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Abstract 

Static inspection programmes may apply uniform inspection intervals across heterogeneous asset populations, whereas risk-

based inspection (RBI) seeks to differentiate inspection priorities according to assessed risk. However, location-specific 

environmental, biological and socio-security exposure is not always represented explicitly in inspection scheduling. This study 

evaluates and internally validates a Location-Specific Degradation Factor (LSDF) as a decision-support layer for inspection 

planning across twelve Niger Delta pipeline locations. LSDF scores were converted to an effective corrosion rate using the 

calibrated amplification model CReff=CRbase (1+k⋅ LSDF), with k≈4.74 estimated by root-mean-square error (RMSE) 

minimisation, and subsequently mapped to LSDF severity classes and study-specific maximum inspection intervals. In-sample 

predicted-versus-observed degradation rates showed strong agreement (Pearson r=0.998, predictive R2=0.993, RMSE = 0.064 

mm/yr, and classification accuracy = 91.7%, 11/12; exact 95% confidence interval (CI): 61.5-99.8%). Leave-one-location-out 

cross-validation (LOLO-CV) preserved classification accuracy at 91.7% (11/12; exact 95% CI: 61.5-99.8%) while giving a more 

conservative RMSE of 0.073 mm/yr, and stable refitted k values of 4.710-4.804. Relative to a uniform 36-month static inspection 

benchmark, the LSDF-based policy assigned shorter inspection intervals to locations with greater degradation exposure and 

longer intervals to locations with lower exposure. This reallocation increased total scheduled inspection events over five years 

from 24 to 62 (+158.3%), reflecting intensified surveillance of higher-severity locations rather than an overall reduction in 

inspection activity. No economic-benefit claim is made because location-specific inspection, mobilisation, failure-consequence 

and discount-rate data were unavailable. The LSDF is therefore proposed as a location-sensitive decision-support layer that 

complements, rather than replaces, established RBI and condition-based integrity assessment. 
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1. Introduction 

Location-specific degradation severity becomes practi-

cally useful for pipeline integrity management when it can 

be translated into differentiated inspection or maintenance 

decisions. In the Niger Delta, pipeline assets traverse coastal 
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mangrove, transitional swamp and inland upland-fringe en-

vironments that differ substantially in climatic, environmen-

tal, biological and socio-security exposure. To represent this 

spatial heterogeneity quantitatively, the present study em-

ploys a Location-Specific Degradation Factor (LSDF), for-

mulated as an Analytic Hierarchy Process (AHP)-weighted 

composite index integrating nine screened environmental, 

biological and socio-security variables into a single location-

specific exposure-severity score. The AHP weighting proce-

dure produced an internally consistent comparison matrix 

(λmax = 9.1455, consistency ratio (CR) = 0.013), with flood 

frequency receiving the highest weight (25.4%), followed by 

salinity, soil-corrosivity score and vandalism frequency 

(15.9% each). Across the twelve analysed pipeline locations 

(A-L), LSDF values ranged from 0.000 to 1.000, reflecting 

substantial spatial variation in degradation exposure. 

The operational question addressed in this study is whether 

incorporation of location-specific degradation exposure into 

inspection planning can support more differentiated inspec-

tion intervals than a uniform static schedule. The proposed de-

cision pathway is: 

Location exposure→LSDF→CReff→LSDF severity 

class→inspection interval 

where CReff represents the LSDF-adjusted effective corro-

sion rate. Contemporary risk-based inspection (RBI) practice, 

formalised in American Petroleum Institute (API) Recom-

mended Practice (RP) 580 and API RP 581 [1, 2] and increas-

ingly characterised by performance-based and data-driven de-

cision approaches [3, 4], provides the broader integrity-man-

agement context within which this location-sensitive exposure 

layer is intended to operate. The LSDF is therefore conceived 

as a decision-support layer that complements, rather than re-

places, condition-based inspection data, probability- and con-

sequence-based risk assessment, fitness-for-service evalua-

tion and engineering judgement. 

The relevance of incorporating location-specific exposure 

is particularly pronounced in the Niger Delta, where pipeline 

integrity is influenced not only by environmental and corro-

sion-related processes but also by substantial third-party inter-

ference. Nigeria recorded more than 589 reported oil spills in 

2024, with a large proportion attributed to oil theft and sabo-

tage rather than equipment failure, according to National Oil 

Spill Detection and Response Agency (NOSDRA) data [5]; 

attitudes toward pipeline vandalism in oil-producing commu-

nities are also shaped by local socio-economic conditions [6]. 

Such conditions indicate that socio-security exposure can ma-

terially influence integrity-management requirements and 

should not necessarily be treated as peripheral to inspection 

planning. 

Against this background, the study evaluates the complete 

LSDF-to-inspection decision pathway by calibrating an effec-

tive corrosion-rate model, comparing predicted and observed 

degradation rates, assessing predictive stability through leave-

one-location-out cross-validation (LOLO-CV), examining 

terrain-specific performance, and comparing the resulting in-

spection policy with a uniform 36-month static inspection 

benchmark. The analysis also reconciles inspection-event 

counts over a five-year planning horizon. Economic perfor-

mance is treated separately from technical validation because 

the available dataset does not contain the complete inspection, 

mobilisation, failure-consequence and discount-rate infor-

mation required for a defensible net present value (NPV), re-

turn on investment (ROI) or payback analysis. 

