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Abstract: Deforestation is a major environmental
challenge in the mountain areas of Pakistan. The
study assessed trends in the forest cover in Chitral
tehsil over the last two decades using supervised land
cover classification of Landsat TM satellite images
from 1992, 2000, and 2009, with a maximum
likelihood algorithm. In 2009, the forest cover was
10.3% of the land area of Chitral (60,000 ha). The
deforestation rate increased from 0.14% per annum in
1992—2000 t0 0.54% per annum in 2000—2009, with
3,759 ha forest lost over the 17 years. The spatial
drivers of deforestation were investigated using a
cellular automaton modelling technique to project
future forest conditions. Accessibility (elevation,
slope), population density, distance to settlements,
and distance to administrative boundary were

strongly associated with neighbourhood deforestation.

A model projection showed a further loss of 23% of
existing forest in Chitral tehsil by 2030, and
degradation of 8%, if deforestation continues at the
present rate. Arandu Union Council, with 2212
households, will lose 85% of its forest. Local
communities have limited income resources and high
poverty and are heavily dependent on non-timber
forest products for their livelihoods. Continued
deforestation will further worsen their livelihood
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conditions, thus improved conservation efforts are
essential.

Keywords: Remote sensing; Drivers of deforestation;
Cellular automata

Introduction

Forests play a critical role in regulating the
Earth’s surface temperature and precipitation,
preserving soil nutrients, minimizing flooding, and
fixing carbon. They also provide important
ecosystem services to people such as air
purification, erosion control, and biological
reservoirs. There is a continuing decline in forest
area worldwide; the global assessment reported a
0.2% annual loss of forest area between 1990 and
2000, although forest protection efforts reduced
the deforestation rate to 0.13% between 2000 and
2005 (FAO 2010).

There are various hot spots of deforestation,
one of which is Pakistan, which has the second
highest deforestation rate in Asia (Tole 1998; FAO
2010). National level assessments reported 4.2
million ha of forest cover in Pakistan in 1990, or



4.8% of the total land area (GoP 1992), with a rate
of loss of 0.7% per annum during 1990—2000 (GoP
2004). The FAO reported that the rate of loss was
1.6% per annum in 1990—2000 and that this rose
to 2.0% per annum in 2000-2010 (FAO 2010).
The forests are vital both for local communities and
the broader environment of the country, but these
alarming rates of deforestation raise the question
of how long these rapidly vanishing forests can be
sustained.

The environmental losses due to deforestation
in the Himalayan mountains go beyond the region
and badly affect the environment and economy of
the adjoining Indo-Gangetic plains area through
disturbances in the hydrological cycle and impacts
related to soil erosion, siltation, floods, and
desertification (Swaminathan 1988; Tiwari 2000).
The incidence of floods in the Indus river system
has been more severe and more frequent over the
past 25 years than in the previous 65 years, mainly
due to increased surface runoff and accelerated
erosion in the Himalayan mountains (Tejwani
1990). According to the Pakistan Water Strategy,
the country needs to increase water storage by 18
million acre-feet (MAF) [22.20 cubic kilometre] by
2050, with 30 percent of this to replace storage lost
due to siltation (GoP 2002).

