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Development and Validation of a Hybrid Remote Sensing and Machine Learning
Framework for High-Resolution Terrain Ruggedness (K-Coefficient) Mapping
Across Heterogeneous Geomorphological Regions

Abstract

Quantitative characterization of terrain ruggedness is
essential for diverse geoscientific applications, including
erosion modeling and hydrological prediction. This research
developed and validated a robust, 10-meter resolution K-
coefficient framework designed as a continuous, transferable
measure of geomorphological complexity. The project
progressed from a morphometric baseline (K;) to a Hybrid
Machine Learning model that integrated Digital Elevation
Model (DEM) derivatives with multi-sensor remote sensing
data, specifically Sentinel-1 SAR (Radar VV) and Sentinel-2
NDVI. A central scientific focus was the cross-regional
generalization across three distinct Iranian regimes: the
complex mountainous Zagros, the arid Ravar, and the lowland
agricultural Moghan. To achieve this, a standardized spatial
architecture was implemented using metric Universal
Transverse Mercator UTM projections and SNAP GPT for
radar terrain correction to ensure strict pixel-wise
correspondence. The research identified a significant multi-
regime behavior in terrain modeling: while Moghan and Ravar
are strongly topo-driven (correlations = 0.88 — 0.90), the
Zagros region exhibits a "generalization problem" where
surface morphology is decoupled from ruggedness due to
missing lithological drivers such as karstification and carbonate
rock fractures. To address this heterogeneity, the study
developed a regime-aware mixture framework utilizing an
interpretable Ridge Regression formula for topographic
anchors and a ReliabilityGate mechanism. This gate uses a
disagreement metric (A) to prevent "mixture collapse" by
selectively activating a non-parametric baseline only when it is
consistent with the topographic model. Validation using Leave-
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One-Region-Out  (LOO) experiments and a 7, = 0.80

threshold demonstrated a 5% reduction in mean cross-region
error. Final outputs include standardized 10m K-coefficient
maps mapped to a physical range of [0.01, 0.65], providing a
stable and operationally ready tool for national-scale
geomorphological assessment. Despite these gains, persistent
failure in the Zagros domain suggests that future improvements
require explicit integration of geological and structural proxies.

Keywords: K coefficient, Terrain Ruggedness,
Geomorphological Complexity, Slope, NDVI, Hybrid Machine
Learning, Random Forest, Hist Gradient Boosting Reliability
Gate



Development and Validation of a Hybrid Remote Sensing and Machine Learning
Framework for High-Resolution Terrain Ruggedness (K-Coefficient) Mapping
Across Heterogeneous Geomorphological Regions

1. Problem Statement

1.1 The Need for Advanced Morphometric Characterization

Quantitative characterization of terrain ruggedness and
geomorphological complexity is a fundamental requirement in
environmental and geoscientific applications, including
erosion modeling, hydrological prediction, and large-scale
geospatial decision-making. In many practical contexts,
decision-makers require a robust numerical indicator "the K-
coefficient" that can consistently differentiate between smooth
lowland plains and highly dissected mountainous landscapes.
Unlike categorical labels, continuous spatial variables like the
K-coefficient provide higher analytical flexibility and enable
integration into advanced machine learning (ML) frameworks
[2,3].

1.2 Limitations of Conventional Morphometric Descriptors

The core technical problem lies in the inadequacy of
conventional descriptors to fully capture terrain behavior
across heterogeneous regions. Current approaches rely on
individual features such as:

Slope: Captures gradient magnitude but ignores multi-
directional variability and local elevation oscillations.

Curvature: Describes local convexity/concavity but is highly
sensitive to noise and scale.

Terrain Ruggedness Index (TRI): While a strong predictor of
local variability, it often exhibits high multicollinearity with
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slope, leading to unstable coefficients in traditional linear
models.

Furthermore, these indices are fundamentally
geometric; they represent elevation-driven morphology but fail
to capture physical surface properties such as scattering
roughness, moisture response, and vegetation canopy structure.
Without incorporating multi-sensor remote sensing data, such
as Sentinel-1 SAR! (radar backscatter) and Sentinel-2 NDVI?
(vegetation), morphometric models remain physically
incomplete [1,3].

1.3 The "Multi-Regime"' Challenge and Generalization
Failure

A critical scientific gap addressed by this research is
the lack of cross-regional generalization in existing models.
Standard geomorphological models are often locally calibrated
and fail when exposed to "distribution shifts" in new
geographic domains.

The sources identify a "Zagros Generalization
Problem," where models trained on one region (e.g., Moghan
or Ravar) fail catastrophically when applied to another (e.g.,
Zagros). This suggests that the relationship between
topography and terrain complexity is not universal but regime-
dependent:

Topo-Driven Regimes: In regions like Moghan (lowland
plains) and Ravar (arid sedimentary/volcanic terrain), the K-

! Synthetic Aperture Radar
2 Normalized Difference Vegetation Index
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coefficient is strongly correlated (0.88 —0.90) with
morphometric structure.

Lithology-Controlled Regimes: In regions like Zagros,
correlations drop significantly (approx. 0.33), likely due to
missing drivers such as lithology, karstification, and fracture
density which decouple surface morphology from
susceptibility patterns [12,13].

1.4 Technical Barriers in Data Harmonization

The development of a unified framework is further
hindered by significant technical obstacles in multi-source data
integration. Raw satellite products frequently lack consistent
Coordinate Reference Systems (CRS) and affine transforms.
For instance, Sentinel-1 GRD3 measurement files often rely on
Ground Control Points (GCPs) rather than explicit geocoding,
leading to "NaN-dominated" outputs and spatial misalignment
in standard GIS pipelines. Additionally, subtle discrepancies
such as one-pixel offsets during resampling can break the pixel-
wise correspondence required for machine learning inference
[4,7].

1.5 The Gap: Absence of a Stable, Mixture-Based
Framework
Current research lacks a methodology that can:

Detect Regime Shifts: Automatically identify whether a pixel
belongs to a stable topo-driven regime or a complex, lithology-
controlled one.

3 Ground Range Detected
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Mitigate Mixture Collapse: Prevent "naive" mixture models
from degrading performance in regions where different
predictors (e.g., human-layer water proxies) provide
inconsistent signals.

Standardize Qutputs: Map abstract model scores into a
physically interpretable range (e.g.,[0.01,0.65]) that remains
stable across national scales [9].

1.6 Summary of Research Objectives

This research addresses these gaps by developing a
Hybrid Remote Sensing and Machine Learning Framework.
The proposed study moves beyond local calibration to
implement a Regime-Aware approach, utilizing a
ReliabilityGate mechanism to stabilize cross-region
predictions. By integrating topographic derivatives with radar
backscatter, optical indices, and anthropogenic "human layers,"
this study seeks to provide a definitive, transferable solution for
high-resolution (10m) K-coefficient mapping across the
diverse geomorphological landscapes of Iran.

Significance and Justification

2.1 Scientific Significance
This research addresses several fundamental gaps in
geomorphometry and remote sensing:

From Categorical to Continuous Modeling: Traditional
geomorphological studies often rely on categorical labels;
however, this research promotes continuous spatial variables
(the K-coefficient), which provide higher analytical flexibility,
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enable probabilistic interpretations, and allow for direct
integration into machine learning frameworks.

