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Abstract: Irrigation return flow (RF) is a critical component of the water cycle in an agricultural
watershed, influencing the flow regime of downstream river. As such, it should be accurately
quantified when developing water resources management plans and practices. Although many
studies have proposed ways to quantify RF, uncertainty in RF estimates has not been determined to
improve reliability and credibility. This study examines how conceptual (CON) and physically-based
(PHY) parameterization approaches affect RF uncertainty. Results showed that PHY had a smaller
amount of RF uncertainty compared to CON, as parameters of the PHY approach could be regulated
based on their physical meanings. This study also found that the application of constraints created
based on the relationship between the conceptual parameter and physical characteristics of irrigated
plots could effectively reduce RF uncertainty made using the CON approach. This study demonstrates
the benefits of the physically-based parameterization approach and the application of constraints on
conceptual parameters to RF estimation.

Keywords: irrigation return flow; uncertainty; drainage routing schemes; ungauged watersheds;
physically-based parameter; conceptual parameter

1. Introduction

Irrigation water supplied from sources such as reservoirs, pumping stations, and tube wells may
not be consumed in plots and rather may directly discharge into drainage canals and downstream
streams. Such water is known as irrigation return flow (RF), affecting the flow regime of the downstream
rivers [1–6]. RF is an important part of the water balance of a watershed and a critical factor requiring
consideration when developing water resources management plans and practices, determining the
operation rule of irrigation systems, and assessing environmental water use [7–9]. The quantification
of RF is often complicated with human activities such as irrigation and farm management as well as the
variations of rainfall and temperature. This is particularly the case for ungauged watersheds [8,10,11].

RF can be quantified using monitoring and modeling approaches. Previous studies have estimated
RF by measuring the amount of water irrigated, infiltrated, and drained during the nonrainy season,
assuming that RF should be negligible during rainy days [12–14]. However, other studies have reported
that a large amount of RF may discharge into rivers during rainy days from watersheds in which
irrigation water is heavily used [6,8,15]. Such a finding suggests that for accurate RF estimation,
routing processes of irrigation water in an extensively irrigated watershed should not be ignored on
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rainy days. A modeling approach has been recommended to effectively differentiate runoff by rainfall
and RF by irrigation in runoff drained from a plot [3,16,17].

RF can be estimated by simulating the overall water balance, which consists of rainfall, irrigation,
surface drainage, evapotranspiration, and infiltration. Surface drainage is a key variable for quantifying
RF, and two parameterization schemes are commonly used to describe surface water drainage processes:
conceptual and physically-based approaches. The conceptual approach (CON) employs parameters
that are conceptually defined (rather than physically) using the linear reservoir theory [11,18–21].
On the other hand, a physically-based parameterization approach (PHY) represents the drainage
processes using the broad-crested weir equation [3,7,22–25].

Parameterization schemes have their own strengths and weaknesses in terms of complexity,
accuracy, and uncertainty. Even when there are no drainage observations for calibration, for instance,
the parameter values of PHY may be accurately estimated from their physical meanings. In contrast, it
can be difficult to reasonably determine the values of conceptual parameters without calibration due
to the scale-dependency of system heterogeneity and nonlinearity [26]. In the case of an ungauged
watershed, the applicability of conceptual parameters has not received sufficient systematic analysis to
guide the selection of approaches.

This study evaluated the applicability of conceptual and physically-based parameterization
approaches for estimating RF of ungauged watersheds. The accuracy and uncertainty of RF estimates
made using the two approaches were compared to each other. We also discuss how expert knowledge
can help refine the value range of a conceptual parameter, aiding the reduction of uncertainty in the
conceptual approach [27,28]. This study demonstrates how hydrological reasoning can be instrumental
in reducing the uncertainty for ungauged watersheds.

