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Executive Summary 
Corrosion imposes a significant threat to our aging transportation infrastructure, including 
bridges, highways, railroads, and a multitude of subsurface structures such as metallic culverts, 
drainage pipelines, reinforced soil structures, and metallic deep foundation systems that support 
our transportation network. The annual cost of corrosion for highway bridges in the US is 
estimated to be between $6.3 and $10.15 billion. Corrosion of buried steel remains one of the most 
insidious challenges due to the uncertainty associated with its estimates. This uncertainty grows 
exponentially with time, making corrosion estimates in the long-term challenging for 
transportation asset management, especially since buried steel structures cannot be inspected
visually. 

Recently, the National Academies of Sciences, Engineering, and Medicine (NASEM) published 
a report in 2023 titled “Corrosion of Buried Steel at New and In-Service Infrastructure,” documenting
the research gap in modeling and estimating corrosion of buried steel. The report emphasizes the 
urgent need for conducting further investigations to improve the current outdated corrosion 
models, which were developed primarily using data from the 1950s. Improving our understanding 
of long-term corrosion and our ability to quantify such corrosion based on the continuously varying 
subsurface environment will be of great assistance to engineers in evaluating the service life of 
existing underground steel transportation structures, as well as in the future design of new 
structures. 

While significant advancement has been made to understand the effect of the various corrosion 
parameters on soil corrosivity, there is a lack of a comprehensive understanding of how these factors 
collectively contribute to corrosion as they vary simultaneously and continuously with time (Morsy 
& Ebo, 2025). This research aimed to evaluate soil resistivity and corrosivity, considering the 
various key parameters that contribute to corrosion of buried steel. Three studies were completed
and documented in this report: 

• Element-Scale Soil Resistivity Testing in Controlled Constant Conditions. This is an 
experimental study that aimed to evaluate soil resistivity in controlled, constant conditions. 
This study involved devising a new experimental protocol that was evaluated for its ability 
to produce repeatable results. An experimental program was devised and implemented to 
evaluate the effect of testing parameters known to be the most relevant in soil corrosivity 
by varying one parameter at a time. The results of the testing program showed the potential 
of the experimental approach to provide the necessary data to develop empirical prediction 
models for soil resistivity. The influence of each parameter was evaluated separately. Soil 
resistivity was observed to decrease with increasing soil moisture, chloride content, sulfate 
content, acidity, alkalinity, and soil temperature. 
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• Element-Scale Soil Resistivity Testing in Controlled Variable Conditions. This is a pilot
experimental study that aimed to evaluate soil resistivity in controlled, variable conditions. 
This study involved devising and piloting a new experimental method capable of capturing 
the variation in soil resistivity in a continuously varying environment. The results indicated 
great potential for the proposed experimental approach to provide data necessary to 
calibrate soil resistivity prediction models in a continuously varying environment 
representative of field conditions. 

• Analysis of the NBS Romanoff Corrosion Dataset. This is a data analysis study that aimed 
to evaluate the corrosion of buried steel using advanced data science methods. This study 
presented a comprehensive framework for predicting underground corrosion of uncoated 
ferrous materials using a supervised machine learning approach based on the ExtraTrees 
algorithm. Through data curation from the NBS Romanoff (1957) corrosion program and 
structured model validation using site-exclusive nested cross-validation, the model 
achieved consistent performance transferable to unseen sites. 
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1. Introduction and Background 
The annual costs associated with metallic corrosion in the US are estimated to range from 3 to 4% 
of the GDP and account for $2.5 trillion of the global GDP (Koch, 2017). The annual cost of 
corrosion for highway bridges in the US is estimated to be between $6.3 and $10.15 billion, as per 
the American Galvanizing Association (AGA). Replacing corroded steel can be quite costly; for 
example, the Los Angeles Department of Water and Power developed a $1.34 billion plan to 
replace 435 miles of deteriorating pipelines over 10 years (NASEM, 2023, citing LADWP Water 
Infrastructure Plan). According to Caltrans Transportation Asset Management (TAMP, 2022), 
one of the main reasons for drainage system replacement is deterioration, typically because of 
corrosion among other reasons. 

1.1 Overview of the Problem 

Corrosion of buried steel remains one of the most insidious challenges due to the uncertainty 
associated with its estimates. This uncertainty grows exponentially with time, making corrosion 
estimation in the long term quite challenging, especially with buried steel and steel structures 
which cannot even be monitored visually. Improving our understanding of long-term corrosion 
and improving our ability to quantify such corrosion will be of great assistance to engineers in 
evaluating the service life of existing underground steel structures, as well as in the future design 
of new structures. A vast number of transportation infrastructure features will benefit from the 
outcomes of this research, including reinforced soil retaining walls (e.g., mechanically stabilized 
earth walls, soil nail walls, anchored walls, sheet-pile walls), steel deep foundations (e.g., H-piles, 
pipe piles, sheet piles), steel culverts, steel pipelines, underground reservoirs, and several other 
underground ancillary metallic structures. 

