Hydrol. Earth Syst. Sci., 29, 6353-6372, 2025
https://doi.org/10.5194/hess-29-6353-2025

© Author(s) 2025. This work is distributed under
the Creative Commons Attribution 4.0 License.

Hydrology and
Earth System
Sciences

Assessing the cumulative impact of on-farm reservoirs

on modeled surface hydrology

Vinicius Perin!, Mirela G. Tulbure?, Shiqi Fang?, Sankarasubramanian Arumugam?, Michele L. Reba*, and

Mary A. Yaeger’
Planet Labs Inc., San Francisco, CA 94107, USA

2Center for Geospatial Analytics, North Carolina State University, 2800 Faucette Drive, Raleigh, NC 27606, USA
3Department of Civil, Construction and Environmental Engineering, North Carolina State University,

961 Partners Way, Raleigh 27695, USA

4USDA-ARS Delta Water Management Research Unit, P.O. Box 2, State University, AR 2467-0002, USA
3Center for Applied Earth Science and Engineering Research, The University of Memphis,

3675 Alumni Drive, Memphis, TN 38152, USA
Correspondence: Mirela G. Tulbure (mtulbure @ncsu.edu)

Received: 13 May 2024 — Discussion started: 17 June 2024

Revised: 4 September 2025 — Accepted: 22 September 2025 — Published: 18 November 2025

Abstract. On-farm reservoirs (OFRs) are crucial water bod-
ies for meeting global irrigation needs. Farmers use OFRs
to store water from precipitation and runoff during the rainy
season, which they then use to irrigate their crops during
the dry season. Despite their importance to crop irrigation,
OFRs can have a cumulative impact on surface hydrology
by decreasing flow and peak flow. Nonetheless, there is
limited knowledge on the spatial and temporal variability
of the OFRs’ impacts. Therefore, to gain an understanding
of the cumulative impact of OFRs on surface hydrology,
we propose a novel framework that integrates a top-down,
data-driven, remote sensing-based algorithm with physically
based models, leveraging the latest developments in the Soil
Water Assessment Tool+ (SWAT+). We assessed the impact
of OFRs in a watershed located in eastern Arkansas, the third
most irrigated state in the USA. Our results indicate that the
presence of OFRs in the watershed is associated with a de-
crease in annual flow of 14 %-24 % and a mean reduction in
peak flow of 43 %—60 %. In addition, the cumulative impact
of the OFRs was not equally distributed across the watershed,
varying according to the OFR spatial distribution and their
storage capacity. The results of this study and the proposed
framework can support water agencies with information on
the cumulative impact of OFRs, aiming to support surface
water resources management. This is relevant because the

number of OFRs is expected to increase globally as a re-
sponse to climate change under severe drought conditions.

1 Introduction

Inland water bodies (e.g., lakes and reservoirs) comprise a
small fraction of Earth’s surface; however, they are respon-
sible for storing the vast majority of the accessible fresh-
water resources available on Earth. In addition, these water
bodies are pivotal components of surface hydrology, playing
key roles in ecosystem functioning and providing habitats
for wildlife (Khazaei et al., 2022; Verpoorter et al., 2014).
In particular, on-farm reservoirs (OFRs) are crucial for meet-
ing global irrigation needs (Déll et al., 2009; Downing, 2010;
Van Den Hoek et al., 2019). Farmers use OFRs to store wa-
ter from precipitation and runoff during the rainy season
to irrigate their crops during the dry season (Habets et al.,
2018; Perin et al., 2021b; Vanthof and Kelly, 2019; Yaeger
et al., 2017, 2018). The number of OFRs is expected to
rise worldwide in the coming decades, and estimates show
that there are more than 2.1 million OFRs in the US alone
(Downing, 2010; Renwick et al., 2005). OFRs are often built
to manage surface water resources more efficiently and to
help mitigate the impact of extreme droughts, which are pro-
jected to increase due to climate change (Habets et al., 2018;
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Van Der Zaag and Gupta, 2008). Although OFRs are small
water bodies ( < 50ha), they can have cumulative impacts
on the local and remote hydrology in the watersheds where
they occur (e.g., decreasing flow and peak flow) (Habets et
al., 2018). Their impact may contribute to worsening the sur-
face water stress already intensified by climate change and
population growth (Vordsmarty et al., 2010). Most studies
have focused on the cumulative impact of major large reser-
voirs on downstream flow alteration (Chalise et al., 2021;
Mukhopadhyay et al., 2021), but limited analysis has been
performed on the impact of OFRs on downstream flow avail-
ability.

To quantify the impact of OFRs on surface hydrology, it is
necessary to understand the spatial and temporal variability
of surface water extent in OFRs, as well as how the impacts
are related to the OFR networks, as the impacts of OFRs are
not the sum of the individual OFR impacts, but rather the
sum and their interaction effects (Canter and Kamath, 1995;
Habets et al., 2018). By gathering information from sev-
eral studies conducted in different countries (e.g., the USA,
France, Brazil), Habets et al. (2018) conducted a thorough as-
sessment of the OFRs’ impact on surface hydrology and the
various types of models and methods for representing OFRs
within the watershed. The authors concluded that the mod-
eled OFR impacts have a wide range, and that most studies
reported a mean annual reduction in flow, which ranged from
0.2 % to 36 %. In addition, the variability of the impact, as
identified in these previous studies, was higher when assess-
ing low flows over multiple years, with reductions ranging
from 0.3 % to 60 %. In general, the estimated mean annual
reduction in flow was 13.4+8.0 %, and the mean decrease in
peak flow was up to 45 % (Habets et al., 2018).

The approaches used to quantify the cumulative impact of
OFRs can be divided into two classes: data-driven methods
and process-based hydrological modeling. The data-driven
approaches include three primary methods. The first method
relies on assessing measured inflows and outflows of selected
OFRs, aiming to quantify their hydrological functioning with
the assumption that the cumulative impacts are the sum of
individual impacts (Culler et al., 1961; Dubreuil and Girard,
1973; Kennon, 1966). A variation of the cumulative impact
assessment approach has been recently suggested by Hwang
et al. (2021) for comparing naturalized flows and controlled
flows to assess the impact of large reservoir systems. The
second method is based on statistical analysis of the ob-
served discharge time series of a watershed as the number of
OFRs increased (Galéa et al., 2005; Schreider et al., 2002).
This approach is limited when discriminating the specific im-
pact of OFRs from those of land use and land cover change,
and when explicitly representing the OFRs in the models,
given that OFRs tend to be aggregated within the entire basin
(i.e., OFRs surface area and/or storage are summed and mod-
eled as a unique water impoundment). The third method in-
volves conducting a paired-catchment experiment by com-
paring the flows from two adjacent and similar catchments:
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one with OFRs and the other without OFRs (Thompson,
2012). This technique requires the catchment properties (e.g.,
soils, topology, lithology, land cover) to be spatially homo-
geneous, which is practically nonexistent at a large scale,
hence, this method’s applications are limited.

The second class of methods relates to hydrological mod-
eling, which is the most widely used approach for assessing
the impacts of OFRs. A variety of models have been pro-
posed by coupling the OFRs’ water balance with a quanti-
tative approach to estimate the OFRs’ water volume change
(Fowler et al., 2015; Habets et al., 2014; Jalowska and Yuan,
2019; Yongbo et al., 2014; Ni and Parajuli, 2018; Perrin et al.,
2012; Zhang et al., 2012). In general, the models have three
main components: the OFR water balance, a quantitative ap-
proach to quantify OFR inflows, and a spatial representation
of the OFR’s network. These different model components re-
sult in various limitations and assumptions — a comprehen-
sive assessment of these three components and their impact
on hydrological simulations is provided in a recent review
(Habets et al., 2018). Therefore, when selecting a specific
model to assess the impacts of the OFRs, it is essential to
consider the model’s suitability for addressing the target is-
sue, as well as its limitations and assumptions. The selected
model should also have the capability to incorporate and as-
similate varying land-surface conditions (e.g., soil moisture)
and time-varying OFR storages, which can be obtained either
from local monitoring or through remote sensing.

