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Project Objectives
• To identify statistically significant affecting variables on Cc and Cr and to evaluate their correlations
• To identify the most accurate model of soil compressibility (from statistical perspective) for Florida’s soils. 
• To develop the best performing statistical models to predict Cc, Cr, and Cvfor Florida’s soils

– State-of-the-art statistical techniques will be used
– Models will be developed for specific soil types



Background

Cv = coefficient of consolidationCα = secondary compression index



Background (cont.)
Problem Statement:
• Consolidation testing for the Cc, Cr, and Cv (coefficient of consolidation) is not simple and easy. Those indexes are difficult to quantify and have large uncertainty. 
• Two ways to determine Cc, Cr, and Cv: (1) direct measurement via lab test and (2) correlation to other soil data determined from lab tests. 
• Many previous studies on prediction models of soil compressibility such as Cc, Cr, and Cv. However, those models may not be accurate enough for Florida’s soil conditions because the models are constructed based on local soils and most models are based on a simple linear regression model.



Research team
• Geotechnical Engineers

– Boo Hyun Nam (Associate Prof)
Dept. of Civil, Environmental, and Construction Eng., UCF

– Yongje Kim (PhD student)
Dept. of Civil, Environmental, and Construction Eng., UCF

• Data Scientists
– Petros Xanthropoulos (Assist. Prof)

Dept. of Decision and Info Sci., Stetson Univ.
– Orestis Panagopoulos (Assist. Prof)

College of Business, California State Univ.



CURRENT WORKS



Task 1: Identify the existing Cc, Cr, and Cvmodels
• Literature review to identify the existing “mathematical” models of soil compressibility.
• Review on the guidance or standard methods of federal and state agencies
• Review on previous studies of Florida (including “database” if any)

– Informal survey to Districts and consultants



Existing prediction models





Task 2: Compare the accuracy with existing models 
• Compare the accuracy of the prediction models identified in Task 1.

– With respect to root mean square error (RMSE) and R2 
• Identify good performing models for Florida’s soils



Compare the accuracy (cont.)



Task 3: Collect data and create comprehensive Florida’s geotechnical database 
• Data collection has included:

– Natural moisture
– Wet density
– Fines (passing No. 200)
– Initial void ratio
– Automatic hammer SPT N value
– Effective overburden pressure
– Atterberg limits (liquid limit (LL), Plasticity index (PI))
– Organic content
– CPT data (if possible)
– Etc.



Data collection
A total of 619consolidation test data so far. Each consolidation test has an accompanying SPT boring to provide a description of the soil’s stiffness.  The vast majority of the data collected is from the FDOT District 5 which includes the counties of Volusia, Seminole, Orange, Osceola, Brevard, Lake, Marion, Sumter, and Flagler.



Task 4: Evaluate the correlations of key affecting parameters and soil compressibility
• Evaluate the correlation between key index parameters and soil compressibility (Cc and Cr) and Cv

– Specific index parameters can have dominant influence in compressibility of specific soil types. 
– High plasticity clays (Plasticity Index > 70)
– Low plasticity clays  (Plasticity Index <= 70)
– Silts
– High organic soils (Natural Moisture >= 160)
– Low organic soils  (Natural Moisture < 160)
*Coefficient of Determination (R2) and Root Mean Square Error (RMSE) values were calculated to quantify the performance level of the key index parameters and appear on the Excel file.



Top 3 Index Parameters - Positive Correlation with Cc
Silts Pearson’s Correlation Coefficient

Natural Moisture (%) 0.7388
Liquid Limit (LL) 0.7469

Plasticity Index (PI) 0.7347

Low plasticity clays Pearson’s Correlation Coefficient
Effective Overburden Pressure (ksf) 0.1803
Natural Moisture (%) 0.6168
Initial Void Ratio (e) 0.6454

High plasticity clays Pearson’s Correlation Coefficient
Natural Moisture (%) 0.8149

Liquid Limit (LL) 0.4601
Initial Void Ratio (e) 0.8286

Low organic Soils Pearson’s Correlation Coefficient
Natural Moisture (%) 0.3455

Automatic Hammer Blow Count 0.4187
Initial Void Ratio (e) 0.8130

High organic Soils Pearson’s Correlation Coefficient
Natural Moisture (%) 0.6420
Organic Content (%) 0.3701
Initial Void Ratio (e) 0.6480

Pearson’s correlation
between – 1 and 1 



Top 3 Index Parameters – Negative Correlation with Cc
Silts Pearson’s Correlation Coefficient

Dry Density (pcf) -0.6111
Fines (-200) (%) -0.6704
Specific Gravity -0.7154

Low plasticity clays Pearson’s Correlation Coefficient
Wet Density (pcf) -0.4888
Dry Density (pcf) -0.5513

Automatic Hammer Blow Count -0.2066

High plasticity clays Pearson’s Correlation Coefficient
Wet Density (pcf) -0.7025
Dry Density (pcf) -0.7885
Fines (-200) (%) -0.3365

