
1. Introduction
Surface water plays an essential role for freshwater supply and the preservation of freshwater ecosystems and func-
tions (Dieter et al., 2018; Jenkins et al., 2010; Poff et al., 1997). Socioeconomic and technological development, 
water-management policies, and climate variability influence surface water resources (Averyt et al., 2013; Brown 
et al., 2019; Delpla et al., 2009; Duran-Encalada et al., 2017; Erler et al., 2019; Yigzaw & Hossain, 2016). In 
particular, human activities severely affect water bodies, as they compromise water quantity and quality, threaten 
ecological integrity, posing a serious challenge for sustainable development (Botter & Durighetto, 2020; Fergu-
son & Maxwell, 2012; Haddeland et al., 2006; Khatri & Tyagi, 2015; Liyanage & Yamada, 2017). Over the next 
decades surface water resources from rivers, lakes, reservoirs, and wetlands are projected to be gradually more 
impacted by increasing urban and economic growth and climate change (Boretti & Rosa, 2019; Lyons, 2014; 
McDonald et al., 2014; McGrane, 2016; Richter et al., 2013), with larger water demands for consumptive use, 
food production, and power generation (McDonald, Douglas et al., 2011; McDonald, Green et al., 2011; Okello 
et al., 2015; Yigzaw & Hossain, 2016).

Urban development affects the distribution of surface water through direct water abstraction from springs and 
rivers (Flörke et al., 2018), groundwater exploitation turning into increased infiltration (Wada et al., 2012), land 
drainage supporting agricultural development (Smedema et  al.,  2000), and increased evaporation induced by 
the urban heat island effect (Zhou et al., 2015). In turn, a reduction in the extent of surface water bodies close 
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to cities indicates an anthropogenic overstress on water resources which implies concerns on future water re-
sources availability (McDonald et al., 2014). In the United States surface water accounts for more than 70% of 
total freshwater supply (Dieter et al., 2018), and with nearly 80% of population currently living in cities (Sun & 
Caldwell, 2015), urban areas place enormous pressure on surface water resources. Pekel et al. (2016) observed 
that even if surface water area across the US increased on average by 0.5% since 1984, growing water demands 
and drought conditions determined a 33% loss of the extent of surface water resources in the western region of the 
country (i.e., Arizona, California, Idaho, Nevada, Oregon, Utah). Future socio-economic and climate scenarios 
will likely exacerbate this situation (Baldocchi et al., 2019; Brown et al., 2019; Li, Sun, et al., 2020; Yigzaw & 
Hossain, 2016), as population increase is expected to cause a significant gap between water demand and supply 
in the future (Daher et al., 2019), and increasing temperatures will likely impact the hydrological cycle and water 
balance (Brown et al., 2019).

Even though the impacts of urbanization on the environment have been long studied, the consequences of urban 
development on water resources, and in particular the spatial interaction between urban areas and surface water 
loss distribution, are less known (Bigelow et al., 2017). In order to identify hotspots of localized and concentrated 
pressure on surface waters, which may produce negative effects on human life and the environment, it is neces-
sary to unravel the spatial influence of human settlements on surface water loss (Boretti & Rosa, 2019; Padowski 
& Jawitz, 2012; Wada et al., 2016).

Earth Observation (EO) data have been widely employed to detect the extent of surface water and built-up ar-
eas, as well as to track their spatiotemporal variation (Corbane et al., 2019; Huang et al., 2018; Liu, Huang, 
et al., 2020; Marconcini et al., 2020; Pekel et al., 2016; Xiong et al., 2018). Geographical patterns identified in 
EO images reveal the spatial interaction between places. This interaction primarily depends on the geographical 
separation between two locations, since its intensity decreases with increasing distance. In spatial pattern analysis 
this behavior is known as the distance-decay effect, a fundamental concept extensively applied in human and 
urban geography (Fotheringham, 1981; Li, Gao, et al., 2020; Taylor, 1971; Yin et al., 2019).

Several studies on the proximity of human settlements to water have been carried out (Ceola et al., 2014; Fang 
& Jawitz, 2019; Fang et al., 2018; Liu, Yang, et al., 2021; Mård et al., 2018). However, the spatial interaction 
between cities and surface water loss and its modeling through the distance-decay concept still remain to be ex-
plored. Moreover, this aspect has not been investigated with EO data, despite the availability of many consistent 
global products that accurately describe surface water dynamics and urban growth.

Here, we present an innovative application of the distance-decay concept to evaluate the influence of urban 
areas on the spatial distribution of surface water loss across the contiguous United States (CONUS) by using 
data acquired from EO sensors. In our analysis, surface water loss is defined as a reduction in water frequency 
observations, regardless of the cause (i.e., anthropogenic or climatic) and loss magnitude, that generates the 
conversion from water to land. We considered two crucial questions, as illustrated in Figure 1: (a) where and how 
does urbanization cause surface water loss? And (b) how does surface water loss decline as the distance from 
human settlements increases? To address these questions, we extracted maps of surface water loss locations and 
built-up areas from EO data, and we examined the frequency of occurrence of surface water loss with respect to 
distance from urban areas in bins of 3 km across the CONUS. We finally analyzed the role of climate in the spatial 
interaction between urban areas and surface water loss to possibly identify distinct signatures in the frequency of 
occurrence of surface water loss.

