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Abstract

Significant land-use changes in North Dakota have been reported and are
widespread over the entire state. Such changing patterns may portend loca-
lized impairment to agricultural watersheds. In this study, Land-use Land-cov-
er (LULC) change was modeled using geostatistics. The study area was within
the Pipestem Creek watershed, a part of the Missouri Watershed James Sub-
region of North Dakota, USA. Landsat Thematic mapper images from the
years 2007, 2011 and 2015 were used as preliminary data. LULC information
for these datasets was acquired from the Global Land-cover facility and Land-
sat Program. Data analysis, spectral classification and post classification tech-
niques were applied on the datasets. A transition matrix was derived using a
Markov chain Monte Carlo (MCMC) model. This study demonstrates that the
integration of satellite remote sensing, GIS and statistics may be an effective
approach for analyzing the direction, rate, and spatial pattern of land-use
change.

Keywords

Markov Chain, LULC Change, Transition Probabilities

1. Introduction

Over the last decade, a range of models of land-use change have been developed
to meet land management needs, and to better assess and project the future role
of LULC change in the functioning of the earth system. Modeling, especially if
done in a spatially explicit, integrated and multi-scale manner, is an important
technique for the projection of alternative pathways into the future, for con-

ducting experiments that test our understanding of key processes, and for de-
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scribing the latter in quantitative terms [1] [2] [3]. Satellite remote sensing, in
conjunction with geographic information systems (GIS), has been widely applied
and been recognized as a powerful and effective tool in detecting LULC change
[4]-[11]. Multispectral satellite data are cost-effective and the information ob-
tained from them can be used as inputs to build LULC datasets. GIS technology
provides a flexible environment for spatial and statistical analyses coupled with
modeling. Satellite imagery has been used to monitor discrete land-cover types
by spectral classification or to estimate biophysical characteristics of land sur-
faces via linear relationships with spectral reflectance or indices [12] [13]. With
easy accessibility of upgraded remote sensing software and readily available sa-
tellite imagery, the change in LULC can be assessed over a period of time [14].
Particularly for applications that link remote sensing with human activity, this
differentiation is important because land-use emphasizes the functional role of
land in economic activities while land-cover does not [15]. Therefore, con-
founding land-cover with land-use may generate biased results in these studies
[16]. The models of LULC change process fall into two groups: regression-based
and spatial transition-based models [17]. The majority of research in LULC uti-
lizes regression-based approach, which relates the locations of LULC change to a
set of spatially explicit variables, and uses models such as logistic [18] [19] [20],
and hedonic price models [21]. Cellular automaton simulation models are a type
of spatial transition based models which allow for predicting future land devel-
opment based on probabilistic estimates with Monte Carlo or other methods
[22] [23]. One crucial limiting factor to the development of process models is the
lack of smart modelling tools for change processes in most software platforms.
Equally important is the issue of data availability [24]. Very few studies have at-
tempted to link satellite remote sensing and GIS to stochastic modelling me-
thods in LULC change studies. This paper presents a method that combines sa-
tellite remote sensing, GIS, and MCMC modelling to analyze and predict LULC
changes in the Pipestem Creek, a part of the Missouri Watershed James Sub-re-
gion in North Dakota, USA between 2007 and 2015.

MCMC models are used to examine the stochastic nature of the LULC change
data and to prioritize areas of impairment within an agricultural watershed. It is
used as a descriptive and interrogative tool to quantify the change in land-use
occurring over a human-dominant landscape [25]. MCMC simulation models of
LULC change aid in the understanding and analysis of interaction between im-
pacts and natural resource management strategies [26] [27]. Markov analysis of
vegetation types tends to focus on a small area of less than a few hectares or on a
single small plot. When a few hundred hectares of land are involved, data sam-
pling is usually applied to limit the workload to scattered plots or transects [28].
On the other hand, land-use studies using MCMC models tend to focus on a
much larger spatial scale, and involve both urban and non-urban covers [29]-
[34]. Most of the studies utilizing MCMC models have used the first order of
MCMC which was studied to be most suitable. MCMC have several assump-
tions. According to [35], a primary assumption is to consider LULC change as a
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stochastic process, and different categories are the states of the change which is
defined as a stochastic process having the property that the value of the process
at time £ X, depends only on its value at time # — 1, X,;, and not on the se-
quence of values X, X., -+, X; that the process passed through in arriving at
X1 [36] [37]. For {X,, n= 0} and

