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Lecture 55
Digital Soil Mapping with Continuous Variables (Contd.)
Welcome friends to this last lecture of week 11 of NPTEL online certification course of
Machine Learning for Soil and Crop Management. And in this week, we are dealing with
digital soil mapping with continuous variables. We have in our previous lectures we have
seen many you know R codes for exploratory data analysis, GIS operation, geo statistical

operations, spline fitting, we have seen also, we have seen how to do the model validation

using random holdout and then leave one out cross validation.

We have seen, we have seen how to produce the model using simple linear regression, we
have seen how to produce the model using multiple linear regression and map based on
multiple linear regression. Also, we have seen how to develop the classification regression to
a decision tree using the continuous data and how to produce the map using that continuous,

that decision tree model.
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CONCEPTS COVERED

¢+ CUBIST

* RANDOM FOREST
¢ UNIVERSAL KRIGING

Now, in this lecture we are going to cover these concepts we are going to cover this cubist
model, we are going to cover the random forest model and then we are going to discuss a

hybrid model that is a hybrid approach that is Universal Kriging.
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KEYWORDS

* Cubist
* Random Forest

¢ ntree

* cubistControl

* Universal Kriging

So, guys these are the cube these are the keywords for this lecture, cubist, random forest,

ntree then cubist control Universal Kriging these we are going to discuss in this lecture.
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CUBIST

* Avery popular model structure used within
the DSM community.

* lts popularity is due to its ability to “mine”
non-linear relationships in data, but does not
have the issues of finite predictions that
occur for other decision and regression tree
models

43

Now, first we will start discussing about the Cubist, cubist is a very popular model structure
used in the within the DSM community and its popularity is due to its ability to mine
nonlinear relationship data but does not have the issue of finite prediction that occur for other

decision and regression tree models.

Now, in case of decision tree models, the finite predictions is one of the major issue. So, here

cubist can address that problem. So, it is ability to mine that non-linear relationship data, but



it does not have the issue of this finite prediction. So, this is very popular method nowadays

for DSM operations.
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CUBIST

Based on the M5 algorithm of Quinlan (1992)
¢+ The Cubist model first partitions the data into subsets within which their characteristics are similar with
respect to the target variable and the covariates.

A series of rules (a decision tree structure may also be defined if requested) defines the partitions, and these
rules are arranged in a hierarchy. Each rule takes the form:

* if [condition is true]
* then [regress]
* else [apply the next rule]

So, this cubist is based on the M5 algorithm of Quinlan, and also this cubist model... how
this cubist model works. So, this cubist model works first by partitioning the data into subsets
within which their characteristics are similar with respect to the target variable and the
covariates and a series of rules, defines these partitions and these rules are managed in a

hierarchy. So, each rule takes this form.

So, you can see here, if a condition is true, then you know you go for regression otherwise or
else apply the next rule. So, basically partition the data by these if then else rule and when
some observations satisfy some clustered by this partition, then we fit the linear regression in
each of these nodes. So, it is basically kind of a hybrid between the nonlinear cart as well as
linear model. So, that is why it is able to generalise the nonlinear relationship, but at the same
time it can maintain the linearity. So, this is a cubist rule, this is the this is the cubist

algorithm.
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CUBIST

¢+ The condition may be a simple one based on one covariate or, more often, it comprises a number of
covariates. If a condition results in being true then the next step is the prediction of the soil property of
interest by ordinary least-squares regression from the covariates within that partition. If the condition is not
true then the rule defines the next node in the tree, and the sequence of if, then, else is repeated.
The result is that the regression equations, though general in form, are local to the partitions and their
errors smaller than they would otherwise be.
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Now, the conditions may be a simple one based on the one covariate or more often it
comprises a number of covariates if a condition results in being true then the next step is the
prediction of the soil property of interest by ordinary least squares regression from the
covariates within that partition, just like I have seen, I have told you that we partition the data
based on the rule if else and you know if then else rule and then we partition the data and
based on that partition, we predict the target parameter using our covariate data using lived

you know least squares regression linear least squares regression model.

So, if the condition is not true, then the rule defines the next node of the tree and the sequence
of it and then else is repeated. So, the results is that regression equation through general
inform are very local to the partition and they are error is smaller than they would otherwise
be. So, of course, you can see that we are partitioning the data and we are fitting it individual
models, linear models in each of this partition. So, though they are general linear, you know,
you know this regression equation though their general form they are very much local,
because we are fitting the individual models within the individual partitions and as a result of

that our error becomes much smaller.
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CUBIST

¢+ Luckily, fitting a Cubist model in R is not too difficult—although it will be useful to spend some time playing
around with many of the controllable parameters the function has.

* In the example we will try today we can control the number of potential rules that could potentially
partition the data (note this limits the number of possible rules, and does not necessarily mean that those
number of rules will actually be realized i.e. the outcome is internally optimised).

¢+ We can also limit the extrapolation of the model predictions, which is a useful model constraint feature.
These various control parameters plus others can be adjusted within the cubistControl parameter.

*  Does not unnecessarily overfits the data
t&ﬁ - ¥
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Now, luckily fitting this cubist model in R is not too difficult although it will be useful to
spend some time for playing around with many of the controllable parameters the function
says, so there is a parameter called cubist control. So, use this cubist control parameter to
tune the model. So, if the example will try today, we can control the number of potential rules
that could potentially partition the data so, we can control the number of rules this limits the
number of possible rules and does not necessarily means that those number of rules will
actually be realised, maybe we can give 10 rules, but the algorithm may go with only two

rules.