A number of studies have assessed changes in
the area of Himalayan dry temperate forests using
coarse and high-resolution remote sensing data
(Shroder 1998; Joshi Joshi et al. 2001; Gairoal
2004; Pandit et al. 2007). Others have assessed the
extent and evaluated the drivers of deforestation
(Ali et al. 2005; Qasim et al. 2011; Qamer et al.
2012). Driving forces are the forces that cause
observed landscape change, i.e., they are influential
processes in the evolutionary trajectory of the
landscape (Biirgi 2004). It is important to
understand past and present drivers of landscape
change in order to design interventions to reduce
negative developments. Verburg (1999) modelled
land use change as a function of the drivers, thus
enabling better understanding of the extent and
location of land use change and its effects.
Deforestation results from complex socioeconomic
processes and it is often difficult to isolate a single
cause (Walker 1987; Geist and Lambin 2001).
According to the conceptual framework developed
by Geist and Lambin (2001), the direct causes of
deforestation are expansion of infrastructure and
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agriculture, extraction of wood, and other factors,
including pre-disposing biophysical condition and
social trigger events. This framework was used by
Rademaekers et al. (2010) in a global study on the
evolution of drivers of deforestation and their
potential impacts on the cost of schemes for
avoiding deforestation. Similarly, Hosonuma et al.
(2012) identified expansion of agriculture and
timber extraction as the most prominent causes of
deforestation and forest degradation in developing
countries, including Pakistan. Environmental
factors, including geology, topography, and soil
quality, and climatic factors such as drought, are
also believed to strongly affect deforestation (Geist
and Lambin 2001; Chomitz and Thomas 2003).
However, most of the deforestation studies that
mention environmental factors focus primarily on
soil-related features (Fearnside 1993; Geist and
Lambin 2001). Studies in Pakistan have identified
different drivers, agricultural expansion and
population growth are mentioned most frequently
(Schickhoff 1995; Lodhi et al. 1998; Niisser 2000;
Qasim et al. 2011), other drivers include timber
extraction, poverty, administrative reforms, and
poor management (Knudsen and Madsen 1999; Ali
et al. 2005; Qamer et al. 2012).

Although survey data are useful for identifying
socioeconomic factors, they can only offer a limited
view of land cover in a limited area at a particular
point in time. In contrast, aerial and satellite
imagery can be used to monitor large areas and the
spatial extent of changes. Satellite imagery offers
contiguous spatial coverage, facilitates better
repetition, replaces costly and slow data collection,
and provides statistical information about the area
or object. Specifically, remote sensing change
detection analysis can be used to identify areas of
rapid change to target management efforts (Rogan
and Roberts 2002; Kennedy 2009; Henders and
Ostwald 2012). Repeated satellite images are useful
both for visual assessment of natural resources
dynamics occurring at a particular time and place,
and for quantitative evaluation of land cover
changes (Tekle 2000).

Studying driving forces is more problematic;
there is no single method, but the roots of the
different methods are basically the same (Biirgi
2004). There are various models available each
with specific advantages and disadvantages
(Agarwal 2002). One modelling approach, the
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cellular automaton, works synchronously according
to a simple set of rules depending only on the local
information provided by the states of neighbouring
cells (Kutrib 1997). Wolfram (1983) refers to nearly
50 papers related to applications of cellular
automata, indicating the model’s accuracy and
reliabi lity. Soares-Filho et al. (2006) used a similar
approach for modelling deforestation trends in the

Amazon basin, as Geri et al. (2011), Kamusoko et al.

(2011), Maeda et al. (2011) and Farfan (2012) did in
their studies of land cover change including
deforestation.

The aim of the current study was to assess
deforestation in Chitral, Pakistan, to model the
contribution of spatially explicit drivers of
deforestation, and to project the future forest
scenario on a business as usual basis. Future forest
projection has not been done previously for dry
temperate forests in the western Himalayan
mountain areas. The study used supervised
classification of Landsat satellite images for forest
cover mapping and employed a cellular automaton
modelling technique for spatial modelling of forest
cover change dynamics.

1 Study Area

Chitral tehsil is a sub-district administrative
unit of 5818 km?2 in the extreme northwest of
Pakistan, surrounded by the glaciated mountain
ranges of the Hindu Raj to the south and the Hindu
Kush to the west and north (Khan 1975; Malik
1985), and ranging in elevation from 1063 to 6628
m asl (Figure 1). The Hindu Kush climate is
marked by the transition from the west (dry) to the
south (moist) Asian climatic zone and its inner
valleys are in a rain shadow. The climate in Chitral
is temperate and is dominated by the winter
weather pattern with rain-bearing westerly winds
from December to March. The mean annual
temperature is 16°C, with an average minimum
temperature of 8°C and average maximum
temperature of 24°C. Summers are hot with July
the hottest month, and winters cold with January
the coldest month (Beg 1974). Temperatures in
winter can drop to -3°C (absolute minimum) and in
the summer can reach 47°C (absolute maximum).
The average annual rainfall is 451 mm, with heavy
snowfall in winter. The vegetation is characterized
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Figure 1 Study area map.

as dry temperate with three dominant vegetation
types — dry temperate oak forest, dry temperate
coniferous forest, and alpine meadow (Champion
et al. 1966). Deodar (Cedrus deodara) is the
dominant species in coniferous forest, and oak
(Quercus baloot) and walnut (Juglans regia) in
broadleaved forest (Sheikh and Khan 1983).