Overcoming Descriptive  Limitations: No  single
morphometric feature (slope, curvature, etc.) is sufficient to
describe terrain behavior across heterogeneous regions. This
study justifies a hybrid approach, integrating morphometric
variables with physical surface properties—such as scattering
roughness from Sentinel-1 radar and vegetation density from
Sentinel-2 NDVI—to capture land surface characteristics that
Digital Elevation Models (DEMs) alone cannot express.

Regime-Aware Discovery: The research identifies the "multi-
regime" nature of landscapes, proving that relationships
between topography and terrain complexity are not universal.
By uncovering the Zagros Generalization Problem, the study
shifts the scientific focus from "global" models to specialized
mixture frameworks that account for lithological and structural
drivers like karstification.

Methodological Innovation: The introduction of the
ReliabilityGate mechanism is a significant technical
contribution, providing a way to detect and prevent model
collapse during cross-regional transfer.

2.2 Practical Importance and Applications

The K-coefficient serves as a robust numerical
indicator that differentiates smooth lowlands from highly
dissected mountainous landscapes, making it essential for:

Soil Erosion and Hydrological Modeling: High-resolution
mapping of ruggedness is a prerequisite for predicting erosion
patterns and hydrological responses.
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Watershed Prioritization: The framework enables
researchers to conduct watershed susceptibility analysis and
prioritize regions for conservation or infrastructure
development.

Environmental and Land Management: Standardized
physical ranges (e.g., K-physical [0.01,0.65]) allow for
consistent thresholding and decision-making across diverse
geographic domains, from the agricultural plains of Moghan to
the arid terrains of Ravar.

2.3 Beneficiaries and Policy Relevance

Geospatial Decision-Makers: Government agencies and
environmental planners benefit from a reproducible
methodology that can be operationally deployed at a national
scale with minimal adaptation.

Resource Managers: By incorporating "human layers" (e.g.,
irrigation canals and water frequency), the research provides
insights into how anthropogenic transformations alter surface
processes, which is vital for agricultural and water
infrastructure planning.

Standardization for Policy: The project provides a unified 10-
meter grid framework, ensuring that multi-source data
(topographic, optical, and radar) are harmonized, which is
critical for maintaining data integrity in large-scale national
production settings.
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2.4 Timeliness of the Research

This research is particularly timely due to the current
availability of high-resolution satellite constellations and
advanced computational tools:

Data Availability: The maturity of the Sentinel-1 and Sentinel-
2 programs provides the multi-sensor data necessary to
improve the physical representativeness of terrain indices.

Technological Readiness: The development of sophisticated
algorithms like HistGradientBoosting and Ridge Regression,
combined with automated processing engines like Sentinel
Application Platform (SNAP) on Graph Processing Tool
(GPT), now makes it possible to handle the heavy
computational burden of processing national-scale, high-
resolution datasets.

Urgency for Transferable Models: As environmental
changes affect diverse regions differently, there is an urgent
need for models that do not require local re-calibration but can
generalize across different geomorphological regimes.

Research Objectives

3.1 General Objective

The primary goal of this research is to develop and
validate a robust and transferable 10-meter resolution
framework for estimating the K-coefficient, a continuous scalar
field that serves as a normalized measure of terrain ruggedness
and geomorphological complexity. The framework aims to
maintain predictive stability across geographically and
climatically independent domains specifically the Zagros,
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Ravar, and Moghan regions by integrating topographic
derivatives with multi-sensor remote sensing data.

3.2 Specific Objectives

Extract and Harmonize Morphometric Indices: Utilize
DEMs to derive a suite of geometric descriptors, including
slope, TRI, aspect, and curvature. This objective includes
projecting data into region-specific Universal Transverse
Mercator (UTM) zones and resampling all topographic layers
to a unified 10-meter grid to ensure physically meaningful
gradient computations.

Process Sentinel-1 Radar Backscatter: Capture physical
surface properties such as scattering roughness and micro-
texture using Sentinel-1 SAR Vertical-Vertical (VV)
polarization. A key sub-objective is implementing a stable
preprocessing pipeline using SNAP GPT to perform Range-
Doppler terrain correction, thereby overcoming the lack of
explicit CRS in raw GRD products.

Derive and Project Sentinel-2 NDVI: Incorporate vegetation
density and surface greenness by computing the Normalized
Difference Vegetation Index (NDVI) from Sentinel-2 or HLS4
optical products. This objective requires strict CRS
management, reprojecting geographic coordinates to metric
UTM zones prior to resampling to avoid grid collapse.

Develop a Hybrid Machine Learning Framework:
Transition from a baseline morphometric index (KO) to a high-
capacity Hybrid Machine Learning model. This includes

4 Harmonized Landsat Sentinel

10
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evaluating algorithms such as Random Forest and
HistGradientBoosting to integrate topographic, optical, and
radar features into a single predictive pipeline.

Implement Cross-Region Validation Strategies: Rigorous
evaluation of model transferability using Leave-One-Region-
Out (LOO) validation and spatial block cross-validation. This
objective aims to test the model's performance under
"distribution shifts" when moving between
geomorphologically distinct regimes.

Design a ReliabilityGate-Based Mixture Model: Develop a
stabilized mixture framework that combines an interpretable
topo-driven Ridge Regression formula with an empirical
baseline. A critical component is the ReliabilityGate, which
measures the disagreement (A) between components to prevent
"mixture collapse" in unstable regions.

Evaluate Generalization Performance and Regime Drivers:
Analyze the spatial and statistical patterns of model residuals
to identify regional limitations, such as the "Zagros
Generalization Problem". This involves investigating the role
of missing physical drivers—such as lithology, karstification,
and fracture density—that decouple surface morphology from
terrain complexity in certain regimes.

Standardize Outputs for Operational Use: Map abstract
model scores into a fixed physical range (Kpnysicai €

[0.01,0.65]) to ensure consistent interpretation, thresholding,
and decision-making across national-scale applications.

11
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Research Questions

4.1 Primary Research Questions

To what extent is the K-coefficient governed by purely
morphometric derivatives versus multi-sensor physical
indicators?

Does the integration of Sentinel-1 radar backscatter
and Sentinel-2 NDVI significantly improve the physical
representativeness and predictive performance of the K-
coefficient compared to models relying solely on DEM-derived
geometry?

Can a machine learning model train on a specific
geomorphological region effectively generalize to independent
domains?

How does the model maintain predictive stability when
exposed to "distribution shifts" between geographically and
climatically distinct regions such as the arid Ravar mountains
and the agricultural Moghan plains?

Is the Zagros region a distinct geomorphological
regime that requires non-topographic predictors?

What factors contribute to the "Zagros Generalization
Problem," where standard morphometric models fail
(producing negative values), and to what extent do missing
drivers like lithology, karstification, and fracture density
decouple surface morphology from terrain complexity in this
domain?

12
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4.2 Methodological & Technical Questions
Can a regime-aware mixture framework mitigate
"mixture collapse" in cross-regional applications?

How effective is the ReliabilityGate mechanism—
which uses a disagreement metric (A) between topo-driven and
baseline models—at preventing systematic errors and
stabilizing performance across heterogeneous landscapes?

