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ABSTRACT 

Validity of CA-Markov in land use and cover change simulation was investigated at the Langat Basin, Selangor, Ma- 
laysia. CA-Markov validation was performed using validation metrics, allocation disagreement, quantity disagreement, 
and figure of merit in a three-dimensional space. The figure of merit, quantity error, and allocation error for total land- 
scape simulation using the 1990-1997 calibration data were 5.62%, 3.53%, and 6.13%, respectively. CA-Markov 
showed a poor performance for land use and cover change simulation due to uncertainties in the source data, the model, 
and future land use and cover change processes in the study area. 
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1. Introduction 

Globally, land use change impacts biodiversity, water 
and radiation budgets, emission of green house gases, 
carbon cycling, and livelihoods. The study of Land Use 
and Cover Change (LUCC) and its dynamics is crucial 
for environmental management, especially with regard to 
sustainable agriculture and forestry. Different models, in 
terms of structure and application, have been used to 
understand LUCC dynamics [1,2]. 

As emphasized by Verburg et al. (2004) [3], Chen and 
Pontius (2006) [4], and Luo et al. (2010) [5], LUCC 
models are fundamentally different, and have their own 
capabilities and limitations. Therefore, performance com- 
parison of LUCC models is very difficult. 

In this study, CA-Markov was chosen to simulate land 
use change based on the following requirements: dy- 
namic simulation capability, high efficiency with data 
scarcity, simple calibration, ability to simulate multiple 
land covers and complex patterns. 

CA-Markov has the ability to simulate land use changes 
among multiple categories and combines the CA1 and 
Markov chain procedures [6]. Markov analysis does not 
account for the causes of land use change and it is insen-
sitive to space. However, CA-Markov using the CA ap-  

proach relaxes strict assumptions associated with the 
Markov approach and explicitly considers both spatial 
and temporal changes [7]. CA-Markov also enables a 
more comprehensive simulation as compared to other 
LUCC models such as GEOMOD and CLUE [8]. How- 
ever, CA-Markov calibration is operationally based on a 
single period of time, which renders difficulty in simu- 
lating land cover dynamics on a temporal scale [9]. In 
addition, the assumptions underlying CA-Markov method 
tend to be somewhat simplistic when looking at the mi- 
cro-level changes in land use [10]. Pontius and Malanson 
(2005) [11] have demonstrated that the predictive power 
of CA-Markov is higher for cases where it concentrates 
on the major signal of land changes and ignores noises. 

Pontius and Malanson (2005) [11] compared CA- 
Markov and GEOMOD in terms of simulation power and 
suitability for different applications in Central Massa- 
chusetts, USA. They applied a three stage method to 
measure simulation power. At first, calibration process 
was separated from validation process. Secondly, the 
accuracy was assessed at multiple resolutions. Finally, 
the calibrated model was compared to a null model that 
simulates pure persistence. Their investigation showed 
that the added complexity of spatial contiguity rule in 
CA_Markov was of no benefit. Paegelow and Camacho 
(2005) [9] studied the potential and limitation of pro- 
spective GIS2-based LUCC modeling. Their approach 
comprised the Markov chain for temporal simulation,  
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MCE3, MOLA4, and CA to perform spatial contiguity on 
the simulated land cover scores. Results showed three 
distinct limitations; the first was caused by complex 
variability within the land cover categories, the second 
was caused from using only two land cover maps for 
calibration, and the third was caused by the fact that 
MCE, MOLA, and CA only affected spatial distribution, 
and not temporal distribution, of simulated scores. In 
another study, Samat (2009) [12] applied CA-Markov to 
evaluate urban spatial growth in Seberang Perai, Malay- 
sia. Validation analysis was performed using Kappa 
Agreement Index (KIA). In this work, the poor perform- 
ance of CA-Markov in the development modeling of 
commercial/public facilities and industrial activities 
mainly resulted from: Model development based on 
physical factors, model assumption based on the uniform 
spatio-temporal growth of urbanized area, and inability 
of the model in recognizing new development. Samat et 
al. (2011) [13] showed that the prediction accuracy of 
CA-Markov decreased when the model tried to predict 
for a longer period of time, possibly due to the fact that a 
uniform transition rule was used by the model throughout 
the simulation period. According to Jokar Arsanjani et al. 
(2011) [14], the critical issue in employing CA-Markov 
is to combine the social, human and economic dynamics 
in the simulation, which can be realized in agent-based 
modeling systems. However, they tried to solve this 
problem using the integration of logistic regression and 
CA-Markov. 