Most studies have used remotely-sensed products such as
soil moisture (e.g., SMAP; Entekhabi et al., 2010), ground-
water (e.g., GRACE; Tapley et al., 2004) and land cover
conditions (e.g., MODIS; Justice et al., 1998) for assimilat-
ing current conditions into hydrological models. Given that
OFRs tend to occur in high numbers (e.g., hundreds), multi-
ple studies leveraged the latest developments and availability
of satellite imagery to monitor the occurrence and dynamics
of OFRs (Jones et al., 2017; Ogilvie et al., 2018, 2020; Perin
etal., 2022, 2021a, b; Van Den Hoek et al., 2019; Vanthof and
Kelly, 2019), which could provide helpful information on lo-
cal storage conditions for predicting downstream streamflow.
Furthermore, these studies enabled the quantification of the
number of OFRs and their spatial and temporal variability in
surface water areas and storage within the watershed where
they occur, providing relevant information for modeling the
cumulative impact of OFRs. Despite the complementary in-
formation provided by satellite imagery, there are only a few
studies that incorporated remote sensing-derived information
(e.g., soil moisture derived from SMAP, groundwater based
on GRACE) with hydrological modeling (Ni and Parajuli,
2018; Yongbo et al., 2014; Zhang et al., 2012), and these
studies are limited to mapping the OFRs occurrence, or to
snapshots of the OFRs conditions (e.g., surface area). To the
best of our knowledge, no study has combined the spatial and
temporal variability of the OFRs — derived from multi-year
satellite imagery time series analyses — with a process-based
hydrological model.
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Therefore, to gain an understanding of the cumulative im-
pact of OFRs on surface hydrology, this study proposes a new
approach that systematically integrates the dynamically vary-
ing conditions of OFRs based on satellite imagery time series
(Perin et al., 2022) using a top-down data-driven approach
within the latest SWAT+ model. The Soil and Water Assess-
ment Tool (SWAT) (Arnold et al., 2012) has been widely
used to model the impacts of the OFRs (Jalowska and Yuan,
2019; Kim and Parajuli, 2014; Ni et al., 2020; Ni and Para-
juli, 2018; Perrin et al., 2012; Rabelo et al., 2021; Yongbo et
al., 2014; Zhang et al., 2012), in part given by a comprehen-
sive collection of model documentation and guidelines avail-
able online (https://swat.tamu.edu/, last access: 11 January
2022). Our objectives are to (1) assess the spatial and tempo-
ral variability of the cumulative impact of OFRs at the water-
shed and subwatershed levels, and (2) to quantify the intra-
and interannual impacts of the OFRs on flow and peak flow
at the channel scale. By integrating the SWAT+ model with
a remote sensing assimilation algorithm to account for the
OFRs spatial variability — which is lacking in most of stud-
ies assessing the OFRs impacts — and leveraging a digitally-
mapped OFRs dataset (Yaeger et al., 2017), we are providing
a new approach that can be replicated in watersheds across
the world, and used to support water agencies with informa-
tion to improve surface water resources management.

2  Methods
2.1 Study region

The study region is located in eastern Arkansas, USA, the
third most-irrigated state in the USA (ERS-USDA, 2022).
The area has a humid subtropical climate with a 30-year an-
nual average precipitation of ~ 1300 mm yr~! (PRISM Cli-
mate Group, 2025). Precipitation is distributed mainly be-
tween March and May, with an average of ~ 400 mm dur-
ing these months (Perin et al., 2021b). The region has ex-
perienced a steady increase in irrigated agriculture, with
commonly irrigated crops including corn, rice, and soy-
beans (NASS-USDA, 2021). A recent study (Yaeger et al.,
2017) digitally mapped 330 OFRs located in the study re-
gion (Fig. 1) using the high-resolution (1 m) National Agri-
cultural Imagery Program archive in combination with 2015
sub-meter spatial resolution Google Earth satellite imagery.
Most of the OFRs (95 %) have a surface area < 50 ha, and
they are concentrated in the eastern portion of the study re-
gion (Fig. 1). Currently, there is no comprehensive and up-
to-date inventory of all OFRs in the basin. This limitation
is partly because many of these man-made structures are lo-
cated on private properties, making them difficult to docu-
ment. As a result, the study only accounts for a fraction of
the total OFRs present in the study region.
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2.2 SWAT+ model setup

2.2.1 The Soil Water Assessment Tool to model the
impacts of OFRs on surface hydrology

The SWAT model is a time-continuous, semi-distributed hy-
drological model widely used globally — more than 5000
peer-reviewed publications have been published since its
launch in the early 1980s (Publications | Soil & Water As-
sessment Tool (SWAT), 2022). The large number of SWAT
applications globally revealed the model development needs
and its limitations. To address the present and future chal-
lenges when modeling with SWAT, the model source code
has undergone significant modifications, and a completely re-
vised version of the model was proposed in SWAT+ (Bieger
et al., 2017). SWAT+ utilizes the same equations as SWAT to
simulate hydrological processes; however, it provides users
with greater flexibility when configuring the model (e.g.,
defining management schedules, routing constituents, and
connecting managed flow systems to the natural stream net-
work) (Bieger et al., 2017).

The SWAT+ is undergoing constant improvements
(Chawanda et al., 2020; Molina-Navarro et al., 2018), and
a new module (Molina-Navarro et al., 2018) has been re-
cently developed to facilitate the optimal integration of a
water body and its drainage area within simulated hydro-
logical processes. In previous versions of the model, when
delineating the watershed area draining into a water body,
users were required to place an outlet at a specific point in
the water stream’s network, and areas between the rivers’
subwatersheds flowing into the water body were therefore
excluded. If these areas are disregarded, critical hydrologi-
cal processes (e.g., evaporation, overland and/or groundwa-
ter flow) flowing into the water body are not accounted for
(Molina-Navarro et al., 2018). This former approach can lead
to inaccuracies when delineating the watershed areas, mainly
when the results are used as input to an OFR model com-
ponent. The newest versions of SWAT+ consider the OFRs’
outline (i.e., shape and surface area) when delineating the
watersheds; hence, accounting for the entire drainage area
flowing into the waterbody (Molina-Navarro et al., 2018). In
addition, the latest versions allow for adding more than one
OFR per subwatershed by associating the OFR with channels
— components of the watersheds, as well as finer divisions
and extensions of water stream reaches, enabling modeling
analyses at the channel scale. When simulating the impact of
the OFRs at the channel scale, there is a higher level of detail
of where and when the OFRs are contributing to changes in
surface hydrology, unlike the previous versions of the model,
which allowed adding only a single OFR per subwatershed
placed at the subwatershed outlet as a point (Arnold et al.,
2012), and therefore, the analyses were conducted at the sub-
watershed scale.

We modeled the impact of OFRs on surface hydrology us-
ing the QSWAT+ (v.2.1.9) SWAT+ model interface together
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Figure 1. Study region located in eastern Arkansas, USA, the subwatersheds and surface water streams and channels delineated with SWAT+,
the model outlet, the United States Geological Survey (USGS) stations (United States Geological Survey Water Data for the Nation, 2022)
used for flow calibration and validation, the digitized OFRs (Yaeger et al., 2017), and the Digital Elevation Model (DEM) used in the

modeling (Farr et al., 2007).

with SWAT+ Editor (v.2.1.0) to set up the model, to input the
required datasets (e.g., DEM, land use and land cover layer,
interpolated meteorological climate information), and to run
the different modeling scenarios.