So, when you know after the optimization and also, we can limit the excerpt of extrapolation
of the model prediction which is an useful model constraint feature and these variates various
control parameters can be adjusted within this cube control parameters. And the one of the

benefit of using this cube is easily does not overfit and unnecessarily overfit the data.
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Jnstill packagss ("Cukist
212 library(Cukist) I
213 library MASS)
214 set.seed(123)
215 training <- sample(nrow(DSM data), 0.7 * nrow(DSM_data))
216 nDat <- DSM_data[training,
217 # fit t el
218 edge.cub.BExp <- cubist(x = mDat[, c("elevation", "twi", "radk",
219 "andsat b4")], y = mbatslo
220 cukistCentrol (rules = S, extrapolation =
221 sunmary (edge.cuk.Exp)
222
223 # ¥
224 1 . = = Sl
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1 0.2924207  0.4506149 0.2304455 0.4800435 -4.440832e-15
> RT.pred.V <- predict (edge.RT.Exp, DSM data(-training, ])
> goof (observed = DSM data$log_cStockO 5[-training], predicted = RT.
pred.V)
R2 concordance MSE RMSE bias

.2306111  0.4266936 0.1990041 0.4460987 -0.06495294

> map RT.1l <- predict (covitack, edge.RT.Exp, "cStock 0 5 RT.tif",

format = "GTiff", datatype 48", overwri
= TRUE)
> plot(map.?TArl, main = "Decision tree predicted 0-5cm log carbon s
tocks")
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211 install.packages("Cutist")
212 library(Cubist)
213 library MASS)
214 set.seed(123)
215 training <- sample(nrow(DSM data), 0.7 * nrow(DSM_data))
216

erat <= DSV, datawtranlng,
217 #
218 edge.cub.Exp <- cubist(x = nDat[, c("elevation", 2", "radk",

219 "landsat_b4")], y = mDatSlo:
220 cukistCentrol (rules = 5, extrapolation =
221 sunmary (edge.cuk.Exp)

222
223
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1 0.2306111  0.4266996 0.1990041 0.4460937 -0.06495294

> map RT.rl <- predict (covStack, edge.RT.Exp, "cStock 0_5 RT.tif",
format = "GTiff", datatype "FLNS", overwri

= TRUE)
= plotlmap.RT.rl, main = "Decision tree predicted 0-5cm log carbon s
tocks")
> library (Cubist)
Loading required package: lattice
> library [MASS)
> set.seed(123)
> training <- sample (nxow(DSM data), 0.7 * nrow(DSM datal)
>
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215 3M data), 0,7 * nrow(DSM data))

2164 ]

217

218 ¢ mDat[, c("el "racK", "landgat b3",

219 *lardsat bi")], y = mDat$log_cStocko 5,

220 distControl (rules = 5, extrapolaticn = §),committees = 1)
221
222
223
224

207 nwum
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> map RT.rl <- predict (covStack, edge.RT.
format = "GTiff",

5 RI.tif",
S, overwri

"cStock 0

Zxp,
datatype =

= TRUE)
> plottmap.RT.rl, main = "Decision tree predicted 0-5cm
tocks")
> library(Cubist)
Loading required package: lattice
> library (MASS)
> set.seed(123)
> training <- sample (nrow(DSM data), 0.7 * nrow(DSM data))
> mDat <- DSM data(training, ]
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So, let us go ahead and see how we can run this model. So, we have done this card and sorry
decision tree and based prediction in our previous lecture. So, here we are going to start with
the cubist. So, for cubist we are going to install this cubist package. So, once we have
installed the cubist package, let us run this let me just you know, we can call this library
cubist, and then we can call this library mass and then we are setting the seed as 123 and then
again we are selecting the 70 percent of the samples in the training data set and let us call
these training data as model data or m dat. So, these training data calibration data let us call it

as m dat or model data.

Now, let us fit the cubist model. So, for fitting the cubist model here we are having our x is
our model data and our predictors are elevation twi, radk, landset b3, landset b4 and our y is
the target parameter that is the carbon stock of 0 to 5 centimetre within this model data our
cubist control parameters you can see it is cubist control parameter, we are specifying the 5
number of rows and we are specifying the five extrapolation and number of committees will

be 1. So, and so, this is very simple and let us run this summary of this cubist model.
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212 library(Cubist)
213 library (MASS)
214 set.seed(123
215 training <- samgle(nrow(DSM data), 0.7 * nrow(DSM data)
216 mDat <- DSM_data[training,
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5),committees = 1
> summary (edge . cub.Exp)

Call:

cubist.default {x = mDat[, c("elevation", "twi"
mbat$log_cStockd 5, committees = 1, control
cubistControl (rules = 5] extrapolation = 5)

Cubist [Release 2.07 GPL Edition] Sat Mar 12 12:12:41 2022
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Call:

cubist.default x = mDat[, c("elevation", "twi"
mDat$log cStockd 5, committees = 1, control
cubistControl (rules = 5, extrapolation = 5)

2.07 GPL Edition] Sat Mar 12 12:12:41 2022
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landsat_b4
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Attribute usage:
Conds Model

100% elevation
100% twi
100% landsat b4
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So, if you run this summary of the cubist model, this is the model results. So, you can see this
is the model initial model input and then you can see that target attribute in this case is
outcome and we have 238 cases with 6 attributes and then rule 1 is basically using all the 238
cases the mean is 2.76 the range of values is given and estimated error is also given outcome

1s this model.

So, this model which they have fit this linear regression model which they have fit for this
first rule is you know outcome is this is the intercept plus elevation with the slope then twi
with the slope and landset b4 with the slope and then you can see that what are the average

error what are the linearity error and that is the correlation coefficient.
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And then you can see that you know, how much these variables have been utilised in the
model. So, from there you can see one important thing that although we have fixed you
know, five rules, it has used only one role after optimization. So, this is one of the important

feature of cubist.
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> Cubist.p
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st.pred.C)

R2 concordance MSE RMSE bias
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Now, let us do some internal validation. So, for this internal validation We are going to use

predict (edge. cul

, newdata = DSM data[tra

again the you know first we are going to predict using the predict our dataset based on these
training samples. And then internal validation means again the calibration so again goodness
of fit statistics observed is our training data set 0 to 5 centimetre carbon data predicted which

we have just predicted here cubist dot predict dot C here.
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> Cubist.pred.C <- predict(edge.cub.Exp, newdata = DSM data[trainin
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> goof (observed = DSM dataslog cStock0 5[training], predicted = Cubi

st.pred.C) y

R2 concordance MSE RMSE bias A
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> Cubist.pred.C <- predict (edge.cub.Exp, newdata = DSM data|trainin
a1
> goof (cbserved = DSM_data$log_cStock0_S(training], predicted = Cubi
st.pred.C)

R2 concordance MSE RMSE bias
1 0.1774503  0.3173758 0.2678904 0.5175813 -0.009558701
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> Cubist.pred.C <- predict(edge.cub.Exp, newdata = DSM datatra:
g 1)
> goof (cbsetved = DSM_data$log_cStock0_5[training], predicted = Cubi
st.pred.C)

R2 concordance MSE RMSE bias
1 0.1774503  0.3173758 0.2678904 0.5175813 =0.009558701