Do anthropogenic surface modifications provide
significant explanatory power for K-coefficient patterns?

When modeled as "human residuals" (using NDWI5
and canal density proxies), can anthropogenic data improve K-
estimation in lowland, human-impacted regimes like Moghan
where purely geomorphometric signals are weak?

How does a harmonized 10-meter multi-source grid
architecture impact the numerical stability of the framework?

What are the technical requirements for ensuring strict
pixel-wise correspondence and CRS alignment between SAR,
optical, and topographic data to avoid "silent failures" during
machine learning inference?

5 Normalized Difference Water Index

13
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4.3 Summary Table: Research Focus Areas

Question Type

Core Concept

Relevant Source Evidence

Scientific

Multi-regime
behavior

Zagros, Ravar, and Moghan

exhibit distinct correlation
structures (e.g., corr(K,TRI) is
~0.90 in Moghan but only ~ 0.33
in Zagros).

ReliabilityGate

A T, = 0.80 threshold was found
to optimize the tradeoff between
baseline utilization and stability.

Physical

Missing Drivers

Lithological/structural controls in
carbonate terrains (karst) are
hypothesized to be the primary
cause of topo-driven model
failure.

Technical

Data Integration

Standardizing nodata to -9999
and using SNAP GPT for SAR
terrain correction were essential

for pipeline reproducibility.

14



Development and Validation of a Hybrid Remote Sensing and Machine Learning
Framework for High-Resolution Terrain Ruggedness (K-Coefficient) Mapping
Across Heterogeneous Geomorphological Regions

Research Hypotheses

Low-slope and low-TRI areas correspond to lower K
values. The sources state that the K-coefficient is designed as a
normalized measure where values close to zero represent
smooth lowland environments. Statistical analysis in regions
like Moghan and Ravar shows a very high correlation (0.88 —
0.90) between the K-coefficient and morphometric features
such as the TRI and slope. Furthermore, the extracted topo-
driven formula identifies slope as the dominant positive driver
(coefficient of ~ 0.309), while a composite index (S) combining
DEM, slope, and TRI is used to effectively gate the ruggedness
regime.

Integrating NDVI and radar backscatter improves the
physical representativeness and predictive performance of the
model. The research is predicated on the limitation that
morphometric layers only represent elevation-driven geometry
and miss physical surface properties like scattering roughness
and vegetation canopy structure. Permutation importance
analysis confirms that while topography is dominant, radar
(Sentinel-1 VV) and NDVI (Sentinel-2) are significant and
moderate contributors to model performance, respectively.
Integrating these sensors in a hybrid framework led to a
substantial explanatory power with R? values reaching
approximately 0.71 to 0.73 in multi-feature models.

Topography-only models fail to generalize in
lithology-controlled or karstified terrains. Evidence from the
sources identifies a "Zagros Generalization Problem," where
models trained on other regions fail catastrophically when
applied to Zagros (yielding R? values of -0.34 to -0.35). This
failure persists even in topo-only models because Zagros

15
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behaves as an out-of-distribution domain where surface
morphology is decoupled from terrain complexity. Expert
consultation suggests this is due to missing drivers such as
carbonate rock distribution, fracture density, and karstification,
which are not captured by standard morphometric variables.

A reliability-based gating mechanism reduces mixture
collapse and stabilizes cross-regional predictions. The sources
describe how a "naive" mixture of topo-driven and baseline
models can lead to catastrophic failures and mixture collapse in
certain domains. To mitigate this, the ReliabilityGate was
developed to measure the disagreement (A) between model
components; it "shuts off" the baseline branch when it is
deemed untrustworthy. Experimental results prove that this
mechanism completely eliminates mixture collapse, yielding a
5% reduction in mean cross-region error and significantly
improving stability in regions like Ravar and Moghan.

16
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Literature Review

6.1 Quantitative Morphometric Analysis and TRI Studies
Quantitative characterization of terrain is a
fundamental requirement in environmental and geoscientific
applications, including erosion modeling, hydrological
response prediction, and watershed susceptibility analysis.
Traditionally, geomorphologists have relied on a suite of
conventional descriptors to characterize landforms:

Slope: Captures the first-order magnitude of terrain gradient
but is limited as it does not represent multi-directional
variability or local oscillations.

Curvature: Describes local convexity and concavity but is
notably sensitive to noise and the scale of the input data.

Aspect: Provides directional information but presents
challenges in statistical modeling due to its circular nature.

A key metric in modern geomorphometry is the TRI,
which describes local elevation oscillation and neighborhood-
scale variability. In ML frameworks, TRI has been identified
as a dominant feature; permutation importance analysis
consistently ranks TRI as the most influential predictor for
determining terrain complexity. However, research highlights
a significant challenge regarding multicollinearity between
TRI and slope. In linear models such as Ridge Regression,
slope often absorbs the primary ruggedness signal, leading to
negative coefficients for TRI as a statistical balancing
mechanism rather than a physical indicator. Thus, the literature
suggests that no single feature is sufficient, requiring the
development of composite indices like the K-coefficient
[1,2,3].

17
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6.2 Remote Sensing Integration in Erosion Modeling

While DEMs provide a structural foundation, they are
inherently limited because they represent only geometric
variability. For robust erosion and susceptibility modeling, the
literature emphasizes incorporating physical surface properties.

Sentinel-1 (SAR): Radar backscatter is sensitive to structural
roughness and dielectric properties, providing information on
surface scattering and micro-texture that DEMs cannot capture.
Using VV polarization is particularly effective for general
surface scattering sensitivity [4].

Sentinel-2 (NDVI): Vegetation indices provide a dimension of
surface greenness and canopy structure, which modulate the
relationship between terrain and susceptibility [6].

Anthropogenic Modifiers ("Human Layers"): Modern
landscapes are often shaped by human transformation. Proxies
for water management such as the Normalized Difference
Water Index (NDWI) and canal area fraction represent
anthropogenic modifiers that may influence patterns in lowland
agricultural regimes like Moghan.

6.3 Machine Learning in Geomorphology

The field is transitioning from categorical landform
labels to continuous spatial variables, which provide higher
analytical flexibility and enable integration into advanced ML
frameworks [14].

Algorithmic Selection: High-capacity learners like Random
Forest and HistGradientBoostingRegressor are preferred for
their ability to handle non-linear interactions and missing data
across large-scale geospatial datasets.
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Interpretability: While non-linear models offer high
performance, there is a growing trend toward using Ridge
Regression on robust-normalized variables to extract
interpretable, closed-form mathematical equations [8].

Data Harmonization: A critical technical barrier identified in
the literature is the need for strict pixel-wise correspondence
and CRS management. Multi-sensor workflows require
reprojecting all data to a metric CRS (e.g., UTM) prior to
resampling to avoid "silent failures" like grid collapse [10,11].

6.4 Cross-Region Generalization and Distribution Shift

A significant scientific challenge is the lack of
transferability of models across independent geographic
domains with distinct geomorphological conditions.

The Zagros Generalization Problem: Models trained on one
region often fail when applied to another due to distribution
shift. For instance, models trained on Moghan and Ravar fail
catastrophically in Zagros, yielding negative R? values.