2. Estimation of Irrigation Return Flow

2.1. Mathematical Representation of Irrigation Return Flow

RF is defined as the amount of irrigation water that is directly drained or infiltrated rather
than consumed by plants in a plot, eventually returning to downstream water bodies and/or
aquifers [1,3,16,17]. RF can be divided into two components:

RFt = QRFt + DRFt (1)

where QRF is quick return flow (mm) drained from the ground surface including irrigation and
drainage ditches; DRF is delayed (irrigation water) return flow (mm) infiltrated in paddy fields and
later discharged to the stream [16,17]; and t is the time step (day). QRF can be divided further into two
parts based on the places from which they are drained:

QRFt = DMWRt + PRFt (2)

where DMWR is delivery management water requirement (mm); and PRF is quick (irrigation water)
return flow drained through individual paddy field outlets and discharged to drainage ditches (mm).
DMWR is the agricultural water used to maintain a desired water level in irrigation ditches and directly
discharged from the irrigation ditches to downstream drainage canals or streams (Figure 1). The RF
ratio is defined as the ratio of the amount of RF to the agricultural water supplied:

RRF = RQRF + RDRF =
QRF
AWS

+
DRF
AWS

(3)

where AWS is agricultural supply (mm); RRF is total RF ratio; and RQRF and RDRF are the ratios of QRF
and DRF to AWS, respectively.
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Figure 1. Schematic of the water balance in paddy fields; (a) irrigation and drainage block, (b) paddy
field, and (c) field outlet [29].

2.2. Paddy Drainage Model

RF is a part of drainage in a cultivated area. At the paddy block scale, the components of surface
water draining out of the main outlet can be expressed as:

TDRt = DMWRt + PDRt (4)

where TDR is total surface drainage in a paddy block (mm); PDR is paddy field drainage (mm) that is
excess water discharged from paddy fields and collected in the drainage ditch (Figure 1); and t is the
time step (day). In a modeling approach, DMWR can be simulated as a fraction of AWS [5,6,8,15]:

DMWRt = AWSt ×DMCy (5)

where DMC is the delivery management coefficient (fraction); and y represents a year.
It has been reported that DMC varies depending on farming practices and weather

conditions [5,8,15]. When an AWS or irrigation operation is recorded, DMC can be estimated
by calculating the irrigation water requirement [5]. For modeling in ungauged watersheds, DMC can
be assumed from the literature [8].

PDRt can be estimated from the paddy water balance:

PDt = PDt−1 + RAINt + IRt − (PDRt + ETt + INFt) (6)

where PD is the ponding depth (mm); RAIN is the rainfall depth (mm); ET is the actual
evapotranspiration (mm); and INF is the infiltration (mm). ETt can be estimated by multiplying
the reference evapotranspiration by a crop coefficient (Table 1). This study estimated the reference
evapotranspiration using the Food and Agriculture Organization (FAO) Penman–Monteith equation [30]
and the crop coefficient proposed for a Korean rice paddy [8]. INF is dependent of the soil texture of
the paddy field, and thus it was assumed to be constant in this study [31]. PDR was determined by
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the level of the ponded water relative to the height of the paddy field outlet (LH) (mm, Table 1). PDR
occurs only when PD is greater than LH [8,29]:

PDRt = f (Ht) = f (PDt − LHt) when PDt > LHt (7)

PDRt = 0 when PDt ≤ LHt (8)

where H is the depth of flow above the upstream crest of the weir (the water head of the weir)
(Figure 1c).

Table 1. Seasonal crop coefficients and outlet heights of paddy fields in Korea [8,32].

Parameter P.S. T.S.
Growing and Harvesting Season (10-days)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Kc 0.78 0.78 0.78 0.97 1.07 1.16 1.28 1.45 1.5 1.58 1.46 1.45 1.25 1.01 1.01 1.01 1.01
LH (mm) 66.1 80.9 74 57.3 34.6 72.9 67.2 57.7 63.4 67.2 66.1 66.1 66.1 66.1 66.1 66.1 66.1

Kc is crop coefficient, LH is the height of the paddy field outlet, P.S. is a preparation season for transplanting, T.S. is a
season for transplanting.

There are two widely employed parameterization schemes representing the routing function
f (Ht); conceptual and physically-based parameterization approaches.

