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A B S T R A C T

Water storage dynamics in on-farm reservoirs (OFRs) are crucial for irrigation water allocation and utilization, 
ensuring agricultural development sustainability. Previous studies have primarily relied on the area-storage 
model to estimate reservoir water storage using meter-level remotely sensed data, which often falls short of 
accurately capturing the water storage dynamics of OFRs, especially in small OFRs with steep slopes. Hence, we 
proposed a method to estimate the water storage of OFRs in irrigation areas by integrating multispectral drone 
data, high-resolution remote sensing data, and ground observations. The water surface area was extracted from 
multispectral drone data using a Gaussian Mixture Model (GMM) and a threshold segmentation method. Slope 
gradients were then obtained by identifying the maximum potential slope zone (PSZ) and utilizing high- 
resolution drone-based Digital Surface Models (DSMs). The dam slopes of the constructed boundaries were 
automatically computed considering the significant decline of slope gradients. By combining the dam slopes of 
the OFRs with water depth observations, we estimated the construction depth (H). Subsequently, current water 
depth was obtained using drone-derived Digital Surface Models (DSMs), calculating the elevation difference 
between drone-derived OFRs and water surface boundary. Once the OFR morphology was fully constructed, the 
water storage was calculated based on area-storage and depth-storage methods using the 3D volume module in 
Arcpy. The derived water storage agrees well with in situ observation (R2: 0.99) using slope gradients, reaching 
an overall accuracy of 95.2 %, with a root mean square error (RMSE) and a mean absolute error (MAE) of 
2785 m3 and 1820 m3, respectively. Notably, discernible fluctuations in water storage were observed during the 
main irrigation phases, highlighting the essential role of OFRs in promoting equitable water resource distribution 
and enhancing irrigation water management. This integrated approach offers a robust solution for monitoring 
and managing water storage dynamics in agricultural areas.

1. Introduction

The development of irrigated agriculture has significantly contrib
uted to ensuring sustainable agricultural development, national food 
security, and ongoing economic progress (Ali et al., 2007; Chen et al., 
2018; Godfray et al., 2010; Tilman et al., 2011). Nonetheless, extensive 
water use remains a pressing issue, hindered by the limited storage and 
effective reuse of existing water resources. Therefore, there is an urgent 
need to enhance the management of agricultural water resources 
(Vörösmarty et al., 2005) and establish efficient irrigation facilities. 
Thus, on-farm reservoirs (OFRs), small man-made irrigation structures, 
have gained prominence in various irrigation areas (e.g., Africa, India, 
Brazil, America, etc.) (Ghansah et al., 2018; Perin et al., 2022; Pinhati 

et al., 2020; Sanfo et al., 2017; Schuol and Abbaspour, 2007; Vanthof 
and Kelly, 2019; Venot and Krishnan, 2011). OFRs regulate the spatio
temporal distribution of rainfall or other water resources (Lankford 
et al., 2023; Perin et al., 2021). However, there is a lack of effective 
estimates of water storage dynamics in OFRs, hampering comprehensive 
analysis of their efficacy. Consequently, there is a need to formulate an 
accurate technique for measuring water storage to understand the po
tential availability of water within OFRs, alleviate drought impacts 
(Lankford et al., 2023), and ultimately optimize water resource man
agement (Wu et al., 2021).

Previous studies have predominantly focused on delineating the 
water extent of OFRs rather than seasonal dynamics analysis related to 
irrigation behaviors. Various remote sensing data, including Moderate 
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Resolution Imaging Spectroradiometer (MODIS) (Zhang et al., 2014), 
Landsat (Arvor et al., 2018; Perin et al., 2021), Sentinel (Ma et al., 2020; 
Perin et al., 2022; Pinhati et al., 2020) and Radar data (Annor et al., 
2009; Liebe et al., 2009; Sawunyama et al., 2006) have been utilized to 
extract the water surface area of OFRs. However, these studies have only 
depicted water areas on a large scale (e.g., almost 28,000 ha) (Carroll 
et al., 2009; Crétaux et al., 2011; Gao, 2015; Liao et al., 2014) and failed 
to capture the distinctive features of small OFRs (i.e., 1–10 ha) for their 
size and widespread distribution (Downing, 2008; Liebe et al., 2009). 
Subsequently, the fusion of multisource data and time-series analysis 
with water indices has demonstrated noteworthy effectiveness (Arvor 
et al., 2018). In the context of small-scale OFRs, augmenting spatial 
resolution (Perin et al., 2022; Pinhati et al., 2020), adopting 
object-oriented extraction techniques (Im et al., 2008; Lee and Warner, 
2006; Myint et al., 2011) and conducting seasonal dynamics analysis 
contribute to substantial enhancement in identification.

