertainty based on the distribution of predicted 
probabilities. 

H(p)= −
∑n

i=1
pi log2 (pi) (17) 

where pi is the fog probability from the i-th model, and, n is the total 
number of models. Higher entropy and standard deviation indicate 
greater model disagreement, while lower values suggest stronger 
consensus and more reliable predictions.

3. Results

3.1. Statistical OLS and multicollinearity analysis

The Spearman correlation analysis, depicted in Fig. 5, revealed 
several significant relationships between FWH potential and various 
environmental variables. FWH potential exhibited a strong positive 
correlation with elevation (0.86), indicating the importance of altitudes 
in fog formation. Other positive correlations included the WEI (0.62), PD 
(0.52), WS (0.55), and SV (0.37), highlighting the influence of atmo
spheric and topographic conditions on fog formation. Conversely, FWH 
potential demonstrated negative correlations with Tmax, Tmin, LST, 
DistRoad, DistBuildings, VAP, and Pr. These negative correlations 

Fig. 5. Spearman correlation analysis of conditioning parameters for FWH.
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suggest that higher temperatures and close proximity to urban in
frastructures adversely affect fog formation, possibly through heat is
land effects and microclimatic disturbances. DistBuildings was strongly 
positively correlated with PD (0.85) and LST (0.53), reflecting the 
impact of urban areas on local heat retention and energy usage. Eleva
tion was negatively correlated with LST (− 0.70), but positively corre
lated with power density (0.53) and NDVI (0.48), indicating the 
characteristics of cooler and vegetated highlands. LST also showed 
positive associations with NDVI (0.50) and PD (0.51), further empha
sizing urban influence on surface temperature dynamics. Tmax and 
Tmin were highly correlated (0.99), reflecting stable diurnal tempera
ture patterns within the study area. Additional notable relationships 
included slope with SV (0.79), TWI with VAP (0.90), and VAP with WEI 
(0.71), emphasizing the interconnected roles of terrain morphology and 
atmospheric moisture in influencing FWH potential.

The OLS analysis in Table 3, showed that elevation, RH, and WEI 
were statistically significant predictors (p < 0.001), with Tmin also 
significant at the 95 % confidence level. The coefficient range varied 
from − 0.730 (TRI) to 2.182 (WEI), and the model’s R2 (0.709), F sta
tistic (12.20), and Prob > chi2 (0.578) indicated a good overall model 
fit. The Durbin-Watson statistic (~1.981) suggested moderate 
autocorrelation.

Multicollinearity diagnostics using the VIF confirmed that all vari
ables were within acceptable limits (VIF ≤10), indicating no serious 
multicollinearity issues. VIF values ranged from 1.314 (curvature) to 
6.913 (Pr), with tolerance values from 0.145 to 0.736 (see Table 3).

3.2. Metaheuristic feature selection analysis

In this section, the performance of considered metaheuristic algo
rithms was evaluated for feature selection in FWH site suitability 
modelling. The objective function values indicated that GA yielded the 
highest precision (0.0008), followed by HHO (0.0007), GO (0.0007), 
DFO (0.0006), PSO (0.0005), and GWO (0.0001), respectively 
(Fig. 6a–f). The results of the feature selection process revealed that key 
variables such as elevation, WS, WEI, VAP, DAH, RH, PD, Tmax, Tmin, 
and SV are the most influential in determining FWH site suitability 
(Supplementary Table 5).

3.3. Spatial FWH analysis

FWH was classified into five categories ranging from very low to very 
high using the Natural Breaks method within the ArcGIS platform 
(Jenks, 1967). This data-driven method minimizes within-class variance 
and maximizes between-class differences, making it ideal for clearly 
representing non-uniform spatial patterns in environmental studies like 
fog water potential (Gohil et al., 2024; Singh et al., 2025).

Fig. 7a–e showed the FWH maps generated using GBM, ADB, avN
Net, NB, and SDA models. These ML models predicted the extent of each 
fog water potential class, as detailed in Table 4. The GBM model iden
tified the largest area for the very high fog water potential class, ac
counting for approximately 43.91 % (214.84 km2), and for the very low 
potential class, accounting for about 37.61 % (184.03 km2).