Although time is not itself a corrosive parameter, it has been widely used to quantify cumulative 
corrosion of metals buried in corrosive environments. Cumulative corrosion of buried steel has 
typically been estimated as a function of time using a power law, as follows: � = �. �!, where � 
is the average corrosion thickness loss, � is a coefficient that depends on soil corrosivity, t is the 
time, and � is a time exponent (Romanoff, 1956; Bastick & Jallioux, 1992; Elias et al., 2009; 
Fishman &Withiam, 2011; Fishman et al., 2021; NASEM, 2023). A number of predictive models 
were developed to evaluate the corrosion of buried steel (Stuttgart, 1980; Darbin, 1988; Elias et 
al., 1990; Fishman & Withiam, 2011). These models were developed to be used in the design of 
new structures and are deemed overly conservative to account for the uncertainties associated with 
corrosion and its progression with time. However, it may be impractical to use such overly
conservative models for the evaluation of reinforcement corrosion in existing, aging structures for 
asset management purposes. Moreover, current corrosion models were developed to provide
predictions of reinforcement corrosion as a function of time for fills having characteristics that are 
deemed mildly corrosive and drainable. 
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While significant advancement has been made to understand the effect of the various corrosion 
parameters on soil corrosivity, there is a lack of a comprehensive understanding of how these factors
collectively contribute to corrosion as they vary simultaneously and continuously with time (Morsy 
& Ebo, 2025). Through unique and comprehensive experimental and analytical approaches, this 
study aimed to assess the corrosion of steel structures buried in soil with a focus on steel structures 
integral to transportation infrastructure, such as reinforced soil retaining walls (e.g., mechanically 
stabilized earth walls, soil nail walls, sheet-pile walls), steel deep foundations (e.g., H-piles and 
pipe piles), steel culverts, steel pipelines, and underground reservoirs. 

1.2 Research Objectives 

This research aimed to evaluate soil resistivity and corrosivity, considering the various key 
parameters that contribute to corrosion of buried steel. The research objectives included the 
following: 

• Evaluating soil resistivity in controlled, constant conditions. This study involved devising 
a new experimental protocol, developing and implementing a comprehensive experimental 
program by varying one testing parameter at a time. This approach allowed evaluating the 
influence of each parameter on soil resistivity separately. 

• Evaluating soil resistivity in controlled, variable conditions. This study involved devising 
and piloting a new experimental method capable of capturing the variation in soil resistivity 
in a continuously varying environment. 

• Evaluating corrosion of buried steel using advanced data science methods. This study
involved compiling and curating a digital database of field corrosion measurements and site 
parameters. The database was used to devise a prediction model capable of predicting
corrosion of underground steel with a prescribed uncertainty tolerance. 

1.3 Report Organization 

This report consists of five sections: 

• Section 1. Introduction and Background. This section presents an overview of the problem 
and research questions, research aim and objectives, and report organization. 

• Section 2. Element-Scale Soil Resistivity Testing in Controlled Constant Conditions. This 
section presents an experimental study aimed at evaluating the soil resistivity in controlled,
constant conditions through a comprehensive experimental program by varying one testing 
parameter at a time. 
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• Section 3. Element-Scale Soil Resistivity Testing in Controlled Variable Conditions. This 
section presents a pilot experimental study aimed at evaluating the soil resistivity in 
controlled, variable conditions through a new experimental method capable of capturing 
the variation in soil resistivity in a continuously varying environment. 

• Section 4. Analysis of the NBS Romanoff Corrosion Dataset. This section presents a data 
analysis study aimed at evaluating the corrosion of buried steel using advanced data science 
methods. 

• Section 5. Summary and Conclusions. This section presents a summary of the completed 
studies and the conclusions drawn from them. 
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2. Element-Scale Soil Resistivity Testing in Controlled
Constant Conditions 

An experimental study was conducted to evaluate soil resistivity in controlled, constant conditions. 
This study involved devising a new experimental protocol, developing and implementing a 
comprehensive experimental program by varying one testing parameter at a time. 

2.1 Testing Parameters 

Corrosion rates are governed by the electrical conductivity of the soil in which the metallic 
structures are buried (Nicks et al., 2017; Bronson et al., 2020; Kolay et al., 2020). Electrical 
conductivity, which is the inverse of resistivity, primarily depends on soil moisture, concentration 
of soluble salts (chlorides and sulfates), and pH value (Elias et al., 2009). Soil resistivity has a direct 
relationship with the electrical currents generated during the corrosion reactions. Soil resistivity 
can be evaluated in the lab through an index test that measures the minimum soil resistivity
according to an AASHTO test standard (AASHTO T 288). The minimum soil resistivity
obtained experimentally is indicative of the soil corrosivity and can be used as a metric, along with 
other metrics, to evaluate soil corrosivity in practice. The key factors governing soil resistivity (and 
soil corrosivity) can be summarized as follows: 

2.1.1 Soil Moisture 

Soil moisture is a key element for corrosion of buried metals as it forms the electrolyte necessary 
for the corrosion-related chemical reactions to take place. Corrosion rate increases with increasing 
soil moisture content up to a critical level, beyond which corrosion rate decreases with further 
increasing moisture content (Gupta & Gupta, 1979; Noor & Al-Moubarki, 2014; Wasim et al., 
2018; Ezuber et al., 2021; Liu et al., 2023) due to the decrease in the air content and the oxygen 
supply necessary for corrosion to take place. The critical moisture content has been reported in the 
literature to range from 10 to 30% based on several studies that involved a range of soils. Gupta 
and Gupta (1979) reported that the critical soil moisture content can be approximated to 65% of 
the soil field capacity (i.e., water holding capacity). 

2.1.2 Chlorides and Sulfate Contents 

Corrosion rates increase with increasing soil salts content (Romanoff, 1956; Bastick & Jailloux, 
1992). Ions of chloride and sulfate salts are particularly classified as aggressively corrosive ions. 
Chlorides destroy the protective rust-stable film of metals, exposing the metal surface to further 
corrosion reactions. Sulfates are considered to be less corrosive compared to chlorides unless 
anaerobic sulfate-reducing bacteria exist. Bastick and Jailloux (1992) reported that chlorides and 
sulfates have a similar effect on corrosion rates up to concentrations of 100 ppm. For 
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concentrations higher than 100 ppm, the effect of the chlorides on the corrosion rate becomes 
much higher than that of sulfates. 

2.1.3 pH Value 

Corrosion rates decrease as pH increases in acidic environments and increase as pH increases in 
alkaline environments (Rossum, 1969; Mughabghab & Sullivan, 1989). Corrosion progression is 
generally high in neutral and acidic environments (Shreir et al., 1994; Roberge, 2000). Corrosion 
progression slows down at relatively high pH values, where metal oxides are stable because the 
spontaneous formation of oxides can provide protection (in the form of rust scales) to the 
underlying metal (NASEM, 2023). 