Furthermore, previous studies have overlooked the vertical dimen
sion characteristics of OFRs to some extent, particularly dam slopes, 
which are important for smaller OFRs. Prevailing statistical methodol
ogies have primarily focused on predicting water storage, emphasizing 
the correlation between water surface area and water storage among 
different OFRs (Liebe et al., 2005; Pinhati et al., 2020; Sawunyama et al., 
2006). An eco-hydrological model to integrate both inflow and outflow 
quantities for calculating water storage has been employed previously 
(Amisigo et al., 2008; Li et al., 2009; Schuol and Abbaspour, 2007; 
Wisser et al., 2010). Nonetheless, these methods are significantly 
hampered by storage-area assumptions and in-site measurements. 
However, direct measurement of water storage is pivotal for optimized 
water availability by integrating precise water surface area, dam slope, 
and water depth (Busker et al., 2019; Gao, 2015). Slope gradients and 
water depth detection for OFRs have been disregarded in earlier studies, 
particularly on smaller water extents, necessitating extensive on-site 
bathymetric surveys to calculate water storage (Liebe et al., 2005). 
Propelled by sensor advancements, water depth simulations increas
ingly rely on diverse sensing data types, such as laser Lidar data (e.g., 
ICESAT-2), DEMs, and ground observations. Water storage was esti
mated for large OFRs using multiperiod water depths and linear 
extrapolation (Tseng et al., 2016) or identifying the siltation gradient for 
dam storage (Huang et al., 2021). However, these approaches are 
restricted by both the size and track of time-series elevation observations 
for most small-scale OFRs. Thus, few studies have obtained the slope 
gradient or distinguished slope types for OFRs.

Hence, monitoring water storage is still a challenging task for small 
on-farm reservoirs (OFRs). Due to the limitations of LiDAR surveys, 
which often cannot cover empty OFRs, obtaining local 3-D topography 
for small-scale OFRs remains challenging (Fuentes et al., 2021). It 
potentially leads to considerable uncertainty (Li et al., 2020), particu
larly when retrieving water storage of OFRs characterized by slight 
variations in water surface area but varying water depths (Khandelwal 
et al., 2017). Moreover, an assumption of the relationship between 
water surface area and water storage or water depth and water storage 
from all OFRs is difficult to reflect the accurate water storage for each 
OFR.

Thus, the primary objectives of this study are: (1) to propose a frame 
to monitor the water storage for OFRs by integrating high resolution 
remote sensing, drone-derived data, and ground observations data. (2) 
to develop a method to obtain water depth for OFRs based on the slope 
gradient change detection. (3) Water storage estimation and dynamics 
change analysis could support agricultural water management in arid 
and semi-arid regions, where small OFRs play a vital role in mitigating 
drought and enhancing irrigation efficiency.

2. Study area and datasets

2.1. Study area

Our study is centered on the Hetao Irrigation District (HID) in arid 
and semiarid regions of China (Fig. 1). The annual precipitation is about 
172.3 mm, and maximum daily average temperature is about 28.8 ℃ 
(2023). The HID is one of important agricultural production zones in 
China (Cao et al., 2023). The Yellow River and local rainfall have been 
regarded as the mainstays for irrigation in arid and semi-arid regions. 
However, these water resources in dry period, particular in extreme 
drought and high temperature events, cannot provide timely sufficient 
water for normal crop growth. Recently, OFRs have emerged as a sup
plementary component in agricultural irrigation (Perin et al., 2021, 
2022; Wu et al., 2021). These OFRs are designed to harness rainfall 
storage during wet periods, ensuring a consistent water supply for 
farming needs during dry periods. Consequently, accurate water storage 
and dynamics estimation in these OFRs enables a better understanding 
of their capacity to support farmland irrigation during drought periods 
and reduces reliance on groundwater, thereby significantly improving 
irrigation water management.

