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Introduction

▪ Ecological Flow Estimation Based on Physical Habitat Modeling in the Project “Development of Ecological 
Flow Vulnerability Assessment and Integrated Water Quality–Hydrology–Aquatic Ecology Linkage 
Technologies Considering Watershed Environmental Changes” (Principal investigator: Seongjoon Kim, 2020–2025)

 Integrated SWAT, CE-QUAL-W2, PHABSIM models were applied to the four major river basins in South Korea to classify vulnerable river 
types and estimate ecological flows for 49 stations under six flow-regime-based recovery scenarios (Case 1–6: WUA, Q95, Q185, Q275, and Q355).

 Physical habitat models such as PHABSIM and River2D require site-specific hydraulic surveys and fish monitoring data, limiting ecological 
flow estimation to surveyed reaches and constraining spatial scalability to nationwide watershed units.
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Previous Study (2020–2025)

Overlapping Stations
(Aquatic Ecological Vulnerability & Instream Flow 
Stations)Aquatic Ecological Vulnerability Stations

Legally Notified Instream Flow Stations

Final Environmental Ecological Flow and Secured Flow for the Han River
(Phase I, Year 3 ('22) Research Results)

Final Environmental Ecological Flow and Secured Flow for the Nakdong 
River(Phase I, Year 2 ('21) Research Results)

Final Environmental Ecological Flow and Secured Flow for the Geum 
River(Phase II, Year 1 ('23) Research Results)

Environmental Ecological Flow and Secured Flow for the Yeongsan–
Seomjin River Basins(Phase II, Year 2 ('24) Research Results)

Total assessment sites: 339
Overlapping flow, water quality (WQ), and aquatic ecosystem
monitoring sites: 45

Aquatic ecosystem Grade C, D, E (below target
standard): 24 sites (53%) (Grades A, B: 21 excluded)
Flow-degraded sites: 15 (33%) / WQ-degraded sites: 
20 (44%)
Flow & WQ co-degraded: 13 (29%)
(Flow & WQ both satisfactory: 12 sites (27%) —
excluded)

Final ecologically vulnerable sites: 15 (33%)

Total assessment sites: 227
Overlapping flow, WQ, and aquatic ecosystem monitoring sites: 33

Aquatic ecosystem Grade C, D, E (below target
standard): 23 sites (70%) (Grades A, B: 10 excluded)
Flow-degraded: 8 (24%) / WQ-degraded: 13 (40%)
Flow & WQ co-degraded: 5 (15%)
(Flow & WQ both satisfactory: 6 sites (18%) —
excluded)

Final ecologically vulnerable sites: 17 (52%)

Total assessment sites: 190
Overlapping flow, WQ, and aquatic ecosystem monitoring sites: 43

Aquatic ecosystem Grade C, D, E (below target
standard): 40 sites (93%) (Grades A, B: 3 excluded)
Flow-degraded: 26 (60%) / WQ-degraded: 13 (30%)
Flow & WQ co-degraded: 12 (28%)
(Flow & WQ both satisfactory: 16 sites (37%) —
excluded)

Final ecologically vulnerable sites: 11 (26%)

Total assessment sites: 25
Overlapping flow, WQ, and aquatic ecosystem monitoring sites: 22

Aquatic ecosystem Grade C, D, E (below target
standard): 20 sites (80%) (Grades A, B: 2 excluded)
Flow-degraded: 13 (52%) / WQ-degraded: 13 (52%)
Flow & WQ co-degraded: 10 (40%)
(Flow & WQ both satisfactory: 2 sites (8%) —
excluded)

Final ecologically vulnerable sites: 9 (36%)

Aquatic Ecosystem Vulnerability Stations 
in the Han River Basin

Aquatic Ecosystem Vulnerability Stations 
in the Nakdong River Basin

Aquatic Ecosystem Vulnerability Stations 
in the Geum River Basin

Aquatic Ecosystem Vulnerability Stations 
in the Yeongsan–Seomjin River Basin



Introduction

▪ Ecological Flow (E-Flow) is the minimum flow required to sustain aquatic ecosystem health and serves as a fundamental basis for 
river management and environmental policy development.

 Conventional E-Flow estimation mainly relies on PHABSIM and River2D, but field survey requirements limit 
spatial applicability and require considerable time, cost, and labor.

 Previous studies have mainly focused on limited watersheds, restricting nationwide policy development and 
drought response; therefore, AI-based approaches capable of efficiently handling large-scale datasets are 
required.

