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Abstract— The calculation of runoff is continuously considered a difficult analysis to define specific prediction methods in ungauged
catchments. This leads to the implementation of an observed model to determine curve number (CN) and estimate peak discharge from
ungauged basins. Therefore, this study aimed to modify an experimental NRCS model through fieldwork and conduct sensitivity
analysis for relevant modeling procedures. In the analysis, the assessment of CN required land use, soil, infiltration in situ measurement,
and Hydrological Soil Group (HSG) parameters for the catchment area. The determination of infiltration rate was also initially carried
out using the Horton method (double-ring infiltrometer), accompanied by the evaluation of CN through soil classes and land use
parameters. Based on infiltration rate and soil classification, HSG was significantly defined for the catchment area. The results showed
that the analytical parameters in rainfall-runoff modeling included the Composite Curve Number (SCS-CN (I,/S) with a ratio value of
0.2. This was accompanied by the potential retention maximum (S) of 264.37 mm, with the initial proportional abstraction (I, ) being
52.87 at an assumed preliminary coefficient of 0.2. Therefore, the CN composite estimation was 65.5, and the correlation between P and
Q was evaluated using graph analysis. The trial CN ranging from 39-74 were also significantly considered to optimize the development
models of HEC HMS for the best performance, proving that the improvement of CN was interrelated with discharge.
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Based on the standard conventional CN method, the
I. INTRODUCTION coefficient initial loss is 0.2, considering the differences
between A = 0.2 and A = 0.05 [1]. This shows that the rational
and NRCS models can estimate the surface runoff depth in
each micro sub-basin [2]. The models are also implemented
as observed methods for estimating peak discharge from an
ungauged basin [3,4]. Moreover, CN is an indicator obtained
by the Soil Conservation Service commonly presenting direct
runoff through drainage areas [5]. This indicator is often

(USDA) Soil Conservation Service to empirically represent determined using empirical runoff models with a specific

the average relationship between P and Q, as shown in Fig 1 coptour in a small-area catchment [6]. CN is also anglyzed
(1] using two substances from the standard or approximated

NRCS tables through rainfall intensity measurements and
discharge data analysis [7]. The standard conventional CN
2= method subsequently assumes initial loss (I_a) with a specific
Q@ Z = maximum retention potential (S, mm) [8], proving that
e "rainfall-runoff process affects watershed components,

g ——— including segment, distance across, section, profile, drainage

o model, soil class and vegetation coverage, land usage, and

Fig. 1 Conventional CN model hydrological conditions” [8]. This method is presently

The analysis of ungauged catchments is presently
considered due to inadequate data, with meteorological
modeling providing an alternative solution. This catchment
analysis shows that the runoff calculation remains difficult
when defining specific prediction methods. “In the 1950s, the
curve number (CN) model was developed under the
leadership of the United States Department of Agriculture
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selected due to the frequent implementation of runoff
assessment, using various methods such as soil permeability,
land use, and antecedent moisture conditions, which have
been significantly implemented for river basin analysis [8].
Peak discharge is also determined by spatial-temporal
distribution, precipitation, Tc, and CN to define catchment
characteristics and sink achievement [9]. In the discharge
determination, Tc is considered the time of concentration used
by the water to reach the sink, with the determination of CN
for a watershed requiring land use, soil, and moisture
condition parameters. Furthermore, soil data are commonly
obtained from the local NRCS or stated in hardcopy surveys
[9]. In this context, the surveys prioritize soil categorization
through specific physical characteristics, with CN estimation
requiring relevant land cover mapping. The manual
calculation of CN is also complicated and time-consuming for
large areas or drainage basins, prioritizing the appropriate
analytical significance of mapping through a Geographic
information system [9]. However, the model estimates the
amount of runoff depending on land usage and soil class [10].