2.2.1. Conceptual Parameter Approach

A linear reservoir theory linearly relates outflow rate to storage volume using a storage constant,
which is one of the conceptual models widely used in hydrology [33,34]. In this study, the conceptual
parameter approach (CON) assumes a linear relationship between paddy field drainage and the head
(Ht) of water above the outlet weir crest [18,19,29]:

f (Ht) = aHt (9)

where a is a conceptual parameter representing the drainage capacity of a paddy outlet (dimensionless)
(Table 2). The values of a range between zero and one. An upper limit of one means that the amount of
water stored above the outlet weir crest is completely drained in a day [29]. Conversely, the lower
limit of zero is when no water is drained out of the paddy field; this is not a realistic case as the ponded
water always leaks through the levee. As such, the lower limit should always be greater than zero.
In the Tank model developed for Korean irrigation watersheds, which also adopts the linear reservoir
scheme, the lower limit of the coefficient, a for the side outlet of the top layer, is typically set to 0.08 to
represent water leakage [4,35]. Following this assumption, the minimum value of a in CON was fixed
to 0.08 so that a would vary from 0.08 to 1.00.

Table 2. Overview of the conceptual and physically-based parameterization approaches compared in
this study.

Schemes CON PHY

Description Conceptual based parameter approach Physically-based parameter approach
Routing scheme Linear reservoir with threshold scheme Broad-crested weir equation

Calibration parameter a A, K, W
Simulation time step Daily Hourly

a is a conceptual parameter representing the drainage capacity of a paddy outlet, A is the area of a paddy field, K is
a parameter representing the overall flow condition, and W is the weir width perpendicular to the direction of flow.
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2.2.2. Physically-Based Approach

The drainage discharge rate of water at the outlet of a paddy plot can be hydraulically calculated
using the broad-crested weir equation [24,25,29,36]:

Q(Ht) = µtW
( Ht

1000

)1.5
(10)

where Q(H) is drainage discharge (m3/s); µ is a coefficient that represents the combined effects of the
discharge and approach velocity coefficients; and W is the weir width perpendicular to the direction of
flow (m). The combined coefficient, µ is determined using

µt =

√
2g
2

[(
K2
− 1

K2

)(
LHt + Ht

K(LHt + Ht) −Ht

)]0.5

(11)

where K is a parameter representing the overall flow condition, varying from 1.7 for open channel
flow to 2.0 for submerged flow. Both flow conditions are possible in a paddy field. As such, the
parameter was assumed to vary between 1.7 and 2.0 in this study [24]. PHY updates the water balance
calculations with rainfall depth on an hourly basis, and daily paddy field drainage is calculated using
Equation (12):

f (Ht) = 1000

 24∑
h=1

Q(Hh)
3600

A

 (12)

where A is the area of a paddy field (m2). In this study, the value of A was estimated to range between
1800 m2 and 5900 m2, based on 100 paddy plots in the central Korea. PHY assumes that paddy plots in
an irrigation block are homogeneous (i.e., the paddy plots have the same parameter values (A, K, and
W) and water management practices).

2.3. Estimation of Irrigation Return Flow from Paddy Drainage

RF does not include runoff discharge by rainfall but only the drainage of excess water supplied
by irrigation [3,16]. To quantify RF from paddy fields, PDR should be divided into surface runoff

discharges (PRO) and quick return flow (PRF). Modeling is considered the most feasible way to
separate them. In this study, we quantified PRO and PRF based on the following assumptions [3,16,17]:

1. Water is not irrigated (zero IR) within a rainfall event (RAIN).
2. Surface runoff discharge (PRO) is always followed by irrigation water discharge (PRF).
3. Irrigation water ponded in a paddy plot is consumed by ET and INF first, and then water ponded

by RAIN is used.

INF is eventually discharged downstream in the form of groundwater flow, and thus the DRF
amount is assumed to equal INF [12–14].