2.1.4 Soil Temperature 

Corrosion rates generally increase with increasing temperature up to a critical level, beyond which 
corrosion rates decrease with increasing temperature due to the decrease in oxygen solubility in 
water (Davalos et al., 1992; NASEM, 2023). Maximum corrosion rates have been reported to 
typically occur at 70oC (NASEM, 2023). 

2.2 Testing Materials 

The materials used in this experimental program include clean, uniform sand, deionized water, 
salts, and pH buffer solutions. All materials were processed and handled in a manner that ensured 
consistent test conditions across the experimental program. 

2.2.1 Soil Environment 

The soil used in the experimental program was a commercial standard sand that conforms to 
ASTM C33. This sand was selected for its insignificant fines content, uniform gradation, and 
homogeneity. Additionally, this sand is consistent with typical sands used as select fills in many 
infrastructure applications. The soil has a specific gravity, GS, of 2.62 (ASTM D854), a maximum 
void ratio, emax, of 0.728 (ASTM 4254 Method A), and a minimum void ratio, emin, of 0.437 
estimated based on a correlation with emax for comparable sands (Cubrinovski & Ishihara, 2002). 
The maximum dry unit weight of the soil is 18.1 kN/m3 per Standard Proctor test (ASTM D698), 
which corresponds to an optimum moisture content of 13.7% (equivalent to a degree of saturation 
of 85%). 

Before use, the sand was processed to minimize the impact of its minerals on the results of the soil 
resistivity tests. Although the fines content in this sand is insignificant, the sand was washed on a
No. 200 sieve to remove any fine particles. The sand was then soaked overnight and rinsed 
repeatedly using deionized water for several days to reduce any native minerals. The concentrations 
of chlorides and sulfates in the soaking water were measured every day after soaking and before 
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rinsing using photometers. For the soil used in this study, these concentrations of chlorides and 
sulfates dropped to insignificant levels after 7 days of repeated soaking and rinsing. The 
concentrations of chlorides and sulfates from the native soil minerals dropped from 21 mg/L to 
3.5 mg/L for chlorides and from 39 mg/L to 1.0 mg/L for sulfates. Notably, the accuracy of the 
photometers used to measure chlorides and sulfates was ±0.5 mg/L (±6% of reading) and ±5 mg/L 
(±3% of reading), respectively. The cleaned sand was then oven-dried and stored in sealed 
containers. 

2.2.2 Deionized Water 

The water used to hydrate the soil to the desired degree of saturation before each test was 
conditioned to a target specific porewater chemistry. This was achieved by using deionized water 
conditioned to target pH value and concentrations of chlorides and sulfates. The deionized water 
was also used as the baseline porewater in the baseline control testing series to evaluate the 
influence of varying each corrosion parameter independently. 

2.2.3 Chloride and Sulfate Salts 

Sodium Chloride (NaCl) and Sodium Sulfate (Na2SO4) food-grade salts were used to control the 
concentrations of chlorides (Cl–) and sulfates (SO4

2–) in the porewater. Salt dosages were measured 
using a precision scale with a resolution of 0.0001 g. Porewater solutions were prepared at varied 
concentrations as per the designed testing matrix. 

2.2.4 pH Buffers 

Laboratory-grade nitric acid (HNO3) and caustic soda (NaOH) were used as buffer solutions to 
offset the pH value of the porewater to varied levels of acidity and alkalinity. The pH values of the 
prepared solutions were verified using a soil pH tester with ±0.05-pH accuracy and pH indicator 
papers. Porewater solutions were prepared at varying pH levels, ranging from pH 1.15 to pH
14.00, as per the designed testing matrix. 

2.3 Experimental Approach 

Based on the selected parameters and ranges, an experimental program was developed using a 
one-factor-at-a-time (OFAT) approach to evaluate the effect of each testing parameter over its 
practical range with a minimum number of experiments. This approach facilitates conducting
experiments necessary to derive an empirical relationship between corrosion of buried steel and 
corrosive environment variables (i.e., corrosion parameters). The testing process involved three 
main stages: sample preparation, resistivity measurement, and data curation. 
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2.3.1 Sample Preparation 

The sample preparation for the soil resistivity testing involved mixing a conditioned porewater 
solution with an oven-dried soil sample to a target degree of saturation. To account for the 
variability in sample preparation, the soil water content was measured after mixing. This allowed 
record-keeping of the actual water content of each tested sample in the experimental program, 
which could have deviated slightly from the target water content during sample mixing. 

The sample was then placed in the soil resistivity box and compacted to a target dry unit relative 
density. The target relative density was 40%, which corresponds to a dry unit weight of 16 kN/m³ 
(equivalent to 88% of the maximum dry unit by the Standard Proctor test). The corresponding 
target void ratio was 0.61. To account for the variability in sample preparation, the unit weight 
was measured after sample compaction. This allowed record-keeping of the actual relative density 
of each tested sample in the experimental program, which could have slightly deviated from the 
target relative density during sample compaction. The void ratio of the samples prepared in this 
experimental program was maintained between 0.60 and 0.62 (i.e., target void ratio 0.61±0.01). 

After each soil resistivity test, the soil temperature of the sample was recorded. The average soil 
temperature across the tests in the experimental program was 20 °C, except for the testing series 
where soil temperature was varied. 

2.3.2 Soil Resistivity Measurement 

Soil resistivity was measured using a benchtop resistivity meter based on the Wenner 
four-electrode method (ASTM G57). The soil box that contained the soil and the four electrodes 
was 2.7×105 mm³ in volume with a cross-sectional area of 1280 mm² (40 mm by 32 mm). The 
voltage pin separation length was 128 mm. 

