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Abstract: Landslides present a significant geohazard risk to hydropower infrastructure. This study integrates Al-driven
geospatial analysis, remote sensing, and geophysical surveys to develop an enhanced landslide susceptibility mapping
framework for the Manolo Fortich 1 Hydroelectric Power Plant (MF1 HEPP) in Bukidnon, Philippines. Using Slide3 Al
software, InSAR, photogrammetry, and Electrical Resistivity Tomography (ERT), the study improves landslide risk
predictions. First-pass Al detected 101 critical slope segments, which were refined to 83 after field validation and a
second pass. Model accuracy improved, with the Area Under the Curve (AUC) rising from 0.85 to 0.91, and classification
accuracy increasing from 84.42% to 91.77%. The results demonstrate that AI-based geotechnical analysis, coupled with
geophysical validation, enhances prediction accuracy and reduces false positives. These findings highlight the importance
of digital twin modeling in hydropower risk assessment and infrastructure resilience.
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1. INTRODUCTION

With the global push for renewable energy, hydropower
plants are increasingly constructed in geologically
unstable regions, where landslides pose a major threat to
infrastructure stability [1, 20, 33]. Steep terrains and
unstable slopes exacerbate the risk of failure, leading to
severe operational disruptions, financial losses, and
safety hazards [15, 30]. As an example, the Manolo
Fortich 1 Hydropower Plant, a critical energy facility in
the Philippines, has incurred Php 671 million in
restoration costs and Php 871 million in endangered
assets due to landslides. As extreme weather events
increase, improving landslide susceptibility mapping
with Al-driven methodologies becomes essential for
infrastructure resilience and long-term sustainability
[14]. Landslide susceptibility mapping (LSM) relies on
evaluating key conditioning factors such as slope
gradient, soil properties, hydrology, land cover, and
seismic activity [2, 4]. Traditional methods, including the
analytic hierarchy process (AHP) and frequency ratio
(FR) models, assign weighted factors to these elements,
generating susceptibility zones based on historical data
[8, 16, 24, 31]. However, these methods suffer from
limitations, such as subjectivity in factor weighting,
difficulty incorporating real-time data, and inconsistent
prediction accuracy across different geological
conditions [7, 9, 32].

More advanced deterministic models, such as the limit
equilibrium method (LEM) and finite element method
(FEM), attempt to improve precision by computing factor
of safety (FoS) values for slope stability [17, 22, 27].
These approaches, however, are highly data-intensive,
requiring detailed geotechnical surveys that may not be
feasible for large-scale applications [14, 25]. Moreover,
their inability to dynamically adjust to climate variability
and hydrological changes limits their predictive
reliability [18, 29].

On the other hand, recent advances in Al remote
sensing, and geophysical validation, are also utilized in

624

landslide susceptibility; but there remains several gaps in
application. These include limited AI adaptation to
extreme climate variability, which hinders real-time
adjustments to changing precipitation patterns and affects
prediction accuracy [4, 5]. Traditional models also often
lack high-resolution 3D slope stability capabilities,
making it difficult to capture complex geological
conditions in large-scale hydropower projects [6, 21].
Furthermore, few studies integrate Al, remote sensing,
and geophysical validation into a unified framework for
infrastructure risk assessment [3, 11].

This paper presents an Al-driven, multi-pass landslide
susceptibility mapping approach that integrates Al-based
slope stability analysis using Slide3 software,
geophysical validation through electrical resistivity
tomography (ERT) and standard penetration tests (SPT),
and GIS-based spatial classification for comprehensive
landslide risk assessment. Slide3 is a 3D slope stability
modeling software developed by Rocscience, capable of
simulating complex terrain geometries, slip surfaces, and

soil profiles using Limit Equilibrium Methods. In this
study, Slide3 is enhanced with particle swarm
optimization (PSO) and non-uniform rational basis spline
(NURBS) surfaces were employed to enhance the
accuracy of critical slip surface identification [6, 9]. The
paper focuses on the Manolo Fortich 1 Hydroelectric
Power Plant (MF1 HEPP) in Bukidnon, Philippines as a
case study for the method—an area prone to landslides
due to its steep topography, high rainfall, and seismic
activity [20, 25]. Incorporating the Al-driven Slide3
modeling, geophysical validation could improve slope
failure predictions, ultimately enhancing hydropower
risk mitigation strategies [12, 22].