P{X,=i[X_ = j}Vi, jeSwhereS={12--,m} then P=[p;] [36] [37].
Reference [37] regarded the change process to be discrete for convenience with
incremental time #(¢£=0, 1,2, 3, ---) values. Likewise, F’{Xt =a, |Xt71 = ai} is
the transitional probability that makes the transition from state a; to state a; in
one period of time. The MCMC Model used in this study was of first order ho-
mogeneous type. Therefore, P{Xt =4, |Xt—l = ai} can be applied [38] [39].
Here, p;can be calculated from observed data by estimating the number of times
the particular observed data went from state 7to /by adding the number of times
the former state occurred. LULC change in itself is very dynamic, thus we cannot
expect stationarity in it. However stationary and discrete time has been used in
various studies involving forest stands. Thus, MCMC models assume two factors
namely time stationarity/homogeneity and time independence. The concept of
time stationarity or time homogeneity implies that equal interval in time or con-
sistency between two states is considered within the timeline. Within a statio-
nary MCMC and a set order, the transitional probabilities can be set through
maximum likelihood estimation. The probabilities estimated are obtained by
maximizing this function [40]. This estimate is just the relative frequency of
transitions observed over the entire time period. If the land-use change sequence
is a Markov process of order 0, the probability of the random variable X being in
state jat time ¢ can be determined [41]. If the MCMC is of order 1, the probabil-
ity of the random variable X being in state ; at time ¢ depends only on the last
movement as stated [41]. Thus, testing Markov property is equivalent to testing
that the Markov process is of order 1. There are two steps in the testing proce-
dure. First, the null hypothesis that the MCMC is of order 0 versus order 1 is
tested; then the order 1 versus order 2 is tested. If the test of order 0 against or-
der 1 is rejected, and the test of order 1 against order 2 is accepted, the process
then may be assumed to be of order 1 [41]. In this study, spectral image classifi-
cation and stochastic methods were utilized to address LULC changes by em-

ploying a finite first-order MCMC with stationary transition probabilities.

2. Study Area

The Pipestem 8-Digit Hydrologic Unit Code (HUC) (10160002) sub-basin is
approximately 2571 km? covering parts of 4 counties (Foster, Kidder, Stutsman,
and Wells) in the Missouri Region-James Sub-Region of North Dakota. Of the
2571 km?, Stutsman County contains 65%, Wells 22%, Foster 8%, and Kidder
5%. Human activities affect watersheds by construction of impervious surfaces,
which are non-porous. Urban areas are appropriate examples of such surfaces.
The amount of runoff is thus increased to foster surface erosion. This could be

prevented if a buffer of forests is present in the areas in question. It is difficult to
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assess the forest cover of North Dakota. This is due to the fact that there are few
stands of forests in this region. Most of them are of riparian origin and are found
scattered along the river banks [42]. Figure 1 shows the Pipestem Creek wa-
tershed map. Figure 2 shows the Land-cover percentage within the Missouri
watershed James sub region [43] where the percentage area allotted for culti-
vated crops is much higher than the forest cover. Table 1 shows the Agricultural
Land Suitability within the Missouri Watershed James Sub region in North Da-
kota indicating a high suitability for grassland.

3. Materials and Methodology

3.1. Image Classification

Landsat 7 ETM+ images (Worldwide Reference System 2, row 027 and path 031)
of the study area were acquired from the Global Land-cover Facility and the
Landsat Program. These images covered a span of three different years 2007,
2011 and 2015. This freely available data has a ground resolution is 30 m. A

thematic RGB band combination of bands 7, 4 & 2 was used. Data obtained was

Wells Foster
Kidder
PINGREE
®  Town Stutsman
—— River

|:| County Boundary .BUCHANAN
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|
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Figure 1. Study area-pipestem creek watershed, North Dakota, USA.
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Figure 2. Land-cover percentage within the Missouri Watershed James Sub region.