An accurate understanding of the dynamics of the spatial interaction between urban areas and surface water loss 
distribution is fundamental to define ecologically sustainable solutions that ensure water conservation and eco-
system protection, with an emphasis on those strategies that allow to meet urban water demand and at the same 
time to prevent the depletion of surface water resources.

2. Study Area and Data
2.1. River Basins and Water Resource Regions Across the CONUS

The contiguous United States (CONUS) was selected as our study area. Following the delineation provided by 
the USGS (Seaber et al., 1987), this area includes 204 river basins (i.e., 4-digit hydrologic units, HUC-4s, also 
known as subregions) that form 18 water resource regions (WRRs), as shown in Figure 2. This area encompasses 
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an extensive and heterogeneous territory, characterized by broad topographic variations, wide-ranging surface 
water area extents, diverse urbanization levels, and different hydroclimatic conditions (Figure S1 in Supporting 
Information S1), here described by the main climatic zones of the Köppen climate classification system (Beck 
et al., 2018).

2.2. Surface Water Loss Map and Urbanization Map

To investigate the spatial influence of urban areas on surface water loss we processed datasets derived from EO 
data and defined two binary maps: the Surface Water Loss map and the Urbanization map (Palazzoli et al., 2021). 
The Surface Water Loss map identifies the geographical location of pixels that experienced a reduction in water 
frequency observations, leading to a conversion from water to land at the end of the period 1984–2018 (blue pix-
els in Figure 2). We obtained the Surface Water Loss map from the Surface Water Transitions layer of the Global 
Surface Water dataset (Pekel et al., 2016). This dataset classifies any surface water body open to the sky and larg-
er than 30 m by 30 m as open water, including fresh and saltwater (Pekel et al., 2016), and it provides an unprec-
edented evaluation of surface water dynamics (Yamazaki & Trigg, 2016). We used the Surface Water Transitions 
layer because it describes the evolution of surface water state that took place between the first and last year of the 
observation period (1984 and 2018), showing any conversion among permanent surface water, seasonal surface 
water, and land (i.e., areas without any water). The class of transition assigned to each water pixel is defined based 
on the variation of its frequency of observation. We selected lost permanent, lost seasonal, ephemeral permanent, 
and ephemeral seasonal surface water pixels as representatives of locations that experienced surface water loss 
(i.e., water-land transition) during the time window 1984–2018 and we used them to define the Surface Water 
Loss map. Lost permanent (or seasonal) surface water indicates a conversion of permanent (or seasonal) water 
into land. Ephemeral permanent (or seasonal) surface water identifies locations where surface water resources are 
permanent (or seasonal) for some of the intervening years, but no water is detected in the first and last year of the 
observational period (Pekel et al., 2016). The whole study area includes more than 85 million pixels of surface 
water loss, of which lost permanent, lost seasonal, ephemeral permanent, and ephemeral seasonal surface water 
constitute 13%, 29%, 2%, 56%, respectively. We analyzed the frequency with which surface water was observed 
between 1984 and 2018 in the selected classes of water transition (Figure S2 in Supporting Information S1), as 
derived from the Water Occurrence layer of the Global Surface Water dataset (Pekel et al., 2016). As expected, 
water occurrence values decrease from lost permanent, to ephemeral permanent, lost seasonal, and ephemeral 
seasonal (Figures S3 and S4 in Supporting Information S1), with median values equal to 50%, 30%, 18%, and 
10%, respectively. This outcome shows a significant presence of water in correspondence of the surface water loss 
pixels during the observation period, which resulted to be lost in 2018.

Figure 1. Schematic representation of the spatial interaction between surface water loss locations and urban areas 
hypothesized in this analysis. (a) Geographical distribution of surface water loss and urban areas across distance classes. (b) 
Comparison between observed and modeled frequency of occurrence of surface water loss, showing a decreasing pattern as 
the distance from urban areas increases.
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The Urbanization map describes the most recent extent of urban areas (up to 2014, orange pixels in Figure 2). We 
generated the Urbanization map from the GHS-BUILT layer of the Global Human Settlement dataset (Corbane 
et al., 2019). The GHS-BUILT layer provides a multitemporal classification of built-up land over time with a 
resolution of 30 m, showing the location of built-up areas developed during four epochs (until 1975, from 1975 to 
1990, from 1990 to 2000, and from 2000 to 2014), no built-up land, and water surface. Pixels classified as built-
up in each epoch define the Urbanization map.