Validation Rigor: Traditional random pixel splitting can
overestimate performance due to spatial autocorrelation. The
literature recommends LOO and Spatial Block Cross-
Validation to assess true predictive power under distribution
shift [13].

6.5 Regime-Based Modeling and Mixture Frameworks

Recent evidence suggests that the relationship between
topography and terrain complexity is not universal but regime-
dependent.
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Topo-Driven vs. Lithology-Controlled: Regions like
Moghan and Ravar are "topo-driven," where K is highly
correlated with morphometric indices (corr = 0.90).
Conversely, regions like Zagros are likely lithology-controlled,
where carbonate rock distribution, fracture density, and
karstification decouple surface morphology from ruggedness.

Gating Mechanisms: To handle this heterogeneity, the
literature proposes Logistic Gating based on morphometric
signal strength (S = zDEM + zSlope + zTRI), which can
achieve high accuracy (AUCé =~ 0.94) in separating rugged
topo-driven regimes.

Stability and Reliability: A major risk in multi-regime
modeling is "mixture collapse," where an unreliable baseline
component degrades the final output. The introduction of the
ReliabilityGate which measures the disagreement (A) between
topo-driven and baseline models prevents this collapse by
restricting the influence of the baseline to stable areas.
Experiments show this mechanism can achieve a 5% reduction
in mean cross-region error [9].

Study Area Description

The research is conducted across three geographically
and geomorphologically distinct regions in Iran. These areas
were deliberately selected to represent contrasting
environmental regimes, ranging from  high-altitude
mountainous systems to lowland agricultural plains. This
diversity is critical for evaluating the multi-regime behavior of
the K-coefficient.

6 Area Under the Curve
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7.1 Zagros Region: The Lithology-Controlled Mountainous
Regime

Geographic Location: Located in western Iran, the study
focuses on the Kermanshah domain. For spatial processing, it
is analyzed within UTM Zone 38N.

Topographic Characteristics: This region represents a
complex mountainous system characterized by strong elevation
gradients and significant structural heterogeneity.

Geomorphological Features: The Zagros is identified as a
distinct geomorphic regime where surface morphology is often
decoupled from terrain complexity. It contains a high
proportion of carbonate and karstified terrain.

Scientific Significance: In this region, geomorphic processes
are likely lithology-controlled. Features such as subsurface
dissolution, fracture networks, and karst morphology create a
landscape where traditional topographic metrics (like slope) do
not fully explain terrain behavior [12].

7.2 Ravar Region: The Arid Rugged Regime

Geographic Location: Situated in central/eastern Iran, the
Ravar study area is bounded by longitudes 56.4686°E to
57.0314°E and latitudes 30.7229°N to 31.0271°N. It is
processed under UTM Zone 40N.

Climatic Conditions: Ravar is characterized by an arid to
semi-arid climate. Statistical analysis of NDVI (mean =
0.00094) confirms the region is largely barren and extremely
dry, with effectively zero vegetation across the 95th percentile
of the area.
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Topographic Characteristics: The landscape exhibits
significant ruggedness with desert-dominated patterns.

Unlike the Zagros, Ravar is primarily topo-driven, meaning its
K-coefficient is highly correlated(= 0.90) with morphometric
structure. Its geology consists of a mixture of sedimentary and
volcanic lithologies [14].

7.3 Moghan Region: The Lowland Agricultural Regime
Geographic Location: Located in northwestern Iran, this
region is processed under UTM Zone 39N.

Climatic Conditions: Moghan is significantly greener and
more vegetated than the other study areas. It has a mean NDVI
of approximately 0.22, with maximum values reaching 0.90,
reflecting its moderate-to-strong vegetation coverage.

Topographic Characteristics: Moghan is a low-relief region
dominated by flat plains.

Geomorphological Features: It is characterized as a younger
and more homogeneous sedimentary plain. The geomorphic
structure is agriculturally dominated, making it a representative
domain for testing the impact of anthropogenic "human layers"
(e.g., irrigation canals) on terrain indicators.

7.4 Summary of Multi-Regional Differences

The following table summarizes the contrasting
characteristics of the study regions:
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Feature Zagros Ravar Moghan
. Arid
Primary Complex Rugged Lowland Plains

Landscape| Mountains .
Terrain

Dominant | Lithology- Topo-

Regime Controlled Driven Topo-Driven

. Karst/Fracture| Elevation |Agricultural/Human
Key Driver

Density Oscillation Layer
. Extremely

Vegetation Moderate Low High (Agricultural)

(NDVI)

(Barren)

Correlation ~ Strong (= _

(K. TRI) Weak (= 0.33) 0.90) Strong (= 0.88)

Datasets

8.1 Digital Elevation Model and Morphometric Derivatives

The DEM serves as the foundational layer for the
entire modeling framework, providing the structural basis for
all geometric terrain analysis [17].

Source & Resolution: The DEM was acquired at an initial
resolution of 30 meters and subsequently resampled to 10
meters using a harmonization procedure to match the hybrid
feature stack.
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Projection: Data were projected into region-appropriate UTM
coordinate systems to ensure physically meaningful gradient
computations:

- Zagros: UTM Zone 38N (EPSG’:32638).
- Moghan: UTM Zone 39N (EPSG:32639).
- Ravar: UTM Zone 40N (EPSG:32640).

Derived Morphometric Layers: From the 10m DEM, a suite
of morphometric indices was extracted, including Slope, TRI,
Aspect, and Curvature.

Preprocessing Steps:
1. Projecting from geographic to UTM coordinates.

2. Resampling to a 10m grid to improve the fidelity of
ruggedness derivatives.

3. Standardizing Nodata values to -9999 to ensure
compatibility with processing engines like SNAP.

4. Robust Normalization: Applying z-normalization based on
the median and Interquartile Range (IQR) to allow cross-
regional comparison.

7 European Petroleum Survey Group
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8.2 Sentinel-1 Radar (SAR)

Radar data were integrated to capture surface
scattering properties and textures (e.g., micro-texture and
roughness) that elevation models alone cannot express.

Specifications: Data were acquired as Sentinel-1 GRD
(Ground Range Detected) products in Interferometric Wide
(IW) mode with VV polarization.

Spatial Resolution: Final processed output is 10 meters.

Preprocessing Steps (SNAP GPT Workflow): Raw
Sentinel-1 products lack explicit CRS and rely on GCPs,
necessitating a specialized pipeline:

1. Orbit Correction: Applying precise orbit files.

2. Terrain Correction: Utilizing the Range-Doppler terrain
correction in SNAP GPT to geocode the rasters into the
metric UTM grid.

3. Aggregation: Mosaicking and compositing multiple
scenes using robust statistics (mean or median) to reduce
speckle noise.

4. Alignment: Warping the final RadarV'V layer to match the
DEM-derived slope template to resolve one-pixel offsets
[15].

8.3 Sentinel-2 Optical (NDVI)

NDVI was utilized as an environmental modifier to
incorporate vegetation density and surface greenness into the
hybrid model.
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Source: Sentinel-2 or HLS (Harmonized Landsat Sentinel)
products.