2.2. On-farm reservoirs

We collected survey data for ten specific OFRs within the irrigation 
domain (Table 1). The construction details of these ten OFRs were ob
tained from the City Agriculture and Animal Husbandry Bureau of 
Bayannur, Inner Mongolia. The construction data of ten OFRs have been 
obtained from preserved construction blueprints. The acquired survey 
data (i.e., geographical location, dam slopes, and construction depth) 
was used to derive the simulated bottom morphology of these OFRs for 
validation.

2.3. Multispectral drone data

Given the small OFRs, we prioritized obtaining high-resolution and 
actionable data during our aerial surveys rather than initially relying on 
remote sensing data. UAV surveying has proven effective in generating 
high-resolution DSMs and detailed, geo-referenced multispectral 
orthomosaics, enabling applications in terrain analysis and other fields 
(Eisenbeiß, 2009; Mancini et al., 2013). For this purpose, we utilized a 
DJI Mavic 3 drone to capture multi-spectral images, which included 
Green, Red, Red Edge, and Near Infrared (NIR) spectral bands. The 
drone was flown at a height of 40 m, enabling comprehensive coverage 
of the entire water surface area of each OFR and their surrounding 
cropland zones, which primarily benefit from the irrigation provided by 
the OFRs. Then, we obtained multi-spectral data at an impressive 
0.1-meter resolution and point cloud data was captured to facilitate 
detailed 3D modeling and analysis. To process the captured images, we 
employed Pix4Dmapper software (https://www.pix4d.com/), which 
allowed us to generate both multi-spectral mosaic data, point cloud data 
and Digital Surface Models (DSMs), each maintaining the exact high 
0.1-meter resolution. The fine resolution of this data is crucial for 
accurately monitoring and assessing the small-scale variations of both 
water surface area and water depth in the OFRs, ensuring effective water 
resource management and analysis of the OFRs.

2.4. Satellite data

We collected Gaofen-2 (GF-2) and Gaofen-6 (GF-6) images, parts of 
the high-resolution optical earth observation satellite series. As 
explained by Huang et al. (2018), GF-2 delivers 1-meter resolution pan 
imagery and 4-meter hyperspectral imagery, including five spectral 
bands: panchromatic, blue, green, red, and near-infrared. We obtained 
48 GF-2 and 16 GF-6 images spanning the study area (Fig. S1). The 
captured images are predominantly between February and June 2022 
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and exhibited less than 10 % cloud cover. Radiometric calibration was 
executed using parameter files released by the China Center for Re
sources Satellite Data and Application (https://data.cresda.cn/#/h 
ome). Subsequently, the atmospheric correction was performed using 
fast line-of-sight atmospheric analysis of spectral hypercubes (i.e., 
FLAASH method). Then, we conducted rational polynomial coefficient 
(RPC) orthorectification and multispectral image fusion using nearest 
neighbor diffusion (NNDiffuse) on the corresponding panchromatic 
images. Finally, heightened GF-2 and GF-6 multispectral images were 
derived with 1 m and 2 m resolution, respectively. To rectify the geo
metric biases of time-series GF-2 and GF-6, we utilized Sentinel-2 
products from Google Earth Engine (GEE) as georeferenced data.

2.5. Ground data

Ground observations of water depth are essential for validating the 
derived water surface area and storage estimates. In 2022, we measured 
using liquid-level meter devices across five sample OFRs, totaling 25 
monitoring points (Fig. 1b), at ten-day intervals. Additionally, in 2024, 
we expanded our observations to include 40 measurements across 
twenty OFRs during two more intervals. The direct-contact devices 
consist of two parts: a submersible unit that calculates water depth based 
on water pressure and a digital display instrument that shows real-time 
measurements and allows for calibration and other operations. Before 
observation, we calibrated the instrument using a 1-meter-deep bucket. 
After calibration, we conducted field measurements, covering April 4 to 
May 14, 2022, across five OFRs, as well as April 4 and July 26, 2024, 
across twenty OFRs.