▪ Need for a nationwide E-Flow estimation framework using AI models based on hydrological and topographical 
watershed characteristics.
 A six-year integrated hydrology–water quality–aquatic ecology database and vulnerable river classification 

framework for the four major river basins were utilized as baseline data for developing an AI-based nationwide 
E-Flow estimation framework.

 This study aims to develop an AI-based algorithm for nationwide E-Flow estimation without field surveys by 
integrating the 49-site E-Flow database with hydrological and topographical watershed variables, including DEM, 
land use, stream order, and slope.

▪ This study aims to develop a nationwide E-Flow estimation algorithm by integrating existing E-Flow data with 
hydrological, topographical, and watershed characteristics using AI and SWAT-based flow systems.
 This study quantitatively evaluates ecological impacts under drought-induced flow variations and provides 

baseline data for nationwide environmental flow management and watershed policy development.
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Materials & Methods Study Area

▪ Target stations
 Among the 49 stations previously assessed across the four major 

river basins in South Korea (2020–2025), 38 unregulated river 
stations were finally selected after excluding regulated rivers (Type 4) 
affected by dams and weirs, as well as coastal watersheds.

▪ Overview of SWAT Model Setup Data from Previous Studies
 Coastal watersheds were excluded because tidal effects and 

seawater intrusion limit the applicability of inland watershed-based 
SWAT modeling.

 Watershed characteristic variables were extracted from SWAT-
based hydrological simulation results and used as input data.

▪ Input Variables: Total of 136 Features
 Categories: SWAT Simulated Flow, Topography, Land Use, Soil, 

Stream Information, Watershed Characteristics, Climate, and 
Topographic Derivatives

 Data Period: 2008–2020

 Single-value assignment of ecological flow for each station

Japan

China

South 
Korea



Materials & Methods Ecological Flow Estimation (38 sites)

▪ The 38 target sites are unregulated river stations across 
South Korea, representing diverse watershed conditions with 
ecological flow and habitat assessments.

▪ The sites cover diverse conditions, including watershed area 
(113.7–2,089 km²), ecological flow (0.9–14.0 m³/s), aquatic 
ecosystem grade (C–E), vulnerability type (Type 1–3), watershed 
characteristics, and restoration scenarios (Case 1–6).
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Vulnerability Classification by River Type.
• Type 1: Unregulated River – Flow Degradation
• Type 2: Unregulated River – Water Quality Degradation
• Type 3: Unregulated River – Flow & Water Quality Degradation
• Type 4: Regulated River – Flow & Water Quality Degradation 

Flow Vulnerability Recovery Scenarios (6 Cases)
• Case 1: 100% Weighted Usable Area (WUA) for Ecological Flow
• Case 2: 100% WUA & 1970s Flow Duration Standard
• Case 3: 1970s Abundant Flow (Q95) Standard
• Case 4: 1970s Normal Flow (Q185) Standard
• Case 5: 1970s Low Flow (Q275) Standard
• Case 6: 1970s Drought Flow (Q355) Standard

Category Station
Environmental 

Flow (m³/s)
Ecosystem 

Health Grade
Stream 
Type

No. of 
Subwatersheds

Watershed 
Area (km²)

Case
Representative 
Fish Species

1

Stream

Seongjeo Bridge 11.6 D 13 1,813
Pseudogobio

Esocinus
2 Seonju Bridge 4.5 C 7 1,003  

3 Gimcheon Bridge 2.5 C 4 903
Pseudogobio 

Esocinus
4 Hayang Bridge 8 D 8 1,256  
5 Maecheon Bridge 11 D 19 2,089  
6 Samho Bridge 5.2 C 4 422 Zacco platypus
7 Dalseong Bridge 2 C 1 192  
8 Gangdong Bridge 11.6 C 8 948 Zacco koreanus
9

Han

Eunhyeon Bridge 1 E 2 242.3 Zacco platypus
Baegui Bridge 4 C 5 572.3 Zacco platypus

Daejeon Bridge 2.8 E 3 341.3
Rhynchocypris 
Oxycephalus

Singok Bridge 2.3 D 1 118.8
Pseudorasbora

Parva
Jangan Bridge 4.3 D 2 236.2 Zacco platypus
Daegok Bridge 5 D 2 201  
Daechi Bridge 3.8 D 3 298.9  
Bokha Bridge 3.9 C 2 234 Zacco platypus