2 Materials and Methods

2.1 Forest cover classification and change
analysis

We utilized Landsat satellite images captured
on 27/Sep/1992, 27/0ct/2000, and 10/Sep/2009
to develop time series land cover maps. The
datasets were selected on the basis of similar
seasonality and minimum cloud cover. Satellite
data with six spectral bands of the same spatial
resolution (30 m) were stacked and then masked to
the study area. It is difficult to obtain consistent
classes from images of the same location taken at
different dates as a result of differences in
illumination, atmospheric effects, and instrumental
response (Adams et al. 1995). To maintain
consistency between the classes, radiometric
atmospheric correction was carried out by
converting the satellite-generated digital counts



(DC) to absolute surface reflection (Chavez 1996),
and then images were geometrically corrected and
rectified taking historic images as reference with a
root mean square (RMS) error of less than 3.35 m.
The objective of geometric correction was to bring
adjacent images into registration and to overlay
different images of the same area from different
dates and sensors (Kardoulas et al 1996). Images
were further enhanced by applying a standard
deviation stretch which enhanced the distinctions
between the features. Using field expertise, a
training sample was identified for 13 land cover
classes and each class was analyzed for spectral
behaviour using different band combinations
(Table 1).

After identifying signatures for the land cover
classes, maximum  likelihood  supervised
classification was applied using feature space with
a non-parametric decision rule. Maximum
likelihood supervised classification has been used
in many studies, for example Keuchel et al. (2003)
and Rozenstein and Karnieli (2011). Gong et al.
(2003) further improved land cover outputs using
supervised classification by including detailed
vegetation indices given by elevation, slope, and
aspect. A fuzzy filter with a 3 x 3 window was
applied on the final outputs for smoothing. The
resolution of the final land cover was 9o m; each
pixel of the land cover dataset covered an area of
0.81ha.

Table 1 Description of Land Cover Classes

Land cover class Description
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The land cover was primarily classified into 13
classes (Table 1) including six forest cover classes
(dense coniferous forest, sparse coniferous forest ,
dense mixed forest, sparse mixed forest, sparse
broadleaved forest) and seven non-forest cover
classes (grassland/shrubs, peatland, alpine
grassland, agriculture, bare soil/rocks,
snow/glaciers/ice, water bodies). Transition from
forest to non forest was taken as deforestation and
dense forest to sparse forest was taken as
degradation. Change in forest cover classes was
quantified using the output layers of land cover for
three different years and cross tabulation between
layers using the spatial analysis tool in ArcGIS.
Changes other than forest were neglected because
of the complexities of seasonal variation. The peak
season for grasses, shrubs, peatland, and alpine
grass is just after the monsoon, snowfall has a
maximum in winter, and agricultural types vary
across all seasons. Forest cover change from 1992
to 2000 was taken as the initial landscape change,
and from 2000 to 2009 as land cover inputs for the
model. No regeneration was identified on the land
deforested between 1992 and 2000, thus the
deforested land in the final landscape was the sum
of the deforestation over the two periods.

The accuracy of the land cover maps developed
from Landsat satellite images was assessed by
comparing the land cover results with Google Earth
based very high resolution satellite (VHRS) images.

1 Dense coniferous forest

2 Sparse coniferous forest
3 Dense mixed forest
4 Sparse mixed forest

5 Dense broadleaved forest
6 Sparse broadleaved forest

7 Grassland/shrubs

[ee]

Alpine grassland
9 Peatland

10 Agriculture

11 Bare soil/rock
12 Snow/glaciers/ice
13 Water bodies

Dense evergreen needle-leaved forest with canopy cover greater than 60%, mainly
includes moist and dry temperate Himalayan forest, sub-alpine forest, and sub
tropical pine forest

Sparse evergreen needle-leaved forest with canopy cover less than 60% mixed with
scrub, bare areas, and grasses/shrubs