2.4 Experimental Program 

The testing matrix was developed to ensure a systematic variation of key corrosion parameters: soil 
moisture content, pH level, chloride and sulfate concentrations, and soil temperature. The 
experiments presented in this section were conducted at controlled, constant conditions where all 
corrosion parameters were held constant throughout the testing duration. For each test, the soil 
resistivity was measured using a four-electrode measurement system. A total of 307 tests were 
completed to evaluate the effect of each testing parameter on soil resistivity. 

The moisture content was varied from 2% to 24% (gravimetric basis), chloride concentrations 
ranged from 0 to 500 mg/L, and sulfate concentrations ranged from 0 to 500 mg/L. pH levels 
were adjusted between 1.15 and 14.00, while temperature was monitored across 4 °C to 70 °C. 
The full sequence of sample preparation, parameter control, and testing procedures is summarized 
in Figure 1, outlining the workflow followed across all experimental series. 
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Figure 1. Soil Resistivity Experimental Program 

2.5 Results and Analysis 

The results from the experimental program are presented and analyzed in six separate series. Each 
series isolates a single parameter while holding all other conditions constant to evaluate the direct 
influence of the varied parameter on the soil resistivity. 

2.5.1 Repeatability Assessment Series 

To evaluate the repeatability of the experimental procedure, three testing sets (a total of 30 soil 
resistivity tests) were repeated. The results indicated good repeatability, confirming the suitability 
of the devised experimental procedure for conducting the experimental program involved in this 
study. 

2.5.2 Baseline Series 

In the baseline series, deionized water was used to condition the soil at varied degrees of saturation. 
The results indicate an inverse relationship with gravimetric moisture content, as shown in 
Figure 2. The sensitivity of soil resistivity to water content is much higher in drier soils (film and 
capillary water) than in wetter soils. 
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Figure 2. Baseline Soil Resistivity vs. Gravimetric Water Content 

2.5.3 Chloride Content Series 

As shown in Figure 3, increasing NaCl concentration resulted in a notable reduction in soil 
resistivity at all moisture levels. Soil resistivity exhibits a nonlinear decline with increasing chloride 
concentration. 
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Figure 3. Effect of Chloride Content on Soil Resistivity: (a) Soil Resistivity vs. Gravimetric 
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2.5.4 Sulfate Content Series 

As presented in Figure 4, increasing Na2SO4 concentration resulted in a reduction in soil resistivity 
at all moisture levels. Soil resistivity exhibits a nonlinear decline with increasing sulfate 
concentration. The effect of the sulfate concentration on soil resistivity was comparable to that of 
the chloride concentration. 

2.5.5 pH Value Series 

The relationship between soil resistivity and pH levels was evaluated under controlled moisture 
conditions, as shown in Figure 5. The study covered a full pH range from 1.15 (highly acidic) to 
14.00 (highly basic). The results indicated a drop in soil resistivity with decreasing pH value in the 
acidic range (below 7) or with increasing the pH value in the alkaline range (above 7). The effect 
of pH was higher in the acidic range than in the alkaline range. It was also observed from the data 
that the effect of the pH value on soil resistivity increases with increasing soil moisture. 
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2.5.6 Soil Temperature Series 

The influence of soil temperature on resistivity was examined across a range of 20–50 °C at three 
different saturation levels: 10%, 50%, and 100%, as shown in Figure 6. The results indicate that 
the soil resistivity decreases with increasing temperature. Unlike other parameters, no effect was 
observed for soil moisture on the dependency of the soil resistivity on the soil temperature. A few 
tests were conducted at elevated temperatures between 50–75 °C. Those data may not be practical 
for the applications discussed herein. However, the results indicated a sudden reduction in soil 
resistivity above 65 °C. Such a change in trend has been observed and reported by Wen et al. (2020)
for yellow soil at about 80 °C. 

Figure 6. Effect of Soil Temperature on Soil Resistivity 
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3. Element-Scale Soil Resistivity Testing in Controlled
Variable Conditions 

Following the tests from Section 2, a pilot testing setup was devised to monitor changes in soil 
moisture and resistivity under simulated rainfall events. The setup aimed to evaluate the suitability 
of the controlled constant tests (Section 2 of this report) in producing data that could be used to 
predict the soil resistivity variation in a soil environment with continuously varying moisture, 
representative of field conditions. 

3.1 Testing Setup 

A custom 3D-printed test box, of the same size as that specified by the ASTM G57, was designed 
to allow for controlled water infiltration and percolation. A programmable micro-pump was used 
to control the water infiltration rate and schedule. The bottom of the box was perforated to allow 
for percolation. The setup involved sensors to monitor the soil moisture, soil temperature, and 
ambient humidity. A capacitive soil moisture sensor was used to measure dielectric changes in the 
soil based on the principle of a parallel plate capacitor and Gauss’s Law. The sensor was calibrated 
against the Miller 400D soil resistivity meter. An Arduino Nano microcontroller was used to 
collect and synchronize data from all sensors. A microSD card module was integrated to store 
time-stamped multivariable readings at 2-second intervals throughout the test duration. 

3.2 Experimental Approach 

A pilot test was conducted using the standard soil used in this study, compacted to the same target 
void ratio of 0.61 and fully saturated with deionized water. The water was applied using the 
micropump at a rate of 1000 mL/min. Two hypothetical rainfall scenarios (for pilot testing 
purposes) were applied at set intervals to simulate heavy and moderate wetting events, as shown in 
Figure 7. The first scenario simulated a heavy rain event, delivered in three 5-second cycles. This 
provided the required amount of water to saturate the soil. The second scenario simulated a light
rain event, applied 10 hours after the first event, using two 3-second cycles. No changes were made 
to the water chemistry (i.e., the only variable in this pilot test was the soil moisture). 
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Figure 7. Rain Simulation Pulses Used in the Pilot Test. 