 3.4 D 3 309.4 Zacco platypus
Yulgeuk Bridge 2.5 C 1 182.6 Zacco platypus
Wonbu Bridge 1.2 D 5 511.7 Zacco platypus
Wonju Bridge 0.9 C 1 162  
Sujik Bridge 3.6 E 2 264.2

Geum

Ogap Bridge 5.9 C 2 288.8
Hemibarbus 
longirostris

Yeoam Bridge 2.5 C 8 812.4  
Palgyeol Bridge 4.2 C 9 926.9 Zacco platypus
Wolsan Bridge 14 D 15 1,855 Zacco platypus

Daedeok Bridge 1.6 C 3 359 Zacco koreanus
Nonsan Bridge 2.9 C 4 542.6 Zacco platypus
Jicheon Bridge 1 C 2 250.7 Zacco platypus
Jewon Bridge 1.5 C 2 247.3  
Guman Bridge 4.7 D 2 314.5 Zacco platypus

Yongsan Bridge 3.6 D 6 492.3 Zacco koreanus
Eodeung Bridge 6.4 E 8 714.8 Zacco platypus

Sinseong Bridge 1.2 D 6 581.1
Yaluensis

Jungang Bridge 3 D 7 664 Zacco platypus

Saemaeul Bridge 3 D 2 219
Yaluensis

Gisan Bridge 1 D 1 113.7 Zacco platypus
Hagya Bridge 1.1 D 2 199.5 Zacco platypus

Yocheon Bridge 3 C 4 486.7
yaluensis

Ecological Flow Distribution (38 Sites)

Nakdong Han Geum Yeongsan〮Seomjin

Relationship Between Ecological Flow and Watershed Area (Han)

Relationship Between Ecological Flow and Watershed Area (Nakdong)

Relationship Between Ecological Flow and Watershed Area 
(Yeongsan 〮 Seomjin)

Relationship Between Ecological Flow and Watershed Area 
(Geum)
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Materials & Methods Watershed Characteristics

▪ Watershed Characteristics (No. 1–43)
 SWAT-Simulated Flow Statistics

 Derived from daily SWAT streamflow data (2008–2020), including annual 
minimum, maximum, mean, median, and standard deviation, as well as 
flow duration indices (Q95, Q185, Q275, Q355), streamflow coefficient, 
and flow regime coefficient.

 Topography
 Average watershed slope and aspect derived from the national Digital 

Elevation Model (DEM).

 Land use
 Area fractions of eight land-use classes (urban, paddy, upland crop, 

forest, grassland, barren land, wetland, and water) based on the national 
land cover map.

 Soil
 Soil texture (sand, clay, silt), SCS hydrologic soil groups (A–D, O), and 

drainage class proportions derived from the detailed soil map.

 River information
 Representative stream order based on the Strahler method, along with 

watershed area, mean elevation, watershed slope, longest flow path, 
channel length, and total stream length.
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No. Category Subcategory Variable Unit
1

SWAT-Simulated 
Flow Statistics

Annual Statistics

Annual Minimum Flow m³/s
2 Annual Maximum Flow m³/s
3 Annual Mean Flow m³/s
4 Annual Median Flow m³/s
5 Annual Standard Deviation m³/s
6

Flow Duration Indices

High Flow (Q95) m³/s
7 Normal Flow (Q185) m³/s
8 Low Flow (Q275) m³/s
9 Drought Flow (Q355) m³/s
10

Indices
Streamflow Regime Coefficient –

11 Flow Regime Coefficient –
12

Topography DEM
Mean Slope Degree

13 Mean Aspect Degree
14

Land Use Land Cover

Urban Area Ratio %
15 Paddy Field Ratio %
16 Upland Crop Area Ratio %
17 Forest Area Ratio %
18 Grassland Ratio %
19 Barren Land Ratio %
20 Wetland Ratio %
21 Water Body Ratio %
22

Soil

Soil Texture
Sand Content %

23 Clay Content %
24 Silt Content %
25

SCS Hydrologic
Soil Group

SCS Group A %
26 SCS Group B %
27 SCS Group C %
28 SCS Group D %
29 SCS Group O %
30

Drainage Class

Very Well Drained %
31 Well Drained %
32 Moderately Well Drained %
33 Somewhat Poorly Drained %
34 Poorly Drained %
35 Very Poorly Drained %
36 Other Drainage Classes %
37 River Information Stream Order Stream Order Order
38