Mixed forest of evergreen needle-leaved, broadleaved, and scrub forest with density
greater than 60%

Sparse coniferous, broadleaved, and scrub forest with canopy cover less than 60%
mixed with scrub, bare areas, and grasses/shrubs

Dense broadleaved and scrub forest with canopy cover greater than 60%

Sparse broadleaved and scrub forest with canopy cover less than 60% mixed with
scrub, bare areas, agriculture, and grasses/shrubs

Grasses and shrubs, which are hard to differentiate because of the limitations of
spatial resolution, and the fact that shrub in the upper mountain regions of Pakistan
mainly consists of dwarf shrubs mixed with grasses

Alpine pasture above 4000 masl elevation

Naturally accumulated layer of peat mixed with standing water, mostly found at high
elevation

Crop-bearing or harvested fields depending upon the season of the scene
Non-vegetated areas including river sand, mud, barren land, and rocks

Includes both perennial and non-perennial snow and ice

Includes both small and large tributaries which can be classified, and standing water
(lakes and dams)
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A total of 200 stratified random samples were
selected from the VHRS images and the validation
sample points overlaid on the land cover map.
Systematic accuracy assessment was mainly carried
out for the land cover map of 2009 as most of the
Google Earth images were from 2007 to 2010. All
the major land cover changes, particularly
deforestation, were again verified in the Google
Earth images.

2.2 Model setup and calibration

2.2.1 Selection of landscape variables

Deforestation and degradation were taken as
the response variables. Explanatory variables
(drivers) were chosen based on a literature review
(Schickhoff 1995; Lodhi et al. 1998; Knudsen and
Madsen 1999; Niisser 2000; Geist and Lambin
2002; Ali et al. 2005; Qasim et al. 2011; Hosonuma
et al. 2012) as well as data availability and quality;
initially thirteen static explanatory landscape
variables were considered (Table 2, Figure 2). To
understand the forest structure complexity, we also
used distance to perforation and distance to edge of
forest within the biophysical category. Perforation
refers to the forest pixels that define the boundary
between core forest and relatively small clearings
(perforations) within the forested landscape. These
values are static and remain the same in all
iterations of the model. The distance to previous
deforestation and distance to previous degradation
were taken as dynamic variables which change

Table 2 Landscape Variables

their value with each iteration of the model.

Continuous raster variables (as per software
requirement) such as the distance to agricultural
land or elevation were categorized using Jenks'
optimization method (natural breaks). The only
major drawback with this method is that the
number of classes has to be defined first and the
number of classes depends on the detail of the data
available. An over or underestimation of the
weights can occur if the explanatory variables are
not independent, which could affect the analysis.
Spatial dependency between the drivers was tested
by calculating correlations between the variables.
We tested the correlation between the drivers with
three tests: Cramer’s coefficient, contingency, and
uncertainty joint information. Cramer’s coefficient
and contingency were derived from chi-square, and
uncertainty joint information from joint entropy
(Almeida2005; Maeda 2011).

The model was implemented using Dinamica
EGO freeware (Soares-Filho et al. 2013)
(csr.ufmg.br/dinamica) and Excel Software, and
processing was performed using the computing
resources of the SERVIR-Himalaya programme
(https://www.servirglobal.net/Himalaya/about.as
px) at the International Centre for Integrated
Mountain Development (Kathmandu, Nepal).

2.2.2 Transition rates and probabilities

To understand the forest cover change
dynamics, the state and transitions of forest cover
were classified into five categories: dense forest,

Variable Source

Biophysical

Elevation Freely downloaded ASTER DEM
Slope Extracted using DEM

Aspect Extracted using DEM

Distance to perforated areas
Distance to edges

Socioeconomic

No. of households

Population density

Management

Distance to protected areas
Distance to settlements
Distance to administrative
boundary

Distance to agricultural land
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Extracted using forest fragmentation
Extracted using forest fragmentation

Population census carried out by Agha Khan Rural Support Programme for the
Benazir Income Support Programme (BISP) 2008.

Population census carried out by Agha Khan Rural Support Programme for the
Benazir Income Support Programme (BISP) 2008.

