


Figure 2.8: Imputed Soil Temperature with similar missingness pattern as rep 3
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Figure 2.9: Plots of the Soil Temperature vs. Time for the 12 different combinations of Rep and
distance.
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Figure 2.10: Plot of the imputed Monthly Soil Temperature vs. Time for the 12 different combina-
tions of Rep and distance with the actual data in black and the imputed data in red. Month 1 is
September in 2013.
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Chapter 3

Granger Causality Test

3.1 Introduction

This chapter focuses on the relationship between the soil temperature time series, and the air
temperature, and rainfall time series. The air temperature and rainfall time series plots are shown in
Figure 3.1. For air temperature (left panel), the time axis is the same scale as the soil temperature
time axis since air temperature was recorded every 30 minutes for the 2-year period. The plot of
air temperature shows seasonal pattern and shape similar to soil temperature. For rainfall (right
panel), the time axis is also the same scale as soil temperature. The vertical axis is cumulative
precipitation from the beginning of that day. The units of precipitation are millimetre. The plot
show that rainfall is probably not seasonal. It is also important to note that there is only one air
temperature time series and one rainfall time series (not 12 different series like soil temperature)

Because soil temperature, air temperature and rainfall are all time-series data, a Granger-
Causality analysis was carried out in order to assess whether there is any potential predictability
power of air temperature and rainfall for soil temperature. The conclusion that can be drawn is that
air temperature and rainfall can be used to predict soil temperature, but the opposite, that the soil
temperature can not be used to predict air temperature and rainfall.

"The Granger Causality test is a statistical hypothesis test for determining whether one
time series somehow has a causal effect on another time series”. It was proposed by Granger (1969).
Ordinarily, regression coefficients are a measure of a relationship, but Granger argued that causality

could be tested for by measuring the ability to predict the future values of a time series using prior
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Figure 3.1: Plot of Air temperature and Rainfall
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values of another time series. Since the question of ”true causality” is very difficult to demonstrate
in non-experimental data sets, and Granger assumed that one thing preceding another can be used
as a proof of causation, econometricians assert that the Granger test finds only ”predictive” or
”Granger” causality” in (Diebold, 2001). In the Granger-sense, a previous value of x is a predictive
cause of y if it is useful in forecasting a future y. In other words, previous x information is able to

increase the accuracy of the forecast of y, as opposed to only using values of y.

3.2 Methodology Details

7 A time series X is said to Granger-cause Y if it can be shown, usually through a series
of t-tests and F-tests on lagged values of X, that those X values provide statistically significant
information about future values of Y” (Kang, 1985).

There are 4 basic steps for running the Granger causality Test.

e 1. State the null hypothesis and alternative hypothesis in terms of model parameters. In our
data set, the models define how air temperature or rainfall do or do not Granger-cause soil

temperature. The two models are as follows
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Y(t) = ZaiY(t — ) + e(t)

Y(t)=> aY(t—i)+ > BiXi(t—j)+ > ywXalt — k) +u(t) (3.1)
i j k

The two equations in (3.1) represent a restricted model (top model, air temperature and
rainfall do not Granger-cause soil temperature) and an unrestricted model (bottom model,
air temperature and/or rainfall do Granger-cause soil temperature). The terms in the models
include: Y (¢) is the soil temperature at time t, X;(¢) is the air temperature at time t, Xo(t)
is the precipitation at time t, a, 8 and « are coefficients, e(t) and wu(t) are error terms. The

errors terms are assumed to be independent.

Parameters from the two models in (3.1) can be used to test the two following hypotheses:

Hy: B;=0, v =0 forall jand k (restricted model)

Hy: B; #0, v #0 for some jor k (unrestricted model) (3.2)

2. Choose the lags. One way to choose lags i, j and k is to run a model order test and another
is to pick a series of lag values and run the Granger test several times. In either case, we chose
AIC values as the criteria (Thornton & Batten, 1985). Among all these models, choose the
one having the smallest AIC. And the lag lengths for Y (¢), X (¢) and X2(t) are not necessarily

the same. The lag length for Y (¢) in the restricted and unrestricted models are the same.

3. Calculate the F-statistic and p-value from the model residuals in (3.1). The F-statistic

equation is as follows:

(RSS7 - RSSu7)/(pu7 - pr)

F= o |
RSSur/(n — pur) Pur—Prn—Pur (3.3)
t t

where RSS,, RSS,, are sum of squared residuals of the restricted and unrestricted models,
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respectively. n is the total number of observations, p, and p,, are the number of parameters

in the restricted and unrestricted models respectively.

e 4. Reject null hypothesis if p-value is less than the significant level. In this dissertation, we

choose 0.05 as the significant level.