 
Figure 1. LSDF-to-RBI decision-logic architecture: location exposure is translated sequentially into a maintenance/inspection decision. 

2. Materials and Methods 

2.1. LSDF Formulation and Model Inputs 

The Location-Specific Degradation Factor (LSDF) was for-

mulated as an AHP-weighted composite index representing 

relative environmental, biological and socio-security expo-

sure at each pipeline location. Nine variables, retained after 

collinearity screening [7], were included: rainfall, humidity, 

salinity, flood frequency, soil-corrosivity score, microbiolog-

ically influenced corrosion (MIC) activity score, wetland ex-

posure, vandalism frequency and accessibility-related expo-

sure score. MIC activity was included because microbial pro-

cesses are an established contributor to the degradation of 

steel pipelines [8, 9]. Each variable was transformed to a com-

mon dimensionless scale using min-max normalisation, and 

the LSDF for location i was calculated as 

LSDFᵢ = Σⱼ₌1
9 wⱼXᵢⱼ*                 (1) 

where Xᵢⱼ* is the normalised value of variable j at location i, 

and wⱼ is its corresponding AHP-derived weight, subject to 

Σⱼ₌1
9wⱼ = 1 and 0≤LSDFᵢ≤1. 

The criterion weights were derived from the principal ei-
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genvector of an aggregated reciprocal AHP pairwise-compar-

ison matrix, an approach also applied in recent importance and 

risk assessment of pipeline facilities [10]. The resulting 

weight structure assigned the highest priority to flood fre-

quency (0.2541), followed by salinity (0.1586), soil-corro-

sivity score (0.1586), vandalism frequency (0.1586), MIC-ac-

tivity score (0.0984), rainfall (0.0633), humidity (0.0405), 

wetland exposure (0.0404) and accessibility-related exposure 

score (0.0275). The aggregated matrix yielded λmax=9.1455 

and a consistency ratio of CR=0.013, indicating acceptable in-

ternal consistency of the AHP judgements. 

The resulting location-specific LSDF values were treated as 

fixed exposure-severity inputs in the present inspection-plan-

ning analysis. They were not re-estimated during calibration 

of the corrosion-rate amplification coefficient k. This separa-

tion preserves the distinction between the AHP-based expo-

sure model and the subsequent calibration of the effective cor-

rosion-rate relationship. The LSDF values and other essential 

model inputs used in the analysis are presented in Table 1. 

Table 1. Final LSDF values and essential model inputs (baseline corrosion rate, calibrated amplification coefficient). 

Location LSDF CRbase (mm/yr) Calibrated k 

A 1.000 0.50 4.74 

B 0.874 0.50 4.74 

C 0.929 0.50 4.74 

D 0.791 0.50 4.74 

E 0.632 0.50 4.74 

F 0.580 0.50 4.74 

G 0.510 0.50 4.74 

H 0.450 0.50 4.74 

I 0.169 0.50 4.74 

J 0.123 0.50 4.74 

K 0.044 0.50 4.74 

L 0.000 0.50 4.74 

LSDF values were obtained from the LSDF formulation described in Section 2.1. The baseline corrosion rate, CRbase, and calibrated amplifi-

cation coefficient, k, are defined in Section 2.2 and summarised in Table 2. 

2.2. Baseline and Effective Corrosion Rate 

A common reference baseline corrosion rate of 0.50 mm/yr 

was adopted for all twelve study locations: 

CRbase=0.50 mm/yr                  (2) 

The value was treated as a common modelling baseline ra-

ther than as a location-specific measured corrosion rate. De-

tailed metadata describing the individual inspections, obser-

vation period, wall-thickness basis or derivation of this refer-

ence value were not retained in the archived analytical dataset. 

Accordingly, CRbase is used solely as the reference deteriora-

tion rate prior to location-specific adjustment, and this limita-

tion is acknowledged in Section 4.3. The baseline corrosion 

rate is independent of the LSDF and is not interpreted as being 

caused by location-specific exposure. 

The LSDF-adjusted effective corrosion rate for location i 

was defined as 

CReff,I=CRbase (1+k LSDFi)              (3) 

where CReff,I is the predicted effective corrosion rate, LSDFi 

is the Location-Specific Degradation Factor for location i, and 

k is an empirically calibrated amplification coefficient. The 

formulation satisfies the boundary condition CReff,i=CRbase 

when LSDFi=0, while allowing the predicted degradation rate 

to increase progressively with location-specific exposure se-

verity. The parameter k is therefore a calibration coefficient 

and is distinct from the AHP-derived criterion weights used in 

constructing the LSDF. Recent data-driven studies have like-

wise related environmental variables such as salinity, moisture 

and carbon dioxide (CO₂) partial pressure to the corrosion rate 

of pipeline steels [11, 12]; the single-parameter linear form 

adopted here is deliberately parsimonious given the twelve-

location sample. 

The value of k was estimated by minimising the root-mean-
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square error (RMSE) between predicted effective corrosion 

rates and observed annual degradation rates (ADR): 

RMSE (k) = √ 1

nc

∑ (CRpred,i(k) - ADRi)
2nc

i=1
      (4) 

where CRpred,I (k) is the model-predicted corrosion rate for 

a specified value of k, ADRi is the observed annual degrada-

tion rate at location i, and nc is the number of observations 

used in calibration. 

