
ABSTRACT 

PERIN, VINICIUS. Quantifying On-farm Reservoir Dynamics: An Earth Observation and 

Hydrological Modeling Approach. (Under the direction of Dr. Mirela G. Tulbure). 

 

On-farm reservoirs (OFRs) are artificial water bodies that enable farmers to store water 

during the raining season to support irrigation activities during the crop growing season. Although 

the OFRs have a critical role in irrigated food production, these water bodies impact the hydrology 

of the watersheds where they occur by decreasing peak flow and overall streamflow. Nonetheless, 

OFRs are poorly monitored or not monitored in many countries, due to the OFRs dynamic nature, 

their occurrence in high numbers (i.e., thousands), and their location mostly on private properties. 

Aiming to improve OFRs monitoring, and to quantify their impact on surface water availability, 

this dissertation explores various remote sensing technologies, including novel approaches and 

imagery datasets, in combination with hydrological modeling to further understand the OFRs 

occurrence and surface area changes. The study region is in eastern Arkansas, the third most 

irrigated region in the USA with a high occurrence of OFRs. 

Chapter 2 explores the use of Landsat-based inundation datasets, the U.S. Geological 

Survey Dynamic Surface Water Extent (DSWE) and the European Commission’s Joint Research 

Centre (JRC) Global Monthly Water History, to assess the OFRs surface area changes. This study 

aimed to compare the performance of both datasets when monitoring OFRs of different sizes. Our 

results showed that both datasets allow us to estimate the seasonality of the OFRs surface area 

changes, their frequency of inundation, and their maximum extent. Nonetheless, these datasets are 

limited to a few observations a year, due to sensor related issues and the 16-day repeat cycle, and 

the spatial resolution (30 m) of the datasets is unsuitable to monitor OFRs smaller than 5 ha.    

Chapter 3 presents a multi sensor satellite imagery approach based on the Kalman filter to 

improve OFRs monitoring. The algorithm was used to assimilate data from freely available (i.e., 



Sentinel 1 and 2) and commercial (i.e., PlanetScope and RapidEye) satellite imagery to monitor 

the OFRs sub-weekly surface area changes. Given that all sensors tended to underestimate the 

OFRs surface area changes, the Kalman filter approach also underestimated the OFRs surface area; 

however, the mean percent error was smaller than 12%. The algorithm allows monitoring the 

spatial and temporal variability of a network of OFRs, and it can be used to monitor water use 

trends. Results of this work can be employed to improve water management recommendations to 

increase water use efficiency. 

Chapter 4 explores the use of Planet Fusion and Planet Basemap—the next generation of 

daily high-resolution (3 m) analysis ready datasets—to monitor OFRs. These datasets offer an 

unprecedented opportunity to improve OFRs monitoring. Although both datasets are based on 

PlanetScope imagery, they are generated using different algorithms and data sources. In general, 

Planet Basemap presented higher surface area variability and it was more susceptible to the 

presence of clouds and haze when compared to Planet fusion, which had a smoother time series 

with less variability and fewer abrupt changes in the time series. Both datasets can help improve 

fresh water management by allowing better assessment of the OFRs dynamics.  

Chapter 5 combines satellite based information (e.g., derived from the Kalman filter 

approach) with the Soil Water Assessment Tool+ hydrological model to further understand the 

impacts of the OFRs on surface water availability. The results indicate that the OFRs do not have 

an equally distributed impact on flow and peak flow across the watershed. In addition, the impact 

of the OFRs will change according to different OFRs and water channels. We expect that the 

results from this work will be improved in future studies, and that it can support water agencies 

with information to enhance surface water resources management. 
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CHAPTER 1: INTRODUCTION 

Lakes and reservoirs cover a small fraction (<4%) of Earth’s surface; however, they store 

most of the readily available fresh water for human consumption (Downing et al., 2006; Verpoorter 

et al., 2014). These water bodies have essential roles in ecosystems and human and animal habitats 

(Khazaei et al., 2022; Verpoorter et al., 2014). In particular, OFRs—artificial water bodies that 

retain water from rainfall and run-off—enable farmers to store water during the raining season to 

support irrigation activities during the crop growing season. Current estimates show that OFRs 

span 6% of farmlands worldwide (Downing, 2010), and there are more than 2.6 million OFRs in 

the USA alone (Downing, 2010; Renwick et al., 2005)—this number is expected to increase 1–2% 

annually in the agricultural parts of the country (Downing et al., 2006). 

Eastern Arkansas, USA, is the third most irrigated region in the country, and underlying 

this region is the Mississippi Alluvial Aquifer—which partially explains the steady expansion of 

irrigated agriculture in the region during the past decades (Lovelace et al., 2015; Marston et al., 

2015). The increase in irrigated land—common irrigated crops include rice and soybeans (NASS–

USDA, 2021)—coincides with critical declines in groundwater resources (Tacker et al., 2010; 

Marston et al., 2015). One of the proposed solutions to alleviate the aquifer depletion was the 

construction of OFRs, and for this reason, eastern Arkansas has seen a significant increase in the 

number of these water bodies during the last 40 years (Shults et al., 2020; Yaeger et al., 2018). 

Recently, a remote sensing inventory was carried out to map more than 750 OFRs constructed in 

critical zones of the aquifer (Yaeger et al., 2017). The inventory was relevant to understand the 

spatial distribution and multi-year changes of these water bodies—more than 400 OFRs were 

constructed between 1995 and 2005, and the OFRs covered ~11,300 ha of agricultural land in 2015 

(Yaeger et al., 2018, 2017).   



 

2 

 

While the OFRs play an important role in food production through irrigation activities, 

OFRs can contribute to downstream water stress by decreasing streamflow and peak flow in the 

watersheds where they are built. A recent review (Habets et al., 2018) gathered information from 

more than 30 modeling studies conducted in multiple countries (e.g., USA, France, Brazil) to 

assess the OFRs impacts on surface hydrology. The authors found that the modeled results vary 

significantly between the studies, and the annual impact on streamflow, which ranged between 0.2 

and 36% (Habets et al., 2018), was the most common variable reported by the analyzed studies. 

Furthermore, the variability of the OFRs impacts increased when evaluating the low flow periods, 

with mean decrease on streamflow ranging between 0.3 and 60%. Overall, the estimated mean 

annual reduction in flow was 13.4% ± 8.0%, and the mean decrease in peak flow could be as high 

as 45% (Habets et al., 2018). 

With the increase pressure on surface water resources intensified by climate change and 

population growth (Vörösmarty et al., 2010), it is pivotal to elucidate the OFRs dynamic changes 

(e.g., filling and drying), and how these changes are related to the OFRs impacts on surface water 

availability. Nonetheless, the OFRs are poorly monitored or not monitored in many countries, 

mostly because they have a changing nature, they occur in high numbers, and the vast majority of 

them are located on private properties (Berg et al., 2016). In addition, the use of incorrect 

information on OFRs’ size, spatial distribution, and inter- and intra-annual surface area change for 

water allocation plans can have detrimental consequences to the farmers relying on these OFRs 

for their livelihood. Under this scenario, Earth Observation data (e.g., satellite imagery) allow us 

to amend the monitoring of OFRs, and to further understand their impacts on the local and remote 

environment where they occur, hence, to improve surface water resources management. 
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Even though the OFRs inventory (Yaeger et al., 2017) was carried out in eastern Arkansas, 

this inventory represents a snapshot of the OFRs, and there is no research assessing the OFRs 

dynamic surface area changes using satellite imagery in this region. When monitoring the OFRs 

surface area changes, several studies have used the long-term (>25–30 years) Landsat inundation 

analysis ready datasets to assess the spatial and temporal variability of OFRs (Arvor et al., 2018; 

Jones et al., 2017; Ogilvie et al., 2018; Yao et al., 2019). However, these datasets—for example, 

the Dynamic Surface Water Extent (DSWE) provided by the United States Geological Survey 

(USGS) (Jones, 2019), and the Global Surface Water Extent provided by the European Joint 

Research Centre (JRC) (Pekel et al., 2016)—have not been used in large scale assessment of OFRs 

in the USA. In addition, the recent development and availability of freely accessible (e.g., Sentinel 

1 [10 m] and Sentinel 2 [10 m]), and commercial (e.g., PlanetScope [3 m] and RapidEye [5 m]) 

satellite imagery have opened an array of opportunities to widespread monitoring OFRs at sub-

weekly scale. These imagery sources help addressing some of the key limitations of the Landsat-

based datasets, including the irregular intervals (e.g., at least 16-day revisit time) and its relatively 

coarse spatial resolution (30 m)—given that OFRs area small water bodies (< 50 ha) the spatial 

resolution of the imagery plays a key factor when assessing the OFRs surface area (Ogilvie et al., 

2020, 2018; Vanthof and Kelly, 2019). Nonetheless, there are no studies combining sensors of 

different spatial resolution (i.e., PlanetScope, RapidEye, Sentinel 2 and Sentinel 1), and accessing 

the uncertainties of each sensor when they are used to monitor OFRs surface area changes. 

To assess the OFRs’ impacts on surface water resources, it is necessary to understand the 

OFRs’ spatial and temporal variability (e.g., this can be done using satellite imagery), and the 

impacts of individual OFRs as well as the interaction effects of multiple OFRs in a watershed (e.g., 

cumulative impacts), which can be achieved using hydrological models (Canter and Kamath, 1995; 
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Habets et al., 2018). Hydrological modeling is the most common approach to assess the OFRs’ 

impacts, and the models usually have three main components: the OFRs water balance, a 

quantitative approach to simulate OFR inflows and outflows, and the spatial representation of the 

OFRs network. However, there is a limited number of studies combining remote sensing derived 

information (e.g., OFRs surface area change) with hydrological modeling (Ni and Parajuli, 2018; 

Yongbo et al., 2014; Zhang et al., 2012), and there is no hydrological assessment of the how the 

OFRs are impacting the surface hydrology in eastern Arkansas. 

This dissertation explores various remote sensing technologies, including novel approaches 

and imagery datasets, in combination with hydrological modeling to further understand the OFRs 

occurrence and surface area changes in eastern Arkansas aiming to support surface water resources 

management. This dissertation is presented as four manuscripts, each its own chapter, three of 

which have been published in peer-reviewed journals, Agricultural Water Management (Chapter 

2), Remote Sensing of Environment (Chapter 3), Remote Sensing (Chapter 4), and one that is 

currently under clearance for submission to Water Resources Research (Chapter 4). These 

manuscripts focus on independent but related research questions. The overarching goal of this 

dissertation is twofold: i) to propose reproducible workflows to improve OFRs monitoring that 

harnesses analysis ready datasets and satellite imagery from multiple sensors (e.g., freely available, 

and commercial); and ii) to combine satellite based information with hydrological modeling to 

assess the OFRs’ impacts on surface hydrology with the aim of supporting more efficient 

management of OFRs, and mitigating their downstream impacts. Briefly, each chapter addresses 

the following topics: 

• Chapter 2: Explores the use of long-term (>25–30 years) Landsat inundation analysis ready 

datasets (DSWE and JRC) to assess the OFRs surface area dynamics. 
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• Chapter 3: Proposes a new multi-sensor satellite imagery approach based on the Kalman 

filter to assimilate data from optical (PlanetScope, RapidEye and Sentinel 2) and radar 

(Sentinel 1) remote sensing. 

• Chapter 4: Explores the use of the next generation high spatial (3m) and temporal (daily) 

analysis ready datasets, Planet Fusion and Planet Basemap, to monitor OFRs while 

highlighting the advantages and limitations of each dataset. 

• Chapter 5: Proposes a new framework to combine satellite-based information with 

hydrological modeling using the latest developments of the Soil and Water Assessment 

Tool+ (SWAT+) hydrological model. 

Chapter 2 explores the DSWE and JRC Landsat inundation datasets to assess the OFRs 

spatial and temporal changes in surface area where there is insufficient OFRs monitoring. Both 

datasets enabled us to describe the OFRs surface area seasonality, and to assess how climate 

variables (e.g., precipitation and air temperature) impact the OFRs surface area changes. Overall, 

the OFRs are filled in March, April, and May (e.g., when the region receives most of its 

precipitation), and the OFRs are found to be at the lowest capacities ranges during the June, July 

and August, when the highest temperatures are recorded, and most farmers are irrigating their 

crops. When assessing the accuracy of both datasets, the DSWE had smaller mean percent error, 

and higher agreement with the validation dataset when compared to the JRC. This study represents 

the first assessment of these datasets to monitor OFRs in the USA. In addition, it highlighted 

several constraints that should be accounted for before employing these Landsat-based datasets to 

other study regions. These limitations include missing information due to cloud obscuration and 

sensor-related issues, which have direct impact on the accuracy of the seasonal information, the 

unsuitability of the datasets’ spatial resolution (30 m) to monitor OFRs smaller than 5 ha, given 
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that the surface area uncertainties can be higher than 20% for these OFRs sizes, and the 16-day 

repeat cycle that may miss rapid filling and drying events that may occur on a shorter timescale. 

To overcome the limitations of Landsat-based inundation datasets, and to improve the 

OFRs monitoring, Chapter 3 introduced a multi-sensor satellite imagery approach that combines 

data from multiple sensors that have higher spatial and temporal resolutions when compared to 

Landsat, therefore, decreasing the latency of the satellite observations, and increasing the accuracy 

of the OFRs’ surface area estimates. 

Chapter 3 offers a novel approach based on multi-sensor satellite imagery and  the Kalman 

filter to assimilate information from optical (PlanetScope, RapidEye, Sentinel-2), and radar 

(Sentinel-1) satellite imagery to monitor OFRs sub-weekly (i.e., every 3 days) surface area 

changes. In addition, the uncertainties of each sensor are calculated by comparing the OFRs’ 

surface area derived from each sensor to an independent validation dataset—the validation dataset 

was created using high spatial resolution (30 cm) SkySat satellite imagery. The algorithm enabled 

the assimilation of optical and radar satellite data while accounting for the uncertainties in both 

the satellite observations and their estimates. In addition, the algorithm is not sensor dependent, 

and data from future upcoming satellites could be used in combination with these sensors to 

improve the OFRs’ time series. The Kalman filter uses a Bayesian inference approach to estimate 

the surface area uncertainties, which reflects the quality of the surface area estimates. This is an 

improvement over other sensor-specific algorithms (Gao et al., 2006; Houborg and McCabe, 2018; 

Zhu et al., 2010) that do not provide uncertainty estimates for the output values. Overall, all sensors 

tended to underestimate the area of the OFRs when compared to the validation dataset, and the 

uncertainties decreased as the OFRs increased in size, and for the OFRs with regular geometries 

(e.g., fewer edges, and less fragmented shape). Likewise, the algorithm tended to underestimate 
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the OFRs surface area, with smaller uncertainties when only the optical sensors were included in 

the Kalman filter—Sentinel 1 had the highest uncertainties between all sensors, with mean percent 

error higher than 20%. Improving the OFRs’ surface area observations cadence, and estimating 

the surface area uncertainties has the potential to improve water conservation plans by allowing 

better assessment and management of OFRs. The algorithm allowed further understanding of the 

spatial and temporal variability from a network of OFRs, which could enable water agencies to 

monitor water use trends, and to act on management recommendations aiming to increase water 

use efficiency. 

The algorithm proposed in Chapter 3 required the download and processing of more than 

400,000 satellite image clips from multiple platforms (e.g., Google Earth Engine, SentinelHub), 

which can be a demanding task, and a limiting factor when implementing the proposed 

methodology. In addition, although data from upcoming missions could be added to the existent 

time series, one should be aware that this integration is contingent on having the uncertainties of 

the new observations, therefore, requiring an updated validation dataset. An alternative to the 

multi-sensor algorithm proposed in Chapter 3, is to employ the high spatial (3 m) and temporal 

(daily) analysis ready datasets, Planet Fusion and Planet Basemap, which were further explored in 

Chapter 4. 

Chapter 4 demonstrates the use of the next generation analysis ready datasets, Planet 

Fusion and Planet Basemap. Both datasets are based PlanetScope imagery, however, Planet Fusion 

is generated using the CubeSat Enabled Spatiotemporal Enhancement Method (Houborg and 

McCabe, 2018), and it leverages rigorously calibrated publicly available multispectral satellites 

(e.g., Sentinel 2, Landsat, MODIS). Meanwhile, Planet Basemap is generated by mosaicking the 

whole or part of highest quality PlanetScope imagery, which is selected based on a set of rules, for 

https://www.zotero.org/google-docs/?Nttplj
https://www.zotero.org/google-docs/?Nttplj
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instance, cloud cover, image acutance, and acquisition date. We assessed the usefulness of these 

datasets to monitor the OFRs’ daily surface area changes, and by comparing the datasets while 

describing their differences. Both datasets had small uncertainties (<10%) when compared to an 

independent validation dataset (i.e., the same based on SkySat used in Chapter 3). Overall, Planet 

Basemap presented higher surface area variability, and it was more susceptible to the presence of 

cloud shadows and haze when compared to Planet Fusion, which had a smoother time series with 

less variability and fewer abrupt changes in surface area throughout the year. On the other hand, 

Planet Fusion is based on an algorithm that uses data from several satellites (e.g., Landsat 8, 

Sentinel-2), and therefore, when this dataset is generated by Planet Labs, it requires extra image 

processing steps, and higher computing power when compared to Planet Basemap. Although these 

datasets do not require the users to process different types (e.g., optical and radar) of satellite 

imagery with different spatial resolution from multiple platforms—which can be a demanding task 

and a limiting factor when processing, downloading, moving data across multiple platforms—they 

are proprietary, and they are not available free of costs. In addition, before employing these 

datasets for monitoring purposes, it is recommended that users cautiously assess the OFRs time 

series, as the OFRs surface area classifications may be impacted by the OFRs environmental 

conditions (e.g., presence of vegetation inside the OFR). Despite their proprietary use, the on-

going partnerships between Planet Labs and government and research institutions, will make these 

datasets more accessible to researchers across the globe. The amount of detailed information (i.e., 

daily and at 3 m spatial resolution) combined with minimal user processing steps, represent the 

next generation of analysis ready datasets, from which users are able to quickly extract insights 

(e.g., OFRs surface area seasonality), and insert into their platforms and workflows. 
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Chapters 2, 3, and 4 represent the efforts to fulfill the first part of the overarching goal of 

this dissertation, which is to improve OFRs monitoring leveraging different techniques and 

satellite imagery sources while using reproducible workflows that could be applied to other study 

regions. Chapter 5 is dedicated to the second part of the overarching goal, and uses the OFRs 

surface area information derived from Kalman filter in Chapter 3 in combination with the SWAT+ 

hydrological model to estimate the OFRs’ impacts on surface water availability. 

Chapter 5 proposes a new framework to evaluate the OFRs’ impacts on surface hydrology 

using the latest SWAT+ model developments while accounting for the OFRs surface area 

variability derived from the Kalman filter time series. The results indicate that the OFRs do not 

have an equally distributed impact on flow and peak flow across the watershed. In addition, the 

impacts have an intra- and inter-annual variability that will change according to different OFRs 

and water channels. In general, the largest impacts on flow occurred during the first part of the 

year, between January and May—the period of the year when the region receives most of its 

precipitation, hence, when the OFRs are storing their maximum amount of water, and when the 

peak flows occur. The modeled results showed that the presence of the OFRs on the watershed 

could decrease annual flow between 14 and 24%, and the mean reduction in peak flow may vary 

between 43 and 60%. In this study, a new framework is proposed based on combining remote 

sensing derived information with hydrological modeling to quantitatively analyze the impact of a 

network of OFRs on flow and peak flow. In addition, the various potential reasons behind the 

variability of the impacts are discussed as well as the assumptions and limitations of this 

framework. Finally, it is expected that this methodology will be refined in future studies, and that 

it can be used in other watersheds to support water agencies with information to improve surface 

water resources management. 
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This dissertation provides tools for water authorities and managers to monitor OFRs 

occurrence and their inter- and intra-annual surface area variability, both using analysis ready 

datasets and freely available and commercial satellite imagery. Beyond monitoring the OFRs, a 

new framework is proposed to quantitatively assess the OFRs impacts on surface hydrology. 

Although this work is focused on eastern Arkansas, the developed methods could be applied to 

other study regions. Ultimately, the efforts outlined in this dissertation have implications for 

surface water management, as the methods can be used to assess regions under high pressure on 

water availability, and identify the areas that could benefit from the constructions of new OFRs, 

targeting better management of surface water resources and irrigation activities. 
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Abstract 

On-farm reservoirs (OFRs)—artificial water impoundments that retain water from rainfall and run-

off—enable farmers to store water during the wet season to be used for crop irrigation during the 

dry season. However, monitoring the inter- and intra-annual change of these water bodies remains 

a challenging task because they are typically small (< 10 ha) and occur in high numbers. Therefore, 

we used two existing Landsat inundation datasets—the U.S. Geological Survey Dynamic Surface 

Water Extent (DSWE) and the European Commission’s Joint Research Centre (JRC) Global 

Monthly Water History—to assess surface water area change of OFRs located in eastern Arkansas, 

the third most irrigated state in the U.S. that has seen a rapid increase of OFRs occurrence. We 

https://doi-org.prox.lib.ncsu.edu/10.1016/j.agwat.2020.106694
https://www-sciencedirect-com.prox.lib.ncsu.edu/science/article/pii/S0378377420322381?via%3Dihub#!
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https://www-sciencedirect-com.prox.lib.ncsu.edu/science/article/pii/S0378377420322381?via%3Dihub#!
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used an existent OFRs dataset as ground-truth. We aimed (i) to compare the performance of the 

DSWE and the JRC when characterizing OFRs of varied sizes and (ii) to assess the impact of 

climate variables (i.e., precipitation and temperature) on surface water area of OFRs. We found 

the highest mean percent errors (MPE) in size (~20%) for OFRs between 0 and 5 ha, the smallest 

size class in our study. The DSWE had a smaller MPE and higher agreement with our ground-truth 

dataset when compared to the JRC for OFRs smaller than 5 ha (p-value < 0.05). Both inundation 

datasets enabled us to estimate the seasonality in surface area change of OFRs, with the highest 

surface water extent between March–May, the months when the region receives most of the annual 

precipitation. Our results showed that both DSWE and JRC can be used to enhance hydrological 

assessments in poorly monitored basins that have a concentration of OFRs, and the methods can 

be applied to other study regions if the inundation datasets are available. 

Keywords: Landsat, Irrigation, Water management, On-farm reservoir 
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1. INTRODUCTION 

On-farm reservoirs enable farmers to store water during the wet season and support water 

use during the dry season. On-farm reservoirs are particularly important for crop irrigation. 

Estimates show that these water bodies span 6% of farmlands worldwide (Downing, 2010), and 

their numbers are projected to increase 1–2% annually in the agricultural parts of the U.S. 

(Downing et al., 2006). 

On-farm reservoirs can impact the ecosystems where they are built. While the impact of an 

individual OFR is bound to the local environment, the cumulative impact of a network of OFRs 

extends to larger spatial scales (Berg et al., 2016; Habets et al., 2018; Mime and Young, 1989; 

Smith, 1998). Previous studies reported that a set of OFRs can decrease annual stream discharge 

between 0.2% (Hughes and Mantel, 2010) and 36% (Habets et al., 2018; Meigh, 1995). On-farm 

reservoirs are usually small (<10 ha) and occur in higher numbers than large (>1000 ha) water 

impoundments (Downing, 2010). However, most studies are focused on understanding the 

hydrological impact of large water bodies (Adams and Hughes, 1986; Barrow, 1987; Dudgeon, 

2000; Fearnside, 2006, 2001; Maingi and Marsh, 2002; Martins and Meurer, 2009), and end up 

overlooking the collective effect of OFRs (Arvor et al., 2018; Habets et al., 2014). On-farm 

reservoirs are poorly monitored or not monitored in many countries, mostly because they have a 

changing nature, they occur in high numbers, and the vast majority of them are located on private 

properties (Berg et al., 2016). The use of incorrect information on OFRs’ size, spatial distribution, 

and inter- and intra-annual area change for water allocation plans can have detrimental 

consequences to food production and to the farmers relying on these OFRs for their livelihood. 

Earth observation data allow us to amend the monitoring of OFRs, which can then further our 

understanding of their impacts on the local environment where they occur.  
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Water inundation datasets provide insights on surface water distribution and capture the 

anthropogenic impacts on freshwater resources (Pekel et al., 2016). Currently, two products 

leverage the extended (>30 years) Landsat mission archive: the DSWE provided by the United 

States Geological Survey (USGS) (Jones, 2019, 2015) and the Global Surface Water Extent 

provided by the European Joint Research Centre (JRC) (Pekel et al., 2016). Studies have used both 

datasets for applications in water management (Ahmad et al., 2020; Avisse et al., 2017; Ogilvie et 

al., 2018; Soulard et al., 2020), and a recent study compared their performance on integrating 

satellite data and streamflow volume measurements to fill gaps in monthly surface water 

chronologies (Walker et al., 2020). Moreover, several studies harnessed the capability of the JRC 

to derive water management insights for OFRs in water basins of India (Vanthof and Kelly, 2019), 

Brazil (Zhang et al., 2016), and the Volta Basin in Africa which intersects several countries, 

including: Benin, Burkina Faso, Côte d'Ivoire, Mali, Togo and Ghana,  (Jones et al., 2017). 

Nonetheless, both datasets remain untested in large-scale assessment of OFRs in the U.S. In 

addition, although the DSWE is potentially more accurate than JRC when applied to study regions 

in the U.S.—since the dataset is country-specific—there has been no comparison of both datasets 

for assessing changes in OFRs. Therefore, measuring the level of uncertainty of these water 

inundation products when compared to ground-truth, an independently derived dataset of OFRs, 

helps to ensure their effective use for water planning policies.   

Precipitation and air temperature play a key role in controlling the evaporation losses from 

OFRs, especially in dry critical periods of the year (Fowe et al., 2015; Liebe et al., 2005), when 

there is less water available from precipitation and higher net solar radiation, resulting in more 

energy for evaporation losses (Wang et al., 2018). A recent study in semi-arid Brazil showed that 

future scenarios of climate change will likely have negative impact on OFRs water availability; 
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the study highlighted that an increase of ~7–18% in evaporated water volumes by the end of the 

next century would decrease OFRs water availability by 4–10% (Althoff et al., 2020).  Given the 

relevance of climate variables (i.e., precipitation and air temperature) on governing the OFRs 

dynamics, there is a need to unravel their impact on OFRs water availability when aiming to 

develop strategic policies for water management.  

The Mississippi Alluvial Aquifer—located in eastern Arkansas—is one of the most 

exploited aquifers in the U.S. for irrigation purposes (Lovelace et al., 2015; Marston et al., 2015). 

In addition, this is the third most irrigated region in the country and common cultivated crops are 

rice, soybeans, corn and cotton (NASS–USDA, 2017). The rapid expansion of irrigated agriculture 

coincides with substantial declines in groundwater resources (Tacker et al., 2010; Marston et al., 

2015). A proposed solution to alleviate the aquifer depletion was the construction of OFRs. For 

this reason, eastern Arkansas has seen a significant increase in the number of these water bodies 

during the last 40 years (Shults et al., 2020; Yaeger et al., 2018). A remote sensing inventory 

derived from digitized orthoimages manually mapped more than 750 OFRs constructed in critical 

regions of the aquifer (Yaeger et al., 2018, 2017). The inventory was important for mapping the 

spatial distribution and multi-year changes of these water bodies. The authors found that more than 

400 OFRs were constructed between 1995 and 2005 in critical regions of the Mississippi Alluvial 

Aquifer. In addition, these OFRs covered ~11,300 ha of agricultural land in 2015 (Yaeger et al., 

2018, 2017). The inventory was the first step towards a necessary surface water assessment in the 

region. However, further exploration on inter- and intra-annual area change and seasonality of 

OFRs as well as the impact of climate variables on OFR is needed to improve existing models 

used to calculate the Mississippi Alluvial Aquifer water budget (Clark et al., 2011). 
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We created time series of OFRs inundation areas based on the DSWE and JRC datasets to 

provide information on the OFRs area temporal variability, and to assess their inter- and intra-

annual surface area change and seasonality. We aimed to (i) compare the performance of both 

datasets when characterizing OFRs of varied sizes using the remote sensing inventory as ground-

truth (Yaeger et al., 2017) and (ii) to assess the impact of climate variables (i.e., precipitation and 

temperature) on surface water area of OFRs. 

