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Abstract 
 

An investigation was conducted using the Soil Conservation Services curve number (SCS CN) model to evaluate 

the feasibility of utilizing open-data reserves in cloud computing for rainfall-runoff modeling. The GEE platform 

offers various global remote sensing and GIS datasets, along with tools for efficiently manipulating and 

visualizing large datasets. This study developed a method for creating dynamic CN maps in GEE using MODIS, 

LULC data, and Open Land Map Soil Texture. A ternary function integrated climate hazard infrared 

precipitation data for input rainfall and AMC creation. The algorithm has been successfully demonstrated for the 

catchments of the Surma River in Bangladesh. Various satellite data can estimate run-off and the impact of 

LULC changes on it, regardless of location or timeframe. The algorithm calculates basin and sub-basin runoff for 

water resource planning using GEE and public data from 2016 to 2020. Model calibration involved adjusting the 

initial abstraction value from 0.2S to 0.3S, 0.4S, and 0.5S in 2018. The model validation indicated that a 0.5S 

initial abstraction achieved the best NSE results. Peak runoff occurred in 2017, followed by 2020 and 2016. This 

model is useful in data-scarce areas, providing forecasts of the Surma River's discharge under climate change 

with a 10 to 20 percent deviation. 

 

Keywords: Rainfall-Runoff Modeling; SCS Curve Number (CN); Google Earth Engine (GEE); Remote Sensing 
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1 Introduction 
 

Runoff is a key element of hydrology, and various models have been developed to analyze it. In the late 40s, 

(Sherman, 1949) proposed the idea of setting up a relation between rainfall and run-off by unit hydrograph 

theory. The rainfall-runoff model utilizes the DEM input parameter for generating catchment features, outlining 

catchment boundaries, and identifying drainage pathways (Hamdan et al., 2021). However, understanding 

rainfall-runoff relationships is challenging due to the complex interactions of hydrological factors, including the 

variations in precipitation, watershed characteristics, and the numerous variables that influence the underlying 

physical processes. 

The Rational and SCS-CN methods stand out as the most commonly employed techniques in estimating runoff 

volume (Wang et al., 2012). The rational method is recognized for its conservative nature, often resulting in 

discharge estimates that are higher than the original conditions (Subramanya, 2021).  Established by the Soil 

Conservation Service (SCS) in 1933, the SCS model measures direct surface runoff from small rainfall events in 

US watersheds and has been widely adopted across different regions and land uses. It relies on real-time data and 

entails fewer assumptions (Subramanya, 2021). Over the past decades, due to rapid urbanization, the LULC 

pattern has drastically changed, which influences CN and hydrological parameters influencing run-off from the 

catchment (Garg et al., 2019). 

 Satellite-derived remote sensing products, such as IRS, Landsat, and NOAA, provide valuable data on soil type, 

rainfall, and land use, suitable for regional and global applications. Various remote sensing products from 

satellites like IRS, Landsat, NOAA, TRMM, etc. can be used to obtain reliable input parameters like rainfall, 

land use, soil type, etc. from regional to global scale (Schultz, 1988). However, remote sensing products can be 

expensive and often need significant computing power. While there are free and open-source platforms for water 

resources research, they typically require advanced technical expertise to utilize effectively. 

The  Google Earth Engine is a cloud-based software for conducting rainfall-runoff modeling. The model can 

calculate surface runoff from any area's size (Jain et al., 2021). Accessible via any web browser, it is a free tool 

for managing large datasets through automatic parallel processing. GEE is used for in-depth studies across 

various fields, thanks to its extensive data and strong computing capabilities. Many researchers have developed 

rainfall-runoff models for the Surma River basin using tools like HEC-HMS, GIS, and SWAT. Only a search of 

the literature indicates that just one study (Jain et al., 2021) examined rainfall-runoff of three catchments—

Shipra, Bah, and Kuttiyadi—located in India. It is recommended to use GEE, which can efficiently handle large 

datasets, to estimate surface runoff using the Soil Conservation Service (SCS) Curve Number (CN) method, 

considering land use and land cover dynamics. 
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2 Basic concept 