Araya and Cabral (2010) [15] modeled and analyzed 
urban land use change using CA-Markov and landscape 
metrics in Portugal. They reported that CA-Markov was 
validated successfully, with Klocation and Kquantity of 
87% and 83%, respectively. However, they did not ana- 
lyze the model capability for change simulation using a 
three-dimensional approach. Wang et al. (2010) [16] 
studied land use change based on vector data source us- 
ing CA-Markov in China. Although the vector data im- 
proved simulation accuracy, validation analysis was per- 
formed only based on Kappa values. 

Recent validation techniques proposed by Pontius and 
Millones (2011) [17] and Pontius et al. (2011) [18] allow 
the understanding of complex relationships caused by 
multiple simulation parameters. Additionally, these tech- 
niques facilitate three-dimensional spatial and temporal 
comparisons of LUCC, and eliminate the weakness of 
Kappa values for validation analysis. 

This work was aimed at evaluating the capability of 
CA-Markov in simulating LUCC in a tropical catchment 
using the validation techniques proposed by Pontius and 
Millones (2011) [17] and Pontius et al. (2011) [18]. 

2. Materials and Methods 

2.1. Study Area 

In recent decades, the Langat Basin has undergone rapid 
urbanization, industrialization and agricultural develop- 
ment [19,20]. The Langat Basin is also a main source of 
drinking water for surrounding areas, a source of hydro- 
power and plays an important role in flood mitigation. 
Over the past four decades, the Langat Basin has served 
approximately 50% of the Selangor State population. 
However, the Selangor State is currently facing water 
shortage problems, especially in urban areas [21-23]. 
Hydrometeorologically, the Langat basin is affected by 
two types of monsoon, i.e. the northeast (November- 
March) and the southwest (May-September) monsoons. 
Average annual rainfall is about 2400 mm. The wettest 
months are April and November with average monthly 
rainfall exceeding 250 mm, while the driest month is 
June with average monthly rainfall not exceeding 100 
mm. Topographically, the Langat basin can be divided 
into three distinct areas with reference to the Langat 
River: the mountainous area in the upstream, undulating 
land in the centre and flat flood plain in the downstream 
(Figure 1). The basin has a rich diversity of landforms, 
surface features and land cover [23,24]. Dominant soil 
types in the basin are steepland and Rengam-Jerangau 
soil series with sandy clay loam and clay textures, re- 
spectively [20]. 

Due to the national importance of the Langat Basin, 
three sub basins (upstream of the Langat River), i.e. Lui, 
Hulu Langat, and Semenyih, with a total area of 694.13 
km2 were selected for investigation of land use change 
(Figure 1). 

2.2. Data Set 

Land use maps dated 1990, 1997 and 2002 and soil maps, 
with the scale of 1:50000 were collected from the Soil 
Resource Management and Conservation Division, De- 
partment of Agriculture, Malaysia. Ancillary data such as 
road and stream networks, contour lines, and population 
centers were extracted from the topographic maps, with 
the scale of 1:50000. Landslide points, geology map 
(scale: 1/100000), and location of the water treatment 
plants were obtained through the library of Universiti 
Putra Malaysia. Sawmill and oil refinery location maps 
were extracted from the agriculture yellow pages of Ma- 
laysia (www.yellowpages.com.my) and Google Earth. 
Daily TRMM5 radar data during 1998-2009 were ob- 
tained through the TOVAS and utilized to produce rain- 
fall map. TRMM Online Visualization and Analysis Sys- 
tem (TOVAS), developed by the NASA, provides a user 
friendly web-based interface for visualization and analy- 
sis of TRMM gridded rainfall products and other pre- 
cipitation data [25]. In this work, land use classification 
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Figure 1. Geographic locations of the Lui, Hulu Langat and Semenyih sub basins within the State of Selangor, Peninsular 
Malaysia. 
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and map resolution (i.e. 30 m) were outlined based on the 
objective of a broad study, which was aimed at hydro- 
logical analysis of the Langat Basin during 1984-2020. 
The optimal pixel size was calculated based on the com- 
plexity of terrain method [26]. 