3. Methods
3.1. Surface Water Loss From Urban Areas: Observed Frequency of Occurrence

We estimated the geographical distance of surface water loss pixels from urban areas using the Euclidean dis-
tance, that is, the length of a straight line connecting pairs of locations. As a conservative approach, we assumed 
that urban areas can access all nearby surface water resources leading to a conversion from water to land, that is, 
surface water loss. Although other physical factors (such as terrain elevation, road networks, and water supply 
systems) might have been considered in the definition of the distance metric, we adopted the Euclidean distance 
since it provides an objective and global reference while also being a relevant design driver for technological 
networks. Moreover, it is the most common measure of geographical distance used in distance-decay applications 

Figure 2. Surface water loss locations and urban areas across river basins and water resource regions of the CONUS. 
Locations that experienced surface water loss are colored in blue. The extent of urban areas is shown in orange. The 
boundaries of the 204 HUC-4s river basins are depicted in white, while the 18 water resource regions are numbered and 
highlighted with a bold gray line. The dark blue dashed box represents a zoom in over the area around the city of Saint Louis 
and the Mississippi River.
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(Artell et al., 2019; Goldmann et al., 2016; Halás et al., 2014). Finally, the Euclidean distance allows to define 
a simple model that reproduces the observed spatial interaction between surface water loss and urbanization, 
avoiding too many independent variables that would otherwise enter the distance-decay function, increasing its 
level of complexity and related model uncertainty.

We measured the Euclidean distance of surface water loss from the boundaries of urban areas (Figure 1a) across 
each spatial aggregation x here considered (i.e., river basin, x = b, water resource region, x = WRR, and the CO-
NUS, x = CONUS). Afterward, we divided the Euclidean distance values in bins having a constant width and we 
aggregated counts of surface water loss pixels within each distance bin dij to calculate the frequency of occurrence 
of surface water loss fx(dij) (histogram in Figure 1b) as follows:

𝑓𝑓𝑥𝑥(𝑑𝑑𝑖𝑖𝑖𝑖) =
𝑠𝑠𝑠𝑠𝑠𝑠𝑥𝑥(𝑑𝑑𝑖𝑖𝑖𝑖)

𝑠𝑠𝑠𝑠𝑠𝑠𝑥𝑥𝑥𝑥𝑥𝑥𝑥𝑥𝑥
 (1)

where swlx(dij) is the count of surface water loss locations in the considered spatial aggregation x between distanc-
es i and j (with i and j ranging from 0 to dx,max, i.e., the maximum distance reached in x), while swlx,TOT is the total 
count of surface water loss locations observed inside the considered spatial aggregation x.

We selected a 3 km wide distance bin based on the results of a sensitivity analysis that compared the frequency 
of occurrence of surface water loss obtained with aggregations at 1, 3, and 5 km wide distance bins. The width of 
3 km resulted to be the optimal compromise between noise reduction and level of detail (Figure S5 in Support-
ing Information S1). This aggregation was applied until 99 km of distance from urban areas (i.e., 0–3, 3–6, …, 
96–99 km distance bin).

We also computed the observed average distance of surface water loss locations from urban areas, 〈dx〉, across 
each spatial aggregation x as follows:

⟨𝑑𝑑𝑥𝑥⟩ =
∑𝑠𝑠𝑠𝑠𝑠𝑠𝑥𝑥

𝑘𝑘=1
𝑑𝑑𝑘𝑘

𝑠𝑠𝑠𝑠𝑠𝑠𝑥𝑥𝑥𝑥𝑥𝑥𝑥𝑥𝑥
 (2)

where dk is the distance associated to a generic surface water loss location.

3.2. Surface Water Loss From Urban Areas: Distance-Decay Model

By assuming that the influence of urbanization on surface water loss locations declines as the distance of these 
locations from urban areas increases, we defined a probabilistic model capable of reproducing this distance-de-
cay behavior (solid line in Figure 1b). We modeled the distance-decay with a truncated exponential probability 
distribution, which describes a decreasing trend of the frequency of occurrence of surface water loss pixels, so 
that the maximum probability of finding surface water loss occurs at a distance close to the urban region and 
exponentially declines with increasing distance. We selected the truncated exponential probability distribution 
because the exponential decay is among the most employed distance-decay functions, with several applications 
in different fields (Chen & Huang, 2018; Figueiredo et al., 2015; Martínez & Viegas, 2013; Zhang, 2011). We 
adopted the truncated version because, by definition, the distance reaches a finite maximum value dx,max in each 
spatial aggregation x.

The probability of occurrence of surface water loss locations as a function of the distance from urban areas, px-
(dij), across each spatial aggregation x reads as follows:

𝑝𝑝𝑥𝑥(𝑑𝑑𝑖𝑖𝑖𝑖) = 𝛼𝛼𝑥𝑥𝑒𝑒
−𝛽𝛽𝑥𝑥𝑑𝑑𝑖𝑖𝑖𝑖 (3)

where αx [-] is the frequency of occurrence of surface water loss locations in the initial 3 km wide distance bin 
(0–3 km), and βx (>0 [km−1]) represents the decay rate of the model, describing the rate of decline in spatial in-
teraction. The higher βx, the steeper is the decrease in px(dij) with increasing distance from urban areas.

We estimated αx and βx in Equation 3 through a non-linear regression of the probability of occurrence px(dij) 
versus the observed frequency of surface water loss locations fx(dij), by assuming that at least values in three dis-
tance bins are available in order to get a robust fit (dx,max > 6 km). The goodness of fit was assessed through the 
evaluation of the Pearson's correlation coefficient r. In addition, we calculated the standard error associated to the 
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model fit derived for each spatial aggregation x, to evaluate the distance of observed values from the regression 
line of the model. This value was used to estimate the prediction interval with 5% significance level, therefore 
providing an estimate for prediction uncertainty.