 

The water balance equation of precipitation over a given time period is the foundation of the SCS-CN approach 

(Subramanya, 1984) ∆t, which can be expressed as 

 

 (1) 

 

Where P = total precipitation, I = initial abstraction, F = cumulative infiltration excluding I, Q = direct surface 

runoff   

These two hypotheses express proportional equality in the following way, 

 

(2) 

 

 (3) 

 

For direct runoff 

 

(4) 

 

This for  ;  

where S can be calculated using the following equation and is a function of CN. 

 

(5) 

 

where S is expressed in millimetres and CN is a dimensionless run-off coefficient that depends on land use, soil 

and antecedent moisture condition (AMC) (Amutha and Porchelvan, 2009). 

Antecedent moisture is the relative dryness or wetness of a catchment which changes continuously and has a 

significant effect on the run-off process (Mishra and Singh, 2006). It can be classified into three categories:  

AMC I is considered for the dry condition with five-day antecedent rainfall, i.e. AMC is less than 13 mm. When 

AMC is more than 28 mm, it may be a wet condition (AMC III), and when 13 mm ≤ AMC < 28 mm, it can be 

considered as average (AMC II) (Hjelmfelt et al., 1982). Formulas are available for determining CN values in 

AMC I and AMC III conditions. 

 

(6) 

 

 

(7) 

 

3 Methodology  

 

To build the SCS CN model using GEE and cloud data, various datasets were sourced. LULC data was taken 

from the MODIS Land Cover dataset, while Open Land Map provided global soil data. Rainfall data came from 

CHIRPS, and discharge statistics were obtained from the Bangladesh Water Development Board. When ground 

data were lacking, the model used reliable satellite-derived datasets with high temporal resolution and bias-

corrected estimates. Missing values in short intervals for discharge data were filled using linear interpolation or 

nearest-neighbor methods to maintain continuity, while prolonged gaps were excluded to prevent skewed results. 

The soil texture map was converted into four hydrologic soil groups and integrated it with downscaled MODIS 

LULC data. A conditional statement was used to combine 17 LULC classes with 4 soil groups to generate the 

curve number (CN II) map, and daily rainfall data created Antecedent Moisture Condition (AMC) images.  
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Figure 1. Illustrates a flowchart detailing the research procedures employed in the study 

 

4 Study area 

 

The developed code for computing surface runoff in GEE has been applied to the Surma basin. The Barak River, 

on the southern slopes of the Naga-Manipur watershed in India, flows west to Sylhet, where it’s called the 

Surma. This region, part of the Meghna Basin, is one of the wettest in the Indian subcontinent due to high 

rainfall, with hot, wet summers and cool, dry winters. The Kanaighat station, located at 25.00°N and 92.27°E in 

the upper sections of the Surma River, provides geographic context for data interpretation. 

 

 

 

Figure 2. Study area 

 

5 Processing in GEE 

 

Selecting input data is simplified by the diverse spatial data available in GEE. Users can use filtering functions to 

reduce large datasets. The soil texture map is converted into the four hydrologic soil groups (A, B, C, D) using a 

ternary operator. The downscaled MODIS Land Use and Land Cover (LULC) data is then added as a 

supplementary band. A Curve Number (CN II) map is created with conditional statements based on the soil 

groups and 17 LULC classes. CN I and CN III maps are generated using CN II as a reference. Finally, S images 

for the CN maps are produced during the Q calculation and defined as a global variable to improve efficiency. 