Direct runoff is the sum of rainfall quantity, with
precipitation and duration affecting the main ratios between
the potential and actual discharge volume. This runoff model
is equivalent to the ratio between the maximum retention
potential and infiltration volume, leading to a simplified mass
in the equilibrium equations. Based on a previous report, "the
model established a design tool in the 1950s, under the
leadership of the United States Department of Agriculture
SCS” [11]. “The tool empirically prioritized the average
relationship between storm event rainfall (P) and the
corresponding runoff (Q), with the rate of infiltration data
applied in Hydrological Soil Group (HSG) to define CN”
[11]. “Quite a few types of HSG were also observed, namely
A, B, C, and D, with definitions stated in HSG
Characteristics” [11]. Moreover, the original equation
formulation of the CN method is SCS-CN. I,,/S, with I, of
0.2 [11,12]. This modified SCS-CN model used independent
equations through five antecedent rainy days to estimate the
existing moisture [13,14]. “Surface runoff is the direct
discharge caused by rainfall immediately flowing at land
cover after a storm” [15]. The runoff process is subsequently
significant in calculating adequate rainfall and separating
infiltrated soil water from the moisture incorporated on the
network surface [16]. This process depends on several factors:
rainfall intensity, soil absorption capacity, topography, and
plant type [16]. Event-based runoff coefficients are also initial
parameters obtained from time series data, providing
preliminary information about the cumulative rainfall
drainage of catchment areas [16]. In addition, the CN model
is developed by US-SCS hydrologists, identifying direct
surface runoff in ungauged agricultural and non-agricultural
watersheds [17,18]. This proves that the ratio of peak surface
flow to the rain intensity is C-Coefficient [19], with relevant
runoff values modifying the outcomes of flood discharge
calculations [20]. The accurate calculation of CN is also
commonly conducted by analyzing and evaluating
hydrological experience” [21]. “SCS-CN Method is
subsequently implemented for rainfall-runoff modeling [21],
where the curved section of the river is highly influenced
during frequent channel shifting” [22]. Therefore, this study
aims to modify an experimental NRCS model through
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fieldwork and conduct sensitivity analysis for relevant
modeling procedures.

II. MATERIALS AND METHOD

An observed NRCS model was modified through
fieldwork, accompanied by determining peak flow in
ungauged catchments. This analysis was significant because
peak flow was determined using field evaluation and
compared to a relevant rational method through the basic CN
model. Moreover, the model was implemented as an essential
parameter assessment in HEC HMS modeling. “CN was also
the significant parameter model for simulating and predicting
rainfall-runoff modeling” [23].

A. Study Area

The implemented catchment area was at Lanang River
Basin, Kediri, East Java, Indonesia, where the two areas
selected were the Districts of Ngadirejo (downstream) and
Pandantoyo (upstream). These areas' sampling distances were
approximately 20 Km, with Google Maps used to determine
the river flow direction and ArcGIS. The river's lengths and
the catchment area and width were also 40.083 Km, 91.526
Km, and 2.283 Km, respectively. Based on the overlayed GIS
data of land use maps, the settlements/villages, paddy fields,
and industrial plantation forests in Lanang River Basin were
located at 32%, 28%, and 11%, respectively. The
comprehensive details of the study area and land-use surface
cover in Lanang River Basin, Kediri, East Java, Indonesia, are
presented in Figure 2.
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Fig. 2 Study Area and Land Use in Lanang River Basin, Kediri, East Java,
Indonesia

B. NRCS-Model

Since dryland farms and forests were the most extensive
land use elements in the Lanang River Basin, the “SCS-CN
method was subsequently defined using the following
equations” [24]. In these equations, each combination of the
slope class, soil type, and land use parameters was integrated
into a runoff attribute to adopt a rational approach” [25].
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where, Q is direct runoff discharge, R is rainfall, I, is initial
loss, S comprises retention capacity maximum, and CN is
curve number. The final NCRS-CN model equation is
subsequently expressed as follows [25]:

_ (P-1g)?
Q= (P—Iy)+S

I,= 1S

if P>1, (4)
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where, A = coefficients of Initial loss and S = retention
capacity maximum. SCS-CN was also analyzed using the
Evaluation of Direct Runoff, using the Mishra and Singh
(MS) model. This analysis was significantly carried out to
estimate existing moisture through the separate equations
prioritizing five antecedent rain days, precisely Equation (5).

C. HSG Classification

HSG classification for the Lanang River catchment was
also similar to CN values in the mapping. However, the
overlays of HSG and land-use mapping units were considered
in Table 1 [26].

