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Gis Cellular Authomata For Land Use Change Prediction Using Logiitic Regressinn

GIS CELLULAR AUTHOMATA FOR LAND USE CH:’}NGE PREDICTION
USING LOGISTIC REGRESSION
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Onuwa Okwuashi’ , Etim Eyo” , & Anickan Eyoh
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whoo.com. etim.evo@newcastle.ac.uk, & ani evo @ vahoo.com)
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Department of Geomatics- University of Newcastle, Newcastle, United Kingdom.

G5 cellular automata for land use change prediction using logistic regression

ABSTRACT
Sunice rescarchers have found the conventional geographic information systems based models not well suited for land

use change modelling, i favour of the cellular automaia techniques, this research therefore explored the use of the
logistic regression for cellular automata calibration. The logistic regression based cellular automata model was
looscly coupled with the geographic information svstems. Both the non cellular automata and cellular automata
techmaques were explored. The training of the logistic regression model was based on the k-fold crossvalidation
technique. The simulation was validated with the kappa statistic, receiver operating characteristics, and McNemar's
test. Results from the cellular awtomara based technique were better than those from the non cellular automata. The
results of the modelling showed substantial agreement berween the predicted and the reference data

INTRODUCTION

The GIS-based Ordinary  Least Squares (OLS) and n

Geographcally Weighted Regression (GWR) are both q=p +Z:ﬁr“, )
=1

linear regression models subject to lincar regression

|

assumptions of: multicollinearity. lincarity, normality ()

autocorrelation, and homoscedasticity. Unfortunately the | here ¢ is a binary dependent variable, ,B,,....ﬂ are
nature of land use data for land use change modelling ' ;
makes 1t impossible  for  these  linear  regression
assumptions to be met (Overmars, Koning, & Veldkamp,
2003: Agwiar, 2006 Okwuashi, 2011). Other demerits of | (herefore be expressed as:
conventional GIS models are that: they are not flexible
enough (Wagner, 1997), they are not well suited for

logisuc regression coefficients to be estimated, while

v are ndependent  variables. An LR model can

P(y=1/x)

dynamic modelling (Longley & Batty, 2003), and that g = In| —22 =27 %)
they cannot an‘l.\ hc~ adjusted 1o perform complex \1~P(y = 1/x)
numerical analysis (Wagner, 1997; Couclelis; 2002). (2

Cellular Automata (CA)Y have therefore been adopted
due to thew simplicity, dynamic properties, and inventive
bottom-up approach (Clarke & Gaydos, 1998). Another
advantage ol CA models is their compatibility with
remote sensing and GIS (Torrens & O'Sulhivan, 2001 ).
Coupling GIS and CA models has helped improve
dynamic spatial modelling (Park & Wagner, 1997). This

where Pis the  probability — that qg=1, given

X, independent variables: — P("' =1/x
1-P(y=1/x)

the odds, while In P(y=1/x)
\ 1= Ply=11/x)

1s called

rescarch explores the loose coupling of the GIS and is called the
Logistic Regression (LR) based CA and non-CA models
for modelling land use change ir Lagos. Nigeria. The
objective of this research is to compare the non-CA and

logit. Therefore,

CA methods. '

i B+ Bx
,l] LR based CA calibration p=—t_=-_¢ = = I
This section presents a brief mathematical illustration on I+ef £y+3 B 438
how an LR based CA model can be derived. LR is the I+e B I+e L
hnear regression model usually used in cases where the (Pohlmann & Dennis, 2003). &
:h‘pcndcnl variable is dichotomous [0, 1]. Given a linear 4,
unction, Equation 3 is the LR-based non-CA model: and P is the

development probability. By introducing the Moore
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neighbourhood function €2, . (Wu, 2002), a coefficient

Q, constraints contributions cons, . and a stochastic

function I+ (=Iny)“ (Whitec & Engelen, 1993),
cquation 3 can be revised to derive the final development

probability (Okwuashi. 2011):

, I
P =0

— [*li+ )7 Qi * [T cons,
l ~|/’/.t>__’/i‘§,) 1=|
\l+e t

(4)

where ¥ is a uniform random variable within the range
of [0, I]; @ is a constant that controls the magnitude of

y : -1 5 A
the perturbation; Q55 is an updated function that
. s . . . .
determines the values of P, in cach iteration; Qisa

coefficient that ensures the values of P,/' are confined to
m

[0, 1]; and HC()II.\‘,/ are the immutable cells that are
1=|

not affected by the simulation (water and developed cells

are considered immutable).

