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•Landslide hotspots: Andes and Serra do 

Mar (Brazilian Southeast) 

•Over 8 million Brazilians live in 
flood/landslide risk areas; CEMADEN 

monitors 1,000+ municipalities

•Heavy rainfall events increasing in Central 

& South America since mid-20th century

•Landslides disrupt transport, energy, water

systems, and urban service
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Serra do Mar (Sea Ridge):

Extension of 1,500 km;

Slopes with declivity between 35° to 

40°;

Rain volumes between 2000 mm to 

2500 mm annually (sometimes 4000 

mm or higher);

Usually shallow landslides, with 1,5 m 

to 2,0 m depth, and Debris Flows

Other common mass movements: 

erosions, soil creeping, slumps, etc;

Santos (2023)
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Rainfall induced landslides risk 

management in Transpetro
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National Petroleum

Agency - ANP resolution 6/2011 (RTDT)

Guarantee the safety of the pipeline operations

against geotechnical hazards

Integrity Management 
Program (PP-1TP-

00124-0)

Failure mode: 
geotechnical
occurrences

Slope monitoring

Geotechnical
instrumentation (PG-

1TP-00042)

Pluviometric
Monitoring (PE-1TP-

00053)

Geological
Geotechnical

Inspection

Periodic seasonal inspections, on-
demand inspections, river crossing 

inspections, tie-back wall
inspections

It proposes a routine for the periodic

monitoring. It does not stablishes

alert levels or the methodology for 

implementing them. 
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Start

Check the rainfall volume in the

last day using the online equipment

Is the rainfall

volume above
the alert levels?

Check rainfall

forecast

Check offline instruments, third party data, etc.

Are the rainfall

values confirmed
to be above the

laert levels?

Check rainfall forecast

Define resources and inspection areas

No

No

Diary frequency

Yes

Yes
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Decision
Making

• Landslide susceptibility maps • Landslide triggering rainfall curves



Zone I Zone II Zone III Zone IV

- Keep the periodic 

monitoring and send short 

reports.

- Rise the monitoring

frequency and reports to 2

times a day.

- field inspections in areas 

that have previously 

suffered from geotechnical 

events

- Start extensive inspections

of the pipeline regions with

rainfall volume in zone III,

and with high susceptibility to

geotechnical events

(previously mapped with a

hazard zonation map).

- Start an extraordinary 
geotechnical instrument 

reading campaign.

- The risk of geotechnical 

events reaches a very 

high value. It is suggested 

that the operator stops the 

operation of the pipelines 
located in terrains with 

high susceptibility to 

geotechnical events and 

that reached zone IV. 

Necessary measures for each susceptible zone
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OK…
SO, WHAT’S THE PROBLEM HERE?



Solving the problem with logistic-

regression
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𝑝 =
1

1 + exp − 𝛽0 + 𝛽1𝐴72ℎ + 𝛽2𝐴24ℎ
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𝑝 =
1

1 + exp − 𝛽0 + 𝛽1𝐴72ℎ + 𝛽2𝐴24ℎ

Chosing

𝐴24ℎ = 𝛼 𝐴72ℎ
−𝛾

With (Giannecchini et al., 2016)

• 𝛼 = exp −
𝛽0

𝛽2

1−𝑝

𝑝

−
1

𝛽2

• 𝛾 = −
𝛽1

𝛽2

Where:
p(Landslide) is the probability of a landslide event;

𝛽0 is the intercept;

𝛽1 and 𝛽2 are coefficients for 𝐴24ℎ and 𝐴72ℎ, respectively.

• Zone 1: ≤ 5% (Low Susceptibility)

• Zone 2: 5–15%

• Zone 3: 15–60%
• Zone 4: 60%≤ (High Susceptibility)



Model perfomance and validation
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Pipeline Region AUC

Southern Brazil 0.86

Rio de Janeiro/MG 0.96

São Paulo (OSBAT ROW) 0.95

São Paulo (OSPLAN ROW) 0.97
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•Logistic model embedded in a digital 

decision-support system. 

•Field data collected via Microsoft 
Forms. 

