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Objective of the Study:

= Analyze the temperature and moisture data of soil at
different location

= Clean and pre-process the soil temperature data

= To identify number of freeze thaw cycles at certain depths
and frost depth isotherms over time

= Create a framework/tool to provide soil temperature and
number of freeze-thaw cycles predictions
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Data details:

Dataset 1 (of 2):

Temperature and moisture data of 6 different locations are
available within 2-mile span of roadway at Monticello,
Minnesota

* Cell 185; Cell 186; Cell 188; Cell 189; Cell 127; Cell 728

Frequency: 15-minute time intervals
Time period: August 2017 to December 2019

Climate data: air temperature, relative humidity, wind speed,
net radiation, precipitation
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Soil profiles (Dataset 1):

(a) Plan View - Cell 185

(b) Profile View - Cell 185
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(a) Plan View - Cell 186

(b) Profile View - Cell 186
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(a) Plan View - Cell 127

(b)

) Profile View - Cell 127
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0 (a) Plan View - Cell 188

(b) Profile View - Cell 188
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(f)

Schematic of the soil profiles for temperature and moisture data collection for the locations of
(@) Cell 185; (b) Cell 186; (c) Cell 188; (d) Cell 189; (e) Cell 127; (f) Cell 728

Depth from Surface (in)

Depth from Surface (in)



G MICHIGAN STATE UNIVERSITY

Data details:

Dataset 2 (of 2):

Temperature and moisture data for 2 different counties in are
Minnesota: Olmsted and Koochiching

Frequency: 1-hour time intervals

Time period: 2005-2012, 2012-2019 (Koochiching); 2000-
2007, 2010-2017 (Olmsted)

Climate data (same as other dataset): air temperature,
relative humidity, wind speed, net radiation, precipitation
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Data details (Dataset 1):

Temperature data collected at 12 different depths for all stations

Cell no. Cell185 | Cell186 | Cell188 | Cell189 | Cell127 | Cell 728
Depth (in)
TC 1 2.8 3 3 3 3 3
TC 2 3.8 4 4 4 4 4
TC 3 9.3 95 95 9.5 6.5 6.5
TC 4 14.8 15 15 15 9 9
TC 5 15.8 16 16 16 10 10
TC 6 18.3 18.5 18.5 18.5 12 14
TC 7 19.3 19.5 19.5 19.5 18 18.5
TC 8 238 24 24 24 24 24
TC 9 35.8 36 36 36 36 36
TC 10 478 48 48 48 48 48
TC 11 59.8 60 60 60 60 60
TC 12 71.8 72 72 72 72 72
Moisture data collected at 4 depths for all locations
Cell no. Cell 185 | Cell 186 | Cell 188 | Cell 189 | Cell 127 | Cell 728
Depth (in)

EC 1 5 5 5 5 6.5 8.5

EC 2 14 14 14 14 29 19.5

EC 3 17 17 17 17 36 24

EC 4 20.5 20.5 20.5 20.5 36
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Data details (Dataset 2):

Temperature sensor locations for the two-time spans

Dataset location Time span Depth of temperature sensors
2005 to 2010 10; 40; 70; 90; 120; 180; 240; 300; 360; 420; 480; 540; 600; 720; 840; 960
Kogciching 10; 30; 50; 80; 120; 150; 180; 210; 240; 300; 360; 420; 480; 540; 600; 640;
2012 to 2019 :
780; 910
2000 to 2007 25; 60; 90; 120; 180; 240; 300; 360; 420; 480; 600; 720; 840; 960; 1080
Olmsted
2010 to 2017 10; 25; 50; 70; 130; 190; 250; 310; 370; 430; 490; 550; 610; 730; 850; 970
Dataset location Time span Depth of moisture sensors
2005 to 2010 NA
Koochiching
2012 to 2019 80, 120, 150, 180, 210, 240, 300, 360, 420, 480, 540, 600, 780, 910
2000 to 2007 60, 90, 120, 180, 240, 300, 360, 420, 480, 600, 720, 840, 960, 1080
Olmsted

2010to 2017

70, 130, 190, 250, 310, 370, 430, 490, 550, 610, 730, 850, 970
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Data preprocessing:

Dataset 1: Percent (%) missing temperature data

TCl1 | TC2 | TC3 TC4 | TC5 | TC6 TC7 | TC8 |TC9 TC10 TC1l1 | TC12
Cell 185 2 P 2 2 2 2 2 2 12 2 87 2
Cell 186 <1 <1 <1 <1 <1 <1 <1 <1 11 <1 <1 <1
Cell 188 <1 <1 0 0 0
Cell 189 <1 <1 NA 0 0
Cell 127 <1 <1 <1 <1 <1 <1 <1 <1 <1 <1 <1 <1
Cell 728 <1 <1 <1 0 0 0 0 0 0 0 0 0