[« R

So, if we run this thing, we will see we will see the model results So, R square 0.17

concordance 0.31, MSE 0.26, RMSE 0.51, bias is 0.00 external validation again for

validation data set minus training you can see we are first predicting the values and then from
the observed values and the predicted values again we are going to use this goof function and

we want to plot it simultaneously.
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Cubist.prad.V <- pradict (edge.cub.Exp, newdata = DSM data -tral
goof (cbserved = DSM data$log_cStock0 5[-training], predicted

# Mapping with CU

map.cubist.rl <- predict(covStack, edge.cub.Exp, "cStock 0 5
format = "GTiff", datatype = "FLT4

Elot(map.cubist.rl, main = "Cubist model predicted 0-5cm lo

1

stocks (0

Ll

> Cubist.pred.V <- predict(edge.cub.Exp, newdata = DSM data[-trainin o
g 1)
> goof (cbserved = DSM data$log cStock0 5[-training], predicted = Cub
ist.pred.V, plot.it =TRUE)

R2 concordance MSE RMSE bias
10.1940418  0.4131117 0.2084628 0.4565773 -0.09147446
> # Mapping with CUBIST
> map.cubist.rl <- predict(covStack, edge.cub.Exp, "cStock 0 5 cubis
t.tif",

rvrite = TRUE)
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nap.cubist.rl <- pradict(covStack, edge.cub.Exp, "cStock 05 cu
format = "GTiff", datatype 745",

plot (map.cubist.rl, main = *Cubist model predicted 0-5cm log ca
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So, you can see this is the result 0.19 concordance I may see RMSE bias, when you do not
one thing when using the goof function, when you do not specify any argument of type, then
by default it will give you the result for digital soil mapping or DSM if you specify the
argument at either DSM or spec, then only they will they will take it into consideration, but if

you do not specify the argument, then it will by default it will take the DSM argument.

So, this is a predicted versus measured results and then if you want to map based on this cube
is values, so, basically you have to use this predict function and then you know based on this
predict function our model is edge dot cube dot exp our covStack remember whatever

modelling, whatever mapping you are doing, you have to based on these covariate data.

So, covariate data stack covariate is taking into consideration so, we are running it and then if
you want to plot this, you just have to use this plot function and see how it will appear. So,
this is the cubist model predicted 0 to 5 centimetre no log carbonStock. So, using the cubist
model, so, this is how you can guys you can predict the view based on the cubist model and
you can produce the map of soil properties using the cubist predicted values. So, we have

completed the cubist model.
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Now, the next important model, which has been widely used in DSM domain is the random
forest for Random Forests the in the you have to install this package, random forest. So,
please go ahead and install, I have already installed so, I am not going to further install I am

just going to call this library random forest.

Again, [ am setting the seed 123 for selecting randomly selecting the data, the calibration set.
So, here we are selecting the 70 percent of the data in the calibration set and then we are
fitting the model so, for fitting the model the function is random forest function here we are
targeting these log carbon stocks 0 to 5 centimetre our parameters or variables or elevation
twi, radk, landset b3, landset b4 data is the training data set of the you know of the of these
DSM underscore data and importance true and the number of tree we want to grow is 1000

number of trees. So, the model is now built.
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Now, let us see how this model will. So, here you can see this is the output of the model. So,

6645000 6555000 6665000 6575000
e L L

type of random forest is a regression because our target is a continuous variable number of
trees we have grown 1000, number of variables tried at each split is 1, mean of squared

residuals 0.27, so MSE is basically 0.27.

So, if you take the square root of it, it will give you the RMSE and number of way and the
percentage of variance explained is 16.1 percentage. So, you can see here this is the result
from the random forest. Now, another very important thing is using the random forest, you
will be able to get the variable importance that means you can map or you can produce the
plot showing which variable is more important than other variables. So, for that we are going

to use this varImpPlot function and this is the our full model.
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So, let us run it and you can see here these two expressions or these two plots will be
generated based on percentage increase in MSE and increase in Node purity. So, you see that
percent increase in MSE basically that means a based on that elevation has the maximum
importance followed by twi followed by landset b3, landset b4 and radiometric potassium
similar type of results we can get an increase in node purity, INC node purity means
increasing node purity. So, you can also get that elevation is the highest important variable
followed by twi, landset b4 radk, landset b3. So, based on this, we can say that elevation is
the highest important variable followed by twi, landset b3 and twi and then landset b4 and so

on, so forth.
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So, once we have done that, next is doing the internal validation the same just like previous,
we are going to do this with the calibration set we are going to first predict based on the
calibration set, and then we are going to use this cubist, we are going to use this goof function
to predict the results and then we are going to see that R square is 0.78, concordance is 0.8,
for MSE 0.06, RMSE 0.26, bias minus 0.00 and then external validation that means original

validation with the holdout validation sample.

So, if you can see that, it is also 30 percent. Now, one thing you can see for clear here that
here the model is showing somewhat you know, over prediction or you know sorry
overfitting So, here you can see R squared value is 0.78 however, for the calibration data set
for what the validation data set, we are getting an R square value of 0.30, so that showing
some amount of overfitting. So, you should be very very careful by checking these...

calibration validation statistics. So, you know, so we have seen how to do how to check the



variable importance and we have also seen how

from the calibration and the validation.
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Now, let us see how to produce the map using this using the random forest, just like
previously we have also used this call stack function, so call stack function sorry call stack or
stack covariate we are going to predict based on the stack covariate using these edge dot rf
dot exp model, our format data type all these things are given here. So, let us first predict and

then map using and then plot using the plot function.