Furthermore, we compared the decay of surface water loss to the decay of the overall extent of surface water with 
distance from urban areas at the river basin level to further test if more surface water loss is occurring close to 
urban areas, rather than far from them. We extracted the overall extent of surface water from the Water Extent 
layer of the Global Surface Water dataset (Pekel et al., 2016). To avoid biases due to large water bodies, we cal-
culated the Euclidean distance from urban areas only at the boundaries of surface water bodies (these resources 
are also the most likely to be exhausted because of human withdrawals). Similarly to what we did for the surface 
water loss decay, we performed a non-linear regression and we evaluated the distance-decay model parameters, 
based on the overall extent of surface water. A decay rate of surface water loss βb larger (smaller) than the decay 
rate of the overall extent of surface water βb

sw indicates an area where more surface water loss is occurring close 
to (far from) urban areas.

Finally, we analytically derived from Equation 3 the theoretical average distance of surface water loss locations 
from urban areas (i.e., the expected value of the truncated exponential distribution), 𝐴𝐴 ⟨𝑑𝑑𝑥𝑥⟩ , across each spatial 
aggregation x as follows:

⟨𝑑𝑑𝑥𝑥⟩ =
1 − 𝑒𝑒−𝛽𝛽𝑥𝑥𝑑𝑑𝑥𝑥𝑥𝑥𝑥𝑥𝑥𝑥𝑥 (1 + 𝛽𝛽𝑥𝑥𝑑𝑑𝑥𝑥𝑥𝑥𝑥𝑥𝑥𝑥𝑥)

𝛽𝛽𝑥𝑥(1 − 𝑒𝑒−𝛽𝛽𝑥𝑥𝑑𝑑𝑥𝑥𝑥𝑥𝑥𝑥𝑥𝑥𝑥 )
 (4)

To check for the reliability of Equation 3 in reproducing the observed distance-decay pattern of surface water loss 
locations, we compared the observed and the theoretical average distances, 〈dx〉 from Equation 2 and 𝐴𝐴 ⟨𝑑𝑑𝑥𝑥⟩ from 
Equation 4, for each spatial aggregation x.

4. Results
4.1. Observed Spatial Interaction Between Surface Water Loss and Urban Areas

We consistently found that the observed frequency of occurrence of surface water loss locations decreases as 
the distance from urban areas increases across the whole study area, at river basin, water resource region, and 
CONUS levels. This result applies to any geographical position, climatic zone, and physiographic properties. 
Figure 3 clearly shows this outcome for the CONUS (diamonds in Figure 3b) and for four water resource regions 
and related river basins (circles in Figures 3c–3j). Similar results were also found for the remaining river basins 
and water resource regions, thus confirming that surface water losses are consistently located in the proximity of 
urban areas (see Figure S6 in Supporting Information S1 for the remaining 14 water resource regions).

4.2. Spatial Interaction Between Surface Water Loss and Urban Areas: Distance-Decay Model 
Application

We then computed the probability of occurrence of surface water loss locations as a function of the distance 
from urban areas. The application of Equation 3, based on the selected 3 km wide distance bin, shows that all 
18 water resource regions and 191 river basins (96% of the total) are successfully fitted by the distance-decay 
model (Figures 3a and S6 in Supporting Information S1), with r values ranging from 0.974 to 0.999 and from 
0.676 to 0.999, for the water resource regions and the river basins, respectively. In the remaining 13 river basins, 
Equation 3 could not be applied at the selected 3 km wide distance bin because of data paucity (i.e., dx,max ≤ 6 km, 
meaning that data are available in less than three distance bins). However, for these river basins, Figure 3a shows 
r values (r ≥ 0.952) obtained with 1 km wide distance bins (see river basins with a dark gray line pattern). Data 
and model comparison for the four aforementioned water resource regions and related river basins are shown in 
Figures 3b–3j. A statistically significant fit (r = 0.997) is also found when the distance-decay model is applied 
to the CONUS, proving the reliability of our mathematical interpretation of the influence of urbanization on the 
spatial distribution of surface water loss at different levels of spatial aggregation. Moreover, by comparing the 
decay rate of surface water loss (βb) to the one associated to the overall extent of surface water (βb

sw), we found 
that in the aforementioned 191 river basins the decay of surface water loss is steeper than the decay of the overall 
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extent of surface water (Figures S7 and S8 in Supporting Information S1). This result clearly demonstrates that 
more surface water loss is occurring close to urban areas consistently in all the rivers basins of the CONUS.

Table 1 provides the main physical and climatic properties and model parameters for the CONUS and the selected 
water resource regions and river basins shown in Figure 3. The entire list of the main physical and climatic prop-
erties and model parameters for the 18 water resource regions and the 204 river basins can be found in Table S1.