The modeled watershed (710700ha, Fig. 1) comprised
68 subwatersheds and a total of 642 Hydrological Response
Units (HRUs) — HRUs are unique portions of the subwater-
sheds characterized by distinct land use and management, as
well as unique soil attributes. We set up daily simulations for
30 years (1990-2020), including five years of model warm-
up to establish the initial soil water conditions and hydro-
logical processes. The watershed was delineated using the
Shuttle Radar Topography Mission DEM (30 m) (Farr et al.,
2007). Additionally, we set the channel length threshold to
6km? and the stream length threshold to 60 km?. We placed
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an outlet in the southern part of the study region — where the
lowest part of the watershed is located (Fig. 1). We created
the HRUs using the dominant option — this option selects the
largest HRU within the subwatershed as the general HRU —
within QSWAT+ interface, and used the National Land Cover
Database (30 m) (Homer et al., 2020), and Gridded Soil Sur-
vey Geographic Database (gSSURGO) (Soil Survey Staff,
USDA-NRCS, 2021) (100m) as inputs to the model. The
gSSURGO layers were processed according to their guide-
lines when using them on QSWAT+ (George, 2020). For cli-
mate data, we extracted the centroid coordinates of each sub-
watershed. We used these centroids to download 30 years of
daily precipitation, minimum and maximum temperatures,
surface downward shortwave radiation, wind velocity, and
relative humidity from the Gridded Surface Meteorological

https://doi.org/10.5194/hess-29-6353-2025
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Datasets (Abatzoglou, 2013), which are available in Google
Earth Engine (Gorelick et al., 2017). The time series of each
subwatershed centroid was added to the SWAT+ Editor as
independent weather stations.

2.2.2 Model calibration and validation procedures

We used monthly measured flow from three USGS stations
(Fig. 1 and Table 1) to calibrate and validate the model flow
simulations. The USGS flow time series length varied be-
tween 14 and 25 years, and we used 60 % of the time series
for calibration and 40 % for validation for each USGS sta-
tion (Table 1). We assessed the performance of the model
by calculating the Coefficient of determination (r2), Percent
bias (PBIAS, %, Eq. 1) (Yapo et al., 1996), and the Nash—
Sutcliffe model efficiency coefficient (NSE, Eq. 2) (Nash and
Sutcliffe, 1970). PBIAS is the relative mean difference be-
tween the simulated and measured flow values, reflecting the
model’s ability to simulate monthly flows accurately. The op-
timal PBIAS is zero, and low-magnitude values indicate bet-
ter model performance. Positive PBIAS indicates overesti-
mation bias, whereas negative values denote underestimation
bias. The NSE indicates how well the model simulates flows,
ranging from a negative value to one, with a value of one
indicating a perfect fit between the simulated and measured
flow values. In general, the model simulations of monthly
flow are considered satisfactory when 12 ranges from 0.60 to
0.75, PBIAS ranges from £10 % to +15 %, and NSE ranges
from 0.50 to 0.70 (Moriasi et al., 2015).

PBIAS = % (1)
=11
. (X —Y)?
NSE = 1 S xR )

where X; is the measured flow and Y; is the simulated flow.

We conducted a sensitivity analysis using the SWAT+
ToolBox (v.0.7.6) (SWAT+ Toolbox, 2022) to reveal the most
sensitive parameters when simulating flow — a total of 10
parameters (Table S1) were tested based on previous stud-
ies that used SWAT/SWAT+ to model the impact of water
impoundments on surface hydrology (Jalowska and Yuan,
2019; Yongbo et al., 2014; Ni et al., 2020; Ni and Para-
juli, 2018; Perrin et al., 2012; Rabelo et al., 2021; Zhang et
al., 2012). Following the sensitivity analysis, we selected the
five most sensitive parameters (Table 2) and proceeded with
a manual calibration using the SWAT+ Toolbox. We aimed to
improve the model’s monthly flow predictions by testing the
parameters one at a time and adjusting their values between
—20% and 20 % in 5 % increments, based on their respective
ranges. The final calibrated parameters and their fitted values
are shown in Table 2.
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2.3 OFRs representation in SWAT+

Multiple OFRs can be added to the same subwatershed by
associating them with channels (Dile et al., 2022). The OFRs
must have at least one outlet channel, and they may have
none or multiple inlet channels. Therefore, most OFR-related
processes within the model involve determining what chan-
nels form inflowing and outflowing channels for each OFR.
Ideally, each OFR would interact with a channel, and there-
fore, have a channel entering, leaving, or within the OFR.
Nonetheless, it is common to have OFRs that do not inter-
sect with any channel (Dile et al., 2022) — this is the case
for 93 % of the OFRs in our study region. The OFRs in our
study region are not dams along the streams but instead engi-
neered water impoundments that are indirectly connected to
the main streams via pipes and pumps (Yaeger et al., 2017).
A possible solution would be modifying the OFRs’ shapes by
dragging them to the closest channel (Dile et al., 2022). How-
ever, this would require extensive modifications of the OFRs’
shapes. Additionally, when an OFR is added to a channel, it is
split into two channels, and the model must account for these
two newly created channels during the water routing calcu-
lations. For this reason, adding multiple OFRs to the same
channel or adding multiple OFRs closely located to the same
channel can be a cumbersome process that leads to numerous
routing errors.

To overcome these challenges, we aggregated the OFRs’
surface area and added aggregated OFRs to the model. This
adaptation involved two steps. First, for each of the 330
OFRs, we searched for the closest channel by calculating the
distance between the OFR’s centroid and the multiple chan-
nels within each subwatershed. Then, we aggregated all the
OFRs associated with each channel by summing their surface
areas and adding a polygon representing the aggregated area
to the OFR. This approach resulted in 69 aggregated OFRs
that were added to 67 different channels located in 16 sub-
watersheds. The surface area of the aggregated OFRs var-
ied between 3.05 and 165.67 ha, and the number of OFRs
in each aggregated OFR varied between 2 and 12. To avoid
confusion, for the rest of the manuscript, we refer to OFRs
as the aggregated OFRs, and not the individual OFRs shown
in Fig. 1.

2.4 OFR’s water balance

We did not have access to water abstraction data from the
OFRs; therefore, all abstractions were modeled using Eq. (3),
which accounts for water flowing out of the OFR, as well as
losses due to evaporation and seepage. The volume of water
in an OFR, which changes due to changes in inflows, out-
flows, or abstractions, is associated with changes in the sur-
face area of the OFR. A reduction in surface area (Eq. 4)
typically leads to a corresponding decrease in water volume.
If inflows are insufficient to fill the OFR, water will not be
routed to the downstream channel.
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Table 1. USGS stations, drainage areas, and the periods used for flow calibration and validation.

USGS station

Station id  Drainage Area (ha)

Period (years)

Calibration ~ Validation
07264000 (A) 53600 1995-2010 2010-2020
07263555 (B) 25400 2007-2014 2014-2020
07263580 © 5300 1997-2011 2011-2020

Table 2. Monthly flow calibration parameters.

Parameter Description Range  Value
CN2 SCS runoff curve number 35-95 0.20%*
SOL_AWC  Available water capacity (mm/mm) 0.01-1 —0.20*
ESCO Soil evaporation compensation coefficient 0.01-1  0.50
PERCO Percolation coefficient (fraction) 0-1 0.60
CANMX Maximum canopy storage (mm) 0-100 75

* Denotes relative percentage change.