So, you can see here the plot will be generated momentarily showing the random forest
predicted map of 0 to 5-centimetre block carbon stock. So, this is how this map looks like this
is the random forest predicted organic carbon map of soil. So, guys this is how you produce

the maps using these cubist and Random Forest. Now, next thing is Universal Kriging.
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273 install.packages("gstat")

274 library(gstat)

[ |set seed(123)  SpimmpmmeEmen )

276 training <- sample(nrow(DSM data), 0.7 * nrow(DSM data))

277 cDat <- DSM_dataltraining, ! -

278
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o
> RF.pred.V <- predict (edge.RF.Exp, newdata = DSM_data[-training, ]) ::
> goof (observed = DSM dataslog _cStock0 5[-training], predicted = R7.
pred.V) 25
R concordance MSE RNSE bias )
1 0.300443  0.4580371 0.1309419 0.4253727 -0.08092012 E 15
> map RF.rl <- predict (covStack, edge.RF.Exp, "cStock 0 3 RF.tif", §
format = "GTiff", datatype = "FLT4S", overwri
te = TRUE) g
> plot (map.RE.r1, §
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> RE.pred.V <- predict (edge.RF.Exp, newdata = DSM data[-training, ]) - 8 5
> goof (observed = DSM data$log cStock0 5[-training], predicted = %
pred.v) 8 2
R2 concordance MNSE RNSE bias 20
10.300443  0.4580371 0.1809413 0.4253727 -0.08092012 E 15
> map RF.rl <- predict (covStack, edge.RF.Exp, "cStock 0 5 RF.tif", §
format = "GTiff", datatype = "FLT4S", overwri o
= TRUE) 2
> plot(map.RF.rl, §
+ main = "Random Forest model predicted 0-5cm log carben stocks =
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> RF.pred.V <- predict (edge.RF.Exp, newdata = DSM data[-training, 1) a  § -

> goof (observed = DSM data$log cStock0 5[-training], predicted = g
pred.v) L &
RZ concordance NSE RUSE bias o
10.300443  0.4580371 0.1809419 0.4253727 -0.08092012 15

> map RF.rl <- predict (covStack, edge.RF.Exp, "cStock 0 5 RF.tif",

format = "GTiff", datatype = "FLT4S", overwri

6645000 5655000

= TRUE)
> plot(map.RF.rl,
+ main = "Random Forest model predicted 0-5cm log carbon stocks
(0-5cm)")

>
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Now, Universal Kriging is a basically that it is a kind of a hybrid approach. Now, what is a
hybrid approach it is basically combination of both regression as well as Kriging. So, here we
do the regression by using the covariates and whatever residuals are there, we are going to
Krige those residuals and then combine the results from the regression as well as from the

Kriging interpolation.

So, the final output will be the combination of the model output plus the Kriging interpolation
output. Now, this is the in general this is called regression Kriging we are going to talk about
regression Kriging in next week of lectures, but just remember that in this case, if we are very
much strict about the model, that is this regression model, which should be linear then it will

be called a Universal model problem.

So, Universal Kriging approach, but, if that prediction model is variable, maybe most of the
time you will see that nonlinear models are more you know, more appropriate for handling or
for predicting the soil properties, then we can tell that, in that case it will be a true regression
Kriging but the difference between a regression Kriging and then a Universal Kriging is in
case of regression Kriging the prediction model could be any way you know, it could be

nonlinear, but in case of Universal Kriging the prediction model will be always linear.

So, I will show you now, how to you know deal with these Universal Kriging in R. So,
remember that in case of Universal Kriging, there is a strict requirement of Universal you
know Universal Kriging in gstat is that the coordinate reference system of the point data and
the covariate must be exactly the same. So, for maintaining, these coordinate, the coordinate
reference system for these for the of the point data set as well as the covariate data must be

same, so, we need to periodically check this if they are same or not.
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275 set.seed(123)

276 frraining <- sample (nrow (DS data), 0.7 * nrow(DSM_data))

277 cDat <- DSM_dataltraining,

278 coordinates(cDat) <- ~x +y

crs(chat) <- "+proj=utn +zone=55 +south +ellps=WGS84 +datum=WGS
tunits=n tno_defs"

R2 concordance
1 0.300443
> map.RF.rl <- predict (covStack, edge.RF.Exp, "cStock 0_5 RF.tif",
+

MSE RUSE bias
0.4580371 0.1309413 0.4253727 -0.08092012

format = "GTiff", datatype = "FLT4S", overwri

te = TRUE)

> plot (map.RF.rl,

+ main = "Random Forest model predicted 0-Scm log carbon stocks
(0-5¢m)")

> library(gstat)
> set.seed(123)
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#strict requirements of universal kriging in gstat is that the |
install.packagss("gstat")

library(gstat)
eed (123)

cDat <- DSV_data[training, |

coordinatss (cDat) <- ~x +y

crs(chat) <- "+proj=utn +zone=55 +scuth +ellps=WGS84 +datum=KGS
+units=n +no_defs"

R2 concordance
1 0.300443
> map RE.rl <- predict (covStack, edge.RE.Exp, "cStock 0 5 RE.tif",

NSE RNSE bias
0.4580371 0,1809413 0.,4253727 -0,08092012

format = "GTiff", datatype = "FLT4S", overwri

te = TRUE)

> plot (map.RF.rl,

+ main = "Random Forest model predicted 0-5cm log carbon stocks
(0-5cm)")

> library(gstat)
> set.seed(123)
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268 predl Named num (1:101] 1.18 4.27 2.1 1.27 1.1..
269: $HHHEHIREEHEEEEEIREE ONIVERSAL KRIGING HEH#ESHHEEHEIFERIIEIEE Rg,mc,c Named num [1:238] 2.85 3.16 3.21 2.98 2.,
ay L : RE.pred.V  Named num [1:103] 2.51 2.46 2.51 2.42 2...
:;; #strict requirsments of universal kriging in gstat is that the RK.preds.fin  mum (1:103] 2.54 2,52 2.48 2.54 2.7 ...
273 install.packagss ("gstat") RT.pred.C Named num (1:238] 3.15 3.3 3.3 3.15 2.35.
274 librarylgstat) RT,pred.V Named num [1:103] 2.4 2.4 2.65 2.4 2,92
2iblset. seed(123] - training int [1:23€] 99 269 139 299 317 16 177 33. »
o R e
277 cDat <- DS}/ data[tral

ning,

278 coordinates(cDat) <- ~x +y

279 crs(cDat) <- "tproj=utn +zone=55 tscuth +ellps=WGS84 +datum=WGS
280 +units=n +no defs"

R2 concordance MNSE RUSE bias
1 0.300443  0.4580371 0.1309413 0.4253727 -0.08092012
> map.RF.r1 <- predict (covStack, edge.RF.Exp, "cStock 0 5 RE.tif",
+ format = "GTiff", datatype = "FLT4S", overwri

te = TRUE)

> plot (map.RE.r1,

& main = "Random Forest model predicted 0-5cm log carbon stocks
(0-5cm)")

> library(gstat)

> set.seed(123)

> training <- sample (nrow(DSM data), 0.7 * nrow(DSM data))