2.3. CA-Markov 

A random process, X(t), is a Markov process if for any 
moment in time, t1 < t2 < ··· < tn < tn + 1 [27]. The random 
process satisfies (see below) 
where: tn is the present time so that tn + 1 represents some 
points in the future and t1, t2, ··· , tn − 1 represent various 
points in the past. Based on the present data, future is 
independent of the past. In other words, future of random 
process depends neither only on where it is now nor on 
how it got there [28]. 

If X[k] is a Markov chain with the states {x1, x2, x3, ···}, 
then probability of transition from the state i to the state j 
in one time instant is, 

   , 1i jp Pr X k j X k i   




       (2) 

If Markov chain has a finite number of states, i.e. n, 
transition probability matrix can be defined as follows: 

1,1 1,2 1,

2,1 2,2 2,

,1 ,2 ,

n

n

n n n n

P P P

P P P

P P P

 
 


 
  




   


            (3) 

If transition probabilities vary with the time, the above 
matrix need to be written explicitly as a function of k (e.g. 
pi, j, k) [28]. 

CA-Markov in IDRISI program involves two tech- 
niques, i.e. Markov chain analysis and cellular automata 
[15]. Cellular automata underlie dynamics of the change 
events based on proximity concept so that the regions 
closer to existing areas of the same class are more prob- 
able to change to a different class. A cellular automaton 
is a cellular entity that independently varies its condition 
based on its previous state (according to a Markov transi- 
tion rule) and adjacent neighbors [6]. The following 5 × 5 
contiguity filter was utilized in this work: 

0 0 1 0 0

0 1 1 1 0

1 1 1 1 1

0 1 1 1 0

0 0 1 0 0

 

2.4. Modeling 

Firstly, three calibration periods, i.e. 1990-2002, 1997- 
2002 and 1990-1997 were considered and correspondent 
simulation results were pre-analyzed in terms of good- 
ness of fit. Results showed that the period 1990-1997 
was more capable to simulate the future changes of land. 
Therefore, in this study, calibration data over the period 
1990-1997 was used to extract transition probability ma- 
trix. Then two types of criteria (constraints and factors) 
were developed to determine which lands are suitable for 
future development. The constraint factors (dam reser- 
voir and stream) were standardized into a Boolean value 
(0 and 1), while the parameter maps were standardized 
into a suitability continuous scale from 0 (minimum 
suitability) to 255 (maximum suitability) (Figure 2 and 
Figure 3). Three types of fuzzy membership functions, 
i.e. sigmoidal, symmetrical, and user defined were used 
to rescale parameter maps into the range 0 - 255. 

Analytic Hierarchy Process (AHP) was used to deter- 
mine the weights of driving factors. AHP is a measure- 
ment theory founded on expert judgment to drive priority 
scales using pair wise comparisons [29]. In this method, 
comparisons are made based on a scale of absolute 
judgment that shows how much more one element pre- 
vails over the other for a given attribute (Table 1). 
However, the judgment may be inconsistent [30]. Con- 
sidering n elements to be compared (C1 ··· Cn), aij denotes 
the relative weight or priority of Ci over Cj. A = (aij) is a 
square matrix of order n with the constraints, 1ij jia a , 
for i ≠ j, and aii = 1. Such a matrix is considered as a re-
ciprocal matrix. When the weights are transitive, they 
will be consistent and ik ij jka a a 

a a a

 for all i, j and k. In 
this condition, Aω = λω, ω is an eigenvector (of order n) 
and λ is an eigenvalue. For a consistent matrix, λ = n. 
Human judgments are inconsistent to a greater or lesser 
degree, therefore in matrices concerning human judg- 
ment, the condition ij jkik    will not be reliable. In 
such a case, Aω = λmax × ω and λmax ≥ n. The difference 
between λmax and n is an indicator for inconsistency of 
the judgment. Consistency Index (CI) can be measured 
by    max 1n n   . Consistency Ratio (CR) is calcu- 
lated as follows: 

CI
CR

RI
               (4) 

where: RI is the Random Consistency Index which is a 
function of number of elements. If the CR exceeds 0.1, 
set of judgments may be too inconsistent to be reliable 
and the CR of zero means that the judgments are per- 
fectly consistent [31]. 