For each of the aggregated OFR, the initial water volume
(Vstored, see Eq. 3) was calculated using the SWAT+ default
rule, which is a simple multiplication of the OFR surface area
by a factor of 10, similar to other studies based on SWAT+
(Ni and Parajuli, 2018; Zhang et al., 2012). For a scenario
where the OFR has a surface area of 1ha (10000 m?), the
corresponding volume would be 100 000 m? — this is a limita-
tion of our study, as the assumption was necessary due to the
absence of available bathymetry data. In addition, since we
did not have access to the OFRs’ release rates, we used the
model’s default release rule, which sets the OFRs to release
water when the spillway volume is reached — 80 % of the
OFRs’ capacity (Bieger et al., 2017). While farmers may oc-
casionally withdraw water directly from OFRs, in our study
region, most irrigation appropriations are taken from chan-
nels and streams. This is consistent with irrigation practices
in Arkansas, where large-scale surface water projects with-
draw directly from rivers and distribute water via canals and
pipelines. Similarly, watershed-scale modeling that incorpo-
rates irrigation withdrawals into the river system yields better
flow simulations, especially during low-flow periods (Bro-
chet et al., 2024). Given this, and in the absence of high-
resolution data on reservoir-specific withdrawals, our frame-
work assumes that inflow to OFRs already reflects upstream
irrigation abstractions. Thus, Eq. (3) omits an explicit irriga-
tion withdrawal term for OFRs, and our approach focuses on
quantifying the alterations in the hydrological signal through
comparisons of natural versus reservoir-influenced flows.

V = Vitored + Viiowin + Viiowout + Vpcp + Vevap + Vseep 3

Where V is the volume of water in the OFR at the end of the
day (m3 ), Vstored 18 the volume of water stored at the begin-
ning of the day (m3), Viowin 1S the volume of water entering
the OFR during the day (m3), Viowout 18 the volume of water
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flowing out of the OFR (m?), Vpep 18 the volume of precipi-
tation falling on the water body (m3), Vevap is the volume of
water removed from the OFR due to evaporation, and Vieep
is the volume of water lost by seepage (m?).

The OFR surface area is used to calculate the amount of
precipitation falling on the water body and the amount of
water lost through evaporation and seepage. Given the ini-
tial, OFR surface area obtained from one of the three model-
ing scenarios, the OFR surface area was modeled daily. The
surface area varied according to the volume of water stored
in the reservoir. Equation (4) is used to estimate the surface
area:

Surface area (ha) = Bsa + Vexpsa )
lo Vem) — lo V
expsa = 210 (Vem) —log; (Vpr) 5)
1OgIO (Surface areagm) — logl() (Surface areapr)
Vem
“\ Surface aron 6
Pra (Surface areaem) expsa (6)

Where fBsa is a surface area coefficient, Ve, is the volume
of water (m?) at the emergency spillway, Vpr is the volume
of water (m?) at the principal spillway, Surface areaem is
the surface area (ha) at the emergency spillway, and Surface
areapr is the surface area at the principal spillway. Spillways
release the water once it reaches a specific level. Most OFRs
have uncontrolled spillways, implying that there are no gates
to control the outflow. The outflow through the spillway de-
pends on the level above the spillway crest. An emergency
spillway, whose crest is typically at a higher elevation than
the principal spillway, is an additional spillway designed to
release excess water during heavy flooding. The surface area
of the OFR represents the water spread area corresponding
to a given level in the reservoir, which typically increases as
the reservoir level rises.
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The volume of precipitation falling into the OFR is calcu-
lated using Eq. (7):

Voep = 10 X Rgay x Surface Area (ha) (7)

Where Ry, is the amount of precipitation falling into the
OFR on a given day (mm).
Evaporation losses are calculated using Eq. (8):

Vevap = 10 x 1 x E x Surface area (ha) ®)

Where 7 is an evaporation coefficient (0.6), and Eq is the
potential evapotranspiration for a given day (mm).
Seepage losses are calculated using Eq. (9):

Vseep = 240 x Ky x Surface area (ha) 9)

where K, is the effective saturated hydraulic conductivity
of the reservoir bottom (mmh~1).

2.5 Scenario Analysis

Given our representation of the OFRs in SWAT+, we as-
sessed the impact of the OFRs on surface hydrology at the
channel scale. To do so, we established a model baseline sce-
nario without the presence of OFRs in the watershed. Addi-
tionally, we divided the channels into four classes (i.e., low
and high flow classes) based on their mean baseline flow.
The different class intervals were calculated using the mean
flow quartiles, accounting for all channels, which resulted in
the following baseline flow classes: (1) 0.001-0.25m>s ™!,
(2) 0.25-0.50m*s™!, (3) 0.50-2.11m*s™!, and (4) 2.11-
17.50m3 s~ 1.

To account for the OFRs’ variation in surface area (i.e.,
change in storage capacity), we propose a novel approach
that leverages a top-down data-driven model based on satel-
lite imagery (Fig. 2). We used this model to create three
modeling scenarios using daily OFRs surface area time se-
ries — these scenarios were based on the methodology pro-
posed by Perin et al. (2022). The authors employed a multi-
sensor satellite imagery approach combined with the Kalman
filter (Kalman, 1960) to calculate the daily OFRs’ surface
area change between 2017 and 2020. The proposed algo-
rithm accounts for the uncertainties in both the sensor’s ob-
servations and the resulting surface areas. By improving the
OFR’s surface area observations cadence, the algorithm en-
ables a deeper understanding of the OFR’s surface area intra-
and inter-annual changes, which are key pieces of informa-
tion that can be used to better assess and manage the water
stored by the OFR (Perin et al., 2022). The daily surface area
time series — derived by combining PlanetScope, RapidEye,
and Sentinel-2 satellite imagery (Perin et al., 2022) — of each
OFR was used to simulate three scenarios (i.e., lower, mean,
and upper) representing the OFRs’ capacity in terms of sur-
face area. The mean scenario represents the regular condition
of the OFRs, and it is the mean of the daily surface area time
series derived from the Kalman filter. The lower and upper
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scenarios represent the lowest and highest capacities of the
OFRs, based on the 95 % confidence interval limits of the
surface area, calculated using the daily time series. Please re-
fer to Perin et al. (2022) for more details on how the 95 %
confidence interval was calculated.

The SWAT+ model does not allow for direct incorpora-
tion of a daily surface area time series because it calcu-
lates surface area dynamically (Eq. 4) based on changes
in water volume through the reservoir water balance equa-
tion (Eq. 3). It is structured to accept a single surface area
value per scenario, which then varies internally. Incorporat-
ing time-varying surface area data, such as from the Kalman
filter, would require modifications to the model that are cur-
rently not supported. Therefore, a single surface area value
was assigned to each scenario and OFR, with lower, mean,
and upper values used as starting points for the model’s wa-
ter balance simulations. This initial surface area reflects the
OFR’s maximum surface area at full capacity for each sce-
nario. For example, in the lower scenario, an initial surface
area of 1.2ha represents the maximum area for this OFR.
As model iterations proceed, the surface area is recalculated
based on Eq. (4). The initial OFR surface area was kept con-
stant during the simulation period (Ni et al., 2020; Ni and
Parajuli, 2018; Perrin et al., 2012). In other words, the OFR
surface area varied according to Eq. (4), however, the maxi-
mum surface area did not exceed the initial value. To assess
the impact of the OFRs on surface hydrology, we compared
the baseline flow with the flow simulated by each surface area
scenario — i.e., comparing the flow changes with and without
OFRs, a common approach used by previous studies (Habets
etal., 2018).