Processing Level: Derived using the Normalized Difference
Vegetation Index formula:

NDVI = (B08 — B04)/(B08 + B04)
Spatial Resolution: Resampled to 10 meters.
Critical Preprocessing Steps:

1. Metric Reprojection: Because raw NDVI is often in
geographic coordinates (EPSG:4326), it must be
reprojected to a UTM zone first before resampling to 10m
to avoid raster collapse (e.g., 1x1-pixel errors).

2. Grid Alignment: Using an align to template script to
match the exact transform and dimensions of the slope
raster [16].

8.4 Human Layer Dataset Google Earth Engine (GEE)

These layers represent anthropogenic modifiers and
surface water infrastructure proxies, which were exported from
Google Earth Engine (GEE).

Composition (3-Band Stack):

1. NDWI _median: Stable indicator of surface moisture.

2. NDWI waterfreq: Persistence metric for water bodies.
3. Canal_area_fraction: Proxy for irrigation canal density.

Resolution & Projection: 10 meters, aligned to the regional
UTM framework [5].
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8.5 Vector Shapefiles
Vector data were used as the primary spatial
boundary definition for the project.

Functions:

Defining the Region of Interest (ROI) for each study area.

Generating bounding boxes (WGS84) for data acquisition from
services like ASF Alaska and NASA AppEEARS.

Constraining all raster clipping and masking operations to
ensure fully overlapping domains for multi-source data.

8.6 Summary of Dataset Harmonization

Feature DEM / . Sentinel-1 Sentinel-2 T Lo
Morphometrics (Radar) (NDVI)
Final Resolution 10 Meters 10 Meters 10 Meters 10 Meters
Projection Regional UTM |Regional UTM |[Regional UTM| Regional UTM
Nodata Encoding -9999 -9999 -9999 -9999
Primary Tool GIS/Python SNAP GPT | Python/Warp | GEE / Python
Methodology

The research methodology is implemented in a multi-
stage workflow, progressing from spatial harmonization and
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hybrid feature extraction to the development of a Regime-
Aware ReliabilityGate framework.

9.1 DEM Preprocessing

The foundation of the geospatial framework is the
DEM, which serves as the reference for all morphometric
analysis.

Projection to UTM: Because morphometric computations
assume metric units, all DEMs are projected into region-
appropriate UTM zones: UTM 38N for Zagros, 39N for
Moghan, and 40N for Ravar.

Resampling to 10 m: To establish a unified spatial grid, DEMs
are resampled to a common 10-meter resolution. This
harmonization improves the fidelity of ruggedness derivatives,
which can be underestimated on coarser grids.

Nodata Handling: To ensure compatibility with processing
engines like SNAP and Rasterio, all nodata values are
standardized to a numerical sentinel of -9999.

Grid Harmonization: The 10 m resampled DEM is used as
the reference template grid for the reprojection and alignment
of all multi-source raster layers.

9.2 Morphometric Derivatives
A suite of geometric descriptors is extracted to
characterize terrain complexity [2].

Feature Extraction: Standard derivatives including Slope,
TRI, Aspect, and Curvature are computed from the 10 m DEM.
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Robust Normalization: To allow cross-regional comparison,
all variables are transformed using Robust Z-Normalization:

x —median(x)
IQR(x)

This reduces sensitivity to outliers across diverse
landscapes.

z(x) =

Logistic Transformation for(Kj): In the initial stage,
a baseline index (K;) is constructed using a logistic
transformation of weighted robust-normalized TRI and slope.
This produces a continuous score bounded within [1].

9.3 Sentinel-1 Radar Processing

Sentinel-1 SAR data are integrated to capture surface
scattering roughness and micro-texture not expressed by DEM
derivatives.

GRD Data Acquisition: Sentinel-1 GRD products are
acquired in IW mode with VV polarization [4,7].

SNAP GPT Workflow: Raw products rely on GCPs and lack
explicit CRS, leading to mosaic failures in standard pipelines.
Consequently, a definitive SNAP GPT pipeline is
implemented, applying Orbit Correction and Range-Doppler
Terrain Correction.

Median Compositing: Multiple scenes are aggregated using
median compositing to reduce speckle noise and scene-specific
variability.

Alignment to DEM Grid: Radar composites are warped using
a dedicated script (align_to_template.py) to match the exact
dimensions and transform of the DEM-derived slope template.
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9.4 NDVI Processing

Vegetation density is incorporated as an
environmental modifier to provide contextual surface
information.

Band Selection & Calculation: NDVI is calculated from
Sentinel-2 or HLS Red (B04) and NIR (B08) bands using the
formula:

NDVI = (B08 — B04)/(B08 + B04)

Reprojection and Resampling: To avoid "raster collapse"
(corrupted 1x1-pixel outputs), NDVI is reprojected to a metric
UTM zone first and then resampled to 10 m.

Alignment: The final NDVI layer is aligned to the regional
slope template to resolve one-pixel offsets caused by
reprojection rounding.

9.5 Hybrid Machine Learning Model

The framework expands from a morphometric
baseline into a high-capacity Hybrid Remote Sensing and
Geomorphometric model.

Feature Selection: The model utilizes 11 predictors, including
five topographic layers (DEM, slope, TRI, curvature, aspect),
radar backscatter, NDVI, and three "human layers"
(NDWI _median, NDWI waterfireq, canal_fraction).

Sampling Strategy: Approximately 200,000 random pixels
are extracted from each region (600,000 total). A revised valid
mask ensures that samples include partial data (e.g., radar gaps)
to reduce sampling bias [9].
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Train/Test Split: An 80/20 random split is utilized for internal
validation, stratified by region.

Algorithm: HistGradientBoostingRegressor is selected for its
efficiency with large datasets and support for non-linear
interactions, configured with max_ depth =10 and
max_iter = 800 [10].

Feature Importance: Permutation Importance is used for
interpretability, identifying TRI as the dominant predictor,
followed by DEM and radar [8].

9.6 Cross-Region Validation

To assess true model transferability under
distribution shift, the study implements rigorous validation
strategies.

Leave-One-Region-Out: The model is trained on two regions
and tested on the third, testing whether learned relationships
hold in independent domains.

Performance Metrics: Validation is conducted using R?, Root
Mean Square Error (RMSE), and Mean Absolute Error (MAE).

Distribution Shift Analysis: Experiments identified a "Zagros
Generalization Problem,"” where models trained on
Moghan/Ravar yield negative R? in Zagros due to missing
lithological drivers.

9.7 Regime-Based Modeling

To reconcile regional differences, the project adopted
a Regime-Aware Mixture Model.
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Topo Ridge Formulation: A stable, interpretable formula is
extracted using Ridge Regression on robust-normalized
variables for the topo-driven regime:

Riopo = 0.4088 + 0.0654z(DEM) + 0.3091z(slope)
—0.1084z(TRI) + -

Composite Index S: A morphometric signal index is defined
as:

S = z(DEM) + z(slope) + z(TRI)

Baseline Construction: A non-parametric baseline (Kj 4. ) 18
constructed using S-binned medians.

ReliabilityGate Definition: A disagreement metric A =
|Kpase — ﬁtapo| is used to detect baseline instability.

Tau Quantile Sweep: A threshold is learned from the
distribution; a sweep of 7, values identified 0.80 as the optimal
setting to balance stability and performance.