•Rainfall curves updated weekly in 

Power BI. 

•Daily alerts sent automatically using

Power Automate. 

•Response actions follow existing

protocol (Mascarenhas et al., 2023). 



Inspeção de travessias – fotos de travessias e problema
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Inspeção de travessias – fotos de travessias e problema



Inspeção de travessias – fotos de travessias e problema



Conclusion
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SUMMARY OF LOGISTIC REGRESSION 
MODEL FOR LANDSLIDE RISK

Improved Rainfall 
Thresholds

The model enhances 
rainfall thresholds to 

better predict 
landslide events with 
high sensitivity at low 

probabilities.

Dynamic Decision 
Making

Supports 
probabilistic 

decisions and 
updates 

susceptibility curves 
to improve 

operational efficiency 
and resilience.

Threshold 
Performance 

Variability

Optimal at 10% 
probability threshold; 

performance 
declines significantly 

beyond 60%, 
affecting safety.

Model Limitations 
and Future 
Research

Dependent on data 
quality and missing 

terrain variables; 
future work includes 
ensemble learning 
and sensor data 

integration.
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DEVELOPMENTS IN PROGRESS
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¡Gracias!
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ABSTRACTS 
 

Pipelines traversing geotechnically sensitive terrains are particularly vulnerable to rainfall-induced landslides and debris flows. 

In Brazil, the Serra do Mar mountainous region presents significant geohazard challenges for pipeline integrity management. To address 

this, Transpetro implemented a rainfall monitoring protocol using empirical rainfall thresholds to inform operational decisions. 

However, recent operational demands and the expansion of the monitored network highlighted limitations in the existing protocol —

particularly regarding its conservative nature and static decision boundaries. This study presents the development and application of a 

logistic regression model to enhance the rainfall-based decision-making protocol for pipeline response actions. The model replaces 

static threshold curves with probabilistic susceptibility zones derived from logistic regression, using accumulated rainfall data over 24 

and 72 hours as predictors. By leveraging a database of rainfall events and associated geotechnical incidents, we updated the 

susceptibility curves to reflect probability-based zones, allowing for more realistic and dynamic responses to increasing rainfall risk. 

Key improvements include: (i) optimization of rainfall thresholds by means of a continuous probabilistic limit; (ii) annual curve updates 

through and automated emission of alerts by means of Microsoft Power Bi and Power Automate; and (iii) performance validation of the 

logistic models via Receiver operator Characteristic (ROC) curves and Area Under the Curve (AUC) indicators. These enhancements 

resulted in more accurate risk classification, reduced false positives, and shorter operational downtimes for pipelines. The updated 

protocol enables tailored responses depending on the intersecting susceptibility class of each pipeline segment and the real-time rainfall-

based probability zone. It also recommends operational adjustments rather than mandatory shutdowns in high-risk scenarios, 

supporting more nuanced risk-informed decision-making. The methodology was applied to three major operational regions (São Paulo, 

Southern Brazil, and Rio de Janeiro/Minas Gerais), each showing significant reductions in unnecessary inspections and shutdowns, 

while maintaining or improving safety standards. This approach exemplifies how geotechnical risk management can benefit from data 

science tools in pipeline operations. It also sets a precedent for broader implementation across pipeline networks, especially in tropical 

or mountainous environments where rainfall-induced hazards are prevalent. 
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1. Introduction 

 

Rainfall-induced landslides and debris flows are 

among the most critical natural threats to pipeline 

infrastructure, especially in geologically sensitive and 

high-rainfall environments such as Brazil's Serra do Mar. 

These mass movement events, often triggered by intense 

or prolonged rainfall, can lead to severe consequences, 

including ruptures in pipeline systems, environmental 

degradation, service interruptions, and costly emergency 

interventions. In this context, managing the geotechnical 

risks associated with rainfall has become a central 

challenge for infrastructure operators like Transpetro, the 

pipeline logistics branch of PETROBRAS. 