3.3 Results

There are 35,040 observations for all these time series(after imputation). With this many
observations, it was difficult to choose the reasonable number of lags to run the Granger-Causality
test. Because our goal was to determine whether or not air temperature or rainfall had some
influence on soil temperature, we decided to calculate the average soil temperature, air temperature,
and rainfall for each month to reduce the number of observations. We then used this time series to
choose lags and perform the Granger causality test. The dataset of mean monthly air temperature
and rainfall are in Figure 3.2. Figure 3.2 indicates that the overall pattern of the original scale time
series is similar to the pattern based on monthly averages. With the 2-year data set, there were
24 months. So there are at most 24 lags to use in the Granger-Causality test. From Chapter 1,
recall that there were 3 reps (repl, rep2 and rep3) and 4 different distances (15c¢m, 30cm, 45¢cm and
60cm), so there were 12 time-series of soil temperature. However, there was only one time-series for
air temperature and only one for rainfall. Therefore the Granger-Causality test was conducted 12
times based on the 12 soil temperature time series.

The Granger Causality test results were calculated using PROC VARMAX with software
SAS. The p-values are in Table 3.1. The results indicate air temperature and/or rainfall Granger-
cause soil temperature at the 0.05 significance level in all 12 combinations. In other words, air
temperature and rainfall were useful in predicting soil temperature in addition to previous soil
temperature.

To determine whether air temperature only or rainfall only has an impact on soil tem-
perature, we can use the following models to develop hypotheses and calculate the corresponding

p-values:
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Figure 3.2: Monthly average of Air temperature and Rainfall
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Table 3.1: Results of Granger Causality test

20

Restricted Model

Soil Temperature

Unrestricted Model

Air Temperature, Rainfall

P-value (Repl, Dist15cm) < 0.0001
P-value (Repl, Dist30cm) < 0.0001
P-value (Repl, Dist45cm) < 0.0001
P-value (Repl, Dist60cm) < 0.0001
P-value (Rep2, Dist15cm) <0.0001
P-value (Rep2, Dist30cm) < 0.0001
P-value (Rep2, Dist45cm) < 0.0001
P-value (Rep2, Dist60cm) < 0.0001
P-value (Rep3, Dist15cm) < 0.0001
P-value (Rep3, Dist30cm) < 0.0001
P-value (Rep3, Dist45cm) < 0.0001
P-value (Rep3, Dist60cm) < 0.0001
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Table 3.2: Results of Granger Causality test

Restricted Model Soil Temperature

Unrestricted Model Air Temperature
P-value (Repl, Dist15cm) < 0.0001
P-value (Repl, Dist30cm) < 0.0001
P-value (Repl, Dist45cm) < 0.0001
P-value (Repl, Dist60cm) < 0.0001
P-value (Rep2, Dist15cm) < 0.0001
P-value (Rep2, Dist30cm) < 0.0001
P-value (Rep2, Dist45cm) < 0.0001
P-value (Rep2, Dist60cm) < 0.0001
P-value (Rep3, Dist15c¢m) < 0.0001
P-value (Rep3, Dist30cm) < 0.0001
P-value (Rep3, Dist45c¢m) < 0.0001
P-value (Rep3, Dist60cm) < 0.0001

Y(t) = ZaiY(t — i) +e(t)

Y(t) = Z%Y(t — 1) +ZBjX1(t —J) +u(t) (3-4)

Y(t) = ZaiY(t — i) +e(t)

Y(t) =) aY(t—i)+ > yXa(t — k) +u(t) (3.5)
% k

The hypotheses and models using (3.4) test the impact of predicting soil temperature by
adding air temperature in addition to previous soil temperature; and the hypotheses and models
using (3.5) test the impact of predicting soil temperature by adding rainfall in addition to previous
soil temperature. The results in Table 3.2 indicate that air temperature does Granger-causes soil
temperature at the 0.05 significance level, but the results in Table 3.3 indicate that rainfall does not
Granger-cause soil temperature at the 0.05 significance level. Since some p-values from Table 3.3

are close to 0.05, there is still some possibility that rainfall Granger-causes soil temperature.
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Table 3.3: Results of Granger Causality test

Restricted Model

Soil Temperature

Unrestricted Model Rainfall
P-value (Repl, Dist15cm) 0.0672
P-value (Repl, Dist30cm) 0.0821
P-value (Repl, Dist45cm) 0.0529
P-value (Repl, Dist60cm) 0.0688
P-value (Rep2, Dist15cm) 0.1452
P-value (Rep2, Dist30cm) 0.0521
P-value (Rep2, Dist45cm) 0.1332
P-value (Rep2, Dist60cm) 0.1119
P-value (Rep3, Dist15cm) 0.0921
P-value (Rep3, Dist30cm) 0.0822
P-value (Rep3, Dist45cm) 0.0569
P-value (Rep3, Dist60cm) 0.0641
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Chapter 4

Experimental Design

4.1 Introduction

The overall objective of this dissertation was to determine the impact of sidewalks on soil
temperature. Soil temperature was measured using sensors which were placed at 4 varying distances
(15cm, 30cm, 45cm, 60cm) from the sidewalk. An important question was how exactly should the
soil temperatures at these 4 distances be compared 7 Designed experiments are one of the most
common and useful statistical approaches which can be used to address this kind of questions. A
designed experiment is characterized by the choice of treatments, the experimental units used, any
covariates associated with the experimental units, the way treatments are allocated to the units,
and how the responses are measured.