The calibrated amplification coefficient was k≈4.74. At Lo-

cation A, where LSDF=1.000, the resulting effective corro-

sion rate was 2.87 mm/yr, equivalent to approximately 5.7 

times the adopted baseline value. The stability of the calibra-

tion coefficient was subsequently examined using leave-one-

location-out cross-validation, which produced refitted k val-

ues ranging from 4.710 to 4.804 (Section 3.3). 

Table 2. Calibration and validation characteristics of the LSDF effective corrosion-rate model. 

Parameter / performance measure Value 

Functional form CReff=CRbase (1+k⋅ LSDF) 

Baseline corrosion rate, CRbase 0.50 mm/yr 

Calibration method RMSE minimisation 

Calibrated amplification coefficient, k 4.74 

LOLO-CV refitted k range 4.710-4.804 

Predictive R2 0.993 

RMSE 0.064 mm/yr 

MAE 0.055 mm/yr 

MAPE 4.0% 

LOLO-CV RMSE 0.073 mm/yr 

LOLO-CV: leave-one-location-out cross-validation; MAE: mean absolute error; MAPE: mean absolute percentage error; RMSE: root-mean-

square error. 

Table note: The linear amplification model was the evaluated functional form used throughout the present analysis. Model performance was 

assessed using predicted-versus-observed degradation rates and leave-one-location-out cross-validation. 

Table 3 reports the resulting effective corrosion rate, CReff = CRbase (1+k·LSDF), for all twelve locations using the calibrated 

linear model. 

Table 3. Effective corrosion rate (CReff) for all twelve locations (linear model, k=4.74). 

Location LSDF CRbase (mm/yr) CReff (mm/yr) 

A 1.000 0.50 2.87 

B 0.874 0.50 2.57 

C 0.929 0.50 2.70 

D 0.791 0.50 2.38 

E 0.632 0.50 2.00 

F 0.580 0.50 1.87 

G 0.510 0.50 1.71 

H 0.450 0.50 1.57 

I 0.169 0.50 0.90 
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Location LSDF CRbase (mm/yr) CReff (mm/yr) 

J 0.123 0.50 0.79 

K 0.044 0.50 0.61 

L 0.000 0.50 0.50 

 

2.3. LSDF Severity Classification and 

Inspection-Interval Decision Matrix 

Each LSDF score was mapped to a severity class and study-

specific maximum inspection interval using the decision matrix 

presented in Table 4. The matrix also specifies effective-corro-

sion-rate ranges used independently to classify observed annual 

degradation rates (ADR) for validation (Section 3.2), so that 

predicted (LSDF-derived) and observed (ADR-derived) classes 

are obtained from two distinct inputs rather than the same one. 

The five LSDF severity bands are defined over the 0-1 LSDF 

scale, while the corresponding effective-corrosion-rate ranges 

constitute study-specific classification thresholds used to assign 

observed ADR severity classes. The LSDF severity thresholds, 

effective-corrosion-rate thresholds and inspection intervals are 

study-specific decision rules adopted for framework evaluation; 

they have not been externally validated as universally applica-

ble thresholds or inspection frequencies. 

Table 4. LSDF severity class - effective-corrosion-rate range - inspection interval - NDT decision matrix. 

LSDF range LSDF severity class 
Effective corrosion rate range 

(mm/yr) 
Maximum interval Indicative NDT / inspection 

0.81-1.00 Critical > 2.5 ≤6 months ILI/MFL+UT, PAUT, ECDA 

0.61-0.80 High 1.8 - 2.5 ≤12 months PAUT, UT mapping 

0.41-0.60 Moderate 1.2 - 1.8 ≤24 months UT grid / corrosion monitoring 

0.21-0.40 Low 0.8 - 1.2 ≤36 months Visual inspection / periodic UT 

0.00-0.20 Very Low < 0.8 ≤60 months Visual inspection / UT spot checks 

NDT: non-destructive testing; ILI: in-line inspection; MFL: magnetic flux leakage; UT: ultrasonic testing; PAUT: phased-array ultrasonic 

testing; ECDA: external corrosion direct assessment. This decision matrix specifies study-specific maximum inspection intervals and LSDF 

severity thresholds. It is intended as a decision-support framework for the present analysis and does not replace established RBI procedures, 

fitness-for-service assessment, engineering judgement, or applicable regulatory requirements. The intervals have not been independently vali-

dated as universally applicable inspection frequencies. 

2.4. Calibration/Validation Separation and 

Cross-validation 

Because n=12 is small, calibration and validation roles were 

kept conceptually distinct: development data established var-

iable transformation and model structure; calibration data 

were used to estimate k; and a model component was not cal-

ibrated against observations subsequently presented as inde-

pendent validation. Where a conventional fixed split was im-

practical at this sample size, LOLO-CV was used: for each 

location i in turn, i was withheld, k was re-estimated from the 

remaining eleven locations, the withheld location's CReff was 

predicted using that refit k, and the prediction error and LSDF 

severity classification were recorded. LSDF is an input to this 

procedure, not a withheld prediction; the quantity actually pre-

dicted out-of-fold is the effective corrosion rate, so the cross-

validation error is defined as 

ei
LOLO = CReff,i

(-i)
 - ADRi

              (5) 

where CReff,i

(-i)
 is the effective-corrosion-rate prediction for lo-

cation i obtained using k refit from the other eleven locations, 

and ADRi is the observed annual degradation rate at location 

i. LOLO performance was summarised using mean absolute 

error (MAE), RMSE, maximum absolute error and classifica-

tion accuracy, reported separately from the in-sample (appar-

ent) fit statistics (Section 3.3), consistent with general guid-

ance that leave-one-out-style estimators require separate re-

porting from apparent performance and can carry non-trivial 
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bias in small samples [13]. 