In the Serra do Mar region, where pipeline corridors 

frequently traverse steep slopes with high geotechnical 

susceptibility, rainfall-induced landslides represent a 

significant challenge for risk management (Amarasinghe 

et al., 2024) These landslides can cause not only physical 

damage to the pipelines and ancillary infrastructure but 

also pose serious environmental and social risks due to 

potential product leakage in ecologically sensitive areas 

(Cunha, 2016). Additionally, the combination of rugged 

terrain, dense vegetation, and limited access hinders rapid 

response and inspection activities, increasing the 

importance of reliable predictive models for proactive 

decision-making. Managing these risks requires tools that 

can anticipate hazardous conditions with precision, 

allowing for the timely implementation of preventive 

measures while minimizing disruptions to operations. 

To mitigate these risks, Transpetro has historically 

employed a rainfall threshold-based protocol to trigger 

field inspections and operational responses. These 

thresholds were based on accumulated rainfall over short 

durations (24 and 72 hours) and defined conservative 

action limits (Mascarenhas et al., 2023). This protocol 

combines a susceptibility map along with rainfall threshold 

curves to pinpoint where risk control actions are to be 

taken. While effective in avoiding incidents, this 

deterministic and static approach often led to unnecessary 

field mobilizations, excessive resource allocation, and 

even temporary pipeline shutdowns in the absence of 

actual slope instability. The limitations of such rigid 

frameworks become especially pronounced in large-scale 

pipeline networks where regional variability in rainfall 

response and slope susceptibility demand more flexible 

and location-specific decision-making tools. 

In response to this need, the present work introduces a 

probabilistic and data-driven methodology to refine and 

improve the existing rainfall-based risk management 

protocol. By applying logistic regression models to a 

comprehensive historical database of rainfall and landslide 

events along pipeline corridors, the project aims to derive 

statistically robust rainfall thresholds that quantify the 

probability of slope failure as a continuous function of 

rainfall accumulation (Giannecchini et al., 2016). Other 

modifications based on experience of the application of the 

previous model were also implemented. The model outputs 

are used to define zones of landslide susceptibility, which 

are then integrated into a decision-support system guiding 

operational actions in real time. 

This approach builds upon and contributes to a 

growing body of literature on rainfall thresholds and 

probabilistic modeling of landslides (e.g., Caine, 1980; 

Guzzetti et al., 2022; Giannecchini et al., 2024). It aligns 

with international recommendations for quantitative 

landslide risk assessment (Corominas et al., 2014) and 

leverages recent advances in geospatial data management 

and machine learning integration in geotechnical 

applications (Pourghasemi et al., 2020; Alcântara et al., 

2024). 

The remainder of this paper presents the methodology 

adopted, including data processing, model construction 

and validation, and implementation in an operational 

setting. Results are discussed in terms of model 

performance, improvements in operational efficiency, and 

implications for broader risk management practices in 

pipeline systems exposed to hydrological hazards. 

 

2. Methodology 

 

The methodological framework consisted of five main 

stages designed to address the operational need for 

improved, location-specific predictions of rainfall-induced 

landslide susceptibility along pipeline corridors: data 

collection, data preprocessing, model construction, model 

validation, and operational integration. 
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2.1 Data Collection and Processing 

 

Rainfall and landslide data were collected from 

Transpetro's geotechnical monitoring program in three 

major operational regions: Southern Region, Rio de 

Janeiro/Minas Gerais, and São Paulo. 

Separate models were calibrated for each operational 

region to reflect local geomorphological, climatic, and 

operational characteristics. Four diagrams were plotted for 

these regions: two for São Paulo (OSBAT and OSPLAN 

ROWs, one for the southern region and one for Rio de 

Janeiro/Minas Gerais region. This division was stablished 

considering geological/geotechnical similarities or 

differences ROWs in each operational region, and data 

quality.  

Events were classified as landslide occurrences (1) or 

non-occurrences (0). Rainfall parameters included 

accumulated precipitation over 24 hours and 72 hours. 

Only georeferenced and time-referenced events were 

considered.  

Separate models were calibrated for each operational 

region to reflect local geomorphological, climatic, and 

operational characteristics.  