For this dataset, the treatments are the 4 distances from the sidewalk. The sites of the
sensors are the experimental units. Possible covariates include air temperatures and rainfall. The
sites are grouped within three different locations, reps, or blocks. Issues associated with ”assigning”
the distances to the sites will be discussed later. The measured response is the soil temperature time
series. The treatments and the blocks are often denoted as factors in a designed experiment. The
concept of fixed and random factors is also important in this study. With a fixed factor, all levels
of the factor of interest are included in the experiment. With a random factor, all levels of interest
are not in the experiment. In this soil temperature dataset, distance from the sidewalk (treatment)

was considered as a fixed factor and location or rep (block) was considered as a random factor.
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Figure 4.1: The design of the study: Rep or location is block, * is the Experimental Unit (E.U.) or
the site of the sensor. We measure the response soil temperature, and two covariates (air temperature
and rainfall) on the E.U.

15cm 30cm 45cm 60cm
Repl ‘ * * * * ‘
Rep?2 ’ * * * * ‘
Rep3 ’ * * * * ‘

The remainder of this chapter is organized as follows. Section 4.2 presents some basic
concepts of randomized complete block designs. Section 4.3 provides the results of comparing the
overall mean of the soil temperature time series at different distances. Results for comparing different
characteristics of the soil temperature time series (other than the overall mean) at the different
distances are also shown. The results are also adjusted for any impact of the air temperature,
rainfall, and seasonality. Section 4.4 provides some introduction to a ” peaks over threshold” approach
to comparing the soil temperatures at different distance and results based on that approach are

provided. Section 4.5 concludes with a summary discussion and opportunities for future research.

4.2 Randomized Complete Block Designs

The Randomized Complete Block Design (RCBD) is a commonly used design when similar
experimental units are grouped into blocks or replicates. It is used to control variation in the
experiment by accounting for the impact on the response due to factors such as location or time.
With a randomized complete block design, experimental units are divided into groups called blocks,
such that the variability within blocks is less than the variability among blocks (Oehlert, 2010). Then
the experimental units within each block are assigned to treatments. Blocking serves many purposes.
Within a block there is assumed homogeneity of experimental units, so treatment comparisons should
be precise. Among blocks there is heterogeneity, so treatment comparisons are made across a wide
variety of situations (Casella, 2008). As mentioned in the introduction, effects can be fixed or
random. Blocks are typically considered as random factors. There is really no interest in the

differences among the random blocks in the soil temperature study; they are used only because
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Table 4.1: Data for a randomized complete block design

Treatment
Block 1 2 ce t Mean
1 Yii. Yo - Yy Y,

Mean Y7 Yo -+ Y, Y

the soil temperature may be different among the different blocks, and soil temperatures may be
correlated within the blocks. Note that there is no treatment (distances) randomization in this
design since the distances from the sidewalk cannot be randomly assigned in the reps. Including

blocks as a random effect is a possible solution to the issue. The design is shown in Figure 4.1.

4.2.1 RCBD Theory

Consider RCBD similar to the soil temperature study as shown in Table 4.1. In Table 4.1,
Y;; is the observation for treatment i in block j; t is the number of treatments; b is the number of
blocks; Y;. is the sample mean for treatment i: ¥; = ; Z;’-:l Y;; ; Y is the sample mean for block

Y= %22:1 Y;; ; Y. is the overall sample mean : Y. = i 25:1 Z;’.:l Y,

The model for an observation in a randomized complete block design can be written in the

form (Casella, 2008):
}/;j:/L-i-Ti-i-Bj—f—Eij i=1,...,t; 7=1,...,b, (41)

where p is an overall mean, 7; are treatment effects, the error random variables €;; “N (0,02) for
t=1,...,t,and j = 1,...,b, (normal errors with equal variances), the block effects f1,..., B, i

N(0, O’%) and are independent of ¢;; for all i, j.
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Table 4.2: ANOVA table for RCBD

Source SS df MS F
Treatment SST t-1 MST=SST/(t-1) MST/MSE
Block SSB bl MSB=SSB/(b-1)

Error SSE  (b-1)(t-1) MSE=SSE/(b-1)(t-1)
Total TSS bt-1

The main goal in using the randomized complete block design was to examine the differences
in the t treatment means. The null hypothesis does not have a difference among the treatment means

while the alternative hypothesis treatment means do differ. That is:

Hy: py=pe=---=pu; vs Hy: pg’s are not all equal. (4.2)

Analysis of variance (ANOVA) for RCBD can be used to test (4.2). The form of the ANOVA

is shown in Table 4.2.