2.5. Validation Metrics 

Predicted (Pi = CReff,i) and observed (Oi = ADRi) degrada-

tion rates were compared using Pearson correlation, 

r = 
∑ (Pi -P

̅
) (Oi  - O

̅
)

n
i=1

√∑ (Pi  - P
̅
)
2

 ∑ (Oi -O
̅

)
2n

i=1
n
i=1

                (6) 

Spearman rank correlation ρ (as a non-parametric, linearity-

free check on rank preservation), and the predictive coeffi-

cient of determination, calculated as 

R
2 = 1 - 

∑ (Oi - Pi
n
i=1 )

2

∑ (Oi - O)
2̅̅ ̅̅ ̅

n
i=1

                 (7) 

which compares predictions directly against the observed 

mean and is not necessarily identical to the r2 of an ordinary 

least-squares regression of predicted on observed values; the 

reported value (Section 3.2) is this predictive R2, consistent 

with the acceptance criterion below. The prediction-error met-

rics were 

RMSE = √1

n
 ∑ (Pi - Oi)

2n
i=1

             (8) 

MAE = 1

n
 ∑ |Pi - Oi

|n
i=1

                (9) 

MAPE = 100

n
 ∑ |Pi - Oi

Oi

|n
i=1

             (10) 

Pre-specified acceptance criteria were RMSE ≤ 20% of 

mean observed ADR, MAE ≤ 15% of mean observed ADR, 

and mean absolute percentage error (MAPE) ≤ 10%. Predicted 

and observed LSDF severity classes were additionally cross-

tabulated in a confusion matrix (Section 3.2) the observed 

class was assigned from the observed ADR using the effec-

tive-corrosion-rate ranges of Table 4, independently of the 

LSDF-derived predicted class from which per-class precision, 

recall and F1 were computed as 

Precisionc
 = TPc

TPc + FPc

                (11) 

Recallc
 = TPc

TPc  + FNc

                 (12) 

F1c
 = 2

Precisionc × Recallc

Precisionc + Recallc

               (13) 

with macro-averaged performance summarised as: 

Macro-F1 = 1

C
 ∑ F1c

C
c=1

, 

Balanced Accuracy = 1

C
 ∑ Recallc

C
c=1

       (14) 

where TPc, FPc and FNc are the numbers of true positives (TP), 

false positives (FP) and false negatives (FN) for severity class 

c, F1c is the F1-score (the harmonic mean of precision and re-

call) for class c, and C is the number of severity classes. 

The 95% confidence interval (CI) for classification accu-

racy was estimated using an exact (Clopper-Pearson) binomial 

procedure rather than a large-sample normal approximation, 

reflecting the small (n=12) validation sample; the resulting in-

tervals, reported in Sections 3.2 and 3.3, are wide, which hon-

estly reflects the sampling uncertainty inherent in n=12. 

2.6. Comparison with a Uniform 36-month 

Benchmark Schedule 

The uniform 36-month static inspection benchmark was de-

fined as a fixed 36-month inspection interval applied to all 

twelve locations, identical in asset population and analysis 

horizon to the LSDF-adjusted condition. For each location, the 

interval difference and percentage change relative to the 

LSDF-prescribed interval were: 

∆Ii
 = Iconventional,i - ILSDF,i

                 (15) 

%∆Ii
 = 

ILSDF,i - Icontentional,i

Iconventional,i
 ×100               (16) 

The number of scheduled inspection events over a five-year 

analysis horizon T was calculated from the assigned interval, 

using the counting convention 

Ni
 = [T

Ii
]                       (17) 

where T is the five-year analysis horizon and Iᵢ is the assigned 

inspection interval, with the initial inspection counted at t=0. 

The same convention was applied identically to both the uni-

form benchmark and LSDF-adjusted schedules. Because the 

LSDF-prescribed interval is obtained directly from the LSDF 

decision matrix (Table 4) and the benchmark is compared 

against that same LSDF-prescribed interval, this comparison 

quantifies how the LSDF policy reallocates inspection fre-

quency relative to an external uniform benchmark; it is a pol-

icy-comparison analysis, not an independent validation of the 

LSDF-derived inspection intervals, since the LSDF interval is 

not itself independently derived in this comparison. A location 

was classified as over-scheduled relative to the LSDF policy 

when the benchmark assigned a shorter interval (more fre-

quent inspection) than the LSDF policy prescribed, and under-

scheduled relative to the LSDF policy when the benchmark 

assigned a longer interval (less frequent inspection) than pre-

scribed; these are directly countable event-frequency compar-

isons and are not presented as diagnostic accuracy or classifi-

cation-error rates. 

Because this study reports inspection-event arithmetic only, 

and unit inspection cost, mobilisation cost, monitoring cost, 

avoided-failure benefit and discount rate were not available 
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for the twelve-location dataset, a full life-cycle economic 

(NPV/ROI/payback) model was not developed; this limitation 

is carried through explicitly into Section 3.5 and Section 4.1 

rather than resolved by assumption. 

 

 

 

3. Results 

3.1. Predicted Versus Observed Effective 

Corrosion Rate 

Table 5 reports the predicted effective corrosion rate (from 

Table 3) and observed annual degradation rate (ADR) for all 

twelve locations, together with the prediction residual. 