 

 

2.2 Logistic Regression Model 

 

A binary logistic regression model was used to 

estimate the probability of landslide occurrence as a 

function of the antecedent accumulated rainfall in 24h and 

72h, namely 𝐴24ℎ and 𝐴72ℎ. The model has the following 

form: 

 

𝑝 =
1

1 + exp⁡[−(𝛽0 + 𝛽1𝐴72ℎ + 𝛽2𝐴24ℎ)]
 

Where: 

• P(Landslide) is the probability of a landslide 

event; 

• 𝛽0 is the intercept; 

• 𝛽1 and 𝛽2 are coefficients for 𝐴24ℎ and 𝐴72ℎ, 

respectively. 

 

The binary logistic regression implies that 𝐴24ℎ and 

𝐴72ℎ are related through the usual empirical power law 

relation usually adopted when studying rainfall thresholds 

(Safeland, 2012): 

𝐴24ℎ = 𝛼⁡𝐴72ℎ
−𝛾

 

Where 𝛼 and 𝛾 are defined by (Giannechinni et al, 

2016): 

𝛼 = exp⁡ (−
𝛽0
𝛽2
) (

1 − 𝑝

𝑝
)
−
1
𝛽2

 

and  

𝛾 = −
𝛽1
𝛽2

 

 

The model is fitted using the database. Fixing the fitted 

𝛾 value, we choose failure probabilities p accordingly to 

the operational parameters, and use the resulting parallel 

curves as thresholds to rainfall susceptibility zones. Each 

of these zones define operational response actions 

accordingly to the probability of failure that it poses to the 

slopes in the region of the pipelines. The definition of 4 

landslide susceptibility zones follows the same approach 

as done in Mascarenhas et al. (2023). 

The continuous probability output from the model was 

divided into four zones: 

 

• Zone 1: < 05% (Low Susceptibility) 

• Zone 2: 05–15% 

• Zone 3: 15–60% 

• Zone 4: <= 60% (High Susceptibility) 

 

2.2 Model Validation 

 

Model performance was evaluated using ROC curves 

and the Area Under the Curve (AUC) metric. Sensitivity 

and specificity values were analyzed for each region. Data 

visualization was performed using Wolfram Mathematica 

(Wolfram Research, 2016)  

Model performance was evaluated using Receiver 

Operating Characteristic (ROC) curves and Area Under the 

Curve (AUC) metrics, which quantify the trade-off 

between true positive rate (sensitivity) and false positive 

rate (1 - specificity). Models achieving AUC values above 

0.85 were considered satisfactory for operational 

deployment. Additionally, the performance assessment of 

the models is based on the number of true positive (TP), 
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false negative (FN), false positive (FP), and true negative 

(TN) events. From these, various metrics are derived, such 

as the probability of detection (POD), probability of false 

detection (POFD), and probability of false alarm (POFA). 

Additional indicators include the efficiency score (Ef), the 

Hanssen and Kuipers score (HK, 1965), the Euclidean 

distance to the perfect classifier (δ). 

 

2.5 Operational Integration 

 

The logistic model was incorporated into an automated 

data acquisition and decision-support system. Field reports 

are expected to be submitted via Microsoft Forms, feeding 

a SharePoint-based database that updates weekly rainfall-

likelihood curves in Power BI dashboards. 

A daily bulletin is sent via e-mail through automation 

using Microsoft Power Automate to engineers, managers 

and other workers involved with the response actions’ 

process. The corresponding actions to each rainfall level 

has not been changed, and they fully described in 

Mascarenhas et al. (2023). 

 

3. Results and Discussion 

 

The logistic regression models developed for the three 

operational regions demonstrated strong predictive 

capacity and practical utility. Each model achieved an Area 

Under the ROC Curve (AUC) greater than 0.85, 

confirming their effectiveness in distinguishing between 

rainfall events that did and did not result in landslides. 

Table 1 summarizes the performance metrics.  

 

Table 1. Performance of logistic regression models 

by region 

Region AUC 

Southern Brazil 0.86 

Rio de Janeiro/MG 0.96 

São Paulo (OSBAT ROW) 0.95 

São Paulo (OSPLAN ROW) 0.97 

 

More performance metrics are shown in Table 1 

through Table 4 

 

 

Table 1. OSBAT performance metrics. 