3.3 Pilot Results and Analysis 

Figure 8 presents the soil resistivity measurements with time. The soil resistivity rises from its value 
at saturation to lower values as the soil drains. A spike in the soil resistivity was observed during 
the second infiltration event. Figure 8 also shows three soil resistivity values at water contents of 
10, 12, and 23% obtained from the controlled constant conditions tests (Section 2 of this report). 
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4. Analysis of the NBS Romanoff Corrosion Dataset 
This study re-examined the Romanoff (1957) corrosion dataset of the National Bureau of 
Standards (NBS) through a contemporary data science framework. A unified, digitized database 
was constructed and a generalizable machine learning model was developed for site-level prediction 
of corrosion mass loss. 

4.1 Curation of the Romanoff (1957) Corrosion Database 

This research focused only on the corrosion of uncoated ferrous materials; therefore, only relevant 
data were compiled into the database, which are included in Tables 6, 10, 13, 14, 15, 21, 27, and 
29 of the NBS report (Romanoff, 1957). Specifically, site-level soil chemistry and environmental 
attributes were obtained primarily from Table 6. This was supplemented with soil texture, 
organic/inorganic classification, redox condition, and aeration from Tables 7, 9, and 19. 
Additionally, the Thornthwaite Moisture Index (TMI) was derived using site information to 
capture climatic variability, which correlates with near-surface soil moisture patterns. Material-
specific metallurgical and geometric properties were obtained from Table 10, which required
normalization and the creation of a unique Material ID to resolve non-unique specimen symbols 
and ensure consistent relational joins within the database. Corrosion outcomes were sourced from 
Tables 13, 14, 15, 19, 21, and 27, documenting weight loss (oz/ft²) as a function of site, material, 
and exposure duration, with an explicit “specimen status” field added to identify destroyed 
specimens. 

Data from all tables were integrated using Site Number and Material ID to form specimen–site–
year records, including soil, environmental, material, and performance variables. Feature selection 
emphasized variables with clear physical relevance to corrosion processes, adequate completeness 
across sites, and compatibility with site-exclusive model validation, while excluding identifiers and 
artefacts not expected to generalize. A summary of the database parameters is presented in Table 
1 of this report. 
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Table 1. Parameters Curated in the Corrosion of Buried Steel Database. 

NBS Report
Table No. 

Data Curated 

Table 6 Site Number, Soil, County, State, Internal Drainage, Resistivity at 60 oF (Ohm-cm), 
pH Value, Total Acidity, {Na+K as Na, Ca, Mg, CO3, HCO3, Cl, SO4} (mg-eq/100g 
of soil), Temperature (oF), Annual Precipitation (inches), Moisture Equivalent (%), 
Air-pore space (%), Apparent Specific Gravity, Volume Shrinkage (%) 

Table 7 Site Number, Depth (inches), Sand (%), Clay (%), Silt (%) 
Table 9 Inorganic/Organic Soils, Oxidizing/Reducing Soils 
Table 10 Material, Symbol, Year, Number of specimens, Form, Width or Diameter, Length,

Thickness, C (%), Si (%), Mn (%), S (%), P (%), Cr (%), Ni (%), Cu (%), Mo (%), 
Other Elements, C Free (%), C Combined (%) 

Tables 13, 14,
15, 19, 21, 27 

Site Number, Soil Type, Year, Duration, Material Name, Type, Material ID, Material
Code, Weight Loss in oz/ft2 

4.2 Feature Selection for Model and Data Preprocessing 

Feature selection was guided by three primary considerations: (i) physical and chemical relevance 
to underground corrosion processes, (ii) data availability and completeness across sites, and (iii) 
suitability for robust generalization under a site-exclusive validation framework. Emphasis was 
placed on variables with plausible causal influence on corrosion behavior, while avoiding features 
that primarily served as identifiers, proxies, or artifacts of the original experimental design. Table 2
provides a summary of the selected features, their sources, assumptions made, and any
preprocessing they underwent during curation. Figure 9 presents the statistical distributions of the 
model features to show the range and distribution uniformity of each feature in the database. 
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Table 2. Selected Features Used in Developing the Machine Learning Model for Corrosion of 
Buried Steel Prediction 

Feature Source Physical / Modelling Assumption Pre-processing 

Corrosion 
weight loss
(target) 

NBS Tables 13,
14, 15, 19, 21,
27 

Intact-specimen mass loss represents 
cumulative underground corrosion 
damage 

Converted from oz/ft² 
to g/m²; log-
transformed 

Exposure
duration 

NBS Tables 13,
14, 15, 19, 21,
27 

Corrosion accumulates over time;
duration captures temporal effects 
more directly than calendar year 

Converted from years
to days 

Soil resistivity NBS Table 6 Primary electrochemical control on
corrosion rate; highly nonlinear 
influence 

Log-transformed 

Soil pH NBS Table 6 Governs soil acidity/alkalinity and 
corrosion thermodynamics 

None 

Internal 
drainage 

NBS Table 6 Proxy for soil aeration, moisture
movement, and oxygen availability 

Ordinal encoding (VP 
= 0, P = 1, F = 2, G = 
3) 

Chloride (Cl⁻) NBS Table 6 Increases soil conductivity and 
promotes aggressive corrosion 

None 

Sulfate (SO₄²⁻) NBS Table 6 Influences conductivity, buffering, and
corrosion kinetics 

None 

Carbonate 
(CO₃²⁻) 

NBS Table 6 Contributes to alkalinity and buffering
capacity 

None 

Bicarbonate 
(HCO₃⁻) 