Outliers: identified and removed from the dataset

Missing Data:

- Number of missing elements were very small (other than
TC9 and TC11 in Dataset 1)

- Data imputation was used to fill in missing elements as

appropriate




Data preprocessing:

Dataset 2: Same procedure of data preprocessing is also used
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Location | Timespan Percentage of missing elements
TC1 TC2 TC3 TC4 TC5 TC6 TC7 TC8 TC9
<1 <1 <1 <1 58 <1 <1 <1 <1
2005-2010 | TC10 | TC11 | TC12 | TC13 | TC14 | TC15 | TC16 | TC17 | TC18
Koochiching <1 <1 <1 <1 <1 <1 <1 4 5
TC1 TC2 TC3 TC4 TC5 TC6 TC7 TC8 TC9
54 50 41 <1 <1 <1 <1 <1 <1
2012-2019 | TC10 | TC11 | TC12 | TC13 | TC14 | TC15 | TC16 | TC17 | TC18
<1 <1 <1 <1 <1 <1 <1 <1 <1
TC1 TC2 TC3 TC4 TC5 TC6 TC7 TC8 TC9
7 7 7 7 7 28 7 7 7
2000-2007 | TC10 [ TC11 | TC12 | TC13 | TC14 | TC15
Olmsted i : 4 ! / :
TC1 TC2 TC3 TC4 TC5 TC6 TC7 TC8 TC9
<1 <1 <1 <1 58 <1 <1 <1 <1
2010-2017 | TC10 | TC11 | TC12 | TC13 | TC14 | TC15 | TC1l6
<1 <1 <1 <1 58 <1 <1
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Freeze-thaw cycle calculations

Justification: Number of freeze-thaw cycles significantly impacts
the soil properties

Number of freeze thaw cycles depends on:
" Freezing temperature

= Thaw temperature (can be difference from freezing temperature)

= Time the soil temperature is lower than the freezing and higher than the
thaw temperature

Based on these factors, three different approaches were
considered to calculate the number of freeze-thaw cycles:
= Fixed freezing temperature
= Modified reference temperature

= Time delay method (including fixed freezing temperature)
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Freeze-thaw cycles: Fixed freezing temperature

To undergo a complete freeze-thaw cycle, soil temperature
needs to be higher than thaw temperature and then it needs to
be lower than freezing temperature.

Freeze Phase change Melt

y | .

Freezing T haw
temperature temperature (0°C)

Thaw temperature is 0°C

9 different freezing temperatures are considered:
-0.001 °C, -0.1 °C, -0.2 °C, -0.25 °C, -0.3 °C, -0.4 °C, -0.5 °C,
-0.75 °C, -1 °C
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Freeze-thaw cycles: Fixed freezing temperature

The variation in number of cycles at different depth are shown
below (Cell 185, Dataset 1, for 2018 January to December, similar
data in other locations)

600

504
500

IS
o
S

Number of freeze-thaw cycles
8
o

61
146 149 139 143 137
102 00 106
100 78 78 74 B7
6351 Bis8 9
39 9 91 5 7 39
. 12 4 -42 1622 210 6 1 0 13311 16100000
2.8 inch 3.8inch 9.3inch 14.8 inch 15.8 inch 18.3inch 19.3inch 23.8inch 47.8 inch 71.8 inch

20.001 w01 m0.2 #0.25 w03 w04 m05 m0.75 m1
" increase freezing temperature, number of cycles reduces significantly

= |f assume larger freezing temperatures, # of cycles reduces with depth; if
assume smaller (makes sense), at deeper depths it increases increases
significantly (doesn’t make sense)
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Freeze-thaw cycles: Fixed freezing temperature

Summary:

= Selection of the freezing temperature plays an important role
in the calculated number of freeze-thaw cycles

= |ncreasing the freezing temperature (up to 1°C): reduces the
number of freeze-thaw cycles calculated at different depths

= Temperature sensors error used in this study is 1°C; the
minimum freezing temperature that can be selected for this
calculation should be at least 1°C
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Freeze-thaw cycles: Modified reference temperature

Similar to the previous method (i.e the fixed freezing method)
However, freezing point varies with respect to the time of year
rather than a constant value

Date Reference temperature (°C) | Modified reference temperature (°C)
January 1- January 31 0 -1.0
February 1- February 7 -1.5 -1.5
February 8- February 14 -2.0 -2.0
February 15- February 21 -2.5 -2.5
February 22- February 28 -3.0 -3.0
March 1 — March 7 -3.5 -3.5
March 8 — March 14 -4.0 -4.0
March 15 — March 21 -4.5 -4.5
March 22 — March 28 -5.0 -5.0
March 29 — April 4 -5.5 -5.5
April 5 - April 11 -6.0 -6.0
April 12 - April 18 -6.5 -6.5
April 19 - April 25 -7.0 -7.0
April 26 — May 2 -7.5 -7.5
May 3- May 9 -8.0 -8.0
May 10- May 16 -8.5 -8.5
May 107 May 23 -9.0 -9.0
May 24- May 30 -9.5 -9.5
June 1- December 31 0 -1.0