Table 1. Agricultural land suitability within the Missouri Watershed James Sub region

Land-cover Area (hectares) Percentage
Shrub land 566,090.37 45.6379
Grassland/Herbaceous 649,650.6 52.37448
Forested wetlands 24,654.24 1.987612
Total 124,0395.21 100

in the form of individual bands ranging from 1 to 7. Layer stacking created a
new multiband file from the input bands which were resampled and re-pro-
jected. These datasets were resampled using the nearest neighbor algorithm so
that their pixel brightness values were preserved. Upon layer stacking of the
Landsat scenes; they were georeferenced to UTM Zone 14 North, WGS-84 Da-
tum, then data calibration was applied which converted the digital numbers of
the image to reflectance values as a way of preprocessing the data. Supervised
classification was performed using Maximum Likelihood algorithm. We used
supervised classification because the data of the study area was available and we
had a prior knowledge of the study area. Training site data was derived using di-
gitization which was then converted to polygonal training data. A total of 50

training sites were chosen for each image to ensure that all spectral classes con-
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stituting each LULC category were adequately represented in the training statis-
tics. Ten training sites for each of the five classes were chosen as ROIs (regions
of interest). The reference data was collected from existing LULC maps that have
been field-checked. Change detection statistics was performed on a remote
sensing platform to generate a change matrix for the years 2007-2011, 2011-
2015, and 2007-2015. The statistics are presented in a cross tabulation format
that compares the change between the two maps, that is, the base map and the
final map. We generated change matrices for years 2007 to 2011, 2011 to 2015,
and 2007 to 2015. Pixel count and areal extent data for each class within each
period was also generated. The maps generated from the change detection statis-
tics were used as inputs to generate confusion matrices as a measure of accuracy
assessment. The final change images were overlain with a vector file of the study

areas and the final maps were generated.

3.2. Spatial Analyses

Reclassified images of 2007-2011, 2011-2015, and 2007-2015 were imported as
raster datasets. The datasets were converted to ASCII using the raster conversion
tool to generate the attribute table containing cell values. To estimate the
land-use transition from forested land to non-forested land, the datasets were
reclassified using spatial analyst. The USGS Anderson Land Classification Scheme
[44] was used to classify all the remotely sensed datasets into new values. The
categories included: 1) bare soil or barren land, 2) open waters, 3) cropland, 4)
forested land, and 5) urban/built-up area. Tables 2-4 represent the areal extent
of change within each land-use class for the study period 2007-2015. The amount
of positive or negative change for each land-use class is shown in the tables.

3.3. Markov Analysis

The MCMC process was used for describing and projecting land-use informa-
tion within the watershed from satellite imagery. Data compatibility, stationarity
and statistical independence were accessed using the aforementioned MCMC
process. The ASCII data generated for each year in the ArcGIS interface was
imported into SemGRID 1.6.1 interface as a layer. SemGRID 1.6.1 was used to

Table 2. Land-use/cover change matrix for years 2007 to 2011 (in square km).

Bare soil Open Cropland Forested U.rban 2011 total
water land built-up
Bare soil 29371.9 1107.3 3475.2 546.5 162.8 34663.6
Open water 6848.2 558.1 1740.2 260.5 4.7 9411.7
Cropland 432.7 19.0 82.5 17.4 220.5 772.1
Forested land 2288.3 446.9 1414.3 265.4 0.1 4415.1
Urban built-up 2872.5 1013.6 2182.8 644.7 4.4 6718.0
2007 total 39925.3 2698.2 7486.7 1469.5 1227.4
Change % -13.18 +28.81 +89.69 -77.16 +1.16
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Table 3. Land-use/cover change matrix for years 2011 to 2015 (in square km).

