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Abstract.  

Forests are the main source of food/wood and are important for a healthy environment. 
Removal of trees from forested landcover is known as deforestation. The main objective of 
this study was to estimate temporal variations in forested landcover located in district 
Mansehra for the years from 2008 to 2018 with two comparative time periods 1) 2008 to 2013 
and 2) 2013 to 2018. Results indicates about deforestation in the study area during 2008-2013 
and afforestation in 2013-2018. Vegetative landcover was increased from 43.3% to 47.2%. 
Afforestation at tehsil level showed that the vegetative area in Balakot was increased from 
26.6% to 29.8%. Similarly, vegetation index increased from 72.2% to 74.42% in Manshera and 
82.7% to 83.5% in Oghi.  Kappa coefficient performed well to access accuracy of classified 
imagery which was maximum for the classified map obtained using Sentinel-2 dataset, 
therefore, Sentinel-2 imagery was proved more reliable in comparison to Landsat imagery. The 
spectral responses of various land use classes were also mapped which are useful of other 
researches to recognize features through optical datasets. Results proved the sincere efforts of 
Khyber Pakhtunkhwa government in promotion of vegetated landcover. The coverage of 
KPK project must be enhanced for increasing vegetation for a green Pakistan.  
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Introduction.  

Forests are considered the largest 
carbon sinks on the earth with storage of 
80% of terrestrial carbon [1, 2]. About 89% 
of total forest biomass exist above the 
ground [3] which can be considered as 
carbon pool in forest biosphere. Forest 
degradation effects the complete ecosystem 
that must be prohibited to save carbon 
reserves to maintain ecological balance. 
Exact estimation of deforestation at spatial 
and temporal grounds enables a policy maker 
to construct a policy in a better way against 
timber mafia and other culprits. Therefore, 
monitoring and accurate estimates of above 
ground biomass are crucial for forest 
management [4, 5, 6].  The extraction of 
information about biomass estimates 
through field survey, is highly accurate but it 
is laborious, time consuming and cost 
effective while covering large spatial extents. 
Also, the revisit of forested landcover for 
such estimates is consider very much hectic 
[7, 8]. Remote sensing has played a pivotal 
role in monitoring, management and 
estimations of forests with high accuracy [7, 
8, 9, 10, 11, 12]. 

The accuracy in biomass estimations 
can be enhanced by a collaborative study of 
remotely sensed [11, 12] imagery with real 
time field observations. A large variety of 
remote sensing datasets is available for 
estimation of forest related parameters 
including optical data (passive remote 
sensing), microwave data e.g., Radio 
Detection and Ranging (RADAR) and Light 
Detection and Ranging (LIDAR) data etc. 
[13, 14]. These datasets are reliable for 
covering large areas in one swipe having high 
spatial and temporal resolutions. Remote 
sensing datasets enable us to revisit an area 
after a duration of a few days, which is near 
to impossible by visiting the same physically 
with great accuracy [15]. Optical remote 

sensing has been proved successful by many 
researchers for mapping forested landcover, 
monitoring the forest health, pest and disease 
attacks. This accuracy is due to high spatial 
and temporal resolution of various satellite 
e.g., Quick bird is capable of capturing the 
investigation site at a spatial resolution up to 
0.61 meters. High resolution satellites are 
capable to extract leaf level information with 
high accuracy. Optical data is available at very 
low cost, sometime free at various web links 
[16, 17]. 

Famous optical datasets used globally 
in forest related applications, are produced 
by the platforms of World View, Ikonos and 
Quick Bird. Some other optical datasets are 
also available that include Landsat, SPOT 
and Moderate Resolution Imaging 
Spectroradiometer (MODIS) covering wide 
areas at regional scales having spatial 
resolution in meters [18, 19]. However, such 
low-resolution datasets have limited use due 
to their poor penetration capacity through 
clouds. Cloud cover is considered as one of 
the major limitations in mapping temporal 
changes while using optical imagery due to 
“off and on” cloud activity over the study site 
[20]. Therefore, microwave data is preferred 
but it has multiple limitations including 1) 
data availability at 1.0 level, 2) complex 
geometric corrections and 3) unavailability of 
data managements tools with open source 
license. Microwave remote sensing is 
preferred where we have to extract spectral 
responses of a certain vegetation with a short 
life span e.g., rice, wheat and maize etc. 
However, deforestation can be estimated 
precisely through optical datasets using a 
defined time window. Also, the considerable 
deforestation take place in years, therefore, 
we need data with a temporal window of 
above one decade to accomplish the task 
precisely and the microwave remote sensing 
was not available before 2014. Therefore, 
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researchers are strict to use the products of 
old satellites having coarse resolution and 
large swaths widths e.g., Landsat, SPOT and 
MODIS etc for temporal analysis.  