Ref: Technical Memorandum No. 14-10-MAT-02, MINNESOTA DEPARTMENT OF TRANSPORTATION, October 7, 2014
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Freeze-thaw cycles: Modified reference temperature

The variation in number of cycles at different depth are shown
below (Cell 185, Dataset 1, for 2018 January to December)
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The number of cycles calculated are much less compared to the
fixed freezing temperature (previous) method
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Freeze-thaw cycles: Time Delay

“Time delay” is defined as a minimum period of time
required for a half of a freeze-thaw cycle to be
completed in order for it to count as a F-T cycle
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Freeze-thaw cycles: Time Delay

4 different time delays considered: 1-hour, 4-hour, 12-hour and
24-hour

The variation in number of cycles at different depth are shown
below (Cell 185, Dataset 1, for 2018 January to December )
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Increasing the time delay reduces the number of cycles calculated
at shallower depths
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Freeze-thaw cycles:

A similar study for Dataset 2 using a fixed freezing temperature
of 1 C and 12-hour time delay methods. Similar trends can be
seen for this dataset

Olmsted 2000-2007 data Olmsted 2010-2017 data
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Questions for TAC :

Which of these three methods would be advised?

311 001 o001 103 T00 000
2.8inch 3.8inch 9.3inch 14.8 inch 15.8 inch 18.3inch 19.3 inch 23.8inch 47.8 inch 71.8 inch

m Freezing temperaute -1°C Reference temperature = Time delay 12 hour
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Soil temperature modeling approach

Previously we have discussed predicting soil
temperature variations over time using different
models:

= Linear regression methods,

= Polynomial regression methodes,

= \ector auto regressive methods,

» Predictors used for these models:

* climate parameters (air temperature, relative humidity, rainfall,
wind speed)
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Soil temperature modeling approach

There are several studies that used to predict soil surface temperatures:

1. Predict daily average temperature using superposition of two models:
predict monthly average temperature and daily average temperature
amplitude using air temperature, solar radiation, wind speed, relative humidity
and day of year [Xing et al., 2018]

2. Estimate daily soil surface temperature using mean, maximum and minimum
air temperature, relative humidity, sunshine hours and solar radiation [Talaee et
al., 2013]

3. Predict daily soil surface temperature using parameters like average air
temperature, total solar radiation, average relative humidity, average dew
point temperature, average wind speed and total potential evapotranspiration
[Kim et al., 2014]
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Soil temperature modeling approach

Update:

= Solar radiation data has been used as an additional
variable

= New variables created by modifying the climate data
with respect to time

= 19 variables, based on combining time and climate
variables (see next slide)
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Modeling approach (updates):

The variables are

(a) Time variables

Week (1 to 52);
Month (1 to 12);

Day of year (1 to 365)

Timestep (1 to 96 for 15-minute and 1 to 24 for 1-hour data
frequency)

it DY [

(b) Climate variables (Air temperature, Relative humidity,
Rain, Wind speed, Solar radiation)

1. Actual values

2. Daily average values

3. Variation in climate parameters for each timestep
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Modeling approach (updates)

Stepwise regression to identify the most significant parameters
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*NB: avg: average values for the whole day; var: variation values for each timestep; RH: relative humidity; Wind: wind speed
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Modeling approach

Stepwise regression method is used to:

1. ldentify most significant variables for temperature
prediction;
2. Remove highly correlated variables;

Correlation coefficient > 0.7 => High corelated variable
Correlation coefficient < 0.3 => Low corelated variable

Variables are selected where correlation coefficients are less
than 0.3. In total 8 variables are obtained are obtained as the
result of the regression analysis:

1. Day of year (1 to 365); 2. Timestep (1 to 4*24);

3. Air temperature; 4. Net radiation;

5. Variation in air temperature; 6. Variation in rain;

7. Variation in relative humidity; 8. Variation in windspeed;
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Initial approach for modeling

= Fourth order polynomial regression analysis has been done

= Data of 2018 January to December has been used as training
data and January 2019 to April 2019

= Root mean square errors (RMSE) are calculated for the
predicted values and testing dataset

= |ower the RMSE values, better the model is
= RMSE values reduce with the increase in depth
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Future steps

= Different models will be implemented to predict the
soil temperature

= Number of freeze-thaw cycles will be predicted for
different locations

= Which timestep should be used for the calculation:
15-minute timestep or 1-hour timestep?
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