Table 5. Predicted versus observed degradation: effective corrosion rate versus observed ADR, by location. 

Location LSDF Predicted CReff (mm/yr) Observed ADR (mm/yr) Residual (mm/yr) 

A 1.000 2.87 2.76 +0.11 

B 0.874 2.57 2.51 +0.06 

C 0.929 2.70 2.68 +0.02 

D 0.791 2.38 2.42 −0.04 

E 0.632 2.00 2.10 −0.10 

F 0.580 1.87 1.96 −0.09 

G 0.510 1.71 1.72 −0.01 

H 0.450 1.57 1.61 −0.04 

I 0.169 0.90 0.89 +0.01 

J 0.123 0.79 0.84 −0.05 

K 0.044 0.61 0.69 −0.08 

L 0.000 0.50 0.54 −0.04 

 

 
Figure 2. Predicted effective corrosion rate versus observed ADR 

(n=12), with 1: 1 reference and fitted line. 

 
Figure 3. Prediction residuals by location. 

3.2. Validation Performance and  

Severity-classification Accuracy 

Table 6 presents the principal in-sample validation metrics 

for the twelve-location dataset, comprising Pearson correla-

tion (r), Spearman rank correlation (ρ), predictive R2, root-

mean-square error (RMSE), mean absolute error (MAE), 
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mean absolute percentage error (MAPE), and severity-classi-

fication accuracy. 

Table 6. In-sample validation performance of the LSDF-adjusted effective corrosion-rate model (n = 12). 

Metric Computed value Acceptance threshold Assessment 

Pearson correlation, r 0.998 ≥ 0.80 Very strong positive association 

Spearman rank correlation, ρ 1.000 ≥ 0.70 Complete rank agreement 

Predictive R2 0.993 ≥ 0.65 Exceeds threshold 

RMSE 0.064 mm/yr ≤ 20% of mean ADR 3.7% of mean ADR 

MAE 0.055 mm/yr ≤ 15% of mean ADR 3.2% of mean ADR 

MAPE 4.0% ≤ 10% Within threshold 

Severity-classification accu-

racy 

91.7% (11/12); exact 95% 

CI: 61.5-99.8% 
≥ 85% 

One boundary misclassification (Loca-

tion J) 

Note: Continuous validation metrics were calculated from the predicted and observed annual degradation rates for the twelve study locations. 

The confidence interval for severity-classification accuracy was estimated using the exact Clopper-Pearson binomial method. 

To verify the numerical consistency of the reported valida-

tion results, the principal performance metrics were recalcu-

lated directly from the location-level predicted and observed 

degradation-rate pairs presented in Table 5. The recalculated 

values closely matched the rounded values reported in Table 

6, providing an internal computational verification of the cor-

relation and prediction-error statistics. This recalculation con-

stitutes a numerical consistency check and should not be in-

terpreted as an independent validation dataset. 

Table 7. Numerical verification of the in-sample validation statistics using the location-level data in Table 5. 

Metric Value reported in Table 6 Recomputed from Table 5 

Pearson correlation, r 0.998 0.9979 

Spearman rank correlation, ρ 1.000 1.000 

Predictive R2 0.993 0.9934 

RMSE (mm/yr) 0.064 0.0633 

MAE (mm/yr) 0.055 0.0542 

MAPE (%) 4.0 3.94 

Note: Recomputed directly from the twelve predicted and observed degradation-rate pairs reported in Table 5. Differences between the two 

columns reflect rounding only; the recalculation is an internal numerical verification rather than a separate validation exercise. 

The predicted-versus-observed LSDF severity-classifica-

tion confusion matrix (Table 8) shows one boundary misclas-

sification at Location J, yielding an overall classification ac-

curacy of 91.7% (11/12) with an exact 95% Clopper-Pearson 

confidence interval of 61.5-99.8%. Observed severity classes 

were assigned independently from the observed annual degra-

dation rates using the effective-corrosion-rate thresholds spec-

ified in Table 4, whereas predicted severity classes were ob-

tained by applying the same effective-corrosion-rate thresh-

olds (Table 4) to the predicted effective corrosion rate, CReff, 

rather than directly from the LSDF severity band; this keeps 

predicted and observed classes on a common corrosion-rate 

scale. This distinction prevents the observed classification 

from being defined directly by the LSDF prediction itself. 

Location J illustrates the boundary sensitivity of the classi-

fication procedure. Its predicted effective corrosion rate of 

0.79 mm/yr falls just below the Very Low/Low threshold of 
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0.8 mm/yr, whereas its observed ADR of 0.84 mm/yr falls just 

above it, within the Low range of 0.8-1.2 mm/yr. Thus, the 

single classification disagreement occurs immediately adja-

cent to a class boundary rather than representing a large dis-

crepancy between predicted and observed degradation behav-

iour. 

Table 8. Confusion matrix / classification results (actual rows, predicted columns; n=12). 

Actual / Predicted Critical High Moderate Low Very Low 

Critical 3 0 0 0 0 

High 0 3 0 0 0 

Moderate 0 0 2 0 0 

Low 0 0 0 1 1 

Very Low 0 0 0 0 2 

Per-class precision, recall and F1, derived arithmetically from Table 8, are reported in Table 9. 

Table 9. Per-class precision, recall and F1-score, derived from the confusion matrix (Table 8). 