Twelve salient land use drivers were selected for Lagos.
The selected land use drivers influencing land use
change in Lagos are: water, residential structures,
industrial and commercial centres, major roads, railway,
Lagos Island, international airport, international seaport,
University of Lagos, Lagos State University, income
potential, and population potential.

The land use data of Lagos consist of two remotely
sensed Landsat Thematic Mapper images, acquired in
1984 and 2000 respectively; and (wo analogue base
maps acquired in 1963 and 1978. The analogue base
maps were sourced from the Lagos State Ministry of
Lands.

The Landsat images acquired in 1984 and 2000 were
classified with the k-means algorithm using MATLAB
7.8 software. The analogue base maps acquired in 1963
and 1978 were scanned and digitised using ArcGIS 9.3,
The analogue and remote sensing data were geo-
referenced to ensure both data were in the same
coordinate system. Digitising analogue maps reduces
their accuracy. It is therefore important to enhance the
accuracy of the analogue data 1o ensure  they
approximate that of the satel]jte maps. The enhancement
of the analogue base maps was done in MATLAB, by
first obtaining n-classifications of the satellite data and
overlaying the resulting classified satellite data with the
digitised base maps. A digital editing procedure was then
used to remove errors from (he digitised maps.

The !and use independent varjables (Table 1) are
grouped into two calegories: (i) proximity variables, and
(ii) weighted variables. The Proximity variables were
extracted with the GIS while (he weighted variables
were extracted in MATLAB.

Equation 4 is the LR-based CA model. A threshold
probability value (/) is set as a benchmark for

determining undeveloped cells that are eligible to transit
to developed cells:

)I Az V(]
By = developed
Otherwise

(5)

undeveloped

! .
Q can also be used to regulate the valuc of F, with

respect to ¢/, in order to either decrease or increase the

number of iterations required for the simulation.
28 Data preparation

The study area for this experiment is Lagos,. Nigeria.
Lagos is a littoral environment, llas a relatively flat
terrain. an area of about 2910km~, and lies between
latitudes 6° 26" and 6° 50° N, and between longitudes 3°
097 and 3" 46" E (Braimoh & Onishi, 2007). Substantial
land use change has occurred in Lagos between 1963
and 2000 (Figure 1)

The proximity variables were extracted by calculating
the Euclidean distances from the proximity variables to
all cells. For the weighted variables. income potential
was estimated by ranking major towns in Lagos, using a

ranking 7. of a production/service centre ;. The

ranking was normalized to weight w; using the formula
(Braimoh & Onishi. 2007).

r
W Se—4_ .-
i
c=l ,’
(6)

Therefore the weighted inverse distance formula for

calculating the income potential I¢ of a location S js

given as (Braimoh & Onish. 2007),

o
;]S L.
i I
S
Q)

where x = 1,2,....n are settlements in the Study area.

The final ranking was based on government documents,
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development  probabilities  >0.5  were (‘!US\illCd‘ as
developed cells, while probabilities <0.5 were classified
as undeveloped cells. The best maps yielded by‘lhc
prediction for periods 1963-1978, 1978-1984, and 1984-
2000 are given in Figure 2; and their computed
confusion matrices are presented in Tables 2-4. The
calculated kappa coeflicients for the predicted maps
given in  Figure 3 were determined by
comparing/validating the predicted maps with the actual
maps in 1978, 1984, and 2000. The calculaied kappa
coefficients were 0.5057, 0.5525, and 0.5080 for periods
1963-1978, 1978-1984, and 1984-2000 respectively.