In ADB, the coverage in terms of very-high, high, moderate, low, and 
very-low potentiality classes is 43.84 % (214.48 km2), 6.03 % (29.50 
km2), 2.08 % (10.16 km2), 9.24 % (45.19 km2), and 38.82 % (189.94 
km2), respectively. The avNNet model estimated that 44.90 % (219.66 
km2) of the study area has a very low potentiality. The low and moderate 
potential zones covered 3.06 % (14.95 km2) and 3.21 % (15.70 km2) of 
the area, respectively (Table 3), while the remaining 48.84 % (238.96 
km2) fall into the high to very high fog water potential class. The fog 
water potential map created by the SDA model indicated that 167.11 
km2 (34.16 %) of the study area has a very high fog water potential zone. 
The low and very-low fog water potential classes accounted for 9.53 % 
and 33.50 % of the study area, respectively. The moderate potentiality 
class covered 48.82 km2 (9.98 %) of the area. According to the NB 
model, the study area has 42.97 % (210.25 km2) in the very-high fog 
water potentiality class, followed by 4.35 % (21.29 km2) in the high 
potential class, 3.45 % (16.87 km2) in the moderate potential class, 4.32 
% (21.13 km2) in the low, and 219.73 km2 (44.91 %) in the very-low fog 
water potential classes, respectively (Table 4). In general, the ML models 
showed a trend where the central part of the study area has a higher 
concentration of fog potential zones, which gradually reduced towards 
the outskirts of the study area.

3.4. Validation

The validation results presented in Table 5 and Fig. 8 indicate that 
among the tested ML models, ADB and GBM demonstrated the highest 

Table 3 
OLS and VIF analysis results for fog water potentiality parameters.

Parameter Tolerance VIF β Std. err t P>|t|

DistRiver 0.614 1.629 − 0.076 0.001 − 1.435 0.154
DistRoad 0.722 1.385 0.096 0.001 1.517 0.132
DistBuildings 0.296 3.384 0.025 0.001 0.161 0.872
Elevation 0.195 5.139 0.001 0.001 4.548 0.00***
LST 0.230 4.357 0.040 0.025 1.624 0.107
NDVI 0.245 4.089 0.094 0.484 0.195 0.846
PD 0.161 6.207 − 0.001 0.001 − 0.320 0.749
Pr 0.145 6.913 0.019 0.021 0.945 0.347
RH 0.283 3.529 0.889 0.39 3.78 0.00***
Slope 0.163 6.117 0.001 0.002 0.354 0.724
SV 0.173 5.789 0.671 0.868 0.772 0.442
Tmax 0.620 2.636 0.044 0.038 1.159 0.249
Tmin 0.436 3.103 − 0.014 0.01 − 2.71 0.01**
TPI 0.601 2.748 − 0.025 0.026 − 0.956 0.341
TRI 0.607 1.648 − 0.730 0.518 − 1.408 0.162
TWI 0.490 2.041 0.013 0.020 0.673 0.502
VAP 0.396 3.202 − 0.001 0.003 − 0.169 0.866
WEI 0.195 5.139 2.182 0.543 4.018 0.00***
WS 0.635 2.448 − 0.001 0.099 − 0.007 0.994
Aspect 0.634 1.578 0.010 0.014 0.727 0.469
Curvature 0.736 1.314 0.036 0.062 0.576 0.566
DAH 0.584 1.713 − 0.012 0.102 − 0.118 0.906
LULC 0.443 2.259 − 0.003 0.003 − 0.765 0.446
​ R-squared = 0.709 F-statistic = 12.20 DurbinWatson = 1.981 Prob > chi2 = 0.578

β ~Coefficient; t ~ t-test std err ~ Standard error, Robust standard errors~ *p < 0.05, **p < 0.01, and, ***p < 0.001,F ~ Statistical, R2~ Linear regression.
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Fig. 6. Convergence trends of the best objective function values across iterations for various nature-inspired optimization algorithms: (a) GA, (b) PSO, (c) GWO, (d) 
DFO, (e) HHO, and (f) GO.

Fig. 7. Predicted FWH distribution map through ML models; (a) GBM model, (b) ADB model, (c) avNNet model, (d) NB model, and (e) SDA model.