2. MATERIAL AND METHODS 

2.1 Study location 

The study region is located in eastern Arkansas, U.S.—a region with high water demand 

due to crop irrigation. Future projections estimate that irrigated crop water demand will increase 

from 33.4 Mm3 d-1 to 37.8 Mm3 d-1 in 2050 (Arkansas Drought Planning: Summary Report, 2016). 

Annual USGS reports in monitored wells showed a steady decline  in water levels varying between 

-0.64 m year-1 to 0 m year-1 from 1998 to 2012 for counties located in the study region (Schrader, 

2015). The spatial extent of this study comprises the major 8-digit hydrologic unit codes (HUCs) 

(Table 1) that intersect critical ground water regions in eastern Arkansas (Fig. 1). The 30-year 

annual average precipitation is ~1,300 mm yr-1. Annual precipitation is moderately seasonal and 

distributed mostly between March and May, adding up to a total ~400 mm during this period. The 

average temperature is 29 °C. On average, August is the driest month, receiving about ~80 mm yr-

1 of precipitation (PRISM Climate Group, 2011). 
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Figure 1–Study region in eastern Arkansas, U.S. The study region encompasses the main HUCs 

watersheds and the OFRs ground-truth dataset. Inset rectangles depict: (1) JRC (Pekel et al., 2016), 

(2) DSWE (Jones et al., 2015, 2019), and (3) Potential irrigated crops from CropScape, Cropland 

Data Layer (NASS–USDA, 2020a). The inset rectangles also contain the OFRs. For HUC ID 

information please see Table 1. 

2.2 On-farm reservoirs ground-truth dataset 

We used the remote sensing inventory carried out by Yaeger et al., (2017)  as ground-truth. 

This inventory estimated the number, surface area, and spatial distribution of the OFRs in the  

critical groundwater areas in eastern Arkansas. The authors utilized county-level images provided 

by the National Agricultural Imagery Program. The image mosaics were compressed and geo-

referenced and provided by the USDA-NRCS Geospatial Data Gateway 

(https://datagateway.nrcs.usda.gov/). The authors used images acquired at 1-m spatial resolution 
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with accuracy of ~6m of ground control points. They manually digitized the OFRs by combining 

2015 Google Earth satellite imagery with the National Agricultural Imagery Program  archive. The 

Google Earth Explorer tool allowed them to sharpen the image details when zooming in and 

provided a validation for features appearing indistinct or pixelated in the 1-m mosaic imagery. The 

Google Earth imagery archive was collected using different sensors (e.g., Landsat-8 and Digital 

Globe satellites), with a spatial resolution varying from 15 cm to 15 m, depending on the satellite 

source. To further identify OFRs used for irrigation, the authors identified key surrounding 

elements of a surface water irrigation system such as tailwater recovery and irrigation regulating 

ditches, supply/drainage pipes and/or pumping houses, and one or more adjacent crop fields 

(Sullivan and Delp, 2012; Yaeger et al., 2017). Table 1 shows the number of OFRs in each HUC— 

more than 500 OFRs are located in two of the eight HUCs that cover our study area. 

Table 1–Hydrological Unit Code names and the number of OFRs in each HUC from the ground-

truth dataset. 

HUC ID HUC  Name Number of OFRs 

A 08020402 Bayou Meto 295 

B 08020303 Lower White 238 

C 08020205 L'anguille 79 

D 08020301 Lower White-Bayou Des Arc 78 

E 08020302 Cache Arkansas 63 

F 08020401 Lower Arkansas 12 

G 08020304 Big Arkansas 8 

H 11110207 Lower Arkansas -Maumelle 2 

 

Yaeger et al., (2018) expanded the work carried out by Yaeger et al., (2017) by analyzing 

the trends in reservoir construction over time. The authors superimposed the 2015 reservoir 

contours with  the high spatial resolution 1-m ortho-imagery and systematically checked whether 

the OFRs were present during specific years (1996, 2000, 2006, 2009, 2010, 2013 and 2015). The 
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temporal analysis resulted in seven reservoir shapefiles, one for each year checked. The intervals 

between the OFR shapefiles are not evenly distributed due to the historical catalog of the ortho-

imagery. Figure 2 shows the cumulative distribution of OFR surface water area (ha) and their 

construction period. We used the OFRs shapefile as ground-truth data for our analyses (see section 

2.5).  

 

Figure 2–The cumulative distribution of OFRs surface area extent (ha) in the ground-truth dataset. 

OFRs with surface area higher than 50 ha (3.3% of total) are not shown on this figure to avoid 

over plotting.  

2.3 Processing satellite imagery time series  

We processed the two independent surface inundation datasets derived from the Landsat 

imagery catalog: DSWE (v2.0) (Jones et al., 2015, 2019) and JRC Global Monthly Water History 

(v1.1) (Pekel et al., 2016). We assembled the monthly image time series starting in January 1995—

one year prior to the first year of the assessment made by Yaeger et al., (2018)—until December 
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2018, last JRC image available on Google Earth Engine (GEE). We chose this time series period 

(1995-2018) to coincide with the OFR mapping period of the ground-truth dataset. 

Aiming to capture the monthly variability of the vegetated surface surrounding the OFRs, 

we combined the Landsat 5 TM, Landsat 7 ETM+, and Landsat 8 OLI images available on GEE 

to calculate mean and monthly Normalized Difference Vegetation Index (NDVI) using a 1 km 

buffer of each OFR in our ground-truth dataset—we assumed that this buffer distance includes the 

area in which the water from the OFR is potentially being used for irrigation. This assumption is 

based on the idea that the water from the OFR is being used to irrigate closely located cropland, 

and it was not validated with a field study (personal conversation with geospatial specialist Dr. 

John Nowlin in eastern Arkansas). The NDVI from the possible irrigated land surrounding the 

OFRs can helps us understand the annual monthly change in crop phenology (Seo et al., 2019; 

Yang et al., 2013), and therefore, the NDVI may be useful to further understand the OFRs surface 

water dynamics by representing anthropogenic factors. 

2.3.1 Dynamic Surface Water Extent (v.1.0) 

The Level-3 product DSWE (v.1.0) (Jones et al., 2015, 2019) is available online for the 

contiguous United States through the USGS Earth Explorer platform 

(https://earthexplorer.usgs.gov/), and it is the newest product from the Landsat Analysis Ready 

Data series. The DSWE product is generated using the Landsat surface reflectance—the most 

geometrically accurate and consistently processed imagery from Landsat 4–5 TM, Landsat 7 

ETM+, and Landsat 8 OLI. We recreated analysis ready data equal-sized tiles by downloading the 

DSWE images projected to Albers Equal Area Conic. We used the DSWE “Interpreted layer” to 

retrieve only the highest confidence water pixel value (i.e., 1-Water: High confidence). The 

Interpreted layer has seven diagnostic pixel values, including: 0-Not water, 1-Water High 

https://earthexplorer.usgs.gov/


 

24 

 

confidence, 2-Water Moderate confidence, 3-Potential wetland, 4-Water or wetland-low 

confidence, 9-Cloud, shadow, and snow, and 255-Not available, fill. To match the JRC monthly 

water inundation time series, we composited multiple overlapping DSWE scenes. We used a pixel-

based approach to retain the 1-High confidence water classification for co-located pixels. For 

example, the final class of a pixel is “water—high confidence” (class 1), if this pixel was classified 

as “potential wetland” (class 3) in one image and classified as “water—high confidence” (class 1) 

in another one. The final dataset consists of 288 DSWE monthly composites time series from 

January 1995 until December 2018.  

2.3.2 Joint Research Centre Monthly Water History (v.1.1) 

The JRC Global Monthly Water History (v.1.1) (Pekel et al., 2016) has a global coverage 

and it is available online for public download through the cloud-computing platform GEE 

(https://code.earthengine.google.com/). The Monthly Water History is part of a global collection 

of water inundation layers from March 1984 until December 2018. The authors created the 

collection using the entire Landsat archive (three million satellite images) combining images from 

the Landsat 4–5 TM, Landsat 7 ETM+, and Landsat 8 OLI. The monthly history provides 

information on the intra-annual distribution of water bodies and characterizes their seasonality. 

The purpose of creating a monthly time series was to show the water distribution over time and 

space. This dataset can also be used to flag when an OFR was constructed at a particular location. 

The Monthly Water History is available in GEE as an image collection of 380 images; each band 

contains a water layer that has three diagnostic pixel values: 0 (No observations), 1 (Not water) 

and 2 (Water detected), for a complete description of the water classification methods refer to 

Pekel et al., (2016). We downloaded the Monthly Water History from GEE for our study region 

https://code.earthengine.google.com/
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from 1995 until 2018, and we extracted the surface water area for each reservoir using R v.3.5.1 

(R Core Team, 2020).  

2.4 Climate information 

We downloaded monthly precipitation, minimum and maximum air temperature and vapor 

pressure deficit (VPD) (from January 1995 to December 2018) from the interpolated grid maps 

available from Oregon State University’s PRISM Climate Group (PRISM Climate Group, 2011) 

using each OFR centroid (i.e., latitude and longitude).  

2.5 Data analysis 

2.5.1 On-farm reservoir size, missing information and reservoir geometry 

We used the single time-step surface area (ha) (i.e., OFR size) from the ground-truth dataset 

as the OFR capacity. To compare this single surface area with the DSWE and the JRC, we looped 

through all time-steps (i.e., 1995–2018) for each OFR to extract the highest surface area recorded 

from both inundation datasets—the highest surface area was chosen because it reflects the OFR 

capacity according with the inundation datasets. We divided the OFRs into four  different size 

classes (0–5 ha, 5–10 ha, 10–25 ha, and >25 ha) according with the surface area mapped in the 

ground-truth dataset, which helped us understand how the discrepancies between the inundation 

datasets and the ground-truth occur for different OFR sizes. Then, we performed a simple linear 

regression analysis to calculate the coefficient of determination (r2) and the MPE (Eq. 1) between 

each inundation dataset and the ground-truth; hence, we had two linear regressions models–one 

for each dataset–for each class size.  In addition, we compared the differences in MPE between 

DSWE and JRC using one-way analysis of variance (ANOVA).  

Mean Percent Error = |
𝑦𝑖− 𝑥𝑖   

 𝑥𝑖
| * 100             (1) 
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where 𝑥𝑖 is the ground-truth and yi is the highest surface area mapped by each inundation dataset 

including all time-steps for each OFR. 

For each OFR and both inundation datasets, we created an index to measure the monthly 

percentage of missing information (NAindex). This index was calculated by dividing the number of 

absent surface area information to the total possible number of observations including all time-

steps—the total possible number of observations depends on the OFR construction year, for 

instance, if an OFR was constructed in 2000, the total number of observations will be 216, 12 

months per year and 18 years. Then, we calculated NAindex for each class size by averaging the 

NAindex of all OFRs included in each class.    

We calculated a dimensionless shape index (SI) to describe the complexity of the OFRs 

surface water extent (Karran et al., 2017; Vanthof and Kelly, 2019). SI is the ratio of the reservoir 

perimeter to the circumference of a circle with the same area—we obtained the perimeter and the 

reservoir area from ground-truth dataset. On-farm reservoirs with SI = 1 are perfectly circular while 

OFRs with SI > 1 are increasingly complex. The SI is an important metric because OFRs with 

complex shapes are more difficult to map, therefore, leading to higher surface area mapping errors 

(Karran et al., 2017).   

2.5.2 Generalized additive mixed model approach to explain the reservoirs area change 

Similar to other studies linking climate variables to satellite-mapped surface water extent 

(e.g., Heimhuber et al., 2019, Tulbure and Broich, 2019), we explored the impact of precipitation, 

air temperature, and NDVI on the dynamics of OFRs surface area by employing a generalized 

additive mixed model approach using the gamm4 R package (Wood and Scheipl, 2014). 

Generalized additive mixed models are multivariate regression models that additively combine 

parametric (linear) and non-parametric (non-linear) model terms, and allow both fixed and random 
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effects. The wiggliness of splines is penalized when the models are fitted, and the fitting algorithm 

aims to maximize the fit of the spline to the data while minimizing its wiggliness (Wood, 2017). 

Fixed effects are the factors we expect will have an impact on the dependent variable—these 

effects are referred to as explanatory variables. Random effects are categorical variables, and often 

grouping factors—these are the effects that we know may influence the patterns in our response 

variable.  

We used the OFR monthly surface area ratio (SAratio) as the dependent variable. SAratio was 

calculated by dividing the monthly OFR surface area extracted from the DSWE and JRC by the 

OFR ground-truth area. The SAratio allows us to infer the OFR capacity level in a given month in 

terms of area. For instance, a SAratio of 0.7 means that the OFR is at 70% of the maximum capacity. 

We aggregated SAratio per HUC boundaries by averaging the SAratio of all OFRs in each HUC for 

each time-step (i.e., month) in our period of analysis and separately for the DSWE and JRC 

inundation datasets. This level of aggregation resulted in a total of 16 monthly SAratio time series 

(i.e., eight HUCs and two inundation datasets) from 1995 to 2018 totaling 276 monthly 

observations per HUC per inundation dataset. We examined multicollinearity between the 

explanatory variables—precipitation, minimum, maximum and mean air temperature, VPD, and 

NDVI—and we computed the Pearson correlation coefficient for each two variables. Following 

this procedure, we removed minimum and mean air temperature, and minimum, maximum and 

mean VPD. These variables were highly correlated with maximum temperature (correlation 

coefficient > 0.90)—this is a common practice as collinearity among predictors can lead to 

interpretation problems (see Fig. A1 and A2 for more details). In addition, we matched the 

temporal resolution of the explanatory variables with the OFR SAratio time series. 
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Due to the inherent characteristics of the remote sensing inundation datasets (i.e., cloud 

obscuration), the SAratio time series can contain abrupt changes that may lead to erroneous 

interpretation of the SAratio. These sudden changes are normally attributed to the presence of clouds 

and sensor related issues that disrupt the OFR surface area information. To account for these issues, 

we applied a simple centered moving average filter with an average smoother of magnitude 2. This 

filter allowed us to preserve the SAratio time series information and seasonality, while reducing the 

impact of SAratio outliers (Fig. A4). We modelled the SAratio with the moving average using two 

modeling approaches: 1) a global model accounting for all HUCs together (i.e., using HUC as a 

random effect) for the DSWE and JRC, and 2) per HUC models. The later approach aimed to 

measure the model performance within each HUC and to capture the spatial variability of the fixed 

effects between different HUCs. More specifically, to account for the per HUC models variability 

in slopes of precipitation, maximum temperature and NDVI, and the model performance across 

the study region. To minimize the complexity of both modeling approaches, we fitted multiple 

models adding each explanatory variable one at a time—we added precipitation, maximum air 

temperature and NDVI as fixed effects, and month and year as random effects. We measured the 

contribution of each variable accounting for the Akaike Information Criterion (AIC) and adjusted 

r2 (Tables A1 and A2). We selected model 3 as the best performing model based on the lowest 

AIC and highest adjusted r2, and the least number of parameters. Model 3 includes precipitation, 

maximum temperature, and NDVI as fixed effects (Tables A1 and A2).     

3. RESULTS AND DISCUSSION 

Figure 3 depicts the distribution of minimum, maximum and mean air temperature, NDVI 

and precipitation for two HUCs (A and B) in our study region (see Fig. A3 for all other HUCs), 

considering the entire time series. In general, most of the precipitation arrives between March and 
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May with a decrease during the months of June to August (Fig. 3, violin plots). Contrastingly, air 

temperature has a different behavior, and the highest records occur during summer, between May 

and August, and the lowest records between November to February (Fig. 3, black solid line and 

red dashed lines). The mean NDVI from the vegetated surface surrounding the OFRs starts to 

increase around April and May, which are the months when the main crops are being planted in 

the study region. The peak of NDVI occurs between August and September, and the NDVI 

decreases during October and November, which typically represent the final crop phenological 

stages before harvest.  

  

Figure 3–The distribution of minimum, maximum and mean air temperature, NDVI, and 

precipitation for HUCs A and B considering the entire time series, and all OFRs located on these 

HUCs. Mean air temperature is represented by the black solid line, and minimum and maximum 

air temperature are represented by the red dashed lines. The boxplots represent the NDVI monthly 

distribution. The  violin plots represent the precipitation monthly distribution. Please see Table 1 

for HUC ID information. 
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We divided the OFRs into different class sizes and compared the highest surface area 

recorded during the entire time series from both inundation datasets—the highest OFR surface 

area represents the reservoir size—with the surface area from the ground-truth dataset (Fig. 4). 

Both datasets underestimate the OFRs size for all classes, and the smallest OFRs (0–5 ha and 5–

10 ha) had the highest MPE. The JRC (20.4% and 12.5%) had higher MPE than the DSWE (12.4% 

and 7.4%) for both classes (Fig. 4, inset boxplots). In addition, these two classes had the highest 

variability in MPE, which decreased as the size of the OFRs increased. In general, the MPE for 

both datasets is below 10% for OFRs larger than 10 ha, and the JRC had higher values when 

compared to the DSWE for all classes; however, the datasets were statistically different only for 

the first two classes (p-value < 0.05) (i.e., OFRs  smaller than 10 ha) (Fig. 4, inset boxplots). We 

found the highest agreement in size for OFRs with surface area higher than 25 ha (r2 0.99 and 0.98 

for DSWE and JRC). Although the smallest classes (0–5 ha and 5–10 ha) presented the highest 

MPE, these classes also had good agreement (r2 > 0.80) for both datasets. Overall, the JRC had 

smaller r2 values than the DSWE for all classes.  
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Figure 4–Comparison of each OFR ground-truth area with the highest surface area recorded from 

both inundation datasets (DSWE and JRC) during the period of analysis (1995–2018). Inset 

boxplots depict the distribution of MPE, and the p-value represents the significance of the one-

way ANOVA comparing MPE from DSWE and JRC for each class size. 

The magnitude of MPE (Fig. 4, inset boxplots) corroborate with previous studies (Ogilvie 

et al., 2018; Jones et al., 2017) that used Landsat imagery to describe small water bodies. Ogilvie 

et al., (2018) found that the commission error (i.e., producer error) of the JRC increased up to 50% 

for OFRs with area < 5 ha. Jones et al., (2017) used the JRC to assess 272 OFRs—surface area 

ranging from 0.09 to 72 ha—and reported that the dataset was unsuitable for monitoring OFRs 
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with surface area smaller than 5.1 ha—56% of OFRs in the Volta Basin—since the magnitude of 

mean absolute percent error reached up to 71%.  

There are multiple challenges when using Landsat imagery to classify small water bodies; 

these challenges help explain the discrepancies found in the OFR size analysis (Fig. 4). Mueller et 

al., (2016) developed a methodology to map water bodies at a continental scale (i.e., Australia) 

using 25 years of Landsat imagery. They concluded that their product was underestimating the 

extent of surface water where there was a mix between water and vegetation pixels—highlighting 

a limitation of using Landsat inundation products to assess small wetland and small water bodies.  

Similarly, Ogilvie et al., (2018) found that the accuracy of the JRC reduces with the presence of 

vegetation and algae, and for shallow water bodies. The authors also highlighted that the geometry 

of the OFRs influenced how these water bodies are represented in optical remote sensing. In this 

study, OFRs with regular shapes tended to present lower MPE and higher agreement with ground 

truthing datasets and OFRs with asymmetric shapes were more inclined to have higher 

discrepancies.  

Jones et al., (2017) reported analogous findings and demonstrated that the accuracy of the 

JRC area estimates improved with increasing the OFR size and decreasing the geometric shape 

complexity. We assessed the OFRs geometric shape accounting for their area and perimeter. Figure 

5 shows the distribution of SI
 for all OFRs in each class size. On-farm reservoirs with SI > 1 have 

increasingly complex geometric shape. The smallest OFRs (surface area < 15 ha) presented higher 

SI  values (average SI > 2) when compared to the larger the OFRs (surface area >= 15 ha). On-farm 

reservoirs with surface area > 25 ha presented the smallest SI (median SI = 0.77), with upper and 

lower limits of 5.12 and 0.17. Although the smallest OFRs had a more complex geometric shape 
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and higher MPE (Fig. 4, 5), we did not find a close relationship (r2 < 0.2 and r2 < 0.10) between 

the reservoirs SI and the MPE for any of the classes. 

 
Figure 5–Distribution of the OFRs geometry index (SI) per reservoir class size. The boxplots 

depict the SI distribution for all different class sizes. 

Figure 6 shows that all classes have high NAindex between January through April, and 

November through December (NAindex > 0.30). The JRC has no information for any of the OFRs 

during December and January for the entire time series. The size of the bars (i.e., SAratio) helps us 

understand the behavior of each OFR class during the year, enabling us to infer seasonal trends in 

surface water change. Both datasets show that the OFRs were closer to maximum area during 

March, April and May (SAratio ~ 0.75–0.90), and at the lowest capacity (i.e., smaller bars) in June, 

July and August (SAratio < 0.60–0.70). 
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Figure 6–Monthly NAindex and SAratio aggregated per OFR class size including the entire period 

of analysis (1995–2018). Bars represented in brighter colors (yellows to greens) indicate higher 

NAindex, and wider bars depict higher SAratio. 

There are multiple factors impacting the OFRs surface area change. These factors include 

climate variables (e.g., precipitation, air temperature) as well as anthropogenic variables (e.g., 

reservoir usage), and other environmental factors (e.g., soil type on which the OFRs are built, 

distance and topographical distance to major water streams) (Arvor et al., 2018; Habets et al., 

2018; Zhang et al., 2016). In this study, we focused on exploring how much of the variance in 

OFRs surface area change can be explained by combining precipitation, air temperature, and the 

NDVI from vegetated surface surrounding the OFRs. The OFRs filling process occurs mostly 

during the wet season of the year—when the study region receives most of the annual precipitation. 

We analyzed precipitation time series for all OFRs, and we found that most of the precipitation 

events occur in March, April, and May (Fig. 3, Fig. A1), which coincides with the months when 

the OFRs are closer to maximum extent (i.e., highest SAratio values) (Fig. 6).  Moreover, the driest 

months occur during the summer (i.e., June, July, and August) (Fig. 3, Fig. S. 1), which is the 
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period when the highest temperature values are recorded, and the OFRs are found to be at the 

lowest capacities range. This can be an indication of irrigation activities, as the vegetated surfaces 

surrounding the OFRs starts to “green up” (i.e., increase in NDVI values) when the study region 

receives most of its precipitation (before and early summer), and the highest NDVI values occur 

during late and end of summer. The lowest SAratio values during the summer months can be 

explained by two main factors: 1) the dry critical months are when the farmers are irrigating their 

crops—the last U.S. Department of Agriculture census showed that 100% of rice was irrigated, 

and 84% of soybean and 92% of cotton were irrigated at least once during the 2018 growing season 

in eastern Arkansas (NASS–USDA, 2020b); and 2) the high records of air temperature can 

contribute to increase the OFRs outflow through evaporation, which can be >= 25% of the OFRs 

outflow during dry critical months  (Friedrich et al., 2018; Guerra et al., 1990; Zhao and Gao, 

2019). Previous studies showed that shallow OFRs are more prone to evaporation losses than large 

water bodies, and evaporation was identified as a major factor contributing to reduce water storage, 

especially in dry critical periods of the year (Fowe et al., 2015; Liebe et al., 2005). We did not 

account for evaporation losses in our modeling scenarios because it is beyond the scope of this 

study. As illustrated by Zhao and Gao (2019), estimating evaporation losses from reservoirs is not 

a trivial task. The authors stressed that detailed information about the OFRs surface water area and 

evaporation rate is required to accurately estimate evaporation losses. In addition, besides climate 

variables (i.e., air temperature and precipitation), the OFRs hydrological dynamic can be 

influenced by the watershed discharge—reduced discharge results in less water supply during the 

OFR filling process (Ibrahim et al., 2015; Tinoco et al., 2016). Nonetheless, the OFRs used in this 

study are not located on the main water streams, and therefore, the OFRs surface area changes are 



 

36 

 

independent of the discharge seasonality, which is why we did not include discharge in our 

analysis. 

The OFRs filling process during the wet season is directly related to the volume of water 

from precipitation and runoff events, and the filling process depends on the OFRs surface area. 

Our results indicate that the DSWE and JRC could be used to describe a set of OFRs behavior in 

terms of area change along the months and years (Fig. 6). This relevant to poorly monitored basins 

around the world that have a high concentration of OFRs, given that the JRC data is available 

globally. The methods implemented in this study could be used in other regions of the world if the 

JRC is available. For instance, the Jaguaribe basin (area of 70,000 km2 in the state of Ceará, Brazil) 

is known for having a conglomerate of OFRs (Dubreuil and Girard, 1973; Formiga Johnsson and 

Kemper, 2007; Gondim et al., 2012). Although efforts to monitor these water bodies date back to 

the 1950’s (Dubreuil and Girard, 1973), most of the reservoirs are poorly or not monitored at all. 

The use of inundation datasets could then enhance the knowledge of water authorities to create 

and/or improve current water planning in the region. Nevertheless, we should also highlight that 

the uncertainties carried by the DSWE and JRC datasets (Fig. 4) will contribute to under- or over-

estimation the OFRs volume capacity, if the datasets are used to develop a sustainable water plan 

(Fowe et al., 2015). 

We further explored how climate variables and NDVI contribute to the variation of the 

OFRs SAratio using a generalized additive mixed model approach. The results from the global 

models (i.e., including HUC as a random effect) for both the DSWE and JRC datasets are shown 

on Table 2.  Both models explained less than 15% of the variability in SAratio (r
2 < 0.15), and there 

were small differences for the fixed effects between the inundation datasets.  
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Table 2–Global generalized additive mixed model results using precipitation, maximum 

temperature, and NDVI as fixed effects, and HUC as a random factor for the DSWE and JRC. 

 DSWE JRC 

Intercept 0.615 0.644 

Precipitation 0.017 0.013 

Maximum Temperature -0.072 -0.069 

NDVI 0.069 0.048 

Adj. r2 0.098 0.122 

 

The r2 values from the generalized additive models at HUC level are shown on Fig.7. In 

general, the JRC presented higher r2 values (0.04–0.29) when compared to DSWE (0.03–0.27). 

The r2 values varied between different HUCs, and the HUC with the lowest marginal r2 (<0.1) 

(HUC H) has only two OFRs. For HUCs that have a considerable number of reservoirs (>50) and 

still presented a low r2 (< 0.20)  (e.g., HUCs C and E), the variability in size of OFRs within each 

HUC may influence the performance of the model when explaining the variance in SAratio, with 

different processes governing reservoirs of different size classes. For instance, HUC E has a total 

of 79 reservoirs, and the reservoirs size range varies between 2.4 and 150 ha. The higher JRC r2 

values when compared to the DSWE was unexpected, as the JRC has generally higher NAindex, and 

no information for January and December for any of the OFRs. A possible explanation is that the 

lower amount of information is contributing to less variability in the SAratio, and therefore, higher 

r2 values.  

The performance of our models (Table 2, Fig. 7) can be attributed to several factors ranging 

from the uncertainties contained in the explanatory variables (e.g., climate variables from 

interpolated grids) to the fact that we have not included anthropological factors (e.g., reservoir 

usage) in our modeling scenarios—NDVI was the only variable relating to crop phenology and 

thus potentially related to irrigation water use.  
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Although the PRISM dataset is widely used in studies that assess the long-term impact 

(>20 years) of climate variables (e.g., precipitation, air temperature) this dataset is created through 

the interpolation of ground data, and therefore, the time series extracted from the dataset carries 

the uncertainty from interpolation and modeling techniques (Gao et al., 2017; Spangler et al., 

2019). We believe that our modeling scenarios could be improved by using time series of climate 

variables from in-situ data collection. However, it is very unlikely that every farmer will have an 

in-situ meteorological station to keep records of climate variables. Our models are also influenced 

by the uncertainty in the NDVI time series, which are subject to the same challenges of using  

Landsat-based inundation datasets (e.g., data gaps, cloud obscuration, mixed pixels due to pixel 

size). In addition, we assumed that the water stored by the OFRs was being used in a radius of 1 

km—this assumption was based on the idea that OFRs supply water to cropland that is closely 

located. In spite of being a fair assumption, we do not know exactly where the water is being used. 

For instance, farmers can have different irrigation schedules for fields adjacent to the OFRs, and 

it is common to mix the water resources obtained from the OFR and from irrigation wells. 

Furthermore, there are several reservoirs that are located close to green areas (e.g., forest patches), 

and that may contribute to less variation in NDVI along the year.  