 
 

Table 2. OSPLAN performance metrics. 
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Table 3. RJMG ROWs performance metrics. 

 
 

Table 4 – SOUTH REGIONS ROWs performance 

metrics. 

 
 

The models produced smooth and interpretable 

probability surfaces that align well with expert knowledge 

of regional rainfall patterns and slope behavior. Figure 1 

through Figure 4 presents the probabilistic curves, showing 

the gradient of landslide probability. Additionally, Figure 

5 through Figure 8 show the ROC curve for each fit. 

 

 
Figure 1. OSBAT logistic regression curves for 

landslide susceptibility 

 

 
Figure 2. OSPLAN logistic regression curves for 

landslide susceptibility 
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Figure 3. RJMG ROWS logistic regression curves for 

landslide susceptibility 

 
Figure 4. SOUTH region ROWS logistic regression 

curves for landslide susceptibility 

 

 
Figure 5. OSBAT ROC curve. 

 

 
Figure 6. OSPLAN ROC curve. 
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Figure 7. RJMG ROWs ROC curve. 

 

 
Figure 8. SOUTH region ROWs ROC curve. 

 

The São Paulo (OSPLAN) ROW showed the highest 

model performance. In contrast, the Southern region 

exhibited slightly lower predictive accuracy. This could be 

due to the quality of the data set available for fitting the 

logistic regression. 

From Table 1 (OSBAT ROW), The best balance 

between Probability of Detection (POD) and Probability of 

False Detection (POFD) occurs at the 5% threshold, where 

POD is maximum (1.0) and POFD is moderate (0.149). 

This leads to the highest Hanssen & Kuipers score (HK = 

0.85) and the smallest Euclidean distance (δ = 0.149), 

indicating optimal model performance at this point. At 

10%, the model maintains a strong POD (0.777778) with 

slightly improved POFD (0.09901), but HK decreases 

(0.685869), and the δ distance increases. From 15% to 

35%, POD steadily declines (from 0.666667 to 0.444444), 

and although POFD also improves, the Hanssen & Kuipers 

score falls significantly. For instance, at 35%, POD is 

0.444444, POFD is 0.019802, but HK drops to 0.4246419, 

reflecting the diminishing utility of the classifier at higher 

thresholds. Starting from the 45% threshold, POD drops to 

0.333333 and continues decreasing. POFD remains low (as 

low as 0.00649351), but HK becomes close to or less than 

0.2, indicating increased missed detections (FN). From 

65% onwards, the model becomes too conservative: POD 

stabilizes at 0.222222 or lower, and although POFD 

becomes 0.0, the classifier fails to capture many real 

events. 

From Table 2 (OSPLAN), At the 10% threshold, the 

classifier achieves its best overall balance. This threshold 

represents the optimal operating point, balancing high 

sensitivity with low false detection. At the 5% threshold, 

although the model still detects all true positives (POD = 

1.0), the false positive rate increases slightly (POFD = 

0.074074), resulting in a slightly lower HK = 0.925926. 

Between 15% and 25%, the model maintains high 

detection rates (POD = 0.8571) and moderate POFD values 

(ranging from 0.03 to 0.07), indicating the model still 

performs well, but with gradually declining effectiveness.  

Beyond the 30% threshold, POD begins to drop noticeably, 

and HK also declines — reflecting a growing number of 

missed events. At thresholds above 55%, POD approaches 

zero, and POFD also drops to zero, which indicates that the 

model makes almost no positive predictions, and it fails to 

detect true events (TP = 0 from 55% onward). Efficiency 

(Ef) remains above 0.94 in almost all thresholds, but this 

metric alone can be misleading since it is affected by the 

large number of TNs and does not fully capture the cost of 

missed landslide detections. The efficiency indicator (Ef) 

remains consistently high (above 0.90) across thresholds 

between 25% and 80%, showing that the model maintains 

strong general performance even with reduced sensitivity. 