C. Singha et al.                                                                                                                                                                                                                                  Physics and Chemistry of the Earth 141 (2025) 104138 

12 



Table 4 
Areal coverage of fog water potential classes of ML models.

Model GBM ADB avNNet NB SDA

Class Area Area Area Area Area

(km2) (%) (km2) (%) (km2) (%) (km2) (%) (km2) (%)

Very Low 184 37.6 190 38.8 220 44.9 220 44.9 169 34.5
Low 48.7 9.96 45.2 9.24 15 3.06 21.1 4.32 46.7 9.53
Moderate 11.7 2.4 10.2 2.08 15.7 3.21 16.9 3.45 48.8 9.98
High 30 6.12 29.5 6.03 19.8 4.05 21.3 4.35 57.9 11.8
Very high 215 43.9 214 43.8 219 44.8 210 43 167 34.2

Table 5 
Validation results produced by ML models in FWH mapping.

Model Accuracy Kappa Sensitivity Specificity PPV NPV F1 Score AUC

GBM 0.967 0.933 0.933 1.000 1.000 0.938 0.966 0.999
ADB 0.983 0.967 0.967 1.000 1.000 0.967 0.983 0.999
avNNet 0.900 0.800 0.867 0.933 0.929 0.875 0.897 0.967
NB 0.883 0.767 0.833 0.933 0.926 0.849 0.877 0.941
SDA 0.933 0.867 0.933 0.933 0.933 0.933 0.933 0.967

Fig. 8. AUROC analysis of the ML models: (a) GBM, (b) ADB, (c) avNNet, (d) NB, and (e) SDA models.
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predictive performance for FWH mapping. ADB achieved the best 
overall results, with the highest accuracy (0.983), Kappa (0.967), 
sensitivity (0.967), F1 score (0.983), and a perfect score for specificity 
and PPV, around 1. Its AUC also reached 0.999, confirming its excellent 
classification capability (see Fig. 8). Similarly, GBM showed outstanding 
performance, with an accuracy of 0.967, sensitivity of 0.933, and 
specificity and PPV around 1.000. Its F1 score (0.966) and AUC (0.999) 
further affirm its robustness and reliability for mapping suitable fog 
water harvesting zones (see Fig. 8). In the moderate performance cate
gory, the SDA model with F1 score of 0.933, with an AUC of 0.967 
maintained a balanced and consistent result across all metrics. These 
values suggest that SDA can serve as a reliable model, especially in ap
plications where interpretability is important alongside accuracy. 
Conversely, NB and avNNet models demonstrated comparatively lower 
performance. NB recorded the lowest values across multiple metrics, 
including accuracy (0.883), Kappa (0.767), sensitivity (0.833), and F1 
score (0.877), although its specificity (0.933) and PPV (0.926) were 
relatively high. The avNNet model showed slightly better performance 
than NB, with an accuracy of 0.900 and F1 score of 0.897, but still fell 
behind the top-performing models.

3.5. Sensitivity analysis

Sensitivity analysis using the Random Forest-based Boruta algorithm 
identified the most influential factors contributing to FWH within the 
study area (Table 6). Elevation emerged as the most critical parameter 
(mean importance: 35.31), followed by WEI (14.92), WS (13.24), PD 
(10.78), and Tmax (7.70). Variables such as VAP, Tmin, LST, Dis
tBuildings, SV, Pr, and DistRiver showed moderate importance (Fig. 9). 
In contrast, factors including curvature, NDVI, TWI, slope angle, TRI, 
distance to road, RH, LULC, DAH, and aspect were comparatively less 
influential in the model. It is noteworthy that Certain variables, such as 
Tmin, were found to be statistically significant in the OLS regression (p 
< 0.05), yet were considered only moderately important in the Boruta 
analysis. This contrast reflects fundamental differences between the two 
approaches. OLS highlights linear associations under specific assump
tions, whereas Boruta evaluates each variable’s unique contribution to 
predictive accuracy within a nonlinear, interaction-sensitive framework. 
Variables with shared variance (e.g., Tmin, Tmax, RH) may appear more 
or less important depending on the modeling context and redundancy 
effects.