2.4. Parameter Value Range Selection Using Expert Knowledge

The parameters of PHY are physically defined; thus, their values can be measured in a field or
explicitly adopted from literature, which is desirable when no measurements are available for model
calibration (Table 3). In this study, we measured A from 100 paddy fields using remotely sensed images
and adopted the value ranges of K and W determined for paddy fields located in central Korea from
the literature [8,35]. On the other hand, the parameter a of the CON approach is highly conceptual and
lumped, and as such, its determination may be challenging. The value range of a can be adopted from
the Tank model, but its range is still wide (i.e., 0.08 to 1.00).
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Table 3. Parameter value ranges of the conceptual (CON) and physically-based (PHY) approaches.

Scheme Parameter Definition Min. Max.

Wide-CON a Drainage capacity of a paddy outlet
(dimensionless) 0.08 1

Narrow-CON a Drainage capacity of a paddy outlet
(dimensionless) 0.32 0.91

PHY W Weir width perpendicular to the
direction of flow (m) 0.08 0.8

PHY K Parameter representing the overall
flow condition (dimensionless) 1.7 2.0

PHY A Area of a unit paddy field (m2) 1800 5900

Constraints created from expert knowledge may reduce the range of potential a values.
The parameter a conceptually represents the drainage capacity of paddy field outlets, which is
a role similar to that of the physical parameter W of PHY. For reduced modeling uncertainty, we
attempted to narrow the range of a through inversely determining its values by relating Equations (7),
(10), and (12) to each other:

a =
PDR
H0

=
1000

[∑24
h=1 µhW

( Hh
1000

)1.5 3600
A

]
PD0 + RAIN0 − LH0

(13)

where PD0, RAIN0, and LH0 are the initial condition of ponding depth, rainfall, and outlet height,
respectively. The PD0 value of 35 mm was estimated from the average of ponding depths recommended
for paddy fields [8], and the LH0 value of 65 mm was determined from the average of paddy outlet
heights found in the literature for central Korea [37]. RAIN0 was set to 40 mm, which is the average
depth of daily rainfall greater than 10 mm during the growing season at the Suwon Meteorological
Station: the weather station closest to the study areas. A K value of 1.85 was selected from the average
of the free (2.0) and submerged (1.7) flow conditions, and the A value of 3300 m2 was calculated from
the average of 100 paddy plots. Following this, we found a nonlinear relationship between W and a
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When W varies from 0.08 m to 0.80 m, based on the widths of weirs found in central Korea (Kang,
2015), a varies from 0.32 to 0.91. In the case of CON, the theoretical (0.08 to 1.00) and constrained (0.32
to 0.91) value ranges of a are denoted as Wide-CON and Narrow-CON, respectively (Table 3).

It is worth noting that the constraining parameter space involves subjective and location-dependent
selection processes, which may introduce uncertainty and errors into return flow estimates. For instance,
the values of the terms in Equation (13), including PD0, LH0, and RAIN0, were derived from literature
and records made at a weather station close to the study area. In addition, A was estimated from
paddy fields sampled in the study area. Thus, the values need to be carefully adjusted to reflect the
local field and weather conditions and thus to improve the accuracy of return flow modeling.

2.5. Evaluating Uncertainty and Accuracy

To assess the uncertainty of estimating the RF of an ungauged watershed, we quantified and
compared the size of variations in RF estimates made using the CON and PHY approaches. The values
of the conceptual and physically-based parameters were randomly sampled using a Monte-Carlo
routine. A total of 200,000 parameter value sets were sampled from the uniform distribution bounded
in the predefined ranges (Table 3). The RF uncertainty was quantified as the size of a 95% confidence
envelope (95CI) of RF simulated using the sampled parameter sets:

95CI =
1
m
×

m∑
j=1

Q97.5( j) −Q2.5( j) (14)

where m is the total number of days in the test period, Q97.5( j) and Q2.5( j) are 97.5% and 2.5%
percentiles on a j day. A narrow CI envelope indicates small uncertainty.

We compared TDR estimates to observed TDR to evaluate the performance of the (uncalibrated)
CON and PHY approaches. The accuracy of TDR estimates made using parameter sets sampled
in the Monte-Carlo simulation were evaluated using four performance statistics; the coefficient of
determination (R2), Nash–Sutcliffe Efficiency (NSE) [38], a log-transformed NSE (NSEln) [35,39], and
percentage bias (PBIAS) [40]. Note that the accuracy of RF estimates could not be evaluated due to the
absence of RF observation/reference data for comparison. RF can only be estimated but not measured
from the water balance relationship. As such, RF cannot be quantified without modeling.