This research aim at mapping the 
temporal changes in forest area of district 
Mansehra using Landsat and Sentinel-2 
imagery. It also aims at defining ranges for 
the existing landcover, based on the both 
NDVI and their spectral responses.  

1.0 Material and methods.  

Investigation site.  

This research was carried out in 
district Mansehra located in North West 
Frontier Province (NWFP) Pakistan. The 
spatial extent of the study site is 4579 km2 
located at an elevation of 975m above the sea 
level [21]. It is situated between 34.18oN to 
35.18 oN latitudes and 72.81oE to 74.13oE 
longitudes. This district is administered by 
Khyber Pakhtunkhwa government [16]. The 
spatial extent of the study site is mapped in 
Figure 1.  

 

Figure 1. Spatial extent of the study site is shown in in-set.  

Research design.  
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Figure 2. Flow of methodology used in this research.  

Methodology.  

Various traditional methods are 

available for data collection from the forest 

fields. Extraction of block level 

information is considered most commonly 

used due to its accuracy more than 90% but 

it is laborious, time consuming, cost 

effective and hectic method [22]. This 

methodology requires a large number of 

labors carrying instruments in forest fields 

which is sometime avoided in dense and 

deep forest, also, the extraction of 

information from such fields may lead to 

considerable errors. Therefore, we used 

remotely sensed datasets produced by 

platforms of Landsat (for old imagery) and 

Sentinel-2 (for recent imagery) to estimate 

deforestation in the investigation site. 

Dates of image extraction are mentioned in 

Table 1.  

Table 1. Dates of satellite image 

acquisition. 

Sr. 
No 

Platform Date of 
acquisition 

Resolution 

1. Landsat 5 Oct 02, 2008 30 m 
2. Landsat 8 Oct 16, 2013 30 m 
3. Sentinel-2 Sep 18, 2018 10m, 20m  

Various researchers have proved 

that the spectral responses captured by 

spectral bands in red and near infrared 

wavelength are very useful to estimate the 

health, growth and finally the production 

of forests [18, 19, 20, 21]. Moreover, these 

responses are used to compute vegetation 

indices including Normalized Difference 

Vegetation Index (NDVI) and Ratio 

Vegetation Index (RVI) etc. These indices 

Sentinel 2 image  Landsat Image   

Geometric Correction  

AOI extraction   

Supervised Classification NDVI Based Classification  

Accuracy assessment by 

Kappa Coefficient.  

Supervised Responses.  NDVI Response  

Estimation of Deforestation 
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are useful to discriminate the vegetative 

content existing in an area in comparison 

to other features. We used NDVI for 

detection of vegetation in the satellite 

image and defined ranges for all land use 

features existing in the study area. NDVI 

can be estimated using the expression as 

below,  

Re

Re

NIR d
NDVI

NIR d

−
=

+
 

Where, NIR is near infrared. 

Vegetation response is captured maximum 

in NIR and minimum in red wavelength.   

Supervised classification.  

We executed supervised 

classification in Erdas Imagine 14 on the 

stacked satellite image to check the 

reliability of NDVI based classification. A 

field survey was conducted using 

differential GPS to select trainee samples 

from some remote locations which were 

not easily detectable on the satellite image 

with naked eye. We used 64 trainee samples 

of various places to discriminate features. 

These trainee samples were selected by 

applying specific spectral signatures for 

each field and somewhere using visual 

interpretation keys.  

Accuracy assessment through Kappa 

Coefficients.  