TABLEI
HSG CLASSIFYING LANANG RIVER CATCHMENT AREA

Land use Soil Area

land cover symbol  USDAI4_2 class CN (km?)

Wooded Hs Vitrandic A 49 0.495575

area Eutrudepts

Forestry Ht Vitrandic A 49 0.319214
Eutrudepts

Plantation Pk Oxyaquic A 67 0.036783
Eutrudepts

Plantation Pk Arenic A 67 8.221665
Eutrudepts

Plantation Pk Vitrandic A 67 1.344865
Eutrudepts

Residence Pm Oxyaquic A 57 5.089586
Eutrudepts

Residence Pm Arenic A 57 0.469811
Eutrudepts

Residence Pm Aquic A 57 6.121364
Eutrudepts

Dry fields Pt Oxyaquic A 67 0.000811
Eutrudepts

Bushes and Pc Arenic A 67 0.001829

dry fields Eutrudepts

Fields Sw Oxyaquic A 67 14.408766
Eutrudepts

Fields Sw Arenic A 67 21.352856
Eutrudepts

Fields Sw Aquic A 67 33.060863
Eutrudepts

Fields Sw Vitrandic A 67 0.007776
Eutrudepts

Fields Sw Vitrandic A 67 0.007223
Eutrudepts

III. RESULTS AND DISCUSSION

Based on the results, the estimated CN parameter was
considered the correlation (S) using Equation (5). The
following calculation is significantly performed to determine
the potential retention maximum.
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S = 25400_254:
CN

540 _ 954 =264.37 mm

where, S, P, and Q are presented in millimeters. Based on
Equation (6), the calculation of the preliminary reduction
prioritized the evaluation of Initial Loss Coefficient through
NCRS Method recommended for broad implementation. In
this evaluation, A = 0.2 was used due to being highly
implemented for the original calculation of I, in relevant
previous reports, as presented in the following equation.

I,=AS=0.2*264.37 mm = 52.87 mm

Initial Loss, Potential Retention Maximum, and CN
computations were applied in HEC HMS simulation to
transform precipitation into the outflow [27]. This application
led to the evaluation of various vital areas, where the HSG of
the basin was estimated as Type A, according to ArcGIS
mapping and infiltration rate at the upstream and downstream
regions [28]. The parameters of rainfall intensity, runoff
coefficients, and catchment areas were essential to calculate
peak flow in rational method processes [29]. Therefore, the
calculation of Initial Abstraction, Potential Retention
Maximum, and CN were applied in HEC HMS simulation to
transform precipitation into the outflow [30]. The assessment
of vital areas also prioritized ArcGIS mapping and infiltration
rate, where the HSG of the basin was estimated as Type A
[30]. The rational method was subsequently analyzed to
calculate peak flow for rainfall intensity, runoff coefficients,
and catchment areas [31]. Table 2 significantly shows the
comprehensive description of CN analysis.

TABLE I
CN DATA ANALYSIS BASED ON HSG STANDARDS AND FIELDWORK IN HEC
HMS
CN S A I, Land use land cover
39 3972 0.2  79.46 Crops-Forage good
hydrology condition
49 2643 0.2 52.87 Farm
58 183.9 0.2 36.79 Crops-Forage fair hydrology
condition
60  169.3 0.2  33.87 Farm
65.5 133.7 0.2  26.76 Residence

Source: data analysis, 2022

Based on the results, “the river flow prediction was a major
hydrological challenge in ungauged catchment areas, such as
watersheds without observed discharge” [32]. This challenge
led to the implementation of Sensitivity Analysis (SA), a
primary hydrological tool commonly used to identify
influential parameters and provide a perspective on the
relationship between systematic model processes [33]. The
validity of the CN model was also determined through field
observations and the functional representation of the rainfall-
runoff relationship [34]. Furthermore, the HEC HMS
Hydrological model was used to develop a relationship
between rainfall-runoff and CN for the subsequent analytical
development in the study area [35]. This proved that an
optimization scenario prioritizing two distinct parameters
with varying values was assessed and evaluated. The
calibration of the analyzed model also focused on
implementing scenarios for a single sub-basin and multiple
basins (5 sub-basins). Another common profile was
subsequently considered for validation, namely the Lamong