We tested the reliability of our distance-decay model by comparing the observed and theoretical average distances 
of surface water loss locations from urban areas (〈dx〉 and 𝐴𝐴 ⟨𝑑𝑑𝑥𝑥⟩ from Equations 2 and 4) in each level of spatial 
aggregation here considered, namely river basins, water resource regions, and CONUS. In what follows, results 
refer only to the CONUS, the 18 water resource regions, and the 191 river basins whose data were fitted by Equa-
tion 3 using a 3 km wide distance bin. Figure 4a shows that pairs of observed and theoretical average distances 
at the river basin level are well correlated, where the slope of the linear regression is equal to 1.00 (R2 = 0.84, 

Figure 3. Performance of the distance-decay model reproducing the observed frequency of occurrence of surface water loss from urban areas, based on a 3 km wide 
distance bin. (a) Spatial distribution of model performance, where river basins are colored according to their Pearson's correlation coefficient. River basins where the 
model fit is obtained with a distance bin of 1 km are indicated with a dark gray line pattern. Water resource regions (3, 10, 12, 18) and river basins (309, 1021, 1210, 
1810) shown in panels c–j are highlighted with a thicker border. (b) Frequency of occurrence of surface water loss locations and model fit obtained for the CONUS. 
Confidence intervals represent the standard error associated to the model fit. (c–f) Frequency of occurrence of surface water loss locations and model fit obtained for 
the selected water resource regions. (g–j) Frequency of occurrence of surface water loss locations and model fit obtained for the selected river basins.
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p-value << 0.05). A comparable and statistically significant correlation is also found for the 18 water resource 
regions (slope = 1.06, R2 = 0.87, p-value << 0.05). The black diamond depicting the average distances for the 
CONUS falls marginally under the regression lines for river basins and water resource regions, meaning that 
our distance-decay model underestimates the observed distance at which on average surface water loss occurs at 
the continental scale (Table 1). Results from the linear correlation demonstrate the consistency of our model in 
reproducing the observed spatial pattern, as the truncated exponential probability distribution is able to predict 

Water resource region/river 
basin name (ID)

Area 
[km2]

Average 
elevation ± std 

dev [m] Climatic regions and coverage percentage αx [-]
βx 

[km−1] r
〈dx〉 
[km]
𝐴𝐴 ⟨𝑑𝑑𝑥𝑥⟩ 

[km]

CONUS 7,744,303 - Continental (40.47%), Arid (33.67%), Temperate 
(25.41%), Tropical (0.27%), Polar (0.18%)

0.570 0.348 0.997 5.304 2.870

South Atlantic-Gulf Region (3) 695,951 110 ± 118 Tropical (59.48%), Temperate (40.52%) 0.512 0.295 0.994 5.407 3.391

Southern Florida (309) 42,136 12 ± 9 Tropical (59.48%), Temperate (40.52%) 0.255 0.093 0.996 8.992 10.140

Missouri Region (10) 1,323,835 996 ± 620 Continental (99.94%), Temperate (0.06%) 0.646 0.376 1.000 3.653 2.658

Loup (1021) 39,214 825 ± 188 Continental (95.29%), Arid (4.71%) 0.408 0.182 0.995 5.946 5.380

Texas-Gulf Region (12) 464,006 370 ± 348 Arid (85.42%), Temperate (14.58%) 0.692 0.407 1.000 2.703 2.457

Central Texas Coastal (1210) 44,227 160 ± 170 Temperate (99.94%), Arid (0.06%) 0.613 0.318 1.000 3.189 3.099

California Region (18) 416,156 888 ± 724 Temperate (77.67%), Arid (21.74%), Continental (0.59%) 0.558 0.312 0.993 4.245 3.202

Southern Mojave-Salton Sea 
(1810)

41,361 548 ± 470 Arid (93.38%), Temperate (6.4%), Continental (0.22%) 0.756 0.475 1.000 2.244 2.103

Note. αx and βx are the distance-decay model parameters; r is the Pearson's correlation coefficient; 〈dx〉 and 𝐴𝐴 ⟨𝑑𝑑𝑥𝑥⟩ are the observed and theoretical average distance, 
respectively. The first row reporting the values for the CONUS does not contain any ID nor the elevation with its standard deviation, which is not a significant 
information for such a large area.

Table 1 
Main Physical and Climatic Properties and Model Fit Results, Based on a 3 km Wide Distance Bin, for the CONUS and Four Representative Water Resource Regions 
and Related River Basins