Note that the alternative hypothesis does not imply that all the u;s are different, just that
they are not all the same. We used ANOVA to test Hy and found a small p-value (p=0.0005). So
Hp in (4.2) is rejected. Many options are available to determine how the treatment means differ
(or determining the exact meaning of at least one y; differ from the rest). In this study, Fisher’s
Protected Least Significant Difference (LSD) Test was used to compare all pairs of soil temperature
means from any two distances. For a specified significant level «, the least significant difference for

comparing p; — ft; is:

LSDi)j = ta/g 82(1/’1’Li + 1/’1’Lj) (43)

where « is the significant level, ¢, /7 is the critical t-value for area /2 and 52 is the point estimator
of o2 (the MSE from the ANOVA table). n; and n; are the respective sample sizes from treatment
group i and j.

After calculating the LSD, we compared it to the difference in pairs of soil temperature
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Table 4.3: Mean/Max/Min soil temperature (C) at different distances from the sidewalk. Means
with the same letter in a column do not significantly differ based on ANOVA and Fisher’s Protected
(LSD) test with a significance level of 0.05.

Distance Mean Soil Temp Max Soil Temp Min Soil Temp
15cm 19.94¢ 25.65% 15.27¢
30cm 19.66% 23.9440 15.63%
45cm 19.56% 23.4240 15.97¢
60cm 19.47¢ 23.13° 16.01¢

sample means. This was used to test:

Ho: pi=p; fori#j (4.4)

Hy:opi #py fori#g

In the null hypothesis, the means of one pair of soil temperature are the same at a significant
level 0.05. If |Y; —Y;| > LSD, ; , declare the corresponding soil temperature means u; and p; are
different. For each pairwise comparison of population means, the probability of a Type I error is

fixed at a specified value of 0.05.

4.3 Results

4.3.1 Analysis based on a RCBD for the mean, max, and min of the soil

temperature time series

Now we consider a RCBD for the overall mean of the soil temperature time series. The
model is :

Yij=p+m+08i+eji=1,...,4 j=1,...,3, (4.5)

where Y;; is the mean or max or min of the entire soil temperature time series, p is an overall mean,

7; are the effects of distance, ; is the random effects of rep and ¢;; is error.

The results are shown in Table 4.3. Table 4.3 indicates that the highest sample mean

and max soil temperature were both recorded at 15cm and the lowest sample mean and max soil
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temperature were both recorded at 60cm. In other words, the closer to the sidewalk, the higher the
sample mean and sample max of the soil temperature time series. However, the ANOVA and Fisher’s
Protected LSD test suggest that the true population means of the soil temperature time series at
the different distances are not different (with a significance level of 0.05). The results suggest that
the proximity to the sidewalk has no influence on the true mean soil temperature. While max soil
temperature at 15cm are different from the soil temperature at 60cm. Max soil temperature at
30cm and 45cm are not significantly different. Max soil temperature at 45cm and 60cm are also not
significantly different. For the min soil temperature, the closer to the sidewalk, the lower the min of
the soil temperature which is opposite to the results for mean and max soil temperature. The results
also suggest that the proximity to the sidewalk has no influence on the true min soil temperature

with a significant level of 0.05.

4.3.2 Analysis based on a RCBD for mean, max, and min of the soil

temperature time series by month

Now we consider the randomized complete block design (4.5) by month. In other words,
we would compare characteristics of the soil temperature time series among the distances, based on
the RCBD for each month. As in the previous section, we used different characteristics of the time

series including the mean, minimum, and maximum soil temperature.

The results of mean, minimum, and maximum soil temperature are shown in Table 4.4,
Table 4.5, and Table 4.6, respectively. Table 4.4-4.6 indicate that the closer to the sidewalk, the
higher the sample mean, maximal or minimal soil temperature in warmer months (like May, June,
July, August, Spetember). The colder months (like December, January, February) simply yield
exact opposite results, the sample mean, maximal or minimal soil temperature is lowest when it
is closest to the sidewalk. Depending on the different letters in one row (each month), the overall
mean or minimum or maximum soil temperature for some pairs of different distances are significantly

different with a significant level of 0.05 for that months.
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Table 4.4: Mean soil temperatures (C) at different distances from the sidewalk for each month.
Means with the same letter in a row do not significantly differ based on ANOVA and Fisher’s
Protected LSD test with a significance level of 0.05.