There are other anthropogenic factors that may contribute to the SAratio dynamics, and we 

are not accounting for them in our models. These variables could be: (i) intensity of irrigation 

activities—we are able to identify the general trends of SAratio, however, depending on the period 

of the year, farmers are using the OFRs more or less extensively and this has direct impact on the 

OFRs SAratio; (ii) the OFR filling process—the OFRs are mainly filled with precipitation and 

runoff events, therefore, the OFRs receive most of their water volume during the wet season. 

Nonetheless, farmers may opt to fill the OFRs by pumping water from the inlet streams if they 
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have the infrastructure in place. This filling process impacts SAratio and it is very challenging to 

predict, as it varies among different farmers and periods of the year. 

The monthly time scale of the inundation datasets can also help explain the performance 

of our modeling results. The OFRs’ SAratio may have events, surface area changes, occurring at a 

sub-monthly scale that are not being captured by the inundation datasets, and the explanatory 

variables. We believe that better modeling results could be obtained by employing satellite datasets 

with higher temporal resolution, for example, the Sentinel 1 and 2 (10 day revisit period), and 

PlanetScope CubeSats (~ daily revisit period). Lastly, potential modelling improvements could be 

achieved employing satellite-based evapotranspiration products (Allen et al., 2015; Mhawej and 

Faour, 2020), nonetheless, these products require exhaustive calibration and validation, which is 

site specific, and extensive ground-knowledge on which and where the crops are planted—

unfortunately, this information it is not available, and therefore, these products were not included 

on this study. 
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Figure 7–Generalized additive mixed model adjusted r2 values at HUC level (i.e., spatial scale), 

accounting for precipitation, maximum air temperature, and NDVI as fixed effects. The left-hand 

side map depicts the results for the DSWE, and the right-hand side map for the JRC. Please see 

Table 1 for HUC ID information. 

The spatial variability of the fixed effects at the HUC level are shown on Fig. 8. 

Precipitation resulted in positive slopes for all HUCs and both inundation datasets, and the slopes 

varied among HUCs—DSWE (0.08–0.5 x10-2) and JRC (0.01–0.3 x10-2). Maximum temperature 

also varied across different HUCs; however, all slopes were negative DSWE (-0.02– -1.4 x10-2) 

and JRC (-0.02– -0.9 x10-2). Similarly, the NDVI varied across different HUCs with positive and 

negative slopes—DSWE (0.22–0.47 x10-2) and JRC (-0.02–1.4 x10-2). The results of the 

generalized additive mixed models approach (Fig. 7 and 8) can be combined with crop water 

requirements to plan the irrigation schedule. For example, crop water needs vary in space and time, 

and are influenced by climate factors like precipitation and air temperature (Perin et al., 2019). 

DSWE JRC 
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Therefore, the number and intensity of irrigation events also varies in space and time. The slope 

of precipitation, maximum temperature, and NDVI, can be combined and used as a simple index 

when farmers are planning their irrigation schedule. This index can be used to increase or decrease 

the amount of water applied in each irrigation event depending on the region’s slope values. This 

kind of index is commonly used in crop modeling and climate zoning (Battisti and Sentelhas, 2019; 

Boote et al., 1998), in which the simulated crop yield is penalized or not based on the region’s 

climate (e.g., crop yield is penalized under drought conditions). The slope of precipitation, 

maximum temperature, and NDVI  could then enhance tools which support irrigation management 

decisions, helping farmers plan for regions and periods of the year that will require more or less 

water. 
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Figure 8–Generalized additive mixed model fixed effects of precipitation, maximum temperature 

and NDVI at HUC level (i.e., spatial scale). The left-hand side map depicts the results for the 

DSWE, and the right-hand side map for the JRC. 
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The DSWE and JRC inundation datasets enable us to describe the general trends of the 

OFRs surface water area change and to depict the effects of climate variables on surface area 

change; nonetheless, we should bear in mind that hydrological monitoring of small water bodies 

using Landsat inundation products has several constraints that need to be assessed when applying 

the methods to other study regions. The restrictions of using the long-term Landsat archive to 

monitor small water bodies range from data gaps (i.e., cloud obscuration), which have direct 

impact on the accuracy of the seasonal information, to spatial resolution issues that prevent the 

accurate classification of water bodies,  to the 16-day repeat cycle that may miss rapid flood events 

that occur on a shorter timescale. Our analysis points out several challenges of using Landsat 

inundation products for water planning purposes. For example, these datasets may be unsuitable 

for monitoring reservoirs with area between 0–5 ha, as both datasets can have errors higher than 

20% for reservoir extent (Figure 4). Furthermore, for certain months of the year (e.g., December 

and January) there is a higher occurrence of missing information, which is an important limitation 

when aiming to use the datasets for continuous monitoring (Figure 6). The JRC has no information 

for the months of December and January, and this could be partially explained by the algorithms 

used to create this inundation dataset. The JRC was primarily designed to represent the occurrence 

of open surface water, and not to detect surface water when there is spectral reflectance mixing of 

the water and vegetation (DeVries et al., 2017; Jones, 2019)—which is a common characteristic 

of the OFRs that are relatively shallow and small water bodies—therefore, possibly leading to 

inadequately classifying OFRs. In addition, the absence of information is related to the well-known 

Landsat 7 ETM+ SLC scan line correctors failure after 31 May 2003 (Hossain et al., 2015). These 

limitations are overcome by combining multiple satellite sources to monitor surface water 

dynamics. Vanthof and Kelly (2019) used the JRC in conjunction with higher spatial and temporal 
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satellite imagery and were able to increase the number of observations of OFRs, and reduce the 

mapping error to 3% of the reservoir size, and therefore, enable the use of different satellite 

imagery for water planning. 

Regardless of the limitations of the Landsat surface water datasets addressed above, the 

DSWE and JRC can be used as a first step to monitor water bodies at a large-scale, which is 

important in regions where there is a conglomerate of these water bodies. The National Inventory 

of Dams (NIDs) dataset (http://nid.usace.army.mil/) provides the location (i.e., longitude and 

latitude) of more than 80,000 dams located in the U.S. Although this dataset does not have 

information about OFRs, this dataset brings relevant information of the major dams in the U.S., 

including the construction year, size in area, and relevant hydrological information (i.e., depth, 

storage capacity). Also, the NID dataset can be coupled with surface water extent information to 

enhance knowledge on the water budget in regions with a concentration of dams. Briefly, if the 

depth of the reservoir and its topographic information (e.g., digital elevation model) are available, 

it is possible to calculate the storage-area-depth for these reservoirs (Yigzaw et al., 2018), which 

can be combined with surface area to estimate volume storage change from two different time-

steps (Yao et al., 2018), and create a time series of  water volume change (Vanthof and Kelly, 

2019). In addition, the same approach detailed above, and the methods used in our study, could be 

expanded to other countries by employing global water impoundments datasets, for instance, the 

global georeferenced database of dams (Mulligan et al., 2020), and the geo-referenced database on 

dams (Lehner et al., 2011). 

Our study furthers the use of Landsat inundation datasets where there is insufficient OFR 

monitoring. The biggest hurdle of replicating our study to other countries or regions is the lack of 

an OFR ground-truth dataset. However, nowadays, there is daily high spatial resolution (~3m) 

http://nid.usace.army.mil/
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satellite imagery for the entire globe (Planet Team, 2017), which enable future investigators to 

create a similar OFR dataset used in our study. A ground-truth dataset can be created by combining 

multiple platforms and satellite imagery sources. Our results showed that the DSWE or JRC can 

be used to understand the temporal variability of OFRs, and although there are mapping errors due 

to the spatial resolution of the Landsat imagery (Fig. 4), a proxy of the OFR shape can be obtained 

by calculating the OFR frequency of inundation using the entire Landsat catalog—this process is 

widely used in the scientific community (Pekel et al., 2016; Soulard et al., 2020; Walker et al., 

2020). The OFR shape proxy can be converted to a vector and be used to retrieve high-resolution 

satellite imagery from PlanetScope CubeSats Imagery (~3m spatial resolution)—Planet Labs has 

an international Education and Research Program that allows scientists around the globe to use 

PlanetScope CubeSats imagery free of costs. 

 This study is the first effort to apply long-term surface water extent datasets to large-scale 

OFRs monitoring in the U.S. Therefore, we highlight that future investigations should weight on 

several factors before deciding which dataset to use (i.e., DSWE or JRC). The first of these factors 

(i) is imagery processing: we downloaded the level-3 analysis ready data DSWE scenes. Though 

the dataset is already pre-processed, several steps are required to obtain the monthly water history, 

which can be a demanding task, especially when downloading and processing the dataset for a 

large area. The JRC monthly water history was obtained through GEE using a straight-forward 

downloading approach. The GEE platform can be used to recreate the DSWE monthly water layer 

(Ahmad et al., 2020; Walker et al., 2020), and therefore, attenuate some of the demanding tasks 

(e.g., downloading, recreating tiles, etc.) related to the DSWE. The second factor (ii) is missing 

information: although both datasets are based on the Landsat archive, the DSWE has less missing 

information than the JRC which is essential to continuous large-scale monitoring. The JRC is a 
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global dataset, and does not specifically target the classification of water bodies that have a 

frequent spectral reflectance mixing (i.e., OFRs). Therefore, the algorithms used to classify surface 

water tend to be more stringent when classifying water pixels, resulting in higher occurrences of 

absent information (Pekel et al., 2016). The third factor (iii) is maximum area percent error: both 

datasets levy the same challenges related to spatial resolution when classifying small water bodies 

using Landsat products (Jones et al., 2017; Ogilvie et al., 2018; Solander et al., 2016). However, 

the DSWE captured the maximum extent of OFRs with less errors and higher agreement when 

compared to the JRC. Lastly, we should have in mind that our study is limited to maximum 

reservoir extent analysis and a complete assessment of these datasets requires field validation 

and/or measurement of the surface water area using higher spatiotemporal resolution satellite 

imagery (Vanthof and Kelly, 2019). 

4. CONCLUSION 

Landsat surface inundation datasets can be used to map OFRs maximum extent and surface 

water area seasonality. The DSWE had smaller mean percent errors (p-value <0.05) and higher 

agreement compared to the JRC when mapping reservoirs smaller than 10 ha. Both datasets enable 

us to characterize the seasonality of the OFRs area change. In eastern Arkansas, the OFRs are 

mostly filled in March, April, and May, which can be partially explained by the precipitation 

regimen of the region. We applied a generalized additive mixed model approach to quantify the 

impact of precipitation, maximum temperature, and the NDVI—from the land surrounding the 

OFRs—on the OFRs surface area change, and we found that the impact of these variables varies 

in space (i.e., for different HUCs). Our results showed that these datasets can be used to enhance 

hydrological assessments in poorly monitored basins that have a concentration of artificial small 

water bodies, and the methods employed on this study could be used to enhance knowledge about 
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the OFRs surface water dynamics in other regions and different countries, if the inundation datasets 

(i.e., DSWE or JRC) are available. Our findings are a unique contribution on which inundation 

dataset to employ when aiming to monitor small water bodies at a large-scale in the US. Lastly, 

the two main drawbacks imposed by these datasets when implementing them for water planning 

purposes and policymaking are: (i) inconsistent surface water area time series, due to clouds and 

sensor related issues, and the 16-day repeat cycle of the Landsat imagery; and (ii) spatial resolution 

of 30-m that may be unsuitable to monitor OFRs with surface area between 0–5 ha. 
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Abstract 

Fresh water stored by on-farm reservoirs (OFRs) is an important component of surface hydrology 

and is critical for meeting global irrigation needs. Farmers use OFRs to store water during the wet 

https://www-sciencedirect-com.prox.lib.ncsu.edu/science/article/pii/S0378377420322381?via%3Dihub#!
https://www-sciencedirect-com.prox.lib.ncsu.edu/science/article/pii/S0378377420322381?via%3Dihub#!
https://www-sciencedirect-com.prox.lib.ncsu.edu/science/article/pii/S0378377420322381?via%3Dihub#!
https://www-sciencedirect-com.prox.lib.ncsu.edu/science/article/pii/S0378377420322381?via%3Dihub#!
https://www-sciencedirect-com.prox.lib.ncsu.edu/science/article/pii/S0378377420322381?via%3Dihub#!


 

56 

 

season and for crop irrigation during the dry season, yet their seasonal and inter-annual variability 

and downstream impacts are not quantified. Therefore, OFRs' sub-weekly surface area changes 

are critical to understanding their dynamics and mitigating their downstream impacts. However, 

prior to the recent increase in satellite imagery availability and improvement in sensors' spatial 

resolution, monitoring the OFRs' sub-weekly surface area changes across space and time was 

challenging because OFRs occur in high numbers (i.e. thousands) and are small water bodies (< 

50 ha). We propose a novel multi-sensor approach to monitor OFRs surface areas, developed based 

on 736 OFRs in eastern Arkansas, USA, which leverages the use of PlanetScope (PS), RapidEye 

(RE), Sentinel 2 (S2), and Sentinel 1 (S1). First, we estimate the uncertainties in surface area for 

each sensor by comparing the surface area estimates to a validation dataset, and by comparing RE, 

S2 and S1 to PS—the sensor with the highest spatial resolution (i.e. 3.125 m). Second, we use the 

uncertainties of each sensor with a data assimilation algorithm based on the Kalman filter to obtain 

sub-weekly surface area time series for all OFRs. Our results show the lowest uncertainties for PS, 

followed by RE, S2 and S1. These uncertainties varied according to the OFRs' size and shape 

complexities. The surface area estimates derived from the Kalman filter including only the optical 

sensors resulted in high agreement (r2 > 0.95) and small uncertainties (4–8%) when compared to 

the validation dataset. We found higher uncertainties (5–14%) when adding S1 to the Kalman 

filter—this is related to the higher uncertainties found for S1 (~20%). The algorithm can assimilate 

optical and radar satellite data to increase the OFRs' surface area time series cadence allowing us 

to investigate sub-weekly surface area changes. The algorithm is not sensor-specific, and it 

accounts for the uncertainties in both the sensors observations and the resulting surface areas, 

which are key advantages when compared to other algorithms used to combine satellite data. By 

improving the surface area observations cadence and providing the surface area uncertainties, the 
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approach presented in this study has the potential to enhance water conservation plans by allowing 

better assessment and management of the OFRs. 

Keywords: On-farm reservoirs, Water management, Data assimilation, Kalman filter, Multi-

sensor satellite imagery 
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1. INTRODUCTION 

1.1 Background on OFRs and remotely sensed data used for OFR mapping 

Fresh water stored by on-farm reservoirs (OFRs) is a fundamental component of surface 

hydrology and is critical for meeting global irrigation needs (Döll et al., 2009; Downing, 2010; 

Van Den Hoek et al., 2019). Farmers use OFRs to store water during the wet season for crop 

irrigation during the dry season. There are more than 2.6 million OFRs in the USA alone (Downing 

et al., 2006; Renwick et al., 2005), and many of these OFRs were constructed during the last 40 

years (Berg et al., 2016; Downing, 2010). Despite their importance for irrigating crops, OFRs can 

contribute to downstream water stress by decreasing stream discharge and peak flow in the 

watersheds where they are built (Habets et al., 2018, Habets et al., 2014; Mime and Young, 1989), 

thereby exacerbating water stress, already intensified by climate change and population growth 

(Vörösmarty et al., 2010). The OFRs' surface areas vary frequently during the crop growing season 

when farmers are irrigating, and farmers may opt to pump water from nearby streams to fill the 

OFRs if more water is required to irrigate their crops. Therefore, understanding the OFRs' sub-

weekly surface area changes is critical to assess their seasonal and inter-annual variability, which 

is key information when modeling the OFRs impacts on surface hydrology and mitigating their 

downstream impacts. 

Prior to the recent development and availability in private and public satellite imagery, 

widespread monitoring of sub-weekly changes in OFRs' surface area across space and time was 

challenging due to satellite observation latency (i.e. irregular intervals) and spatial resolution (i.e. 

30 m resolution). The newest private images available include PlanetScope (PS, 3.125 m), and 

RapidEye (RE, 5 m) that recently became freely available globally. Within the public domain, the 

latest images include Sentinel 1 (S1, 10 m) and Sentinel 2 (S2, 10 m). A common approach to 



 

59 

 

assess the spatial and temporal variability of OFRs was to use long-term (>25–30 years) Landsat-

based (Arvor et al., 2018; Jones et al., 2017; Ogilvie et al., 2018a; Perin et al., 2021; Yao et al., 

2019) inundation datasets (Jones, 2019, Jones, 2015; Pekel et al., 2016). However, the Landsat 

spatial resolution of 30 m is unsuitable to monitor OFRs with surface area 0.1–5 ha (surface area 

monitoring error > 20% or higher, Perin et al., 2021). Furthermore, the surface area time series 

was restricted to a few annual observations—due to clouds, sensor issues and the 16-day repeat 

cycle. 

The monitoring of OFRs can be improved by leveraging the latest developments and 

availability in satellite imagery to reduce observation latency (Ogilvie et al., 2020, Ogilvie et al., 

2018a; Vanthof and Kelly, 2019). Recent research highlighted the use of PS (Cooley et al., 2017; 

Hondula et al., 2021; Mishra et al., 2020; Vanthof and Kelly, 2019), RE (Casadei et al., 2019; 

Cooley et al., 2017; Pickens et al., 2020; Pinhati et al., 2020), S1 (Ahmad et al., 2020; Bioresita et 

al., 2019; López-Caloca et al., 2020; Vanthof and Kelly, 2019), and S2 (Ahmad et al., 2020; 

Ogilvie et al., 2020; Pena-Regueiro et al., 2020; Vanthof and Kelly, 2019; Yang et al., 2020b; 

Yang et al., 2017) to monitor water bodies. However, few, if any, studies have assessed a multi-

sensor approach that uses optical and radar sensors (e.g., PS, RE, S2, and S1) of different spatial 

resolution, and assessed the surface area uncertainties of each sensor. The OFRs' surface areas, 

alongside their uncertainties, are necessary to computing the OFRs' water volume changes and 

thus have the potential to help policymakers and water authorities to quantify the OFRs' inflows 

and outflows in space and time. In addition, the uncertainty of each sensor needs to be assessed 

for OFRs of different sizes and shape complexities, as surface area classification accuracy will 

vary according to the water body size and shape complexity (Bonnema and Hossain, 2019; Perin 

et al., 2021; Solander et al., 2016; Vanthof and Kelly, 2019).  
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1.2 Algorithms to combine different satellite imagery for OFR mapping 

Even though the use of a multi-sensor approach reduces the latency of OFRs' surface area 

observations (Ogilvie et al., 2018a; Vanthof and Kelly, 2019), there are several challenges that 

need to be overcome to obtain sub-weekly surface area time series. These challenges include filling 

gaps when there are no satellite observations (e.g., due to sensor latency, cloud obscuration, sensor 

issues), and accounting for discrepancies in surface area between different sensors—these 

discrepancies are attributed to different sensors' radiometric and terrain calibrations, and spectral, 

radiometric, and spatial resolutions. Therefore, it is necessary to employ an algorithm that 

combines the data and the capabilities from multiple sensors, which generally entails data fusion 

or data assimilation algorithms. Spatial and temporal image fusion algorithms include unmixing 

linear spectral approaches, weighting-based approaches, Bayesian-based methods, learning-based 

methods, and hybrid methods that combine aspects of multiple approaches (Zhu et al., 2018). 

However, most of these fusion algorithms tend to be limited to specific sensors and do not provide 

uncertainty estimates for the output values. Meanwhile, data assimilation algorithms use 

information from multiple sensors by taking advantage of a model (e.g. linear or non-linear) to 

describe a physical phenomenon evolution over time (e.g. vegetation phenology changes). An 

overview of common assimilation algorithms is provided by Zhang and Moore (2014), and a well-

known data assimilation algorithm used in remote sensing is the Kalman filter (Kalman, 1960; 

Welch and Bishop, 1995). The Kalman filter is a recursive inference algorithm that is not sensor-

dependent and allows the uncertainty estimation in both the input information and produced 

estimates, both advantages over the sensor-specific fusion algorithms. 

The Kalman filter estimates the states of a process (e.g. OFR surface area) by combining 

observations, a state-transition model (e.g. linear), and the respective uncertainties of these 

elements. The algorithm is implemented in two steps to estimate the state of a process by 
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minimizing the mean of the squared errors. First, the algorithm uses a state-transition model to 

predict estimates of the current state variables, along with their uncertainties. Second, these 

predictions are updated with new observations and their uncertainties using a weighted average, 

with more weight assigned to estimates with less uncertainty (Welch and Bishop, 1995). The 

Kalman filter allows for the uncertainties and the model estimates to be evolving randomly rather 

than deterministically (Kalman, 1960; Welch and Bishop, 1995). This enables constructing time 

series of dynamic processes with higher flexibility (Ye et al., 2021) when compared to models that 

assume stationary and linearity (e.g. Verbesselt et al., 2012). Other advantages of the Kalman filter 

when compared to other algorithms include its suitability to gap fill and smooth time series with 

abrupt changes (Ogilvie et al., 2018b), to account for measurement uncertainties (Johnson et al., 

2021; Schwatke et al., 2015; Sedano et al., 2014; Ye et al., 2021; Zhou and Zhong, 2020), to not 

rely on explicit parameter tuning making it well-suited to large-scale applications (Moreno-

Martínez et al., 2020); and its high-computational efficiency due to its recursive form (Clark et al., 

2008; Gillijns et al., 2006; Ye et al., 2021). 

Recently, the Kalman filter has been applied to a variety of topics including studies in the 

passive and active remote sensing spectrum. Several studies have explored the Kalman filter to 

monitor Earth's surface processes using Landsat and MODIS imagery. For example, near-real time 

forest monitoring using a stochastic continuous change detection (Ye et al., 2021), blending 

MODIS and Landsat satellite imagery to produce synthetic Landsat imagery time series and their 

uncertainty estimates (Zhou and Zhong, 2020), creating synthetic Normalized Difference 

Vegetation Index from Landsat imagery to assess land surface phenology (Sedano et al., 2014), 

and near-real time monitoring of insect induced forest defoliation using MODIS (Olsson et al., 

2016). In the active sensor spectrum, studies have used Synthetic Aperture Radar imagery to 
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monitor crop phenology (Vicente-Guijalba et al., 2014), and to assimilate data from multiple 

satellite altimetry to monitor water impoundment levels (Schwatke et al., 2015). In addition, the 

Kalman filter has been used in surface hydrology studies to gap fill, remove outliers, and smooth 

daily water volume time series for reservoirs with surface areas ranging from 180 to 1600 ha 

(Ogilvie et al., 2018b). It has also been used in multiple research projects for streamflow and 

hydrological data assimilation (Clark et al., 2008; Vrugt et al., 2006; Weerts and El Serafy, 2006). 

Building on existing studies, here we propose a novel use of the Kalman filter that 

assimilates information from multiple sensors to monitor OFRs' sub-weekly surface area changes. 

Specifically, the goals of this manuscript are twofold: 

1) To derive OFR surface area using PS, RE, S2, and S1 sensors and to estimate the 

uncertainties of each sensor by comparing (a) the OFRs' surface area derived from each sensor to 

a validation dataset, and (b) the surface area obtained from RE, S2, and S1 to PS (i.e. the highest 

spatial resolution sensor). 

2) To describe a new data assimilation algorithm based on the Kalman filter to obtain OFRs' 

sub-weekly surface area changes by accounting for the sensors’ uncertainty calculated in the 

objective 1. 

2. DATA AND METHODS 

2.1 Study region and the OFRs dataset 

Eastern Arkansas is the third most irrigated region in the USA, with common irrigated 

crops including corn, rice, and soybeans (NASS–USDA, 2017). The rapid expansion of irrigated 

agriculture during the last 40 years has made eastern Arkansas an area with a high concentration 

of OFRs (Shults et al., 2020; Yaeger et al., 2018, 2017), and a dataset that digitally mapped 736 

OFRs already exists for this region (Yaeger et al., 2017). The study region has a humid subtropical 
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climate, receiving about 1300 mm year-1 of precipitation, mostly distributed between March and 

May, and November and January. All OFRs in the dataset have surface area smaller than 50 ha 

and are distributed across eight sub-watersheds (Fig. 1). This dataset was manually mapped using 

the high-resolution (1 m) National Agriculture Imagery Program archive in combination with 2015 

Google Earth satellite imagery (Yaeger et al., 2018, 2017). The authors of the dataset used the 

Google Earth Explorer to sharpen the image details when zooming in, and to provide a validation 

for features appearing indistinct or pixelated in the 1-m mosaic imagery. The majority of the OFRs 

have a surface area smaller than 20 ha and a shape index (Si) (Polsby and Popper, 1991) higher 

than 0.50 (i.e., regular, and squared geometry shapes) (Fig. 1, bar-chart). The Si is calculated as 

follows: 

                                                                     𝑆𝑖 = 4𝜋
𝐴

𝑃2                                                          (1) 

where Si is the shape index score, A is the OFR surface area in m2, and P is the OFR shape 

perimeter in m.  

Si is the ratio of the OFR’s area to the area of a circle whose circumference is equal to the 

perimeter of the OFR. A Si score equal to 1 means that the OFR geometric shape represents a 

perfect circle, and any other geometric shape has a smaller Si. For instance, OFRs with an Si score 

equal to 0.785 have squared shapes, OFRs with an Si score equal to 0.589 have rectangular shapes, 

and OFRs that have an Si smaller than 0.50 have a fragmented geometry (i.e., more edges and 

higher shape complexity). We assigned the OFRs to three different size classes (0.1–5 ha, 5–10 

ha, and 15–50 ha), and different Si ranges (0.10–0.50, 0.50–0.75, and 0.75–1.0) based on the 

surface area mapped in the OFRs dataset. These classes were used to support the surface area 

mapping analyses when accounting for different OFRs’ sizes and shape complexities (Fig. 1). 
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Figure 1–Study region in eastern Arkansas, USA, and the sub-watersheds where the OFRs are 

located. The frequency distribution of the OFRs’ surface area (ha) size classes and Si ranges. 

2.2 Satellite imagery processing 

The workflow used to download and process all satellite imagery to estimate the OFRs’ 

surface area time series between January 2017 and December 2020—this time period was chosen 

based on the data availability—is illustrated in Fig. 2. For PS, S2, RE (i.e. optical sensors), we 

estimated the OFRs’ surface area using the Normalized Difference Water Index (NDWI) based on 

the green and NIR wavelengths (McFeeters, 1996) (Table 1). For S2, we could have computed the 

Modified NDWI (Du et al., 2016; Singh et al., 2015); however, to maintain a consistent 

methodology, we decided to compute the same index for all optical sensors. For S1 (i.e. radar), we 

estimated surface area from vertical transmit and vertical receive (VV) ascending single co-
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polarization images. For each OFR time series, we clipped all images available from PS, RE, S2, 

and S1 using the OFRs’ shapefile, and total number of image clips used per sensor is shown on 

Table 1. 

 
 

Figure 2–Workflow used to download and process the satellite imagery used to estimate the 

OFRs’ surface area time series from PS, RE, S2, and S1 between January 2017 and December 

2020.  
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Table 1–Different sensors wavelengths bands (green and NIR, used to calculate NDWI), spatial 

resolution, revisit time, and total number of image clips used between January 2017 and December 

2020 including all OFRs. 

Sensor green (nm) NIR (nm) 

Spatial 

resolution (m) 

Revisit time 

(days) 

Number of image 

clips used 

PS 500–590 780–860 3.125 ~ 1 177208 

RE 520–590 760–850 5 ~ 5.5 36629 

S2 543–578 785–899 10 ~ 5 117432 

S1 - - 10 ~ 6 137609 

 

2.2.1 PlanetScope CubeSat and RapidEye Ortho tiles 

We buffered the OFRs’ shapefile by 100 meters to search for and clip all Level 3A surface 

reflectance imagery available through the Planet API for PS and RE. We downloaded surface 

reflectance Ortho tiles which use a fixed UTM grid system defined in 25 km by 25 km tiles with 

1 km overlap (Planet Labs Inc, 2021). We downloaded all images that contained < 10% of cloud-

cover using an image-based filter—this allowed us to download mostly cloud-free images. 

However, because this threshold is image-based some useful observations (i.e. when the OFR is 

not covered with clouds but the image is filtered out) were not downloaded, decreasing the total 

number of observations per OFR. We did not use a lower image-based cloud-cover threshold 

because that would considerably decrease the number of observations when searching for imagery. 