Daily AMC images are created using rainfall data from the past five days. To estimate runoff (Q), we check the 

AMC values for each pixel and create the S-II image based on CN-II. For AMC values below 13 mm, we use the 

S-I image from CN-I, and for values above or equal to 28 mm, we use the S-III image from CN-III. These 

images are merged into a single S image for each day based on AMC conditions. If daily rainfall is less than the 

initial abstraction (Ia), runoff is zero; otherwise, it's calculated using a defined function. This function is applied 

to the entire dataset and summed with imageCollection.sum(). The final time series graph is generated with 

image.series(), and the inspector tab visualizes the time series for any pixel.   
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6 Result and Discussion  

 

Rainfall and runoff are interconnected, influenced by storm and drainage characteristics. Direct runoff is 

calculated using factors like rainfall, soil type, moisture, watershed size and shape, and land cover. LULC 

changes influence the temporal distribution of runoff. Urbanized catchments react quickly to rainfall, resulting in 

shorter lag times, while natural or forested basins respond more slowly due to higher storage and infiltration 

capabilities. GEE not only presents data through graphs but also displays runoff for the research area on a map. 

 
 

Figure 3. Runoff map 

 

The results revealed that forested regions experienced a decrease in runoff, while urban areas showed a higher 

transformation of rainfall into runoff, mainly due to increased CN values. All rainwater that falls on water bodies 

is considered runoff because the curve number (CN) for water bodies is consistently set at 100. 

Monthly and annual rainfall and runoff data were derived from daily measurements. The highest runoff occurred 

in 2017 due to intense rainfall and flash floods. While understanding Sylhet's hydrology is important, the current 

model lacks runoff routing, resulting in monthly data aggregation. A five-year analysis (2016-2020) revealed a 

strong positive correlation between annual rainfall and runoff, with an R² of 0.9278 in Figure 5. 

 

 

Figure 4. Rainfall -Rainfall vs Time (2016-2020)                                                                                                                          
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Figure 5. Rainfall – Runoff Relation 

 

In this study, the model calibration was achieved through adjustment of the initial abstraction value. Typically, 

the initial abstraction value is set at 0.2S. However, for the purpose of calibration, the initial value was adjusted 

to 0.3S, 0.4S, and 0.5S for the year 2018. Initial Abstraction, Ia=kS Here, K is the Calibration Parameter. At 

k=0.5, the NSE yielded superior results compared to other values. Furthermore, for the additional validation of 

the model spanning the years 2016, 2017, 2019, and 2020, the initial abstraction was set at 0.5. 

 

 
 

Figure 6. Calibration for 2018 

 

The data given by the BWDB for discharge was measured in cubic meters per second. But the model that 

followed the SCS curve number method produced data that was measured in millimetres. The model does not 

yield results in the format of cubic meters per second. Thus, to compare the model-generated data with the 

observed data, the approach of calculating the total runoff volume for each month was employed.  
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Figure 7. Scatter Plot for 2016-2020 

 

Table 1. Percentage of difference 2016-2020 

 

Year Difference 

(MCUM) 

 Difference 

(%) 

2016 2206.30 10.70 

2017 4579.02 19.39 

2018 2488.47 16.21 

2019 3057.31 20.46 

2020 3677.44 18.51 

 

 

 

7 Conclusion 

 

This model can predict climate change effects on the Surma River's discharge pattern with a 10 to 20 percent 

deviation. As a continuous hydrologic model, it analyzes the long-term effects of climate change on precipitation 

and runoff. This model can help in planning groundwater recharging and storage structures, irrigation projects, 

flood estimation, soil erosion and reservoir sedimentation monitoring and estimation. Current rainfall-runoff 

models, often limited to static datasets for soil, topography, and land use, struggle with dynamic temporal and 

geographical data. GEE allows for the incorporation of diverse, dynamic data into the widely used SCS CN 

model, suitable for both monitored and unmonitored catchments. It effectively simulates daily precipitation-

runoff relationships in medium-sized catchments and can operate over longer intervals, like monthly, making it 

valuable for planning. This tool provides rapid assessments of rainfall-runoff processes and land use impacts, 

enabling policymakers to make informed decisions about water availability and agricultural needs. A spatial 

resolution of 500 meters was utilized to analyze land use and cover data. However, this resolution limits the 

ability to identify minor streams and narrow water bodies, potentially compromising result accuracy. The flow 

was assumed to be steady, and the CN model does not include routing for run-off estimation. 
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