watershed, considered an ungauged catchment in the Lanang
facility. In addition, the calibration process ensured the
simulated model was closely supported by reality, with the
UTM 49 Southern WGS 84 coordinate system implemented
for the basin manager. The results showed the values of CN,
Coefficient Initial Loss (A), as well as the Computed and
Observed Flow at 43, 0.1, 0.3 m3/s, and 0.1 m3/s,
respectively. The implementation of simulation also remained
necessary for the achievement of field outcomes. According
to the simulation of one sub-basin time series between rain
and Ngadirejo AWLR data (1536 observation data), hourly
observations were not close to the field outcomes. In the
Pandantoyo AWLR watershed, optimization 1 was also
carried out with Initial CN, Minimum, and Maximum Values
at 65.56, 43, and 99, respectively. Fig 4 shows the simulation
of one sub-basin outflow and observed flow, using HEC HMS
4.11 application.
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Fig. 3 The graph results simulating one sub-basin outflow and observed flow development from HEC HMS 4.11
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The simulation outcomes of one sub-basin time series were
observed between rain and Ngadirejo AWLR data, proving
that the sensitivity analysis for the previous section was
applied to Lanang watershed, using 2010-2022 precipitation
information. CN Initial Value also ranged from 43 to 58,
affecting the preliminary loss and direct runoff [35].
Therefore, the HEC HMS model was implemented to
replicate the loss and runoff, with no baseflow assumed due
to the selection of precipitation flood models [35]. Specified
Hyetograph and Loss method was subsequently implemented,
prioritizing the SCS CN model for observed and computed
flow. CN value was also determined in the infiltration rate
analysis, prioritizing a function of soil type, antecedent
moisture condition, and an essential hydrological predictor of
direct runoff or penetration from excess rain [35].
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Fig. 4 Graph results simulating one sub-basin outflow and observed flow development from HEC HMS 4.11 in downstream CN 53-55

Based on Fig 5, a relationship was observed between peak
discharge and the value of CN, proving that a more significant
flow coefficient caused an increased CN estimate. Fig 5 also
showed that the correlation between CN and peak discharge
was significantly determined. The value of Peak Discharge
was subsequently affected by CN, Initial Loss Coefficient,
and Lag time. These parameters were highly significant due
to effectively influencing the components of peak flow, such
as solid area, soil classification, and rainfall. Therefore,
greater discharge values significantly led to increased flow
coefficients. This was in line with Fig 6, where a relationship
was found between peak discharge and flow coefficient.
Sensitivity analysis was also conducted for the simulation in
HEC HMS 4.11, using Lag Time and Initial Loss to evaluate
relevant impacts through a specific CN value of 49.
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The overall analysis of this study found that the curve
number correlated with the runoff coefficient. The definition
of a curve number can also be referred to as a runoff curve
number [36], and a curve number (CN) is the most widely
preferred model for predicting rainfall that becomes runoff. A
global model where many literature studies are supportive and
well documented so that it can become an essential standard
for determining runoff with the characteristics of watersheds
such as land use/cover (LULC), soil type, Hydrologic soil
group (HSGs), and antecedent soil moisture condition (AMC)
[12,13,37]. In this study, a sensitivity analysis of the rainfall-
runoff model was carried out based on the selection of
parameters in trial optimization based on [38] and to simplify
the iteration of the modeling process with sensitivity analysis.
The AWLL Pandantoyo watershed was optimized with the



parameters SCS Curve Number-Curve Number and SCS
Curve Number — Initial abstraction A = 0.2 with a range of CN
49-55. The relationship between curve number, peak flow,
and Initial abstraction on the estimated maximum storage
retention potential. This value is related to the sensitivity
analysis of the use of curve numbers in modeling, as shown in
Fig 5.
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Fig. 5 CN 49 correlation with Peak Discharge simulation results using HEC
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Fig. 6 CN correlation with Peak Discharge simulation results using HEC
HMS 4.10

Nash-Sutcliffe Efficiency (NSE) was determined by using
Equation (1) to evaluate peak flow denoted by PNSE, with a
value of 1 considered a perfect fit (Nash and Sutcliffe, 1970).
Values between 0.0 and 1.0 were also commonly portrayed as
acceptable performance levels, with NSE > 0.50 being
satisfactory, as shown in Table 3.