Open Forested Urban

Bare soil water Cropland land built-up 2015 total

Bare soil 829.5 4640.4 27829.5 2619.6 35520.4 35702.7

Open water 3385.5 2794.6 220.1 2341.7 8542.0 8542.3

Cropland 1055.1 453.2 4473.1 596.4 2177.8 2178.8

Forested land 1766.5 1490.1 14.9 1144.4 4415.9 4416.0

Urban built-up 261.7 34.1 233.0 16.0 544.7 1602.5
2011 total 468.8 617.7 6699.1 4573.6 5241
Change % +4.09 -9.24 +71.17 -34.27 +2.04

Table 4. Land-use/cover change matrix for years 2007 to 2015 (in square km).

Bare soil Open Cropland Forested U.rban 2015 total
water land built-up
Bare soil 920.2 944.5 30020.2 6543.7 281.9 35312.1
Open water 139.8 99.0 5880.5 520.0 0.6 8539.9
Cropland 1192.6 204.8 2641.9 138.3 1.1 2178.7
Forested land 2288.3 446.9 1414.3 265.4 0.1 4415.1
Urban built-up 625.4 2.9 28.3 2.1 943.6 1602.3
2007 total 1166.3 298.2 9486.7 1469.5 1227.4
Change % -9.84 —6.50 +89.90 ~77.44 +10.55

generate the transitional probabilities of LULC data for years 2007 to 2011, 2011
to 2015, and finally 2007 to 2015. These probabilities were projected as 3D mesh
plots using SigmaPlot® 10.0.

The testing of statistical independence hypothesis involved a procedure that
compared the expected change with the actual change. If the number of LULC
categories is M, then the statistic to be computed is Pearson’s y2 with (M — 1)?
degrees of freedom [45]. According to the MCMC hypothesis, the transition
probability matrix governing the period 2007-2015 can be obtained by multiply-
ing the 2007-2011 and 2011-2015 matrices. Table 5 shows the subset areal extent
derived from the Markov Chain model where transition from each class is quan-
tified in hectares as well as percentage value. Transition probability data derived
is shown in Tables 6-8. Kappa coefficient of agreement was derived based on
[46] [47]. Reclassified Landsat datasets from the years 2007, 2011, and 2015 were
combined using the combine function in ArcGIS-Spatial Analyst. Datasets from
2007 and 2011, 2011 and 2015, and finally 2007 and 2015 were combined. The
attribute table for each dataset contained the pixel count information for each
land-use class. These attribute tables for each datasets were then exported to a
database table file in MS-Excel. These were converted to text files and imported
into MS-Access where a crosstab query was performed to format and compress
the data such that the row and column headings had the same class description
as the reclassified datasets. These tables were imported into Excel to derive the

Kappa coefficients of agreement for each dataset.
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Table 5. Subset of areal extent of pipestem creek in North Dakota.