3. Methodology

This study introduces an innovative framework designed to achieve 
water storage estimation for OFRs by distinguishing slope gradients 
using high-resolution Digital Surface Models (DSM) from DJI Mavic3 
Multispectral Drone data. First, we obtained the water boundary (WB) 
using the Gaussian Mixture Model (GMM) and threshold segmentation 
method (Fig. 2a). Then, we delineated the dam slopes and construction 
depth (H) of the OFRs, along with their potential slope zone (PSZ) 
(Fig. 2b). Subsequently, we determined the current water depth based 
on Digital Surface Models (DSMs) processed by Pix4Dmapper software 
using drone-derived OFRs boundary and water boundary (WB), as well 

Fig. 1. Illustration of the study area of on-farm reservoirs (OFRs) in Hetao Irrigation District (HID), China. (a), shows the water distribution within the study area, 
including waterways, rivers, lakes or huge reservoirs, and OFRs, with enlarged views of selected OFRs for validation. (b), presents the daily temperature and pre
cipitation data from the meteorological station (40.77◦N, 107.4◦E) from February to October.

Table 1 
Basic construction information for ten OFRs.

Id Latitude Longitude Slopes Construction depth

OFR− 3 40.98◦N 108.65◦E 1: 3.0 3.0 m
OFR− 6 40.56◦N 107.29◦E 1: 2.0 2.5 m
OFR− 8 40.94◦N 108.55◦E 1: 3.5 3.5 m
OFR− 10 40.86◦N 106.87◦E 1: 5.0 3.0 m
OFR− 13 40.99◦N 108.80◦E 1: 2.5 4.0 m
OFR− 14 40.93◦N 108.52◦E 1: 2.5 3.5 m
OFR− 15 41.26◦N 107.64◦E 1: 2.5 3.0 m
OFR− 18 41.03◦N 108.20◦E 1: 3.0 1.5 m
OFR− 19 40.99◦N 108.64◦E 1: 3.0 2.5 m
OFR− 20 40.97◦N 108.83◦E 1: 2.5 2.7 m
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as construction depth (H) (Fig. 2c). As illustrated in Fig. 2d, we recon
structed the water storage and dynamics using area-storage and depth- 
storage strategies, respectively. Finally, the accuracy of water storage 
was validated using ground observations and construction data (Fig. 2e).

3.1. Water area extraction

We obtained the water boundary (WB) and potential slope zone 
(PSZ) using the Gaussian Mixture Model (GMM) (Gupta and Sortrakul, 
1998) and buffer tools in MATLAB. First, we derived the water boundary 
using an automatic threshold from GMM (Fig. 3). Considering the 
functional characteristics of OFR, it should ideally be surrounded by 
farmlands to meet irrigation needs. Thus, a region measuring 0.2 square 
kilometers centered on OFRs was extracted to guarantee the accuracy of 
water extraction using the threshold method. This method maintains 

only two easily distinguished types (i.e., water and farmland), thereby 
excluding the influence of other land cover types. Then, we computed 
normalized difference water index (NDWI) (McFeeters, 1996) with 
0.1 m resolution for drone-derived data to facilitate further water sur
face area extraction using Eq. (1). The NDWI histogram exhibits a 
bimodal distribution, representing the foreground (water) and back
ground (non-water) pixels. Threshold segmentation is commonly used to 
extract water pixels and map water surface areas, employing methods 
such as histogram analysis and clustering. In this study, the two-peak 
NDWI was categorized into two different types using GMM method, 
and the mean value of each kind was calculated, i.e., NDWIT1, NDWIT2. 
Then, we plotted the probability density curve between NDWIT1 and 
NDWIT2 and found the valley point to be an optimistic threshold for 
identifying WB and PSZ. The NDWI below the threshold was depicted as 
surface water, and then the maximum boundary using boundary tools in 
MATLAB was seen as WB. 

NDWI =
ρNIR − ρGREEN

ρNIR + ρGREEN
(1) 

3.2. Slope gradient and construction depth

The water storage capacity is closely related to the slope character
istics, making the effective identification of different OFR slopes critical 
for accurate water storage calculations. To determine the boundaries of 
the OFRs, we analyzed slope gradient variations across different po
tential slope zones (PSZs). We set buffers ranging from 2 m to 8 m in 
increments of 0.1 m and observed where the slope exhibited a signifi
cant reduction in MATLAB, corresponding to the horizontal distance. As 
the buffer expanded, flat areas such as bare soil and farmland sur
rounding the OFR were included, causing a noticeable decrease in slope 
gradients.