TABLE III
AWLR NGADIREJO CALIBRATION SIMULATION USING CN OF 53-55
Optimization Computed Observed
Peak discharge 0,5 m’/s 1,1 m¥/s
Discharge volume 19,72 m? 18,93 m3
RMSE Std Dev 1,2
Nash Sutcliffe -0,384
Percent Bias 3.30%

Time lag (Tr) and time of concentration (Tc) define how
quickly a stream responds to precipitation to generate runoff.
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TABLE IV
LAG TIME DATA FOR SIMULATION

Method Lag time hours Lag time (min)
Kirpich 8,8032 528
Snyder 7,470 448
SCS 1,081 64,8
TABLE V

PEAK DISCHARGE HMS HEC SIMULATION USING LAG TIME FOR ONE SUB-
BASIN AND AWLL MEASUREMENT IN UPSTREAM (PANDANTOYO VILLAGE)

Lag Impervious CN  Initial Method

time area (%) Abstraction Estimation Time

(min) (mm) of concentration

17.5 0.1 49  52.87 Stream Velocity
by Manning
Equation,
t channel

64.8 0.1 49  52.87 SCS

448 0.1 49  52.87 Snyder

528 0.1 49  52.87 Kirpich

Some essential points associated with Type Rainfall-runoff
Models are as follows:

1) Conceptual Models: Models that use simplified
representations of hydrological processes, such as the Soil
Conservation Service Curve Number (SCS-CN) model and
the Storm Water Management model (SWMM).

2) “Empirical Models: Models based on observed data
and statistical relationships. Adaptive Neuro-Fuzzy Inference
System (ANFIS), Artificial Neural Network (ANN), dan
Support Vector Machine (SVM)”’[39]

3) Physical Process-Based Models: Hydrological
simulation using physical laws (HBV) model and Soil and
Water Assessment Tool (SWAT)

This study was combined with conceptual models and
empirical models.

Peak Flow determination using the rational method,
usually for watershed area < 500 km?. We need spatial data to
determine watershed characteristics. Applying GIS and
remote sensing techniques obtains land cover and soil data to
find CN values for modeling to predict peak runoff. The SCS
curve number loss method integrates with the HEC-HMS
model, which is used for runoff estimation to achieve accurate
results given the limitations of available data [40]. Catchment
characteristics depend on land use, soil quality, or appropriate
soil classification, and determining the curve number will also
be closely related to land coverage and moisture conditions
[41]. Determining specific CN values in modeling is based on
the handbook. From the optimization results, the CN value
used for optimization in the Lanang watershed with the
Pandantoyo AWLL calibration will give different results from
the Ngadirejo AWLL calibration due to differences in
catchment characteristics in the study area. Modeling with a
curve number range of 49 — 55 will produce a model with
nearly actual field conditions. Meanwhile, for Ngadirejo, the
modeling considers actual conditions in the field in the curve
number range 53-55. This curve number value differs between
upstream and downstream, which is influenced by land
coverage. The difference in land coverage also affects the
value of selecting the curve number.



IV.CONCLUSION

In conclusion, the basic models for determining CN were
developed through field analysis and the rational method of
measuring peak discharge. The improvement in infiltration
rate influenced CN values, leading to a composite and
maximum rainfall-runoff coefficient of 65.5 and 0.4 in 2022,
respectively. CN parameter correlated with the Potential
Retention Maximum (S) and Initial Proportional Abstraction
(I_a) at 133.78 mm and 52.87, respectively. Meanwhile, the
sensitivity analysis used CN = 49, providing S = 264.37,
Impervious area = 0.87%, and Lag time = 17.5 mins. Different
parameters should be used to achieve optimum modeling
performance in future analyses. Establishing a reference or
standard for CN determination was necessary for several soil
types regarding the existing conditions or land use in tropical
countries such as Indonesia. Therefore, a standard or
reference prioritizing soil type and existing conditions was
needed to ensure accurate hydrological cycle assessment in
the affected areas.

ACKNOWLEDGMENT

The authors are grateful to Balikpapan University-Yapenti
DWK East Kalimantan and PT Bayan Resources TBK for
supporting the study and to East Java Public Works and Water
Resources Authority.