LSDF severity class Precision Recall F1 

Critical 1.000 1.000 1.000 

High 1.000 1.000 1.000 

Moderate 1.000 1.000 1.000 

Low 1.000 0.500 0.667 

Very Low 0.667 1.000 0.800 

Macro-average — — 0.893 

Author-computed from Table 8 using Equations (11)-(14). Balanced accuracy (mean class recall) = 0.900, slightly below the overall (micro-

averaged) accuracy of 91.7%; the difference reflects the smaller Low class (n=2) receiving equal weight to the larger classes under macro-

averaging. 

3.3. Leave-one-location-out Cross-validation 

LOLO-CV results (Table 10) show a stable refit k across 

folds (range 4.710-4.804), indicating that the calibration con-

stant is not unduly sensitive to the removal of any single loca-

tion. Under LOLO-CV, mean absolute error was 0.062 mm/yr, 

RMSE was 0.073 mm/yr, and the maximum absolute error 

was 0.142 mm/yr (Location A). Applying the same effective-

corrosion-rate-threshold classification procedure used in Sec-

tion 3.2 to the LOLO-predicted CR_eff values in Table 10, 

classification accuracy under LOLO-CV was 91.7% (11/12; 

exact 95% Clopper-Pearson CI 61.5-99.8%), with Location J 

whose LOLO-predicted CReff of 0.792 mm/yr again falls im-

mediately below the 0.8 mm/yr Very Low/Low threshold 

against an observed ADR of 0.84 mm/yr remaining the sole 

misclassification, consistent with the in-sample result of Sec-

tion 3.2. Continuous-error performance nonetheless degrades 

under cross-validation relative to the in-sample fit (RMSE 

0.073 mm/yr versus 0.064 mm/yr; MAE 0.062 mm/yr versus 

0.055 mm/yr), consistent with general evidence that apparent 

(in-sample) and cross-validated performance estimates for 

small samples should not be conflated [13]. The LOLO RMSE 

was computed by the authors directly from the twelve absolute 

errors of Table 10, consistent with the methodology of Section 

2.4, which specifies MAE, RMSE, maximum absolute error 

and classification accuracy as the LOLO summary statistics. 
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Table 10. Leave-one-location-out cross-validation results. 

Location removed Refit k Predicted CReff (mm/yr) Observed ADR (mm/yr) Absolute error (mm/yr) 

A 4.804 2.902 2.76 0.142 

B 4.769 2.583 2.51 0.073 

C 4.752 2.706 2.68 0.026 

D 4.722 2.368 2.42 0.052 

E 4.710 1.989 2.10 0.111 

F 4.717 1.867 1.96 0.093 

G 4.738 1.708 1.72 0.012 

H 4.732 1.564 1.61 0.046 

I 4.742 0.901 0.89 0.011 

J 4.738 0.792 0.84 0.048 

K 4.739 0.605 0.69 0.085 

L 4.741 0.500 0.54 0.040 

LOLO-CV summary: MAE = 0.062 mm/yr; RMSE = 0.073 mm/yr; maximum absolute error = 0.142 mm/yr; classification accuracy = 91.7% 

(11/12; exact 95% Clopper-Pearson CI 61.5-99.8%). 

3.4. Terrain-specific Validation 

Prediction errors were also examined separately by terrain class using the location-level predicted and observed degradation 

rates presented in Table 5. Because each terrain class contains only four locations, the resulting statistics are interpreted as 

descriptive diagnostics rather than as statistically conclusive evidence of terrain-specific model performance. 

Table 11. Terrain-specific continuous prediction-error metrics derived from the location-level validation data. 

Terrain class Pearson r RMSE (mm/yr) MAE (mm/yr) Mean observed ADR (mm/yr) 

Coastal mangrove (A-D) 0.979 0.067 0.058 2.592 

Transitional swamp (E-H) 0.994 0.070 0.060 1.848 

Inland upland fringe (I-L) 0.983 0.051 0.045 0.740 

Terrain-specific statistics were calculated directly from the location-level predicted and observed degradation rates in Table 5. Given the small 

number of locations within each terrain class (n=4), these results are interpreted descriptively. 

3.5. Comparison with a Uniform 36-month 

Benchmark Schedule 

Table 12 compares, location by location, the LSDF-pre-

scribed interval (assigned by the decision matrix of Table 4) 

against the uniform 36-month static inspection benchmark. 

The comparison quantifies how the proposed LSDF policy re-

allocates inspection frequency relative to a uniform bench-

mark; it is a policy-comparison analysis rather than an inde-

pendent validation of the LSDF-derived inspection intervals, 

since the LSDF-prescribed interval is the reference against 

which the benchmark is scored, not an independently derived 

requirement. On this basis, the benchmark schedule was less 

frequent than the LSDF-prescribed interval for all eight Criti-

cal/High/Moderate locations (A-H), by 12-30 months depend-

ing on location, and more frequent than the LSDF-prescribed 

interval for all four Very Low-exposure locations (I-L), by 24 

months. 
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Table 12. LSDF-prescribed versus uniform 36-month benchmark inspection intervals, by location. 

Location LSDF-prescribed interval (mo.) Uniform benchmark (mo.) Difference from LSDF-prescribed interval (mo.) 

A 6 36 +30 

B 6 36 +30 

C 6 36 +30 

D 12 36 +24 

E 12 36 +24 

F 24 36 +12 

G 24 36 +12 

H 24 36 +12 

I 60 36 −24 

J 60 36 −24 

K 60 36 −24 

L 60 36 −24 

 
Figure 4. Inspection interval by location: LSDF-prescribed versus uniform 36-month benchmark. 