World Conservation Monitoring Centre.( http://www.protectedplanet.net/)
Survey of Pakistan map sheets. (http://www.surveyofpakistan.gov.pk/)

Survey of Pakistan map sheets. (http://www.surveyofpakistan.gov.pk/)

Extracted using land covers of 2009



J. Mt. Sci. (2014) 11(5): 1192-1207

(m)

3800

.1400

No of household

Population density

Distance to protected area

Distance to admin boundary

Distance to :!riﬂkture

0 50 100

Figure 2 Maps of landscape variables (spatially explicit drivers).

sparse forest, dense forest to non-forest
(deforestation), dense forest to sparse forest
(degradation), and non-forest. The amount of
regeneration was extremely small (8 ha), thus

transitions of non-forest to forest, or sparse forest
to dense forest, were ignored in the model. The
status of forest cover 1992 and changes until 2000
were taken as the initial landscape and changes in
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the forest between 2000 and 2009 as the final
landscape. Transition rates were calculated by
cross tabulation of land cover layers between 1992
and 2009, which refers to the amount of change for
each land cover class for the particular simulation
period. The transition rate per year for each class
was obtained by dividing the total transition rate
with the total number of time steps.

A transition rate matrix with the converted
categorical variables was used as the input to
calculate the probabilities for each transition. The
probabilities for each cell for every transition were
calculated using the weight of evidence method
(Goodacre 1993; Bonham-Carter 1994). The weight
of evidence is a Bayesian method in which the
effect of each landscape variable on a transition is
calculated independently of the combined solution
(Soares-Filho et al. 2002; Maeda 2011). A more
detailed explanation of the statistical formula used
to calculate spatial probability can be found in
Agterberg and Bonham-carter (1990), Goodacre
(1993), Bonham-Carter (1994), and Maeda (2011).

Validation is concerned with how well the
model outcomes represent real system behaviour
and involves comparing model outputs with real-
world observations or the product of another
model or theory assumed to adequately
characterize reality (Parker 2008). The validation
process model space must be made by methods of
comparison based on proximity, since pixels do not
coincide cell by cell but may have patterns of
similarity. We used the Dinamica calc reciprocal
similarity function, which is a modified version of
the function used by Pontius (2002). Predicted
landscape and observed landscape are the inputs
for validation, while the output is a model fitness

curve, which varies with window size. We used
multiple windows and a constant decay function,
which measures errors due to location and quantity,
for the validating model. Probabilities and a future
simulated landscape map for 2030 were produced
following completion of the calculations.

3 Results and Discussion

The total accuracy rate (total number of
accurate pixels compared to number of pixels taken
as reference) was 87.6% and the kappa statistics
value 85.0%. The producer’s accuracy was over 80%
in all classes except agricultural fields (78.9%); the
user’s accuracy was over 80% in all classes except
for grasses (75%). The land cover and land cover
change values for 1992, 2000, and 2009 are shown
in Table 3.

The crammer’s coefficient values between the
variables and joint information uncertainty are
summarized in Table 4. Values of 0.8 and above
are significant and indicate a high correlation.
Grey-shaded cells show the results with Cramer’s
coefficient and the remaining cells the results with
joint information uncertainty; significant values
are marked red, and mean it is not useful to use
both variables. From this, we excluded the number
of households, which is highly correlated with
population density. We also excluded the distance
to edges on the basis of the third test, correlation
contingency, which showed a high correlation with
distance to perforated areas (value 0.9103) even
though the values using Cramer’s coefficient and
joint information uncertainty were just below 0.8
(Table 4).