For accuracy assessment of 

supervised classification, we executed 

ground validation by creating a relationship 

between supervised map and the real time 

google earth imagery. A well-defined index 

known as Kappa Coefficient was used to 

estimate accuracy index. In Kappa 

Coefficient, a relationship is established 

between classified map features to actual 

ground reality. In this process, the features 

are marked with pin point on the classified 

map to check either that feature is really 

existing on the ground or not. In this way 

multiple pin points are marked to find out 

the correct locations in comparison to 

misleading. It is also called the accuracy of 

expert, which can be determined by the 

formula as below [23].  

100s

s

CP
Accuracy x

TP
=

 

Where CPs and TPs are corrected 

and total points respectively.  Kappa 

coefficient can be estimated using the 

expression as below [24]  

2

[ * ] [Col*Rows]
100

[Col*Rows]

s s

s

TP CP
Kappa x

TP

−
=

−


  

For calculation of Kappa 

coefficient, all the input elements are in 

rows and columns e.g., the input figures for 

vegetative and non-vegetative area are as 

below in Table 2,

Table 2. A brief description of Kappa coefficient in rows and columns. 

Class Vegetated Non-Vegetated Total (User) 

Vegetated Corrected Wrong =Corrected + Wrong 

Non-Vegetated Wrong Corrected = Wrong +Corrected 

Total Producer =Corrected + Wrong = Wrong +Corrected Total of Samples 
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If the Kappa coefficient (K), K>0.80, the 

results of classified map are in strong 

agreement, if 0.40<K<0.80, it is moderate 

accuracy and the values of K<0.40 

represents poor accuracy.  

Spectral responses.  

Spectral responses of various 

landuse classes are of great importance to 

obtained accuracy in satellite imagery. Pixel 

level information is not sufficient to draw 

spectral response properly therefore, we 

selected one thousand pixels randomly 

from each class i.e., vegetative and non-

vegetative (soil and water) and mapped 

their spectral responses.  

Results  

NDVI based spatial distribution of 

features helped us to demarcate the 

vegetative area in comparison to non-

vegetative features. The NDVI based maps 

were generated for the years 2008, 2013 

and 2018 to estimate temporal changes in 

vegetation. Supervised classification of 

these images resulted in delineation of 

vegetation types in details e.g., broad leaf 

plants, sparse broad leaf forest, sparse and 

dense forest. Classified map of year 2008 is 

shown in the Figure 3. 

Figure 3 represents that the total 

area of district Mansehra was 4579 km2 

which included three tehsils Balakot, 

Mansehra and Oghi with area distribution 

of 45.27%, 32.04% and 12.69% 

respectively. It also describes that 54.84% 

area was vegetative in 2008 in comparison 

to non-vegetative area as 45.16%. Tehsil 

level distribution of vegetation proved 

Oghi as lush green with 82.72% of 

vegetation and Balakot as least green with 

38.6%. 
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Figure 3. Classified map of district Mansehra obtained using Landsat satellite image of the 

year 2008.  

For accuracy assessment, 25 

sample point were obtained on the 

classified image of 2008 including 15 for 

vegetated and 10 for non-vegetated classes 

as mentioned in the Table 3. We found two 

classes marked wrong among total 25 

classes for the both vegetated and non-

vegetated classes and calculated the value 

of Kappa coefficient as K=0.83. This value 

of K represents a good accuracy as 

described in methodology section.  

Table 3. Accuracy assessment in the classified map 2008.  

Class Vegetated Non-Vegetated Total (User) 

Vegetated 14 1 15 

Non-Vegetated 1 9 10 

Total Producer 15 10 25 
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Figure 4 shows that the vegetative land 

cover reduced from 54.84% to 43.37% 

within a temporal window of five years and 

the non-vegetative landcover increased 

from 45.16% to 56.63% in same duration. 

Major transformations of vegetative area 

into human settlements were observed in 

Balakot where the reduction in vegetation 

was 28.67% to 26.60%. Both Mansehra 

and Oghi tehsils also bear a reduction in 

vegetative landcover by 4% in 2013 in 

comparison to 2008. 

 

Figure 4. Classified map of District Mansehra obtained using Landsat-8 satellite image of the 

year 2013.  