The practically important message is not that the LSDF-ad-

justed schedule reduces every inspection interval; it reallo-

cates inspection frequency according to location-specific deg-

radation severity. Table 13 quantifies this reallocation: Criti-

cal locations are inspected 5.5 times more often than under the 

uniform benchmark, while Very Low-exposure locations are 

inspected at the same frequency as before (2 inspections per 5 

years under the reconciled event-counting rule), so no reduc-

tion in Very Low-exposure inspection burden is claimed rela-

tive to that reconciled baseline. 

Table 13. Inspection-event comparison: uniform 36-month benchmark versus LSDF-adjusted framework. 

Dimension Uniform benchmark LSDF-adjusted framework Outcome 

Very Low-exposure inspection 

frequency 
2 inspections / 5 yr 2 inspections / 5 yr 

No change (reconciled 5-yr counting 

rule) 

Critical-location inspection 2 inspections / 5 yr 11 inspections / 5 yr 5.5× more frequent at Critical locations 
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Dimension Uniform benchmark LSDF-adjusted framework Outcome 

Total inspection events (5-yr hori-

zon) 
24 62 +158.3% (an increase, not a reduction) 

Note: Inspection-event counts were calculated consistently for both schedules using the five-year event-counting convention defined in Equa-

tion (17). 

 
Figure 5. Total five-year inspection events: uniform benchmark (24) 

versus LSDF-adjusted (62). 

3.6. Over-scheduling and Under-scheduling 

Relative to the LSDF Policy 

Table 14 reports over-scheduling and under-scheduling rel-

ative to the LSDF policy using directly calculated scheduling 

counts. Because the LSDF schedule defines the reference in-

tervals, these counts are interpreted as scheduling-reallocation 

measures rather than diagnostic accuracy, false-alarm or miss-

rate statistics. Relative to the study-specific LSDF interval 

policy, the uniform 36-month benchmark schedules inspec-

tions less frequently than prescribed for all eight Criti-

cal/High/Moderate locations (A-H) and more frequently than 

prescribed for all four Very Low-exposure locations (I-L): all 

eight higher-severity locations were under-scheduled relative 

to the LSDF policy (8/8) and all four Very Low-exposure lo-

cations were over-scheduled relative to the LSDF policy (4/4) 

under the uniform benchmark, whereas the LSDF-adjusted 

schedule is, by construction, neither over- nor under-sched-

uled relative to its own policy (0/8 and 0/4). 

Table 14. Locations under-scheduled and over-scheduled relative to the LSDF policy: uniform 36-month benchmark versus LSDF-adjusted 

framework. 

Scheduling comparison LSDF-adjusted framework Uniform 36-month benchmark 

Higher-severity locations under-scheduled relative to the 

LSDF policy (Critical/High/Moderate; A-H) 
0/8 8/8 

Very Low-exposure locations over-scheduled relative to the 

LSDF policy (I-L) 
0/4 4/4 

Note: These counts describe scheduling differences relative to the study-specific LSDF interval policy. They are not interpreted as false-

positive, false-negative, false-alarm or diagnostic-accuracy measures because the LSDF schedule itself defines the reference inspection inter-

vals. 

3.7. Economic Scope of the Inspection-policy 

Comparison 

The present analysis evaluates inspection scheduling and 

inspection-event frequency but does not undertake a full eco-

nomic optimisation. The LSDF-adjusted policy generated 62 

scheduled inspection events over the five-year analysis hori-

zon compared with 24 events under the uniform 36-month 

benchmark, representing an increase of 158.3%. This increase 

reflects the substantially shorter inspection intervals assigned 

to locations with higher degradation-exposure severity. 

A defensible economic assessment would require location-

specific inspection costs, mobilisation and access costs, mon-

itoring costs, failure-consequence estimates, avoided-loss 

benefits, discount rates and an explicit benefit-timing conven-

tion. These inputs were not available for the present twelve-

location dataset. Consequently, no NPV, ROI, payback-period 
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or net cost-saving claim is made. The present results therefore 

support an inspection-resource reallocation argument rather 

than an economic-benefit claim: greater inspection effort is di-

rected toward higher-severity locations, while Very Low-ex-

posure locations are inspected less frequently than would be 

required under the higher-severity schedules. 

4. Discussion 

4.1. Interpretation of Validation and 

Comparative-evaluation Results 

The results support a specific and bounded conclusion: the 

comparative analysis demonstrates that incorporating loca-

tion-specific degradation exposure produces differentiated in-

spection schedules relative to a uniform static benchmark 

within the twelve-location sample. The in-sample validation 

statistics (r=0.998, R2=0.993, RMSE=0.064 mm/yr, 91.7% 

classification accuracy) are strong, and classification accuracy 

under leave-one-location-out cross-validation was preserved 

at the same 91.7%; the more conservative indicator of likely 

out-of-sample performance is instead the LOLO-CV continu-

ous-error metrics (RMSE=0.073 mm/yr, MAE=0.062 mm/yr 

versus 0.064 and 0.055 mm/yr in-sample), which are reported 

here precisely so that degradation in fit is not obscured by the 

more favourable apparent-fit figures. Both sets of figures are 

legitimate and complementary: the in-sample statistics estab-

lish that the fitted relationship describes the twelve-location 

dataset well, while the cross-validated statistics estimate how 

that relationship is likely to generalise. 