K2
0:{5: Scientific Research Publishing

2007 to 2015 2011 to 2015 2007 to 2015
State
(from, to) ?;:)a # of cells 1(\1::; Area (%) # of cells ?l::)a Area (%) # of cells 1(\1::;
1,1 9.8 16,163 1454.67 3.8 8362 752.58 5.5 26642  4247.1
1,2 11.7 19,286 1735.74 3.7 8142 732.78 4.9 8008 811.35
1,3 12 19,730 1775.7 4 8755 662.22 4.5 7496  674.64
1,4 9.4 15,505 1395.45 6.9 14,965 1346.85 6.7 10988  988.92
1,5 13.8 22,701 2043.09 15.7 13,412 3071.34 1.2 9015  2397.78
2,1 10.7 26,899 2420.91 14.5 23,708  3337.2 2.2 13946  5007.51
2,2 12.8 31,944 2874.96 16.2 67,118 6040.62 3.5 47190  788.31
2,3 13.3 33,315  2998.35 10.9 53,521 4816.89 11.4 27135 2578.14
2,4 17.7 44,438  3999.42 10.3 26,314 2368.26 11.8 28646  2654.73
2,5 9.4 23,535 2118.15 2.9 7358 662.22 10.8 60232 1255.14
3,1 10.2 29,155 2623.95 137 7004  3758.58 4.9 5639  3886.11
3,2 11.1 31,810  2862.9 16.2 65,581 7151.67 8.4 9372 3918.96
3,3 9.2 26,289 2366.01  21.6 79,463  5902.29 1.2 24651  6853.05
3,4 14.9 42,715 3844.35 9.5 41,762  630.36 10.6 183,108 5420.88
3,5 13.2 37,905 3411.45 2.3 28,829 31644 11 53,764  843.48
4,1 9.3 20,957 1886.13 12.5 35,160 6728.85 4.2 43,179 2218.59
4,2 11.3 25,353 2281.77  20.6 74765  5619.96 11 22613  2658.06
4,3 14.4 25,541 2298.69  22.3 4876  1992.42  13.1 47241  4838.76
4,4 10.9 38,070  3426.3 7.9 22,138 5268.24 239 86292  2170.17
4,5 11.5 25753 2317.77 1.5 4323 1155231 19.2 2090  4251.69
5,1 7.5 47417  4267.53 12.6 58,536 9847.98 3.6 29,534 16,479.72
5,2 9.1 57342 5160.78 17.6 12,835 3078.63 7.5 9372 7766.28
5,3 8.6 54554  4909.86 13.6 10,942 389.07 13.7 2465 18,815.22
5,4 11.8 93284  8395.56 7.4 34,207  438.84 33.1 1831  2035.17
55 10.5 97990  8819.1 1 62,444 12,541.1 29 53764  4251.69
Table 6. Transition probabilities matrix for states 1 to 5 for years 2007 to 2011.
1 2 3 4 5

1 0.02999 0.01 0.4801 0.01 0.12

2 0.1044 0.01271 0.43 0.1785 0.106

3 0.101 0.1119 0.25517 0.1201 0.01153

4 0.0141 0.0014 0.323101 0.1643 0.1101

5 0.0751 0.0908 0.1623 0.1417 0.2301
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Table 7. Transition probabilities matrix for states 1 to 5 for years 2011 to 2015.

1 2 3 4 5
1 0.0392 0.1387 0.0455 0.1568 0.2198
2 0.0375 0.0496 0.0419 0.1773 0.0537
3 0.0109 0.1019 0.2295 0.1259 0.0318
4 0.0393 0.0114 0.4371 0.5001 0.1121
5 0.0331 0.2025 0.0321 0.197 0.0353

Table 8. Transition probabilities matrix for states 1 to 5 for years 2007 to 2015.

1 2 3 4 5
1 0.1174 0.0699 0.1095 0.2744 0.1288
2 0.1515 0.00198 0.2051 0.2025 0.2211
3 0.0583 0.0701 0.1401 0.1659 0.0656
4 0.0499 0.1487 0.4127 0.0889 0.1998
5 0.2309 0.1488 0.0101 0.2301 0.2801

4. Results and Discussion
4.1. LULC Change Statistics

The overall accuracy values based on the post classified images generated for
2007-2011, 2011-2015, and 2007-2015 using change detection statistics in ENVI
4.5° were 91.59 percent, 88.30 percent, and 89.43 percent respectively. Figure 3
shows the graphical representation of LULC change matrix from 2007 to 2011
where a likelihood of increment in 89.69% cropland, 28.81% open waters, and
1.16% urban area was prominent. The likelihood of decrement in forested land
appeared to be at 77.16% along with a decrement of 9.06% for bare soil or barren
land. Figure 4 represents the graph showing LULC change matrix from 2011 to
2015 where a likelihood of increment in cropland, urban area and bare soil or
barren land at 71.17%, 4.09%, and 2.04% respectively was noted. A net negative
change in forested land and open waters was observed at 34.27% and 9.24% re-
spectively. Forested land to non-forested land transition was found to be high
for 2007 to 2011 period but was slightly lower from 2011 to 2015 period. Positive
change in croplands was noted and could be a probable cause to the growing
demand for food grains and agricultural products in this area. Figure 5
represents the graph for change matrix from 2007 to 2015. About 89.90% like-
lihood of increment in agricultural land leading to a 77.44% likelihood of

decrement in forested land in the area was noted.