We estimated the impact of the OFRs on surface hydrology
by calculating the percent change (Eq. 10) of monthly flow
between the baseline and the three surface area scenarios, in-
cluding all OFRs. The annual impact on flow was calculated
by averaging the mean percent change over the months. We
also calculated the distribution of the percent change for each
baseline flow class. The distribution was assessed using two-
dimensional kernel density estimation (KDE) plots. Unlike
discrete bins (e.g., histograms), KDE plots display a contin-
uous density estimate of the observations using a Gaussian
kernel. Additionally, we assessed the percentage changes in
peak flow. For this analysis, peak flow is defined as equal
to or higher than the 99th flow percentile calculated using
the entire flow time series (Eq. 10). It is important to keep
in mind that the impact of the OFRs on this study is solely
based on modeling scenarios and does not account for OFR
management practices, which represents a key limitation of
this simulation study.

Y — X;
Percent change (%) = > x 100 (10)
i

Where X; is the baseline flow, and Y; is the simulated flow
of each surface area scenario.
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Digitized OFRs dataset (Yaeger
et al, 2017)

Top-down data driven remote sensing-based
algorithm (Perin et al., 2022)

|

Daily time series analyses to incorporate
the OFRs dynamic changes

I

Scenarios of OFRs surface area changes
(lower, mean, and upper)

Model the scenarios leveraging the latest
improvements on SWAT+, and converting
surface area to water volume using SWAT+

empirical model

SWAT+ simulations of outflows at the channel
level

Comparing SWAT+ simulations scenarios with
and without the OFRs

Assessing the spatial and temporal variability of the
cumulative impact of the OFRs

Figure 2. A new approach to integrate a top-down data-driven re-
mote sensing-based algorithm, that assesses the OFR’s dynamic
conditions (Perin et al., 2022), with the latest SWAT+ model de-
velopments.

3 Results
3.1 Model calibration and validation

The model calibration and validation were done using the
three USGS stations presented in Fig. 1 and Table 1, and ac-
counting for all OFRs in the study region. When compar-
ing the monthly simulated flow with the measured flow for
the calibration period, there was a good agreement (0.71 >
0.93), and a satisfactory model efficiency (0.68 NSE 0.90)
for all three stations (Fig. 3). In addition, the PBIAS magni-
tude was < 3 % for station A, and < 12 % for stations B and
C. Meanwhile, the validation period had r? ranging between
0.69 and 0.86, and the NSE between 0.68 and 0.83, with
PBIAS magnitude < 10 % for stations A and B, and 18.12 %
for station C. In general, for stations A and C, the model over-
estimated flow values (i.e., positive PBIAS) mostly during
flow events < 3 m3 s~ !, and the model underestimated flow
(i.e., negative PBIAS) for station B during flows > 20 m? s~!
(Fig. 3). These findings are consistent with a previous study
conducted in western Mississippi near our study region (Ni
and Parajuli, 2018). Even though during the validation pe-
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riod, Station B had a PBIAS magnitude higher than 15 %,
the 2 and NSE values from both the calibration and val-
idation periods indicate satisfactory modeling performance
when simulating monthly flow (Moriasi et al., 2015). Given
that none of the OFRs were directly connected with the
streams where the stations were located (Fig. 1), and there
were no OFRs near stations B and C, the calibration and val-
idation metrics with and without the OFRs were very similar,
with differences smaller than 1 %.

3.2 Percent change in flow

We assessed the impact of the OFRs on flow by com-
paring the baseline flow (i.e., without the OFRs) with the
three surface area scenarios generated from the Kalman fil-
ter approach — lower, mean, and upper (see Sect. 2.4, and
Fig. 2). The total surface area (i.e., summing all OFRs sur-
face area) was 2.176 ha for the lower, 2.766 ha for the mean,
and 3.370 ha for the upper, and the three scenarios had a sim-
ilar OFRs surface area distribution (Fig. 4). In addition, most
of the OFRs had surface areas < 50ha — 78 %, 71 %, and
62 % of the OFRs for the lower, mean, and upper scenarios.

Figure 5 categorizes the channels into four distinct groups,
with each category illustrating the percentage change in flow
throughout the year, displayed along the x axis by month.
The three bar colors represent different scenarios, while bar
heights illustrate variations across channels and years. For
example, the bars for January include all January data span-
ning from 1990 to 2020, enabling a thorough comparison
of seasonal and year-to-year flow changes. The impact of
the OFRs on monthly flow varied throughout the year. The
largest impacts occurred between January and May for all
flow classes (Fig. 5). During these months, including all sur-
face area scenarios, the mean decrease in flow (i.e., negative
mean percent change) was —34.4 + 6 % for class 1, —37.6 &+
5 % for class 2, —30.0 &+ 6 % for class 3, and —34.1+6 %
for class 4. For all classes, the most significant reduction in
flow occurred during March (~ —40 %). Meanwhile, the im-
pact of the OFRs was more minor during the second half
of the year, in which the mean percent change in flow was
—12.0£3 % forclass 1, —12.54+5 % forclass 2, —1.4+4 %
for class 3, and —2.6 &= 10 % for class 4 (Fig. 5).

When assessing the mean percent change per month for all
surface area scenarios, the lower flow classes (i.e., (1) 0.001-
0.25m3s™! and (2) 0.25-0.50m> s~ ') exhibited a negative
mean percent change for all months. Nonetheless, we ob-
served a mean positive percent change (i.e., increase in flow)
for August (5.0 1 %) and October (5.2 +0.2 %) for class 3,
and during June (8.2£0.3 %), August (7.3£0.4 %), and Oc-
tober (8.7 £ 0.4 %) for class 4 (Fig. 5). Furthermore, the dif-
ferent surface area scenarios had similar impacts on flow
for all months of the year with differences smaller than 5 %
for all scenarios. Between January and May, for all flow
classes, the mean percent change was —32.0 &6 % for the
lower, —34.6 +7 % for the mean, and —35.8 =5 % for the
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Figure 3. Flow calibration and validation time series for the three USGS stations A (07264000), B (07263555), and C (07263580). See Fig. 1
and Table 1 for more information about the USGS stations. The precipitation time series represents the monthly accumulated precipitation at

the watershed scale (i.e., for the entire study region).

upper. Between June and December, the impact on flow was
—5.4+6% for the lower, —7.3 £8 % for the mean, and
—8.9 £ 5 % for the upper.

Generally, the OFRs contributed to a decrease in monthly
flow. However, the OFRs’ impact on flow exhibited signifi-
cant intra- and inter-annual variability, varying according to
different OFRs and channels — this is highlighted by the box-
plot size variability in Fig. 5, where the variability was lower
during the first part of the year and greater between July and
August. Additionally, the monthly percent change in flow in
the KDE plots (Fig. 6) indicates that for all three scenarios
and flow classes, most changes in flow fall within the range
of —40 % to 0 %. In addition, all KDE plots have a triangu-
lar shape with its base on the smaller flows, denoting where
most of the changes occur. Even though most of the percent
change in flow is negative, there are circumstances in which
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the OFRs could positively impact flow — the increase in flow
is represented by faded colors in each surface area scenario
(Fig. 6). The positive mean percent change could be as high
as 80 % — see Fig. 6 for the larger flow classes, (3) 0.50—
2.11m3s™! and (4) 2.11-17.50m3 s~ 1. The positive impact
on flow for these classes was observed during June, August,
and October, when a mean positive change was noted (Fig. 5,
classes 3 and 4).