2. METHODOLOGY
2.1 Research design

This study employs a multi-disciplinary approach
integrating Al-based geospatial modeling, remote



sensing, and geophysical validation to develop an
advanced landslide susceptibility mapping framework.
The workflow consists of three key phases (Figure 1):

1. Al-Driven Initial Landslide Detection — Slide3
software applies machine learning algorithms to identify
critical slip surfaces based on InSAR-derived
deformation data and digital elevation models (DEMs).
2. Geophysical Validation — Field reconnaissance,
electrical resistivity tomography (ERT), and standard
penetration test (SPT) data verify subsurface conditions
and slope stability parameters.

3. Refinement of Susceptibility Maps — A second-pass, a
more refine and detailed Al analysis integrates ERT, SPT
and photogrammetry to create a high resolution digital
twin model to enhance the accuracy of critical slip failure
— Slide3 software is used to perform 3D slope stability
analysis, generating Factor of Safety (FoS) maps that
guide GIS-based zoning of susceptibility levels. By
combining Al predictions (PSO and NURBS) with
engineering-based (Janbu and Bishop Method) slope
simulations from Slide3, the model produces more
accurate and geotechnically-informed susceptibility
maps [4, 10, 22].

This structured approach ensures a high-precision
landslide prediction model tailored for hydropower
infrastructure resilience [19].

Satellite InNSAR data and Generic
Soil Data(Slide 3 Critical slope)

l

Field Validation (Landforms,
watercourses, disrupter

artificial features) Standard Penetration Test

Data
l

Electric Resistivity
Tomography Data

Compilation to create a
Digital Twin Slide 3 software

l Photogrammetry data
Slide 3 Slope Failure (Digital Surface Model)

recalculation using digital twin
data

l

Landslide Susceptibility Map
using Arc GIS

l

Risk Mitigation (Slope Stabilization,
Drainage systems, Early warning
systems

Fig. 1 Conceptual Framework

2.2 Study area

The Manolo Fortich 1 Hydroelectric Power Plant (MF1
HEPP) is located in Manolo Fortich, Bukidnon,
Philippines (Figure 2). The site features steep to
moderate slopes and rugged terrain, with key
infrastructure strategically positioned along riverbanks,
particularly at the confluence of the Guihean and Amusig
rivers, which flow into the Tagoloan River (Figure 3.
Accessibility is limited due to the absence of road
networks. The area is covered with grasses, shrubs, and
trees, while the bedrock consists mainly of metamorphic
schists and igneous rocks [29]. The region falls under a
Type III climate, with a wet season from May to
November and a dry season from December to April [25].
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Although Bukidnon is outside the main typhoon belt,
extreme weather events like Typhoon Bopha (2012) and
Typhoon Rai (2021) emphasize the need for geohazard
assessments [29].

MF1 HEPP is vulnerable to landslides, seismic activity,
flooding, and volcanic hazards. Landslides pose
significant risks to penstocks, pipelines, and
embankments, especially during earthquakes. The site's
proximity to the Tagoloan Fault (~6 km southwest)
increases susceptibility to seismic-induced slope failures.

MANOLO FORTICH 1 HYDRO
Manolo For

BUKIDNON

Fig. 2 Location map of the Manolo Fortich Hydro
Power Plant 1

7N 2
— /' Tanaon Weir

Lower Amusig Weir

Headpond

Guihean Weir

Fig. 3 Locatioap of th Manolo Fortich Hydro
Power Plant 1

2.3 Data collection methods

Remotely sensed data includes InSAR satellite imagery
shown in Figure 4 and photogrammetry data shown in
Figure 5, which detects ground deformation and slope
movement, and photogrammetry, generating high-
resolution digital surface models (DSM) for terrain
analysis [7, 9, 22, 23, 26, 28,].

Fig. 4 Slide 3 built in satellite InSAR data (TRE
ALTAMIRA)



Fig. 5 Slide 3 Photogrammetry data processed of TB
90-92

Geophysical data acquisition comprises ERT shown in
Figure 6 for identifying subsurface weaknesses and slip
surfaces and Standard Penetration Tests (SPT) for
assessing soil strength and liquefaction potential [30, 9,
28,22, 26].

Fig. 6 Electrical resistivity tomography of TB 92-93

2.4 Data processing and analysis

Two analytical passes with per performed for the
acquired data. The first-pass landslide detection is
conducted using Al-based slope stability assessment in
Slide3 software, integrating InSAR [35] displacement
data, DEMs, and soil properties to calculate Factor of
Safety (FoS) values. Field validation is performed
through on-site inspections that verify predicted
landslide-prone areas based on geotechnical and
environmental indicators such as slip scarps, soil
deformation, and hydrological anomalies. A Digital Twin
Model in Figure 7 is created by integrating DSM, ERT,
and SPT data to refine slope stability predictions through
computational analysis.