4.2. Validation of LULC Change Process Using Markov Chain

Markov Chain simulations for the Pipestem Creek watershed showed continuity
between the trends in change from forested land to other land-use classes (e.g.
[47]). The range of forested land to cropland change was significant. Table 6
represents the transition probabilities of years 2007 to 2011 derived by Markov
chain simulation. It represents cropland to cropland transition at 0.36 and
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Figure 3. Change matrix data of Pipestem Creek for years 2007 to 2011.
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Figure 4. Change matrix data of Pipestem Creek for years 2011 to 2015.

forested land to cropland transition at 0.52. Figure 6 is graphical representations
of the transition probability from the year 2007 to 2011 showing significant peak

for categories 3 followed by 4 which represent cropland and forested
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Figure 6. Transition probabilities from states 1 to 5 for years 2007 to 2011.

land respectively. Urban or built-up land generated a low transition probability
of 12% from barren land. Table 7 represents the transition probabilities of years
2011 to 2015 derived by Markov chain simulation. Transition from forest to
cropland was 44% and cropland to cropland was approximately 50%. Forested
land transiting to cropland was relatively higher than that exhibited for the years
2007 to 2011. Barren land to urban area transition probability was high at 22%.
Open waters did not show much transition throughout 2007 to 2015. Figure 7 is
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a visual representation of the tabular data from 2011 to 2015 where the only sig-
nificant peak that can be seen is for cropland. Table 8 represents the transition
probability data 2007 to 2015 in LULC over a period of 9 years where a signifi-
cant transition probability from forested land to cropland was 41% for years.
Figure 8 is a graphical representation of the same data where cropland showed

up as a significant peak followed by forested land and urban land, indicating

>
=
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=T 0.60
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Figure 7. Transition probabilities from states 1 to 5 for years 2011 to 2015.
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Figure 8. Transition probabilities from states 1 to 5 for years 2007 to 2015.
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a likelihood of increment. The Kappa coefficients of agreement for the datasets
were at 53.28% for the years 2007 to 2011, 55.74% for the years 2011 to 2015 and
60.24% for the years 2007 to 2015. Figures 9-11 represent LULC maps of the
Pipestem Creek in North Dakota for the years 2007-2011, 2011-2015, and
2007-2015 respectively. The western parts of Stutsman and Wells County
showed significant transition from forest to cropland. The south-eastern part of
Stutsman County showed a significant increase in urban or built-up land attri-
butable to the location of small towns like Jamestown. Reference [47] used error
matrices to study similarity between two datasets. A Kappa coefficient value
would determine the similarity or dissimilarity between two images. In this
study, a low Kappa value is indicative of low similarities between the datasets
which could also imply significant transition between various LULC classes. This
prediction assumes spatial independence of the area units [48]. Although Mar-
kov chains constitute a good tool for describing and projecting LULC quantities,
they are insufficient for spatially explicit LULC predictions, because they also
assume statistical independence of spatial units. In a similar study made by [48],

it was suggested that Markov transitions

- Bare soil/barren land A
- Cropland

D Open waters

- Urban or built-up land 0 2 4 8 12 16
- Eorested land - ——\iles

Figure 9. LULC map of the Pipestem Creek in North Dakota for the years 2007-2011.
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- Forested land
:] Open waters

Figure 10. LULC map of the Pipestem Creek in North Dakota for the years 2011-2015.

0 2 4 8 12 16
Miles

can be used coupled with spatially explicit models like cellular automata and/or
linear extrapolation models. The methodology presented in this study incorpo-
rated a spatial element along with a temporal model. The projections of future
LULC changes on the basis of a MCMC model showed a continuing trend of in-
crease in urban and agriculture land acreages, and the decline in forests and
other natural vegetation covers. A similar study was conducted by [47] of state-
wide North Dakota which depicted a greater likelihood of forest to non-forested
land transition especially along north central North Dakota. The prioritization
map of North Dakota derived in reference [47] showed that part of the Pipestem
Creek watershed was a high priority area for Forest Stewardship Program. The
MCMC model transition probabilities estimated from 2007-2015 showing
change from forested land to other land-use classes depicted a probability of fu-
ture change and loss of forest acreage. The test of time homogeneity was per-
formed to determine if that the process of land-use change was stable through-
out the full study period. This was done by comparing the data from each
sub-period transition matrix Ze 2007 to 2011, 2011 to 2015 to the full period
transition matrix and then comparing the full period of 2007 to 2015. The test of
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Figure 11. LULC map of the Pipestem Creek in North Dakota for the years 2007-2015.