SINMAP6 approach [32] under ArcView GIS was  
 

             1 1 1 1 1 1 1 1, , ,  X n n n n n n X n n n nF X t x X t x X t x X t x F X t x X t x           │  ,        (1) 
 

6Stability INdex MAPping. 
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Figure 2. Computational framework of the study. 
 

 

Figure 3. Transition suitability maps for different land covers generated using MCE. 
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applied to derive stability and saturation indices. Stability 
index was used in the extraction of suitability maps for 
agriculture, bare land, mining land, and urban areas, 
while saturation and roughness indices were used in 
suitability mapping for marshland and water bodies. 
Runoff accumulation map was produced based on im- 
pervious areas and Digital Elevation Model (DEM). This 
map was utilized to determine suitable areas for marsh- 
land and water bodies. Sediment transport capacity index 
(topography factor in USLE7 model) was used to extract 
suitability maps for grassland, marshland, and agriculture 
(Figure 2). Distance to sawmill and oil refinery centers 
were important parameters in the extraction of suitability 
maps for forest and oil palm stands, respectively. Dis- 
tance to Water Treatment Plant (WTP) was used as a 
driving factor in AHP and MCE processes due to its im- 
pact on development of agriculture and urbanization 
(Figure 2). 

tion, which was calibrated using the data of 1990-1997. 
Disagreement parameters determine the disagreement 

between simulated map and observed map [17,18,33]. 
Quantification error (quantity disagreement) happens 
when the quantity of cells of a category in the simulated 
map is different from the quantity of cells of the same 
category in the reference map. Location error (allocation 
disagreement) occurs where location of a class in the 
simulated map is different from location of that class in 
the reference map [17]. These metrics were calculated 
based on the methods presented by Pontius and Millones 
(2011) [17] as follows: 

2.5.1. Disagreement Components 
These calculations and indices were derived directly 
from Table 2. J refers to the number of categories and 
number of strata in a typical stratified sampling design. 
Each category in the comparison map is indexed by i, 
which ranges from 1 to J. The number of pixels in each 
stratum is denoted by Ni. Each observation is recorded 
based on its category in the comparison map (i) and the 
reference map (j). The number of these observations is 
summed as the entry nij in row i and column j of the con- 
tingency matrix. Proportion of the study area (Pij) that is 
category i in the simulated map and category j in the ob-
served map is estimated by the following equation [17]:

 

As illustrated in Figure 2, Weighted Linear Combina- 
tion (WLC) method was used in multi criteria evaluation 
of the drivers and constraints. WLC multiplies each 
standardized factor map by its factor weight and then 
sums the results. This result is then multiplied by each 
constraint to mask out unsuitable areas [6]. 

2.5. Model Validation 

Land use map dated 2002 was used in the model valida- 
 

Table 1. Rating scale utilized in AHP (adopted from Saaty, 1980). 

Intensity of importance Definition Explanation 

1 Equal importance Two elements contribute equally to the objective 

3 Moderate importance Experience and judgment slightly favor one element over another 

5 Strong Importance Experience and judgment strongly favor one element over another 

7 Very strong importance One element is favored very strongly over another, its dominance is demonstrated in practice

9 Extreme importance The evidence favoring one element over another is of the highest possible order of affirmation

 
Table 2. Format of estimated population matrix (adopted from Pontius and Millones, 2011). 
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The Equation (6) calculates quantity disagreement (qg) 
for an arbitrary category g. 

1 1

J J

g ig gj
i j

q p p
 

     
   
             (6) 

The overall quantity disagreement (Q) which incorpo-
rates all J categories is computed by Equation (7): 

1

2

J

g
g

q

Q 


                (7) 

Allocation disagreement (ag) for an arbitrary category 
g is calculated using Equation (8). The first argument 
within minimum function is the omission of category g 
while the second argument is the commission of category g. 

1 1

2min ,
J J

g ig gg gj gg
i j

a p p p
 

        
   




  p




   (8) 

The overall allocation disagreement (A) is computed 
by the following equation: 

1

2

J

g
g

a

A 


                 (9) 

The proportion of agreement C is estimated by Equa- 
tion (10): 

1

J

jj
j

C p


                 (10) 

Based on Equation (11), total disagreement D is a sum 
of overall quantity of disagreement and overall allocation 
of disagreement: 

1D C Q A               (11) 

2.5.2. Figure of Merit 
The figure of merit equals to the intersection of observed 
change and simulated change divided by the union of 
observed change and simulated change. The figure of 
merit ranges from 0, i.e. no overlap between real and 
predicted changes, to 100%, i.e. perfect overlap between 
real and predicted changes. 