Global FS: 0.513

Figure 7 Digital twin of TB 90 to 93

The second pass landslide detection phase refines the Al-
driven assessment by incorporating high-resolution
photogrammetry and subsurface geophysical data, using
Janbu and Bishop slope stability models for improved
accuracy [9, 13, 22, 28, 30].

3.0 RESULTS AND DISCUSSION

3.1 First-pass Al prediction

The first pass with the utilization of the Slide3 software
outputs the preliminary landslide susceptibility analysis,
identifying 101 critical slope segments based on Factor
of Safety (FoS) values shown in Figure 8 [34].

LANDSLIDE SUSCEPTIBILITY MAP OF MANOLO FORTICH 1 HYDRO

TARAOK wrim

using satellite data

The highest-risk zones were located in Tanaon (TB 78-
86), Guihean (TB 12-18), and Upper Amusig (TB 4-9).
Of these, 15 areas required immediate mitigation due to
infrastructure vulnerability. The initial classification was
validated using historical landslide data, site validation
and satellite imagery, risk assessment and mitigation.
The key findings are summarized in Table 1. Table 1
presents first-pass Al model results, detailing
classification metrics that assess its initial accuracy in
identifying landslide-prone and stable slope areas.

Table 1. Summary of high-risk landslide areas predicted
by slide 3 software (first pass) and risk mitigation status

No. of Area

Argci (E;flilsgust Pr.e Flic ted as Risk é\{[[;:lilgsation
Critical Slope
Tanaon 0-1 2 Completed
Tanaon 10-13 4 Completed
Tanaon 19-24 6 Completed
Tanaon 31-34 4 Completed
Tanaon 41-44 4 Completed
Tanaon 55-60 6 Completed
Tanaon 72-76 5 Completed
Tanaon 78-86 9 No mitigation
Tanaon 91-96 6 In Progress
Guihean 0-4 5 Completed
Guih?:;n 12- 7 Completed
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No. of Area ) . Table 2. Summary of high-risk landslide areas predicted
Area (Thrust Predicted as Risk Mitigation by slide 3 software (Second pass) and risk mitigation
Blocks) Critical Slope Status status
Guihean 30- 4 Completed Area (Thrust  Area Predicted as Risk Mitigation
33 P Blocks) Critical Slope Status
Gulhgzn 47- 9 Completed Tanaon 0-1 2 Completed
High Head 5- ‘ No mitieation Tanaon 10-13 4 Completed
10 g Tanaon 19-24 6 Completed
UpperoAgmumg 10 Completed Tanaon 31-34 4 Completed
Upper Amusig s Completed Tanaon 41-44 4 Completed
25-29 . Tanaon 55-60 6 Completed
Uppgrgﬁr(l)lumg 3 Completed Tanaon 72-74 3 Completed
Uppzr3 il‘éIUSlg 6 Completed Tanaon 78-82 5 No mitigation
Tanaon 91-95 5 In Progress
Total 101Areas Guihean 0-4 5 Completed
Guihean 12-
3.2 Second pass Al refinement 18 7 Completed
To improve predictive accuracy, a second pass analysis Guihean 30-
was conducted using high-resolution photogrammetry 33 4 Completed
and ERT data, the second pass model refined the risk Guihean 47-
classification in Table 2, reducing high-risk areas from 48 2 Completed
101 to 83 shown in Figure 9, indicating improved Guihean 53-
classification reliability. The first-pass analysis provided 55 3 Completed
an essential preliminary screening of 101 critical slopes High Head 5- o
using remote sensing and Al. In contrast, the second-pass 7 3 No mitigation
refinement, guided by ERT, SPT, and photogrammetry, Upper Amusig
reduced the number of critical slopes to 83, improved 0-1 2 Completed
classification accuracy, and better supported the Upper Amusig
implementation of targeted slope stabilization and 4-9 6 Completed
drainage strategies in unmitigated zones such as TB78, Upper Amusig
TB92, and High Head TB 5-7 areas. 2529 5 Completed
To optimize processing and resource allocation, our Upper Amusig
focus is on areas that lack mitigation measures and are 38-40 3 Completed
currently undergoing implementation, including Tanaon Upper Amusig
TB 78-82, TB 91-95, High Head Penstock TB 5-7, and 45.48 4 Completed
High Head Pond Areas. Total 83 Areas

LANDSLIDE SUSCEPTIBILITY MAP OF MANOLO FORTICH 1 HYDRO

TANAOK wE

Landslide Susceptibility

Fig. 9 Second pass landslide susceptibility tput .
using digital twin model
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3.3 Model performance improvement

The integration of photogrammetry and ERT provided
enhanced subsurface characterization. Comparative
analysis of Bishop and Janbu slope stability methods
shown in Figure 10 (a) and (b), respectively,
demonstrated significant convergence in failure surface
predictions, reducing false positives from 26 to 9 and
improving overall accuracy from 84.42% of the first pass
to 91.77% of the second pass.