Figure 4. Comparison between the observed and theoretical average distance of surface water loss locations from urban areas 
(〈dx〉 and 𝐴𝐴 ⟨𝑑𝑑𝑥𝑥⟩ ) based on a 3 km wide distance bin and their frequency distribution. (a) Correlation between observed and 
theoretical average distances of surface water loss locations. Results from the three levels of spatial aggregation (river basins, 
water resource regions, and CONUS) are shown. Circles (whose color identifies the prevalent climatic region) show pairs of 
observed and theoretical distances obtained for the 191 river basins, blue squares are used to represent the 18 water resource 
regions (WRRs), while the black diamond identifies the same distances calculated for the CONUS. The linear regression 
between observed and theoretical distances at the river basin level is depicted by the yellow dashed line (𝐴𝐴 ⟨𝑑𝑑𝑏𝑏⟩  = −0.13 + 1.00 
〈db〉) and its coefficient of determination R2 is 0.84. The light yellow area represents the 95% confidence interval of the linear 
regression. The linear regression between observed and theoretical distances at the water resource region level (not shown) 
is the following: 𝐴𝐴 ⟨𝑑𝑑𝑊𝑊𝑊𝑊𝑊𝑊⟩  = −0.73 + 1.06 〈dWRR〉. (b) Frequency distribution of observed and theoretical average distances of 
surface water loss locations at the river basin level.
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the distance from urban areas at which on average surface water loss may occur. We noticed that more than half 
of the river basins (109 out of 191) has an observed average distance smaller than 3 km (first bin of the histogram 
in Figure 4b).

To gain a deeper insight into the distance-decay behavior detected in our study area, we further analyzed the spa-
tial variability and the frequency distribution of the model parameters αx and βx. Higher values of αx and βx imply 
a more concentrated loss of surface waters in the proximity of urban areas and a quicker decrease in surface water 
loss frequency as the distance from urban areas increases, respectively. As before, results refer only to the 18 wa-
ter resource regions and 191 river basins for which Equation 3 fitted the data using a 3 km wide distance bin (i.e., 
river basins with a line pattern in Figure 3a are excluded). Values of αb, as derived from river basins, range from 
0.095 to 0.990, with the highest values found in river basins located in the eastern part of the CONUS and partly 
along the West Coast (Figure 5a), where the largest surface water withdrawals occurred (Dieter et al., 2018). 
Mean and median values of αb are 0.651 and 0.724, respectively (Figure 5b), meaning that 72% of the river 
basins presents more than half of surface water loss within 3 km from urban areas. In the 18 water resource 
regions αWRR ranges from 0.151 to 0.908, with a mean value of 0.610 and a median equal to 0.666 (Figure S12a 
in Supporting Information S1). For the CONUS, αCONUS equals 0.570, confirming the concentration of surface 
water loss in the immediate proximity of urban areas. Regarding the decay rate βx, values at the river basin level 
βb range from 0.028 to 1.546 km−1, with the highest values mainly found across the eastern part of the CONUS 
(Figure 5c), where most of urban areas are located (US Census, 2021). Mean and median values are 0.479 km−1 

Figure 5. Spatial variability and frequency distribution of αb and βb parameters of the distance-decay model based on a 3 km wide distance bin and applied at the 
river basin level. (a) Spatial variability of αb. River basins that are not fitted by the model using a 3 km wide distance bin are indicated in light gray. (b) Frequency 
distribution of αb. The dashed line and the dot-dash line represent the mean and the median values, respectively, as derived from river basins, while the solid line depicts 
αCONUS. (c) The same as panel a, but for the decay rate βb. (d) The same as panel b, but for the decay rate βb.
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and 0.422 km−1, respectively, with the majority of river basins (92%) showing a value smaller than 1 km−1 (Fig-
ure 5d). In the remaining 8% of the river basins, where βb > 1 km−1, a rapid decrease of surface water loss in 
space is found, indicating that the interaction between human settlements and surface water resources takes place 
over a shorter distance and thus only surface water resources close to cities are affected by urban areas. In the 18 
water resource regions βWRR ranges from 0.050 to 0.790, with a mean value of 0.407 and a median equal to 0.376 
(Figure S12b in Supporting Information S1). For the CONUS, βCONUS is equal to 0.348 km−1. Results based on 1 
and 5 km wide distance bins are shown in Figures S9 and S10 in Supporting Information S1 for river basins, and 
in Figures S11 and S13 in Supporting Information S1 for water resource regions.

We also tested if the variability of αb and βb model parameters reflects heterogeneities of urban attributes, such as 
total urban population, urban population change, and urban area change. To this aim, we extracted data of urban 
population and urban area form the GHS-POP and GHS-BUILT layers provided by the Global Human Settlement 
dataset (Corbane et al., 2019). Since population and built-up area data from GHS are available only for 1975, 
1990, 2000, and 2015 (2014 for built-up area), we assumed that urban population detected in 1990 and 2015 
and urban area found in 1990 and 2014 are a reasonable representation of the urban population and the level of 
urbanization during the first and last year of the period 1984–2018. The difference between urban population (or 
urban area) values in 2015 (or 2014) and 1990 was used to quantify urban population (or urban area) change. The 
general spatial distribution of urban population in 2015, urban population change, and urban area change at the 
river basin scale (Figure S14 in Supporting Information S1) is in agreement with the spatial trend observed for 
our model parameters αb and βb at the river basin level (Figures 5a and 5c), with higher urban population in 2015, 
urban population change, and urban area change along the East and West Coast. Indeed, when we represent the 
urban population in 2015, the urban population change and urban area change values against αb and βb parameters 
(Figure S15 in Supporting Information S1), we find a mild correlation between these variables, with the highest 
coefficient of determination R2 found for the total urban population of 2015 and urban area change. Finally, we 
calculated the maximum extent of urban agglomerations in each river basin of the CONUS to inspect whether 
river basins having larger urban clusters experienced a more pronounced loss in surface water close to their urban 
areas. An evident influence of the maximum extent of urban clusters did not emerge from our analysis (Figures 
S16 and S17 in Supporting Information S1). However, we found that as the variability (i.e., the interquartile 
range) and the 75th percentile of the extent of urban agglomerations increase, the decay rate βb increases as well 
(Figure S18 in Supporting Information S1), highlighting the presence of a steeper decay in surface water loss 
moving away from urban areas in river basins having larger urban agglomerations.