 Figure of Merit B A B C D           (12) 

where: A is the area of error due to observed change 
simulated as persistence, B is the area of correct due to 
observed change simulated as change, C is the area of 
error due to observed change simulated as change to 
wrong category, and D is the area of error due to ob- 
served persistence simulated as change [33]. 

3. Results and Discussion 

3.1. Land Use Change 

Calibration of CA-Markov was done based on the 
changes in land cover over the period 1990-1997 (Figure 
4). 

According to transition probability matrix (Table 3), 
the biggest change occurred on grassland. Field and desk 
investigations demonstrated that grassland with bare land 
and mining land are transit categories and hence exposed 
to more changes during the time. Agriculture land8, oil 
palm and rubber stands also changed over the time. Ag- 
riculture land shifted mostly to oil palm and rubber 
plantings and urban areas while older rubber stands were 
transformed to agricultural and urban areas. Bare land 
changed mostly to grassland, forest and oil palm plant- 
ings. Forest stand primarily changed to grassland, mining 
land, urban areas, and rubber planting. Grassland and 
marshland mainly shifted to rubber planting, agricultural 
and urban areas. Mining land and oil palm stand changed 

 

 

Figure 4. Observed land use map versus simulated land use map. 
 

8Refers to cultivation of annual field crops and horticultural crops, and does not include perennial industrial crops, i.e. oil palm and rubber. 
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Table 3. Transition probability matrix for land use change modeling under the 1990-1997 calibration period. 

Newer 
 

Older 
Agriculture Bare land Forest Grassland Marshland Mining Oil palm Rubber Urban area Water bodies

Agriculture 0.6947 0.0000 0.0000 0.0050 0.0130 0.0000 0.0634 0.1116 0.1122 0.0001 

Bare land 0.0000 0.9003 0.0606 0.0230 0.0000 0.0000 0.0140 0.0022 0.0000 0.0000 

Forest 0.0023 0.0003 0.9668 0.0073 0.0004 0.0063 0.0000 0.0112 0.0054 0.0001 

Grassland 0.0478 0.0000 0.0976 0.6524 0.0069 0.0072 0.0000 0.1252 0.0228 0.0402 

Marshland 0.0415 0.0000 0.0000 0.0000 0.9184 0.0000 0.0000 0.0401 0.0000 0.0000 

Mining 0.0083 0.0000 0.1008 0.0356 0.0000 0.7126 0.0068 0.0620 0.0533 0.0206 

Oil palm 0.0431 0.0006 0.0472 0.0068 0.0003 0.0389 0.7662 0.0861 0.0109 0.0000 

Rubber 0.0733 0.0000 0.0478 0.0255 0.0038 0.0092 0.0160 0.7486 0.0741 0.0018 

Urban area 0.0634 0.0000 0.0086 0.0175 0.0003 0.0080 0.0035 0.0701 0.8241 0.0046 

Water bodies 0.0000 0.0000 0.0013 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.9987 

 
primarily to forest and rubber plantings, bare land, and 
urban areas. In this region, water bodies did not change 
much. However, there were some transitions of water 
bodies to marshland and urban areas. 

However, some of these changes in land use as indi- 
cated in the land use maps appear as a mismatch in real- 
ity. For example, the transitions of bare land and grass- 
land to forest over a period of 7 years seem unreasonable. 
Also, the transition of urban areas to agricultural and 
rubber plantings seem unlikely under the Malaysian pol- 
icy of land development at the time [34,35]. This mis- 
match is not caused by the model, but rather it could 
have been caused by the use of different land use classi- 
fication criteria or inconsistent resolution of satellite im- 
agery over the 12-year period. 

As shown in Table 4, twenty factors were entered into 
AHP to determine the weights proportional to their im- 
portance in land allocation process. Consistency ratio in 
all land cover categories is lower than 0.1, which infers a 
consistent and reliable judgment. Figure 3 depicts the 
transition suitability of different land uses within the 
Langat Basin. 