Watershed 
Characteristics

Basic Watershed 
Characteristics

Watershed Area km²
39 Mean Elevation m
40 Mean Watershed Slope %
41 Longest Flow Path Length km
42 Channel Length km
43 Total Stream Length km



Materials & Methods

No. Category Subcategory Variable Unit

44

Stream 
Network

Number of Streams
by Order

Number of 1st-Order Streams

Count

45 Number of 2nd-Order Streams

46 Number of 3rd-Order Streams

47 Number of 4th-Order Streams

48 Number of 5th-Order Streams

49 Number of 6th-Order Streams

50 Number of 7th-Order Streams

51 Number of 8th-Order Streams

52

Stream Length
by Order

Main Channel Length

km

53 1st-Order Stream Length

54 2nd-Order Stream Length

55 3rd-Order Stream Length

56 4th-Order Stream Length

57 5th-Order Stream Length

58 6th-Order Stream Length

59 7th-Order Stream Length

60 8th-Order Stream Length

61

Mean Stream Length 
by Order

Mean Length of 1st-Order Streams

62 Mean Length of 2nd-Order Streams

63 Mean Length of 3rd-Order Streams

64 Mean Length of 4th-Order Streams

65 Mean Length of 5th-Order Streams

66 Mean Length of 6th-Order Streams

67 Mean Length of 7th-Order Streams

68 Mean Length of 8th-Order Streams

69

Stream Length Ratio

1st-Order Stream Length Ratio

Dimensionless

70 2nd-Order Stream Length Ratio

71 3rd-Order Stream Length Ratio

72 4th-Order Stream Length Ratio

73 5th-Order Stream Length Ratio

74 6th-Order Stream Length Ratio

75 7th-Order Stream Length Ratio

76 8th-Order Stream Length Ratio

77

Bifurcation Ratio

1st-Order Bifurcation Ratio

78 2nd-Order Bifurcation Ratio

79 3rd-Order Bifurcation Ratio

80 4th-Order Bifurcation Ratio

81 5th-Order Bifurcation Ratio

82 6th-Order Bifurcation Ratio

83 7th-Order Bifurcation Ratio

84 8th-Order Bifurcation Ratio

▪ Stream Network Characteristics (No. 44–84)

 Number of Streams by Order

 The number of streams for each Strahler stream order (1st–8th order).

 Stream Length and Mean Stream Length by Order

 Total stream length and mean stream length for each stream order (1st–
8th order).

 Stream Length Ratio

 Calculated as the ratio of the mean stream length of a given order to 
that of the next lower order.

 Bifurcation Ratio

 Calculated as the ratio of the number of streams in a lower order to that 
in the next higher order.
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Stream Network Characteristics



Materials & Methods

No. Category Subcategory Variable Unit
85

Topographic Characteristics

Cumulative Elevation 
Area Ratio

Area Below 1200 m %
86 Area Below 1000 m %
87 Area Below 800 m %
88 Area Below 600 m %
89 Area Below 400 m %
90 Area Below 300 m %
91 Area Below 200 m %
92 Area Below 150 m %
93 Area Below 100 m %
94 Area Below 50 m %
95

Cumulative 
Elevation Area

Area Below 1200 m km²
96 Area Below 1000 m km²
97 Area Below 800 m km²
98 Area Below 600 m km²
99 Area Below 400 m km²
100 Area Below 300 m km²
101 Area Below 200 m km²
102 Area Below 150 m km²
103 Area Below 100 m km²
104 Area Below 50 m km²
105

Elevation Zone Area

Area Above 1200 m km²
106 Area Between 1000–1200 m km²
107 Area Between 800–1000 m km²
108 Area Between 600–800 m km²
109 Area Between 400–600 m km²
110 Area Between 300–400 m km²
111 Area Between 200–300 m km²
112 Area Between 150–200 m km²
113 Area Below 100 m km²
114

Terrain-Derived Factors

Hydrological 
Characteristics

Slope Length –
115 LS Factor –
116 Melton Ruggedness Number –
117 Flow Path Length m
118 Flow Accumulation m²
119 Distance to Stream Network m
120 Vertical Distance to Stream Network m
121 Strahler Order –
122 Topographic Wetness Index (TWI) –
123 Catchment Slope –
124 Specific Catchment Area m²/m
125 Flow Direction Degree
126