4.3. Influence of Climate

To investigate the role played by climate, we examined the spatial distribution of surface water loss locations and 
the associated variability of the model parameters αb and βb over the main Köppen climatic zones, that is, tropi-
cal, arid, temperate, continental, and polar (Beck et al., 2018). We found that more than one third of the surface 
water loss locations (37.13%) are located in the temperate region, with the remaining falling in the arid (29.37%), 
continental (27.5%), and tropical (5.99%) regions. Less than 0.01% of surface water loss occurs within the polar 
zone, which was not considered for further analysis. We then analyzed the variability of model parameters αb and 
βb in the climatic zones where locations of surface water loss are found, and calculated their weighted average 
associated to each climatic region (Figure 6). For a given climatic zone and river basin, the weight is defined as 
the ratio between the number of surface water loss locations within the portion of basin in that climatic zone (i.e., 
locations sharing the same values of αb and βb) and the total number of surface water loss locations found in the 
same climatic region.

The highest values of αb and βb parameters are found in the temperate and continental climatic regions. In the 
continental region, the weighted average of αb is equal to 0.736 (1st, 2nd, 3rd quartiles equal to 0.692, 0.728, and 
0.891, respectively), while the weighted average of βb is equal to 0.527 (1st, 2nd, 3rd quartiles equal to 0.393, 0.410, 
and 0.732, respectively). The temperate region shows slightly smaller values, with the weighted average of αb 
equal to 0.699 (1st, 2nd, 3rd quartiles equal to 0.633, 0.730, and 0.810, respectively), and the weighted average of 
βb equal to 0.439 (1st, 2nd, 3rd quartiles equal to 0.362, 0.409, and 0.545, respectively). Across these two climatic 
zones, characterized by abundant water resources, we found that surface water loss is concentrated close to urban 
areas (i.e., the majority of surface water loss is located within a 3 km distance) and its frequency of occurrence is 
rapidly decreasing in space. Therefore, localized and concentrated impacts of urban areas on surface water loss 
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are typical of temperate and continental climatic regions, as also shown in Figure 4a where pairs of theoretical 
and observed average distance of surface water loss are colored based on the prevailing climatic region found in 
each river basin.

The arid region presents significantly smaller values of αb and βb parameters. In particular, the weighted average 
of αb is equal to 0.325 (1st, 2nd, 3rd quartiles equal to 0.138, 0.208, and 0.459, respectively), while the weighted 
average of βb is equal to 0.168 (1st, 2nd, 3rd quartiles equal to 0.044, 0.068, and 0.226, respectively). Across the 
arid region, characterized by a limited availability of surface water resources, we found that surface water loss 
is more uniformly distributed across all distance classes, with only a 16% of surface water loss within a 3 km 
distance from urban areas on average. Indeed, the frequency of occurrence of surface water loss in space shows 
a decreasing trend, although dampened when compared to temperate and continental regions. Arid climates are 
therefore characterized by more distributed impacts of urban areas on surface water loss, which typically affect 
larger areas around cities (see also Figure 4a).

The tropical region shows the lowest average values of αb (0.255) and βb (0.093 km−1). However, surface water 
loss locations associated to this climatic region belong to one river basin only, thus limiting its representativeness.

Finally, we compared the decay rate of surface water loss (βb) to the one associated to the overall extent of surface 
water (βb

sw) and assessed their distribution across the Köppen climatic regions. We found that βb
sw values are 

consistently smaller than βb values across each climatic zone (Figure S19 in Supporting Information S1).

5. Discussion and Conclusions
Human pressure on surface water is increasing globally and especially on river systems (Ceola et al., 2019; Wada 
et al., 2013). By 2050 about 70% of the global population is expected to reside in cities (United Nations, 2019). 
Under this scenario the resulting process of urban sprawl will likely affect both the quantity and quality of wa-
ter resources surrounding urban areas worldwide (Boretti & Rosa, 2019; McDonald et al., 2014; Padowski & 
Jawitz, 2012).