NBS Table 6 Regulates soil buffering and corrosion
chemistry 

None 

Phosphorus (P) NBS Table 10 Alloying element affecting corrosion
resistance 

None 

Chromium (Cr) NBS Table 10 Promotes passivation and corrosion 
resistance 

None 

Nickel (Ni) NBS Table 10 Enhances corrosion resistance and 
alloy stability 

None 

Copper (Cu) NBS Table 10 Improves corrosion resistance in
ferrous alloys 

None 

Molybdenum
(Mo) 

NBS Table 10 Increases resistance to localized 
corrosion 

None 

Thornthwaite 
Moisture Index 
(TMI) 

ArcGIS TMI-
1974 Map by 
Olaiz et al. 
(2017) 

Integrated indicator of long-term 
climatic moisture controlling soil
wetness 

Nearest-neighbor
spatial assignment 

Site number 
(grouping only) 

NBS Table 6 Enforces site-exclusive validation and 
prevents data leakage 

Used only for
GroupKFold CV 
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Figure 9. Statistical Distributions of the Model Features Based on Data from Romanoff (1957) 
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4.3 Development of Prediction Model 

Modeling decisions were shaped by three primary constraints: (1) substantial and uneven 
missingness across features and sites; (2) strongly nonlinear and multicollinear relationships among 
soil chemistry, environmental conditions, and alloying elements; and (3) the requirement for 
generalization to unseen sites. Given the substantial proportion of missing data within the dataset, 
tree-based ensemble methods were identified as the most suitable modeling approach as they are 
intrinsically resilient to missing values and multicollinearity and do not necessitate extensive 
feature scaling or transformation. In particular, scikit-learn’s ExtraTreesRegressor incorporates 
missing values directly within the tree-construction process rather than requiring prior imputation. 
This integrated handling of incomplete observations eliminates the need for external imputation 
procedures and enables the model to learn from the observed data distribution without artificially 
modifying feature values. 

Several supervised learning algorithms were evaluated, including Random Forest, XGBoost, 
and LightGBM. The ExtraTrees regressor (Breiman, 2001; Geurts et al., 2006; Chen & Guestrin, 
2016) was eventually selected for its ensemble-based architecture, resilience to multicollinearity,
and capability to capture complex nonlinear interactions without requiring extensive feature scaling 
or transformation. To approximate real-world use across new geographies, site exclusivity was 
enforced using a nested GroupKFold design (Pedregosa et al., 2011; Roberts et al., 2017), with 
inner folds performing a randomized hyperparameter search and outer folds providing unbiased 
estimates on entirely unseen sites. All models were developed with a fixed random seed (SEED = 
42) to ensure full reproducibility of results. 

4.3.1 Training and Validation 

Model development and validation were conducted using a nested 5-Fold cross-validation (CV) 
framework to ensure rigorous and unbiased estimation of model generalization across distinct 
sampling sites. The grouping variable “site no.” was used to prevent data leakage between the 
training and testing folds, thereby ensuring that all samples originating from a given site were 
exclusively included in either the training or testing subset. This approach was designed to simulate 
real-world prediction scenarios where the model encounters data from entirely unseen sites. 

The outer loop of the nested CV (five folds) was used for the final model evaluation, whereas the 
inner loop (four folds) was used for hyperparameter optimization via randomized search. 
Sixty candidate parameter combinations were sampled from predefined search spaces, covering key 
model parameters such as tree depth, number of estimators, and feature sampling strategies. 

4.3.2 Feature Importance 

Feature importance was quantified using permutation importance (Breiman, 2001; Fisher et al.,
2019) based on the ExtraTrees regressor, with results expressed as percentages for interpretability, 
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as shown in Figure 10. For each outer test fold within the nested GroupKFold framework 
(grouped by site), each feature was permuted independently on the hold-out dataset, and the 
corresponding decrease in model performance (ΔR²) was recorded. The ΔR² values were then 
averaged across all folds to produce a global importance score for each feature. These aggregated 
values were subsequently normalized to percentages summing to 100% to compare the relative 
contributions of model features. 

In this formulation, a higher percentage denotes a greater reduction in predictive performance 
when the corresponding feature is randomized, indicating stronger model dependence on that 
variable. Conversely, lower percentages reflect features with minimal or redundant predictive
influence. These values represent relative importance with respect to model generalization across 
unseen sites. 

Figure 10. Prediction Model Feature Importance 

4.3.3 Model Evaluation 

Model performance was assessed using the outer test folds of a nested GroupKFold
cross-validation framework, in which all observations from a given site were held out together.
This site-exclusive design provides an unbiased estimate of generalization performance for 
previously unseen sites, consistent with the intended deployment scenario. 
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Across five outer folds, the ExtraTrees regressor achieved a mean coefficient of determination of 
approximately 0.60 in log-space, indicating that about 60% of the variance in log-transformed 
corrosion weight loss is explained for unseen sites. Performance showed moderate fold-to-fold 
variability, reflecting genuine heterogeneity among sites rather than overfitting. The log-scale 
RMSE corresponds to a typical multiplicative prediction error of approximately 1.9 (i.e.,
predictions are generally within a factor of two of observed values). Table 3 summarizes the 
aggregated performance metrics across outer folds. 

Table 3. Summary of the Aggregated Performance Metrics Across Outer Folds. 