Terrain Characteristics

Topographic Position Index (TPI) m

127 Slope
Dimensio

nless
128 Aspect Degree
129 Valley Depth m
130 Curvature 1/m
131 Terrain Ruggedness Index (TRI) m²
132 Vector Ruggedness Measure (VRM) –
133 Relative Slope Position (RSP) –
134 Surface Area m²

135
Meteorological Factors (ASOS)

Precipitation Mean Daily Precipitation mm/day

136 Evapotranspiration Mean Daily Evapotranspiration mm/day

▪ Topography & Climate Characteristics (No. 85–136)

 Elevation Distribution

 Includes area ratio, cumulative area, and absolute area for elevation 
zones at 50 m intervals.

 Hydrological Characteristics

 Includes runoff and catchment-related factors such as slope length, LS 
factor, flow path length, flow accumulation, distance to stream network, 
and topographic wetness index (TWI).

 Terrain Characteristics

 Includes terrain descriptors such as catchment slope, specific 
catchment area, flow direction, TPI, slope, curvature, TRI, VRM, and 
surface area.

 Meteorological Factors (ASOS) *ASOS: Korea Automated Synoptic Observing System

 Mean daily precipitation and evapotranspiration (2008–2020) derived 
from ASOS observations and averaged at the watershed scale.

Topography & Meteorology
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Materials & Methods Artificial Intelligence Model Application

▪ AI Model Comparison
 Ensemble tree-based models are widely used for analyzing tabular datasets, in which site-specific characteristics are 

organized in rows and columns.

 Bagging: Random Forest(RF)

 RF is one of the most widely applied models in hydrological and environmental studies and is a representative 
bagging algorithm known for its relatively stable predictive performance.

 Therefore, RF was selected as the benchmark bagging model in this study.

 Boosting: Gradient Boosting(GB), HistGradient Boosting(HistGB), LightGBM, CatBoost, XGBoost

 Boosting models generally demonstrate high predictive performance on tabular datasets, although their performance 

     may vary depending on the learning architecture and implementation strategy of each model.

 Multiple boosting models were evaluated to identify the optimal model for the characteristics of the input dataset.

▪ Data Preprocessing and Feature Selection
 mRMR (Minimum Redundancy Maximum Relevance)

 Correlation analysis may introduce redundant information in high-dimensional datasets. 

 Therefore, mRMR was applied to maximize relevance and minimize redundancy among predictors. 

 The selected features were subsequently evaluated using Variance Inflation Factor (VIF) analysis to assess residual 
multicollinearity. 

                                 max
𝑆

1

𝑆
σ𝑥𝑖∈𝑆 𝐼 𝑥𝑖; 𝑐 −

1

𝑆 2
σ𝑥𝑖,𝑥𝑗∈𝑆 𝐼 𝑥𝑖; 𝑥𝑗

                            ∗ 𝑆:  feature subset, 𝑆 :  number of features, 𝑥𝑖 , 𝑥𝑗:  features, 𝑐:  target, 𝐼:  mutual information
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Figure(a) Figure(b) Figure(c) Figure(d)



Materials & Methods Artificial Intelligence Model Application

▪ Validation Methodology – Nested Leave-One-Out Cross-Validation (Nested LOO-CV)
 Nested cross-validation separates hyperparameter optimization from final model evaluation using a two-level validation framework.

 Simultaneous hyperparameter tuning and performance evaluation within a single 

    cross-validation procedure may lead to performance overestimation due to data leakage.

    Therefore, a nested validation structure was adopted in this study.

▪ Prediction Interval (PI)
 Point estimates alone do not adequately represent prediction uncertainty or reliability.

 Given the small-sample dataset (n = 38), prediction errors may vary substantially among sites. Therefore, interval estimation was used 
to quantify predictive uncertainty.

 A 90% prediction interval was generated using bootstrap resampling (n = 1,000) to provide confidence bounds for site-specific 
ecological flow predictions.

▪ Objective Functions – R² and RMSE
 R² (Coefficient of Determination)

 Measures the strength of the linear relationship between observed and predicted values.

 Values closer to 1 indicate stronger agreement between observations and predictions.

 RMSE (Root Mean Square Error)

 Measures the average magnitude of prediction errors between observed and predicted values.