Mixture Formulation: The final K estimate is a weighted
combination:

K= Wk\topo + (1 = w)(Kpase + Pruman)

where is controlled by the ReliabilityGate and represents a
secondary residual correction derived from human layer
proxies.
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Innovation

10.1 Integration of Physical and Machine Learning
Modeling

The innovation of this research lies in its transition
from conventional, locally calibrated morphometric indices to
a regime-aware, hybrid modeling framework that ensures
national-scale transferability. Based on the sources, the
following five pillars define the scientific and technical novelty
of this project:

Unlike traditional approaches that rely solely on
geometric descriptors (slope, curvature), this framework
integrates elevation-driven morphology with physical surface
properties captured by multi-sensor remote sensing.

Multi-Sensor Fusion: It combines Sentinel-1 SAR (capturing
scattering roughness and micro-texture) and Sentinel-2 NDVI
(capturing vegetation canopy) to represent land surface
properties that DEMs cannot express.

Anthropogenic Context: It innovatively incorporates "human
layers" (proxies for water management like NDWI and canal
density) as a residual correction term to account for human-
induced transformations in lowland regimes.

10.2 The ReliabilityGate Mechanism

The project introduces the ReliabilityGate, a novel
diagnostic and control component designed to ensure model
stability during cross-regional transfer.
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Disagreement Metric (A): It measures the absolute difference
between a non-parametric baseline (K ,q.) and a stable topo-
driven ridge model (ﬁmpo).

Failure Prevention: If the disagreement (A) exceeds a learned
threshold (7), the mechanism "shuts off" the potentially
unstable baseline and reverts the model to the reliable
topographic anchor. This explicitly prevents "mixture
collapse," where an unreliable component would otherwise
degrade overall predictive performance.

10.3 Stabilized Mixture Modeling Approach

The final production model is not a single "black-
box" algorithm but a stabilized mixture framework that
reconciles interpretability with predictive power.

n

Ridge-Stabilized Formula: The model extracts an
interpretable, closed-form linear equation for topographic
ruggedness using Ridge Regression, which mitigates the
instability caused by high multicollinearity between slope and
TRIL

Empirical Anchoring: This is combined with an S-binned
median baseline (robust to outliers) and a human residual
pathway, allowing the model to adapt to different landscapes
without losing physical grounding.

10.4 Cross-Region Evaluation Framework

The research moves beyond standard validation
techniques to implement a stringent cross-region evaluation
framework.
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Leave-One-Region-Out: By training on two regions and
testing on an independent third region (e.g., Zagros, Ravar, or
Moghan), the study rigorously evaluates performance under
"distribution shift".

Spatial Rigor: The framework utilizes spatial block cross-
validation (20 km blocks) to eliminate leakage from local
spatial autocorrelation, ensuring that the model is learning
generalized physical relationships rather than memorizing
spatial coordinates.

10.5 Multi-Regime Modeling Interpretation

A significant scientific innovation is the shift from a "global
model" philosophy to a multi-regime interpretation of
geomorphology.

Regime Identification: The study identifies that terrain
behavior is governed by distinct regimes: "topo-driven"
regimes (like Moghan and Ravar) where morphology directly
explains ruggedness, and "lithology-controlled" regimes (like
Zagros) where factors like karstification and carbonate rock
fracture density decouple surface morphology from the target
metric.

Logistic Gating: It uses a logistic gating function based on
morphometric signal strength (S = zDEM + zslope + zTRI)
to automatically classify pixels into the appropriate predictive
regime with an AUC of approximately 0.95.

Tools and Software
The implementation of the K-coefficient framework
utilizes a robust computational environment designed for
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memory-safe raster operations, automated SAR processing,
and reproducible machine learning workflows.

11.1 Python Ecosystem (Core Analysis & Machine Learning)
Python serves as the primary language for data
orchestration, feature engineering, and modeling.

Scikit-learn: This library is central to the project’s modeling
phase. It is used to implement the Hist Gradient Boosting
Regressor (configured with max_depth = 10 and max_iter =
800), the SimpleImputer for handling missing values (NaNs),
and the Ridge Regression model used to extract the
interpretable topo-driven formula. It also facilitates stratified
sampling and permutation importance analysis.

Rasterio: Used for standard raster I/O and spatial operations.
While raw Sentinel-1 products were not initially compatible
with Rasterio due to GCP-based referencing, it is used
throughout the pipeline for mosaicking, warping, and
geocoding checks once data are geocoded.

NumPy: Utilized for high-performance array manipulations,
specifically for calculating Robust Z-Normalization (based on
median and IQR) and the disagreement metric (A) between
model components.

Custom Pipeline Scripts: Several dedicated Python scripts
were developed to automate the workflow, including:

align_to_template.py: Resolves one-pixel discrepancies by
warping NDVI and RadarV'V rasters to the slope template.

run_hybrid_k.py: Executes the final model inference across
regional data directories.
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postcheck hybrid.py: Conducts statistical validation of
ruggedness thresholds.

11.2 SNAP GPT (Sentinel-1 SAR Processing)
The ESA GPT is a mandatory preprocessing
component for radar data.

Terrain Correction: Used to perform Range-Doppler terrain
correction and orbit file application to geocode raw GRD
measurement TIFFs into standard projected rasters.

Error Mitigation: SNAP was critical for overcoming the lack
of explicit CRS and affine transforms in raw Sentinel-1
products. The workflow was specifically configured to run in
offline mode to ensure stability without network-dependent
auxiliary data downloads.

11.3 QGIS and GDAL (Visualization and Spatial Utilities)
QGIS: Employed for the initial definition of the Region of
Interest (ROI) using vector shapefiles and for visual quality
assurance (QA) of the final prediction maps.

GDAL: Serves as the backend for many Python-based
transformations. It was specifically utilized for reprojecting the
Zagros K rasters from geographic (EPSG:4326) to UTM metric
coordinates to resolve sampling alignment issues.

11.4 Google Earth Engine
GEE was integrated into the pipeline to handle the
acquisition of large-scale "Human Layers".
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Anthropogenic Proxies: Used to calculate and export 10-
meter stacks of NDWI median, NDWI waterfreq, and
canal_area_fraction. These layers were exported as multi-band
GeoTIFFs, simplifying feature loading and ensuring consistent
band ordering for the human residual pathway.

11.5 Jupyter Notebooks

Jupyter Notebooks are used throughout the
development lifecycle for exploratory data analysis (EDA),
diagnostic tile-based experiments (such as the Zagros
subregion analysis), and iterative testing of the ReliabilityGate
quantiles (7).

Expected Results

12.1 High-Resolution (10 m) K-Coefficient Maps

The primary tangible output of this research is a set
of continuous scalar field maps representing terrain ruggedness
and geomorphological complexity.

National-Scale 10 m Resolution: The pipeline produces 10 m
resolution maps that ensure high fidelity for slope and
ruggedness derivatives, which are often underestimated on
coarser grids.

Dual-Scale Mapping: The results include both abstract
coefficient rasters and standardized physical-scale rasters
(KPhysical € [0-01:0-65])-

Consistent Output Distribution: Statistical validation across
the pilot regions (Zagros, Ravar, and Moghan) confirms that
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the maps appropriately reflect geomorphological context—for
example, Ravar and Zagros exhibit high mean values(~ 0.52 —
0.54), while the Moghan plain shows a significantly lower
mean(~ 0.35)

12.2 Cross-Region Validated Model

The research provides a model that has been
rigorously tested for transferability and stability across
independent geographic domains.