time dependence in this dataset is evident in Tables 6-8 where the change from
forested land to agricultural land was significant from the base year to the transi-
tioning year. The transition probabilities estimated from the full study period
with an interval of 4 years was assumed to be time-stationary Markov transition
matrix. This may be used to predict the future land-use category distribution to
provide answers to management problems as in reference [49] study. Reference
[49] also points out that early MCMC models were parameterized using data
observed and measured from field surveys and air photography. These data
tended to be biased and costly. The use of satellite remote sensing has enabled us
to calculate less biased training sites from the full extent of the landscape as in
reference [50]. Thus, the issue of obtaining observed training sites is crucial. The
Markov chain models have shown the capabilities of descriptive power and sim-
ple trend projection for LULC change, regardless of whether or not the trend
actually persists. The analysis can serve as an indicator of the direction and
magnitude of change in the future as well as a quantitative description of change

in the past. However, there are several limitations in LULC change applications.
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First, these models are difficult to accommodate high-order effects [51]. Refer-
ence [51] suggests that these effects can be modeled by redefining the state space,
so that new states are defined by both present and preceding states. A second-
order model, for instance, would include 7 states instead of / states in a first-or-
der model [51]. Second, the influence of non-stationary variables cannot be in-
corporated in the model [51]. Reference [52] shows a method to conditioning
changes to the initial states in different sites, as well as in the final states, and
therefore introduces spatial dependence into Markov modelling. So higher or-
dered effects can be studied once the spatial adjustments are made. Table 5
shows results generated with transition states which was corroborated in the
transition matrix shown in Tables 6-8 for years 2007 to 2015. Overall, areas used
for all forms of agriculture increased by more than 50% of its original level at the
first stage. The built-up areas doubled in area compared to the initial stage. The
Markov probabilities estimated from the full study period proved to be useful to
analyze and predict the distribution of land-use categories, though the land-use
change process cannot always be assumed static because of its dynamic nature
[52] [53]. The MCMC model, combined with the geospatial analysis proved to
capacitate trend projections of the changing land-use [54]. This spatio-temporal
model provides not only a quantitative description of change in the past but also
the direction and magnitude of change in LULC in the future [55] [56] [57].

In terms of the quantitative accuracy, error rates for forest and agricultural
land are particularly low indicating that nonparametric models can be success-
fully implemented in a further study of similar agricultural watersheds. In terms
of the spatial accuracy for forest, and agricultural land, a confusion matrix gen-
erated low accuracy assessment as discussed earlier which were acceptable indi-
cators. This indicates that the MCMC model can predict land-use patterns ob-

jectively.

5. Conclusion

The MCMC model performance in predicting LULC distribution from 2007 to
2015 showed that it is possible to project land-use change patterns with small
deviations and minimal error. This study integrated land-use pattern changes,
MCMC model for the simulation of land-use change. Landscape patterns depict
complexities of spatial heterogeneity, and researches have shown that these pat-
terns can influence a variety of ecological phenomena. This methodology com-
bines MCMC model and integrates it with post classification remote sensing
techniques. We were able to predict LULC changes from 2007 to 2015. Future
research includes the experimentation of spatially explicit models to better un-
derstand the LULC dynamics of this area. When facing such severe and rapid
LULC changes, one requirement for resource managers is to be able to project
future changes under certain assumptions to increase the awareness of ecological
consequences. The MCMC model performance reveals the potential and the me-
rit of using this approach for assessing future land-use change in similar arid re-

gions. Future studies are recommended to use more detailed socio-environ-
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mental variables to improve the understanding of trends of LULC changes

within such agricultural watersheds.
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