 Values closer to 0 indicate higher predictive accuracy.
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✓ 𝑅2 =
σ𝑖=1

𝑛 (𝑌𝑖
𝑠𝑖𝑚−𝑌𝑖

𝑜𝑏𝑠,𝑚𝑒𝑎𝑛)2

σ𝑖=1
𝑛 (𝑌𝑖

𝑜𝑏𝑠−𝑌𝑖
𝑜𝑏𝑠,𝑚𝑒𝑎𝑛)2 ✓ 𝑅𝑀𝑆𝐸 =

1

𝑛
σ𝑖=1

𝑛 𝑌𝑖
𝑜𝑏𝑠 − 𝑌𝑖

𝑠𝑖𝑚 2

∗  𝑌𝑖
𝑜𝑏𝑠: Observed value, 𝑌𝑖

𝑠𝑖𝑚 : Simulated value, n: Number of observations ∗  𝑌𝑖
𝑜𝑏𝑠: Observed value, 𝑌𝑖

𝑠𝑖𝑚: 𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑 𝑣𝑎𝑙𝑢𝑒,

 𝑌𝑖
𝑜𝑏𝑠,𝑚𝑒𝑎𝑛: Mean of observed values, 𝑛: Number of observations

Performance Rating R2

Very good 0.8 < R2

Good 0.70 < R2 ≤ 0.80

Satisfactory 0.50 < R2 ≤ 0.70

Unsatisfactory R2 ≤ 0.5



Materials & Methods Interpretation of Model Predictions Using Explainable AI (XAI)

▪ Motivation 
 Boosting models are often regarded as black-box models because their internal decision-making processes are not directly 

interpretable, making it difficult to identify which variables influence ecological flow estimation.

 To improve model interpretability, key drivers and conditions affecting ecological flow were identified by analyzing model predictions 
across the 38 study sites.

▪ Methods
 SHAP (SHapley Additive exPlanations)

 SHAP was used to quantify the direction and magnitude of each variable's contribution to model predictions, enabling interpretation of 
key influencing factors and feature importance.

 Response surface

 Two-dimensional response surfaces were generated to visualize the combined effects of major variable pairs on ecological flow 
predictions and to identify interaction patterns between predictors.

 PDP–ICE (Partial Dependence Plot – Individual Conditional Expectation)

 PDP–ICE was used to visualize prediction responses to changes in individual variables while holding other variables constant.

 PDP represents the average response across all sites, whereas ICE illustrates site-specific responses, allowing the identification of 
variable effects and heterogeneity among sites.
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Results & Discussion

▪ mRMR-Based Feature Selection
 Variable importance was evaluated for 136 candidate variables using 

mRMR, which maximizes relevance to the target while minimizing 
redundancy among predictors.

 As a result, the top 27 variables were selected as primary candidates by 
accounting for both linear and nonlinear relationships.

▪ VIF-Based Multicollinearity Reduction
 Variance Inflation Factor (VIF) was calculated for the 27 candidate 

variables, and variables with VIF ≥ 10 were removed to address 
multicollinearity.

 A final set of 11 variables was selected after considering the correlation 
structure among predictors, with VIF values ranging from 1.32 to 5.39.
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Mutual information(MI) variable importance ranking (n=27)
mRMR

Mutual Information (MI Relevance)

No. Variable Name MI Relevance VIF (<10) mRMR Rank

1 Mean flow (m³/s) 0.183 1.32 3

2 SCS B (%) 0.147 3.16 6

3 Mean elevation (EL.m) 0.122 5.39 12

4 Watershed Area (km²) 0.092 2.79 14

5 Precipitation (mm/day) 0.045 2.74 19

6 Total stream length (km) 0.042 3.90 20

7 Slope (degree) 0.033 5.06 22

8 Clay content (%) 0.032 1.70 23

9 Stream bifurcation 0.031 1.66 24

10 Evapotranspiration (mm/day) 0.028 3.77 25

11 Melton Index 0.027 3.88 26

Final selected variables (n = 11)

S20. Total stream length(km)

Final selected variables (n = 11)

Results of mRMR Feature Selection



Results & Discussion AI Model Selection and Performance Evaluation

▪ Gradient Boosting was selected as the optimal model among the evaluated AI candidates.
 An overall R² of 0.64 was achieved across the 38 study sites.
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Model Type R² RMSE(m3/s)

GradientBoosting Boosting 0.64 1.92
HistGradient Boost Boosting 0.55 2.15
XGBoost Boosting 0.53 2.19
LightGBM Boosting 0.48 2.30
CatBoost Boosting 0.29 2.69
Random Forest Bagging 0.33 2.60
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Gradient Boosting CatBoostLightGBMXGBoostHistGradient Boost

Validation Nested LOO-CV

Performance estimate Boosting

Metrics R2

Iterations (n) 1,000

95% CI [0.24, 0.80]

*Nested LOO-CV results demonstrated a reasonable level of 
generalization despite the limited sample size.