Leave-One-Region-OutValidation: The model is validated
by training on two geomorphologically distinct regions and
testing on a third, ensuring it can handle "distribution shifts".

Spatial Rigor: To prevent performance inflation caused by
spatial autocorrelation, the model's predictive power is verified
using spatial block cross-validation (20 km blocks).

Diagnostic residual mapping: The framework generates
residual rasters (Kppye — Kpreg) to quantify spatial error
patterns and identify regions where missing physical drivers
(like lithology) may be influencing results.

12.3 Regime-Aware Mixture Framework

A key innovation of the research is the development
of a framework that adapts its logic based on the identified
geomorphological regime.

Automated Regime Classification: The framework utilizes a
Logistic Gating function (achieving an AUC of ~ 0.9466) to
determine if a pixel belongs to a "topo-driven" or "lithology-
controlled" regime based on its morphometric signal strength

($).
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ReliabilityGate Mechanism: This novel component measures
the disagreement (A) between the topo-driven ridge model and
a non-parametric baseline. It prevents "mixture collapse" by
shutting off the baseline branch when it is deemed
untrustworthy in out-of-distribution domains.

12.4 Quantified Generalization Performance

The effectiveness of the proposed framework is
supported by specific numerical performance metrics derived
from the pilot studies:

Error Reduction: The ReliabilityGate mixture framework
achieved an absolute improvement in mean cross-region
RMSE, resulting in a 5% reduction in mean error compared to
a standard topo-driven baseline.

Performance Stability: In the Ravar region, the mixture
framework increased the R? value from 0.689 to 0.776,
demonstrating a significant gain in cross-regional predictive
accuracy.

Regime Optimization: The framework identified 7, = 0.80
as the optimal reliability threshold, balancing the need for
stability with the benefits of baseline integration across diverse
landscapes.

12.5 Production-Ready Mathematical Formulation
The research culminates in a fully transparent and
reproducible mathematical architecture.

Interpretable Topo-Ridge Formula: A closed-form linear
equation is provided for the topo-driven regime, identifying
slope as the dominant positive driver (coefficient = 0.31).
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The Mixture Equation: The final prediction is governed by
the ReliabilityGate mixture formula:

K= Wktopo + (1 = w)(Kpase (S) + Thuman)

where is the dynamic reliability weight 5,4, and
is an optional correction term for anthropogenic "human
layers" (NDWI/canal proxies).

Standardized Normalization: All inputs are processed
through Robust Z-Normalization (using median and IQR),
ensuring that the production formula is applicable to regions
with vastly different numeric scales.

Timeline

13.1 Research Timeline
The project is structured into five key phases:

Data  Foundation, Multi-Sensor  Engineering,
Algorithmic Development, Rigorous Validation, and Final
Production.
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Month Phase Activity
Download regional vector shapefiles, 30m
1 Data DEMs, Sentinel-1 GRD (IW mode), and Sentinel-
Acquisition 2/HLS optical imagery for Zagros, Ravar, and
Moghan.
Spatial Project DEMs to regional UTM zones (38N, 39N,
2 Harmlz)nization 40N); resample to a unified 10m grid; and
standardize all nodata values to -9999.
Implement the SNAP GPT pipeline to perform
3 Radar Range-Doppler terrain correction and orbit file
Processing application for Sentinel-1; generate median-
composited RadarV'V layers.
Compute NDVI (reprojected to UTM prior to
Feature 10m resampling) and extract Human Layers
4 . (NDW1/canal proxies) from GEE; execute
Alignment Sy
template-based grid alignment to resolve one-
pixel offsets.
Apply Robust Z-Normalization (median/IQR) to
5 Baseline all morphometric features and extract the
Extraction interpretable Ridge Regression formula for the
topo-driven regime.
Define the composite signal index (S) and train
6 Regime Gating the Logistic Gating function to classify pixels
into topo-driven or non-topo-driven regimes.
Develop the ReliabilityGate mechanism to
7 Mixture measure baseline disagreement (A) and integrate
Modeling the Human Residual pathway for lowland

correction.
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Conduct the 7, quantile sweep (evaluating the

H t
8 TP T | 0.30-0.80 range) to optimize the ReliabilityGate
P threshold for cross-regional stability.
Cross-Region Execute LOO experiments; perform Spatial
9 "8 Block Cross-Validation (20km blocks) to
Validation .. .
eliminate autocorrelation leakage.
Conduct tile-based diagnostic experiments (50km
10 Failure tiles) to investigate the Zagros Generalization
Analysis Problem and the impact of missing lithological
drivers.
. Generate definitive 10m K-coefficient maps;
Final . .
11 Production standardize outputs to the physical range (K €
[0.01, 0.65]) to enable operational thresholding.
Svnthesis & Consolidate mathematical formulations and final
12 Y . performance metrics (R2, RMSE, MAE) into the
Reporting

comprehensive research report.
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Deliverables

14.1 Research Deliverables

Final K-Coefficient Maps (GeoTIFF): High-resolution (10
m) continuous scalar field maps representing terrain
ruggedness for the Zagros, Ravar, and Moghan regions. These
files (e.g., FINAL RAVAR K COEFFICIENT.tify) are
provided as georeferenced GeoTIFFs in region-specific UTM
projections (Zones 38N, 39N, and 40N) with standardized
nodata encoding of -9999.

Physical-Range Standardized K Maps: A set of standardized
rasters where the abstract coefficient is mapped into a fixed,
operationally interpretable physical range of [0.01, 0.65].
These products (e.g.,
FINAL ZAGROS K PHYSICAL 0p01 Op65.tif) enable
consistent thresholding and cross-regional decision-making.

Saved Machine Learning Models (.pkl): Serialized model
artifacts, including the final hybrid k model pkl (Random
Forest / HistGradientBoosting) and the finalized
ReliabilityGate mixture model. These include the trained
weights for the topographic ridge formula, the logistic gating
coefficients, and the human residual regressor.

Python Processing & Inference Scripts: A reproducible
library of scripts used for the end-to-end pipeline, including:

align_to_template.py: Ensures strict pixel-wise
correspondence between multi-source layers.

run_hybrid_k.py: Executes model inference across regional
datasets.
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make_k_physical all.py: Standardizes outputs to the physical
parameter domain.

postcheck_hybrid.py: Conducts statistical validation and
threshold analysis.

SNAP XML Workflows: XML-based graph processing files
for SNAP GPT, detailing the mandatory Sentinel-1 SAR
preprocessing steps. These workflows automate orbit
correction, Range-Doppler terrain correction, and geocoding to
ensure radar data is perfectly aligned with the 10 m DEM grid.

Full Technical Report: A comprehensive document detailing
the multi-regime modeling philosophy, the identification of the
"Zagros Generalization Problem," and the final Regime-Aware
ReliabilityGate framework. The report synthesizes the
scientific findings regarding the role of lithology and human
anthropogenic modifiers.