3.2. Validation 

Based on error analysis (Tables 5 and 6), change simula-
tion of bare land and grassland categories resulted in the 
lowest figure of merit, i.e. 47.39% and 49.45%, respec-
tively. This could be due to the transit nature of these 
categories. Conversely, simulation of forest and water 
bodies resulted in the highest figure of merit, i.e. 94.39% 
and 80.32%, respectively. This could be caused by high 
percentage of persistence in these categories, i.e. 97% 
and 99% for forest and water bodies, respectively. Due to 
protection policy of the Hulu Langat Forest Reservoir, 
transition rate in the forest area was very low, which 
caused a high persistence. Figure of merit in change 
simulation of marshland and agriculture land was  

51.03% and 57.42%, respectively. In simulation of agri- 
culture land, quantity error was nearly similar to alloca- 
tion error. This indicates that simulation of agriculture 
land is impacted by both types of errors. However, in 
simulation of marshland, quantity error was significantly 
higher than the allocation error. In this work, simulations 
of marshland and agriculture land were mostly impacted 
by transition inconsistency between calibration and vali- 
dation periods. Figure of merit in change simulation of 
mining land and oil palm was 60.85% and 66.01%, re- 
spectively. In simulations of mining land and oil palm 
stands, transition consistency between calibration and 
validation periods was relatively high, which resulted in 
lower quantity error than allocation error. Figure of merit 
in change simulation of urban area and rubber stands was 
76.37% and 67.71%, respectively. Change simulation of 
urban area was more affected by allocation error rather 
than quantity error. However, in simulation of rubber 
stands, due to transition inconsistency between calibra- 
tion and validation periods, quantity error reached 2.39%. 

Table 5 shows total quantity error, total allocation er- 
ror, and total figure of merit calculated using a validation 
analysis over three time periods which are: reference T1, 
reference T2, and simulated T2. Using the same ap- 
proach, components of agreement and disagreement as a 
fraction of landscape area are given in Table 6. 

Total figure of merit, total allocation error, and total 
quantity error were 5.62%, 6.13%, and 3.53%, respec- 
tively. According to Table 6 and Figures 5 and 6, the 
components “persistence simulated as change” and 
“change simulated as persistence” were 5.63% and 
3.46%, respectively. The model was able to correctly 
simulate only 0.57% of the changes. Simulated change is 
the sum of “persistence simulated as change”, “change 
simulated as change to wrong category” and “change 
simulated correctly.” Observed change is the sum of 
“change simulated as change to wrong category”, “change 
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Table 4. Type of fuzzy membership function, eigenvectors of weight (values in italic) and AHP consistency ratio for each land 
use type. 

Land cover
Parameter 

Agriculture Bare land Forest Grassland Marshland Mining land Oil Palm Rubber Urban area Water bodies

Proximity to stream 
sig. MD 
0.0648 

  
sig. SYM 

0.2296 
sig. MD 
0.2462 

sig. SYM 
0.2466 

sig. MI 
0.0646

sig. SYM 
0.1364 

sig. SYM 
0.0455 

sig. MD 
0.3110 

Proximity to road 
sig. MD 
0.1180 

sig. MI 
0.1698 

sig. MI 
0.1603 

sig. SYM 
0.2125 

 
sig. SYM 

0.0720 
sig. MD 
0.1487

sig. SYM 
0.1581 

sig. MD 
0.1141 

 

Proximity to  
population centre 

 
sig. MD 
0.1900 

sig. MI 
0.0991 

sig. SYM 
0.1153 

 
sig. SYM 

0.0677 
 

sig. SYM 
0.0473 

sig. MD 
0.1885 

 

Proximity to  
sawmill 

  
sig. MI 
0.0891 

       

Proximity to oil 
refinery 

      
sig. MD 
0.0920

   

Proximity to WTP 
sig. SYM 

0.0607 
     

sig. MD 
0.0818

 
sig. MD 
0.1885 

 

Proximity to  
landslide 

        
sig. MD 
0.0271 

 

Runoff accumulation 
potential 

    
sig. MI 
0.1107 

    
sig. MI 
0.0874 

Rainfall 
sig. SYM 

0.0275 
 

sig. MI 
0.0535 

 
sig. MI 
0.0483 

 
sig. MD 
0.0427

   

Sediment transport 
capacity index 

sig. MD 
0.0232 

  
sig. SYM 

0.0623 
sig. MD 
0.0607 

     