Distance

Month 15cm 30cm 45cm 60cm
09 — 2013 28.76% 28.45P 28.23b¢ 28.12°¢
10 — 2013 26.64¢ 26.449b 26.26b¢ 26.12¢
11 — 2013 20.58¢ 20.69¢ 20.60% 20.55%
12 — 2013 12.75¢ 12.90° 13.05% 13.15%
01 — 2014 9.23% 9.55%b 9.76° 9.95¢
02 — 2014 6.99¢ 7.02¢b 7.219b 7.28b
03 — 2014 7.34¢ 7.24¢ 7.27¢ 7.17¢
04 — 2014 14.66* 14.18° 13.90¢ 13.68¢
05 — 2014 20.86% 20.10° 19.86° 19.57°
06 — 2014 26.70° 25.9800 25.15%¢ 24.81¢
07 — 2014 30.64° 29.920 20.45¢ 29.15¢
08 — 2014 30.66% 30.10%0 29.60°¢ 29.38¢
09 — 2014 29.91¢ 29.88¢ 29.69% 29.43¢
10 — 2014 26.79% 26.81¢ 26.68% 26.67%
11 — 2014 21.17¢ 21.22¢ 21.26¢ 21.19¢
12 — 2014 12.85¢ 12.9540 13.15° 13.22b
01 — 2015 9.76% 9.994b 10.29%¢ 10.50¢
02 — 2015 7.51% 7.53% 7.780 7.81°
03 — 2015 7.97% 7.97% 7.91% 13.50%
04 — 2015 15.61° 15.06° 14.89%¢ 14.59¢
05 — 2015 21.53% 20.80° 20.51b¢ 20.32¢
06 — 2015 27.73% 26.97° 26.55%¢ 26.28¢
07 — 2015 30.78% 30.3840 30.00%° 29.77°
08 — 2015 31.12¢ 30.49b 30.10° 30.02°
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Table 4.5: Maximum soil temperatures (C) at different distances from the sidewalk for each month.
Means with the same letter in a row do not significantly differ based on ANOVA and Fisher’s
Protected LSD test with a significance level of 0.05.

Distance

Month 15cm 30cm 45cm 60cm
09 — 2013 31.97% 31.3790 31.37%P 30.83°
10 — 2013 31.67% 30.57° 30.17¢ 30.07¢
11 — 2013 28.33¢ 26.2520 25.61° 25.25b
12 — 2013 18.98¢ 16.86% 16.49 16.14¢
01 — 2014 18.45% 14.93¢ 14.13% 13.61¢
02 — 2014 20.64% 14.53° 11.62¢ 10.52¢
03 — 2014 20.99¢ 15.59° 13.730 12.90°
04 — 2014 22.13¢ 20.330 19.57¢ 19.27¢
05 — 2014 27.03¢ 25.73¢ 25.97¢ 25.53¢
06 — 2014 29.15% 28.60% 28.70% 28.47%
07 — 2014 32.26% 31.59¢ 31.30¢ 31.21¢
08 — 2014 32.02¢ 31.64¢ 31.63¢ 31.43¢
09 — 2014 31.81¢ 31.29¢ 31.77% 31.67%
10 — 2014 30.01¢ 29.81¢ 29.88¢ 29.64¢
11 — 2014 26.77% 26.200° 25.76° 25.71°
12 — 2014 15.27¢ 15.07¢ 15.20® 15.22¢
01 — 2015 16.32¢ 14.01¢ 13.45% 13.17%
02 — 2015 16.74 12.53¢ 10.74¢ 10.19¢
03 — 2015 18.11¢ 14.4449b 13.23ab 12.67°
04 — 2015 22.79¢ 21.042b 20.26° 19.90°
05 — 2015 27.50% 26.36% 25.87% 25.49¢
06 — 2015 29.98¢ 29.68% 29.52¢ 29.17¢
07 — 2015 33.75% 33.43% 33.24% 33.32¢
08 — 2015 32.91¢ 32.90¢ 32.76¢ 32.81¢
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Table 4.6: Minimum soil temperatures (C) at different distances from the sidewalk for each month.
Means with the same letter in a row do not significantly differ based on ANOVA and Fisher’s
Protected LSD test with a significance level of 0.05.

Distance

Month 15cm 30cm 45cm 60cm
09 — 2013 24.23¢4 24.03% 23.97% 23.93%
10 — 2013 22.53¢ 23.07° 23.13° 22.93°
11 — 2013 16.29% 16.20° 15.93b 15.01°
12 — 2013 9.00® 9.85° 10.32b¢ 10.50¢
01 — 2014 4.46% 5.31° 5.84¢ 6.17¢
02 — 2014 3.49¢ 4.280 5.07¢ 5.36°¢
03 — 2014 2.24¢4 2.98b 3.34b 3.42b
04 — 2014 8.83¢ 9.50° 9.70b 9.77%
05 — 2014 15.02¢ 15.32¢ 14.47% 14.30®
06 — 2014 21.75% 21.98¢ 20.61¢ 20.50¢
07 — 2014 26.08% 25.87¢ 26.17% 25.93%
08 — 2014 26.90% 26.36% 26.36¢ 26.14¢
09 — 2014 25.66% 25.85% 27.17% 27.03%
10 — 2014 21.87 22.53b 22.830 22.72b
11 —2014 14.70° 15.73b 16.27° 16.30°
12 — 2014 9.03% 9.83° 10.30%¢ 10.47¢
01 — 2015 4.86% 5.6320 6.31%¢ 6.78¢
02 — 2015 4.03% 4.77° 5.61¢ 5.86¢
03 — 2015 3.06¢ 3.68" 4.27¢ 4.38¢
04 — 2015 10.43 10.71¢ 10.94 11.08%
05 — 2015 16.67¢ 16.85% 16.99% 16.93¢
06 — 2015 23.94¢ 23.84¢ 23.47¢ 23.18¢
07 — 2015 26.77% 26.17% 26.78¢ 26.66%
08 — 2015 26.95% 27.65¢ 27.97¢ 27.13¢
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Table 4.7: Mean/Max/Min soil temperature (C) at different distances from the sidewalk using
model (4.6). Means with the same letter in a column do not significantly differ based on ANOVA
and Fisher’s Protected (LSD) test with a significance level of 0.05.