Numerical Validation Appendix: A detailed appendix
containing final performance metrics (R?, RMSE, MAE)
derived from LOO validation and the quantile sweep. This
includes the optimized results for the MixRel + Human
configuration at the selected threshold of 7, = 0.80
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Figures

Figure 1. Zagros Baseline Ko Map (Geomorphometric Index): Spatial
distribution of the baseline geomorphometric Ko index over the Zagros study
area, computed from robust-normalized terrain derivatives (slope and TRI)
and transformed into a continuous [0—1] range using a sigmoid function. This
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layer represents the initial topography-driven susceptibility component prior

to introducing radar and vegetation modifiers.
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Figure 2. Zagros Terrain Aspect Map: Aspect (slope direction) map derived
from the 10 m DEM for the Zagros region. Aspect provides directional
information about terrain orientation, which can influence surface energy
balance, moisture retention, and erosion-related processes, and was included
as a supplementary morphometric variable in the modeling framework.

=
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Figure 3. Zagros Slope Map (Degrees): Slope map generated from the 10 m
DEM of the Zagros study area, expressed in degrees. This layer quantifies
terrain steepness and is a primary morphometric driver controlling
geomorphic instability, runoff potential, and erosion susceptibility.
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Figure 4. Zagros Terrain Ruggedness Index (TRI) Map: TRI map computed
from the DEM, representing local elevation variability and surface roughness
at pixel scale. TRI is one of the dominant predictors in the proposed
framework and serves as a robust proxy for rugged terrain and

geomorphological complexity.
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Figure 5. Zagros Al-Based K Prediction Map (K_AI): Spatial output of the
geomorphometric Al model (K _AI) for the Zagros region. This map
represents the probability-based machine learning prediction of ruggedness-
related K behavior using morphometric predictors, prior to integration with
radar and vegetation variables in the hybrid framework.
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Figure 6. Moghan Slope Map (Degrees): Slope map derived from the 10 m
DEM for the Moghan region. The generally low slope distribution reflects
the predominantly lowland agricultural character of Moghan, explaining its
overall lower predicted K values compared to rugged mountainous regions.
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Figure 7. Moghan Baseline Ko Map (Topo-Driven Index): Baseline Ko index
map for Moghan computed using robust-normalized slope and TRI features
and sigmoid transformation. This layer provides the initial morphometric
susceptibility estimate before integration with NDVI and Sentinel-1 radar
backscatter.
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Figure 8. Moghan Terrain Aspect Map: Aspect map extracted from the 10 m
DEM for the Moghan region. This layer describes the directional orientation
of'terrain slopes and was used as an auxiliary morphometric descriptor within
the expanded modeling experiments.
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Figure 9. Moghan Sentinel-1 Radar Backscatter Map (VV): Processed
Sentinel-1 VV polarization radar layer for the Moghan study area, produced
through SNAP GPT terrain correction and geocoding, followed by
mosaicking and compositing. This raster captures surface scattering
characteristics related to roughness, soil moisture variability, and land cover
structure.
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Figure 10. Moghan NDVI Map (10 m): Normalized Difference Vegetation
Index (NDVI) map for Moghan, derived from Sentinel-2 red and near-
infrared bands and resampled to 10 m resolution. NDVI serves as a vegetation
proxy influencing erosion sensitivity and soil protection mechanisms.
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Figure 11. Ravar Terrain Aspect Map: Aspect map generated from the 10 m
DEM of the Ravar study area. This morphometric layer captures slope
direction patterns and provides supporting terrain characterization for

geomorphological interpretation.
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Figure 12. Ravar Al-Based K Prediction Map (K_AlI): Spatial prediction of
K _AI for the Ravar region based on the geomorphometric machine learning
model. The output reflects terrain-driven ruggedness susceptibility patterns
prior to hybrid integration with NDVI and radar features.
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Figure 13. Ravar Hybrid K Coefficient Map (K Hybrid): Final hybrid K
coefficient prediction for the Ravar region, generated using the trained
machine learning model integrating slope, TRI, NDVI, and Sentinel-1 VV
radar backscatter. The resulting raster represents a continuous K score
capturing both geomorphometric and environmental controls.
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Figure 14. Ravar Baseline Ko Map: Baseline Ko index map for the Ravar
region computed from robust-normalized slope and TRI and transformed via
sigmoid scaling. This map provides a reference morphometric-only
susceptibility estimate for comparison with the hybrid model output.
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Figure 15. Ravar Slope Map (Degrees): Slope map derived from the 10 m
DEM of the Ravar study area. This layer quantifies terrain steepness and acts
as a key input variable controlling the topographic component of K
variability.
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Figure 16. Ravar TRI Map: TRI raster for the Ravar region, representing local
elevation heterogeneity and micro-topographic roughness. This index
provides strong explanatory power in both baseline and machine learning K
prediction stages.
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Figure 17. Ravar Physical-Range Standardized K Map [0.01-0.65]:
Standardized physical-range K map for Ravar, produced by transforming the
continuous hybrid K coefficient output into the fixed interval [0.01, 0.65].
This normalization ensures consistent interpretability and comparability
across different regions.
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Figure 18. Full-Model K Prediction Map (All Features Integrated): Spatial
prediction raster generated by the full multi-feature machine learning model,
integrating morphometric terrain layers, radar backscatter, NDVI, and
human-related proxy variables. This map represents the most comprehensive
predictive output of the framework.
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Figure 19.Moghan Final K Coefficient Map: Final continuous K coefficient
prediction map for Moghan, produced using the hybrid modeling framework.
The spatial distribution highlights the dominance of lowland behavior, with
limited high-K zones corresponding to localized roughness or terrain
transitions.
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Figure 20. Moghan Physical-Range Standardized K Map [0.01-0.65]:
Physical-range standardized K output for Moghan, scaled into the interval
[0.01, 0.65]. This product enables direct quantitative comparison with the
standardized outputs of Zagros and Ravar.
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Figure 21. Full-Model K Prediction Map (Duplicate Output / Alternative
Run): Full-model predicted K map produced from an alternative execution or
repeated modeling run. This output is included to confirm reproducibility and
numerical stability of the prediction pipeline under consistent preprocessing
conditions.
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Figure 22. Zagros Physical-Range Standardized K Map [0.01-0.65]:
Physical-range standardized K raster for the Zagros region. The hybrid
coefficient output was transformed into a fixed physical range [0.01, 0.65] to
provide a comparable metric across regions and support consistent
interpretation of high- and low-susceptibility zones.
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for the Zagros region generated by the full-feature machine learning model.
This raster integrates morphometric terrain descriptors with remote sensing
variables and represents the most complete modeled K estimate for the
Zagros domain.
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Figure 24. Zagros K Coefficient Reference / Hybrid Output Map: Final K
coefficient map for the Zagros study area, representing the continuous
modeled output of the framework. This layer serves as a primary reference
for analyzing model transferability and assessing the distinct
geomorphological behavior of Zagros relative to Moghan and Ravar.
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Figure 25. Zagros Residual Map (True K — Predicted K): Residual raster
computed as the difference between the reference K map and the predicted K
output for the Zagros region (Residual = K _true — K_pred). Positive values
indicate underestimation by the model, while negative values indicate
overestimation, revealing spatial patterns of model bias potentially linked to
missing lithological or karst-related drivers.
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