The annual mean percent change, for all surface area sce-
narios, was —22.5+3 % for class 1, —24.2 +4 % for class 2,
—14.6 =3 % for class 3, and —16.6 =3 % for class 4. In
addition, the surface area scenarios’ annual changes were
—18.0 £ 5 % for the lower, —19.6 =5 % for the mean, and
—20.8+£6 % for the upper, including all flow classes. The dif-
ferences between the surface area scenarios shown in Figs. 5
and 6 are related to the variability of the OFR’s surface area.

Hydrol. Earth Syst. Sci., 29, 6353-6372, 2025
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Figure 4. OFR’s surface area distribution for the three surface area
scenarios, lower, mean, and upper.

3.3 Impact on peak flow

For each channel, we calculated the impact of the OFRs on
peak flow (Fig. 7). The effect on peak flow was —60.7+£13 %
forclass 1, —56.24+11 % for class 2, —46.7+19 % for class 3,
and —43.9412 % class 4. When assessing the impact on peak
flow based on different surface area scenarios, the mean per-
cent change was —49.4 + 18 % for the lower, —50.4 + 17 %
for the mean, and —52.7+ 18 % for the upper. All peak flows
occurred between January and May, which is the period of
the year when the study region receives most of its precip-
itation (Perin et al., 2021a). Except for a few outliers, there
was no increase in peak flow, despite the OFRs contributing
to a positive mean percent change in flow in certain months
of the year (Fig. 5, classes 3 and 4).

3.4 Simulated flow time series

We randomly selected a channel within the flow class 3 to
demonstrate the baseline and the three surface area scenar-
ios’ flow time series between 1995 and 2005 (Fig. 8). For this
channel, the annual mean percent changes in flow when com-
paring the baseline scenario with the lower, mean, and up-
per surface area scenarios were 0.99 +11.8 %, —1.9 4+ 13 %,
and —2.0 £ 19 % — the high standard deviation for the three
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Figure 5. Monthly percent change in flow between the base-
line scenario (vertical dotted blue line) and the three surface
area scenarios (lower, mean, and upper), and for the four flow
classes (1) 0.001-0.25m3s~!, (2) 0.25-0.50m3s~!, (3) 0.50-
211m3s™ !, and (4) 2.11-17.50m3 s~!. This analysis included
data from all simulated years (1990-2020).

scenarios is explained by the interannual variability. The up-
per surface area scenario resulted in lower flows (i.e., higher
impact) compared to the lower and mean scenarios for the
majority of flow events — 67.8 % and 57.6 % for the lower
and mean scenarios, respectively. Nonetheless, there are cir-
cumstances when the upper scenario yielded higher flows —
32.2 % and 42.4 % of the events for the lower and mean sce-
narios, respectively (e.g., see the two insets for the periods
March 1997-August 1998 and May 2002-February 2004).
These findings indicate that the impacts that the OFRs have
on flow are not entirely governed by the presence and surface
area of the OFRs (i.e., the different surface area scenarios),
but instead by a combination of the OFRs with varying com-
ponents of modeling (e.g., terrain, land use, climate infor-
mation), and different hydrological processes (e.g., run-off,
precipitation, evaporation). In addition, the impact on peak
flow for this channel was —45.7 £ 19.7 % for all surface area
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nario (vertical dotted blue line) and the three surface area scenarios (lower, mean, and upper) for the four flow classes (1) 0.001-0.25 m

341

s

(2) 0.25-0.50m3 s~ !, (3) 0.50-2.11 m3 s~ !, and (4) 2.11-17.50m3 s~!. Note the different range of values on the y axis for all four flow

classes.

scenarios, as highlighted on two occasions (August 2002 and
August 2003) in the second inset.

3.5 Spatial variability of the OFR’s impact on annual
flow

To assess the overall impact of the OFRs at the subwater-
shed level, we calculated the contribution of each subwater-
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shed flow to the main model outlet, and the subwatersheds’
reservoir capacity (i.e., summing the OFRs surface area at
each subwatershed and dividing it to the total OFRs surface
area, including all OFRs from all subwatersheds) (Fig. 9). In
general, the highest impacts on annual flow (e.g., > 100 %),
with positive or negative magnitude, occurred at the sub-
watersheds that contributed the least (< 10 %) to the main
model outlet — these subwatersheds are represented in lighter

Hydrol. Earth Syst. Sci., 29, 6353-6372, 2025



6364 V. Perin et al.: Assessing the cumulative impact of on-farm reservoirs on modeled surface hydrology

Percent change (%)

Il |ower

(1) 0.001-0.25 m3/s (2) 0.25-0.50 m3/s (3) 0.50-211m3/s (4) 2.11-17.50 m3/s
Il Mean

B Upper

Figure 7. Percent change in peak flow between the baseline scenario (vertical dotted blue line) and the three surface area scenarios (lower,
mean, and upper) for the four flow classes (1) 0.001-0.25m3 s, (2) 0.25-0.50m? s, (3) 0.50-2.11 m?s~!, and (4) 2.11-17.50m3 s~ 1.

0.8 1

(,;"T 0.6 1

1S

2 041

o

Lo
0.2 14
0.0 ; . 0.0 . .
03/1997 09/1997 03/1998 08/1998 05/2002 12/2002 06/2003
12
1.0 1

d

S

2

Ke]

L

------ Baseline

0.0 B SV A : : : : \ — :
01/1995 01/1996 03/1997 03/1998 02/1999 03/2000 01/2001 05/2002 06/2003 07/2004 07/2005
— Lower

—— Mean — Upper

Figure 8. A subset of the time series of simulated flow for baseline and the three surface area scenarios (lower, mean, and upper) between

1995 and 2005 for a selected channel within the flow class 3.

shades of blue, and the annual impact is highlighted in yel-
low on Fig. 9. In other words, the highest impacts on flow
occurred on the channels with smaller flow magnitudes (e.g.,
channels that presented mean flow ranging between 0.001—
0.25 and 0.25-0.50 m3 s~!, these channels were classified as
class 1 and 2 in this study). In addition, the subwatersheds
with the highest reservoir capacities (between 15.3 % and

Hydrol. Earth Syst. Sci., 29, 6353-6372, 2025

19.1 %, represented in darker shades of blue) (Fig. 9) had a
small (< 10 %) contribution to the model outlet. These sub-
watersheds did not present the highest impact on annual flow
(e.g., the effect on annual flow for the top two subwatersheds
in terms of reservoir capacity were —0.9 % and 82.1 %).
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4 Discussion

As OFRs will contribute to improving food production re-
silience by providing surface water for irrigation during dry
periods and severe drought events, which are expected to
occur more frequently due to climate change, OFRs can
have cumulative impacts on the surface hydrology of the
watershed where they are located. Studies have employed
either data-driven or physically based hydrological model
approaches to estimate the effects of OFRs on watersheds.
However, combining these approaches provides a better un-
derstanding of the spatial and temporal variability of OFR
impacts, as it incorporates the dynamic changes of OFRs into
the hydrological model. To quantify whether the impact of
the OFRS on mean and peak flow varies intra- and inter-
annually, and which subwatersheds are more affected, we
combined a data-driven remote sensing-based model with the
latest improvements in SWAT+ to assess the OFR impacts.
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4.1 Cumulative impact of OFRs

When simulating water impoundments in SWAT/SWAT+, it
is common practice to validate and calibrate the model using
flow measurements (Evenson et al., 2018; Habets et al., 2018;
Jalowska and Yuan, 2019; Ni and Parajuli, 2018). In addition,
other studies have validated and calibrated the model using
alternative variables. For example, Perrin et al. (2012) em-
ployed monthly measurements of piezometric variations to
assess aquifer recharge processes, and Jalowska and Yuan
(2019) used sediment loadings (concentration and budget)
from field monitoring reports to evaluate sediment simula-
tions. Ideally, we would calibrate and validate the model by
accounting for the parameters governing the OFRs’ water
budget (e.g., inflows and outflows) (e.g., Kim and Parajuli,
2014). Nonetheless, these measurements were not available
for the OFRs in our study region. Furthermore, a thorough
calibration and validation of the model would require extra
flow data, covering other parts of the study region, as the
three USGS stations — the only data available — used in this
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study are located in the upper part of the modeled watershed.
Similar to Evenson et al. (2018), who proposed a module to
better represent spatially distributed wetlands and validated
their model using both direct (i.e., flow measurement) and
indirect (i.e., wetlands surface area) approaches, our vali-
dation and calibration were conducted using flow measure-
ments. The OFR’s surface area scenarios were based on an
algorithm that was validated with an independent higher spa-
tial resolution dataset (Perin et al., 2022).