Distance Mean Soil Temp Max Soil Temp Min Soil Temp
15cm 20.23¢ 25.72¢ 15.31¢
30cm 19.78° 25.13° 15.59%
45cm 19.62°%¢ 24.820¢ 16.03°
60cm 19.49¢ 24.53¢ 16.42¢

4.3.3 Analysis based on a RCBD for the mean, max, min of the soil

temperature time series with month included in the model

We applied RCBD to our soil temperature dataset. There are 4 treatments (15cm, 30cm,
45cm, 60cm) and 3 blocks (repl, rep2, rep3). For each distance and each rep, there are 24 monthly
soil temperatures (maxima, average and minimal). So we typically take 24 measurements on each
E.U. over time.

We used the following model:

Yiie=p+7+ 0 +ewij+ T+ 7Tk +eviji; 1=1,2,3,4; j=1,2,3; k=1,2,...,24; (4.6)

where Y, is soil temperature (max, mean or min), 4 is an overall mean, 7; is effect of distance, §;
is the random effect of rep, T}, is the effect of time (month).€,;; is the random effect of block j in
treatment i, €p;;1 is the experimental random error.

The results for soil temperature with maximal, average, and minimal as response are dis-
played in Figure 4.2, Figure 4.3, and Figure 4.4. Table 4.7 shows the mean, max, and min soil
temperature for increasing distances from the sidewalk with model (4.6). Table 4.7 indicates that
the highest sample mean and max soil temperature were both recorded at 15cm and the lowest
sample mean and max soil temperature were both recorded at 60cm. However, the closer to the
sidewalk, the lower the sample min of the soil temperature time series. According to the ANOVA and
Fisher’s Protected LSD test, the true population mean, max, and min of the soil temperature time
series at the different distances are different (with a significance level of 0.05). The results suggest

that the proximity to the sidewalk has influence on the true mean, max, and min soil temperature.
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Figure 4.2: Mean soil temperatures (C) at different distances (15% cm, 30° cm, 45°¢ ¢cm, 60¢ cm)
from the sidewalk for each month. Means with the same letter do not significantly differ based on
ANOVA and Fisher’s Protected LSD test with a significance level of 0.05
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Figure 4.3: Max soil temperatures (C) at different distances (15% cm, 30° cm, 45° cm, 60° cm)
from the sidewalk for each month. Means with the same letter do not significantly differ based on
ANOVA and Fisher’s Protected LSD test with a significance level of 0.05
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Figure 4.4: Min soil temperatures (C) at different distances (15% c¢m, 30° cm, 45 cm, 60¢ cm)
from the sidewalk for each month. Means with the same letter do not significantly differ based on
ANOVA and Fisher’s Protected LSD test with a significance level of 0.05
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4.3.4 Analysis based on a RCBD for mean, max, min soil temperature

time series with air temperature included in the model

From Chapter 3, we know that air temperature have an influence on soil temperature. So
soil temperature (measured response) is related not only to the distance (treatment) but also to air
temperature (covariate). And the distances do not have an effect on air temperature. In experiment
design, covariate is defined as the variables that describe the differences in experimental units or
experimental conditions (Ott & Longnecker, 2010). The issue is that the covariates (air temperature)
are all the same for different experimental units (sites of sensor). A plot of the soil temperature for
each distance is shown in Figure 4.5 with the covariate, air temperature given on the horizontal axis.