3. Study Area and Data

This study was conducted in a 10.3 ha paddy block located in Korea (37◦05’ N, 127◦06’ E). The sizes
of paddy fields in this block range from 1800 m2 to 5900 m2, with irrigation and drainage ditches
located along both its sides (Figure 3). The paddy block is irrigated with surface water released from
the Idong agricultural reservoir, and RF from the block is drained back to the Jinwi river. We monitored
water balance in paddy blocks during the rice growing seasons in 2011 and 2012. Meteorological data
including temperature, wind speed, relative humidity, and solar radiation were obtained from the
Suwon National Weather station, 20 km away from the study area. Rainfall was observed at 10 min
intervals using a rain gauge (tipping bucket type, HOBO Data Logging Rain Gauge, Bourne, US)
placed 2 km away from the study area. Water level was measured every 10 min using ultrasonic
sensors installed at the head and tail of the ditches. These measurements were converted to discharge
using a stage–discharge relationship developed for ditches based on regression analysis [29] (Figure 3).
The observations of DMC and INF were provided to the model as the boundary condition to explicitly
compare CON and PHY approaches. The seasonal variations in LH and crop coefficients were found
in the literature and adopted for this study [2,8,32,37]. Measured drainage was compared to model
predictions to evaluate the performance of uncalibrated parameter approaches.
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4. Results and Discussions

4.1. Uncertainty and Accuracy of Conceptual and Physically-Based Parameterization Approaches

The Wide-CON approach provided large uncertainty (or a wide range of variations) when
predicting daily RF and TDR (Figure 4). The uncertainty in RF (9.31 mm/day) mostly originated from
the PRF (9.28 mm/day). As a result, the RRF of Wide-CON varied from 27% to 83% (Figure 5). On the
other hand, the bandwidth (3.85 mm/day) of RF uncertainty provided by Narrow-CON, constrained
with expert knowledge, was substantially narrower than that of Wide-CON, and RRF ranged from 77%
to 82% (Figures 5 and 6). The PHY approach provided the narrowest RF uncertainty bandwidth of
3.22 mm/day (Figures 5 and 7). However, differences between the RRF ranges provided by Narrow-CON
and PHY were negligible.

It is expected that models with higher complexity may suffer from greater predictive uncertainty,
as stated by Beven [41]: “More complexity means more parameters, more parameters mean more
calibration problems, more calibration problems will often mean more uncertainty in the predictions,
particularly outside the range of the calibration data.” However, we found that prior information of
physically-based parameters (i.e., the value ranges of W, K, and A in this study), could effectively
suppress uncertainty even without any parameter calibration (Figures 5 and 7). In the case of CON,
expert knowledge could reasonably link the conceptual parameter to the feature of a paddy plot and
then effectively constrain its value range based on hydraulic reasoning (Figures 4–6). The Narrow-CON
approach also improved the accuracy of daily TDR modeling compared to Wide-CON (Figures 4–6).
This demonstrates the usefulness of employing expert knowledge in modeling practices. Such findings
are consistent with the previous studies that have demonstrated that topography-driven information
by expert knowledge can increase process realism and predictive power while reducing the need for
calibration in ungauged watersheds [26–28,42].
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The PHY approach yielded higher NSE and lower NSEln values than Narrow-CON (p < 0.001).
However, the top 75% of both Narrow-CON and PHY yielded “good” overall performance statistics
(0.70 < NSE, and |PBIAS| < ± 10) [43]. Song et al. [29] found that the recession curves (or the gradients
( dQ

dt ) after the peaks) of drainage discharge hydrographs simulated using CON and PHY could be similar
to each other when they were calibrated to acceptable levels. This supports the similar performance of
Narrow-CON and PHY in this study. CON can be simulated at both daily and hourly time steps, and
it can be easily combined with existing daily or hourly hydrological models. On the other hand, PHY
works only on hourly or shorter time steps and can be linked to models that simulate hydrological
processes with an hourly time step [29].