The dam slopes of the constructed boundaries were automatically 
computed considering the first significant decline of slope gradient from 
high-resolution drone-derived Digital Surface Models (DSMs) data 
(Fig. 4). We assumed that the dam slopes along the edges of OFR dams 
remain at a fixed value due to their regular slope forms in all sur
rounding directions. Hence, the slopes of each dam segment also effec
tively represent the overall slope of OFRs. In this study, using a drone- 
derived DSMs at a resolution of 0.1 m, the mean slope (i.e., the 
percent slope using the Slope tool in ArcGIS 10.2) was measured across 

Fig. 2. The overall framework for quantifying the water storage of on-farm reservoirs (OFRs) in Hetao Irrigation District (HID). (a) Extracting water area; (b) 
calculating dam slopes and construction depth; (c) deriving current water depth; (d) estimating water storage; and (e) validating the derived water storage products.

Fig. 3. Depiction of water surface area extraction method. A Gaussian Mixture 
Model (GMM) was used to map water boundary (WB) from drone-derived 
NDWI for OFRs. T1 and T2 represent different categories, while P1 and P2 
denote the two peaks of the probability density curve.
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the maximum potential slope zone (PSZ), from the edges close to the 
water boundary (WB) to those near the boundary of OFR. The first 
decline in mean slope gradients corresponds to the crest of the dam, and 
the slope before the decline was considered the dam slope for the OFR. 
The percent slope is the inclination of the slope that will be calculated as 
a percent rise as Eq. (2). 

Slopepercent =
VerticalHeightChange
HorizontalDistance

× 100% (2) 

Using such boundary information, along with previously identified 
slope profiles and water depth ground observations, the construction 
depth (H) for OFRs can be easily derived as Eq. (3). 

H = depth+Buffer × Slopepercent (3) 

3.3. Water depth estimation

We extracted the current water depth during the monitoring period 
using drone-derived point cloud and Digital Surface Models (DSMs) data 
by analyzing the disparity in elevation between the current water sur
face and the constructed boundary using MATLAB and PyCharm code. 
First, individual pixels were categorized into two groups (i.e., ground 
pixels or water surface pixels) clipped by OFRs boundary and water 
boundary (WB), respectively. Thereafter, we computed the average 
elevation within buffer areas for each type (i.e., MeanHg, MeanHw) 
using DSMs. To avoid the impact of water boundary recognition errors, 
we shrank the water surface inward by 0.5 m and calculated the average 
elevation of the water surface. Finally, the current water depth 
(Depthw,current) was derived using construction depth (H) as Eq. (4). The 
water depth can also be estimated the same way from Lidar data. 

Depthw,current = H − (MeanHg − MeanHw) (4) 

3.4. Water storage estimation

We estimated the water storage of twenty OFRs in the Hetao Irri
gation District (HID), which relies on derived dam slopes, construction 
depth, dynamics of water surface area, and current water depth. We 
automatically utilized a 3D module to create a unified 3D model in 
Arcpy for the water storage of each OFR. Two methods were utilized to 
calculate water storage: the area-storage method and the depth-storage 
method. For the area-storage method, the changes in water storage were 
estimated using dam slopes and remotely sensed water surface area 

dynamics. The depth-storage method determined water storage changes 
based on dam slopes and water depth dynamics derived from drone 
measurements.

3.5. Accuracy assessment

Using drone-derived DSM data, we evaluated the water storage es
timates from the second observation in July 2024 by comparing them 
with ground-referenced water depth and OFR construction data ob
tained from the first measurement in April 2024. To assess the accuracy 
of the results, we compared them with field measurements from a total 
of twenty OFRs distributed across the entire irrigation district. The 
evaluation metrics included R-squared (R²) and Overall Accuracy (OA), 
illustrating the accuracy and reliability of the drone-based storage 
measurement method for OFRs and demonstrating its general applica
bility in diverse conditions.

Due to the previous evaluation not accounting for the actual 
morphological factors of the OFRs, we further assessed the derived water 
storage using on-site water depth measurements and constructed data 
from ten typical OFRs. Unlike the first validation, this assessment uti
lized construction data from institutional survey data, accurately 
reflecting the actual construction conditions. First, we measured water 
depth using the direct-contact devices in April and July 2024 to establish 
the ground truth water depth, respectively. This data was then combined 
with survey information, including dam slopes, construction depth, and 
maximum or minimum water surface area, to calculate the actual water 
storage for two monitoring periods. The estimated values were 
compared with the field measurements using Mean Absolute Error 
(MAE), Root Mean Square Error (RMSE), R-squared (R²), and Overall 
Accuracy (OA) to assess the accuracy and reliability.