Figure 4.5 indicated that the relationship between soil temperature and the covariate air
temperature is almost linear or curvilinear. Since the analysis of covariates combines features of the
analysis of variance and regression analysis, we make use of a general linear model formulation for
the analysis of the soil temperature time series data. If we assume a linear relationship between soil
temperature Y;;, and the covariate, air temperature x;;;, for each treatment, we have a RCBD with
3 blocks (repl, rep2, rep3), 4 treatments (15cm, 30c, 45¢, 60cm), one covariate (air temperature)
and n = 24 observations per treatment in each block. In section 4.3.3, we add the effect of time

(month) in the RCBD model (4.6). However, the effect of month is not included in the following
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Figure 4.5: Soil temperature for 4 distances with covariate, air temperature
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Table 4.8: Expected values for the RCBD with one covariate

Block Treatment Expected Responses
1 1 Bo + P11
1 2 (Bo + Ba) + (B1 + B7)x1
1 3 (Bo + Bs) + (B1 + Bs) 1
1 4 (Bo + Bs) + (81 + Bo)z1
2 1 (Bo + B2) + 171
2 2 (Bo + B2 + Ba) + (B + Br)x1
2 3 (Bo + B2 + Bs) + (b1 + Bs)z1
2 4 (Bo + B2 + Bs) + (b1 + Bo)z1
3 1 (Bo + B3) + Bixy
3 2 (Bo + B3 + Ba) + (B1 + Br)x1
3 3 (Bo + B3+ B5) + (B1 + Bs)z1
3 4 (Bo + B3 + Bs) + (B1 + Bo)x1

model which contains air temperature. Because the monthly air temperature is the same for any

reps and any distances.

Yijk = Bo + Ti + bj + dizijk + €ijk (4.7)

where i =1,2,3,4; 7 =1,2,3;and k =1,--- ,24. Yjj, is the mean or max or min of the monthly soil
temperature, x;;; is the mean of the monthly air temperature, fy is the intercept of the regression of
y on X, 7; is the ith treatment effect, d; is the slope of the regression of y on x, b; is the jth random

block effect, and ¢;;15 are the random errors. We can write this in a general linear model as:

Full Model :  y = Bg + S1x1 + Boxo + Paxs + Paxs + Bsx5 + BeTe (4~8)

+ Brr124 + G125 + Box1T6 + €4k

where z; = covariate; x5 = 1 if block 2 |, 9 = 0 otherwise; z3 = 1 if block 3 , x5 = 0 otherwise;
x4 = 1 if treatment 2, x4 = 0 otherwise; x5 = 1 if treatment 3, x5 = 0 otherwise; xg = 1 if treatment
4, xg = 0 otherwise.

In the full model (4.8), the response y is related to a quantitative variable z; and two
qualitative variables: blocks and treatments. An interpretation of 8s in the model is shown in Table
4.8:

The model (4.8) provides for a linear relationship between y and x4 for each of the treatments

in each block, and it also allows for differences among intercepts and slopes. Note that the treatments
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have different slopes, but that each treatment has the same slope across blocks (Ott & Longnecker,
2010). To test whether the linear relationship between soil temperature and air temperature is
the same for the 4 distances (whether the 4 lines have equal slopes), we fit a model to the soil

temperature data in which the 4 lines have the same slope, but different intercepts.

Reduced Model I LY = 60 + ﬂlscl —+ 62582 —+ ﬂg:l?g —+ ﬂ4£174 —+ [351’5 —+ /861:6 + eijk (49)

A test for equal slopes is obtained by testing in Reduced Model I the hypotheses

Hy: By=pPs=Po=0 vs H,: B;s are not all equal,i =7,8,9

The test F-statistic for Hy versus H; is

(SSERr; — SSER)/(dfr — dfr)

F= SSEr/dfr

(4.10)

where SSFER; is the sum of squares error from the Reduced Model I, SSEr is the sum of squares
error from the Full Model. Based on this F-statistic, we calculated a p-value. We used mean, max,
min soil temperature as the response, respectively. We all calculated a p-value which is greater
than the significant level 0.05. Thus, the 4 treatments have the same slope. Then, we can test for

differences among the 4 treatments. We would fit a model without treatment differences:

Reduced Model 11 : y = By + B1x1 + Baxo + B3xs + €ijk

Then the following null hypothesis can be used to test for differences among treatments.

Hy: B4=85=086=0 vs H,: s are not all equal,i =4,5,6

The test F-statistic for Hy versus H; is

(SSEgrir — SSER1)/(dfrir — dfrr)

F =
SSERrr/dfrr

(4.11)

where SSER;; is the sum of squares error from the Reduced Model II. Based on this F-statistic, we
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Table 4.9: Mean/Max/Min soil temperature (C) at different distances from the sidewalk with the
impact of air temperature. Means with the same letter in a column do not significantly differ with
a significance level of 0.05.

Distance Mean Soil Temp Max Soil Temp Min Soil Temp
15cm 20.11% 24.98% 14.89°
30cm 19.77%% 24.250 15.34°
45cm 19.66%0 23.79%¢ 15.68%¢
60cm 19.35° 23.52¢ 15.92¢

can calculated the p-value. When the p-value is less than the significant level, we then used Fisher’s

Protected LSD test to compare any pair of soil temperature. The results are shown in Table 4.9.

4.3.5 Analysis based on a RCBD for residuals of the mean, max, min soil

temperature time series

Another approach to analyze the soil temperature with the influence of air temperature is
to use the residual from the function:

Y = f(x) (4.12)

Where f is a function to describe the relationship between soil temperature and air temperature.
We use mean air temperature as the input x and maximal, average or minimal soil temperature as
the output Y in (4.12).