3.6. GRACE analysis

To estimate EWT, the study utilized GRACE products provided by the 
Centre for Space Research (CSR) and the Jet Propulsion Laboratory 
(JPL) for the study area, as shown in Fig. 10(a) and (b). Heat maps 
derived from these datasets revealed historically abundant water 
availability from August to November (2002–2011). However, a 
declining trend in EWT has emerged in recent years, particularly from 
January to September (2016–2022) (see Fig. 10).

The regional water balance has shown shallow levels, dipping below 
− 60 cm in the most recent years (2021–2022). In light of anticipated 
climate change impacts, FWH has been proposed as a viable solution to 
mitigate water shortages in regions with insufficient rainfall and base
line water resources.

3.7. Future FWH mapping

To assess future climate impacts on FWH, the study employed CMIP6 
projections for 2025–2055 using EC-Earth3, NorESM2-LM, and MIROC6 
models. Key variables (Pr, Tmax, Tmin, RH, and WS) were analyzed 
under SSP2-4.5 and SSP5-8.5 scenarios (see Supplementary Figs. 2 and 
3). ML models were then applied to map spatial FWH potential across 
both scenarios (Fig. 11a–e and 12a–12e).

Under SSP2-4.5, the "Very High" class coverage was highest with 
avNNet (49.24 %), followed by GBM (43.15 %) and NB (42.09 %). The 
"Very Low" class also had substantial coverage, with avNNet at 46.44 %, 
NB at 39.93 %, and GBM at 38.96 %. The "Low" class ranged from 1.33 % 
(avNNet) to 15.53 % (ADB) and "Moderate" areas were least seen in 
avNNet (0.98 %) and GBM (2.14 %). For the "High" class, SDA (12.61 %) 
and ADB (15.10 %) predicted higher values. The ensemble mean 
coverage was 20 %, with avNNet exhibiting the greatest spatial vari
ability (Std. 22.75 %).

Fig. 12(a–e) illustrate variations in FWH classes predicted by 
different models under the SSP5-8.5 scenario. The "Very High" class was 
most extensive, with avNNet (51.27 %) and GBM (51.32 %) leading, 
followed by NB (41.85 %) (Fig. 12f), showing these models identify large 
areas suitable for FWH under extreme conditions. The "Very Low" class 
also had significant presence in avNNet (46.21 %), NB (40.16 %), and 
GBM (42.33 %), indicating model divergence in low potential zones.

"Low" and "Moderate" classes were more limited, with "Low" ranging 
from 0.82 % (avNNet) to 11.65 % (ADB), and "Moderate" peaking at 
10.54 % in SDA. The "High" class showed intermediate coverage, with 

Table 6 
Importance of fog water potential variables by Boruta algorithm.

Parameter meanImp medianImp minImp maxImp normHits decision

Elevation 35.31 36.28 28.09 40.72 1.00 Confirmed
WEI 14.92 14.95 13.44 16.25 1.00 Confirmed
WS 13.24 13.20 11.99 14.56 1.00 Confirmed
PD 10.78 10.80 9.25 12.09 1.00 Confirmed
Tmax 7.70 7.72 6.60 8.84 1.00 Confirmed
VAP 7.33 7.21 5.74 9.07 1.00 Confirmed
Tmin 7.14 7.15 5.95 8.54 1.00 Confirmed
LST 5.59 5.63 3.34 7.23 0.98 Confirmed
DistBuildings 4.97 5.06 2.29 6.55 0.97 Confirmed
SV 4.84 4.82 3.05 6.71 0.97 Confirmed
Pr 4.74 4.84 2.50 6.13 0.95 Confirmed
DistRiver 4.12 4.14 1.90 6.35 0.88 Confirmed
TPI 1.42 1.53 − 1.94 3.49 0.06 Rejected
Curvature 1.33 1.31 − 0.87 2.96 0.29 Rejected
NDVI 1.11 1.26 − 1.09 2.44 0.12 Rejected
TWI 1.00 1.03 − 0.53 2.40 0.02 Rejected
Slope 0.62 0.41 − 1.28 3.43 0.05 Rejected
TRI 0.11 0.05 − 0.84 1.73 0.00 Rejected
DistRoad − 0.22 − 0.35 − 1.37 3.02 0.02 Rejected
RH − 0.26 − 0.56 − 2.20 1.92 0.00 Rejected
LULC − 0.52 − 0.35 − 1.99 0.85 0.00 Rejected
DAH − 0.61 − 0.64 − 2.61 0.71 0.00 Rejected
Aspect − 0.70 − 0.70 − 3.00 0.83 0.00 Rejected
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ADB (15.74 %) and SDA (11.97 %) estimating higher shares (Fig. 12b & 
e). In this scenario also the ensemble average across all models remained 
at 20 %. Variability was notable, with avNNet showing the highest 
standard deviation (23.52 %), followed by GBM (22.10 %), reflecting 
spatial heterogeneity.

