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Introduction

¢ Research Background
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A precise water quality assessment is necessary due to the rise in non-point pollution and varied organic inputs.

Current water quality indicators, such as BOD and COD, are insufficiently representative of diverse organic matter

The Ministry of Environment introduced Total Organic Carbon(TOC) as a new indicator for water quality monitoring

and is conducting pilot projects that apply TOC through unit load management under the TMDL system.




Introduction

«» SWAT-C for TOC Simulation

SWAT-C(Soil and Water Assessment Tool=Carbon)

Soil & Water | WAT
Assessment Tool ‘

<SWAT Model>

<Carbon Cycling Module>

SWAT-C is a modified version of the SWAT (Soil and Water Assessment Tool) model that integrates a

carbon cycling module.

It enables TOC simulation by representing hydrological and biogeochemical processes at the

watershed scale.




Introduction

¢ Previous Studies Utilizing Machine Learning for Water Quality Prediction
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Assessment of climate change impact on aquatic ecology health indices in Han
river basin using SWAT and random forest
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Abstract

The puspose of this study is 1o evaluate the future climate change impact on stream aquatic ccology health of Han River watershed
(34,148 kan) using SWAT (Soil and Water Assessment Tool) and random forest. The 8 years (2008-2015) spring (April to June)
Aquatie ecology Health Indices (AHI) such as Tmphm Diatom Index (TD), Benthic Macroinvertcbrate Index (BMIy and Fish
Assessment Index (FAI) scored (0-100) and graded (A-E) by NIER (National Insttute of Environmental Research) were used. The
 yes NIER indices vith he vaer qualfty (TN, Nit NO. T2, PO oved that the deviaion of AH sore \shrge when the

concentration of water quality is low, and AHI forest,
one of the Machine L for i It for the thatall of
precision, recall, and f1-score were above 0.51. The future SWAI’h)dm\og) ot terquity romity s RS A R 43
and 8.5 scenarios of K future in watershed

average inreased up 0 432% by the basellow increase elTct and the phasphorus-related water uality deceeased up 0 15.9% by the
surface runoff decrease effect. The future FAI and BMI showed a ltle better Index grade while the future TDI showed a itle worse
index grade. We can infer that the future TDI is more sensitive to nitrogen-related water quality and the future FAI and BMI are
responded to phosphorus-related water quality.

Keywonds: Aquatic ecology health, C limate change, Water quality, SWAT, Random forest
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Machine learning and deep learning techniques have been actively applied to water quality prediction worldwide.

* Data-driven machine learning models are highly dependent on the quality and quantity of training data, and may
show reduced predictive performance in data-scarce environments.

* To address these limitations, studies have explored integrating machine learning with process-based hydrological

models.
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Introduction

** The Goal of This Study

v Improve TOC simulation accuracy by integrating the SWAT-C model with a machine

learning model

v’ Evaluate prediction accuracy by comparing with observed TOC load data
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Methodology

s Study Area

= Watershed

Reach
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v Study Site: Bogangcheon watershed, located in the upper region of the Mihocheon River Basin
v Watershed Area: 149.22 km?




Methodology

¢ Overview of SWAT-C and Input Data Configuration

il & Water | WAT
ment Tool ‘

*  SWAT-Cis a modified version of the original SWAT (Soil and
Water Assessment Tool) model, incorporating a carbon cycling
module for TOC simulation.

* The model requires both spatial and meteorological inputs as

primary input data.
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Methodology

¢ SWAT-C Input Data Configuration

Weather Stations

Water Quality and
Discharge Data

=E HAIAH .
Eﬁuﬁrﬁwnmn!n" System Monlto"ng Observed Data
Site (8- Day intervals, 2012~2024)
Bantan Bridge Flow Data
(Jeungpyeong)

Bogangcheon- 1

Water Temperature, DO,
BOD, COD, SS, TN, TP, TOC
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- -
. Jeungpyeong Stationl
Cheongju Station
Weather Weather Data
Stations (Daily)
Jeungpyeong Precipitation, Max/Min \\
(AWS) Temperature, Wind Speed N
Cheonaiu Precipitation, Solar Radiation, \\ i? 000100000
( ASO%J) Relative Humidity, Max/Min
Temperature, Wind Speed




Methodology

¢ Input Data for Machine Learning

» Algorithm Used: RandomForest

— Random Forest generates multiple
decision trees and aggregates their
results for prediction.

— Asupervised learning algorithm suitable

for regression tasks.

Training Data

(mean in regression or majority vote in classification)

v Train/Test: 70%:30%

v" Evaluation: RZ, NSE

Model Using Only Observed Data
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Result

<+ SWAT-C Simulation Results
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R2: 0.578
NSE: 0.532 >
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0.0 25 5.0 5 10.0

<TOC (Total Organic Carbon) Simulation>

The TOC simulation shows acceptable performance,
exceeding the general threshold of NSE >0.5.
This indicates that the carbon module in SWAT-C is

effective in capturing TOC dynamics




Result

* Machine Learning Results Using Observed Water Quality Data

R2: 0.871 s Feature Importance for TOC Prediction

¢ | NSE: 0.791 e oo

BOD

SS

TP

Input Variable

DO

W_TEMP

TN

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
0 Importance

* The machine learning model (Random Forest) shows enhanced TOC prediction performance with high

R? and NSE values.
*  High importance scores for COD and BOD imply their strong correlation with TOC, due to shared

chemical characteristics.

*  This approach demonstrates that machine learning models can effectively reflect dominant influencing

variables, improving model reliability for TOC estimation. 15




Result

“ Machine Learning Results Using SWAT-C Simulated TOC

Soil & Water SWAT
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AsSes:

10
R2: 0.945

Incorporating SWAT- C simulated TOC as an input significantly enhanced the predictive performance of
the machine learning model.

This suggests that integrating physically- based model outputs with data- driven models can improve

the estimation of observed TOC concentrations.
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V'S Conclusion and Limitations

¢ Conclusion
v The SWAT-C model demonstrated acceptable performance in simulating TOC, meeting or exceeding standard
accuracy thresholds.
v' Machine learning models using observed input variables achieved high accuracy for TOC prediction, particularly
under complex hydrological conditions.
v When SWAT-C simulated TOC was used as an additional input, the prediction performance further improved,
confirming the effectiveness of hybrid modeling approaches.
¢ Limitations
v SWAT-C is a physically-based model, while machine learning is data-driven; thus, logical interpretation across the
modeling chain is challenging.
v

The Random Forest algorithm does not fully capture the temporal dynamics of TOC, making it less effective for time-

series predictions or variable lag analysis.

\/
0’0

Future Research

v

To better reflect temporal patterns in TOC, deep learning models such as LSTM (Long Short-Term Memory) should be
explored.

Evaluating model stability under various watershed conditions and hydrologic regimes is necessary.

Expanding simulations to include DOC and POC, and utilizing SWAT-C to estimate both forms can enhance water

quality management strategies, especially for inflow pollution control.
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