The comparative-evaluation results (Section 3.5) show that 

the practical value of the LSDF-adjusted schedule lies in real-

locating inspection effort, not in reducing it: total inspection 

events increased by 158.3%, concentrated at Critical- and 

High-severity locations (Section 3.7). This is consistent with, 

and does not weaken, the framework's core safety rationale: 

risk-based inspection is intended to allocate inspection re-

sources according to risk rather than uniformly [1, 2], and 

eliminating both the over-scheduling of Very Low-exposure 

assets and the systematic under-scheduling of higher-severity 

assets relative to the LSDF policy (Table 14) is itself a mate-

rially significant integrity outcome, independent of any net 

cost claim. The present analysis therefore limits its economic 

scope to inspection-event arithmetic because unit inspection 

costs, mobilisation costs, monitoring costs, avoided-failure 

costs, discount rates and benefit timing were unavailable, so a 

full life-cycle economic model was not developed. 

This pattern of a corrosion/risk model whose comparative 

economic benefit depends on costed avoided-failure and in-

spection data that were not available for the present dataset 

which recurs in the broader risk-based maintenance literature: 

recent corrosion-growth-informed maintenance-decision 

models for subsea pipelines similarly separate the technical 

corrosion-progression and severity-classification result from 

the economic optimisation layer, which requires its own ex-

plicit cost inputs [14]. The present paper follows the same dis-

cipline by reporting the technical validation and comparative-

interval results in full while declining to report an economic 

figure that cannot be supported by the available data. 

4.2. Practical Engineering Significance 

The validated LSDF-to-RBI pathway is intended to inform, 

rather than replace, several established integrity-management 

activities: 

1) RBI inspection prioritisation — ranking assets for in-

spection scheduling within an API RP 580/581-based 

programme [1, 2]; 

2) NDT selection — the decision matrix (Table 4) links 

LSDF severity class to indicative inspection technique 

(e.g., ILI/MFL+UT and PAUT at Critical locations ver-

sus visual/spot-check UT at Very Low locations); 

3) cathodic-protection (CP) review — prioritising CP sur-

vey and remediation at high-LSDF, high-salinity/soil-

corrosivity locations; 

4) corrosion-control intervention — targeting inhibitor, 

coating or monitoring upgrades where the effective cor-

rosion rate is elevated; 

5) pipeline accessibility planning — informing logistics 

and access planning for locations with elevated accessi-

bility-related exposure scores; 

6) MIC surveillance — prioritising microbiological moni-

toring where MIC activity contributes materially to a lo-

cation's LSDF; 

7) security/vandalism monitoring — directing surveillance 

and community-engagement resources toward locations 

with elevated vandalism-frequency exposure; and 

8) maintenance-resource allocation — supporting a defen-

sible, auditable basis for allocating limited inspection 

and maintenance budgets across a heterogeneous asset 

population, consistent with International Organization 

for Standardization (ISO) 55001 asset-management re-

quirements [15]. 

In each case, the LSDF and its derived effective corrosion 

rate and inspection interval are presented as a decision-support 

layer complementing API-style RBI and existing fitness-for-

service and condition-based assessment practice, not as a re-

placement for them. Any application of the decision matrix in 

Table 4 remains subject to engineering review, current asset 

condition, failure-consequence assessment, inspection effec-

tiveness and applicable regulatory requirements. 

4.3. External Validity and Limitations 

First, the analysis is based on only twelve locations, and the 

same location-level dataset informed LSDF construction and 

internal model evaluation. Calibration/validation role separa-

tion and LOLO-CV reduce, but do not eliminate, dependence 

between model development and evaluation. Second, terrain-
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specific validation is limited by the small number of locations 

within each terrain class (n=4). Third, the study provides in-

ternal rather than external validation; broader multi-operator 

testing across a larger and more heterogeneous asset popula-

tion is required before predictive performance can be general-

ised beyond the present dataset. 

5. Conclusion 

This paper internally validated an LSDF-adjusted inspection 

pathway that converts an AHP-weighted Location-Specific 

Degradation Factor into an effective corrosion rate, an LSDF 

severity classification and a differentiated inspection interval, 

for twelve Niger Delta pipeline locations. Predicted-versus-ob-

served validation showed strong in-sample agreement (r=0.998, 

R2=0.993, 91.7% classification accuracy), independently cross-

checked by the authors; leave-one-location-out cross-validation 

preserved classification accuracy at 91.7% while giving a more 

conservative RMSE (0.073 mm/yr versus 0.064 mm/yr in-sam-

ple), providing a more defensible estimate of likely out-of-sam-

ple performance. Relative to a uniform 36-month static inspec-

tion benchmark, the LSDF-adjusted schedule reallocated in-

spection frequency according to location-specific exposure se-

verity, eliminating documented over-scheduling of Very Low-

exposure assets and under-scheduling of higher-severity assets 

relative to the LSDF policy, but increased total five-year inspec-

tion events by approximately 158%. No NPV, ROI or net cost-

saving claim is made, since location-specific inspection cost, 

avoided-failure benefit and discount-rate data were not availa-

ble for the twelve-location dataset. The framework is proposed 

as a decision-support layer that reallocates inspection effort ac-

cording to location-specific degradation exposure within, not 

instead of, established RBI practice, pending broader multi-op-

erator validation. 
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