Table 3 Land cover and change in 1992, 2000, and 2009 (ha)

Land cover class 1992 2000 2009 Change 1992—2000 Change 2000—2009
Dense coniferous forest 37,134 36,830 35,128 -304 -1702
Sparse coniferous forest 21,958 21,610 20,472 -348 -1138
Dense mixed forest 3369 3382 3167 13 -215
Sparse mixed forest 1293 1230 1232 -63 2
Dense broadleaved forest o 0 0] 0 o)
Sparse broadleaved forest o 2 2 2 0
Grassland/shrubs 123,008 123,081 127,710 73 4,629
Alpine grassland 5699 5517 6007 -182 490
Agriculture 23,276 23,330 14,332 54 -8998
Bare soil/rock 319,413 206,979 342,667 -22,434 45,688
Snow/glaciers/ice 45,945 69,129 20,966 23,184 -39,163
Water bodies 748 753 1,160 5 407
Total area 581,843 581,843 581,843 o 0
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3.1 Forest land cover distribution and
spatio-temporal change

In 2009, around 10% (60,001 ha) of the study
area was forested. The time series analysis (1992 —
2000 — 2009) revealed considerable deforestation
and degradation with 3759 ha of forest area lost in
total (6%) over the 17 years, including 1664 ha of
dense forest. The annual rate of deforestation
increased from 0.14% between 1992 and 2000 to
0.54% between 2000 and 2009 (Table 3, Figure 3a
and 3b).

The conversion between classes in the two
periods is shown in a change matrix (Tables 5 and
6). The largest conversion of a forest cover class
was from sparse coniferous forest to non forest:
394 ha between 1992 and 2000, and 1602 ha
between 2000 and 2009. The next largest was from
dense coniferous forest to non forest: 258 ha
between 1992 and 2000, and 1237 ha between
2000 and 2009. The third largest was from dense
coniferous forest to sparse coniferous forest: 46 ha
between 1992 and 2000, and 464 ha between 2000

Legend
—— River

—— Union council

I Forest

[ | Grass/shrub
] Agriculcture
[ Bare soil/rock v
[ Snow/glaciers (g 2%
B Water body

Km

and 2009.

There are 13 administrative subunits (union
councils) in Chitral tehsil. The forest cover
distribution across the union councils is shown in
Figure 4, and the deforestation in each unit in
Figure 5. Arandu union council had the greatest
area of forest cover (13,801 ha), and also the
greatest deforestation and highest rate of
deforestation in both periods — 0.39% per annum
between 1992 and 2000 and 1.08% per annum
between 2000 and 2009 (Figures 4 and 5).

3.2 Non-forest land cover distribution

In 2009, about 2.5% (14,332 ha) of the total
area was agricultural land (Table 3). There was a
negative trend from 1992 to 2009, which is
consistent with the findings of the agricultural
census reports (GoP 2010). Around 23% (133,717
ha) of the area was grasses and shrubs, including 1%
of alpine grassland; and 59% (342,667) was bare
soil and rocks. Snow and glaciers were classified as
a single land cover class; they covered about 5% of

\

. \.\ Sheshi Koh

é Drosh 1

Forest cover change
1992 - 2000
[ Deforestation

[ Degradation
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m
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(a) Land cover in 2009

(b) Deforestation and forest degradation from
1992 to 2000 and 2000 to 2009

Figure 3 Land cover in 2009, Deforestaton from 1992 to 2000 and Forest Degradation from 2000 to 2009.
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Table 6 Change matrix for land cover classes in 2000 and 2009

LCCODE DCF SCF DMF SMF SBF GS AG A BSR SGI W :gf)a;
DCF 35,128 464 1,116 121 36,830
SCF 20,008 896 1 706 21,610
DMF 3156 79 68 77 3380
SMF 7 1153 23 47 1230
SBF 2 2

GS 3 122,533 58 485 2 123,081
AG 5475 10 31 5517
A 2,551 1 12,390 6,722 39 23,330
BSR 1 257 1 190 287,050 7,063 616 296,979
SGI 258 529 3 46,308 21,971 60 69,129
W 8 61 240 443 753

Total 2009 35,128 20,472 3167 1232 2 127,710 6,007 14,331 342,666 29,965 1160 581,840

Notes: LC CODE= Land cover code, DCF = dense coniferous forest, SCF = sparse coniferous forest, DMF = dense
mixed forest, SMF = sparse mixed forest, SBF= sparse broadleaved forest, GS = grassland/shrubs, AG = alpine
grassland, A = agriculture, BSR = bare soil/rocks, SGI = snow/glaciers/ice, W = water bodies
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Figure 5 Deforested area in union councils in 1992 to 2000 and 2000 to 2009.

the area (29,966 ha).