In addition, because there were some images that still contained some clouds—due to the 10% 

image-based threshold—we filtered out all Ortho tiles that had more than 5% of unusable data 

(i.e., due to sensor problems, cloud-cover, etc.) employing the unusable data mask provided by 

Planet Labs. To deal with potential cloud obscuration outliers for PS, we could have used the latest 

cloud-mask (i.e. usable data mask 2) (Planet Labs Inc, 2021); however, this cloud-mask was not 

available for the entire time series (2017–2020). For RE, there is no cloud-mask besides the 
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unusable data mask that is offered by Planet Labs for all RE Ortho tiles. The PS Ortho tiles are 

resampled to 3.125 m and the RE Ortho tiles are resampled to 5 m, and both Ortho tiles are 

projected using the WGS84 datum. In addition, the Ortho tile products are radiometrically, sensor, 

and geometrically corrected and aligned to a cartographic map projection. The atmospheric 

correction was done by Planet Labs using the 6S radiative transfer model with ancillary data from 

MODIS (Kotchenova et al., 2006; Kotchenova and Vermote, 2007; Planet Labs Inc, 2021), and 

the positional accuracy has been reported to be on the order of 10 m for both Ortho Tiles (Planet 

Labs Inc, 2021). 

2.2.2 Sentinel 1 and 2  

We processed S1 images at 10 m spatial resolution using Google Earth Engine to obtain 

the time series of OFRs’ surface area. We downloaded VV ascending single co-polarization 

channel to ensure that images have the same transmit/receive. The S1 images are Level-1 Ground 

Range Detected processed to backscatter coefficient in decibels. The backscatter coefficient 

represents target backscattering area (i.e. radar cross-section) per unit ground area. The S1 images 

were pre-processed using the Sentinel-1 Toolbox (European Space Agency, 2021a) to derive the 

backscatter coefficient in each pixel. The pre-processing steps included 1) removing ground range 

detected border noise, which filters out low intensity noise and invalid data at scene edges; 2) 

removing thermal noise to reduce discontinuities between sub-swaths for scenes in multi-swath 

acquisition modes; 3) radiometric calibration using the sensor metadata; and 4) terrain correction 

(i.e. orthorectification) using digital elevation models. A common issue with radar products is the 

presence of speckle noise caused by interference in the backscatter signal. To reduce speckle noise, 

we applied a mean filter (i.e. 4 x 4 m window) to smooth the images; this is a common procedure 



 

68 

 

when pre-processing S1 images and has been previously used when detecting water bodies 

(Ahmad et al., 2020; Vanthof and Kelly, 2019). 

We used the 100 m buffered OFRs shapefile to search for and clip S2 Level 2A surface 

reflectance images at 10 m spatial resolution available on Sentinel Hub API (Sentinel Hub, 2021). 

The S2  data was processed using the Sentinel-2 Toolbox (i.e. Sen2Cor processor) (European 

Space Agency, 2021b) using the associated Level 1C product (i.e. top of the atmosphere 

reflectance) as input. We downloaded all available images with the S2 cloud-mask created using 

the open-source s2cloudless Python Package (Sentinel Hub, 2020), and we only used images with 

< 5% of cloud-cover and cloud probability > 90%. More accurate cloud masks could be obtained 

using Fmask 4 (Sanchez et al., 2020); however, the Fmask 4  was not available through the Sentinel 

Hub environment.  

2.3 Surface water classification  

We used an adaptive Otsu threshold (Otsu, 1979) to separate water from non-water pixels. 

We applied the Otsu threshold to the NDWI and the S1 images to calculate the surface area for all 

images in the time series. The Otsu threshold has been widely used to calculate the surface area of 

inland water bodies (Cooley et al., 2017; Du et al., 2014; Li and Wang, 2015; Liu et al., 2016; 

Sheng et al., 2016; Vanthof and Kelly, 2019; Wang et al., 2019). In addition, the Otsu threshold 

optimizes the separability of the pixel values, and the efficacy of the threshold is contingent on the 

bimodal distribution of the pixel values. A bimodal distribution is ensured by buffering the OFRs 

shapefile to 100 meters and using this buffer to clip the satellite imagery thus including an area of 

land immediately adjacent to water. After calculating the Otsu threshold and separating water from 

non-water pixels, we clipped the images one more time using the OFRs’ shapefile buffered to 20 
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meters. This last step was done to minimize the impact of adjacent water bodies when estimating 

the OFRs’ surface area. 

2.4 Validation scheme and surface area uncertainties 

To validate the OFRs’ surface area classification using the Otsu thresholding approach, we 

used 20 orthorectified and multispectral SkySat Collect imagery product (blue: 450–515 nm, 

green: 515–595 nm, red: 605–695 nm, and NIR: 740–900 nm) at sub-meter (0.67–0.95 nm) spatial 

resolution (Table 2). For each image, we displayed a false color composite to enhance the presence 

of water (Red: NIR, Green: green, and Blue: red), and we superimposed the OFRs dataset. Then, 

we manually delineated the OFRs’ surface area, which resulted in 452 validation surface areas for 

multiple observations in time from 228 different OFRs. In addition, we used SkySat imagery that 

were partially covered by clouds (i.e. cloud cover 0–66%, Table 2); however, we only included 

the surface area observations when the OFRs were entirely visible. To validate the surface area 

obtained from PS, RE, S2 and S1, we assigned the surface area observations from the validation 

dataset to three size classes 0.1–5 ha, 5–10 ha, and 10–50 ha, and to different Si ranges 0.10–0.50, 

0.50–0.75, and 0.75–1.0. The distribution of the validation dataset into different size and Si ranges 

is given in Fig. 3. For the validation scheme, we considered the current state (i.e. when the SkySat 

imagery were collected) of the OFRs in terms of area (size class) and shape complexity (Si range). 

For instance, the same OFR can be classified into two different size classes or Si ranges depending 

on the validation surface area from different dates.   

For PS, RE, S2, and S1, we pairwise compared the validation surface area with the surface 

area obtained from each sensor. The validation surface area date may not correspond exactly to 

the sensor’s dates; therefore, for these pairwise comparisons we used the sensors’ closest 

observation in time, which had a maximum difference of three days before or after the validation 
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date. In addition, for each sensor, we distributed the pairwise comparisons into different size 

classes and Si ranges according to the validation dataset (Fig. 3), and calculated the coefficient of 

determination (r2), and the percent error (Eq. 2), and mean absolute percent error (Eq. 3). 

Percent error (%) = (
𝑦𝑖− 𝑥𝑖   

 𝑥𝑖
) * 100                                                    (2) 

Mean absolute percent error (%) =
1

𝑛
𝛴|

𝑦𝑖− 𝑥𝑖   

 𝑥𝑖
| ∗ 100                                                    (3)                                                     

Where 𝑥𝑖 is the validation surface area, and yi is the surface area derived from each sensor. 

Moreover, we assessed the uncertainties in surface area introduced by the coarser spatial 

resolution sensors—RE, S2, S1 compared to PS—by matching the OFRs’ surface area for images 

collected on the same day. We chose PS as the closest observations to ground-truth due to its 

spatial resolution (i.e. 3.125 m) as, in the case of OFRs, spatial resolution is the most important 

limiting factor in their detection (Huang et al., 2018; Ogilvie et al., 2018a; Vanthof and Kelly, 

2019). We assessed the uncertainties from RE, S2, and S1, accounting for different OFRs size 

classes, and for different OFRs shape complexities. For all sensors, we filtered out outliers from 

the time series of OFRs’ surface areas by calculating the standard deviation of the surface area 

observations for each OFR across the entire time series and filtering out all observations that were 

not within + three standard deviations from the mean surface area for a respective OFR. 
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Table 2–SkySat image identification, image acquisition date, number of OFRs surface area 

observations per image, cloud clear (indicates the percentage of cloud cover), ground control ratio 

(GCR*, defines the image positional accuracy, and values closer to 1 means higher accuracy), and 

ground sampling distance (GSP). 

SkySat image Date 

Number of 

observations 

Cloud cover 

(%) GCR 

GSP 

(m) 

20180924_193612_ssc8_u0001 9/24/2018 17 40 0.59 0.74 

20180928_193847_ssc7_u0001 9/28/2018 17 50 0.71 0.76 

20191013_164407_ssc4_u0001 10/13/2019 5 66 0.71 0.86 

20191108_194239_ssc8_u0001 11/8/2019 49 11 0.69 0.90 

20191217_193016_ssc8_u0001 12/17/2019 38 15 0.69 0.80 

20200107_171221_ssc1_u0001 1/7/2020 41 3 0.76 0.72 

20200306_193502_ssc10_u0001 3/6/2020 26 15 0.80 0.79 

20200306_193502_ssc10_u0002 3/6/2020 3 15 0.81 0.76 

20200329_171211_ssc1_u0001 3/29/2020 11 54 0.03 0.85 

20200329_171211_ssc1_u0002 3/29/2020 24 54 0.31 0.83 

20200416_193328_ssc11_u0001 4/16/2020 11 1 0.77 0.68 

20200416_193328_ssc11_u0002 4/16/2020 13 1 0.60 0.68 

20200416_193328_ssc11_u0003 4/16/2020 3 1 0.40 0.69 

20200424_163836_ssc4_u0001 4/24/2020 8 8 0.72 0.80 

20200510_171832_ss01_u0001 5/10/2020 42 13 0.83 0.95 

20200929_193409_ssc10_u0001 9/29/2020 35 13 0.91 0.66 

20201013_194518_ssc6_u0001 10/13/2020 44 1 0.97 0.73 

20201102_193752_ssc9_u0001 11/2/2020 16 0 0.97 0.67 

20201102_193752_ssc9_u0002 11/2/2020 10 0 0.96 0.67 

20201210_194154_ssc11_u0001 12/10/2020 39 1 0.91 0.68 

*SkySat Collect product image is an orthorectified composite of smaller SkySat scenes (Planet 

Labs Inc, 2021), and the GCR represents the ratio of individual small scenes that are successfully 

rectified.   
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Figure 3–Frequency distribution of the OFRs’ surface area validation dataset derived from SkySat 

imagery and grouped into different size classes and Si ranges.  

2.5 The Kalman filter approach 

We propose a data assimilation algorithm based on the Kalman filter to assimilate data 

from PS, RE, S2, and S1 to estimate the OFRs’ sub-weekly surface area time series. The Kalman 

filter algorithm updates a state-transition model by weighting the surface area observation 

accuracy and predicting the current state to the next time step (i.e. model evolution). The algorithm 

works recursively based on a combination of sensor observations, a linear state-transition model, 

and the uncertainties of these elements. We used the Kalman filter to obtain a sub-weekly (every 

three days) surface area time series between the first day of 2017 and the last day 2020.  

We applied the Kalman filter using a smoothing inference problem (i.e. retrospective 

analysis), in which the algorithm incorporates future surface area observations into the time series 

to estimate the surface area at step t. The surface area from t-1 and t+1 will have the most effect on 

t, followed by t-2, t+2 and t-3, t+3, and so on. The smoothing functionality allows us to study the 

OFRs’ surface area behavior retrospectively by harmonizing all available information to optimally 
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estimate the OFRs’ surface area at step t. The general Kalman filter formulation is described by 

Eq. 4 (observation equation) and Eq. 5 (state or transition equation) for t = 1, 2, ...T: 

𝑧𝑡 = 𝐹𝑡𝑥𝑡 + 𝑣𝑡,  𝑣𝑡  ~ 𝑁(0, 𝑉𝑡)                                                     (4) 

𝑥𝑡 = 𝐺𝑡𝑥𝑡−1 + 𝑤𝑡,  𝑤𝑡 ~ 𝑁(0, 𝑊𝑡)                                                (5) 

Where 𝑥𝑡−1 and 𝑥𝑡 are model estimates in the previous and present states; 𝑧𝑡 is a p-dimensional 

vector at a given state; Ft represents the observation matrix between the current observation and 

the current state at t; Gt is a p x p state transition matrix, and it relates to the current and prior states 

𝑥𝑡 and 𝑥𝑡−1; 𝑣𝑡 and 𝑤𝑡 are Gaussian random variables that represent the surface area observation 

uncertainty and the process uncertainty, and 𝑉𝑡 and 𝑊𝑡 are variance matrices of the appropriate 

dimension. 

The Kalman filter state variables are described by the Markov chain properties, in which 

the current state is solely dependent on the previous state and the transition probability (i.e. 

probability of going from the last state to the current one). The state variable relates to past values 

through the state equation (Eq. 5), and the observations in turn are related to the current state 

variables through the observation equation (Eq. 4).  

“Prediction” refers to the first step of the Kalman filter implementation. In this study, this 

step is a dynamic linear state-transition model that propagates the surface area estimates of the 

previous state and its uncertainty to provide surface area estimates of the current state of the model 

(Eq. 6) and its uncertainty (Eq. 7).  

𝑥𝑡 = G �̂�𝑡−1                                                                  (6) 

𝑃𝑡 = G 𝑃𝑡−1  + 𝑤𝑡−1                                                            (7) 



 

74 

 

Where �̂�𝑡−1 is the posterior surface area estimate in the previous state; 𝑥𝑡 is the prior estimate of 

the current state; 𝑃𝑡−1 is the posterior uncertainty of the previous state, and 𝑃𝑡 is the uncertainty 

for the current state. 

“Update” is the second step of the filter implementation, and it relates to the update of the 

prior surface area estimates (Eq. 8) and their uncertainties (Eq. 9) as new observations become 

available. The update is a linear combination of the prior estimate (𝑥𝑡) and a weighted difference 

between the observations and the prior estimate of the model state. The weights are defined as the 

Kalman gain (Eq. 10), defined as the ratio of the uncertainty in the prior and the current 

observation, which will give more weight to the model process or to the observation depending on 

their uncertainty. For instance, a low Kalman gain means that the observation has large uncertainty 

(i.e. high measurement noise, 𝑉𝑡), hence, more weight is given to the model process. On the other 

hand, a high Kalman gain means a high model process uncertainty (𝑊𝑡), and more weight is given 

to the new observation. 

�̂�𝑡 = 𝑥𝑡 + 𝐾𝑡 (𝑧𝑡 −  𝐹𝑥𝑡)                                                              (8) 

𝑃𝑡 = (1 − 𝐾𝑡𝐹) 𝑃𝑡                                                                   (9) 

𝐾𝑡 = 𝑃𝑡 𝐹𝑇(𝐹𝑃𝑡𝐹𝑇  +  𝑉𝑡)
−1

                                                          (10) 

Where �̂�𝑡 is the posterior estimate of state, 𝑃𝑡 is the prior surface area uncertainty, and 𝐾𝑡 is the 

Kalman gain at current state at step t.  

2.6 Kalman filter setup and validation 

We implemented the Kalman filter using the dlm: Bayesian and Likelihood Analysis of 

Dynamic Linear Models (Petris, 2010) R package. To estimate the initial OFR surface area state 

(i.e. first value of the time series), the initial state uncertainty, and the noise process variance (𝑤𝑡), 

we used the maximum likelihood through the Quasi-Newton numerical searching algorithm 
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(Durbin and Koopman, 2012; Helske, 2016). To account for the observation uncertainty (𝑣𝑡) of 

each sensor, we used a time-varying variable that changed according to the observation sensor. In 

addition, the observation uncertainty varied based on the OFR size and Si range. The uncertainty 

was calculated using the variance between each sensor surface area and the validation surface area 

(Table 3). Given that S1 may underestimate the surface area of small water bodies by ~18% or 

more (López-Caloca et al., 2020; Vanthof and Kelly, 2019), we tested the Kalman filter approach 

with and without the S1 observations. Moreover, we used a fixed interval of three days to 

implement the Kalman filter algorithm. For each OFR, we added the dates of the satellite imagery 

observations to the time series, and the resulting time series for each OFR had a total of ~200–230 

surface area estimates per year.  

Table 3–Variance used for PS, RE, S2 and S1, when implementing the Kalman filter for OFRs of 

different size classes and Si ranges. The variance calculated by comparing each sensors’ surface 

area and with the validation surface area. 

Class size Si range PS RE S2 S1 

  variance 

0.1–5 0.10–0.50 0.13 0.27 0.84 1.14 

0.1–5 0.50–0.75 3.73 2.96 6.08 20.18 

0.1–5 0.75–1.0 0.07 0.09 0.28 0.91 

5–10 0.10–0.50 1.30 0.87 1.36 3.40 

5–10 0.50–0.75 0.05 0.06 0.19 0.86 

5–10 0.75–1.0 1.03 1.54 1.23 4.21 

10–50 0.10–0.50 1.40 1.57 1.89 8.28 

10–15 0.50–0.75 1.07 0.49 1.64 4.43 

10–15 0.75–1.0 3.13 2.96 6.08 20.18 

 

We validated the Kalman filter surface area estimates using the SkySat validation dataset, 

and the same approach described in Section 2.4. The dates from the validation dataset may or may 

not match with a date from the Kalman filter time series, if the latter is true then we used the closest 

surface area estimate in time—maximum difference is two days—to compare the validation and 
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Kalman filter surface areas. In addition, we randomly selected 20% of all PS observations, for each 

OFR, to withhold from the Kalman filter, and used these observations to evaluate the Kalman filter 

performance by calculating the r2 and MAPE between the independent PS observations and the 

Kalman filter surface areas estimates. The general workflow to implement the Kalman filter 

involved the following steps: 

(1) Initialization: estimate the OFR initial surface area, the prior uncertainty (𝑃𝑡) associated 

with the initial state, and the noise process variance (𝑤𝑡) using maximum likelihood. 

(2) Prediction: use the estimated parameters from previous step and the state-transition 

model (Gt) to predict the OFR surface area at the next time step 𝑥𝑡| 𝑧𝑡−1. 

(3) Update: obtain a surface area observation and the associated belief about its accuracy 

(i.e. measurement uncertainty, 𝑣𝑡). Calculate the residual between the estimated state and 

measurement, and the scaling factor based on whether the observation or prediction is more 

accurate (Eq. 10). Update the belief (�̂�𝑡) in the state based on the observation uncertainty 

(Eq. 8). 

(4) Repeat steps (2) and (3) from time 𝑡 = 0 to time 𝑡 = 𝑇. 

2.7 Kalman filter analysis and study cases 

We applied the Kalman filter approach to all OFRs in the OFRs dataset (Fig. 1), and we 

assessed the total surface area variation between January 2017 and December 2020 including all 

OFRs. In addition, we selected eight OFRs of different sizes and shape complexities to illustrate 

the Kalman filter surface area time series. These OFRs’ outlines are overlaid on high-resolution 

Google maps satellite imagery to show where the OFRs are located (Fig. 4). The OFRs’ surface 

areas and Si’s are available in Table 4. Also, we estimated the mean weekly surface area variation 

(%) from the annual mean for the eight OFRs study cases. 
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Figure 4–OFRs outlines (pink lines) overlaid on high-resolution Google maps satellite imagery. 
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Table 4–OFRs study cases surface area and Si. 

OFR Surface area (ha) Si 

A 4.13 0.65 

B 4.93 0.83 

C 13.30 0.78 

D 11.66 0.82 

E 9.96 0.08 

F 10.36 0.19 

G 2.94 0.28 

H 6.67 0.11 

 

3. RESULTS 

3.1 Comparing the OFRs’ surface area with the validation dataset 

There was a good agreement (r2 >= 0.77) when pairwise comparing the OFRs’ validation 

surface area with the surface area calculated from PS, RE, S2 and S1 (Fig. 5). The MAPE for 

surface area observations between 0.1–5 ha and 5–10 ha was similar for PS (6.15% and 7.25%) 

and RE (7.73% and 8.39%), whereas higher MAPE values were found for S2 (11.27% and 

11.78%). Meanwhile, S1 had the highest MAPE (> 20%) among all sensors for all size classes. 

When comparing the different size classes for the same sensor, the largest surface area 

observations (10–50 ha) had the highest agreement (r2 > 0.90) and lowest MAPE (< 6% for PS 

and RE, 8.06% for S2, and 21.73% for S1). In addition, for most of the surface area validation 

observations, PS, RE, S2 and S1 tended to underestimate the OFRs surface area—points located 

above the 1:1 line in Fig. 5 scatter plots; this is most visible for surface area between 5–10 ha, and 

for S2 and S1. The number of pairwise comparisons varied among different sensors and for 

different size classes, and S1 had the highest number of pairwise comparisons followed by PS, S2, 

and RE.  
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Figure 5–Linear relationships of the pairwise comparisons between the OFRs’ validation area and 

the surface area obtained from PS, RE, S2, and S1 for observations grouped into different size 

classes (0.1–5 ha, 5–10 ha, and 10–50 ha).   

For PS, RE and S2, when dividing the validation pairwise comparisons into different Si 

ranges, the observations with regular geometries (Si > 0.50) had lower percent error variation and 

lower MAPE when compared to observations with more complex geometries (Si < 0.50) for all 

size classes (Fig. 6). The lowest MAPE values were found for observations with Si between 0.75–

1.0 and area between 10–50 ha for RE (2.47%), PS (2.88%), and S2 (4.24%). Besides S1, which 

had MAPE varying between 14–21% between all size classes and Si ranges, the highest MAPE 
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values were found for the smallest observations (0.1–5 ha) with Si between 0.10–0.50 for S2 

(12.63%), RE (12.13%), and PS (9.10%) (Fig. 6).  

As the surface area observations increased in size, we would expect a decrease in MAPE 

(Fig. 5) and percent error variability (Fig. 6). Nonetheless, the observations between 5–10 ha had 

higher MAPE when compared to observations between 0.1–5 ha (Fig. 5), and a similar percent 

error variability for different Si ranges (Fig. 6). This can be explained by the higher number of 

observations with complex geometries in the 5–10 ha size class, which had 43% of the observations 

with Si between 0.10–0.50, compared to 20% from 0.1–5 ha (Fig. 3). In addition, S1 showed 

greater accuracy for the observations with the most complex geometries (i.e. Si between 0.10–

0.50) for the 0.1–5 ha class size. This is most likely due to the fact that S1 tends to underestimate 

the OFRs’ surface area, and therefore, the difference in accuracy between different Si ranges is not 

evident for the smallest class size. 

 
Figure 6–Percent error calculated from the pairwise comparisons between the OFRs’ validation 

area and the surface area obtained from the PS, RE, S2, and S1 for observations grouped into 

different size classes (0.1–5 ha, 5–10 ha, and 10–50 ha) and Si ranges (0.10–0.50, 0.50–0.75, and 

0.75–1.0).  
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3.2 Same day pairwise comparisons between PS with RE, S2 and S1  

The same day pairwise comparisons between PS with RE, S2 and S1 varied among 

different OFRs, and RE, S2, and S1 tended to underestimate the OFRs’ surface area for all size 

classes (Fig. 7)—for these analyses, we divided the surface area observations according to the 

OFRs area obtained from the OFRs dataset. All pairwise comparisons showed high agreement 

between PS and the different sensors (r2 >= 0.88), and the MAPE decreased as the OFRs increased 

in size.  PS–RE had the highest agreements (r2 > 0.96) and the lowest MAPE between 2.84–4.37%, 

followed by PS–S2 with r2 > 0.94 and MAPE between 4.81–8.47%, and PS–S1 with r2 values 

between 0.88–0.97 and MAPE between 18.28–21.77%, which had the highest density of points 

located the farthest from the 1:1 line (i.e. outliers) (Fig. 7). The number of outliers tended to 

increase as the number of pairwise comparisons increased, which impacted the PS–S2 relationship 

for all size classes. For instance, for OFRs with surface area of 5–10 ha, PS–S2 (n = 10458) had 

two times as many observations as PS–S1 (n = 4813), and almost four times as many as PS–RE (n 

= 2751). In addition, the number outliers for the OFRs with surface area between 5–10 ha can be 

attributed to the fact that this size class has a higher number of OFRs with complex geometries 

when compared to the other classes (see frequency distribution of the OFRs’ Si range in Fig. 1). 
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Figure 7–Surface area same day pairwise comparisons between PS and RE, S2, and S1 for OFRs 

grouped into different size classes (0.1–5 ha, 5–10 ha, and 10–50 ha).  

PS–RE had the lowest percent error variability and the lowest MAPE (3.17–5.85%)—

including all size classes and for the different Si ranges—followed by PS–S2 (7.32–9.35%) and 

PS–S1 (17.91–20.77%) (Fig. 8). The pairwise comparisons showed that RE, S2 and S1 tended to 

underestimate the OFRs’ surface area when compared to PS. In addition, the percent error 

variability decreased and the MAPE was smaller for OFRs with more regular shapes (higher Si 

values), for all pairwise comparisons, and for larger OFRs (Fig. 8). 
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Figure 8–Surface area percent error and MAPE for the same day pairwise comparisons between 

PS and RE, S2, and S1 for OFRs grouped into different size classes (0.1–5 ha, 5–10 ha, and 10–

50 ha) and Si ranges (0.10–0.50, 0.50–0.75, and 0.75–1.0).  

3.3 Kalman filter algorithm performance analysis 

We validated the Kalman filter algorithm by comparing the surface area estimates with the 

SkySat validation dataset (see Section 2.4). In addition, we evaluated the Kalman filter algorithm 

for two different scenarios, including only the optical sensors (PS, RE, and S2), and including all 

sensors (PS, RE, S2, and S1). For both scenarios, there was a good agreement (r2 > 0.83) between 

the Kalman filter surface area estimates and the validation surface area. On the other hand, the 

Kalman filter had smaller MAPE for all size classes when only the optical sensors were included—

MAPE ranging from 5.68–6.28% compared to 7.49–10.59% when S1 was added to the Kalman 

filter (Fig. 9, scatter plots). Overall, the percent error variability showed that the Kalman filter 

tended to underestimate the OFRs surface area, and the MAPE was smaller for observations with 

regular geometry (Si > 0.50) for all size classes and for both scenarios (i.e. with and without S1). 

In addition, the percent error variability and MAPE were smaller when deploying the Kalman filter 

without the S1 observations for all size classes and Si ranges (Fig. 9 boxplots). The highest MAPE 

values (13.45% and 7.78%) for both scenarios, with and without S1, were found for Si range 0.10–
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0.50 and area between 0.1–5 ha, and the lowest MAPE values (5.19% and 4.13%) were found for 

Si range 0.75–1.0 and area between 10–50 ha (Fig. 9 boxplots). 

 

 
Figure 9–Linear relationships of the pairwise comparisons between the OFRs’ validation area and 

the surface area obtained from the Kalman filter divided into different size classes (0.1–5 ha, 5–

10 ha, and 10–50 ha), and the percent error and MAPE for observations grouped into different size 

classes and Si ranges (0.10–0.50, 0.50–0.75, and 0.75–1.0). 

To assess the performance of the Kalman filter considering all OFRs, we compared the 

Kalman filter surface area estimates with an independent PS subset—20% of the PS observations 

that were not used in the Kalman filter—and we calculated the r2 and MAPE distribution 

accounting for different size classes (Fig. 10). For both Kalman filter scenarios, the mean r2 values 
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were similar for OFRs of different size classes, and higher r2 values were found when including 

only the optical sensors, which had mean r2 between 0.54–0.65 and more than 440 (60%) OFRs 

with r2 > 0.50. Meanwhile, when adding the S1 observations, the mean r2 values ranged between 

0.43–0.57, and there were 290 (40%) OFRs with r2 > 0.50 (Fig. 10, r2 boxplots and histograms). 

In addition, the Kalman filter without the S1 observations had mean MAPE ranging between 4.2–

5.6% for all OFRs size classes, and 590 (80%) of the OFRs had MAPE < 5%. When adding the 

S1 observations, the mean MAPE ranged between 6.2–7.5%, and 480 (65%) of the OFRs had 

MAPE < 5% (Fig. 10, MAPE boxplots and histograms). 
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Figure 10–The distribution of r2 and MAPE when comparing the Kalman filter surface area 

estimates with the independent PS subset—20% of the PS observations that were not used in the 

Kalman filter. Boxplots are divided into different size classes accounting for all OFRs in the OFRs 

dataset. The boxplots and histograms are colored according to both Kalman filter scenarios, with 

and without S1 observations.  

3.4 Kalman filter applications 

Adding the S1 observations to the Kalman filter resulted in lower agreement and higher 

uncertainties (Fig. 9–10) when comparing the surface area estimates with the validation dataset 

and the independent PS subset. Hence, we proceed with the Kalman filter application analyses 

considering only the optical sensors.  
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The number of satellite observations varied along the year and between different years 

influencing the number of observations in the Kalman filter time series (Fig. 11). In general, when 

accounting for all OFRs’ surface area time series, PS had the highest number of observations (~7 

month-1) followed by S2 (~4 month-1), S1 (~3 month-1), and RE (~2 month-1). Using the Kalman 

filter as a data assimilation algorithm, the mean number of observations per OFR increased to ~ 

18 month-1. By improving the OFRs surface area cadence, the Kalman filter allowed us to 

investigate sub-weekly surface area change patterns, for instance, the study cases (Table 4) OFRs’ 

surface area time series between January 2017 and December 2020 shown on Fig. 12. 