Now the next procedure presents the bottom-up
simulation results from the LR-based CA simulation.
The basic difference between the CA model and the non-
CA model is simply the incorporation of the Moore

neighbourhood function €2, . into the LR model (see

equation 4). CA models simply use the neighbourhood
influence of the initial state of the observed object and
the independent variables to predict the future state of
the target object. The bottom up approach of CA models
makes their predictions highly accurate (Torrens &
O'Sullivan, 2001). There is no training of data in the CA
modelling; since the LR model has already been trained.
Only the neighbourhood function is updated to
determine the conversion of undeveloped cells to
develop. CA are iterative systems; for example, to
predict from 1963-1978, the starting point of the
simulation will be the 1963 data/map (that is iteration=0
is 1963), while the target map 1978 is used to validate
the prediction. At iteration>0, the ncighbourhood

9 -1 .
function Q;X3 calculates the number of developed cells

surrounding each undeveloped cell in the 1963 map.
This process is repeated in each iteration.

Two hundred iterations were run to simulate the maps
from periods 1963-1978, 1978-1984, and 1984-2000
(see Figure 4). There are no rules that guide the number
of 1terations needed for a simulation, but 100 to 200
iterations are common in most applications (Wu, 2002;
Li & Yeh, 2004). Figurc 3 depicts the mean kappa
coefficients and standard deviations for 10,20,30,...,200
designated iteration thresholds, calculated by running
each threshold ten times and comparing the simulated
maps with the actual maps for periods 1963-1978, 1978-
1984, and 1984-2000.

From Figure 3, at iteration=10 the mean kappa
coefficients for 1963-1978, 1978-1984, and 1984-2000
were low, but gradually increased as the number of
iterations  increased. The highest mean kappa
coefficients were found from the 90" to 140" iterations.
The mean kappa coefficients decreased beyond the 140"
iterations until the 200" iteration. The final maps for
periods 1963-1978, 1978-1984. and 1984-2000 shown in
Figure 4 were obtained from 90" 1o 170" iterations. The
calculated kappa coefficients from the confusion
matrices given in Tables 5-7 for he predicted maps for
periods 1963-1978, 1978-1984, and 1984-2000 were

0.5547. 0.7543, and 0.7101. The highest kappa statistic
estimate was obtained with 1978-19€4 while the lowest
was obtained with 1963-1978.  Evaluau
performance of the CA model can Ue mtr

Receiver Operating Characteristics (ROC) was used to
assess the performance of the LR-based CA madel The
ROC is the plot of sensitivity against l-spcaincity.
Sensitivity is calculated by dividing the number of the

true positive matches by the sum of the true positive and
false negative matches; while specificity is calculated by
dividing the number of the true negative matches by the
sum of the true negative and false positive matches. The
Arca Under Curve (AUC) determines the result of the
plot. Experiments that yield AUC indicc‘s <0.5 are
usually regarded as worthless. Figure 5 depicts the plot
of mean sensitivity against mean I-specificity, and their
respective standard deviations calculated from 10 ROC
curves sampled at fixed 1-specificity points: 0.1, 0.2,
0.3, 0.4, 0.5, 0.6, 0.7, 0.8, and 0.9 (see Fawcett. 2004).
The mean sensitivity and mean [-specificity was
calculated by comparing the simulated maps with the
actual maps. The calculated AUC for 1963-1978, 1978-
1984. and 1984-2000 were 0.7354 £ 0.0295, 0.7549 %
0.0267, 0.7451 £ 0.0298. The calculated ROC results
corroborated the results from the CA predicted maps
because the order of best fit of the target maps was still:
1978-1984, 1984-2000, and 1963-1978 respectively.

Using test of hypothesis, we can statistically determine
whether the results from the non-CA and CA models are
significantly different or not. The McNemar's test is used
to assess the statistical significance of two related
samples (Bradley, 1968; Agesti, 1996; Foody, 2004:
Huang, Xie, & Tay, 2010). The McNemar's test is based
on the elements in a confusion matrix. Therefore,
McNemar's test in this test is based on the confusion

matrices that yielded the kappa coefficients given in
Table 8.