Stability index 
sig. MI 
0.0333 

sig. SYM 
0.0371 

   
sig. SYM 

0.0769 
  sig. MI 0.0150  

Saturation index     
sig. MI 
0.1046 

    
sig. MI 
0.0497 

Standard deviation  
of elevation 

    
sig. MD 
0.0946 

    
sig. MD 
0.0874 

Slope 
sig. MD 
0.1153 

sig. SYM 
0.1328 

sig. MI 
0.2432 

sig. SYM 
0.0930 

 
sig. SYM 

0.1848 
sig. SYM 

0.0856
sig. MI 
0.1341 

sig. MD 
0.0478 

sig. MD 
0.0874 

Elevation 
sig. MD 
0.0422 

 
sig. MI 
0.0305 

sig. SYM 
0.0479 

sig. SYM 
0.0392 

sig. SYM 
0.0486 

sig. MD 
0.0319

 
sig. MD 
0.0271 

 

Soil series   
sig. SYM 

0.0791 
       

Soil suitability  
for agriculture 

sig. MD 
0.2442 

     
sig. MD 
0.2399

sig. MD 
0.1559 

  

Soil hydrologic 
group 

 
sig. SYM 

0.0729 
 

sig. SYM 
0.0283 

sig. SYM 
0.0330 

   sig. MI 0.0305
sig. MI 
0.0256 

Geology  
sig. MD 
0.0575 

   
sig. MD 
0.0562 

sig. MD 
0.0240

sig. MD 
0.0368 

  

Land cover  
(available lands  

to develop) 

UD 
0.2708 

UD 
0.3398 

UD 0.2451
UD 

0.2112 
UD 

0.1631 
UD 0.2472 UD 0.1887 UD 0.3314 

UD 
0.3158 

UD 
0.3515 

Consistency ratio 0.10 0.05 0.03 0.04 0.04 0.02 0.04 0.05 0.05 0.04 

Note: sig. MI sigmoidal-Monotonically Increasing; sig. MD sigmoidal-Monotonically Decreasing; sig. SYM sigmoidal-Symmetrical; UD User Defined (Linear 
Interpolation). 

 
simulated correctly” and “change simulated as persis- 
tence”. In this work, due to a high percentage of “persis- 
tence simulated as change”, simulated change (6.69%) 
was higher than the observed change (4.52%) (Table 6, 
Figures 5 and 6). 

Validation results showed that CA-Markov did not 
accurately simulate land use change dynamics in the 

Langat Basin. The reasons are discussed in the following 
paragraphs. 

As expressed by Pontius and Malanson (2005) [11], 
several LUCC models assume that land use change 
would be projected accurately using spatial dependency 
presented in a contiguity rule. However, Figure 4 shows 
that the new patches of bare land and grassland categories 
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Table 5. Validation results for each category and total landscape. 

Loss (commission) Persistence (agreement) Gain (omission) Quantity Error Allocation Error 
Category 

% of study area 
Figure of Merit 

Agriculture 1.91 3.70 0.83 1.08 1.66 57.42 

Bare land 0.01 0.27 0.29 0.28 0.01 47.39 

Forest 2.13 54.88 1.13 1.00 2.27 94.39 

Grassland 1.02 1.39 0.40 0.62 0.81 49.45 

Marshland 0.21 0.24 0.02 0.19 0.05 51.03 

Mining land 0.63 1.51 0.34 0.28 0.69 60.85 

Oil palm 0.58 1.94 0.42 0.16 0.84 66.06 

Rubber 1.47 17.23 3.86 2.39 2.94 76.37 

Urban area 1.43 7.80 2.29 0.86 2.86 67.71 

Water bodies 0.27 1.38 0.06 0.21 0.13 80.32 

Total 9.66 90.34 9.66 3.53 6.13 5.62 

Note: Underlined values were calculated using the three-dimensional approach. 

 
Table 6. Validation results for simulations of total land-
scape using three-dimensional approach. 

Component Landscape area (%)

Persistence simulated correctly 89.85 

Persistence simulated as change 5.63 

Change simulated as change to wrong category 0.49 

Change simulated correctly 0.57 

Change simulated as persistence 3.46 

Total 100.00 

Simulated change 6.69 

Observed change 4.52 

 
do not expand from existing patches. In the present study, 
CA-Markov imposes spatial dependency by the contigu- 
ity rule. As such, CA-Markov was unable to accurately 
simulate land use change for the bare land and grassland 
categories.  