Snow and grass cover distribution are highly
sensitive to local weather conditions and the
limited observations of Landsat images are not
sufficient to document the variability. Due to the

significant intra-annual changes within grasslands
and snow, it was not possible to quantify their
explicit conversion to another land cover class.
Since the focus of the study was to explore forest
dynamics, no extra effort was made in this area.
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3.3 Landscape variables and their
contribution to deforestation and
degradation

Weight of evidence (W of E) analysis was used
to measure the association of deforested pixels with
the presence of a predictor variable (e.g. distance to
road, distance to previous deforestation). If more
deforestation pixels occur in a specific spatial
configuration then the weight is positive (W+), and
if less then it is negative (W-). The variables of
aspect, distance to perforated areas, distance to

Weight of evidence

220 270 310 355 400 445 5060 6.63

Elevation (km)

(a)

g os
3
= 0
-
¥ -0.5
I
= -l
- Y
-
|

-2.5

95 I8 285 315 34 385 425 485 60 73.5 81.5 141.5200.5
Population density
(©)
1

05 1\
@ U —
S 2
g 0 LY NN
= v \\/ T TSNS T T T
Z 05 AN\ /
& -Uo v N \ 7
Gt
S N
-
=
2 -15 T~ _/£
z \

4 V

XN NS

e}
Y e 'S \Q. b

N Q Q Vv )
NN N N

P
Distance to admin boundary (km)

(e)

protected areas, and distance to agriculture showed
negative or close to zero (perforated areas) or
arbitrary (aspect) associations with transitions and
were not considered for further analysis. Variables
of elevation, slope, population density, distance to
settlements, and distance to administrative
boundaries, all showed a positive association with
deforestation (Figure 6).

Elevation and slope essentially represent
terrain accessibility and showed the strongest

association with forest disturbance. Elevation
1
2
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Figure 6 Weight of evidence values of significant deforestation drivers.
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<2500 m asl and slope <30° were highly related to
deforestation and degradation. High population
density was the socioeconomic factor most closely
associated with forest transition, with the highest
association for a population density of 40 to 60
persons per ha. Higher population density had less
effect because the area with high density (Danin
union council with ~80 persons per ha) contained
very little forest and this very small area remained
stable. The main cause of the rapid deforestation
and degradation in southern Chitral was the
removal of large quantities of firewood. More than
half of the firewood used (182,000 m3, 63% of the
total) is taken from the forest, accounting for
nearly 60% of the annual growth of all forests in
Chitral (NWFP and IUCN 2004). With an annual
population growth rate of 2.52% in Chitral district,
the situation is likely to worsen if no alternative
means of energy supply is provided (GoP 2010).

Among the management variables, distance to
settlements and distance to administrative
boundary showed the highest correlation with
deforestation and degradation. There was almost
no forest disturbance within the protected areas,
and agricultural encroachment also played a
minimal role. The intact forests within the
protected area highlight the results of proper
management of well-defined legally-protected
forests. The lower contribution of agricultural
expansion is related to the abandoning of
agriculture due to low productivity and labour
migration from mountain areas. In Chitral, forests
are categorized as Reserve Forests with both
management and ownership vested in the state.
However, the neighbouring communities have
traditional rights and can apply for the use of
standing timber for domestic purposes upon
payment of a concessionary fee. The high
deforestation and degradation rate along the
administrative boundaries can probably be
attributed to misunderstandings about the
jurisdiction of forest areas between forest officials
and between communities.

3.4 Model accuracy and future forest
scenario

The accuracy of the model is determined by
the size of the window, which is variable and can be
defined by the user; in this case we chose a