>|
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So, for this we have to install this gstat package, and then we have to call this library gstat.
And then again, setting the seed 123 again just like previously, we are going to select the
model and the training model let us call it as a calibration dataset. See that, and then we are
going to see the coordinate of the see that so, of course, it will be we can see that we are

going to assign these coordinates that utm zone 55 south WGS 84.
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273 install.packages("gstat") occvstack Large RasterStack (1154000 elements,
274 library(gstat) odat 234 obs. of 3 variables
2175 set.seed(123) 0datl 234 obs. of 3 variables
276 training <- sample (nrow(DSM data), 0.7 * nrow(DSM_data)) odat2 101 obs. of 3 variables
277 cDat <- DSV_data[training, ©0DSM data 341 obs. of 8 variables
g;g Cﬂﬁrﬂ;ﬂ:tai(ﬂgat) S t:i ; 3 T T ©Oedae.cub.Exp  List of 14 q”
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281 crs(zovStack) = crs(cDat)
ggg S Random Forest mode! predicted 0-5cm log carbon stocks (0-5¢m)
284 =
» 3
e ““|I
& 4
te = TRUE) sl 8 3:
> plot (map.RF.rl, %‘
+ main = "Random Forest model predicted 0-5cm log carbon stocks Sl &
(0=5cm)") 2 28
> library(gstat) %- 15
> set.seed(123) 4
> training <- sample (nrow(DSM data), 0.7 * nrow(DSM data)) -
> cDat <- DSM_data[training, ] 8
> coordinates(cDat) <- ~x + y 31
> crs(chat) <- "tproj=utm +zone=55 +south +ellps=iiG384 +datum=HGS84 =
+ tunits=n +no_defs"
>
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279 crs(chat) <- "+proj=utn +zone=35 +scuth +e.lps=HGS84 +datum=HGS a R. | oksEneme - a
280 tunits=n +no_defs" oclat Formal class SpatialPointsDataFrame ca
281 crs (covstack) = crs(cDat) con, mat num (134, 1:4) 50120150501 ...
282 ¢ = 0cevStack Large RasterStack (1154000 elements, 9..¢
igi s ouseack) 0dat 234 obs. of 3 variables
285 odatl 234 obs. of 3 variables
266 odat2 101 obs. of 3 variables
287 ise the universal kriging model 0ODSM _data 341 obs. of 8 variables
288 variogram(log_cStcck0 § ~ slevation + twi + radk Oedge.cub.Exc  List of 14 (-2
289 landsat_b3 + landsat_bd, cDat, width = 250, ™ [Fis | Phs | Packaes "Nets | Viewr =0
250 cutoff = 10000) @ Pim Depa- 0 f P -
281 mod <- vgn(psill = var(cDatslog_cStockd 5), "Exp", range = 5000
282 model 1 <- fit.variogram(vgnl, mod) Random Forest mode| predicted 0-5¢m log carbon stocks (0-5¢m)
263 model_1 -
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> coordinates(cDat) <- ~x t y a0
> crs(cDat) <- "+proj=utm +zone=55 +south +ellps=VG384 +datum=WGS84
+ tunits=n +no_defs" e
> crs(covstack) = crs(cDat) 2
> # check 15
> crs (chat)
CRS arguments:
+proj=utm +zone=55 +south +datum=WGs84 +units=m tno_defs

> crs(covStack)
CRS arguments:
+proj=utn +zone=55 +south +datum=WGS84 +units=m +no_defs

>
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> crs(covstack)

CRS arguments:

+proj=utm +zone=55 +south +datum=WG584 +units=m +no_defs
>
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So, let us see whether our coordinate reference system of this calibration data set matches
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279 utm +zone=55 +south +ellps=HGS84 +datum=HGS84 o) | et et - a

280 oclhat Formel class SpatizlPointsDataFrame Qa
281 [chat) con.mat num (1:4, 1:4] 50120150501 ...
282 OccvStack Large RasterStack (1154000 elements, 9. ¢
ggj odat 234 obs. of 3 variables

285 odatl 234 obs. of 3 variables

286 0dat2 101 cbs. of 3 variables

287 fer el ODSM_data 341 cbs. of 8 variables

288 g_ )| ion + twi + radK + 0edge.cub.Exo  List of 14 q~

289 llandsat b3 + landsat b4, cDat, width = 250, cressie = TRUE, Firs P Puckages Hep  Yiewr =0

290 {toff = 10000) 6  Pun Dow- 0 4 5 Pubih -

291 far (cDat$log_cStock0_5), "Exp", range = 5000, nugget = 0)

282 igram(vgml, mod) Random Forest mode| predicted 0-5cm log carbon stocks (0-5¢m)
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“ N = 35
> coordinates(cbat) <- ~x + y - 8 &
> crs(cDat) <= "+proj=utm +zone=55 +south +ellps=iiGS84 +datum=WGS84 2 25
+ tunits=n tno_defs" sl

> crs(covstack) = crs(cDat) 3 e
> # check %_ 15
> crs (chat) 8

CRS arguments: =k

+proj=utn +zone=55 +south +datum=iiGS84 +units=m +no_defs gl

3
8

740000 750000 760000

well with the coordinate reference system of the of the stack covariate or not. So, if we give
this command we will cDat yes, they are both same. So, if we check further the coordinate
reference system of cDat and then coordinate reference system of covStack we will see that

in both the condition there will be zone 55 South datum a WGS 84 in both cases.
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262 # check ocevStack Large RasterStack (1154000 elements, 9.