Spatial uncertainty in FWH potential under SSP2-4.5 and SSP5-8.5 
scenarios was assessed using standard deviation and entropy analysis 
(Fig. 13a–d). Fig. 13a and b shows standard deviation values for FWH 
suitability across models: under SSP2-4.5, values range from 0.0009 to 
0.476, indicating low disagreement except in ridgelines and elevated 
areas, while SSP5-8.5 shows increased variability (0.0015–0.501), 

reflecting broader model predictions under extreme conditions.
Entropy-based maps (Fig. 13c and d) add a probabilistic perspecti

ve—SSP2-4.5’s entropy ranges from 0.156 to 1.609, with higher un
certainty in central and western regions, while SSP5-8.5 extends from 
0.126 to 1.609, revealing central region uncertainty but more model 
agreement in peripheral zones. These results emphasize the greater 
predictive uncertainty in complex topographies, especially under SSP5- 
8.5, highlighting the importance of ensemble and uncertainty quantifi
cation for resilient FWH planning in future climate scenarios.

4. Discussion and conclusion

This study presented a comprehensive ML-based assessment of FWH 
potential in the Pithoragarh district of Uttarakhand, incorporating 23 
geo-environmental variables and future climate scenarios. Statistical 
analyses, including correlation, OLS, VIF, and ML-based Boruta analysis 
revealed that topographic and atmospheric conditions are the dominant 
factors influencing FWH suitability across the study area. Among these, 
elevation, WEI, and WS emerged as the most influential predictors, 
aligning with established physical mechanisms of fog formation in 
mountainous areas (Pilié et al., 1975; Pu et al., 2023).

Distribution maps from the best-performing ML models (ADB and 
GBM) showed that mountainous regions exhibited greater FWH poten
tial due to favorable conditions such as lower temperatures, orographic 
uplift, and terrain-driven airflow. These findings are consistent with the 
concept of upslope fog, wherein moist air masses ascend and cool 
adiabatically, resulting in condensation (Khoury et al., 2023). 
Conversely, urban areas with extensive infrastructure and anthropo
genic heat emissions demonstrated reduced fog potential, corroborating 
prior findings on the negative impact of land modification on fog for
mation (Lange et al., 2003; Keim-Vera et al., 2024). OLS diagnostics 
confirmed the reliability of the predictors. The highest FWH potential 
was linked to slopes between 26.27◦ and 52.51◦, consistent with Pre
torius (2009), who emphasized slope’s role in intercepting fog-bearing 
winds. However, the influence of elevation is more nuanced, as it var
ies depending on regional topographic context and fog type, as high
lighted by Keim-Vera et al. (2024). These observations underscore the 
need for region-specific interpretations in data-driven modeling.

The Boruta algorithm further validated the importance of key pre
dictors. Although features such as curvature, NDVI, and TWI demon
strated moderate importance, their physical relevance to fog formation 
remains context-dependent. For instance, NDVI might inversely corre
late with fog occurrence due to enhanced surface turbulence in 

Fig. 9. Boruta algorithm-based fog water conditioning parameters analysis.

Fig. 10. Monthly variation in EWT from 2002 to 2022 within the study area, as 
derived from GRACE datasets: (a) CSR, and (b) JPL products.
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vegetated areas, whereas TWI is more related to surface hydrology and 
may not fully capture airborne moisture dynamics.