The comparisons between the Kalman filter surface area with the independent PS subset 

resulted in r2 >= 0.90 and MAPE < 3% for OFRs A–C, and for OFR D, r2 (0.71) and MAPE 

(5.11%). Meanwhile the OFRs E, F, and H had r2 varying between 0.12–0.59 and MAPE between 

6.62–15.75%, and the OFR G had r2 (0.32) and MAPE (5.45%). The OFRs with the lowest r2 and 

the highest MAPE are the ones with higher shape complexity (i.e., E–H, Si < 0.28), and the OFRs 

with higher variability in surface area observations between all sensors (e.g., E and H). 

The highest uncertainties on the Kalman filter surface area time series occurred when there 

were fewer satellite imagery observations (Fig. 12, confidence intervals). For instance, the 

beginning (January–February) and end (November–December) of each year are the periods when 

there is more cloud obscuration in the study region and, as a consequence, there are fewer satellite 

imagery observations available. This pattern is due to the precipitation regime in the study region 

(Perin et al., 2021). The uncertainty also varied according to the observation sensor, and it is higher 

for S2, RE and PS  (Fig. 5–8). In addition, the variability in surface area estimates between all 

sensors will influence the Kalman filter. For instance, OFRs E–H, have more scattered surface 
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area observations when compared to OFRs A–D, affecting the performance of the algorithm (lower 

r2 and higher MAPE).  

 
Figure 11–Distribution of the number of observations per month for PS, RE, S2, S1, and the 

Kalman filter algorithm, considering all OFRs’ surface area between time series between January 

2017 and December 2020. 
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Figure 12–Sub-weekly surface area time series obtained from the Kalman filter for the study case 

OFRs (see Table 4) between January 2017 and December 2020. Grey shaded area represents +/- 

one and two standard deviations. The r2 and MAPE values were derived from the Kalman filter 

comparisons with the independent PS subset.  
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The OFRs study cases’ mean weekly surface area variations from the annual mean—the 

annual mean was calculated using all observations between 2017–2020—is represented by the size 

and color of the bars in Fig. 13. In addition, the OFRs’ weekly inter-annual variability is 

represented by the error bars (i.e. +/- 1 standard deviation considering all observations for a 

particular week). In general, the OFRs had positive mean weekly surface area variation during the 

first half of the year with the highest values occurring between February–May, and negative values 

during the second half of the year with the lowest values occurring between July–October. OFRs 

A–C had the highest mean weekly variation (i.e. -15.35% to 15.18%). Meanwhile, the other OFRs 

had mean weekly variation > -10% and < 10%. The OFRs’ surface area inter-annual variability—

size and distribution of the error bars—was different among the study cases (e.g. OFRs E and H 

had smaller error bars when compared to OFRs A and C), and it varied throughout the year. 
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Figure 13–Mean weekly surface area variation (%) from the annual mean for OFRs study cases 

represented by the size and color of the bars. The inter-annual variability is represented by the 

error bars, which indicate +/- one standard deviation calculated from all surface area variation 

values for a particular week of the year between 2017–2020. 
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The OFRs’ surface area dynamics are impacted by the study region climate, as farmers are 

irrigating during the hottest and driest months of the year (i.e. June–September) (Perin et al., 2021). 

OFRs tend to have positive mean weekly surface area variations when the region receives most of 

its precipitation between February–May, and negative variations when the highest temperatures 

are recorded between June–September (Fig. 13). In addition, the inter-annual variability (i.e. size 

of error bars in Fig. 13) tend to be larger when farmers are irrigating (i.e. June–September) and the 

OFRs are at the highest usage rate, as farmers can have different irrigation schedule in different 

years based on the crop water requirement.  

The total weekly surface area for all OFRs—calculated by summing the OFRs’ weekly 

surface area time series—between January 2017 and December 2020 followed the same pattern 

observed for the study cases (i.e. the highest values during the first half of the year, and the lowest 

values during the second half of the year) for the three size classes and different Si ranges (Fig. 

14). The peak of the total surface area was ~ 8500 ha between May and June (i.e. including all size 

classes and Si ranges), with the OFRs with surface area between 10–50 ha being responsible for 

more than 75% of the total surface area, followed by 5–10 ha (~18%) and 0.1–5 ha (~ 7%). The 

lowest total surface area was ~ 6100 ha between August and October. In general, the OFRs’ surface 

area seasonality contributed to change the total surface area in ~ 2000 ha each year. 
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Figure 14–Kalman filter total weekly surface area variability considering all OFRs grouped into 

different size classes (0.1–5 ha, 5–10 ha, and 10–50 ha) and Si ranges (0.10–0.50, 0.50–0.75, and 

0.75–1.0). Y-axis for the three size classes is scaled differently due to the different magnitude of 

the total surface area for the larger OFRs. 
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4. DISCUSSION 

4.1 OFRs surface area uncertainties 

The satellite imagery spatial resolution is the most important limiting factor when mapping 

OFRs (Huang et al., 2018; Ogilvie et al., 2018a; Vanthof and Kelly, 2019). When comparing the 

surface area classification from each sensor with the validation dataset, we found the smallest 

uncertainties for PS (MAPE < 9.10%), RE (MAPE < 12.13%), S2 (MAPE < 12.67%), and S1 

(MAPE < 23.98%), for all size classes and for different Si ranges (Fig. 5–6). This highlights the 

importance of the recent development of high spatial resolution satellite imagery and data 

availability to improve OFRs monitoring. In this regard, our study is one of a few to thoroughly 

assess the PS imagery uncertainties using OFRs of different sizes and shape complexities for 

multiple images across time. In addition, the same assessment was done for RE, S2, and S1, and 

the same day pairwise comparisons encompass tens of thousands of data points to describe the 

uncertainties in the surface area introduced by the coarser spatial resolution sensors—RE (MAPE 

< 5.85%), S2 (MAPE < 9.35%), S1 (MAPE < 20.70%) compared to PS (Fig. 8). 

We found that the uncertainties in surface area tend to decrease for larger OFRs and for 

OFRs with regular shapes (Si > 0.50)—these OFRs presented the lowest percent error variation, 

and the lowest MAPE (Fig. 5–8). Previous research that used these sensors to monitor small water 

bodies, and assessed their uncertainties are either limited by the number of satellite imagery used 

(e.g. normally a few images during a single year), and/or the number of water bodies used for 

validation (e.g. <100) (Cooley et al., 2017; López-Caloca et al., 2020; Mishra et al., 2020; Ogilvie 

et al., 2020; Vanhellemont, 2019; Vanthof and Kelly, 2019). Specifically for PS and RE, our 

analysis showed that the uncertainties from these sensors are < 12%, and these findings are aligned 

with previous research that mapped small water bodies using PS and RE in the Yokun Flats, a 
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large sub-Arctic wetland in north central Alaska (Cooley et al., 2017). In addition, our findings 

related to S2 are aligned with previous research that found mean surface area error between ~ 4–

15% for a floodplain in Senegal (Ogilvie et al., 2020). Ultimately, our study is relevant to future 

research that aims to use PS, RE, S2 and S1 to monitor small water bodies in other study regions, 

as our findings could be used as a proxy to estimate surface area errors given that assessing the 

uncertainties in surface area derived from satellite imagery is not always possible due to constraints 

in imagery availability and lack of a ground-truth datasets.  

Sentinel 1 measurements of water bodies are independent of cloud presence, and S1 has 

proven to be a reliable sensor to monitor large water impoundments (>100 ha) (Bonnema and 

Hossain, 2019) and to study surface water dynamics (Ahmad et al., 2020; Chini et al., 2020; Pham-

Duc et al., 2017). Yet, our analyses showed that using S1 to monitor OFRs—which tend to be 

small water bodies <50 ha—should be carefully evaluated. S1 underestimates the OFRs’ surface 

area by ~20% with large percent error variations when compared to the validation dataset (Fig. 5–

6) and when compared with PS (Fig. 7–8). These findings corroborate previous research that used 

S1 to assess OFRs in India; the authors found that S1 underestimates OFRs’ surface area by ~18% 

(Vanthof and Kelly, 2019). Another study showed that S1 underestimated the surface area of small 

water bodies (1.5–3.3 ha) by 10–30% (López-Caloca et al., 2020). The reasons contributing to the 

uncertainties in surface area derived from S1 are related to the large variability in S1 images 

backscatter intensity, which depends on the OFRs’ surface water roughness. This is an issue 

because water roughness can be strongly influenced by wind over space and time. In addition, the 

efficacy of the Otsu threshold is contingent on the bimodal distribution of the S1 imagery pixel 

values (i.e. water and non-water pixels); however, in the absence of vegetation surrounding the 

OFRs the contrast between water and non-water pixels is less intense which makes the separability 
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of water/non-water challenging when using the Otsu threshold (Liebe et al., 2009; Vanthof and 

Kelly, 2019).  

A key component of the same day pairwise comparisons analyses is our filter to remove 

outliers caused by cloud obscuration and sensor related issues. We flagged an outlier if the 

observation was not within + three standard deviations of the mean surface area calculated using 

the entire OFRs’ surface area time series for each sensor. This approach enables us to remove most 

of the outliers; however, this filter is limited when applied to OFRs that have extremely large 

variations in surface area in a short period of time. For instance, there are OFRs with 70–80% 

surface area changes in less than a month, which leads to high standard deviations meaning that 

some outliers are not flagged. In addition, some outliers are introduced due to the 5–10% cloud-

cover threshold used for PS, RE and S2. Even though we tried to account for problematic PS and 

RE images using the unusable data mask offered by Planet Labs, this mask is known for its 

uncertainties and limitations in detecting clouds (Mishra et al., 2020). For S2, we used the latest 

cloud-mask product available (i.e. s2cloudless); nonetheless, the cloud-mask is not free of errors, 

and it carries uncertainties of its own (Sentinel Hub, 2020). 

4.2 Kalman filter as a data assimilation algorithm 

We presented a novel multi-sensor approach to monitor OFRs sub-weekly surface area 

changes that can assimilate optical and radar satellite data while accounting for the uncertainties 

in both the satellite observations and the resulting estimates. The algorithm developed in this study 

is not sensor-dependent, and data from upcoming satellites could be seamlessly added to the time 

series. Beyond improving the OFRs observation cadence, the Kalman filter leverages a Bayesian 

inference approach to estimate the surface area uncertainties. These uncertainties reflect the quality 

of the surface area estimates, and highlights the advantage the Kalman filter when compared to 
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other sensor-specific algorithms (e.g., Gao et al., 2006; Houborg and McCabe, 2018; Zhu et al., 

2016, 2010) that do not provide uncertainty estimates for the output values.  

Given that all sensors tended to underestimate the OFRs surface area, the Kalman filter, 

likewise, underestimated the OFRs surface area (Fig. 9), and the uncertainties were smaller for 

larger OFRs, and for OFRs with regular geometries (Si > 0.50). The surface area estimates derived 

from the Kalman filter including only the optical sensors resulted in high agreement (r2 > 0.95) 

and small uncertainties (MAPE 4–8%) when compared to the validation dataset. On the other hand, 

higher uncertainties (MAPE 5–14%) were found when adding S1 to the Kalman filter—this is 

related to the higher uncertainties found for S1 surface area observations (see section 3.1 and 3.2). 

In addition, the comparisons between the Kalman filter results with the PS subset resulted in 440 

(60%) OFRs with r2 > 0.50, and 590 (80%) OFRs with MAPE < 5%, compared to 290 (40%) and 

480 (65%) OFRs when including S1 in the Kalman filter (Fig. 10). Even though the Kalman filter 

with the S1 observations resulted in high uncertainties, the methods proposed in this study offer a 

robust and flexible algorithm to combine optical and radar observations. This is relevant if more 

accurate S1 surface area estimates are available, for instance, by employing different image 

classification approaches (e.g. machine learning algorithms) (Ahmad et al., 2020; DeVries et al., 

2017; Hardy et al., 2019; Huang et al., 2018). 

For OFRs that have satellite observations following a well-defined yearly seasonality (e.g. 

Fig. 12, OFRs A–D) the Kalman filter was able to simulate the surface area changes accounting 

for periods when the OFRs were at low and high capacities in terms of surface area. For these 

OFRs, the satellite observations are not scattered with high surface area variability in different 

periods of the year, as it is observed for OFRs E, F, and H (Fig. 12). For OFRs E–G, the Kalman 

filter is affected by the variability between the sensors surface area estimates resulting in a less 
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evident seasonality and surface area changes. Furthermore, aside from accounting for the 

uncertainty of each sensor, the Kalman filter approach allows for the combination of multiple 

sensors by attenuating the impact of possible outliers in the time series (Fig. 12, see examples for 

OFRs A, B, and E). The algorithm accounts for the sensor uncertainty from the newly added 

observation, and it compares the observed surface area with the predicted surface area to smooth 

out outliers—this a key application of the Kalman filter (Ogilvie et al., 2018b; Schwatke et al., 

2015). Different sensors can have divergent estimates of OFRs’ surface areas for multiple 

observations close in time, and an individual sensor can introduce a negative bias on the OFRs 

surface area time series (e.g., S2 observations for OFRs study cases in Fig. 12 E, G, and H). The 

Kalman filter proposed in this study allows us to mitigate the impact of outliers and the bias of an 

individual sensor, to assimilate data from multiple sensors into a unique surface area time series, 

and to measure the uncertainty of each surface area estimate. This highlights the advantages of the 

algorithm when compared to other studies (e.g. Vanthof and Kelly, 2019) that used a multi-sensor 

approach to monitor OFRs without a data assimilation algorithm. 

The Kalman filter performed poorly when there is high variability between the sensors’ 

surface area, and the factors contributing to surface area variability include: 1) OFRs divided into 

several parts (e.g. Fig. 9, OFR H), as there are chances that different parts of the OFRs are 

inundated in different periods of the year; 2) Old OFRs (e.g. > 30 years) tend to have a less defined 

boundary, caused by erosion and low levee maintenance (e.g., Fig. 9, OFRs E–H). The erosion 

process will likely impact the amount of soil that accumulates inside the OFRs thus providing 

substrate for growing vegetation inside the OFRs, which are shallow water bodies ~3–5 meters 

(e.g., Fig. 9 F, G); 3) The presence of vegetation inside the OFRs or their surroundings (e.g., Fig. 

9, OFRs E–G) will contribute to increase the OFRs’ surface area variability. This is a known issue 
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that contributes to surface area inaccuracies when mapping water bodies with spectral mixing 

between water and vegetation (DeVries et al., 2017; Hondula et al., 2021); and 4) The presence of 

adjacent water bodies (i.e. not part of the OFR shapefile) may also impact the OFRs’ surface area 

dynamic. During periods of precipitation and floods, the adjacent water bodies can merge with the 

OFRs to form one large water body that can influence the surface area mapping. 

4.3 Research impact and applications 

The OFRs’ sub-weekly surface area time series (Fig. 11–12) is key to calculate the water 

volume change, which can be done by combining the surface area with area-elevation equations—

these equations describe the OFRs’ bathymetry, and are derived using a digital elevation model 

collected when the OFRs are empty (i.e. exposed bathymetry) (Avisse et al., 2017; Yao et al., 

2018; Zhang et al., 2016). The OFRs’ volume change time series (i.e. OFR inflows and outflows) 

is valuable information to state and federal agencies in eastern Arkansas as it provides the spatial 

and temporal variability of the water stored from a network of OFRs. This information enables the 

monitoring of water use trends (Fig. 12–14), and allows the agencies to modify water irrigation 

management recommendations aiming to increase water use efficiency. In addition, monitoring 

the OFRs’ volume change across space and time enables these agencies to develop water status 

reports during the most critical periods of the year (i.e. when farmers are irrigating, Fig. 13–14). 

These reports can be used to update regional water management plans based on different regions 

water availability status, for example, by assessing the total surface area variation accounting for 

all OFRs in the study region (Fig. 14).  

Our findings have important implications to surface hydrology modeling as volume change 

is the most crucial information needed to estimate the OFRs’ cumulative impact on surface 

hydrology (Fowler et al., 2015; Habets et al., 2018); however, volume change is rarely available 
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for individual OFRs. This knowledge gap led modelers to frequently assume that volume change 

varies equally for all OFRs, including OFRs of different sizes and shape complexities in a given 

watershed. Rather than relying on this faulty assumption, future studies could use the Kalman filter 

approach presented in this study to estimate volume change utilizing multi-sensors and couple this 

information into hydrological models (Evenson et al., 2018; Habets et al., 2014; Hughes and 

Mantel, 2010; Perrin et al., 2012; Yang et al., 2020). This is relevant across the globe as there has 

been a proliferation of OFRs in different parts of the world, for example, in France (Habets et al., 

2018, 2014) and Brazil (Althoff et al., 2020; Krol et al., 2011; Rodrigues et al., 2012), with still 

little known about the impact of OFRs on surface hydrology (Arvor et al., 2018; Habets et al., 

2018; Krol et al., 2011). 

5. FUTURE IMPROVEMENTS 

We presented a robust and flexible algorithm based on the Kalman filter that can combine 

optical and radar observations to monitor OFRs. The data from upcoming satellites could be 

seamlessly integrated in the algorithm. Nonetheless, one should be aware that this integration is 

contingent on having the uncertainties of the surface area observations, including OFRs of 

different sizes and Si ranges, from the new satellites. This poses limitations when applying the 

algorithm if an updated validation dataset is not available. Future work and methodology 

improvements should focus on improving the Kalman filter estimates of the OFRs’ surface area 

seasonality. Initially, we added a yearly seasonal component to the Kalman filter model; however, 

the model did not see improvements (e.g. performing equally well or worse than the model without 

the seasonal component), therefore we did not include seasonality in our final model. We believe 

that improvements in estimating the OFRs’ seasonality may be achieved by accounting for the 

surface area rate of change (e.g., monthly, or weekly), and employing the rate of change to estimate 
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the seasonality for each OFR individually. In addition, the system state-transition model used in 

this study could be improved by accounting for climate variables (e.g., rate of evaporation, 

precipitation) and anthropogenic drivers (e.g. OFR irrigation schedule). We used a dynamic linear 

model as a system state-transition model that performed well for most of the OFRs (Fig. 9–10); 

however, this approach simplifies the changes in the OFRs’ surface area behavior. For instance, 

evaporation losses can reduce OFRs water storage, especially in dry critical periods of the year 

when farmers are frequently irrigating (Ibrahim et al., 2015; Liebe et al., 2005), and evaporation 

losses can be estimated across time and space using satellite imagery (Zhao and Gao, 2019). 

Furthermore, surface phenology of the vegetation surrounding the OFRs can be an indication of 

the anthropogenic drivers on the OFRs’ surface area changes—the water stored by the OFRs is 

normally used to irrigate closely located cropland (~ 1 km radius)—and sub-weekly surface 

phenology at 30 m spatial resolution can be obtained from the latest Harmonized Landsat Sentinel 

product available for North America (Bolton et al., 2020).  

6. CONCLUSION 

We presented a novel multi-sensor approach based on the Kalman filter to monitor OFRs' 

sub-weekly surface area changes that can assimilate optical and radar satellite data while 

accounting for the uncertainties in both the satellite observations and the resulting estimates. We 

used more than 450,000 satellite image clips to create sub-weekly surface area time series for 736 

OFRs of different sizes and shape complexities. By improving the surface area observations 

cadence and providing the surface area uncertainties, the approach presented in this study has the 

potential to enhance water conservation plans by allowing better assessment and management of 

OFRs. In addition, we demonstrated the use of the Kalman filter to monitor water use trends at 

regional level—this information can be used for water irrigation management recommendations 
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aiming to increase water use efficiency. Lastly, with the impacts of the OFRs on surface hydrology 

emerging as an issue across the globe, it is imperative that a multi-sensor approach is implemented 

to remotely monitor the OFRs' surface area at a high resolution across space and time to improve 

freshwater management. 
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Abstract 

Basemap and Planet Fusion—derived from PlanetScope imagery—represent the next generation 

of analysis ready datasets that minimize the effects of the presence of clouds. These datasets have 
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high spatial (3 m) and temporal (daily) resolution, which provides an unprecedented opportunity 

to improve the monitoring of on-farm reservoirs (OFRs)—small water bodies that store freshwater 

and play important role in surface hydrology and global irrigation activities. In this study, we 

assessed the usefulness of both datasets to monitor sub-weekly surface area changes of 340 OFRs 

in eastern Arkansas, USA, and we evaluated the datasets main differences when used to monitor 

OFRs. When comparing the OFRs surface area derived from Basemap and Planet Fusion to an 

independent validation dataset, both datasets had high agreement (r2 ≥ 0.87), and small 

uncertainties, with a mean absolute percent error (MAPE) between 7.05% and 10.08%. Pairwise 

surface area comparisons between the two datasets and the PlanetScope imagery showed that 61% 

of the OFRs had r2 ≥ 0.55, and 70% of the OFRs had MAPE <5%. In general, both datasets can 

be employed to monitor OFRs sub-weekly surface area changes, and Basemap had higher surface 

area variability and was more susceptible to the presence of cloud shadows and haze when 

compared to Planet Fusion, which had a smoother time series with less variability and fewer abrupt 

changes throughout the year. The uncertainties in surface area classification decreased as the OFRs 

increased in size. In addition, the surface area time series can have high variability, depending on 

the OFR environmental conditions (e.g., presence of vegetation inside the OFR). Our findings 

suggest that both datasets can be used to monitor OFRs sub-weekly, seasonal, and inter-annual 

surface area changes; therefore, these datasets can help improve freshwater management by 

allowing better assessment and management of the OFRs. 

Keywords: Analysis ready datasets, PlanetScope, Basemap, Planet Fusion, on-farm reservoirs, 

water management 
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1. INTRODUCTION 

Planet Labs currently operates more than 200 PlanetScope satellites in sun-synchronous 

orbits and frequently launches new satellites that are designed to have a short operational lifetime 

(<4 years). The PlanetScope satellite constellation enables near-daily monitoring with multi-

spectral imagery at high spatial resolution (3 m) (Planet Labs Team, 2021a). PlanetScope imagery 

has been applied to a variety of studies to monitor phenomena that require both high spatial and 

temporal resolution, for instance, to monitor small water bodies (Cooley et al., 2017; Mishra et al., 

2020; Vanthof and Kelly, 2019), estimate methane emissions from forested wetlands (Hondula et 

al., 2021), assess river-ice and water velocity (Kääb et al., 2019), improve crop leaf-area-index 

estimation with sensor data fusion (Houborg and McCabe, 2018b; Kimm et al., 2020; Sadeh et al., 

2021), and monitor near-real-time aboveground carbon emissions from tropical forests (Csillik et 

al., 2020, 2019; Csillik and Asner, 2020). 

A recent global analysis of PlanetScope’s temporal availability (Roy et al., 2021) showed 

that the annual and monthly number of PlanetScope observations does not vary uniformly across 

the globe. The authors attributed this finding to different PlanetScope orbits (i.e., altitude and 

inclinations), due to different numbers of sensors in orbit, which vary when PlanetScope satellites 

are decommissioned and replaced with new sensors, and due to images that cannot be geolocated 

(Roy et al., 2021). In addition, it is well known that the number of observations from optical 

wavelength satellite imagery will vary according to dynamic and global cloud obscuration. While 

the PlanetScope cloud mask, Usable Data Mask 2 (UDM2), is available (Planet Labs Team, 2021a) 

and allows for discernment of classes like cloud, cloud shadow, and heavy, haze among others, its 

accuracy has not been thoroughly assessed (Cheng et al., 2020; Roy et al., 2021; Wang et al., 2021) 

and it is not available for images prior to 2018 (Roy et al., 2021). Aiming to overcome these 
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limitations—irregular cadence and cloud obscuration—and to increase the applications of 

PlanetScope imagery, Planet Labs has focused on developing the next generation of tiled analysis 

ready datasets—Basemap (Planet Labs Team, 2019) and Planet Fusion (Planet Labs Team, 

2021b)—which are less affected by the presence of clouds and are set for a fixed temporal cadence. 

Basemap is generated by mosaicking the whole or part of the highest quality PlanetScope 

imagery, which is selected based on cloud cover and image acutance (i.e., sharpness). For example, 

for a given period of interest—Basemap can be processed using different image cadences, e.g., 

daily, weekly, biweekly—PlanetScope images are ranked based on these metrics such that cloud-

free images have higher scores than cloudy images (Kington et al., 2019; Planet Labs Team, 2019). 

Basemap is designed to monitor changes over time and for analytics-driven use cases, and it has 

been applied to several research projects, including monitoring of forest biomass (Csillik et al., 

2020, 2019; Csillik and Asner, 2020), to assess carbon emissions from drainage canals (Dadap et 

al., 2021), and to monitor coral reef map probabilities (Knapp et al., 2018). Planet Fusion, on the 

other hand, is based on the CubeSat-enabled spatiotemporal enhancement method (Houborg and 

McCabe, 2018b), and it leverages the high spatial and temporal resolution provided by 

PlanetScope scenes with rigorously calibrated publicly available multispectral satellites (i.e., 

Sentinel-2, Landsat, MODIS, and VIIRS) to provide daily and radiometrically consistent and gap-

filled surface-reflectance images that are free of clouds and shadows (Planet Labs Team, 2021b). 

Planet Fusion is suitable to assess inter-day changes, for time series analysis, and monitoring of 

disturbances of Earth’s surface. Recently, Planet Fusion has been applied to monitor crop 

phenology, using the normalized difference vegetation index and leaf area index (Houborg and 

McCabe, 2018a; Kong et al., 2021). Given that these datasets are cloud-free and processed to have 

daily cadence at high spatial resolution—both Basemap and Planet Fusion have 3 m pixel size—
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they provide an unprecedented opportunity to improve the monitoring of dynamic small water 

bodies, for instance, on-farm reservoirs (OFRs) that are used by farmers to store water during the 

wet season and for crop irrigation during the dry season. OFRs have a dynamic surface area time 

series, especially during the crop-growing season, when farmers are irrigating their crops and may 

pump water from nearby streams (Fowler et al., 2015; Habets et al., 2018; Perin et al., 2021). 

There are more than 2.6 million OFRs in the USA alone, and these OFRs play a key role 

in surface hydrology by storing fresh water and as an essential component of global irrigation 

activities (Downing, 2010; Downing et al., 2006; Renwick et al., 2005). Nonetheless, OFRs can 

contribute to downstream water stress by decreasing stream discharge and peak flow in the 

watersheds where they are built (Habets et al., 2018, 2014; Mime and Young, 1989). Therefore, 

monitoring OFRs sub-weekly surface area changes is critical to the assessment of their seasonal 

and inter-annual variability, as well as to mitigation of their downstream impacts, with implications 

concerning how OFRs are managed and where they are built. Previous research assessed the spatial 

and temporal variability of OFRs by leveraging the long-term (≥25 years) Landsat-based 

inundation datasets (Jones et al., 2017; Ogilvie et al., 2018b; Perin et al., 2021). Nonetheless, these 

datasets are limited to a few annual observations—due to clouds, sensor issues, and the 16-day 

repeat cycle—and Landsat’s spatial resolution (30m) limits the applications of these datasets to 

monitor OFRs smaller than 5 ha (i.e., high surface area uncertainties ~ 20%). Aiming to overcome 

these limitations, other studies (Ogilvie et al., 2018a; Perin et al., 2022; Vanthof and Kelly, 2019) 

have applied a multi-sensor satellite imagery approach, including sensors of higher spatial and 

temporal resolution (e.g., PlanetScope [3 m] and Sentinel-2 [10 m]) when compared to Landsat. 

However, a multi-sensor approach requires processing of satellite imagery of different spatial 

resolution from multiple platforms, which can be time-consuming and a limiting factor if it is 
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necessary to process, download, and move the satellite imagery across multiple platforms (Perin 

et al., 2022). In this study, we propose a novel use of the analysis ready datasets Basemap and 

Planet Fusion, and we aim (1) to assess the usefulness of both datasets to monitor OFRs sub-

weekly surface area changes and (2) to compare the two datasets and describe their differences 

when used to monitor OFRs. 

2. METHODS 

2.1 Study region 

Eastern Arkansas is one of the largest irrigated regions in the USA that has seen a rapid 

increase in the number of OFRs during the last 40 years (Shults et al., 2020; Yaeger et al., 2018, 

2017). The region has a humid subtropical climate with an average annual precipitation of 1300 

mm, mostly distributed between March and May and November and January (Perin et al., 2021). 