When the main signal of landscape is persistence, it is 
important that the model focus on the most important 
signal of change in the landscape. In this region, there 
were some noises resulting from the transitions of small 
patches specifically in agriculture and urban categories. 
These noises were projected by CA-Markov. However, 
studies have shown that the predictive power of 
CA-Markov is higher for cases where it focuses on major 
signal and ignores noises [11]. 

Land use maps utilized in this work were generated 
from satellite imagery, topographic maps, field surveys, 
and manual digitization. The digitized land use maps 
clearly showed some mismatch among the land use 
polygons, especially that of grassland, bare land and ur- 

ban area, due to different interpretation of category defi- 
nition. This led to some errors in the digitization process 
and consequently affected the simulation accuracy. 

In this study, as confirmed by Pontius and Neeti (2010) 
[36], there were three sources of uncertainty, viz. the data, 
the model, and future land change processes. Calibration 
and validation processes in this study required land use 
maps in three points of time. The duration of time inter- 
vals was dependent on data availability. As mentioned 
previously, there were some inconsistencies between the 
calibration and validation periods in terms of change 
intensity that was mostly due to data scarcity and lack of 
freedom in data selection. This study also showed that 
CA-Markov was unable to simulate accurately based on 
marginal changes in land use over the given time period. 
CA-Markov simulations using the 1990-1997 calibra- 
tion data set had an overall Kappa of 89% and a standard 
Kappa of 85%. These Kappa agreement statistics infer 
high capability of the model in land use change simula- 
tion based on the given calibration period. However, the 
results of three-dimensional validation approach as pro- 
posed by Pontius et al. (2011) [18] demonstrated that these 
Kappa accuracies are mostly caused by high land persis- 
tence over time, as shown in this study (Figure 6 and 
Table 6). Therefore, the Kappa agreement statistics are 
unable to measure the strength of CA-Markov in simu- 
lating land use change. Typically, Kappa statistics com- 
pare accuracy to a randomness baseline. According to 
Pontius and Millones (2011) [17], however, randomness 
is not a logical option for mapping. In addition, several 
Kappa indices suffer from basic theoretical errors. Thus, 
it is recommended that quantity disagreement and alloca- 
tion disagreement be used for accuracy assessment, in- 
stead of Kappa statistics. 
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Figure 5. Components of agreement and disagreement. 
 

 

Figure 6. Map representation of agreement and disagree-
ment components. 
 

Each LUCC model has its own capabilities and limita- 
tions. A single model is not capable to capture all of key 
processes in land use change projection [5]. In this study, 
the apparent differences in land use change between ur- 
ban and non-urban areas were not well projected by 
CA-Markov. Therefore, according to the results of this 
study and other recent works [37,38], and with regard to 

data scarcity and the limitation of the applied resolution 
in this work, the following refinements are suggested as 
improvement to the simulation accuracy by CA-Markov: 

1) Modeling urban and non-urban areas separately; 
2) Integration of logistic regression and CA-Markov to 

prepare more realistic suitability maps; 
3) Incorporation of more deterministic socio-economic 

parameters in land change simulation, such as population 
growth. 

4. Conclusions 

In this work, the validity of CA-Markov was studied us- 
ing the 1990-1997 calibration period.  

CA-Markov did not accurately simulate land use 
change dynamics in this area which resulted in the high 
values of quantity and allocation disagreements and low 
value of figure of merit computed using a three-dimen- 
sional approach. 

Results showed that the new patches of grassland and 
bare land did not expand from existing patches. CA- 
Markov imposed spatial dependency by the contiguity 
rule, which caused inaccurate simulation of land use 
change for bare land and grassland. Moreover, CA- 
Markov simulation included noises which were dominant 
in agriculture and urban area categories. However, the 
projecting power of CA-Markov was higher in situations 
where major signals dominated over noises. Mismatching 
among land cover polygons due to different interpreta- 
tions of land use definitions contributed to inaccuracies 
in the simulation of land use change. Data scarcity and 
lack of freedom in data selection caused some transition 
inconsistencies between calibration and validation inter- 
vals. In addition, CA-Markov exhibited difficulty in change 
simulation due to marginal changes in this area over time. 

This study demonstrates the utility of three-dimensional 
analysis and disagreement components in validating land 
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use change models. 
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