We substract the effect of air temperature from soil temperature, then use the difference or
residual (y — f(x)) as the response in model (4.6). In this study, we used linear model and Granger-
causality model as f, respectively. Then we used the residual from these two models as the response
in model (4.6), respectively.

The results for residuals from linear model and Granger-causality model are in Table 4.10
and Table 4.11. From the results, we can conclude that the true residuals from the linear model are
significantly different among incremental distances (15cm, 30cm, 45cm, 60cm) from the sidewalk.
While the true residuals from the Granger-causality model do not significantly differ among incre-
mental distances (15cm, 30cm, 45c¢cm, 60cm) from the sidewalk. When average and max monthly
soil temperature are used as output in (4.12), the highest residual from linear model and Granger-
causality model was both recorded at 15 cm and the lowest was both recorded at 60 cm. When

min monthly soil temperature are used as output in (4.12), the closer to the sidewalk the lower the
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Table 4.10: Variation of residual from linear model for increasing distances from the sidewalk. Means
with the same letter in a column do not significantly differ with a significance level of 0.05.

Distance Mean residual Max residual Min residual
15cm 0.284¢ 1.616¢ —0.415%
30cm 0.004° —0.092° —0.18970
45cm —0.0930¢ —0.619%¢ 0.287°
60cm —0.195¢ —0.905¢ 0.317°

Table 4.11: Variation of residual from Granger Causality model for increasing distances from the
sidewalk. Means with the same letter in a column do not significantly differ with a significance level
of 0.05.

Distance Mean residual Max residual Min residual
15cm 0.115% 0.132¢ —0.075%
30cm 0.011¢ 0.122° 0.0182
45cm —0.041¢ 0.018%¢ 0.012¢
60cm —0.085% —0.015¢ 0.107¢

residual for both models.

4.4 Peaks Over Threshold

The scope of this section is to analyze temperatures using a Peaks Over Threshold (POT)
approach. The purpose of this POT approach is to analyze soil temperature extremes by comparing
the number of soil temperature that exceed a high threshold for different distances. This is motivated
by the fact that in the analysis, the max soil temperature seems to be the time series characteristics
that was influenced most by the sidewalk distance.

First, we need to choose the threshold. Commonly used procedure consists of choosing
one of the sample points as a threshold, the choice is often the kth upper order statistic Y, _xt1
from the ordered sequence Y7y, --- Y, (Bommier, 2014). Frequently used is the 0.90 quantile. We
first calculate the 0.90 quantile for the daily soil temperature for each rep and each month. The
thresholds are shown in Figure 4.6. We then count the number of observations exceeding thresholds

and use these values as the response in model (4.6). The results are in Table 4.11
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Table 4.12: Average number of exceedances for increasing distances from the sidewalk by month.
Means with the same letter in a row do not significantly differ with a significance level of 0.05.

Average number of exceedances

Month 15cm 30cm 45cm 60cm
09 — 2013 8¢ 3.67° 0.33¢ 0°
10 — 2013 5.67% 4b 2.33¢ 1°
11 — 2013 4.67¢ 4o 1.67% 1.67¢
12 — 2013 5.67% 5.33% 1° 1°
01 — 2014 5.33% 5% 1.33¢ 1.33¢
02 — 2014 6° 2.67° b 1.330
03 — 2014 7.33% 3.67° 1.33¢ 0.67¢
04 — 2014 5.33% 3.67° 2.33b 0.67¢
05 — 2014 9.33% 3.330 0.33¢ 14.30°
06 — 2014 9@ 30 0c 0°¢
07 — 2014 11.33¢ 1.67° ob ob
08 — 2014 9e 4b 0° 0°
09 — 2014 7% 4.33b 0.67¢ 0°
10 — 2014 5% 3¢ 3¢ 20
11 — 2014 3.67% 3.332 2.67% 2.33%
12 — 2014 4.33% 40 2.674b b
01 — 2015 5.33% 3.67% 2.33% 1.67¢
02 — 2015 4.33% 4.33% b 1.330
03 — 2015 6.67% 30 20 1.33b
04 — 2015 8¢ 30 0.67¢ 0.33¢
05 — 2015 9.67% 30 0.33¢ 0°
06 — 2015 9.67¢ b 0.33% ob
07 — 2015 11.67¢ 1.33% 0° 0°
08 — 2015 8.33% 3.67%b 1b 0°
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4.5 Discussion and Future Work

This work has developed a complete block design based on the monthly soil temperature time series
data with the impact of air temperature. For future research, we will consider to build a more
general design for the original data set (sample size is 35,040). And we will consider some other
methods to add the influence of air temperature into our design. In addition, we can consider spatial
space model. Since the soil temperatures were measured over distances (15cm, 30cm, 45cm, 60cm),
it is reasonable to assume that the correlation between any two observations decrease as the sensor

are further apart in distance.
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