According to  Foody (2004), the McNemar's test

evaluates the z-score from a standardised normal test
statistic,

— flz_f21

S Jhet A

(11) where f12 and f21 are the sum of incorrectly
classified pixels resulting

from a 2-class problem (see
Table 9).

In -this test, let the non-CA predicted maps be map |
while CA predicted maps be map 2. The analysis was
done by comparing the non-CA and CA predicted maps,

The respective values of  f,, and Sfay were used to

compute the respective z-scores using equation [1. The
statement of hypothesis can be written as,

Ho: there is no significant difference between the rwo
predicted maps at 95% CL

JED Vol. 6, No. 1, May, 2011 40
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K there is a significant difference berw cen the two

predicted maps (veject Hy, if p-value<0.05)

Using a two-tailed test, the null hy pothesis is rejected at
S% significant level that s \\'hvnl:l >1.96. The

computed confusion matrices, caleulated z-scotes, and P
values for the non-CA and CA models are presented in
Table 10.

From Table 10 the computed pevalues for the three
periods were < 0.05. We therefore reject the null
hypothesis, and aceept the alternative hypothesis that the
non-CA and CA predictions were stgnificantly different.
This implies that based on the MeNemar's test, the CA
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Table 1 Extracteq land use variables

- @

Land use variables

Proximity variables Y Tl

AN

Weighted variables

X, - distance (o w ater

X, rdistance (o residentia) Structures
X5 distance 1o industrial and commercial centres
Xy tdistance to major roads

X5 : distance to raj]w, ay

-
e

, - distance to Lagos Island

X s distance to internationa] airport (1984-2000 only)

o

Xyt distance 1o international seaport
Xy tdistance to Uniy ersity of Lagos
X0 distance 1o Lagos State University (1984-2000 only)
X1 income potentjal

” X1, : population potential

No. I, May 200

%



Predicted 1978 Predicted 1984

Figure 2 LR non-CA predicted maps for periods 1963-1978 1978-1984, and 1984-2000
(TN=True negative; FP=Faise Positive; FN=False Negative: TP=True Positive)
Table 2 LR-based non-CA- Confusion matrix for period 1963-1978
Reference data 1978

De\'eloged L‘nde\'elogd
Predicted data 1978

Developed 1578 1387

Undeveloped 214 3821
veloped _ @ 2

Table 3 LR-based non-CA- Confusion matrix for period 1978-1984

-—

Reference dara 1984

m
Predicted data 1984

Developed 2224

1283
L'nde‘.eloged 284 3209

Table 4 LR-based non-CA - Confusion matrix for period 1984-2000

7%
m
Predicted datg 2000

Developed 3019 3
Undeveloped
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Table 6 LR-based CA: confusion matrix for period 1978-]1984

Reference data 1984

Developed Undevelopad
Predicted data 1984
Developed 2280 588
Undeveloped 228 3904

Table 7 LR-baseq CA: confusion mayyiy Jor period 1984-2000

Reference data 2000
Developed Undeveloped
Predicted data 2000 : -
Developed 2889 471

Undeveloped 543 3091

LR: mean sensitivity versys 1 - Specificity
. e e

1 —_—

i 7]
| ] L

0.9 ‘ = ]

o $ #

N S T - 1

07.  * - |

L7 s !

- 0.6 =g -

._.2: ‘ /// |

3 05 Z .

g - i

D 0.4 T T |

e 1963-1978 f

i e | ¢ Standarg deviation (1963-197g) b

’ ‘ 1978-1984 i

0.2 -~ - *  Standard deyar: r

; - | €vation (1978-1984) !

o1/ . | 19842000 ’

* Standard deviation 984-2000)

= — "

© 01 02 o3 o7 05 o0g 0.7 o8 09 4
1-speciﬁcity