283 crs(clat)

Bl cre (covstack] 0dat 234 obs. of 3 variables

285 odatl 234 obs. of 3 variables

266 odat2 101 obs. of 3 variables

287 # p ne . universal kriging model 0DSM_data 341 obs. of 8 variables

288 wvgnl <- variogram(log cStock0 § - elevation + twi + radk - Osdge.cub.Exo  List of 14 ol
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281 mod <- vgn(psill = var(cDatslog_cStockd 5), "Exp", range = 5000

282 model 1 <- fit.variogram(vgnl, mod) 1 Random Forest mode| predicted 0-5¢m log carbon stocks (0-5¢m)
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> coordinates(cDat) <- ~x t y g a0
> crs(cDat) <- "+proj=utm +zone=55 +south +ellps=VG384 +datum=WGS84 g’ 25
+ +units=n +no_defs" il

> crs (covStack) = crs(cbat) g 2
> § check 3 15
> crs (cDat) 8

CRS arguments:
+proj=utm +zone=55 +south +datum=WGs84 +units=m tno_defs
> crs (covStack)
CRS arguments: 740000 750000
+proj=utn +zone=55 +south +datum=WGS84 +units=m +no_defs A
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281¢) = crs(cDat) cen.mat ‘num [1:47 1:4] /5,071 2 0015 00500100
o Ocovstack ‘Large RasterStack (1154000 elements, 9. ¢ |
ggz ) odat 1234 obs. of 3 variables [
285 odatl 1234 obs. of 3 variables G
286 odat2 101 obs. of 3 variables £
287 § the universal kriging model ODSM_data . of 8 variables [
288 logram(log_cStock0 5 ~ elev: + 02dge. cub.Exo i 14
289 landsat b3 + landsat b4, cDat, width = 250, cressie =
250 cutoff = 10000)

291 3sill = var(cDat$log cStock0 5), "Exp", range = 5000, nugget =
282 fit.variogram(vgnl, mod) Random F Sem)
293
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> coordinates(cDat) <- ~x +y 7y
> crs(chat) <= "+proj=utm +zone=55 +south +ellps=iGS84 +datum=HGs84

+ funits=n +no_defs"

> crs(covStack) = crs(cDat)

> # check

> crs (chat)

CRS arguments:

+proj=utn +zone=55 +south +datum=iGS84 +units=m +no_defs

> crs(covStack)

CRS arguments: 740000 750000 760000
+‘pr0]=utm +zone=55 tsouth +datum=GS84 +units=m +no_defs
>
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261 crs(covStack) = crs(cDat) cen.mat num (134, 1:4] 50120150501 ... i)
|t check ocovstack Large RasterStack (1154000 elements, 9.

igi z:izg:;iack] odat :234 obs. of 3 variables 2|
285 0datl 1234 obs. of 3 variables L
286 0dat2 101 cbs. of 3 variables

287 # parametise the universal kriging model ©ODEM data (341 obs. of 8 variables

288
289

cutoff 0000}
mod <- vgm(psill = var(cDatSlog_cSteck0_S), "Exp", range = 5000
1

280

261

262 model 1 <- fit.variogram(vgnl, mod) Random Forest model predicted 0-5cm log carbon stocks (0-5cm)

283 model 1
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> coordinates(cDat) <- ~x + y N
> crs(chat) <- "+proj=utm +zone=55 +south +ellps=iiGs84 +datum=HGs84

+ funits=m +no_defs"

> crs(covStack) = crs(cDat)
> # check

> crs(cDat)

CRS arguments:

+proj=utm +zone=55 +south +datum=WG584 +units=m tno_defs
> crs(covStack)
CRS arguments:

+proj=utm tzone=55 +south +datum=HG584 tunits=m +no_defs
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279 crs(cfat) <- "tproj=utn +zone=55 +scuth +ellps=WGS84 +datum=WGS a
280 +units=n +no_defs" kuld

(£3UBUU elements,

281 crs(covStack] = crs(cDat) OUK.P.map rlayer (230800 elements, 1...@
282 # chack OUK.preds.V 103 obs. of 4 variables 5
283 crs(chat) OUK. Pvar. nap 'Large Rasterlayer (230800 elements,

284 crs (covstack) 0USYD_scill 166 obs. of 16 varizbles

o ovals 230800 obs. of 5 variables

- ovlat ‘Formel class SpatielPointsDataFrame Q

287 # parametise the universal kriging model

ovgnl 40 obs. of 6 veriables [
s
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> vgnl <- variogram(log_cStock0_5 ~ elevation + twi + radk + A 2 i
+ landsat_b3 + landsac_bé, cDat, width = 250, cr 2
essie = TRUE, it =)
i cutoff = 10000) 20
> mod <- vgm(psill = var(cDat$log cStock0_5), "Exp", range = 5000, n 15

ugget = 0)
> model_1 <- fit.variogram(vgnl, mod)
> model 1
model psill  range
1 Nug 0.0000000 0.000
2  Exp 0.1611552 2%3.794

> |
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Now, next thing is to parameterize the Universal Kriging model. So, first we have to fit the
variogram we have already seen how to fit the variogram so we are going to use these
variogram function. Our target is logged in... log converted carbonStocks 0 to 5 centimetre
our variables are elevation twi, radk then landsat b3, landsat b4 our model is calibration data,
our data set its calibration data, width is again default 250 cressie variogram cutoff values is
10,000 and then here, we are again going to fix, the fit the model using an exponential model,

and then let us see how this variogram parameters will come.

So, here you can see negative 0 which is almost... which is ideal, and then here are the for a
exponential model, we are gating the partial sill. So, the total sill will also be 0.16 and range
parameter is 233. So, from there we can have any idea about the variogram parameters. And

based on these variogram parameters, we are going to feed the Universal Kriging model.

(Refer Slide Time: 23:46)
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> vgnl <- variogram(log cStock 5 ~ elevation + twi + radk + i
+ landsat b3 + landsat b4, cDat, width = 250, cr
essie = TRUE, A
+ cutoff = 10000) 3
> mod <- vgm(psill = var (cdat$log cStock0 5), "Exp", range = 3000, n 8
ugget = 0) 8
> model 1 <- fit.variogram(vgnml, mod)
> model_1

model psill  range
1 Nug 0.0000000 0.000
2 Exp 0.1611552 233.79¢4
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> # Universal kriging model

> gUK <- gstat (NULL, "log.carbon", log_cStock0 5 ~ elevation + twi +

radk +

+ landsat_b3 + landsat_bd, cDat, model = model 1

> fvalidation

> vDat <- DsM_data[-training, ]

coordinates(vDat) <- ~x +y

crs (vDat) <- "tproj=utm +zone=55 +south +ellps=VG584 +datum=WGS84

=n +no_defs"
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So, for fitting the Universal Kriging model, the function is gstat function we are going to use

our target is a natural log converted carbonStock, our predictors are elevation twi, radk,
landsat b3, landsat b4 our data set is calibration data set our model is model 1 which we have

just fitted using the exponential function.