Among the ML models applied, ADB and GBM achieved the highest 
predictive accuracy for identifying suitable FWH sites, with F1 scores 
exceeding 0.966 and AUC values approaching 0.999. Although, these 
results have been achived on a few test data, they underscore the 
effectiveness of ensemble learning techniques in capturing the complex, 
nonlinear interactions among geo-environmental variables that influ
ence fog formation and collection potential. In contrast, models such as 
SDA performed moderately, while avNNet and NB showed limited 
reliability, making them less suitable for high-precision mapping of fog- 
prone areas. The most reliable FWH suitability maps, produced by ADB 
and GBM, identified very high potential zones covering over 43 % of the 
study area, mainly in the northern and central mountainous regions. 
This central clustering is driven by topographic and thermal factors: 
upslope fog forms as moist air cools during ascent, while valley fog re
sults from cold air pooling in low basins under clear nighttime skies. 
These processes together explain the region’s high FWH potential 
(Khoury et al., 2023; Pilié et al., 1975).

Projections under CMIP6 scenarios (SSP2-4.5 and SSP5-8.5) showed 

spatial variability across models. GBM and avNNet predicted broader 
extents of "very high" potential zones, albeit with greater uncertainty 
under extreme scenarios. In contrast, ADB and SDA offered more con
servative yet spatially consistent outputs. The ensemble mean remained 
stable (~20 %), reducing individual model biases. Future hotspots were 
consistently located in the north-central region, though model 
disagreement increased under SSP5-8.5, especially in areas with com
plex topography. These findings highlight the importance of ensemble 
and uncertainty-aware modeling for long-term FWH planning.

A key strength of this approach, aligned with Karimidastenaei et al. 
(2019) , lies in leveraging predictive variables such as hydro
climatological, topographic, and LULC features for data-driven suit
ability mapping. However, it is important to acknowledge the 
limitations of the current models. Prediction accuracy is inherently 
dependent on the quality and resolution of input data (e.g., LST, pre
cipitation, wind speed, humidity). Temporal gaps or inconsistencies in 
data collection can introduce uncertainty. Hence, regular updates of 
FWH suitability maps are essential to reflect evolving climatic and 
environmental conditions.

From an implementation standpoint, fog collection infrastructure, 

Fig. 11. Future FWH potential maps and area coverage for SSP2-4.5 scenario (a) GBM model, (b) ADB model, (c) avNNet model, (d) NB model, and (e) SDA model 
and (f) chord diagram for area coverage.
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such as mesh collectors and storage systems, requires substantial in
vestment and poses logistical challenges in remote, rugged terrains. 
Additionally, maintenance and durability issues may arise in the 
absence of local technical support. Sociocultural factors are also signif
icant: in communities such as the Van Gujjars and Bhotiya, the accep
tance of fog-harvested water may depend on perceptions of quality, 
alignment with traditional practices, and trust in the technology. 
Community-engaged pilot projects that integrate traditional ecological 
knowledge, capacity building, and local co-design are recommended to 
address these barriers. Policy support through subsidies, targeted 
awareness campaigns, and adaptive infrastructure investment can 
further enhance feasibility.

Temporal limitations in fog occurrence data, primarily collected 
during peak fog seasons, restrict the ability to fully characterize inter
seasonal variability. The lack of continuous monitoring infrastructure, 
such as visibility sensors or automated fog detectors, may lead to spatial 
biases. Despite efforts to minimize these through ensemble modeling 
and metaheuristic feature selection, future research should prioritize the 
integration of real-time Internet of Things (IoT) sensor networks, multi- 
season and multi-year observational campaigns, and remote 

sensing–based fog detection techniques (e.g., MODIS indices; (Werner 
et al., 2022)). Such advancements would improve the temporal resolu
tion, spatial accuracy, and overall reliability of FWH suitability assess
ments under changing climate regimes.

The ML-based models used in this study infer relationships between 
environmental variables and fog occurrence. However, fog formation 
involves complex physical processes driven by interactions among 
temperature, humidity, atmospheric stability, wind, topography, and 
microclimate. Therefore, the suitability maps produced should be 
regarded as indicative or a rough estimate rather than definitive. Inte
grating physically informed models with field observations, remote 
sensing data, and real-time monitoring can improve future studies’ as
sessments of FWH potential.

Ethical approval

This article contains no studies with human participants or animals 
performed by authors.

Fig. 12. Future FWH distribution maps and area coverage for SSP5-8.5 scenario (a) GBM model, (b) ADB model, (c) avNNet model, (d) NB model, and (e) SDA model 
and (f) chord diagram for area coverage.
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