To determine the accuracy of 

classified map, we selected 25 points 

including 15 from vegetative area and 10 

from non-vegetative area as described in 

the Table 4. One point was observed 

wrong while in cross validation of 

vegetative area and two points in case of 

non-vegetative area. In this case, Kappa 

coefficient was calculated as 74.58% 

providing middle accuracy.  
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Table 4. Accuracy assessment in the classified map of 2013. 

Class Vegetated Non-Vegetated Total (User) 

Vegetated 13 2 15 

Non-Vegetated 1 9 10 

Total Producer 14 11 25 

Figure 5 is showing a reverse trend 

regarding vegetation in the year 2018 as 

compared to 2013 and 2008. It is showing 

that vegetative landcover was increased 

from 43.3% to 47.2%. Tehsilwise 

distribution showed that the vegetative 

area in Balakot was increased from 26.6% 

to 29.8%. Similarly, vegetation index 

increased from 72.2% to 74.42% in 

Manshera and 82.7% to 83.5% in Oghi. 

This increase in vegetation is normally 

termed as afforestation, shown in Figure 5. 

 

Figure 5: Classified map of district Mansehra obtained using Sentinel-2 image of the year 2018. 

To determine the accuracy of classified 

map we applied Kappa coefficient to the 

classified imagery obtained using Sentinel-

2. We marked 25 locations on the classified 
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map to cross validate various locations of 

vegetated and non-vegetated classes 

including 15 in vegetated and 10 in non-

vegetated classes as below in Table 5. We 

found only one point in disagreement. The 

Kappa coefficient was computed as 97% 

which describes a strong agreement. 

Table 5. Accuracy assessment of classified imagery for the year 2018.  

Class Vegetated Non-Vegetated Total (User) 

Vegetation 15 0 15 

Non-Vegetation  1 9 10 

Total Producer 16 9 25 

NDVI based classification of 

various landuse features is mentioned in 

the Table 6. These values were obtained by 

field visits during the cross validation. 

Table 6 shows that vegetation returned 

maximum NDVI of 0.7 in comparison to 

other features e.g., water and bare soil.  

 

 

 

 

The spectral responses of broad leaf tress, 

water and soil is mapped in the Figure 6 as  

 

below. These spectral profiles corroborate 

with literature [25, 26, 27].

Figure 6. Spectral responses of various landuse classes.

Table 6. NDVI based spectral responses of various landuse features.  

Sr No Land Cover NDVI Value 

1 Dense Vegetation 0.7 

2 Dry Bare Soil 0.025 

3 Water -0.257 
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Discussion.  

This study describes a detailed 

methodology to estimate deforestation in 

district Mansehra. Results indicates about 

deforestation in the study area during 

2008-2013 and afforestation in 2013-2018 

as described in the Figure 7a,7b. 

 
Figure 7a. Percentage of forest and non-forest areas from 2008-2018. 

0.00

10.00

20.00

30.00

40.00

50.00

60.00

2008 2013 2017

A
re

a
 (

%
)

Year

Vegetated and Non- Vegetated Area (%)

Vegetated Area (%) Non-Vegetated Area (%)



                           International Journal of Agriculture and Sustainable Development. 

February 2019 | Vol 1|Issue 1                                                                            Page | 12  

 

 

Figure 7b: Analytical Map of Vegetation identification 
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Kappa coefficient performed well to access 

accuracy of classified imagery which was 

maximum for the classified map obtained 

using Sentinel-2 dataset, therefore, 

Sentinel-2 imagery was proved more 

reliable in comparison to Landsat imagery. 

The spectral responses of various land use 

classes were also mapped which are useful 

for other researches to recognize features 

through Remote Sensing [24]. Results 

proved the sincere efforts of Khyber 

Pakhtunkhwa government in promotion of 

vegetated landcover. The coverage of KPK 

project must be enhanced for increasing 

vegetation for a green Pakistan.  

Conclusion. Forest reserves are important 
to build not only the economy but also to 
maintain the ecological balance. Therefore, 

we should take care of our forested area 
through remote sensing technology which 
is easy to apply covering wide spans.   
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