REFERENCES

A. Chin, “On relationship between curve numbers and phi indices,”
Water Science and Engineering, vol. 11, no. 3, pp. 187-195, Jul. 2018,
doi:10.1016/j.wse.2018.09.006.

Andriani, B. Istijono, Aprisal, T. Ophiyandri, and T. H. A. Putra,
“Optimization of Land Use To Reduce Surface Runoff and Erosion in
Kuranji Watershed,” International Journal of GEOMATE, vol. 22, no.
90, pp. 102-109, 2022, doi: 10.21660/2022.90.j2310.

M. Kencanawati, D. Iranata, and M. A. Maulana, “Hydrologic
Modeling System HEC-HMS Application for Direct Runoff
Determination,” Journal of Human, Earth, and Future, vol. 4, no. 2,
pp. 153-165, 2023, doi: 10.28991/HEF-2023-04-02-02.

H. Hosseiny, M. Crimmins, V. B. Smith, and P. Kremer, “A
Generalized Automated Framework for Urban Runoff Modeling and
Its Application at a Citywide Landscape,” Water, vol. 12,no. 2,p. 357,
Jan. 2020, doi: 10.3390/w12020357.

C. Strapazan, L.-A. Irimus, G. Serban, T. C. Man, and L. Sassebes,
“Determination of Runoff Curve Numbers for the Growing Season
Based on the Rainfall-Runoff Relationship from Small Watersheds in
the Middle Mountainous Area of Romania,” Water, vol. 15, no. 8, p.
1452, Apr. 2023, doi:10.3390/w15081452.

H. Assaye et al., “Curve number calibration for measuring impacts of
land management in sub-humid Ethiopia,” Journal of Hydrology:
Regional  Studies, vol. 35, p. 100819, Jun. 2021,
doi:10.1016/j.€jrh.2021.100819.

M. Vojtek and J. Vojtekova, “GIS-based Approach to Estimate
Surface Runoff in Small Catchments: A Case Study,” Quaestiones
Geographicae, vol. 35, no. 3, pp. 97-116, Sep. 2016,
doi:10.1515/quageo-2016-0030.

A. Walega, D. M. Amatya, P. Caldwell, D. Marion, and S. Panda,
“Assessment of storm direct runoff and peak flow rates using
improved SCS-CN models for selected forested watersheds in the
Southeastern United States,” Journal of Hydrology: Regional Studies,
vol. 27, no. November 2019, p. 100645, 2020,
doi:10.1016/j.jrh.2019.100645.

K. Kai, F. Lee, L. Ling, and Z. Yusop, “The Revised Curve Number
Rainfall — Runoff Methodology for an Improved Runoff Prediction,”
pp. 1-20,2023.

Kumar, Abanish, Shruti Kanga, Ajay Kumar Taloor, Suraj Kumar
Singh, and Bojan Durin. "Surface runoff estimation of Sind river basin
using integrated SCS-CN and GIS techniques." Hydro Research 4
(2021): pp.61-74.

(1]

[10]

766

[11]

[12]

[14]

[16]

[17]

[18]

[19]

[20]

[21]

(23]

[24]

[25]

[26]

[27]

Halley, Mary C., Suzanne O. White, and Edwin W. Watkins.
"ArcView GIS extension for estimating Curve Numbers." In ESRI
User Conference. (2000): pp.567

W. Shi and N. Wang, “An Improved SCS-CN Method Incorporating
Slope, Soil Moisture, and Storm Duration Factors for Runoff
Prediction,” Water, vol. 12, no. 5. 2020, doi: 10.3390/w12051335.
Walega, Andrzej, Devendra M. Amatya, Peter Caldwell, Dan Marion,
and Sudhanshu Panda. "Assessment of storm direct runoff and peak
flow rates using improved SCS-CN models for selected forested
watersheds in the Southeastern United States." Journal of Hydrology:
Regional Studies 27 (2020): pp.100645.

M. E. Muche, S. L. Hutchinson, J. M. S. Hutchinson, and J. M.
Johnston, “Phenology-adjusted dynamic curve number for improved
hydrologic modeling,” Journal of Environmental Management, vol.
235, pp. 403-413, 2019, doi: 10.1016/j.jenvman.2018.12.115.