Residual (Predicted − Observed, m³/s)
(−: Underprediction · +: Overprediction)

-8 -6 -4 -2 0 +2 +4 +6 +8



Results & Discussion Bootstrap Prediction Interval Analysis

▪ Bootstrap-based 90% prediction intervals (n = 1,000) achieved a coverage rate of 86.8%, slightly below the target 
level of 90%.

 PI uncertainty increased with flow magnitude, with interval widths reaching up to 8 m³/s under high-flow conditions.

 Sites outside the prediction interval were distributed across all flow ranges, suggesting that site-specific ecological 
and habitat conditions contributed more to prediction errors than systematic model bias.

 Additional habitat and species information may further improve prediction reliability.
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Metric Value

Coverage rate (90% PI) (%) 86.8

Number of PI violations 5

PI width range (m³/s) ~(1-8)

PI width at high-flow condition (m³/s) ~(8)

Predicted ecological flow range (m³/s) ~(1-14)

N sites 38

N bootstraps 1000

Sites within PI 33

Sites outside PI 5

Mean PI Width(m³/s) 3.2

Median PI Width (m³/s) 2.5

Min PI Width (m³/s) 1.1

Max PI Width (m³/s) 8.5

Bootstrap-Based Prediction Interval (PI)
: Uncertainty range estimated from repeated 
bootstrap-resampled predictions.



Results & Discussion XAI–SHAP Analysis

▪ Dominant Predictors
 The four key variables (SCS B, watershed area, mean flow, and total stream length) 

explained about 60% of the model output.

▪ Positive Drivers of Ecological Flow
 SHAP results indicated that higher SCS B ratios, larger watersheds, and greater mean flows 

positively contributed to ecological flow.

▪ Combined Watershed Effects
 Cumulative contributions showed that ecological flow is driven by the combined effects of 

watershed characteristics rather than a single dominant factor.
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SCS B

Watershed Area (km2)

Mean flow (m3/s)

Total Stream Length (km)

Precipitation (mm/day)

Stream bifurcation

Mean elevation (m)

Clay content (%)

Melton index

Evapotranspiration
(mm/day)

Slope (degree)

Initial value

SCS B

Watershed Area (km2)

Mean flow (m3/s)

Total Stream Length (km)

Precipitation (mm/day)

Stream bifurcation

Mean elevation (m)

Clay content (%)

Melton index

Slope (degree)

Initial value

Evapotranspiration
(mm/day)

Model output value (log scale)

* Melton Index

* Total stream length

* SCS Hydrologic Soil Group (A-D)
A hydrologic soil classification system based on infiltration 
capacity and runoff potential during rainfall events.
A: High infiltration, low runoff (sand, gravel)
B: Moderate infiltration and runoff (sandy loam)
C: Low infiltration, high runoff (silty or clayey soils)
D: Very low infiltration, very high runoff (clay soils, 
impermeable layers, shallow groundwater)

Total length of all streams within a watershed, including the 
main channel and tributaries.

* Main Channel Length
Length of the main channel extending from the watershed 
outlet to the upstream source.

Ratio of watershed relief to the square root of watershed 
area, higher values indicate steeper and more rugged 
mountainous watersheds.



Results & Discussion XAI - Response Surface Analysis

▪ Four response zones were identified using thresholds of 21.5% SCS B and 1,600 km² watershed area.
 Ecological flow exhibited nonlinear responses to the combined effects of soil conditions and watershed size.

▪ Zone C (high SCS B + large watershed) showed the highest ecological flow (~14 m³/s), whereas Zone A (low 
SCS B + large watershed) also maintained relatively high values (~11 m³/s).
 Zone B (high SCS B + small watershed) remained at low flow levels, highlighting the importance of sufficient watershed size even under 

favorable soil conditions.

▪ The 3D response surface showed a stepwise increase with watershed area.
 Flow accumulation and stream convergence effects became more pronounced in larger watersheds, suggesting the need for watershed 

size-specific interpretation.
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Results & Discussion XAI–Response Surface Interaction Analysis

▪ Figure (a) showed a stepwise increase in ecological flow beyond a watershed area of ~1,000–1,500 km².
 This suggests stronger effects of stream confluence and flow accumulation in larger watersheds.