So, once we have this fitted this model, let us validate so validation data set is vDat again,
minus training samples coordinates again we are x we are, instructing R that these x and y
you should understand these add the coordinates. So, we are assigning these coordinates same
just like previously utm zone beautified south and from there WGS 84 and then we want to

see the coordinate reference system, so you will see that utm zone 35 south WGS 84.
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> qUK <- gstat(NULL, "log.carbon", log cStock0 5 - elevation + tui fl. 2:
radf +
+ landsat_b3 + landsat_bd, cDat, model = model 1) i
> fvalidation g
> vDat <- DSM data[-training, ] 15
> coordinates(vDat) <- ~x +y
> crs(vbat) <= "+proj=utm +zone=55 +south +ellps=iiG584 +datum=HGs84
+ +units=n +no_defs"
> crs(vDat)
CRS arguments:
+proj=utn +zone=55 +south +datum=HG384 +units=m +no_defs
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> crs (vhat) § f|
CRS arguments: S mon w0 w0 Ty .
+proj=utm +zone=55 tsouth +datum=G584 +units=m +no_defs 7
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And now we can predict based on the predict this validation data based on our Universal

Kriging model which have already fitted, so we are going to you know, predict the validation

data set based on the previously fitted model.
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## [using universal kriging
goof (cbserved = DSM dataslog cStock0 §(-training],
predicted = UK.preds.V.,3])

fmap interpolation and prediction variance
par (mfrow = c(l, 2))

# pradicticns

UK.P.map <- interpolate (zcvStack, gUK, xyonly = FAISE, index =
plot (UK.P.map, main = "Universal kriging predictions")

# predicticn varianze
UK‘Pvar‘f\ap <~ interp

late (covStack, gUK, xyOnly = FALSE, index

322 plot(UK.Pvar.map, main = "Universal krging prediction variance"
323 it
324. I )
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+proj=utm +z0ne=55 +south +datum=iiGs84 +units=m +no_defs

> UK.preds.V <- as.data.frame (krige (log_cStockd 5 ~ elevation + twi

i + radk + landsat b3 + landsat b
4, cbat, model = model 1,
+ newdata = vDat))

[using universal kriging]
> goof (observed = DSM data$log_cStock0_5[-training],
+ predicted = UK.preds.V[,3])
R2 concordance MSE RMSE bias
1 -0.08764527  0.3713846 0.2813217 0.5303977 -0.08085693
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311 ## (using universal kriging

312 goof (chserved = DSM data$log cStock0 5[-training],
313 predicted = UK.preds.V(,3])

314

315 #map interpolation and prediction variance

316
317
318
319

gar (mfrow = c(1, 2))

# pradicticns

UK.P.map <- interpolate (scvstack, gUK, xyOnly = FAISE, index | 1
plot (UK.P.rap, main = "Universal kriging predictions") =

320 # pradicticn variance

321 UK.Pvar.map <- interpolate(covStack, gUK, xyOnly = FALSE, index
322 plot(UK.Pvar.map, main = "Universal krging prediction variance"
323 &
324 I »
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Cemsole Temial +Jobs =C

<
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> UK.preds.V <- as.data.frame (krige (log cStockd 5 ~ elevation + twi

i + radk + landsat b3 + landsat_b
4, cbat, model = model 1,
+ newdata = vbat))

[using universal kriging]
> goof (observed = DSM data$log_cStock0_5[-training],
+ predicted = UK.preds.V|,3])

R2 concordance MSE RMSE bias
1 -0.08764527  0.3713846 0.2813217 0.5303977 -0.08085693
>

n P Type here to search

- 8 x
4 prose i) -
Emroment  Hstory  Comecions Tl =5
i A ieotDisa - Slat. Gy
K- Evicanen - a
otrainiata 3Ub oDS. O 14 Varieples a
Otwi Large Rasterlayer (230800 elements, 1..¢
0UK.P.nap Large Rasterlayer (230800 elements, 1..c
OUK.prads.V 103 cbs. of 4 variables
OUK.Pvar.nap  Large Rasterlayer (230800 elements, 1..¢
0USYD_scill 166 cbs. of 16 varizbles
ovals 230800 obs. of 5 variables
ovlat Formal class SpatizlPointsDataFrame Gw
Fins P Pcges Mep Ywr =0
“  Pun Doea- 0 f 5 Pubish -
Random Forest mode| predicted 0-5cm log carbon stocks (0-5¢m)
8
8
]
2 35
8 30
2
8 25
g 20
2 15
8
8
o
8
8
2
8
{
- 8 x
1 Proct o) -
Enrowment  story  Comecioms  Tuial a0
£ P ieotDiasd .« 3 ke (@
R- Evicanen - Q
otralniata 3Ub ODS. OL 14 varieples -
otwi Large Rasterlayer (230800 elements, 1.. ¢
OUK.P.nap Large Rasterlayer (230800 elements, 1.4
OUK.preds.V 103 obs. of 4 variables
OUK. Pvar.nap Large Rasterlayer (230800 elements, 1.4
0USYD scill 166 obs. of 16 varisbles
ovals 230800 obs. of 5 variables
ovlat Formel class SpatialPointsDataFrame Gy
Five P Picoges Wep Vier -0
G Pim Do 0 f %P«
Random Forest mode| predicted 0-5¢cm log carbon stocks (0-5¢m)
8
8
8
B
8
s 35
8
2 30
& 25
20
15

6655000

6645000




Drsudo = Ok
Fle Kl Code Vew b Sesn Bud Debig Fofle Toos elp

0 Q& Bl S A ot - i - B s o)
o Wk 1o gk M e—— -0
samsarsie /- ARa [+ 3o 2 G2 ) monoue - -
oo | e + landsat by~ R @ GdaEvm .
e o + lasdeat 13 + Lawdat 14~ SRR e e or 1 aanies ]
M using untversal kriging uiana el otwi Large Rastezlaye: (230800 elements, 1.
; “Taler (2308 n
312 >f (observed = DSM_dataslog_cStockd_5(-training], LS Large Rasteriavar (31800 elenents, 1.