R. K. Sahu, S. K. Mishra, and T. I. Eldho, “Comparative evaluation of
SCS-CN-inspired models in applications to classified datasets,”
Agricultural Water Management, vol. 97, no. 5, pp. 749-756, 2010,
doi: 10.1016/j.agwat.2010.01.005.

Vallet, B., D. Muschalla, P. Lessard, and P.A. Vanrolleghem. “A New
Dynamic Water Quality Model for Stormwater Basins as a Tool for
Urban Runoff Management: Concept and Validation.” Urban Water
Journal 11, no. 3 (May 16, 2013): 211-20.
doi:10.1080/1573062x.2013.775313.

Blume, Theresa, Erwin Zehe, and Axel Bronstert. “Rainfall—Runoff
Response, Event-Based Runoff Coefficients and Hydrograph
Separation.” Hydrological Sciences Journal 52, no. 5 (October 2007):
843-62. do0i:10.1623/hysj.52.5.843.

C. Li, M. Liu, Y. Hu, T. Shi, X. Qu, and M. T. Walter, “Effects of
urbanization on direct runoff characteristics in urban functional
zones,” Science of The Total Environment, vol. 643, pp. 301-311,
2018, doi: 10.1016/j.scitotenv.2018.06.211.

R. K. Weatherl, M. J. Henao Salgado, M. Ramgraber, C. Moeck, and
M. Schirmer, “Estimating surface runoff and groundwater recharge in
an urban catchment using a water balance approach,” Hydrogeology
Journal, vol. 29, no. 7, pp. 2411-2428, 2021, doi: 10.1007/s10040-
021-02385-1.

W. Plinruttanadet, “Historical hydrological data generation for
ungauged watershed by water balance tool,” International Journal of
Geomate, vol. 18, no. 67, Mar. 2020, doi: 10.21660/2020.67.9218.
S.Kageyama, “Water balance analysis considering runoff of ungauged
catchments in iwaki river basin, northern japan,” International Journal
of Geomate, 2015, doi: 10.21660/2015.17.4340.

R. A. A. Soemitro, F. Adriati, D. D. Warnana, T. Mukunoki, R.
Soetanto, and M. A. Maulana, “Sediment consolidation in ephemeral
river: the effect of applied loading on soil properties and dredging
method selection,” International Journal of River Basin Management,
vol. 19, no. 3, pp- 297-306, Jul. 2021,
doi:10.1080/15715124.2020.1742135.

M. Abu-hashim, E. Mohamed, and A.-E. Belal, “Identification of
potential soil water retention using hydric numerical model at arid
regions by land-use changes,” International Soil and Water
Conservation Research, vol. 3, no. 4, pp. 305-315, 2015,
doi:10.1016/j.iswer.2015.10.005.

R. Har, Aprisal, W. D. Taifur, and T. H. A. Putra, “The effect of land
uses to change on infiltration capacity and surface runoff at latung sub
watershed, Padang City Indonesia,” E3S Web of Conferences, vol.
331, pp. 4-10, 2021, doi: 10.1051/e3sconf/202133108002.

M. Kencanawati, N. Anwar, and M. A. Maulana, “Modification of
basic hydrology formulation based on an approach of the rational
method at field measurement,” IOP Conference Series: Earth and
Environmental Science, vol. 930, no. 1, 2021, doi: 10.1088/1755-
1315/930/1/012051.

N. Dhakal, X. Fang, W. H. Asquith, T. G. Cleveland, and D. B.
Thompson, “Rate-based estimation of the runoff coefficients for
selected watersheds in Texas,” Journal of Hydrologic Engineering,
vol. 18, no. 12, pp. 1571-1580, 2013, doi: 10.1061/(ASCE)HE.1943-
5584.0000753.

S. Tikno, T. Hariyanto, N. Anwar, A. Karsidi, and E. Aldrian,
"Application Of Curve Number Method To Present The Relationship
Of Rainfall And Surface Flow In Ciliwung Hulu — West Java
Watershed," Journal of Environmental Technology, vol. 13, no. 1, p.
25, Dec. 2016, doi: 10.29122/jtl.v13i1.1402.