Global #s: 0.513

Surface FS

0.513
0.538
0.549
0.55

0.565

Bishop Min 1

Bishop Min 2

Bishop Min 3

Bishop Min 4
Bishop Min 5

(a) Bishop Method



Global Fs: 0.433

Surface | FS |

Janbu Min 1 0.483

Janbu Min 2

Janbu Min 3

Janbu Min 4

Janbu Min 5

(b) Janbu Method

Fig. 10 Second critical slip failure of Bishop (a) and
Janbu (b)

The results of the landslide susceptibility mapping
demonstrate a significant improvement in predictive
accuracy between the first and second pass analyses, as
reflected in the Figure 10 shown an increased area under
the curve (AUC) values in the receiver operating
characteristic (ROC) curve and enhanced classification
metrics.

Comparison of ROC Curves: 1st Pass vs 2nd Pass
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Fig. 10 AUC RUC Curve comparison for 1% and 2"
pass

The first-pass analysis, which relied primarily on remote
sensing techniques and general soil data, yielded an AUC
value of 0.85—=classified as a very good model (0.8—0.9
range shown in Table 3)—with an overall accuracy of
84.42% (TP =77, TN = 118, FP = 26, FN = 10). While
the second pass analysis AUC value increased to 0.91,
placing it within the excellent model performance range
shown in Table 3 (0.9-1.0), while accuracy rose to
91.77% (TP = 75, TN = 137, FP = 9, FN = 10), with a
substantial reduction in false positives, enhancing the
model’s ability to distinguish stable from unstable areas.
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Table 3 Classification for interpreting the AUC of the
ROC curve based on accuracy and performance

AUC Value  Interpretation = Model Performance
090-1.00  Excellent Highly accurate
model
0.80-0.89 Very Good  Strong discrimination
0.70 - 0.79 Fair _Moderate
discrimination
0.60 - 0.69 Poor Weak discrimination
0.50 - 0.59 Fail / Rapdom No discrimination
Guessing
0.5 No Better Than Useless model
Random
The results of first pass and second pass are

comparatively presented in Table 4. The first pass
approach lacked the depth to fully capture complex
subsurface conditions influencing slope stability, leading
to a relatively high false positive rate and some
underestimation of landslide hazards. In contrast, the
second pass analysis incorporated additional geophysical
datasets, including soil properties and Electrical
Resistivity Tomography (ERT) data, resulting in a
refined digital twin model that improved classification
accuracy. The improved predictive capability of the
second pass analysis has critical implications for
landslide risk mitigation, as a more accurate
susceptibility map—validated against historical landslide
and risk mitigation implemented data in true positive
(TP) classes—provides a stronger foundation for site-
specific interventions such as slope stabilization,
optimized drainage systems, and early warning
mechanisms. The transition from very good to excellent
model performance underscores the importance of a
multi-phase analytical approach, where initial broad-
scale predictions are refined using additional geophysical
and Al-driven iterative processing. Future passes could
further enhance the model by integrating real-time
monitoring data, including rainfall intensity, soil
moisture fluctuations, and ground displacement sensors,
to dynamically update susceptibility predictions based on
evolving environmental conditions.

Table 4 Classification Model Performance Comparison

Analysis First Pass Second Pass
True Positive (TP) 77 75
True Negative (TN) 118 137
False Positive (FP) 26 9
False Negative (FN) 10 10
Accuracy 84.42% 91.77%
AUC 0.85 0.91

The evaluation of the classification model across two
passes—first pass shown in Table 5 and second pass



shown in Table 6—demonstrates significant
improvements in predictive accuracy, specificity, and
precision, primarily due to refinements in second pass

geophysical feature, and digital surface model refinement.