Metric Mean ± Standard Deviation 
R² (log-space) 0.605 ± 0.100 
Adjusted R² (log-space) 0.600 ± 0.101 

RMSE (log-space) 0.616 ± 0.106 
RMSE (grams) 1735.74 ± 438.87 

The predicted-versus-measured plot (Figure 11) shows a strong positive correlation along the 1:1 
line, demonstrating that the model captures the dominant structure of the data and generalizes 
across geographically distinct sites. However, the scatter plot shows systematic regression-to-the-
mean behavior, where corrosion losses at the lower end of the range are overpredicted, while 
extreme losses are underpredicted. This pattern indicates increasing uncertainty at the tails of the 
response distribution and that the model is most reliable within the central range of observed 
corrosion severity. 
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Figure 11. Predicted vs. Measured Corrosion Weight Loss 

The residual distribution plot (Figure 12) further characterizes model uncertainty. Residuals in 
log-space are approximately symmetric and centered near zero, with a slightly positive mean bias. 
A fitted normal distribution provides an approximation for uncertainty quantification, allowing 
estimation of exceedance probabilities relative to specified tolerance or failure thresholds. The 
shaded area to the left of this boundary represents the Probability of Failure (PoF = 0.14), meaning 
that about 14% of model predictions on unseen sites are expected to underpredict the true corrosion 
by more than one standard deviation. Overall, the model is nearly unbiased but exhibits enough 
variability that a non-negligible fraction of predictions fall into the defined failure region. 

M I N E T A  T R A N S P O R T A T I O N  I N S T I T U T E  8 



 

   

 

 

 
 

   

 

 
  

    
  

  

0.054 

0.6 SD (o): 0.623 
PoF: 0.139 

0.5 

>, -iii 0.4 C 
QJ 
Cl 
>, 
~ 0.3 
:.0 
"' .::, 
0 ... 
0.. 0.2 

0.1 

0.0 

-2 -1 0 
Residual (log-scale) 

1 

Failure boundary= -lo 
Mean residual (µ) 

2 

Figure 12. Corrosion Model Prediction Residual Distribution 

Overall, the nested, site-exclusive evaluation demonstrates that the ExtraTrees model could 
provide stable and generalizable predictions under realistic conditions. While conservative at the 
extremes, its consistent performance across unseen sites supports its applicability for site-level 
inference and large-scale predictive mapping of underground corrosion risk. 

4.4 Impact of Individual Features 

To understand the individual impact of the features, ceteris paribus analysis was used, where all 
variables except the one being examined are held fixed at benchmark values (Table 4). The 
benchmark values were chosen as the median of each feature across the dataset. The median is 
preferred because many environmental and soil composition variables are skewed 
and contain outliers; using the median provides more realistic estimates that are less sensitive to 
extreme values. This allows the model to respond to the variable of interest to be interpreted as a 
local effect under typical conditions, rather than under an unrealistic or outlier scenario. 
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Table 4. Feature Benchmark Values Used in the Evaluation of Individual Feature Impacts 

Feature Benchmark 
Bicarbonate (mg-eq/100 g of soil) 0.71 
Carbonate (mg-eq/100 g of soil) 0.0 
Chloride (mg-eq/100 g of soil) 0.4 
Chromium (%) 1.96 
Copper (%) 0.22 
Molybdenum (%) 0.15 
Nickel (%) 0.22 
Phosphorus (%) 0.098 
Sulfate (mg-eq/100 g of soil) 2.13 
Internal Drainage Fair 

4.4.1 Impact of pH Value 

Figure 13 shows the model prediction of the pH value effect on weight loss. Predicted corrosion 
decreases with increasing pH in acidic conditions (pH < 7), reaches a minimum near neutral 
conditions (pH = 7), and increases with increasing pH in alkaline conditions (pH > 7). This 
behavior suggests that the model captures the expected effect of pH on corrosion. Acidic soils 
promote corrosion through increased proton availability, whereas more alkaline soils 
often contain higher concentrations of dissolved salts and mobile ions which improve electrical 
conductivity and allow corrosion currents to flow more readily (Romanoff, 1957). 
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Figure 13. Model Prediction of the pH Value Effect on Weight Loss 

Duration = 7.2 years; TMI = 26.39; ρ = 1271 Ohm-cm; 
Sulfates = 2.13 mg-eq/100 g; Chlorides = 0.4 mg-eq/100 g. 

4.4.2 Impact of Moisture Index 

Figure 14 shows the model prediction of the moisture effect on weight loss. The relationship 
between the Thornthwaite Moisture Index (TMI) and the predicted corrosion initially appears to 
contradict established corrosion theory, which generally associates increasing moisture availability 
with increased corrosion activity. However, this apparent inconsistency arises from the 
interpretation of the TMI and from the interaction of moisture with other controlling soil 
properties. TMI represents a long-term climatic moisture balance derived from precipitation and 
potential evapotranspiration and does not directly quantify soil moisture conditions at 
the specimen burial depth. Consequently, low TMI values should not be interpreted as uniformly 
dry environments at the specimen-soil interface. 

Analysis of the dataset indicates that locations with very low TMI values (−100 to −60) are 
associated with substantially lower soil resistivity compared to locations with moderate to high
TMI values (−60 to +90). Low soil resistivity is indicative of high ionic conductivity, which is 
commonly caused by elevated concentrations of dissolved salts. These dissolved ions enhance 
electrochemical reactions by facilitating charge transport within the soil electrolyte, thereby 
increasing corrosion rates even under climatically dry conditions. In contrast, locations with higher 
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TMI values generally exhibit higher soil moisture. In wetter soils, corrosion may also be partially 
limited by restricted oxygen diffusion due to water-filled pore spaces, which can suppress cathodic 
reaction rates. As a result, increased moisture does not necessarily translate to increased corrosion, 
particularly when oxygen transport becomes a limiting factor. The observed non-monotonic 
behavior of the TMI–corrosion curve is therefore attributed to the combined influence of 
electrolyte conductivity, dissolved salt content, and oxygen availability rather than moisture alone. 

The model response reflects correlations present within the dataset, where arid climatic regions 
are frequently associated with salt-affected, highly conductive soils that promote
corrosion. Finally, it is noted that the interpretation of model behavior at TMI values below −60 
should be undertaken with caution. In the original Thornthwaite formulation, −60 represents the 
lower bound of the moisture index, and values below this threshold arise from revised or extended 
classifications (Thornthwaite, 1948; Feddema, 2005). As a result, predictions in this range may be 
influenced by reduced data density and stronger feature interactions, which can lead to irregular or 
non-intuitive trends in model-derived response curves. 