L. Gupta and J. Dixit, “Estimation of rainfall-induced surface runoff
for the Assam region, India, using the GIS-based NRCS-CN method,”
Journal of Maps, vol. 18, no. 2, pp. 428-440, May 2022,
doi:10.1080/17445647.2022.2076624.



[29]

[30]

[31]

[32]

N. S. Al-Amri, H. A. Ewea, and A. M. Elfeki, “Revisit the rational
method for flood estimation in the Saudi arid environment,” Arabian
Journal of Geosciences, vol. 15, no. 6, Mar. 2022,
doi:10.1007/s12517-021-09219-0.

S. S. Fanta and C. H. Sime, “Performance assessment of SWAT and
HEC-HMS model for runoff simulation of Toba watershed, Ethiopia,”
Sustainable Water Resources Management, vol. 8, no. 1, Nov. 2021,
doi: 10.1007/s40899-021-00596-8.

Al-Amri, Nassir S., Hatem A. Ewea, and Amro M. Elfeki. "Revisit the
rational method for flood estimation in the Saudi arid environment."
Arabian Journal of Geosciences 15, no. 6 (2022): pp.532.

Pool, Sandra, Marc Vis, and Jan Seibert. "Regionalization for
Ungauged Catchments — Lessons Learned From a Comparative
Large-Sample Study." Water Resources Research 57, no. 10 (2021):
¢2021WRO030437. Accessed December 8, 2023.
doi:10.1029/2021WR030437.

J. Nossent and W. Bauwens, Application of a normalized Nash-
Sutcliffe efficiency to improve the accuracy of the Sobol’ sensitivity
analysis of a hydrological model. 2012.

Soomro, Abdul Ghani, Muhammad Munir Babar, Anila Hameem
Memon, Arjumand Zehra Zaidi, Arshad Ashraf, and Jewell Lund.
“Sensitivity of Direct Runoff to Curve Number Using the SCS-CN
Method.” Civil Engineering Journal 5, no. 12 (December 1, 2019):
2738-46. do0i:10.28991/cej-2019-03091445

Fialova, J., A. M. Negm, and M. Zelenakova. “Introduction to the
‘Assessment and Protection of Water Resources in the Czech

767

[38]

[39]

[40]

[41]

Republic.”” Assessment and Protection of Water Resources in the Czech
Republic, June 26, 2019, 3-10. doi:10.1007/978-3-030-18363-9_1.

K. R. Douglas-Mankin et al., “A comprehensive review of ephemeral
gully erosion models,” CATENA, vol. 195, p. 104901, 2020,
doi:10.1016/j.catena.2020.104901.

G. Zhang, X. Su, O. O. Ayantobo, K. Feng, and J. Guo, “Spatial
interpolation of daily precipitation based on modified ADW method
for gauge-scarce mountainous regions: A case study in the Shiyang
River Basin,” Atmospheric Research, vol. 247, p. 105167, 2021,
doi:10.1016/j.atmosres.2020.105167.

A. Arlimasita and U. Lasminto, “Sensitivity analysis of rainfall-runoff
model in malino sub-watershed,” International Journal on Advanced
Science, Engineering and Information Technology, vol. 10, no. 4, pp.
1578-1583, 2020, doi: 10.18517/ijaseit.10.4.12803.

S. Chebii, M. Mukolwe, and B. Ong’or, “River flow modelling for
flood prediction using artificial neural network in ungauged Perkerra
catchment, Baringo County, Kenya,” Water Practice and Technology,
vol. 17, Apr. 2022, doi: 10.2166/wpt.2022.034.

W. Ben khelifa and M. Mosbahi, “Modeling of rainfall-runoff process
using HEC-HMS model for an urban ungauged watershed in Tunisia,”
Modeling Earth Systems and Environment, vol. 8, pp. 1-10, Jun. 2022,
doi: 10.1007/s40808-021-01177-6.

1. El Ghoul, H. Sellami, S. Khlifi, and M. Vanclooster, “Impact of land
use land cover changes on flow uncertainty in Siliana watershed of
northwestern Tunisia,” CATENA, vol. 220, p. 106733, 2023,
doi:10.1016/j.catena.2022.106733.