4. Results

4.1. Water surface area and water storage of OFRs

Recently, OFRs have become increasingly prevalent and widely 
distributed in the Hetao Irrigation District (HID) for irrigation purposes 
(see Fig. 5). The twenty OFRs analyzed encompass a total water surface 
area of 580,695 m² and a potential storage capacity of 1,160,009 m³ . 
Our findings indicate that OFRs with larger water surface areas and 
greater storage capacities yield lower error rates. In the accompanying 
figures, the size of the circles represents the water surface area of each 
OFR, while the color denotes the maximum storage capacity. Notably, 
among OFRs with similar surface areas, those exhibiting steeper slopes 
generally have a higher potential storage capacity than their counter
parts. This observation suggests that applying a simple global linear 
relationship for calculating water storage across different OFRs may not 
be appropriate. Thus, accurately estimating the dam slopes of OFRs is 
critical for reliable water storage assessments. Additionally, the con
structed OFRs, established after 2020 (obtained from historical images 
in Google Earth), are predominantly located in the eastern region, 
farther from the main canal systems. In contrast, most existing OFRs are 
closer to these water networks. To improve irrigation storage in more 
inland areas where canal access is limited, future OFR construction 
should focus on achieving a broader distribution in regions with limited 
canal accessibility.

4.2. Dynamic water storage in HID

Two periods of water storage monitoring were conducted for the 
OFRs before and after the irrigation season, revealing significant dif
ferences in water storage variations among the OFRs. The observed 
changes in irrigation water storage ranged from 2 % to 50 % across the 
two monitoring periods. As illustrated in Fig. 6, the x-axis is arranged 
from left to right in ascending order of water storage change relative to 
their maximum capacity. The variation in each OFR reflects the 

Fig. 4. Illustration of OFR slope gradients. The buffer represents the horizontal 
direction, with the first obvious and continuous decline corresponding to the 
OFR boundary, used to identify the largest potential slope zone (PSZ) and then 
calculate the dam slopes by considering slope gradients. The enlarged inset 
shows the process of determining the boundary by setting different buffers.
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flexibility of these on-farm reservoirs (OFRs) in supporting irrigation 
needs. Different crops planted at various agricultural stages and 
different locations require flexible water usage, and the presence of 
OFRs effectively meets this irrigation demand. Field surveys also showed 
that these OFRs are integrated with water and fertilizer management 
policies, which contribute to efficient water-saving irrigation and pro
mote crop growth by delivering water as needed. Moreover, a substan
tial variation was observed with a maximum fluctuation of about 50 % 
in the water storage of the OFRs across different temporal periods, 
indicating the significant role of these OFRs in supporting irrigation 
water needs during the growing season.

4.3. Accuracy and uncertainty

Based on the OFR models established using the first round of drone 
data and field water depth observations, the second round of drone- 
based water storage estimates showed a high consistency with ground- 
truth measurements (Fig. 7a). The high R² values indicate the stability 
of the drone-based OFR water monitoring method. The extracted 
boundary information accurately reflected the morphology of OFRs, 
with an overall accuracy of 94.7 %. However, some OFRs exhibited 
lower accuracy due to limited water storage and interference from 
surrounding vegetation, which affected the precision of water boundary 
identification and, consequently, led to a lower accuracy in water stor
age estimation.

The accuracy assessment suggests that the water storage estimation 
performs well in ten typical OFRs (Fig. 7b). The measured water depth 
using the direct-contact devices was used to establish the ground truth 
water storage, combined with survey data. The overall accuracy of water 
storage reached 95.2 % with an R2 of 0.99, a root mean square error 
(RMSE), and a mean absolute error (MAE) of 2785 m3 and 1820 m3, 
respectively. Moreover, drone-based water storage monitoring methods 
offer higher accuracy than traditional remote sensing approaches. Pre
vious water storage exhibited errors ranging from − 23 % to + 15 % 
(Sawunyama et al., 2006) and an error of approximately 2.5–10 % 
(Fuentes et al., 2021). In contrast, our estimation achieved overall ac
curacy surpassing 95 %.