Recent studies (Yaeger et al., 2018, 2017) mapped the spatial distribution of 340 OFRs with 

surface area <30 ha and distributed across three sub-watersheds in the study region (Fig. 1). The 

OFR dataset was manually mapped using the high-resolution (1 m) National Agriculture Imagery 

Program archive in combination with 2015 Google Earth satellite imagery. The authors of the OFR 

dataset used Google Earth Explorer to sharpen the image details when zooming in and to provide 

a validation for features appearing indistinct or pixelated in the 1-m mosaic imagery (Yaeger et 

al., 2017). We assigned the OFRs to three size classes (0.1–5 ha, 5–10 ha, and 10–30 ha) based on 

the surface area mapped in the OFR dataset. These classes were used to support the surface area 

monitoring analyses when accounting for different OFR sizes (Fig. 1). 
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Figure 1–Study region in eastern Arkansas, USA, and the OFRs size distribution. The inset map 

represents the OFRs shapefile overlaid on SkySat satellite imagery. 

We downloaded PlanetScope images and processed daily Basemap and Planet Fusion 

images between July 2020 and July 2021. This time frame was chosen based on the imagery 

availability to generate both analysis ready datasets. The images spatial resolution and band-

wavelength ranges are presented in Table 1. In addition, the general workflow used to assess the 

OFRs’ surface area time series is provided in Fig. 2. 

Table 1–PlanetScope, Basemap, and Planet Fusion images spatial resolutions and different 

wavelengths bands. 

Source Pixel size (m) Blue (µm) Green (µm) Red (µm) NIR (µm) 

PlanetScope 3 0.455–0.515 0.500–0.590 0.590–0.670 0.780–0.860 

Basemap 3 0.450–0.510 0.530–0.590 0.640–0.670 0.850–0.860 

Planet Fusion 3 0.450–0.510 0.530–0.590 0.640–0.670 0.850–0.880 
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Figure 2–Workflow used to estimate the OFRs’ surface area-time series from PlanetScope, 

Basemap, and Planet Fusion between July 2020 and July 2021. 

2.2. Satellite Imagery Datasets 

2.2.1. PlanetScope CubeSat Surface-Reflectance Ortho Tiles 

We used the OFRs’ shapefile to search for and clip Level 3A surface-reflectance imagery 

available through Planet Orders API. The PlanetScope surface-reflectance ortho tiles use a fixed 

UTM grid system in 25 km by 25 km tiles with 1 km overlap (Planet Labs Team, 2021a). We 

filtered out all images with more than 10% cloud using an image-based cloud-cover filter—this 

cloud-cover filter threshold allowed us to download mostly cloud-free images; however, because 

it is an image-based filter rather than an OFR or area-of-interest-based cloud filter, some useful 

observations (i.e., when the OFR is not covered with clouds but the image is filtered out) were not 

downloaded, decreasing the total number of observations per OFR. In addition, to deal with 
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potential cloud-obscuration outliers, we used the PlanetScope UDM2 to filter out all image clips 

that contained more than 5% unusable pixels (i.e., pixels covered by clouds, cloud shadow, with 

light and heavy haze). 

The PlanetScope ortho tiles were resampled to 3 m and projected using the WGS84 datum. 

The ortho tiles were radiometrically, sensor, and geometrically corrected and aligned to a 

cartographic map projection. These images were atmospherically corrected using the 6S radiative 

transfer model with ancillary data from MODIS (Kotchenova et al., 2006; Kotchenova and 

Vermote, 2007; Planet Labs Team, 2021a), and the positional accuracy has been reported to be 

smaller than 10 m (Planet Labs Team, 2021a). 

2.2.2. Normalized Surface-Reflectance Basemap 

We processed daily Basemap images corrected to surface reflectance using PlanetScope 

scenes, and a “best scene on top” algorithm (Kington et al., 2019; Planet Labs Team, 2019) that 

selects the highest quality imagery from the PlanetScope catalog. This algorithm ranks the 

PlanetScope scenes based on their quality by assessing the scenes’ acutance (i.e., sharpness), the 

fraction of cloud cover, cloud shadow, haze, and presence of unusable pixels (e.g., no data). 

Briefly, this algorithm is based on a linear regression model approach that uses the clear pixels 

from the best-ranked scenes; we selected the best scenes first, then progressed successively until 

the images were filled or no scenes remained (Kington et al., 2019). To obtain Basemap at a daily 

cadence, we employed a 30-day rolling window that may use PlanetScope scenes collected up to 

15 days before or after the target date; however, if no usable pixels (i.e., cloud-free) are available 

in this time range, the image will contain no data. We did not observe any Basemap image with 

no-data in our study period. The rolling window approach weights on the image recency, for 

instance, a slightly hazy scene (e.g., ~<10% hazy pixels) on the day of the Basemap image, will 
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score higher than a very clear scene (i.e., no haze) from a few days before/after. In addition, due 

to the daily cadence, there may be Basemap images with the same PlanetScope scene composition, 

which leads to repetitive information when using the Basemap images to monitor OFRs. 

Basemap images were generated employing a two-step process: normalization and 

seamline removal. Normalization aims to radiometrically calibrate the Basemap images and to 

minimize the scene-to-scene variability when mosaicking PlanetScope scenes. For this step, the 

Framework for Operational Radiometric Correction for Environmental Monitoring (FORCE) 

(Frantz, 2019) was used to generate a combined Landsat 8 and Sentinel-2 surface-reflectance 

product to be used as the “gold” radiometric reference during normalization. FORCE infers surface 

reflectance from Landsat 8 and Sentinel-2 by employing the 5S (simulation of the satellite signal 

in the solar spectrum) approach (Tanre et al., 1990). The aerosol optical depth is estimated using 

a dark-object-based approach where water vapor content is derived from Landsat 8 (obtained from 

MODIS database) and Sentinel-2 (estimated on a pixel-specific basis) imagery. In addition, clouds 

and shadows are detected using a modified version of Fmask (Zhu and Woodcock, 2012) for 

Sentinel-2 images (Frantz et al., 2018)—see Planet Labs Team (2021b, 2019) for further details. 

An assessment of the FORCE atmospheric correction was performed as part of the atmospheric 

correction inter-comparison exercise (Doxani et al., 2018), and the FORCE implementation uses 

the Landsat 8 and Sentinel-2 imagery mapped onto a common UTM grid to produce 30 m spatial-

resolution imagery. Seamline removal enhances the visual appearance of the Basemap image 

edges. In this step, each PlanetScope scene used in the Basemap mosaic is set to match its 

neighbor—pixel values near a scene boundary change more than values away from the boundary; 

however, the pixel values are not modified. Specifically, we first calculated the Basemap mosaic 

pixel values gradient, then set the gradient values between 1 and 0 (scene boundary) and fixed the 
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original pixel values along the Basemap mosaic edge. This process was applied independently for 

each band; therefore, it may alter band ratios near scene edges—this is most apparent when scenes 

do not match locally, for instance, for unmasked clouds. Lastly, the seamline removal may 

introduce artifacts (e.g., straight lines, distortions) at the Basemap mosaic boundary, which is most 

frequent over water when normalization cannot fully correct for differences between scenes due 

to waves and sun glint. 

2.2.3. Planet Fusion Surface Reflectance 

We processed Planet Fusion images using an algorithm based on the CubeSat-enabled 

spatiotemporal enhancement method (Houborg and McCabe, 2018b), which enhances, inter-

calibrates, and fuses satellite imagery from multiple sensors. Planet Fusion has unique features, 

including (1) precise co-registration and sub-pixel fine alignment for different image sources, (2) 

PlanetScope scenes with near-nadir field of view, resulting in minimal bidirectional reflectance 

distribution function (BRDF) variation effects, and (3) pixel traceability to identify imagery 

sources and to assess the confidence of daily gap-filled images. 

To generate Planet Fusion surface-reflectance images, we used the same approach 

described for Basemap (i.e., FORCE (Frantz, 2019)), with top-of-atmosphere (TOA) PlanetScope 

scenes (3 m), Sentinel-2 TOA reflectance (10–20 m), Landsat 8 TOA reflectance (30 m), and daily 

tile-based MODIS or VIIRS normalized to a nadir-view direction and local-solar-noon surface 

reflectance. The Planet Fusion algorithm uses MODIS MCD43A4 surface-reflectance product in 

seven spectral bands that are corrected for reflectance anisotropy using a semi-empirical BRDF 

(Schaaf et al., 2002), which utilizes the best observations collected over a 16-day period centered 

on the day of interest. In addition, VIIRS products (VNP43IA4 and VNP43MA4) are used as a 

backup to ensure continuity if MODIS data is not available. 
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The Planet Fusion algorithm guarantees spatially complete and temporally continuous 

images by gap-filling radiometric data (i.e., synthetic pixel values). The gap-filling process uses 

both spatial (i.e., neighboring and class-specific pixel information) and temporal interpolation 

techniques to estimate the pixel values. In general, uncertainty will vary based on Earth’s surface 

characteristics (e.g., vegetation dynamic changes), and it will be higher for longer daily interval 

gaps. Planet Fusion images are accompanied by a quality-assurance product, which is a thematic 

raster layer using the same spatial grid (i.e., UTM grid system in 24 km by 24 km tiles) as the 

corresponding Planet Fusion spectral data (Planet Labs Team, 2021b). We used the quality-

assurance product to assess the percentage of synthetic (i.e., gap-filled) versus observation data 

(PlanetScope and Sentinel-2) used to generate the pixel value. The observation data can be a 

combination of PlanetScope and Sentinel-2. A value of 1 indicates no gap-filling, whereas a value 

of 100 indicates an entirely gap-filled pixel value. Specifically for our study case, when clipping 

Planet Fusion images using the OFR boundaries, the clips can have real pixels, synthetic pixels, 

or a combination of both. Additionally, there are known issues associated with the gap-filling 

process used by the Planet Fusion algorithm, including false cloud or cloud-shadow detection and 

image artifacts (e.g., strips, distortions). These issues are most common during prolonged 

cloudiness and in study regions with significant terrain shadowing. 

2.3. Data Analysis 

To classify the OFR surface area from PlanetScope, Basemap, and Planet Fusion, we 

clipped all available images using each OFR shapefile buffered to 100 m. Then, we calculated the 

normalized difference water index (NDWI) using the green and NIR bands (McFeeters, 1996), and 

we applied an adaptive Otsu threshold (Otsu, 1979) for each image in the time series to separate 

water from non-water pixels. The Otsu threshold is a well-known algorithm used to classify surface 
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water of inland water bodies (Du et al., 2014; Li and Wang, 2015; Liu et al., 2016; Sheng et al., 

2016; Vanthof and Kelly, 2019; Wang et al., 2019). In addition, the Otsu threshold optimizes the 

separability of pixel values is contingent on the bimodal distribution of the pixel values (i.e., water 

and non-water pixels), which was ensured by clipping the satellite imagery using each OFR 

shapefile. After calculating the Otsu threshold and separating water from non-water pixels, we 

clipped the images one more time using the OFRs’ shapefiles buffered at 20 m. This last step was 

done to minimize the impact (i.e., inflating surface area) of adjacent water bodies when estimating 

OFR surface area. All surface area image classification was done in Google Earth Engine (Gorelick 

et al., 2017). 

PlanetScope has a near-daily revisit time; however, the number of usable satellite images 

varies throughout the year due to the presence of clouds and sensor-related issues. To assess the 

number of different PlanetScope observations, we first counted the total number of observations 

for each OFR and for each month; then, we plotted the monthly distribution of this number, 

including all OFRs (i.e., one boxplot for each month of the year that represents the variability in 

the number of monthly observations according to different OFRs). In addition, we evaluated the 

total number of different observations for each OFR along the year (i.e., a histogram that represents 

the distribution of the total number of observations for each OFR). A similar approach was used 

to assess the number of different Basemap observations and to count the number of Planet Fusion 

observations that were real, mixed (i.e., including real and synthetic pixels), and synthetic. 

Basemap images with the same PlanetScope scene composition were counted only once. 

For the different OFR surface area size classes (Fig. 1), we assessed the uncertainties in 

the Basemap and Planet Fusion images by pairwise comparing them with PlanetScope and 

calculating the percent error (Equation (1)) monthly distribution and the monthly mean absolute 
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percent error (MAPE; Equation (2)). In addition, for Planet Fusion, we divided the pairwise 

comparisons between real, mixed and synthetic surface area observations. We illustrated the 

surface area time series derived from PlanetScope, Basemap, and Planet Fusion for six OFRs of 

different sizes (Table 2). These OFRs were chosen to demonstrate the surface area time series 

variability from the different images and for OFRs located under different environmental 

conditions (e.g., presence of vegetation inside the OFR, close to adjacent water bodies, a multi-

part OFR). In addition, we overlaid the OFRs’ shapefile on high-resolution Google Maps satellite 

imagery to show the environmental conditions where the OFRs are located. 

Percent error (%) = (
𝑦𝑖− 𝑥𝑖   

 𝑥𝑖
) * 100                                                    (2) 

Mean absolute percent error (%) =
1

𝑛
𝛴|

𝑦𝑖− 𝑥𝑖   

 𝑥𝑖
| ∗ 100                                                    (3)                                                   

Where 𝑥i is the SkySat or PlanetScope surface area, and yi is the Basemap or Planet Fusion surface 

area. 

Table 2–Selected OFRs (see Fig. 8) to illustrate PlanetScope, Basemap, and Planet Fusion surface 

area time series, and their size according to the OFRs dataset.  

OFR id OFR size (ha) 

A 13.62  

B 22.60 

C 9.83 

D 12.73 

E 13.82 

F 29.72 

 

2.4. Validation Scheme 

To validate the surface area classification using the Otsu thresholding approach, we 

downloaded five orthorectified and multispectral SkySat images (Planet Labs Team, 2021b) (Blue: 

0.450–0.515 µm, Green: 0.515–0.595 µm, Red: 0.605–0.695 µm, and NIR: 0.740–0.900 µm) at 
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sub-meter (0.66–0.73 m) spatial resolution (Table 3). For each image, we overlaid the OFR 

geometry and manually delineated the OFR surface area, which resulted in 144 validation surface 

areas from 71 different OFRs for multiple observations in time. Then, we conducted a pairwise 

comparison of the validation surface area with the surface area obtained from PlanetScope, 

Basemap, and Planet Fusion. When the PlanetScope surface area date did not correspond exactly 

to the SkySat dates, we used the closest observation in time, which had a maximum difference of 

three days before or after the SkySat date. In addition, we assessed the uncertainties of 

PlanetScope, Basemap, and Planet Fusion for different surface area size classes: 0.1–5 ha (n = 50), 

5–10 ha (n = 46), and 10–50 ha (n = 48). 

Table 3–SkySat image identification, acquisition date, number of OFRs surface area observations 

per image, percent clear (indicates the presence or absence of cloud cover; higher values indicate 

fewer clouds), ground-control ratio (defines the image positional accuracy; values closer to 1 mean 

higher accuracy), and ground-sampling distance in meters. 

SkySat image Date 

OFRs 

observations 

Percent clear 

(%) 

Ground control 

ratio 

Ground 

sampling 

distance (m) 

20200929_193409

_ssc10_u0001 2020-09-29 35 87 0.91 0.66 

20201013_194518

_ssc6_u0001 2020-10-13 44 99 0.97 0.73 

20201102_193752

_ssc9_u0001 2020-11-02 16 100 0.97 0.67 

20201102_193752

_ssc9_u0002 2020-11-02 10 100 0.96 0.67 

20201210_194154

_ssc11_u0001 2020-12-10 39 99 0.91 0.68 
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3. RESULTS 

3.1. Surface Water Area Validation Using SkySat Imagery 

The surface area obtained from PlanetScope, Basemap, and Planet Fusion showed great 

agreement (r2 ≥ 0.98) with the validation dataset. In addition, PlanetScope had the smallest MAPE 

(8.09%), followed by Basemap (8.21%) and Planet Fusion (9.17%) (Fig. 3). When splitting the 

validation surface area observations into different size classes (Table 4), all three image sources 

presented similar agreement (r2 ≥ 0.87), and the highest r2 values were found for surface area 

observations between 10 and 30 ha (r2 ≥ 0.95). All three sources had a similar MAPE for 

observations between 0.1 and 5 ha (~7.55%) and between 10 and 30 ha (~7.98%), while the highest 

values were found for observations between 5 and 10 ha (~10.27%). 

 

Figure 3–Pairwise comparisons between the SkySat validation surface area and the surface area 

obtained from PlanetScope, Basemap, and Planet Fusion for multiple observations in time 
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Table 4–Pairwise comparisons between the SkySat validation surface area and the surface area 

obtained from PlanetScope, Basemap, and Planet Fusion for multiple observations in time and 

divided into three size classes. 

 PlanetScope Basemap Planet Fusion 

 0.1–5 ha 5–10 ha 10–30 ha 0.1–5 ha 5–10 ha 10–30 ha 0.1–5 ha 5–10 ha 10–30 ha 

r2 0.91 0.91 0.94 0.91 0.87 0.90 0.96 0.96 0.95 

MAPE 

(%) 7.05 7.14 7.68 9.91 10.1 10.8 7.37 7.46 9.11 

 

3.2. Number of Surface Area Observations per Dataset 

The number of PlanetScope observations varied throughout the year and varied across 

different OFRs (Fig. 4). The months with the highest number of PlanetScope images were 

November–December 2020 (~17) and March–April 2021 (~14), while the months with the lowest 

numbers were July–September 2020 (< 10) and February 2021 (< 3) (Fig. 4A). In addition, most 

of the OFRs (~60%) had 80–100 PlanetScope observations per year (Fig. 4B). Basemap images 

were processed at a daily cadence, and we considered a new Basemap observation every time a 

new image composite was used. In this regard, the number of Basemap images followed a similar 

pattern found for PlanetScope; however, the mean number of Basemap observations per month 

was higher than of PlanetScope in 10 out of the 12 months analyzed, and most of the OFRs (~75%) 

had 90–120 Basemap observations per year (Fig. 4A,B). 
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Figure 4–Number of surface area observations per month for PlanetScope and Basemap (A), and 

for Planet Fusion real, mixed, and synthetic (C). The frequency distribution of the total number of 

observations per OFR per year for PlanetScope and Basemap (B), and for Planet Fusion real, 

mixed, and synthetic (D). 

Planet Fusion images were derived from real and synthetic pixel values, and the number of 

real and synthetic observations varied throughout the year (Fig. 4C). The number of images 

derived from real pixels reached its peak (~13–15) between November and December 2020, and 

the lowest numbers were found in February 2021 (~2) and between May and June 2021 (< 5). In 

general, most of the OFRs had ~ 80–100 real observations per year. The number of mixed images 

(i.e., composed by real and synthetic pixels) tended to be < 10 for all months, and most of the 

OFRs had < 50 mixed observations per year (Fig. 4C,D). The number of synthetic images is higher 

than real and mixed observations for all months of the year, and the highest values (~22–26) 

occurred in July 2021 and May–June 2020, with the lowest values between November and 
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December 2020 (~14–16) (Fig. 4C). In addition, most of the OFRs had ~250–260 synthetic 

observations per year (Fig. 4D). 

3.3. Planet Fusion Comparison with PlanetScope 

We found a high agreement (r2 ≥ 0.90) for the same-day surface area pairwise comparisons 

between Planet Fusion and PlanetScope for all size classes (Fig. 5). MAPE decreased as 

observations increased in size, and the highest MAPE values were found for synthetic, mixed, and 

real for all size classes (Fig. 5). The number of pairwise comparisons for real was higher than 

mixed and synthetic, to a large extent (~60%). This finding is somewhat expected, as the Planet 

Fusion algorithm uses PlanetScope images as an input to generate daily Planet Fusion imagery. 
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Figure 5–Same day pairwise comparisons between PlanetScope and Planet Fusion real, mixed, 

and synthetic, for multiple observations in time and for all OFRs divided into three size classes 

(0.1–5 ha, 5–10 ha, and 10–30 ha). Brighter colors indicate higher point density.  

3.4. Monthly Comparisons between Basemap and Planet Fusion with PlanetScope 

When comparing each OFR surface area time series derived from Basemap and Planet 

Fusion with PlanetScope, for both datasets, most of the OFRs (63% and 61% for Basemap and 
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Planet Fusion, respectively) showed good agreement with r2 ≥ 0.55, and 74% and 70% of the 

OFRs presented small uncertainties with MAPE <5% (Fig. 6). 

 

Figure 6–Frequency distribution of r2 and MAPE calculated by comparing the OFRs time series 

from Basemap and Planet Fusion with PlanetScope. 

The mean monthly percent error—calculated by comparing Basemap and Planet Fusion 

with PlanetScope—for Basemap and Planet Fusion varied between −2.45–1.48% and between 

−3.36%–1.66% for 0.1–5 ha, between −2.88–1.11% and between −3.56–0.51% for 5–10 ha, and 

between −2.23–0.53% and −3.13–0.76% for 10–30 ha. These values were stable throughout the 

year (Fig. 7). The percent error variability decreased as the surface area observations increased in 

size, and the observations between 10 and 30 ha had the least variability. In addition, Planet Fusion 

presented smaller percent error variability when compared to Basemap for all size classes (Fig. 7). 

The highest MAPE values for Basemap (4.73%) and Planet Fusion (5.80%) were found for 

observations between 0.1 and 5 ha, and the MAPE was <4.40% for all months for both Basemap 
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and Planet Fusion for observations between 5 and 10 ha and 10 and 30 ha, respectively. This 

indicates that even when there are fewer PlanetScope images available to generate Basemap and 

Planet Fusion due to clouds, shadow, and haze, both products tend to have surface area 

uncertainties <5%. 

 

Figure 7–Monthly percent error variability and MAPE calculated from the same day pairwise 

comparisons between Basemap and Planet Fusion with PlanetScope for the three size classes (0.1–

5 ha, 5–10 ha, and 10–30 ha).  

3.5. OFR Surface Area Time Series 

We selected six OFRs (Table 2) to illustrate the surface area time series derived from 

PlanetScope, Basemap, and Planet Fusion (Fig. 8). The surface area time series show that different 

OFRs have different surface area change patterns. In general, the OFR surface area decreased 

between 20 July and 20 November (e.g., Fig. 8, OFRs A–D), period of the year when farmers are 

https://www.mdpi.com/2072-4292/13/24/5176/htm#table_body_display_remotesensing-13-05176-t002
https://www.mdpi.com/2072-4292/13/24/5176/htm#fig_body_display_remotesensing-13-05176-f008
https://www.mdpi.com/2072-4292/13/24/5176/htm#fig_body_display_remotesensing-13-05176-f008
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irrigating their crops, and it increased between 21 January and 21 May, which are the months when 

the study region receives most of its annual precipitation (Perin et al., 2021). 

When compared to PlanetScope and Basemap, Planet Fusion had a smoother surface area 

time series with less variability (e.g. Fig. 8 OFRs A–D). In addition, the Planet Fusion time series 

was less affected by the presence of clouds and haze that can increase or decrease the OFRs' surface 

area. Even though we used a small cloud cover threshold (< 10%) for PlanetScope, there are several 

PlanetScope and Basemap images contaminated with cloud shadows and haze (e.g.  Fig. 8 OFR A 

between 08/20–09/20) indicating surface area ~ 20% larger than Planet Fusion. Other examples 

were observed between 07/20–08/20 and 05/21–06/21 in Fig. 8 OFR B, in which there were no 

PlanetScope images available, and the Basemap shows abrupt changes in surface area—a drop of 

20% and 15% for both dates—that are caused by the presence of cloud shadows and haze. In Fig. 

9, we highlighted the impact of clouds and haze for OFR A (08/16/2020) and OFR B (08/30/2020). 

For OFR A, PlanetScope and Basemap surface areas were ~ 20% larger than Planet Fusion which 

is explained by the misclassification of water on the lower-right corner of the OFR. For OFR B, 

while the PlanetScope image had surface area ~ 13% larger than Planet Fusion, the Basemap image 

indicated surface area ~ 14% smaller, these discrepancies are caused by the presence of clouds on 

the PlanetScope image and haze on the Basemap image. 

The OFRs' surface water classification is impacted by the OFRs environmental conditions 

and their shape geometry—OFRs with complex geometries (e.g., not circular or square and shapes 

with a high number of edges) tend to have higher surface area classification uncertainties (Perin et 

al., 2022). For example, Fig. 8 OFR D shows a multi-part OFR that may not have all parts 

inundated at the same time, which can explain part of the variability in the surface area time series 

for PlanetScope, Basemap, and Planet Fusion. The surface area time series from OFR E and OFR 
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F (Fig. 8) are influenced by the presence of vegetation inside the OFRs—the presence of vegetation 

impacts the surface water classification (DeVries et al., 2017; Hondula et al., 2021) leading to 

noisy surface area time series and abrupt changes (e.g. OFR E between 09/20–01/21). In addition, 

the high-variability in surface area for OFRs E and F is related to the presence of adjacent water 

bodies, which can inundate during flood events and contribute to change the OFRs' boundary 

limits. We highlighted the impact of vegetation on the OFR E time series for two different 

occasions 07/14/2020 and 10/16/2020 (Fig. 10). During the first occasion, PlanetScope and 

Basemap indicated surface area (~ 9.5 ha) 95% higher than Planet Fusion (0.5 ha); on the second 

occasion, a contrasting scenario, in which Planet Fusion (12.25 ha) was 86% higher than 

PlanetScope and Basemap (~ 2 ha). These results shed light on the importance of assessing the 

OFRs environmental conditions and how they are impacting the OFRs' surface area time series 

before employing these datasets to monitor the OFRs' surface area changes.  
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Figure 8–OFRs (see Table 2) surface area time series derived from PlanetScope, Basemap and 

Planet Fusion, and the OFRs shapefile overlaid on high-resolution Google Satellite imagery.  
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Figure 9–OFRs A and B (see Table 2) PlanetScope, Basemap, and Planet Fusion false color 

composites (Blue: Red, Green: Green, and Red: NIR), and the surface water classification for 

08/16/2020 (OFR A) and 08/30/2020 (OFR B).  

 
Figure 10–OFR E (see Table 2) PlanetScope, Basemap, and Planet Fusion false color composites 

(Blue: Red, Green: Green, and Red: NIR), and the surface water classification for 10/16/2020 and 

07/14/2020.  

4. DISCUSSION 

The surface area validation carried out using multiple SkySat imagery showed that the 

methodology used to classify OFR surface area performed well for PlanetScope, Basemap, and 

Planet Fusion, with high agreement r2 ≥ 0.87 and MAPE between 7.05% and 10.08% for all image 
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sources and all size classes (Table 4). Comparisons between Basemap and Planet Fusion with 

PlanetScope highlighted that most of the OFRs had good agreement with 61% of the OFRs with 

r2 ≥ 0.55, and small uncertainties with 70% of the OFRs with MAPE < 5% (Fig. 6). Basemap and 

Planet Fusion presented similar monthly mean percent error (~ −3–3%) and MAPE (~2.20–5.80%) 

throughout the year (Fig. 7). In addition, percent error variability and MAPE decreased for the 

larger surface area observations (Fig. 7). The highest monthly MAPE (5.80%) was found for Planet 

Fusion for observations between 0.1 and 5 ha, and the MAPE was ≤4.40% for Basemap and Planet 

Fusion for observations between 5 and 10 ha and between 10 and 30 ha. Furthermore, when 

analyzing the three Planet Fusion data categories (i.e., real, mixed, and synthetic), the greatest 

uncertainties were found for the synthetic images (MAPE ~ 5%), followed by mixed (MAPE ~ 

4%) and real (MAPE ~ 3%) (Fig. 5). These findings indicate that Basemap and Planet Fusion 

images can be employed to monitor OFRs with uncertainties < 10% when the sources are 

compared to the validation dataset and with uncertainties < 5% when compared to PlanetScope. 

However, time series obtained from Basemap and Planet Fusion can be highly variable (Fig. 8E,F), 

as surface water classification can be impacted by the size of water bodies (Table 4, Fig. 2, Fig. 

4 and Fig. 6) and the environment in which OFRs are located (e.g., presence of vegetation within 

the OFRs; Fig. 8, OFRs D–F). 