B ocdiiied = Uloreds U, 0)) OUK.prads.V 103 obs. of 4 variables
OUK.Pvar,nap  Large Rasterlayer (230800 elements, 1.
OUSYD_scill 166 dbs. of 16 varizbles
ovals 230800 obs. of 5 variables
ovlat Formel class SpatizlPointsDataFrame -
318 .P.map <- interpolate{covStack, gUK, xyOnly = FALSE, index = 1)| =
319 5t (JK.P.nap, main - "Universal kriging predictions") o] e i =l
: fim Deen- 0 f Spom -
320 jredict varia:
21 |p - inf 5 3 i =
;j ;;‘\[3;:g\a,';Ima:;'t:;igl?ts;(,ﬁfjat??' (g:?:wxz?zllv _} ,.wde.x‘ Random Forest model predicted 0-5cm log carbon stocks (0-5cm)
323 X
3241 0 2
RE 0 INVERSALIGNG = i (O
o [ |
- Ll o 35
4, cbat, model = model 1, - g 30
+ newdata = vDat)) 8 .
[using universal kriging] Ll
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+ predicted = UK.preds.v(,3]) 2 15
R2 concordance MSE RMSE bias 8
1 -0.03764527  0.3713846 0.2813217 0.5303977 -0.08085693 &
> par (nfrow = c(1, 2)) 8
> # predictions Y
> UK.P.map <- interpolate (covStack, gUK, Xy ©
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[using universal kriging] /

n P Typehereto search

Now, we are going to see the goodness of fit statistics of the observed as well as predicted

results. So, you can see that the here the goodness of fit statistics is not that high we are
seeing some extrapolation. So, that is why we are getting the negative R square negative R
square value, but, you know, you will have it varies from data set to data set in some data set
you will may have some good R squared values in this just in this case, we are not getting
very good result that shows the prior the linear model may not be the ideal model to handle
this dataset. So, once we have these now, we can map the interpolation and prediction
variance. So, first we want to predict based on this Universal Kriging model, and once we do

that we can produce.
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> par (nf =c(l, 2)) g
> # predictions g

> UK.P.map <- interpolate(covStack, gUK, xyOnly = FALSE, index = 1) 740000 750000 760000 770F
[using universal kriging] /

n P Typehereto search 0 » # 6 W



Oudo -8 x
Fle Bt Cole Vew Yob Sesin Bd Dby Fofie Tk b

ey A - K o
O e Bl = e 5
g Q 7o ARm | 04| S - 21 PhootOmse - f s
= o T
an radk + landsat b + Landsat Sl VA e S B 1
;l\l‘ y aevcarS et Large Rasterlayer (230800 elements, 1..
. £ (o L - B - 230800 T 1
312 goof (cbserved = DM datasl 5(-training], Lerds Reerave: GVRRieionents L
G S 103 obs. of 4 variables
314 Large Rasterlayer (230800 elements, 1.
315 # ; ) ebles
316 rar(mfrow = c(l, 2) 5 variables
317 ¢ vDat SpatialPointsDataFrame v
318 UK.P.map <- interpolat ack, gUK, xyOnly SE, index e e T
a TE=y ivs s ackges by =0
19 glot (UK.P.tap, main = ing predictio
i-'v £lot (IK.P.tap, main sal kriging predictions”) e L] -
20 ¥ prediction varian

321 UK.Pvar.map <- interpolate(covStack, gUK, xyOnly = FALSE, index

322 plot(UK.Pvar.map, main = "Universal krging prediction variance" Uriversal kriging predictions
i v

9 ’ g
34 vk o s B ]
e 1
o L] =1 6
R - 8 5
1 -0.08764 g1 1 4
8
> par (nfrow © J
. 7 1 2
> & predictions s ¢
> UK.P.map <- interpolate (covStack, gUK, xyonly = FALSE, index = 1) £ a1 0
[using universal kriging] 8 ol
> plot (UK.P.map, main = "Universal kriging predictions”) B
> § prediction variance 2
> UK.Pvar.map <- interpolate(covStack, gUK, xyOnly = FALSE, index = 3 T - T - r T
8

2) 740000 750000 760000 770000 780000 790000
[using universal kriging]

n P Typehereto search Hi 4 ! @ s sy

O rstudio - a X
He m ol Vew s Seim Wil Deb ol Tk b
ST VR B o e =5
ot Q 7 - 4Rn | 4 48 - ] (PimotDusee - £ Lot
0 x5 i
306 Strainiats SUb o5, or 13 varienies g

307 4 ) . ) twi Large RastezLayer (230800 elements, 1.
UK. preds.V as.data. frame (krige (lcg ca(cu}mﬁ elevation + t Large Rasterlayer (230800 elements, 1..
landsat_b3 + landsat 10 i

= 103 cbs. of 4 variables

vlat))
Rasterlayer (230800 elements, 1.

66 obs. of 16 varisbles
230800 obs. of 5 variables

tock0_5(-training],

2 goof (cbserved = DSM data$log
predicted = UK.preds.V

3])

vDat Form: less SpatizlPointsDataFrame -
2 E Fies Pois Puckges o Yer =0
6 par(mfrow = c(l, 2) fimm Bepa- 0 f 2P -
UK.P.map <~ interpolate (covStack, gUK, xyOnly = FALSE; index Universal krging preciction variance
5 glot(UK.P.rap, main = "Universal kriginy predictisns®)
0 - = = : 8
i 0 UVERSAL RIGNG = (e 34
Conde T oy S

1 -0.03764527 0.3713846 0.2813217 0.5303977 -0.08085698 < i
> par (nfrow = c(1, 2)) 21 1 i
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> UK.P.map <- interpolate (covStack, gUK, xyonly = FALSE, index = 1) 2 1
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So, let us first remove this plot so, that, so first you have to predict or interpolate based on

these covStack and then you are using these gUK or Universal Kriging and so here you are
giving the index 1 for producing the predictions, you can also produce the prediction variance
by using the same by changing only the index and you can see the both the plots. So, let us

first run all these and we will see their plot together.

So, this is the Universal Kriging predictions and it will do some calculation and this is the
Universal Kriging prediction variance. So, not only you will get the prediction result, but at
the same time you will get the prediction variance also. So, this is how you use the Universal

Kriging to produce the hybrid results.
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So, guys, I hope that the things are you have got some good knowledge from this lecture and
you will be now able to run these codes and grow your confidence on these type of
approaches, where we have already seen the cubist which is an important machine learning
approach we have already seen the random forests which is an advanced machine learning

approach and we have also seen an hybrid approach called Universal Kriging.

So, let us wrap up our lecture here. And let us wrap up our week 11 and in week 12 we will
be discussing the Regression Kriging which is the most advanced, one of the advanced hybrid
approach for digital soil mapping. And then we will be also discussing how to deal with the
categorical models using R so please stay tuned and let us meet in the lectures of week 12.

Thank you.