J. Mt. Sci. (2014) 11(5): 1192-1207

maximum window size of 11 x 11. The results of the
validation using predicted and observed landscape
are shown in Figure 7a. The model achieved a
spatial agreement of 74% at a window size of 11 x 11
pixels, which is acceptable based on the results
obtained in other studies using cellular automaton
methods. According to Novaes et al. (2011), values
close to 0.4 indicate a fairly good level of
compatibility between the real and the simulated
landscape; other studies have achieved values
between 0.4 and 0.9, including Ferrari (2008) who
obtained 0.44 and 0.84 for dynamic simulation
models of land use and land cover, and Benedetti
(2010) who achieved levels 0.64 to 0.99 in studies
of forest simulation. We also used conventional
statistics to compare the simulated forest cover
maps for 2009 under the ‘business as usual’
scenario with the actual (observed) satellite-
derived forest cover map for 2009, and thus
estimate overall accuracy. For example, the actual
dense coniferous forest was 35,128 ha, while the
simulated value was 31,722 ha. Visual spatial
comparison of the simulated forest cover map and
originally observed land cover of 2009 also
indicated that the model simulated the forest areas
fairly well (Figure 7b).

A simulated forest landscape was prepared for
the year 2030 using a ‘business as usual’ approach
(Figure 8). According to the predicted landscape,
Chitral tehsil will lose 23% of its forest (in 2009) by
2030 and a further 8% will change from dense
forest to sparse forest. Arandu union council, with
the greatest extent of forest in 2009, will lose 85%
of its forest. The future patterns and trends of
deforestation are subject to the conditions of the
explanatory variables used during the model
calibration and the deforestation rates used in the

0.8
0.6

0.4

Similarity

0.2

1 3 5 7 9 11
Window size
Figure 7a Fuzzy similarity indices based on multiple
windows for the simulated landscape 2009. The input

land cover resolution was 90 m and the window size 11
pixels so spatial resolution was 990 m.

1203



J. Mt. Sci. (2014) 11(5): 1192-1207

Observed

Legend

- Deforestation ‘
|:| Regeneration
- Dense to sparse
D Sparse to dense
- Dense forest
D Sparse forest
|:] Non forest

Simulated {j' s

P

Figure 7b Validation of 2009 predicted forest cover and 2000-2009 forest loss.

simulation.

Chitral in general has high poverty with few
income resources; non-timber forest products
(NTFPs) are the major source of income and food
for the local community. Within the forest
ecosystem, neighbouring communities possess the
rights to extract wood for fuel, to graze animals,
and to harvest various NTFPs including wild
mushrooms (Morchella esculenta, M. vulgaris, M.
deliciosa), honey (from Apis cerana), medicinal
plants (Ferula nartex Paeonia emodi, Inula
recemosa, and others), pine nuts (Pinus
gerardiana), and silk cocoons (Khan 1994). The
observed deforestation trends, particularly during
the second of the periods studied (2000—2009),
and the future projections are alarming, and will
cause additional stress to the marginal local
communities in the area.

4 Conclusion

The study used remote sensing methods to
assess the trends in deforestation in Chitral,
northern Pakistan, and models drivers of
deforestation to develop future projections. Up to
now, forest forecasts have mostly been concerned
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with tropical and boreal regions (Yemshanov and
Perera 2002; Cowling et al. 2004). This study is the
first one to describe future forest projections in the
dry temperate areas of the western Himalayas.

The assessment of forest cover change over
two decades revealed ongoing severe deforestation
in the Chitral area, with a marked increase in the
deforestation rate in 2000-2009, which is
particularly alarming. Even taking the 2.5% annual
population growth rate into account, the increase
in forest loss in the second period suggests that
current forest cuttings are beyond local use
requirements, and there may be an element of
illegal commercial exploitation. The study also
showed that there is only a very small area of forest
regeneration or restoration.

Analysis of 11 spatially explicit drivers of
deforestation using a cellular automaton model
revealed a high correlation between neighbourhood
deforestation and accessibility (elevation, slope),
population density, distance to settlements, and
distance to administrative boundary. Forest losses
were also related to the two dynamic variables of
distance to previous deforestation and distance to
previous degradation. In contrast to the global
situation, expansion of agriculture did not
contribute to the ongoing deforestation in Chitral.

The model achieved an acceptable spatial
agreement of 74% with a window size of 11*11
pixels. Timber market dynamics could not be
included as a driver due to lack of appropriate data,
but might further improve the future model results.
A future simulated landscape predicted a further
loss of 23% of the existing forest in Chitral tehsil by
2030 if deforestation continues at the present rate.
Arandu Union Council, with 2212 households, will
be left with only 2070 ha of forest. Due to limited
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