The number of cloud-free observations offered by Basemap and Planet Fusion enlightens 

the potential of these datasets to monitor OFR surface area changes (Fig. 4). Both datasets pose 

advantages when compared to a single sensor approach—employing PlanetScope alone (Fig. 4), 

or other sensors, for example, Landsat (Avisse et al., 2017; Jones et al., 2017; Perin et al., 2022), 

Sentinel 1 (López-Caloca et al., 2020), and Sentinel-2 (Pena-Regueiro et al., 2020; Yang et al., 

2020, 2017)—or a multi-sensor approach (Ogilvie et al., 2018a; Perin et al., 2022; Vanthof and 

https://www.mdpi.com/2072-4292/13/24/5176/htm#table_body_display_remotesensing-13-05176-t004
https://www.mdpi.com/2072-4292/13/24/5176/htm#fig_body_display_remotesensing-13-05176-f006
https://www.mdpi.com/2072-4292/13/24/5176/htm#fig_body_display_remotesensing-13-05176-f007
https://www.mdpi.com/2072-4292/13/24/5176/htm#fig_body_display_remotesensing-13-05176-f007
https://www.mdpi.com/2072-4292/13/24/5176/htm#fig_body_display_remotesensing-13-05176-f005
https://www.mdpi.com/2072-4292/13/24/5176/htm#fig_body_display_remotesensing-13-05176-f008
https://www.mdpi.com/2072-4292/13/24/5176/htm#table_body_display_remotesensing-13-05176-t004
https://www.mdpi.com/2072-4292/13/24/5176/htm#fig_body_display_remotesensing-13-05176-f002
https://www.mdpi.com/2072-4292/13/24/5176/htm#fig_body_display_remotesensing-13-05176-f004
https://www.mdpi.com/2072-4292/13/24/5176/htm#fig_body_display_remotesensing-13-05176-f004
https://www.mdpi.com/2072-4292/13/24/5176/htm#fig_body_display_remotesensing-13-05176-f006
https://www.mdpi.com/2072-4292/13/24/5176/htm#fig_body_display_remotesensing-13-05176-f008


 

145 

 

Kelly, 2019). Briefly, the use of a single sensor is limited to a few observations a month, and in 

some periods of the year in eastern Arkansas, there could be weeks without a cloud-free image 

(Perin et al., 2022). Although the number of observations is improved when employing a multi-

sensor approach, daily to sub-weekly monitoring is not attainable unless an assimilation algorithm 

(Perin et al., 2022) is implemented. In addition, when implementing a multi-sensor approach, it is 

necessary to acquire the data from different platforms (e.g., Planet Explore, Sentinel Hub, and 

Google Earth Engine), which can be time-consuming and a limiting factor if it is necessary to 

process, download, and move the satellite imagery across multiple platforms. In this study, we 

demonstrated that Basemap and Planet Fusion imagery processing can be done entirely in the cloud 

environment by leveraging the integration of Planet’s Platform, Google Cloud Storage, and Google 

Earth Engine. This integration allows for swift analysis, and it can be used for other study regions 

without the need to acquire data from multiple platforms. 

Daily OFR surface area time series derived from Basemap and Planet Fusion revealed 

important differences between the two datasets. In general, Basemap had higher surface area 

variability, and it was more susceptible to the presence of cloud shadows and haze when compared 

to Planet Fusion, which had a smoother time series with less variability and fewer abrupt changes 

throughout the year (Fig. 8). The Planet Fusion algorithm combines data from multiple satellites 

to establish a baseline of OFR surface area time series by filling gaps with synthetic pixels. 

Nonetheless, the smoothing effect should be interpreted cautiously, as some changes in the time 

series due to large rainfall events or frequent irrigation activities may be smoothed out. This is 

especially relevant for the periods of the year when there are more synthetic observations (Fig. 4) 

and the uncertainties in surface area tend to be higher (Fig. 5). Additionally, because Planet Fusion 

is based on a robust algorithm that uses data from various satellites, this dataset requires more 

https://www.mdpi.com/2072-4292/13/24/5176/htm#fig_body_display_remotesensing-13-05176-f008
https://www.mdpi.com/2072-4292/13/24/5176/htm#fig_body_display_remotesensing-13-05176-f004
https://www.mdpi.com/2072-4292/13/24/5176/htm#fig_body_display_remotesensing-13-05176-f005
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image processing steps and higher computing power when compared to Basemap, which is 

generated at a faster speed with lower processing costs. Meanwhile, the Basemap time series may 

contain a “stair-step” effect caused by repeated observations when the Basemap scene composition 

was kept constant due to a lack of new cloud-free scenes (e.g., Fig. 8, OFR D, early March 2021). 

By keeping the same image composition, the Basemap algorithm avoids generating synthetic pixel 

values while still providing a cloud-free observation. Nonetheless, it is important to keep in mind 

that there could be scenarios (e.g., when there is a lack of a new cloud-free scene for weeks or 

more) in which the Basemap may have the same number of observations as PlanetScope, hence 

decreasing its monitoring capabilities. 

Our findings have important implications to future hydrological studies that aim to monitor 

small water bodies at large scale and high temporal frequency. For the OFRs in eastern Arkansas, 

the Basemap and Planet Fusion surface area time series helped unravel sub-weekly changes in 

OFR surface area, as well as yearly seasonality (Fig. 8). OFRs surface area changes are pivotal 

information for calculation of OFR water volume inflows and outflows. This can be achieved by 

combining the surface area time series with the area-volume equations (e.g., hypsometry), which 

are derived using the OFRs’ geometric shape and depth (Avisse et al., 2017; Yao et al., 2018; 

Zhang et al., 2016). Estimating OFRs volume change helps bridge one of the key limitations when 

modeling the cumulative impacts of OFRs on surface hydrology, as OFR water volume change is 

commonly assumed to be equal to all OFRs located in a watershed (Fowler et al., 2015; Habets et 

al., 2018; Hughes and Mantel, 2010). In addition, as the number of OFRs is projected to increase 

globally (Downing, 2010; Habets et al., 2018), understanding the impact of OFRs on surface 

hydrology is pivotal when seeking indicators to determine the optimal spatial distribution and 

number of OFRs, as well as their storage capacities and water management plans aiming to 

https://www.mdpi.com/2072-4292/13/24/5176/htm#fig_body_display_remotesensing-13-05176-f008
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mitigate downstream impacts. Beyond implications to hydrological studies, we demonstrated that 

Basemap and Planet Fusion can be used to monitor surface area changes for a network of OFRs 

(Fig. 8). This information can be used by regulatory agencies to create water status reports to 

improve regional water management and water use efficiency. These reports would be especially 

relevant during the dry critical period of the year when farmers are frequently irrigating. 

5. KNOWN ISSUES AND LIMITATIONS 

We applied Basemap and Planet Fusion imagery for a one-year analysis. More research is 

necessary to assess the performance of these datasets for a longer study period (e.g., including 

periods of prolonged droughts ~3–5 years) and in other study regions—for example, in Southern 

India, where OFRs are common (Vanthof and Kelly, 2019), and where there is a monsoon climate 

in which there could be weeks without a clear-sky image (Ahmad et al., 2020). In addition, the 

validation of this study was conducted using cloud-free SkySat imagery; therefore, there is still a 

need to further evaluate the performance of both datasets under cloudy conditions. However, this 

will require extensive field work, including visiting multiple OFRs on cloudy days, which imposes 

several challenges, as most of the OFRs in eastern Arkansas are located on private properties. 

Furthermore, we assumed that OFR surface area would vary within known and limited boundaries 

(i.e., OFR shapefile buffered to 20 m). However, different results might be obtained if the Basemap 

and Planet Fusion images are used to monitor water bodies that frequently change their 

boundaries—water impoundments that are located close to water streams and rivers that flood 

frequently, impacting the edges of water bodies. Lastly, although we calculated the uncertainties 

introduced by Basemap and Planet Fusion, when using these datasets for monitoring purposes, it 

would be helpful to have an estimated uncertainty accompanying every surface area observation. 

For instance, whenever there are repeated observations by the Basemap or continuous synthetic 
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observations from Planet Fusion, the uncertainties from these images will be higher; however, as 

of now, we cannot estimate an observation based uncertainty. 

6. CONCLUSIONS 

We presented a novel application of Basemap and Planet Fusion analysis ready datasets to 

monitor sub-weekly OFRs surface area changes. We tested both datasets to monitor 340 OFRs of 

different sizes, and we found that these datasets can be employed to monitor OFRs with 

uncertainties < 10% when compared to an independent validation dataset and with uncertainties < 

5% when compared to PlanetScope imagery. While Basemap had higher surface area variability 

and it was more susceptible to the presence of cloud shadows and haze, Planet Fusion had a 

smoother time series with less variability and fewer abrupt changes throughout the year. Given 

that the surface area classification can be impacted by the OFR environmental conditions (e.g., 

presence of vegetation inside the OFR), therefore limiting the use of these datasets, we recommend 

assessing the OFRs’ surface area time series before employing them for monitoring purposes. As 

the number of OFRs is expected to increase globally, the use of these datasets is of great 

importance to understanding OFR sub-weekly, seasonal and inter-annual surface area changes, 

and to improving freshwater management by allowing better assessment and management of 

OFRs. 
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Abstract 

On-farm reservoirs (OFRs) are essential water bodies to meet global irrigation needs. Farmers use 

OFRs to store water from precipitation and runoff during the rainy season 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 on surface hydrology. 
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Therefore, we leveraged the latest developments in the Soil Water Assessment Tool+ (SWAT+) 

in combination with a novel remote sensing-based algorithm—used to monitor the OFRs 

dynamics—to assess the impacts of OFRs in a small sub-watershed located in eastern Arkansas, 

which is the third most irrigated state in the USA. Our results show that the presence of the OFRs 

on the watershed may decrease annual flow on average between 14 and 24%, and the mean 

reduction in peak flow could vary between 43 and 60%. In addition, the impact of the OFRs is not 

equally distributed across the watershed, and it varies according to the OFRs spatial distribution, 

and their capacity (i.e., size of the OFR). We provide a new framework that can support water 

agencies with information to assess the cumulative impacts of OFRs on the watersheds where they 

are constructed, aiming to support surface water resources management. This is relevant as the 

number of OFRs is expected to increase globally, partially to adapt to climate change under severe 

drought conditions. 

Keywords: On-farm reservoirs, Surface hydrology, SWAT+, Water management 
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1. INTRODUCTION 

1.1 The impacts of OFRs on surface hydrology and different modeling techniques 

Inland water bodies (e.g., lakes and reservoirs) comprise a small fraction of Earth’s surface; 

however, they are responsible for storing the vast majority of the accessible fresh water resources 

available on Earth. In addition, water bodies are pivotal components of surface hydrology, having 

key roles in ecosystems and human and animal habitats (Khazaei et al., 2022; Verpoorter et al., 

2014). On-farm reservoirs are essential to meet global irrigation needs (Döll et al., 2009; Downing, 

2010; Van Den Hoek et al., 2019). Farmers use OFRs to store water from precipitation and runoff 

during the rainy season to irrigate their crops during the dry season (Habets et al., 2018; Perin et 

al., 2021; Vanthof & Kelly, 2019; Yaeger et al., 2017; Yaeger et al., 2018). The number of OFRs 

is expected to rise worldwide in the coming decades, and estimates show that there are more than 

2.6 million OFRs in the US alone (Downing, 2010; Renwick et al., 2005). The OFRs are often 

built to manage surface water resources more efficiently, and to help mitigate the impact of 

extreme droughts driven by climate change (Habets et al., 2018; Van Der Zaag & Gupta, 2008). 

Although the OFRs are small water bodies (< 50 ha), 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), and their impact may contribute to worsening the surface water stress 

already intensified by climate change and population growth (Vörösmarty et al., 2010). Most 

studies have focused on the cumulative impact of cascade of multi-purpose reservoirs on surface 

water availability and flow alteration (Chalise et al., 2021; Mukhopadhyay et al., 2021), but limited 

analysis has been performed on the impact of OFRs on surface water availability. 

To quantify the impact of OFRs on surface hydrology, it is necessary to understand the 

spatial and temporal variability of OFRs, as well as how the impacts are related to the OFRs 
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network, as the impacts of OFRs are not the sum of the individual OFR impacts, but rather the sum 

and their interaction effects (Canter & Kamath, 1995; Habets et al., 2018). By gathering 

information from more than 30 studies conducted in multiple countries (e.g., USA, France, Brazil), 

Habets et al., (2018) did a thorough assessment of the OFRs’ impact on surface hydrology, and 

the different types of models and ways to represent the OFRs on the watershed. The authors 

concluded that the modeled OFRs impacts have a wide range, and that most of the studies reported 

the mean annual reduction on flow, which ranged between 0.2 and 36%. In addition, the variability 

of the impact was higher when assessing the low flows, with reductions between 0.3 and 60%. In 

general, the estimated mean annual reduction in flow was 13.4% ± 8.0%, and the mean decrease 

in peak flow could be up to 45% (Habets et al., 2018).  

According to Habets et al., (2018), the different procedures used to quantify the impacts of 

the OFRs can be divided into two classes: 1) data-driven methods, and 2) hydrological modeling. 

Within the data-driven class, there are three main 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 & Girard, 1973; Kennon, 1966). A variation of the cumulative impact assessment 

approach has been recently suggested by Hwang et al., (2021) by comparing the naturalized flows 

and the controlled flows for assessing the impact of large reservoir systems. The second method 

is based on doing a statistical analysis of the observed discharge time series of a watershed as the 

OFRs increased in numbers over a period of time (Galéa et al., 2005; Schreider et al., 2002). This 

approach is limited when discriminating the specific impact 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. And the third method relies on conducting a paired-
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catchment experiment by comparing the flows from two adjacent and similar catchments, one with 

the OFRs and the other without the OFRs (Thompson, 2012). This technique requires that the 

catchment properties (e.g., soils, topology, lithology, land cover) to be spatially homogeneous, 

which is practically unattainable at a large scale, hence limiting this method’s applications.  

The second class of methods relate to hydrological modeling, and it is the most widely used 

approach for assessing the OFRs’ impacts. A variety of models have been proposed by coupling 

the OFRs’ water balance with a quantitative approach to estimate the OFRs’ water volume change 

(Fowler et al., 2015; Habets et al., 2014; Jalowska & Yuan, 2019; Yongbo et al., 2014; Ni & 

Parajuli, 2018; Perrin, 2012; Zhang et al., 2012). In general, the models have three main 

components: the OFR water balance, the quantitative approach to quantify the OFR inflows, and 

the spatial representation of the OFRs network. These different model components result in 

different limitations and assumptions—a complete assessment of these three components and how 

they impact the 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 important to 

account for the model’s suitability for the target issue to be addressed, as well as the model 

limitations and assumptions. In addition, from a modeler’s perspective, the easy access to 

documentation and guidelines is crucial when deciding which model to use. In this regard, the Soil 

and Water Assessment Tool (SWAT) (Arnold et al., 2012) has been widely used to model the 

impacts of the OFRs (Jalowska & Yuan, 2019; Kim & Parajuli, 2014; Yongbo et al., 2014; Ni et 

al., 2020; Ni & Parajuli, 2018; Perrin, 2012; Rabelo et al., 2021; Zhang et al., 2012), in part given 

by a comprehensive collection of model documentation and guidelines available online 

(https://swat.tamu.edu/). 
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1.2 The Soil Water Assessment Tool to model the impacts of OFRs on surface hydrology 

The SWAT model is a time-continuous semi-distributed hydrological model widely used 

across the globe—more than 5,000 peer reviewed publications since its launch in the early 1980s 

(SWAT Team, 2022). The large number of SWAT applications globally revealed the model 

development needs and its limitations. To address the present and future challenges when 

modeling with SWAT, the model source code has undergone major modifications, and a 

completely revised version of the model was proposed in SWAT+ (Bieger et al., 2017). SWAT+ 

uses the same equations as SWAT to simulate the hydrological processes; however, it offers more 

flexibility to users when configuring the model (e.g., when defining management schedules, 

routing constituents, and connecting managed flow systems to the natural stream network) (Bieger 

et al., 2017). 

The SWAT+ is under constant improvements (Chawanda et al., 2020; Molina-Navarro et 

al., 2018), and a new module (Molina-Navarro et al., 2018) was recently developed to allow the 

optimal integration of a water body and its drainage area within the simulated hydrological 

processes. In previous versions of the model, when delineating the watershed area draining into a 

water body, the users were required to place an outlet in a certain point of the water stream's 

network, and the areas in-between the rivers’ subbasins flowing into the water body were therefore 

excluded—if these areas are disregarded, important hydrological processes (e.g., evaporation, 

overland and/or groundwater 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, especially when the results are used as input to an OFR model component. 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 (Mollina-Navarro et al., 2018). In addition, the latest versions allow adding more than 
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one OFR per subbasin by associating the OFR with channels—components of the watersheds, and 

finer divisions and extensions of water stream reaches—enabling the 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 subbasin placed at 

the subbasin outlet as a point (Arnold et al., 2012), and therefore, the analyses were conducted at 

the subbasin scale.  

Given that OFRs tend to occur in high numbers (e.g., > 100), multiple 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 et al., 2022; Perin et al., 

2021a, 2021b; Van Den Hoek et al., 2019; Vanthof & Kelly, 2019). These studies allowed 

quantifying the number of OFRs and their variability in surface water area and storage in the 

watershed where they occur, providing relevant information for modeling the impact of the OFRs 

on surface hydrology. Nonetheless, only a few studies have coupled remote sensing derived 

information with hydrological modeling  for quantifying OFR impacts  (Yongbo et al., 2014; Ni 

& Parajuli, 2018; Zhang et al., 2012).  

In this study, we propose a new framework to quantify the impact of the OFRs on surface 

hydrology using the latest SWAT+ model developments in combination with remote sensing 

derived information. We focused on eastern Arkansas, a region that has experienced a steady 

development of OFRs during the past four decades (Shults et al., 2020; Yaeger et al., 2017); 

however, there is no study assessing the impact of the OFRs on surface water availability. The 

proposed framework aims to assess the new module added to SWAT+ (i.e., to improve the 

simulations of OFRs) that has not been thoroughly tested since it is relatively new when compared 
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to SWAT’s previous versions. Furthermore, the framework integrates remote sensing based 

information—which is lacking in most of studies assessing the OFRs impacts—by leveraging a 

digitally-mapped OFRs dataset (Yaeger et al., 2017) available for the study region to account for 

the OFRs spatial variability in the watershed, and a novel remote sensing assimilation algorithm 

(Perin et al., 2022) to account for the OFRs variability in surface area. Therefore, the objective of 

this manuscript is to employ the new framework to account for the OFRs spatial and temporal 

variability in surface water area, and to quantify the  intra- and-inter annual impacts of the OFRs 

on flow and peak flow at the channel scale. 

2. METHODS 

2.1 Study region 

The study region is located in eastern Arkansas, USA, the third most-irrigated state in the 

country (ERS-USDA, 2017). The area has a humid subtropical climate with a 30-year annual 

average precipitation of ~1300 mm/year (PRISM Climate Group, 2022). The precipitation is 

distributed mostly between March and May, receiving an average of ~400 mm during these months 

(Perin et al., 2021b). The region has experienced a steady increase in irrigated agriculture, with 

commonly irrigated crops including corn, rice, and soybeans (NASS-USDA, 2017). Furthermore, 

a recent study (Yaeger et al., 2017) digitally mapped 330 OFRs located in our study region (Fig. 

1) using the high-resolution (1-m) National Agricultural Imagery Program archive in combination 

with 2015 sub-meter spatial resolution Google Earth satellite imagery. Most of the OFRs (95%) in 

our study area have a surface area < 50 ha, and they are concentrated in the eastern portion of the 

study region (Fig. 1). 
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Figure 1–Study region located in eastern Arkansas, USA, the subbasins and surface water streams 

and channels delineated with SWAT+, the model outlet, the United States Geological Survey 

(USGS) stations (USGS, 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). 
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2.2 SWAT+ model setup 

We modeled the impact of OFRs on surface hydrology using the QSWAT+ (v.2.1.9) 

SWAT+ model interface together 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 (710,700 ha, Fig. 1) included 68 subbasins and a total of 642 

Hydrological Response Units (HRUs)—HRUs are unique portions of the subbasins that have 

unique land use and management, and 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 hydrological processes. The watershed was delineated using the Shuttle Radar Topography 

Mission DEM (30 m) (Farr et al., 2007). In addition, we set the channel length threshold to 6 km2, 

and the stream length threshold to 60 km2. We placed 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 subbasin as the general HRU—

within QSWAT+ interface, and used the National Land Cover Database (30 m) (Homer et al., 

2020), and Gridded Soil Survey Geographic Database (gSSURGO) (Soil Survey Staff, USDA-

NRCS, 2021) (100 m) as inputs to the model. The gSSURGO layers were processed according to 

their guidelines when using them on QSWAT+ (George, 2020). For climate data, we extracted the 

centroid coordinates of each subbasin (Muche et al., 2020), and used these centroids to download 

30 years of daily precipitation, minimum and maximum temperature, surface downward shortwave 

radiation, wind velocity, and relative humidity from the Gridded Surface Meteorological Datasets 

(Abatzoglou, 2013), available in Google Earth Engine (Gorelick et al., 2017). The time series of 

each subbasin centroid was added into the SWAT+ Editor as independent weather stations.  

https://www2.jpl.nasa.gov/srtm/
https://www2.jpl.nasa.gov/srtm/
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2.3 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 between 14 and 

25 years, and we used 60% of the timeseries for calibration and 40% for validation for each USGS 

station (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 & Sutcliffe, 1970). PBIAS is the relative mean 

difference between the simulated and the measured flow values, and it reflects the ability of the 

model to simulate monthly flows. The optimal PBIAS is zero, and low-magnitude values indicate 

better model performance. Positive PBIAS indicates overestimation bias, whereas negative values 

denote underestimation bias. The NSE expresses how well the model simulates flows, and it ranges 

from a negative value to one, with one indicating a perfect fit between the simulated and measured 

flow values. In general, the model simulations of monthly flow are considered satisfactory when 

r2 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). 

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) 53,600 1995–2010 2010–2020 

07263555 (B) 25,400 2007–2014 2014–2020 

07263580 (C) 5,300 1997–2011 2011–2020 

 

PBIAS = 
∑𝑛

𝑖 = 1 (𝑌𝑖 − 𝑋𝑖)

∑𝑛
𝑖 = 1 𝑋𝑖 

                                                                                                                                      (1) 

NSE = 1 − 
∑𝑛

𝑖 = 1 (𝑋𝑖 − 𝑌𝑖)2

∑𝑛
𝑖 = 1 (𝑋𝑖 − xi̅)

2                                                                                                          (2) 

https://en.wikipedia.org/wiki/Nash%E2%80%93Sutcliffe_model_efficiency_coefficient
https://en.wikipedia.org/wiki/Nash%E2%80%93Sutcliffe_model_efficiency_coefficient
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Where Xi is the measured flow and Yi is the simulated flow.  

We conducted a sensitivity analysis using the SWAT+ ToolBox (v.0.7.6) (Chawanda, 

2022) to reveal the most sensitive parameters when simulating flow—a total of 10 parameters 

(Table B1) were tested based on previous studies that used SWAT/SWAT+ to model the impact 

of water impoundments on surface hydrology (Jalowska & Yuan, 2019; Yongbo et al., 2014; Ni 

et al., 2020; Ni & Parajuli, 2018; Perrin, 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 time and changing their values between -20% to 

20% with 5% increments based on their range values. The final calibrated parameters and their 

fitted values are shown in Table 2.  

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.  

2.4 OFRs representation in SWAT+ 

Multiple OFRs can be added to the same subbasin by associating them with channels (Dile 

et al., 2022). The OFRs need to have at least one outlet channel, and they may have none or 

multiple inlets. Therefore, most OFR-related processes within the model involve determining what 

channels form inflowing and outflowing channels for each OFR. Ideally, each OFR would interact 

with a channel, and therefore, have a channel entering, leaving, or within the OFR. Nonetheless, 
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it is common to have OFRs that do not intersect with any channel (Dile et al., 2022)—this is the 

case for 93% of the OFRs in our study region. The OFRs from our study region are not dammed 

along the streams, but rather they are engineered water impoundments that are indirectly connected 

to the main streams via pipes and pumps (Yeager et al., 2017). A possible solution would be 

modifying the OFRs’ shapes by dragging them to the closest channel (Dile et al., 2022). However, 

this would require extensive modifications of the OFRs’ shapes. In addition, when an OFR is added 

to a channel, this channel is split into two channels, and the model needs to account for the two 

newly created channels during the water routing calculations. 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 OFRs’ centroid and 

the multiple channels within each subbasin. Then, we aggregated all the OFRs that were associated 

with each channel by summing up their surface area, and adding a polygon of the aggregated area 

to represent the aggregated OFR. This approach resulted in 69 aggregated OFRs that were added 

to 67 different channels located in 17 subbasins. The surface area of the aggregated OFRs varied 

between 3.05 ha 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. 

2.5 Scenario Analysis 

Given our representation of the OFRs in SWAT+, we assessed the impact of the OFRs on 

surface hydrology at the channel scale. To do so, we established the model baseline scenario 
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without the presence of the OFRs on the watershed. In addition, we divided the channels into four 

classes (i.e., low and high flow classes) according to 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) 0.001–0.25 m3/s, (2) 0.25–0.50 m3/s, (3) 0.50–2.11 m3/s, 

and (4) 2.11–17.50 m3/s. 

To account for the OFRs variation in surface area, we created three modeling scenarios 

using daily OFRs surface area time series—these scenarios were based on the methodology 

proposed by Perin et al., (2022). The authors used a multi-sensor satellite imagery approach with 

the Kalman filter (Kalman, 1960) to derive daily OFRs’ surface area change between 2017 and 

2020. The proposed algorithm accounts for the uncertainties in both the sensor's observations and 

the resulting surface areas. By improving the OFRs surface area observations cadence, the 

algorithm allows further understanding of the OFRs surface area intra- and inter-annual changes, 

which are key pieces information that can be used to better assess and manage the water stored by 

the OFRs (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 surface 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 

scenarios represent the lowest and highest capacities of the OFRs, and they are based on the surface 

area 95% confidence interval limits, calculated using the daily time series. For each scenario, the 

OFRs were simulated at full capacity (i.e., maximum storage at the lower, mean and upper 

scenarios), and this capacity was kept constant during the simulation period (Ni et al., 2020; Ni & 

Parajuli, 2018; Perrin, 2012). To assess the impact of the OFRs on surface hydrology, we compared 
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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 et al., 

2018). 

We estimated the impact of the OFRs on surface hydrology by calculating the percent 

change (Eq. 3) of monthly flow between the baseline and the three surface area scenarios including 

all OFRs. The annual impact on flow was calculated by averaging the mean percent change along 

the months. We also calculated the distribution of the percent change for each baseline flow class. 

The distribution was assessed using 2-D Kernel Density estimation (KDE) plots. Different from 

discrete bins (e.g., histograms), the KDE plots show a continuous density estimate of the 

observations using a Gaussian kernel. In addition, we assessed the percent changes in peak flow. 

For the purposes of this analysis, peak flow is defined as equal or higher than the 99th flow 

percentile calculated using the entire flow time series. 

Percent change (%) = (
𝑌𝑖 − 𝑋𝑖

𝑋𝑖
) ∗ 100                                                                                            (3) 

Where Xi is the baseline flow and Yi is the simulated flow of each surface area scenario.  

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. When comparing the monthly simulated flow with the measured flow for 

the calibration period, there was a good agreement (0.71 ≦ r2 ≦ 0.93), and a satisfactory model 

efficiency (0.68 ≦ NSE ≦ 0.90) for all three stations (Fig. 2). In addition, the PBIAS magnitude 

was < 3% for station A, and < 12% for stations B and C. Meanwhile, the validation period had r2 

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 
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overestimated 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 m3/s (Fig. 2). These 

findings are consistent with a previous study conducted in western Mississippi near our study 

region (Ni & Parajuli, 2018). Even though during the validation period the station B had PBIAS 

magnitude higher than 15%, the r2 and NSE values from the calibration and validation periods 

indicate satisfactory modeling performance when simulating monthly flow (Moriasi et al., 2015). 
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Figure 2–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).  
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3.2 Percent change in flow 

We assessed the impact of the OFRs on flow by comparing the baseline flow (i.e., without the 

OFRs) with the three surface area scenarios generated from the Kalman filter approach—lower, 

mean, and upper. The total surface area (i.e., summing all OFRs surface 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 similar 

OFRs surface area distribution (Fig. 3). In addition, most of the OFRs had surface areas < 50 ha—

78%, 71%, and 62% of the OFRs for the lower, mean, and upper scenarios. 

 
Figure 3–OFRs surface area distribution for the three surface area scenarios, lower, mean, and 

upper.  