4.2. Potential of Conceptual and Physically-Based Parameterization Approaches

The Narrow-CON and PHY approaches reproduced the drainage and RF components with
acceptable performance and low uncertainty statistics. However, both provided many candidate
parameter sets in the Monte-Carlo simulation [27,28]. The identification of the most representative
parameter set from multiple candidates still remains challenging in water resources planning, especially
for ungauged watersheds [44,45]. In such a case, outputs simulated using the candidate parameter sets
are selected as the ensemble members, and their median is often selected to represent the outputs [26].
To investigate the potential of the CON and PHY approaches as a way to predict RRF (total RF ratio)
for ungauged watersheds, this study compared the medians (Narrow-CON-Median and PHY-Median)
of ensemble RF identified from simulating the water balance using the CON and PHY approaches
to RF predicted using the CON and PHY modeling calibrated to the observed TDR (CON-BestNSE
and PHY-BestNSE). For comparison, we added another uncalibrated CON approach that sets a to 1
(CON-a1), assuming that the head of water above the outlet weir crest is completely drained in a day
and thus does not require calibration.

As expected, CON-a1 produced inferior performance statistics than the others in predicting TDR.
Especially, CON-a1 did not predict the low values of TDR accurately (negative NSEln values in Table 4).
Such a poor performance of CON-a1 should be attributed to the fact that the approach does not account
for the delay of runoff or RF caused by the storage of a paddy field (Table 4) [29]. This demonstrates
that the assumption may not be applicable to irrigation blocks or seasons that have significant water
storage capacity. Narrow-CON-Median and PHY-Median could predict the total RF ratio as accurately
as calibrated ones (CON-BestNSE and PHY-BestNSE). This suggests that the ensemble CON and PHY
approaches may be a useful alternative to parameter calibration when measurements are not available
for calibration (Table 4).

Table 4. Performance measures of the uncalibrated, ensemble, and calibrated CON and PHY approaches.

Performance Measures
CON CON Narrow-CON PHY PHY

a = 1 Best
NSE a Median b Best

NSE a Median b

R2 0.79 0.84 0.83 0.86 0.86
NSE 0.69 0.84 0.83 0.85 0.83

NSEln −0.05 0.44 0.56 0.56 0.46
PBIAS (%) 3 3 6 2 5

RRF (%)
2011 86 85 83 84 84
2012 79 77 75 76 77

Entire period 82 81 80 80 81
a The performance of the parameter set for the highest NSE in the all sampled sets; b The performance of the median
of daily uncertainty intervals.

5. Conclusions

This study evaluated the uncertainty and performance of the two parameterization approaches,
PHY and CON, in estimating the RF of an ungauged, heavily irrigated watershed. The physically-based
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approach allowed us to directly measure parameter values at a field or adopt them from literature.
The conceptual approach could take advantage of hydrological reasoning to confine the parameter
space and thus reduce modeling uncertainty. Based on the results presented in this study we could
draw the following conclusions.

1. The results showed that the physically-based parameterization could effectively regulate the
behavior of the RF model and thus produce smaller uncertainty compared to that of the conceptual
approach, suggesting and confirming the potential of a physically-based approach as a way to
effectively reduce modeling uncertainty without parameter calibration.

2. When the value ranges of a conceptual parameter were naively (or simply) defined, the CON
produced wide uncertainty in RF estimates.

3. The conceptual parameter could be reasonably related to the physical and hydraulic characteristics
of a study field, substantially reducing the size of uncertainty in RF estimates to as small as that
of PHY.

4. Narrow-CON and PHY reproduced TDR at similar and acceptable accuracy, and the performance
of the ensemble RF (Narrow-CON-Median and PHY-Median) was comparable to that of the
calibrated approaches (CON-BestNSE and PHY-BestNSE).

Such findings highlighted the potential of a conceptual parameterization approach combined
with expert knowledge as an efficient way to predict the water balance of an irrigation block. These
results exemplify the benefit of physically-based reasoning for modeling ungauged areas.
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