Specificity increased from 0.8194 to 0.9384, reducing the
false positive rate (FPR) from 0.1806 to 0.0616, thereby
enhancing model reliability in distinguishing true
negatives. positive predictive value (PPV) improved
from 0.7476 to 0.8929, reflecting a reduction in the false
discovery rate (FDR) and greater confidence in positive
classifications. Overall accuracy rose from 84.42% of the
first pass to 91.77% of the second pass. This means high
accuracy in this context is critical, especially in landslide
susceptibility mapping, where both false alarms (false
positives) and missed detections (false negatives) can
lead to either resource wastage or undetected hazards.
The Fl-score improving from 0.8105 to 0.8876,
indicating a stronger balance between precision and
recall.  Additionally, the Matthew’s correlation
coefficient (MCC) increased from 0.6868 to 0.8228,
reinforcing classification consistency.

Table 5 First pass results of AUC ROC Curve

Measure Value Formula
Sensitivity 0.8851  TPR=TP/(TP+FN)
Specificity 0.8194 SPC =TN/(FP + TN)
Positive
Predictive Value 0.7476 PPV =TP /(TP + FP)
(Precision)
Negative _
Predictive Value 0.9219 NPV =TN/(TN +FN)
False Positive _
0.1806  FPR=FP/(FP + TN)
Rate
False Discovery 554 ppR=Fp/ (FP + TP)
Rate
False Negative 1149 ENR = FN/ (FN + TP)
Rate
ACC = (TP +TN) /(TP +
Accuracy 0.8442 TN + FP + FN)
F1 Score 0.8105 F1 =2TP/(2TP + FP + FN)
MCC=(TPx TN —FP x
Mathews g FN)/sqri((TP + FP) x (TP
Coefficient + FN) x (TN + FP) x (TN +

FN))

Table 6 Second pass results of AUC ROC Curve

Measure Value Formula
Sensitivity 0.8824  TPR=TP /(TP +FN)
Specificity 0.9384 SPC=TN/ (FP+TN)

Positive
Predictive Value 0.8929 PPV =TP /(TP + FP)
(Precision)

Negative _

Predictive Value 0932 NPV =TN/(TN+FN)
False Positive _
0.0616  FPR=FP/(FP+TN)

Rate
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Measure Value Formula

False Discovery 1971 FpR =Fp/ (FP + TP)

Rate
False Negative 0.1176  FNR =FEN/(EN + TP)
Rate
ACC=(TP+TN) /(TP +
Accuracy 0.9177 TN + FP + FN)
F1 Score 0.8876 F1 =2TP/(2TP + FP + FN)
MCC = (TP x TN - FP x
Matthews
, FN) / sqrt((TP + FP) x (TP
Correlagon 0.8228 +FN) x (TN + FP) x (TN +
Coefficient FN))

The area under the curve (AUC), a key indicator of model
discriminative power, exceeded 0.90 in the second pass,
classifying it as an excellent model shown in Table 3,
whereas the first pass fell within the 0.80-0.89 range,
signifying good but suboptimal performance. These
performance gains suggest that iterative refinements,
including digital twin, Al- particle swarm optimization,
and additional soil data preprocessing, significantly
enhanced classification effectiveness. The integration of
ERT data and Al-driven optimizations (Slide3, PSO, and
NURBS surfaces) played a crucial role in reducing false
landslide predicted and improving landslide-prone area
detection. The second pass model’s substantial increase
in precision, specificity, and overall accuracy
underscores the importance of iterative optimization in
machine learning applications for landslide susceptibility
mapping and risk mitigation.

4.0 CONCLUSIONS

4.1 Conclusions

This paper presented a comprehensive landslide
susceptibility assessment framework for the Manolo
Fortich 1 Hydroelectric Power Plant (MF1 HEPP) by
integrating Al-based modeling, remote sensing,
geophysical surveys, and GIS-based analysis. The use of
Slide3 software, in conjunction with high-resolution
photogrammetry, SPT, and ERT, significantly enhanced
the accuracy of landslide prediction. The first-pass Al
analysis identified 101 critical slope segments, while the
second pass analysis—augmented by field validation and
geophysical inputs—reduced this number to 83,
demonstrating improved classification accuracy from a
“very good” to an “excellent”. The Area Under the Curve
(AUC) rose from 0.85 to 0.91, and overall accuracy
improved from 84.42% to 91.77%, validating the
efficacy of iterative refinement. Slope stability
simulations using Bishop and Janbu methods further
verified the reliability of critical slip surface predictions
and reduced false positives. Digital twin modeling, which
incorporated 3D terrain reconstruction and subsurface
data, was instrumental in refining geotechnical
interpretation. The results underscore the value of
combining Al and geophysical tools for robust geohazard
assessment and infrastructure resilience in landslide-
prone regions.
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