The impact of the OFRs varied throughout the year, and the largest impacts occurred 

between January and May for all flow classes (Fig. 4). During these months, including all surface 

area scenarios, the mean decrease in flow (i.e., negative mean percent change) was -34.4 ± 6% for 
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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 greatest reduction in flow occurred during the month of March (~ -40%). Meanwhile, the 

impact of the OFRs was smaller during the second half of the year, in which the mean percent 

change in flow was -12.0 ± 3.% for class 1, -12.5 ± 5% for class 2, -1.4 ± 4% for class 3, and -2.6 

± 10% for class 4 (Fig. 4). 

When assessing the mean percent change per month, for all surface area scenarios,  the 

lower flow classes (i.e., (1) 0.001–0.25 m3/s and (2) 0.25–0.50 m3/s) had a negative mean percent 

change for all months. Nonetheless, we observed a mean positive percent change (i.e., increase in 

flow) for the months of 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 October (8.7 ± 0.4%) for class 4 (Fig. 4). Furthermore, the 

different 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 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. 
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Figure 4–Monthly percent change in flow between the baseline scenario (vertical dotted blue line) 

and the three surface area scenarios (lower, mean, and upper), and for the four flow classes (1) 

0.001–0.25 m3/s, (2) 0.25–0.50 m3/s, (3) 0.50–2.11 m3/s, and (4) 2.11–17.50 m3/s. 
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In general, the OFRs contributed to decreased monthly flow. However, the OFRs' impact 

on flow had a significant intra- and inter-annual variability, and it varied according to different 

OFRs and channels—this is highlighted by the boxplots size variability in Fig. 4, in which the 

variability was lower during the first part of the year, and greater between July and August. In 

addition, the monthly percent change in flow KDE plots (Fig. 5) shows that for the three scenarios, 

and all flow classes, most of the changes in flow ranged between -40% and 0%. In addition, all 

KDE plots have a triangular shape with its base on the smaller flows, denoting where most of the 

changes occur. Even though the majority of the percent change in flow is negative, there are 

circumstances in which the OFRs could positively impact flow—the increase in flow is represented 

by faded colors in each surface area scenario (Fig. 5). The positive mean percent change could be 

as high as 80%—see Fig. 5 for the larger flow classes, (3) 0.50–2.11 m3/s and (4) 2.11–17.50 m3/s. 

The positive impact on flow for these classes occurred during the months of  June, August and 

October when a mean positive change is observed (Fig. 4 classes 3 and 4).  

The annual mean percent change, for all surface area scenarios, 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 differences between the surface area scenarios 

shown in Fig. 4 and Fig. 5 are related to the variability of the OFRs surface area.  
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Figure 5–Kernel density estimation plots smoothed using a Gaussian kernel for the monthly 

percent change in 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) 0.001–0.25 m3/s, (2) 

0.25–0.50 m3/s, (3) 0.50–2.11 m3/s, and (4) 2.11–17.50 m3/s. Note the different range of values of 

the y-axis for all four flow classes. 
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3.3 Impact on peak flow 

For each channel, we calculated the impact of the OFRs on peak flow (Fig. 6). The impact 

on peak flow was -60.7 ± 13% for class 1, -56.2 ± 11% for class 2, -46.7 ± 19% for class 3, and -

43.9 ± 12% class 4. When assessing the impact on peak flow based on different surface area 

scenarios, the mean percent 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 precipitation (Perin et al., 2021). With the 

exception of a few outliers, there was no increase in peak flow, even though the OFRs contributed 

to a positive mean percent change in flow in certain months of the year (Fig. 4 classes 3 and 4).  

  

Figure 6–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–

0.25 m3/s, (2) 0.25–0.50 m3/s, (3) 0.50–2.11 m3/s, and (4) 2.11–17.50 m3/s.  

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 scenarios’ flow time series between 1995 and 2005 (Fig. 7). For this channel, 

the annual mean percent changes in flow when comparing the baseline scenario with the lower, 
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mean, and upper surface area scenarios were 0.99 ± 11.8%, -1.9 ± 13%, and -2.0 ± 19%—the high 

standard deviation for the three scenarios is explained by the interannual variability. The upper 

surface area scenario resulted in lower flows (i.e., higher impact) when compared to the lower and 

mean scenarios for the majority of the flow events—67.8% and 57.6% for the lower and mean 

scenarios. Nonetheless, there are circumstances when the upper scenario yielded higher flows—

32.2% and 42.4% of the events for the lower and mean scenarios (e.g., see the two insets 03/1997–

08/1998 and 05/2002–02/2004). 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), instead by a combination of the OFRs with different modeling components 

(e.g., terrain, land use, climate information), 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 scenarios—this is highlighted on two occasions (08/2002 and 08/2003) during 

the second inset.  
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Figure 7–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. 

4. DISCUSSION 

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 & Yuan, 2019; Ni & Parajuli, 2018). In addition, other studies have validated and 

calibrated the model using alternative variables. For example, Perrin et al., (2012) employed 

monthly measurements of piezometric variations to assess aquifer recharge processes, and 

Jalowska & Yuan (2019) used sediment loadings (concentration and budget), from field 

monitoring reports to evaluate sediment simulations. Ideally, we would calibrate and validate the 
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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 streamflow data, covering other parts of the study region, as the three USGS 

stations—the only data available—used in this 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 a direct (i.e., flow measurement) and an 

indirect (i.e., the wetlands surface area) approach—our validation and calibration was done using 

the flow measurements, and the OFRs surface area scenarios were based on an algorithm that was 

validated with an independent higher spatial resolution dataset (Perin et al., 2022).  

There is a consensus within the scientific community that the OFRs will have a cumulative 

impact on surface hydrology by decreasing flow and peak flow, and the impact will vary from 

basin to basin due to the number of OFRs, and the OFRs’ different purposes (e.g., different 

irrigation schedule) (Ayalew et al., 2017; Fowler et al., 2015; Habets et al., 2018; Nathan & Lowe, 

2012; Pinhati et al., 2020; Rabelo et al., 2021). As pointed out by Habets et al., (2018) the mean 

annual decrease in flow from all studies was -13.4% ± 8%. This value is aligned with our results, 

which varied between -24.2 ± 4% and -14.6 ± 3% for all flow classes. In addition, OFRs can reduce 

peak flow on average by 45% (Habets et al., 2018; Nathan and Lowe, 2012; Thompson, 2012), 

and it can reach up to 70% (Ayalew et al., 2017) for certain flow events. Likewise, our results are 

consistent with these findings, in which the mean impact on peak flow varied between -60.7 ± 12% 

and -43.9 ± 12%. Furthermore, differently from previous research, our results (Fig. 4, classes 3 

and 4) showed that the OFRs may have a positive (< 9%) impact on flow. This could be explained 

by the level of details in our analyses. While we calculated the monthly impact on flow at the 
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channel scale by aggregating the OFRs to the closest channel, previous studies have mostly 

reported the annual impact on flows (Habets et al., 2018), and they performed their analysis at the 

subbasin scale by aggregating the OFRs to a single point at the outlet of each subbasin in SWAT 

(Evenson et al., 2018; Kim & Parajuli, 2014; Perrin, 2012; Zhang et al., 2012), or they used 

different modeling approaches (see Habet et al., (2018)). 

Be leveraging the latest improvements in SWAT to simulate water impoundments (Molina-

Navarro et al., 2018) in combination with a novel algorithm to monitor OFRs (Perin et al., 2022), 

we modeled the impact of the OFRs on flow at the channel scale. In addition, the surface area 

scenarios enabled us to account for events when the OFRs were at the lowest, regular, and fullest 

capacities according to their surface area. This is an improvement over previous studies (e.g., Ni 

et al., 2020; Ni and Parajuli, 2018; Perrin, 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 on monthly flow indicates that the OFRs’ surface area 

variation had a low impact on the model. For instance, during January and May the mean monthly 

percent change ranged between -35.8 ± 6% and -32.0 ± 7%, and during June and December 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 ha and 1194 ha when comparing the lower scenario with the mean and upper 

scenarios (Fig. 5). However, the OFRs remained a small portion (< 1%) of the total area of the 

modeled watershed (Fig. 1). These findings could be related to the fact that flow simulations are 

governed by several hydrological processes (e.g., run-off, precipitation, evapotranspiration) 

besides the presence of the OFRs on the channel (Bieger et al., 2017; Dile et al., 2022; Arnold et 
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al., 2012). In addition, when assessing the percent change in flow at the channel scale, the 

differences in surface area between the scenarios occur at a lower magnitude when compared to 

the total OFRs surface area. For instance, an OFR with surface area smaller than 10 ha, and with 

surface area variations between 10 and 20% for the three scenarios, may not lead to differences 

(e.g., > 10%) between the three scenarios.   

Our findings highlight that the impacts of the OFRs on flow and peak flow have a 

significant intra- and inter-annual variability (Figs. 4, 5, 7), and the impacts vary according to 

different OFRs and channels (Fig. 4). The largest impacts on flow occurred during the first part of 

the year between January and May, the period of the year when the peak flows 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 capacity (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 the months of July and August (Fig. 4). Moreover, most 

of the irrigation activities happen between June and September (Perin et al., 2021b, Yaeger et al., 

2017), and it is when the OFRs are at their lowest capacities (i.e., smaller surface areas) (Perin et 

al., 2022), which could explain their moderate impact and higher variability during these months—

even though we are not accounting for the OFRs inflows and outflows, and not simulating 

irrigation events. Additionally, the variability of the OFRs impacts is related to the OFRs’ physical 

properties (e.g., surface area and location in the watershed). For example, the OFRs’ surface area 

will have an impact on flow and peak flow, as shown by the different surface area scenarios, and 

depending on where the OFRs are located in the watershed, given that they may be connected to 

lower or higher flow channels, which contributes to their impact variability during the year (Figs. 
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3 and 4). Besides the OFRs’ physical properties, the built-in complexity of the model—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. 7 showing that the upper scenario can have a 

higher or lower impact on flow when compared to the lower and mean scenarios. 

Overall, we presented a new framework to quantitatively analyze the impact of a network 

of OFRs on flow and peak flow, and we described the various potential reasons behind the 

variability of the impacts.  Our results indicate that OFRs do not have an equally distributed impact 

on flow and peak flow across the watershed. Hence, assessing the OFRs location as well as their 

numbers across the watershed is important when aiming to manage the construction of new OFRs. 

In particular, the geospatial variability of the OFRs impacts could be considered 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 significant impact on 

flow and peak), and to identify areas that could benefit from the construction of new OFRs, 

targeting improvements on water resources management and irrigation activities. Furthermore, 

even though the impact of the OFRs may vary significantly in different watersheds (Habets et al., 

2018), our framework could be transferable to other places across the world as it integrates satellite 

based inputs derived using novel algorithms and Earth Observations data sources in combination 

with the latest SWAT+ hydrological modeling developments to quantify the impact of OFRs on 

surface hydrology. 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 

a limited knowledge of how the OFRs may impact surface hydrology in different watersheds, and 

under diverse environmental conditions. Finally, in tandem with the OFRs’ key role on irrigated 
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food production, in part to adapt to climate change (Habets et al., 2018) and to alleviate the pressure 

on groundwater resources (Vanthof & Kelly, 2019; Yaeger et al., 2017; Yaeger et al., 2018), their 

impacts on surface hydrology need to be considered to avoid exacerbating the surface water stress 

already intensified by climate change and population growth (Vörösmarty et al., 2010). 

5. FUTURE IMPROVEMENTS 

Future improvements should focus on how to better represent the OFRs water management 

(i.e., OFRs inflows and outflows) in SWAT+. Given that each OFR has an independent water 

balance, accounting for the OFRs water volume change would be a more realistic representation 

of the OFRs when compared to the three surface area scenarios tested in this study. Estimating the 

OFRs volume change can be done by combining the OFRs surface area time series with area-

elevation equations—these equations describe the OFRs’ bathymetry, and allow volume 

estimation by inputting the OFRs’ surface area (Liebe et al., 2005; Meigh, 1995; Sawunyama et 

al., 2006). After carefully assessing different methods to derive these equations (Arvor et al., 2018; 

Avisse et al., 2017; Li et al., 2021; Meigh, 1995; Sawunyama et al., 2006; Vanthof & Kelly, 2019; 

Yao et al., 2018; Zhang et al., 2016), we decided that measured ground-data of the OFRs’ depth—

which is not available—is required to estimate the equations with an acceptable uncertainty. 

Estimating the area-elevation equations entails several challenges, including: 1) despite the fact 

that 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 equation was calculated for our study region—this is a common 
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approach done by other studies (Mady et al., 2020; Vanthof & Kelly, 2019)—that would still lead 

to high uncertainties of water volume changes. Ideally, each OFR would have its own equation, 

which was not possible when this study was done. 

Efforts should also be made to improve SWAT+ capabilities to receive measured OFRs’ 

inflows and outflows. The latest version of the model has improved the hydrological representation 

of small water impoundments in SWAT+ (Mollina-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 OFRs 

water 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 OFRs water balance instead of using the measured or calculated volume change, which could 

introduce more uncertainties to the modeling scenarios.  

6. CONCLUSION 

We assessed the latest developments in SWAT+ to simulate the impacts of a network of 

OFRs in combination with satellite based inputs derived using novel algorithms and Earth 

Observations data sources. Our study showed that the OFRs may have an impact on flow and peak 

flow, which can have a significant inter- and intra-annual variability. The impact of the OFRs is 

not equally distributed across the watershed, and it varies according to the OFRs spatial 

distribution, and their surface area. As the number of OFRs is expected to increase globally—

partially to adapt to climate change and to alleviate pressure on groundwater resources—and 

therefore, also increase their relevance to irrigated food production, it is imperative to develop new 

frameworks to further understand the OFRs impacts on surface hydrology. In this regard,  we 
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provided a combination of different methods that can be used in other watersheds, which can 

support water agencies with information to improve surface water resources management.   
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CHAPTER 6: CONCLUSION 

This dissertation is a cohesive body of work of different approaches to monitor a network 

of OFRs, and it offers a new framework using satellite imagery based information combined with 

hydrological modeling to quantitatively assess the impacts of OFRs on surface water availability. 

The results presented throughout the four manuscripts are relevant to regions where OFRs lack 

monitoring and understanding of their impacts on surface hydrology. In particular, by exploring 

the latest Earth Observation datasets—including analysis ready datasets, and freely available and 

commercial satellite imagery—to monitor OFRs, this dissertation sets the foundation on which 

datasets to employ when aiming to monitor OFRs, and what are the eventual challenges (e.g., data 

acquisition and processing) and limitations (e.g., spatial and temporal resolutions) of each dataset. 

Furthermore, this dissertation offers an alternative to an issue that is often ignored when modeling 

the OFRs impacts on surface hydrology, which is to account for the OFRs variability (e.g., changes 

in surface area) on the modeling scenarios. 

Leveraging the long term Landsat inundation datasets to monitor OFRs has several 

advantages, including assessing the OFRs historical surface area seasonality and frequency of 

inundation, and their maximum extent. In Chapter 2, we proposed the first exploration of the 

DWSE and JRC to widely monitor more than 750 OFRs for a study region in the USA. In addition, 

we described the main limitations of both datasets—i.e., inconsistent time series and spatial 

resolution to monitor OFRs smaller than 5 ha—when aiming to apply these datasets to other study 

regions. Despite these limitations, both datasets are freely available and can be easily accessed 

through Google Earth Engine (GEE)—although the DWSE was originally processed for the USA 

only, the dataset can be reprocessed to other countries on GEE using open source algorithms. The 

easy access to the datasets (i.e., in terms of data availability and imagery processing steps) on GEE 
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offers a robust yet inexpensive alternative to monitoring OFRs where there are limited resources, 

for example, the remote regions on the Jaguaribe basin—located in Northeastern Brazil—that it is 

known for having a conglomerate of OFRs. 

To overcome the limitations of Landsat-based inundation datasets, in Chapter 3, we 

introduced a multi-sensor satellite imagery algorithm based on the Kalman filter to decrease the 

latency of satellite observations, and to increase the accuracy of OFRs’ surface area estimates. The 

algorithm combines data from multiple sensors that have higher spatial and temporal resolutions 

when compared to Landsat. In addition, this new approach allowed assimilating optical and radar 

satellite data to obtain sub-weekly OFRs surface area observations while accounting for the 

uncertainties in both the satellite observations and the algorithm estimates. Assessing the OFRs 

surface area dynamics at a sub-weekly scale allows further understanding the spatial and temporal 

variability of a network of OFRs, which could enable water agencies to monitor water user trends 

across the watershed where the OFRs occur, and to act on management recommendations aiming 

to increase water use efficiency. To make the algorithm more accessible to field managers and 

other scientists, the next step for the Kalman filter algorithm would be setting up an operational 

online platform in which users could easily access the OFR surface area information already 

processed by the algorithm. This would be possible with online geospatial data platforms (e.g., 

GEE), and it would not only provide insights to a broader scientific community, but would also 

enable professionals who do not have the background in remote sensing and GIS to access the 

data. 

Although the algorithm proposed in Chapter 3 enabled monitoring of the OFRs at sub-

weekly scale, the algorithm involved downloading and processing satellite imagery of different 

spatial and temporal resolutions from multiple platforms, which can be a demanding task, and a 
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limiting factor when implementing the proposed methodology. An alternative to the multi-sensor 

algorithm is to employ the next generation of analysis ready datasets, Planet Fusion and Planet 

Basemap, to monitor OFRs. In Chapter 4, we demonstrated that these datasets allow monitoring 

OFRs with high accuracy by providing daily imagery at 3 m spatial resolution. In addition, the 

datasets require minimal user processing steps, as the users can swiftly derive insights (e.g., OFRs 

water storage status based on surface area), and insert these insights into their data pipeline and 

workflows. Future analysis should focus on expanding the use of these datasets by monitoring 

OFRs in other study regions, and accounting for more than one year of analysis—in our study we 

only processed Planet Fusion and Planet Basemap for one year. Ideally, these datasets should be 

tested in study regions where there is continuous cloud cover during several days or weeks (e.g., 

Southern India). This would allow assessing the performance of these datasets and their 

uncertainties when there is a significant amount of missing data due to cloud cover. Even though 

these datasets are not free of costs; Planet Labs is focusing on making these datasets more 

accessible to researchers across the globe through partnerships with government and research 

institutions. 

Chapters 2, 3, and 4 were dedicated to the first part of the overarching goal of this 

dissertation, which was to improve OFRs monitoring while using reproducible workflows that 

leveraged different satellite imagery datasets and sensors. Chapter 5 relates to the second part of 

the overarching goal, and it was dedicated to combine satellite imagery based information with 

hydrological modeling to estimate the OFRs’ impacts on surface water availability. 

Chapter 5 presented a new framework that combines the OFRs surface area information 

from the Kalman filter (Chapter 3) with the latest improvements in SWAT+ hydrological model. 

This represents an advancement from previous studies that did not incorporate changes in OFRs 
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variability (e.g., surface area), and it is the first assessment of how the OFRs are impacting the 

surface hydrology in eastern Arkansas. Nonetheless, there are several limitations of this study that 

should be improved in future iterations of the model. For example, when the study was conducted 

there was no ground-data to calibrate and validate any of the parameters controlling the OFRs 

water balance inflows and outflows (e.g., total evaporation, overland flow). Another improvement 

would be modifying the model so that it would allow adding measured OFRs inflows and outflows. 

The current version of the model only allows the users to simulate inflows and outflows—this can 

be done using decision tables; however, there is very limited documentation on how to create these 

tables. Also, given that these tables simulate the OFRs volume changes instead of measuring them, 

this could introduce extra uncertainties to the modeling scenarios. 

The work presented in this dissertation should be considered complementary to ground 

assessments and monitoring—even though OFRs occur in high numbers (i.e., thousands), which 

can make field evaluations time consuming and labor intensive. For example, in order to take full 

advantage of the OFRs surface area inter- and intra-annual variability information, field managers 

and water agencies can combine the OFRs surface area changes with area-elevation equations 

(hypsometry). These equations represent the OFRs’ bathymetry (i.e., measurement of the OFRs 

depth), and allow to estimate the amount of water stored in each OFR. In general, these equations 

are estimated using digital elevation models that were collected when the OFRs were empty with 

the bathymetry exposed. Nonetheless, accurate measurements of the OFRs depth are required for 

calibration and validation of these equations—we explored multiple methods to derive these 

equations solely based on remote sensing data; however, without the ground-data to check the 

validity of the equations, they were only rough estimations of the OFRs storage, which is why we 

have not used the equations. Future work should focus on collecting ground-data on the OFRs 
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depth to derive these equations, and to provide the spatial and temporal variability of the water 

stored by the OFRs network. The water storage information enables the monitoring of water use 

trends, therefore, has the potential to improve water irrigation management recommendations 

aiming to increase water use efficiency. 

The latest availability and improvements on satellite imagery enabled widespread 

monitoring of the dynamics of a network of OFRs across space and time. In addition, assessing 

the OFRs dynamics and combining satellite based information with hydrological modeling 

enhances our understanding of the OFRs impacts on surface water availability, especially where 

the OFRs are poorly monitored. With the increasing importance of the OFRs to irrigated food 

production, the cohesive body of work presented in this dissertation can be employed to other 

regions to identify the areas where the OFRs are exerting high pressure on surface water 

availability, and to identify areas that could benefit from the construction of new OFRs, while 

targeting improvements on water use efficiency.   
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APPENDIX A: SUPPLEMENTAL MATERIAL ACCOMPANYING CHAPTER 2: ON-

FARM RESERVOIR MONITORING USING LANDSAT INUNDATION DATASET
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Table A1–All generalized additive mixed models fitted employing SAratio as the response variable 

for the DSWE and JRC. Precipitation, air temperature, and NDVI were modelled as fixed effects, 

and month and year as random effects. The best model was selected using the lowest Akaike 

Information Criterion (AIC), the highest adjusted coefficient of determination (r2), and the least 

number of parameters. The relative contribution (contri.) of each explanatory variable depicts the 

variable contribution to r2. The selected models are highlighted with a bounding box. 
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DSWE

Models

AIC r2 contri. AIC r2 contri. AIC r2 contri. AIC r2 contri.

1 SAratio ~ Precip. -479 0.080 - -499 0.051 - -450 0.05 - -382 0.044 -

2 SAratio ~ Precip. + Tmax -518 0.241 >100% -537 0.211 >100% -443 0.06 28% -419 0.201 >100%

3 SAratio ~ Precip. + Tmax + NDVI -489 0.277 15% -508 0.251 19% -408 0.08 32% -399 0.277 38%

4 SAratio ~ Precip. + Tmax + NDVI + (1|month) -494 0.279 1% -509 0.252 0% -406 0.08 0% -397 0.276 0%

5 SAratio ~ Precip. + Tmax + NDVI + (1|month) + (1|year) -577 0.253 -9% -572 0.238 -5% -527 0.07 -16% -424 0.274 -1%

JRC

1 SAratio ~ Precip. -310 0.082 - -356 0.076 - -345 0.048 - -267 0.042 -

2 SAratio ~ Precip. + Tmax -362 0.275 >100% -407 0.266 >100% -363 0.144 >100% -320 0.248 >100%

3 SAratio ~ Precip. + Tmax + NDVI -333 0.275 0% -372 0.266 0% -327 0.143 0% -297 0.295 19%

4 SAratio ~ Precip. + Tmax + NDVI + (1|month) -353 0.237 -14% -390 0.242 -9% -325 0.141 -1% -296 0.286 -3%

5 SAratio ~ Precip. + Tmax + NDVI + (1|month) + (1|year) -480 0.170 -28% -502 0.181 -25% -467 0.109 -23% -357 0.238 -17%

DSWE

Models

AIC r2 contri. AIC r2 contri. AIC r2 contri. AIC r2 contri.

1 SAratio ~ Precip. -488 0.033 - -326 0.004 - -438 0.015 - 142 0.032 -

2 SAratio ~ Precip. + Tmax -478 0.038 16% -319 0.020 >100% -438 0.051 >100% 149 0.039 19%

3 SAratio ~ Precip. + Tmax + NDVI -445 0.056 45% -311 0.095 368% -394 0.102 100% 144 0.039 1%

4 SAratio ~ Precip. + Tmax + NDVI + (1|month) -443 0.055 0% -310 0.091 -4% -394 0.099 -3% 146 0.039 0%

5 SAratio ~ Precip. + Tmax + NDVI + (1|month) + (1|year) -574 0.039 -30% -319 0.092 1% -455 0.092 -7% -155 -0.001 -102%

JRC

1 SAratio ~ Precip. -336 0.049 - -267 0.020 - -300 0.015 - 168 0.016 -

2 SAratio ~ Precip. + Tmax -349 0.133 >100% -298 0.169 >100% -323 0.126 >100% 176 0.019 19%

3 SAratio ~ Precip. + Tmax + NDVI -314 0.129 -3% -268 0.174 3% -327 0.230 83% 168 0.031 64%

4 SAratio ~ Precip. + Tmax + NDVI + (1|month) -312 0.129 0% -266 0.174 0% -332 0.226 -2% 170 0.031 0%

5 SAratio ~ Precip. + Tmax + NDVI + (1|month) + (1|year) -454 0.106 -17% -320 0.171 -1% -397 0.205 -10% -134 -0.023 -175%

HUC

HUC

C D

E

BA

F G H
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Table A2–Global generalized additive mixed models fitted employing SAratio as the response 

variable for the DSWE and JRC. Precipitation, air temperature, and NDVI were modelled as fixed 

effects, and month and year as random effects. The best model was selected using the lowest 

Akaike Information Criterion (AIC), the highest adjusted coefficient of determination (r2), and the 

least number of parameters. The relative contribution (contri.) of each explanatory variable depicts 

the variable contribution to r2. The selected model is highlighted with a bounding box. 

Models AIC r2 contri. AIC r2 contri.

1 SAratio ~ Precip. + (1|HUC) -2214.89 0.03 - -1595.53 0.03 -

2 SAratio ~ Precip. + Tmax + (1|HUC) -2290.72 0.06 >100 % -1787.68 0.11 >100 %

3 SAratio ~ Precip. + Tmax + NDVI + (1|HUC) -2222.43 0.09 45% -1717.98 0.13 17%

4 SAratio ~ Precip. + Tmax + NDVI + (1|HUC) + (1|month) -2231.35 0.09 -1% -1741.02 0.13 -3%

5 SAratio ~ Precip. + Tmax + NDVI + (1|HUC) + (1|month) + (1|year) -2704.97 0.08 -10% -2527.86 0.10 -19%

DSWE JRC
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Figure A1–The relationship between SAratio derived from the DSWE, between climate factors and 

NDVI, and the distribution of all variables, and their correlation coefficient.    
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Figure A2–The relationship between SAratio 

 derived from the JRC, between climate factors and 

NDVI, and the distribution of all variables, and their correlation coefficient.    
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Figure A3–The distribution of  temperature, NDVI, and precipitation for HUCs: C, D, E, F, G, 

and H, and considering the entire time series (1995–2018), and all OFRs located on these HUCs. 

The black and red dashed lines represent the average, maximum and minimum temperature. The 

boxplots represent the NDVI monthly variation. The violin plots represent the monthly variation 

of precipitation. Please see Table 1 for HUC ID information. 
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Figure A4–Example of the moving average filter with smoother of magnitude 2 for SAratio time 

series-series for HUCs A and G, and both DSWE and JRC. Please see Table 1 for HUC ID 

information. 
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APPENDIX B: SUPPLEMENTAL MATERIAL ACCOMPANYING CHAPTER 5: 

ASSESSING THE IMPACTS OF ON-FARM RESERVOIRS ON MODELED SURFACE 

HYDROLOGY 

 

Table B1–SWAT+ parameters tested in sensitivity analysis. Parameters are ordered from most to 

least important. 

 Parameter Description Range 

1 CN2 SCS runoff curve number 35–95 

2 SOL_AWC Available water capacity (mm/mm) 0.01–1 

3 ESCO Soil evaporation compensation 

coefficient 

0.01–1 

4 PERCO Percolation coefficient (fraction) 0–1 

5 CANMX Maximum canopy storage (mm) 0–100 

6 EPCO Plant uptake compensation factor 0.01–1 

7 REVAP_C

O 

Groundwater “revap” coefficient  0.02–0.2 

8 ALPHA_B

F 

 Base flow recession constant (days) 0.01–1 

9 BF_MAX Baseflow rate when the entire area is 

contributing to baseflow (mm) 

0.1–2 

10 SURLAG Surface runoff coefficient 0.05-24 

 

 

 