5. Discussion

5.1. Sensitivity of the threshold to separate slope types

Distinguishing between gentle and steep slopes is essential for 
minimizing errors in estimating water storage, particularly for small 
OFRs (Fig. 8). Previous research often assumed gentle slopes for all 
OFRs, using either a generalized V-A relationship (Liebe et al., 2005; 
Pinhati et al., 2020; Rodrigues et al., 2011) or one based on OFR size 
category (Vanthof and Kelly, 2019). However, this approach overlooked 
the significant storage miscalculations, particularly for small OFRs with 
steep slopes or irregular shapes, where resolution interference further 
amplifies inaccuracies. We established a criterion whereby an OFR is 
classified as having a gentle slope if the horizontal water surface 

Fig. 5. The spatial pattern of all the on-farm reservoirs (OFRs) in Hetao Irrigation District (HID). OFRs with steeper slopes are visually indicated by pentagon stars. 
The color represents the size of the potential water storage (light, dark red), and the dot size means the water surface area. The light color represents a small potential 
water storage, while the dark one is for a larger section.

Fig. 6. Two periods of water storage and maximum storage for each on-farm 
reservoir (OFR). (a), The cumulative bar chart shows the water storage for 
two periods and the maximum water storage. Pink represents the water storage 
from the first period, yellow represents the water storage from the second 
period, and blue indicates the maximum water storage for each OFR. The black 
line represents water storage fluctuations from April to July 2024. (b), a 
waterfall chart displaying the water storage for two periods and total 
water storage.
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distance equals or exceeds the spatial resolution (e.g., 0.1 m for drone 
data) with a 1 % change in water depth relative to the construction 
depth. Adjusting this threshold to a 2 % change per 0.1 % in water depth 
further assessed the impact on storage estimation errors. Our analysis 
demonstrated a significant increase in error rates when the area-storage 
method was applied indiscriminately to all OFRs, peaking when all were 
categorized as having gentle slopes. In contrast, a method-based clas
sification that accurately distinguishes slope types yielded lower error 
rates. This highlights the critical importance of accurately identifying 
slope types, especially when using coarse-resolution remote sensing 
imagery, where the discrepancies in storage estimation errors are pro
nounced. While high-resolution drone imagery reveals less variation in 
errors (i.e., about 1 %), it still results in a declining trend in accuracy. 
Conversely, remote sensing data exhibits a much greater divergence in 
error rates, reinforcing the need for precise slope classification.

5.2. Compared with results using remote sensing data

We proposed an effective framework incorporating slope gradients to 
estimate water storage and dynamics in OFRs using drone-derived data. 
However, water surface area monitoring can also be conducted using 
remotely sensed data. The water surface area dynamics of the OFRs 
during the growing season (February to June) depicted in the HID in 
2022 using remotely sensed data, demonstrating the distinct seasonal 
dynamics in irrigation practices. Notably, the fusion of GF-2 and GF-6 
satellite imagery, facilitated by an object-based method using eCogni
tion Developer 8.9 software, delivered accurate water surface area 
estimation for small OFRs. The extracted water surface area is based on 
an object-based method, achieving a RMSE and a MAE of 1303 m2 and 
1027 m2, respectively. Compared with the water extraction method 
used in previous studies (i.e., lower overall accuracy below 95 %) 
(Table 2), our findings show an overall accuracy of 96.6 % with signif
icantly improved accuracy.

The water surface areas tightly reflected water storage of OFRs. The 

Fig. 7. Validation of water storage for reconstruction of OFRs based on a drone-based measurement (a) and survey data (b). The truth storage of OFR was based on a 
drone-based method and ground truth depth measurement among a total of twenty OFRs in (a); on the contrary, the truth storage of OFR was based on surveyed data 
and ground truth depth measurement among ten specific OFRs in two different time periods in (b). Solid points incorporate the estimation in April 2024, while 
hollow points represent the estimation in July 2024.