Figure 14. Model Prediction of the Moisture Effect on Weight Loss 

Duration = 7.2 years; ρ = 1271 Ohm-cm; pH = 6.8; 
Sulfates = 2.13 mg-eq/100 g; Chlorides = 0.4 mg-eq/100 g. 
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4.4.3 Impact of Soil Resistivity 

Figure 15 shows the model prediction of the soil resistivity effect on weight loss. Corrosion 
decreases with increasing soil resistivity. A steep corrosion decline rate was predicted between 
log(ρ) of 5.5 and 7.5. The slight increase beyond this range is attributed to regime change (i.e., a 
shift in the dominant controlling mechanisms) and feature interactions rather than a causal effect 
of resistivity. Examination of the data distribution indicates that the high-resistivity subset 
(log(ρ) > 8) is characterized by a distinctly different data structure compared to the lower-resistivity 
range. While resistivity values extend to very high levels in this subset, several accompanying soil 
chemistry variables exhibit limited availability or negligible variability, with a large proportion of 
records lacking values for features such as carbonate, bicarbonate, chloride, and 
sulfate. Consequently, predictions in the high resistivity region are more influenced by other 
available variables, most notably pH and moisture index, as well as by the learned decision structure 
of the model. 

Figure 15. Model Prediction of the Soil Resistivity Effect on Weight Loss 

Duration = 7.2 years; TMI = 26.39; pH = 6.8; 
Sulfates = 2.13 mg-eq/100 g; Chlorides = 0.4 mg-eq/100 g. 
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4.4.4 Impact of Exposure Duration 

Figure 16 shows the model prediction of the exposure duration effect on weight loss. The model 
captured the corrosion increase with increasing exposure duration, at a decelerating corrosion rate 
over time. This suggests that the model could learn long-term corrosion rate deceleration typically 
caused by the buildup of rust scales, which serves as a protection against further corrosion. 

Figure 16. Model Prediction of the Exposure Duration Effect on Weight Loss 

Duration = 7.2 years, ρ = 1271 Ohm-cm; TMI = 26.39; pH = 6.8; 
Sulfates = 2.13 mg-eq/100 g; Chlorides = 0.4 mg-eq/100 g. 

4.4.5 Impact of Sulfate Concentration 

Figure 17 shows the model prediction of the sulfate concentration effect on weight loss. The 
predicted influence of sulfate concentration on corrosion must be interpreted with consideration 
to its highly skewed data distribution, in which most observations are concentrated at low sulfate 
levels, with relatively few samples at higher concentrations. Predicted corrosion loss increases with 
increasing sulfate concentration at low sulfate concentration ranges (ranges most densely
represented in the dataset). At higher sulfate concentration ranges (ranges of a limited number of 
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observations in the dataset), the predicted response gradually levels off. This behavior suggests that 
the model captures the expected effect of sulfate concentration on corrosion. 

Figure 17. Model Prediction of the Sulfate Concentration Effect on Weight Loss 

Duration = 7.2 years, ρ = 1271 Ohm-cm; TMI = 26.39; pH = 6.8; 
Chlorides = 0.4 mg-eq/100 g. 

4.4.6 Impact of Chloride Concentration 

Figure 18 shows the model prediction of the chloride concentration effect on weight loss. Similar 
to sulfate concentration, corrosion increases with increasing chloride concentration at low chloride 
concentration ranges (ranges most densely represented in the dataset). At higher chloride 
concentration ranges (ranges of a limited number of observations in the dataset), the predicted 
response gradually levels off. This behavior suggests that the model captures the expected effect of 
chloride concentration on corrosion. 
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Figure 18. Model Prediction of the Chloride Concentration Effect on Weight Loss. 

Duration = 7.2 years, ρ = 1271 Ohm-cm; TMI = 26.39; pH = 6.8; 
Sulfates = 2.13 mg-eq/100 g. 
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5. Summary and Conclusions 
This research aimed to evaluate soil resistivity and corrosivity, considering the various key 
parameters that contribute to corrosion of buried steel. Three studies were completed and 
documented in this report: 

• Element-Scale Soil Resistivity Testing in Controlled Constant Conditions. This is an 
experimental study that aimed to evaluate the soil resistivity in controlled, constant 
conditions. This study involved devising a new experimental protocol that was evaluated 
for its ability to produce repeatable results. An experimental program was devised and 
implemented to evaluate the effect of testing parameters known to be the most relevant in 
soil corrosivity by varying one parameter at a time. The results of the testing program 
showed the potential of the experimental approach to provide the necessary data to develop 
empirical prediction models for soil resistivity. The influence of each parameter was 
evaluated separately. Soil resistivity was observed to decrease with increasing soil moisture, 
chloride content, sulfate content, acidity, alkalinity, and soil temperature. 

• Element-Scale Soil Resistivity Testing in Controlled Variable Conditions. This is a pilot
experimental study that aimed to evaluate the soil resistivity in controlled, variable 
conditions. This study involved devising and piloting a new experimental method capable 
of capturing the variation in soil resistivity in a continuously varying environment. The 
results indicated a great potential for the proposed experimental approach in providing data 
necessary to calibrate soil resistivity prediction models in a continuously varying 
environment representative of field conditions. 

• Analysis of the NBS Romanoff Corrosion Dataset. This is a data analysis study that aimed 
to evaluate the corrosion of buried steel using advanced data science methods. This study 
presented a comprehensive framework for predicting underground corrosion of uncoated 
ferrous materials using a supervised machine learning approach based on the ExtraTrees 
algorithm. Through data curation from the NBS Romanoff (1957) corrosion program and 
structured model validation using site-exclusive nested cross-validation, the model 
achieved consistent performance transferable to unseen sites. 
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