A substantial reduction in water frequency observations close to urban areas, indicative of surface water loss, 
can produce environmental, social, and economic impacts whose effects are going to influence increasingly 
larger areas (McDonald et  al.,  2014; Padowski & Gorelick,  2014; Richter et  al.,  2013). As urban population 
grows and urban area expands, local surface water could be lost due to several human-induced processes, such 

Figure 6. Variability of αb and βb parameters of the distance-decay model applied at the river basin level across the Köppen 
climatic regions (Beck et al., 2018) in the CONUS. The boxplot edges indicate the first and third quartiles, with the thick 
horizontal line representing the median value. Colored circles illustrate the weighted average of the parameters associated to 
each climatic region. The percentage of surface water loss locations falling in each climatic region is also indicated.
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as increasing water abstraction, groundwater exploitation, land drainage, and increased evaporation, with serious 
consequences for the integrity of freshwater ecosystems (Ceola et al., 2013; Fitzhugh & Richter, 2004; Liyanage 
& Yamada, 2017; Pekel et al., 2016; Poff et al., 1997; Rodell et al., 2018; Sun & Caldwell, 2015). A water-land 
transition, producing surface water loss and river fragmentation, significantly impacts riverine biodiversity and 
essential ecosystem services (Botter & Durighetto, 2020; Grill et al., 2019; McDonald, Green, et al., 2011; Pekel 
et al., 2016). Such degradation of ecosystems and freshwater species has been extensively reported in the CO-
NUS and it is expected to occur in other areas across the globe where the use of land and water is changing and 
population is growing (Fitzhugh & Richter, 2004). As a result, it is crucial to gain a better understanding of the 
dynamics of interaction between urbanization and surface water, and in particular how the presence of human 
settlements influences the progressive loss of surface water resources, to find a balance between urban planning 
and water management policies that ensure water conservation and ecosystem protection (Hoekstra et al., 2018; 
McDonald, Douglas, et al., 2011; McGrane, 2016; Paiva et al., 2020; Vörösmarty et al., 2010; Wada et al., 2016).

This study aims at assessing the driving role of urban areas in the spatial distribution of surface water loss across 
the CONUS. We assumed that irrigation and climatic factors, in particular precipitation change, did not contrib-
ute to surface water loss (i.e., water-land transition) that occurred during the period 1984–2018. Indeed, regarding 
the influence of climate variability on surface water, on average the total annual precipitation and the number of 
precipitation days have slightly increased in most of the CONUS (Bartels et al., 2018; Easterling et al., 2017; US 
EPA, 2016), leading to a 0.5% increase of the total surface water area since 1984 (Pekel et al., 2016). Therefore, 
it is necessary to analyze the influence of urbanization on the spatial distribution of surface water loss, as it is 
responsible for the emergence of local hotspots that cannot be explained by climate change alone.

To understand the underlying spatial relationship between surface water resources and cities, the extent of built-
up areas and the locations of surface water loss were derived from EO data and combined for a spatially explicit 
modeling analysis. We conducted our analysis under the ideal condition that the spatial interaction between 
urban areas and surface water resources is solely governed by the geographical distance, disregarding other 
possible factors of interaction (e.g., roads, piping systems, industrial production, and power generation). We 
found that at river basin, water resource region, and CONUS levels surface water loss is more frequent close to 
human settlements and exponentially declines as the distance from urban areas increases. We therefore defined 
a distance-decay model, described by a truncated exponential probability distribution, that provides a theoretical 
characterization and a statistically significant modeling of the observed declining trend. Our model demonstrates 
that urban areas produce an exponentially increasing stress on surface water resources in the proximity of cities. 
The presence of a steeper distance-decay trend of surface water loss compared to the distance-decay obtained for 
the overall extent of surface water further confirms that more surface water loss occurred close to urban areas. We 
also noticed that surface water losses decline faster in river basins with larger urban agglomerations, highlighting 
that the influence of human settlements increases with the extent of urban clusters.

Distinct patterns in the distance-decay of surface water loss are found across the main Köppen climatic zones 
(Beck et al., 2018). Localized and concentrated impacts of urban areas on surface water loss are typical of temper-
ate and continental climatic regions, which present larger values of the model's parameters αb and βb. Conversely, 
arid climates are characterized by more distributed impacts, which typically affect larger areas around cities, with 
smaller αb and βb values.

Although the presence of human-managed surface water reservoirs and well fields is not explicitly considered in 
this analysis, surface water losses associated to such features are implicitly included in our Surface Water Loss 
map, as specified in the dataset used to derive this map (Pekel et al., 2016). In fact, dams reduce the variability 
of the downstream river flow (Granzotti et al., 2018), while well fields induce an increase of the groundwater 
recharge (Xu & Beekman, 2019). Both these effects imply a reduction in surface water extent. To increase the 
level of detail of the model description and to better understand the role played by dams and groundwater ex-
ploitation, further investigations might also inspect the relation between surface water loss and the geographical 
position of reservoirs and well fields. This additional information may be useful to support the identification of 
the optimal location of water withdrawals, but a careful assessment will be needed to reach a balance between 
model complexity and uncertainty.

The probabilistic characterization developed in this work and tested over the CONUS looks promising as it repre-
sents a valuable analytical tool that describes the observed spatial distribution of surface water loss locations with 
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respect to urban areas and provides useful information about the interaction that can potentially be found in other 
study areas with similar social and climatic conditions. The application of this approach to other regions might 
reveal the actual capability of our distance-decay model at reproducing the observed spatial interaction between 
human settlements and surface water depletion, supplying baseline information for the identification of sustaina-
ble management practices that guarantee a balance between urban population growth, urban water demand, and 
water needs for the environment.
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