From Table 3, the 5% threshold yields the highest 

POD (0.904762) and the highest Hanssen & Kuipers score 

(HK = 0.79445). Although the POFD is 0.110312, the 

model maintains the best balance between detecting true 
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events and avoiding false alarms. Additionally, this 

threshold also has the lowest δ value (0.145736), 

confirming its proximity to the behavior of a perfect 

classifier. As the threshold increases, POD steadily 

decreases (from 0.81 at 10% down to 0.09  at 90%), POFD 

improves (approaching 0), but this comes at the cost of 

higher false negatives (undetected landslide events). 

Furthermore, HK drops sharply beyond 15–20%, reaching 

zero at 95%, indicating loss of discriminative power as the 

threshold increases. 

From Table 4, at 5% the model achieves the maximum 

POD (1.0), but at the cost of a high POFD (0.47) and 

moderate HK (0.53). δ = 1.0 confirms it is distant from 

optimal balance. The optimal threshold in this 

configuration appears to be 10%. Thresholds between 15–

25% maintain moderate POD (0.6–0.7) with improved 

POFD (0.10–0.20), but HK is slightly lower than at 10%. 

For intermediate thresholds (30–50%), the balance begins 

to shift: POD stabilizes at 0.4 from 30% to 50%, indicating 

increasing false negatives; the POFD improves 

continuously, dropping to just 0.03 at 50%; the HK score 

gradually rises to 0.366997 at 50%, but it's still below the 

peak observed at 10%; and Ef reaches its maximum at 50% 

(0.894737), yet this is largely influenced by the high 

number of TNs and does not reflect sensitivity 

performance. From 65% upward, the classifier effectively 

stops identifying any true positives. At this range of 

probability, TP = 0, POD = 0, HK = 0, Ef remains high 

(~0.86–0.88) only because of the overwhelming TNs. 

POFD and POFA = 0, but this is because no alerts are 

issued at all, including for true events. Results are labeled 

“Indeterminate” for Ef and HK in this region, reinforcing 

that these thresholds are not viable for operational use. 

 

4. Conclusions 

 

This paper showed an application of the logistic 

regression model that successfully improved a rainfall-

threshold model for landslide triggers. The results confirm 

that logistic regression is a robust and valuable 

methodology for defining dynamic, probabilistic rainfall 

thresholds in support of risk-based decision-making 

The proposed methodology concerns with the 

continuous update and reassessment of the susceptibility 

curves. This guarantees diligence in actions intending to 

enhance overall resilience and efficiency of pipeline 

operations in landslide-prone areas. 

The proposed logistic regression model exhibited a 

consistent and interpretable performance along all 

operational regions to where it was applied. The classifiers 

performed better in low probability instead of high 

probability threshold, mostly around 10%, where 

sensitivity was maximized, false detection rates remained 

within acceptable limits, and the balance between 

detection and specificity was optimal, as indicated by the 

highest HK scores and the lowest Euclidean distances to 

the perfect classifier. 

As probability thresholds increased, classifier 

performance decreased progressively. Although false 

alarms decreased, the true positive rate decreased as well, 

which is negative for operational safety. For thresholds 

above 60%, the classifiers failed to identify any relevant 

events, although they presented high efficiency values, 

which is explained by the prevalence of true negatives 

The conclusion to these observations points to the fact 

that either adopting overly conservative or non-

conservative thresholds leads to operational safety 

problems. In practice, this is solved by combining 4 

different threshold curves with different response actions. 

While the logistic models have shown strong 

performance, one should still be concerned with 

limitations to the method: 

• The models depend on the quality and 

completeness of reported landslide data. The lack 

of these qualities makes the application of logistic-

regression unfeasible. 

• The logistic regression model is a dynamic tool for 

susceptibility mapping, and it does not take 

terrain-specific variables (e.g., slope angle, land 

use, lithology) into account, which are instead 

addressed indirectly via static susceptibility maps. 

• As new data is inserted into the database, the 

threshold must be reevaluated periodically, 

especially considering that the pattern of extreme 

events is changing. 

Future works will test ensemble learning methods, 

physics informed susceptibility maps, dynamic rainfall-
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triggering indicators derived from remote sensing, and 

integration with soil moisture sensor data. 
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