There is a consensus within the scientific community that
the OFRs will have a cumulative impact on surface hydrol-
ogy, resulting in decreased flow and peak flow. For example,
previous studies have found that OFRs reduce annual and
monthly runoffs in southeastern China (Yan et al. 2023) and
Australia’s Murray-Darling Basin (Robertson et al., 2023).
The effect will vary from watershed to watershed due to the
number of OFRs and the OFRs’ different purposes (e.g., dif-
ferent irrigation schedules) (Ayalew et al., 2017; Fowler et
al., 2015; Habets et al., 2018; Nathan and Lowe, 2012; Pin-
hati et al., 2020; Rabelo et al., 2021). As pointed out by Ha-
bets et al. (2018), the mean annual decrease in flow from all
studies was —13.4 £ 8 %. Our results align with this value,
which varied between —24.2 +4 % and —14.6 =3 % for all
flow classes. In addition, OFRs can reduce peak flow on av-
erage by 45 % (Habets et al., 2018; Nathan and Lowe, 2012;
Thompson, 2012), and up to 70 % (Ayalew et al., 2017) for
certain flow events. Likewise, our results are consistent with
these findings, which show a mean impact on peak flow rang-
ing from —60.7 £ 12 % to —43.9 & 12 %. Furthermore, un-
like previous research, our results indicate that the OFRs may
have a positive (< 9 %) impact on flow (Fig. 5, classes 3 and
4). This can be attributed to the level of detail in our anal-
yses. When evaluating flow changes at the channel scale, it
is important to note that flow at this level is several orders
of magnitude smaller than at the main basin outlet. Conse-
quently, this scale often exhibits more significant percentage
changes, both increases and decreases. This likely explains
how OFRs can enhance channel flow, primarily due to the
additional water contributed by OFRs, influenced by periods
of increased precipitation in certain channels during specific
months and years. While we calculated the monthly impact
on flow at the channel scale by aggregating the OFRs to the
closest channel, previous studies have mainly reported the
annual impact on flows (Habets et al., 2018). They performed
their analysis at the subwatershed scale by aggregating the
OFRs to a single point at the outlet of each subwatershed in
SWAT (Evenson et al., 2018; Kim and Parajuli, 2014; Per-
rin et al., 2012; Zhang et al., 2012), or they used different
modeling approaches (see Habets et al., 2018).

By leveraging the latest improvements in SWAT+ to simu-
late water impoundments (Molina-Navarro et al., 2018) and
combining them with a novel algorithm based on time se-
ries of satellite data to monitor OFRs (Perin et al., 2022), we
modeled the impact of OFRs on flow at the channel scale.
In addition, the surface area scenarios enabled us to account
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for events when the OFRs were at the lowest, regular, and
fullest capacities according to their surface area (see Fig. 2).
This is an improvement over previous studies (e.g., Ni et al.,
2020; Ni and Parajuli, 2018; Perrin et al., 2012) that used a
single surface area (i.e., one snapshot in time) to represent
the OFRs in SWAT. The small differences (< 5 %) between
the surface area scenarios in terms of mean percent change in
monthly flow indicate that the OFRs’ surface area variation
had a minimal impact on flow. For instance, during January
and May, the mean monthly percent change ranged between
—35.84+6 % and —32.0 £ 7 %, and during June and Decem-
ber, it varied between —8.8+5 % and —5.4+6 % for the three
surface area scenarios. The same was observed for peak flow,
with a mean monthly impact ranging between —52.7 + 17 %
and —49.4 + 18 %. This small variability on flow impact was
observed even though the total OFR surface area increased
by 590 and 1194 ha when comparing the lower scenario with
the mean and upper scenarios (Fig. 5). However, the OFRs
represented a small portion (< 1 %) of the total area of the
modeled watershed (Fig. 1). These findings are related to the
fact that flow simulations are governed by several hydrologi-
cal processes (e.g., run-off, precipitation, evapotranspiration)
besides the presence of OFRs on the channel (Bieger et al.,
2017, Dile et al., 2022; Arnold et al., 2012). In addition,
when assessing the percent change in flow at the channel
scale, the differences in surface area between the scenarios
were of a lower magnitude compared to the total OFR’s sur-
face area. For instance, an OFR with a surface area smaller
than 10 ha, and with surface area variations between 10 %
and 20 % for the three scenarios, may not lead to significant
differences (e.g., > 10 %) between the three scenarios.

4.2 OFRs’ impacts on flow and peak flow

Our findings highlight that the impacts of the OFRs on flow
and peak flow have a significant intra- and inter-annual vari-
ability (Figs. 5, 6, and 7). The impacts vary according to
different OFRs and channels (Fig. 5). The most significant
impacts on flow occurred during the first part of the year, be-
tween January and May, a period when peak flows typically
occur. In addition, this time of the year also coincides with
the period when the region receives most of its precipitation
(Perin et al., 2021b), and the OFRs are at their fullest ca-
pacity (i.e., OFRs storing their maximum amount of water)
(Perin et al., 2022). During the second part of the year, we
observed a milder mean percent change in flow for all flow
classes and all scenarios, and a greater variability in percent
change, notably for July and August (Fig. 5). Moreover, most
of the irrigation activities happen between June and Septem-
ber (Perin et al., 2021b, Yaeger et al., 2017). It is when the
OFRs are at their lowest capacities (i.e., storing less water)
(Perin et al., 2022), which could explain their moderate im-
pact and higher variability during these months, even though
we are not accounting for the OFRs’ inflows and outflows,
and not simulating irrigation events.
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Additionally, the variability of the OFRs’ impacts is re-
lated to the OFRs’ physical properties (e.g., surface area and
location in the watershed). For example, the OFR surface
area will have an impact on flow and peak flow, as shown
by the different surface area scenarios, and depending on
where the OFR is located in the watershed, given that it may
be connected to lower or higher flow channels, which con-
tributes to their impact variability during the year (Figs. 4
and 5). Besides the OFRs’ physical properties, the built-in
complexity of SWAT — when simulating the presence of the
OFRs and the various hydrological processes (e.g., run-off,
precipitation, evapotranspiration) governing the water cycle
— contributes to the differences in the OFRs’ impacts. This
complexity is illustrated in Fig. 8, which shows that the upper
scenario can have a higher or lower impact on flow compared
to the lower and mean scenarios.