Fig. 8. Sensitivity analysis of the method with respect to the threshold for distinguishing slope types. The x-axis represents the percentage of water depth change 
relative to the total construction depth under the minimum detectable change in water surface conditions (i.e., larger than spatial resolution), used for classifying 
slope types of OFRs. As the x-axis expands, indicating less stringent classification criteria, more p-OFRs can be reclassified as d-OFRs for calculating water storage. In 
the current approach, p-OFRs are analyzed using the depth-storage method, while d-OFRs utilize the area-storage method.
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overall accuracy of water storage, based on drone-derived water surface 
area with a 0.1 m resolution, reached 95.2 % with an R2 of 0.99. The 
reconstructed water storage of d-OFRs using remote sensing data with a 
1 m resolution also showed better agreement with the ground observa
tion data, with an accuracy of 89.2 %, although lower than that of the 
drone-derived method. Despite limitations in resolution, quality of im
ages, and cloud coverage, water surface area based on remote sensing 
data can still serve as a valuable supplement to drone-based water 
storage monitoring of OFRs, particularly due to its cost-effectiveness and 
regular revisit.

5.3. Importance and prospects

The fusion of drone-derived and remotely sensed monitoring plays 
an essential role in assessing water storage for OFRs. This approach 
provides rapid and regional-scale estimation while significantly 
reducing costs and labor demands compared to traditional methods 
(Ghansah et al., 2022; Sawunyama et al., 2006). Extensive water use is 
an impending concern, underscoring the need for effective water 
resource management (McDonald et al., 2011; Zhao et al., 2018). OFRs 
play a notable role in this landscape, with their capacity to control and 
regulate rainfall accumulation becoming increasingly crucial (Cheng 
et al., 2008; Downing, 2008; Li et al., 2010, 2020). Water storage has 
gained prominence in various interdisciplinary domains, including 
agriculture, hydrology, and meteorology (Nagaraj et al., 2021; Zhang 
et al., 2022).

With the availability of high-resolution drone imagery and remote 
sensing data, our approach can be extended to other regions and applied 
over an extended time series. However, there are some limitations to 
consider when monitoring regional water storage. Firstly, our method 
combines drone data with ground-based measurements from a single 
period to accurately determine construction depth. Alternatively, the 
construction depth can also be obtained directly through field mea
surements. This dependency restricts its applicability in regions where 
such prior data is unavailable. Since water storage in OFRs is rarely 
depleted or fully utilized in the short term, obtaining precise construc
tion data through remote sensing or drone data alone is challenging 
(Fuentes et al., 2021). Consequently, our method requires specific data 
inputs to estimate water storage accurately. Moreover, the water depth 
from LiDAR data is challenged by the relatively small size of OFRs, 
which may result in missing data and insufficient track coverage during 
the monitoring period. It is, therefore, essential to explore alternative 
methods for timely and efficient water depth acquisition that do not rely 
solely on LiDAR or high-cost drone data. In summary, while the 
drone-based method allows for high-frequency monitoring, it comes 
with higher costs, and remote sensing methods are limited by precision 
and coverage issues. However, integrating data from both sources offers 
the potential for high-resolution, cost-effective monitoring that could 
enhance regional water storage assessments. In the future, higher reso
lution remotely sensed multi-spectral and DSMs images or covering 
LiDAR data can be replaced in such a method that it is easy to monitor 
the water storage of OFRs.

6. Conclusion

On-farm reservoirs (OFRs) are crucial in seasonal irrigation within 
arid agricultural regions, providing practical and cost-effective solutions 
to address seasonal drought challenges. Hence, accurately assessing the 
water storage dynamics of OFRs has become a pressing concern in water 
management research. This study departs from the conventional prac
tice of employing generalized statistical correlations for water storage. 
Distinguishing our work from earlier studies on OFRs, we introduced a 
methodology that mitigates errors originating from area-storage as
sumptions by ascertaining the slope gradient of individual OFRs using 
drone-based and remotely sensed data. Our findings underscore the 
pivotal role of incorporating drone-derived slope gradients and water 
depth to enhance water storage estimations in small, size-constrained 
OFRs. Moreover, the fusion of high-resolution drone and satellite im
agery yields remarkable accuracy in water storage estimation for OFRs. 
Our approach proposes a water storage monitoring method, aiming to 
understand the seasonal irrigation pattern of OFRs deeply in irrigation 
districts. Furthermore, our methodology can be expanded to encompass 
diverse regions and a broader period, providing valuable insights into 
water storage dynamics and helping alleviate seasonal drought 
challenges.
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