Low organic Soils Pearson’s Correlation Coefficient
Wet Density (pcf) -0.5159
Dry Density (pcf) -0.4111
Fines (-200) (%) -0.2751

High organic Soils Pearson’s Correlation Coefficient
Wet Density (pcf) -0.2536
Dry Density (pcf) -0.6138

Effective Overburden Pressure (ksf) -0.2496



Top 3 Index Parameters - Positive Correlation with Cr
Silts Pearson’s Correlation Coefficient

Natural Moisture (%) 0.7176
Liquid Limit (LL) 0.6159

Plasticity Index (PI) 0.6336

Low plasticity clays Pearson’s Correlation Coefficient
Liquid Limit (LL) 0.2207

Natural Moisture (%) 0.3812
Initial Void Ratio (e) 0.3743

High plasticity clays Pearson’s Correlation Coefficient
Natural Moisture (%) 0.4541

Liquid Limit (LL) 0.4394
Initial Void Ratio (e) 0.4355

Low organic Soils Pearson’s Correlation Coefficient
Effective Overburden Pressure (ksf) 0.1673
Natural Moisture (%) 0.3084
Initial Void Ratio (e) 0.7481

High organic Soils Pearson’s Correlation Coefficient
Natural Moisture (%) 0.4795
Organic Content (%) 0.1715
Initial Void Ratio (e) 0.8125



Top 3 Index Parameters – Negative Correlation with Cr
Silts Pearson’s Correlation Coefficient

Dry Density (pcf) -0.5752
Fines (-200) (%) -0.6351
Specific Gravity -0.7426

Low plasticity clays Pearson’s Correlation Coefficient
Wet Density (pcf) -0.2332
Dry Density (pcf) -0.3242

Automatic Hammer Blow Count -0.0894

High plasticity clays Pearson’s Correlation Coefficient
Wet Density (pcf) -0.4228
Dry Density (pcf) -0.4673

Automatic Hammer Blow Count -0.1667

Low organic Soils Pearson’s Correlation Coefficient
Wet Density (pcf) -0.4484
Dry Density (pcf) -0.3324
Fines (-200) (%) -0.2098

High organic Soils Pearson’s Correlation Coefficient
Effective Overburden Pressure (ksf) -0.2307

Dry Density (pcf) -0.4709
Fines (-200) (%) -0.2100



Task 5: Develop a methodology to construct the statistical Cc, Cr, and Cv models
• Step 1: Data Preprocessing (consisting of normalization and outlier detection).
• Step 2: Identification of distinct soil types through supervised learning (Support Vector Machines).
• Step 3: Cc, Cr, and Cv model development for each soil type identified from Step 2. Development of appropriate regression models and investigation of potential interaction effects.
• Step 4: Models validation. Investigation of the ability of models to predict on data that haven’t been used for model development.
• Step 5: Quantification of uncertainties and estimation of confidence intervals that will quantify the predictive accuracy of the proposed models.



…….

…….



• Full data sets were segregated from non-full data sets.  Full data sets include the following parameters: moisture content, initial void ratio, dry unit weight, wet unit weight, automatic hammer blow count, overburden stress, and fines content.
• For simplification purposes, and abundance of full data sets, the non-full data sets were not included as part of this study.
• Data is normalized through z-score normalization, which offers a way to compare observations that are measured on different scale.  Each soil classification has a unique dimensionality due to a varying number of full data sets.

Preprocessing



• A classification model is developed that assists in determining the number of distinct soil groups that exists.
• The goal is to confirm or reject the hypothesis that each soil type requires a different statistical model.
• The data is comprised of two sets – training and testing.  Training data is used to teach the algorithm and testing data is used to evaluate the accuracy and predictability of the model.
• The confusion matrix illustrates how well the testing data was filtered to the class that the training data predicted it would fall into.

Classification

• As can be observed from the table, the assumed classifications were confirmed by the testing data, with the exception of Organic Silt/Clay.  The testing data predicted that this classification behaved more like a Fine Grained soil.  



Example of data classification (e.g. classified soils group as coarse and fine grained)



Preliminary Results
• A regression model was developed with interactions for each distinct group/class (Coarse Grained, Fine Grained, and Organic Peat). 
• The table below illustrates the regression models that had reliable predictive capability:



Preliminary Results



Preliminary Results



FUTURE WORKS



Task 5: Develop a methodology to construct the statistical Cc, Cr, and Cv models
• Develop the model based on the “complete” data set
• Develop the methodology to account for missing data set
• Quantify the uncertainty level



Task 6: Develop the soil compressibility prediction models for specific soil types
• With the framework developed in Step 5, the models to be developed include:

– Cc and Cr model 
– Cv model
– Cα model (if available data)

• Soil types to be considered:
– High plasticity clays
– Low plasticity clays
– Silts
– High organic soils
– Low organic soils



Task 7: Evaluate the relationship with field tests 
• Evaluate the relationship between field tests (e.g. SPT and CPT if any) and the soil compressibility especially with highly compressible soils.

– correlation of the compressibility (Cc and Cr) and SPT N values and CPT tip resistance (if any) will be then investigated. 



Thank you!
Question?