▪ Figure (b) showed a stronger effect of watershed size on ecological flow than SCS B conditions.
 Relatively high ecological flow values were observed in large watersheds with SCS B ratios above ~21.5%, indicating that sufficient 

catchment area is as important as favorable soil conditions.

▪ Figure (c) showed distinct SCS B effects only under low-flow conditions.
 Differences associated with SCS B were evident when mean flow was below ~50 m³/s but diminished as flow increased, suggesting 

that flow magnitude becomes more influential than soil conditions at higher flows.

▪ Figure (d) showed limited variation in ecological flow with precipitation.
 Ecological flow appears to be more closely related to watershed size, mean flow, and soil-driven runoff characteristics than to 

precipitation alone.
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Results & Discussion XAI–PDP–ICE Curve Analysis

PDP–ICE Responses in Ecological Flow Prediction
*PDP(Partial dependence plots)
*ICE(Individual conditional expectation)
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▪ Sensitive Responses to Watershed Area and Mean Flow
 Watershed area (500–1,500 km²) and mean flow (< ~40 m³/s) showed high ICE variability, with ecological flow increasing up to ~12 m³/s 

before reaching a saturation pattern.

 Considerable site-to-site variability was observed under similar conditions, suggesting limited gains beyond certain thresholds.

▪ Limited Effects of Total Stream Length, SCS B, and Precipitation
 Total stream length showed only a slight response below ~200 km and converged to a flat pattern thereafter, indicating stronger 

influences from flow magnitude and runoff characteristics.

 SCS B and precipitation exhibited weak average PDP responses, although SCS B remained an important predictor in SHAP analysis, 
suggesting condition-specific effects.

Watershed Area Mean flow PrecipitationPDP + ICE: SCS B PDP + ICE: Watershed Area PDP + ICE: Mean flow PDP + ICE: Total stream length PDP + ICE: Precipitation



Conclusion Summary and Conclusion

❖ Summary
 An integrated database was developed using SWAT-simulated streamflow and watershed characteristics from 38 ecological 

flow-sensitive sites, and a Gradient Boosting-based framework was proposed for ecological flow estimation under limited field 
data conditions.

❖ Highlights
 Gradient Boosting achieved the best performance (R² = 0.64, RMSE = 1.92 m³/s) and maintained reliable uncertainty estimates 

with 86.8% coverage for the bootstrap-based 90% prediction interval.

 SHAP, Response Surface, and PDP–ICE analyses identified SCS B, watershed area, mean flow, and total stream length as the 
dominant predictors, collectively explaining >60% of model output variability.

❖ Key findings
 Hydrologic, topographic, and soil variables provided substantial explanatory power for ecological flow in unregulated rivers, 

despite limited data availability.

 Ecological flow varied systematically with the interaction of watershed size and soil conditions. Soil-topographic controls were 
more influential in small watersheds, whereas flow-related characteristics became increasingly important in large watersheds.

❖ Future Research

 The framework can be expanded to approximately 850 standard watersheds across South Korea for large-scale 
ecological flow assessment.

 Future studies should incorporate species-specific habitat, swimming behavior, and flow requirements to improve 
ecological relevance and predictive accuracy.
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      max S ⁡   [   1   | S |  ∑   x i ∈ S  I  (   x i ; c ) −  1     | S | 2  ∑   x i ,  x j ∈ S  I  (   x i ;  x j ) ]


              ∗ S :  feature subset ,    | S | :  number of features ,    x i ,  x j :  features ,   c :  target ,   I :  mutual information


   R 2 =


     ∑  i = 1 n  (    Y i  s i m −  Y i  o b s , m e a n ) 2   ∑  i = 1 n  (    Y i  o b s −  Y i  o b s , m e a n ) 2


  R M S E =    1 n  ∑  i = 1 n     (   Y i  o b s −  Y i  s i m ) 2


  ∗    Y i  o b s : Observed   value   ,   Y i  s i m : Simulated   value ,   n : Number   of   observations  


    ∗   Y i  o b s : Observed value ,   Y i  s i m : S i m u l a t e d   v a l u e ,


     Y i  o b s , m e a n : Mean   of   observed   values ,   n : Number   of   observations