When assessing the annual impact of the OFRs accounting
for each subwatershed flow compared to the main model out-
let flow, and each subwatershed reservoir capacity (Fig. 9),
we found that even though the presence of the OFRs can have
a significant impact on flow (Figs. 5, 6, and 7), the highest
impacts tend to occur on the subwatersheds that contribute
the least (< 10 %) to the main model outlet. In general, the
highest impacts occurred on the channels with smaller flow
magnitudes, and the subwatersheds with the highest reser-
voir capacities did not have the highest impact on flow. The
changes in the OFRs’ impacts along the year, and between
different years, are directly related to the OFRs’ water bal-
ance (Eq. 3). The variations are primarily driven by the vol-
ume of water stored by the OFRs, which is modeled at a
daily scale, and it varies according to total daily precipita-
tion, evaporation, and seepage losses.

4.3 Research implications and applications to other
study regions

Overall, we presented a new approach to quantitatively an-
alyze the impact of a network of OFRs on mean and peak
flow, and we described the various potential reasons behind
the variability of the effects of OFRs. Our results indicate that
OFRs have an uneven impact on mean and peak flow across
the watershed. This variability is primarily influenced by dif-
ferences in the size, water storage capacity, and the spatial
distribution (i.e., their presence) of OFRs. Hence, assessing
the OFR’s location as well as their numbers across the water-
shed is important when aiming to manage the construction
of new OFRs. In particular, the geospatial variability of the
OFRs impacts could be taken into account by water agencies
when planning and developing a network of OFRs, given it
is possible to identify the areas that are under high pressure
(e.g., regions with multiple OFRs that are having a signifi-
cant impact on flow), and to identify areas that could benefit
from the construction of new OFRs, targeting improvements
on water resources management and irrigation activities.
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Furthermore, even though the OFR’s impacts may vary
significantly in different watersheds (Habets et al., 2018),
our approach could be transferable to other places across
the world, as it integrates a top-down data-driven remote
sensing-based algorithm, which is based on freely avail-
able and private Earth Observations datasets, with the latest
SWAT+ hydrological modeling developments. In addition,
the widespread use of SWAT+ and its open-source nature are
yet another factor contributing to the transferability of the
novel approach presented in this study. This is relevant as the
number of OFRs is expected to increase globally (Althoff et
al., 2020; Habets et al., 2014; Habets et al., 2018; Krol et al.,
2011; Rodrigues et al., 2012), with limited knowledge of how
the OFRs may impact surface hydrology in different water-
sheds, and under diverse environmental conditions. Finally,
in tandem with the OFRs’ key role in irrigated food produc-
tion, in part to adapt to climate change (Habets et al., 2018)
and to alleviate the pressure on surface and groundwater re-
sources (Vanthof and Kelly, 2019; Yaeger et al., 2017, 2018),
their impacts on surface hydrology need to be considered to
avoid exacerbating the surface water stress already intensi-
fied by climate change and population growth (Vorosmarty
et al., 2010).

5 Future improvements

Future improvements should focus on how to better represent
OFR’s water management (i.e., OFR’s inflows and outflows)
in SWAT+. Given that each OFR has an independent wa-
ter balance, accounting for the OFR’s water volume change
would be a more realistic representation of the OFR when
compared to the three surface area scenarios tested in this
study. Estimating the OFR’s volume change can be done
by combining the OFR surface area time series with area-
elevation equations — these equations describe the OFR’s
bathymetry, and allow volume estimation by inputting the
OFR’s surface area (Liebe et al., 2005; Meigh, 1995; Sawun-
yama et al., 2006). After carefully assessing different meth-
ods to derive these equations (Arvor et al., 2018; Avisse et
al., 2017; Li et al., 2021; Meigh, 1995; Sawunyama et al.,
2006; Vanthof and Kelly, 2019; Yao et al., 2018; Zhang et
al., 2016), we concluded that measured ground data of the
OFRs’ depth — which is not available — is required to esti-
mate the equations with an acceptable uncertainty. Estimat-
ing the area-elevation equations entails several challenges,
including: (1) even though there are several DEMs available
for the study region (Arkansas GIS Office, 2022) — DEMs
can be used to estimate the OFRs bottom elevation — the
DEMs were collected when most of the OFRs were full (i.e.,
bathymetry was not exposed), which limits their use in this
case; and (2) although the OFRs are located within the same
geomorphological region, they have different depth, shape
and physical characteristics (Perin et al., 2022; Yaeger et al.,
2017). Therefore, even if a generalized area-elevation equa-
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tion were calculated for our study region — this is a common
approach employed by other studies (Mady et al., 2020; Van-
thof and Kelly, 2019) — that would still lead to high uncertain-
ties in water volume changes. Ideally, each OFR would have
its own equation, which was not possible when this study was
done. Future work should integrate data on actual evapotran-
spiration, ET (Kiptala et al., 2014) to quantify as the balance
between water availability and ET determines in large part
the irrigation system efficiency and crop productivity in the
watersheds where OFRs occur.

Efforts should also be made to improve SWAT+ capabili-
ties to receive measured OFRs’ inflows and outflows. The lat-
est version of the model has improved the hydrological repre-
sentation of small water impoundments in SWAT+ (Molina-
Navarro et al., 2018). Nonetheless, at the time of our study,
the newest version of the model does not allow users to input
measured or calculated OFRs’ inflows and outflows. Instead,
the model developers recommend simulating the OFR’s wa-
ter balance using decision tables (Arnold et al., 2018; Dile et
al., 2022). However, there are very limited guidelines on how
to create these decision tables. In addition, the tables would
simulate the OFR’s water balance instead of using the mea-
sured or calculated volume change, which could introduce
more uncertainties to the modeling scenarios.

6 Conclusions

We proposed a novel approach that combines a top-down
data-driven remote sensing-based algorithm with the latest
developments in SWAT+ to simulate the cumulative impacts
of OFRs. This enabled us to assess the spatial and tempo-
ral variability of the OFR’s impacts, as well as the intra-
and interannual changes in impact on mean and peak flow at
the watershed and subwatershed levels. Incorporating Earth
Observation-derived information with a hydrological model
allowed us to capture the dynamic changes of the OFRs and
to simulate their impacts under different OFR capacity sce-
narios.

Our study showed that the OFRs may have an impact on
flow and peak flow, which exhibit significant inter- and intra-
annual variability. The effect of the OFRs is not equally
distributed across the watershed, varying according to the
OFRs’ spatial distribution and their surface area (i.e., water
storage capacity). As the number of OFRs is expected to in-
crease globally, partially to adapt to climate change and al-
leviate pressure on groundwater resources, their relevance to
irrigated food production will also increase. It is imperative
to develop new frameworks to further understand the impacts
of OFRs on surface hydrology. In this regard, we provided a
combination of different methods that can be applied in other
watersheds, supporting water agencies with information to
enhance surface water resource management.
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Data availability. The Soil Water Assessment Tool (SWAT) hydro-
logical model, along with all necessary tools for calibration, vali-
dation, and data analysis, can be accessed through SWAT’s online
portal: https://swat.tamu.edu/ (last access: 11 January 2022).

The National Land Cover Database (30m) (Homer
et al, 2020) and the Gridded Soil Survey Geographic

Database  (gSSURGO) (Soil ~ Survey  Staff, USDA-
NRCS, 2021) (100m) are accessible through the
USGS’s portal: https://www.usgs.gov/centers/eros/science/

national-land-cover-database (last access: 11 January 2022),
and at  https://www.nrcs.usda.gov/resources/data-and-reports/
gridded-soil-survey-geographic-gssurgo-database (last access: 11
January 2022), respectively.

The climate data extracted from the Gridded Surface Meteoro-
logical Datasets (Abatzoglou, 2013) is available in Google Earth
Engine (Gorelick et al., 2017), at https://developers.google.com/
earth-engine/datasets/catalog/IDAHO_EPSCOR_GRIDMET (last
access: 11 January 2022).

The Kalman filter derived surface area time series is available
through Perin et al. (2022).
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