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Abstract

This study investigates forest cover changes in the southern districts of Nagaland including
Dimapur, Kohima, and Peren, over a decade from 2014 to 2024. Using Forest Canopy
density, the research integrates multiple vegetation indices such as the Advanced Vegetation
Index (AVI), Bare Soil Index (BSI), Shadow Index (SI), Thermal Index (TI), Vegetation
Density (VD), and Scale Shadow Index (SSI). The analysis reveals a significant decline in
forest cover, and identifies areas of bare land, grassland, low forest, middle forest, and high
forest. The findings highlight the need for community-led conservation strategies and the
importance of implementing targeted measures to mitigate forest loss and ensure sustainable

forest management in the region.

Keywords: Forest cover change, Forest canopy density, multiple vegetation indices,

Nagaland state

Introduction

Forest resources are vital for sustaining
ecosystems by regulating climate, preserving
the soil, and providing food, medicinal herbs,
and timber. However, forest resources are
under immense pressure from anthropogenic
activities such as deforestation, unsustainable
land-use practices, resulting in declining
forest cover and its resources. Therefore,
understanding the spatial and temporal
distribution of forest resources is crucial for
ensuring sustainable forest management and
conservation. According to the India State
of Forest Report (ISFR) 2021, area under
forest and tree cover has increased from
72.6 million hectares (21.92 % of India’s
geographical area) in 2019 to 80.9 million
hectares (24.62 % of India’s geographical

area) in 2021, representing a net increase of
8.3 million hectares. While the forest cover
for the country as a whole has shown a
positive trend, in Nagaland state, according
to the report (ISFR, 2021), shows a decrease
in forest cover of 235 km? (1.88%) from
2019 to 2021. Thus, monitoring of forest
cover change at the macro and micro levels
is absolute necessity for policy intervention
framework.

The application of geo-informatics, such
as remote sensing and GIS, is used for the
purpose of monitoring forest cover change
and in identifying vulnerable areas, and
is essential, especially in hilly and fragile
mountainous ecosystems located in the
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Fig. 1 Location of Dimapur, Kohima and Peren districts

Himalayan borderland. Different approaches
are used for analyzing forest cover change,
such as the object-based method (Gao et
al., 2016), the weights of evidence method
(Silva et al, 2017), deep neural network
(Nguyen Thanh et al, 2025; Khan et al,
2017) maximum likelihood classifier (Giriraj
et al., 2008; Munsi ef al., 2012; Blaga et al.,
2023; Torahi et al., 2011; Kundu et al., 2020)
NDVI technique (Nath, 2014; Tipula Yanapa
et al., 2024; Pasang et al., 2022; Jadeja et al.,
2023). But when it comes to analyzing tree
health through measurements of tree crown
coverage, the Forest Canopy Density (FCD)
is regarded as the most appropriate (Mshelia
et al, 2022; Abdollahnejad et al, 2017).
This model uses a multi-index approach
that offers better differentiation between
bare land and dense forests than traditional
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NDVI or land cover classification. Many
researchers (Medhe & Badhe, 2024; Falensky
etal.,2020; Lu & Weng, 2007) agree that this
model is the most efficient and cost-effective
for quantifying the forest canopy. The FCD
model calculates vegetation-related indices
from  medium-resolution  multispectral
satellite images and emphasizes the density
of forest canopies. It represents the amount
of foliage covering the ground when viewed
from above. Therefore, analyzing changes
in FCD provides valuable insights into the
type and severity of forest cover change, and
estimating changes.

Nagaland has rich biodiversity, unique
ecosystems, and diverse land use patterns.
The population is dependent on forests for
livelihood and sustenance. Studies have been
conducted (Sinha & Modak, 2023; Hiese et



Table 1: Acquisition of satellite data

Satellite Sensor Spatial resolution Date Source
LANDSAT 8 OLI/TIRS 30 27th Jan 2014 https://earthexplorer.usgs.gov/
LANDSAT 9 OLI-2/TIRS-2 30 15th Jan 2024 https://earthexplorer.usgs.gov/

al., 2020; Rawat et al, 2018; Pathan ef al,
2024) on forest cover change in Nagaland
and the cause-and-effect of forest loss, such
as excessive logging, slash-and-burn farming
(Jhum), and heavy use of firewood. This
unsustainable practice is not only a challenge
for forest management but may also
jeopardize ecosystem health and human well-
being, which requires proper investigation
into the forest cover change. Several studies
on forest cover changes in Nagaland have
used geospatial techniques like supervised
classification using a maximum likelihood
classifier (Kiho, 2024; Ritse, 2020), a multi-
criteria decision-making model (Guria ef al.,
2024), and NDVI analysis (Sinha & Modak,
2023; Pathan et al., 2024) for monitoring the
forest cover change.

The present study focuses on analyzing
the forest cover change in southern Nagaland,
while considering the methodological gap,
and aims to implement the forest canopy
density model. The study considers the
period between 2014 and 2024 to measure the
forest cover change, limited to the districts of
Dimapur, Kohima, and Peren.

Study area

The study area comprises the Kohima,
Dimapur, and Peren districts of Southern
Nagaland, located between 93°32°66.84”
E and 94°29°87.71” E longitude, and
25°19°83.58” N to 26°02°17.67” N latitude
(Fig. 1). Peren, known as the greenest district
of the state, highlights areas of significant
ecological importance and forest preservation.
Kohima, the state capital, serves as a hub for

administrative and socio-economic activities,
offering an insight into the interplay between
development and forest sustainability.

The districts provide a comprehensive
framework to study forest cover density due
to their distinct characteristics: Dimapur
reflects the pressures of urbanization,
Peren exemplifies ecological richness, and
Kohima balances urban development with
environmental management. By examining
these varied landscapes, the study aims to
uncover patterns of forest cover change.

Datasets and methodology

The satellite images for 2014 and 2024
are acquired from USGS Earth Explorer,
including Landsat 8 for 2014 and Landsat
9 for 2024 (Table 1). Cloud cover was
minimized by selecting cloud-free scenes,
and atmospheric correction was performed
by converting DN values to TOA radiance
and reflectance using rescaling coefficients
from the MTL file, followed by sun angle
correction. To address seasonal variations,
imagery from the same month (January) was
used to maintain phenological consistency.
These corrections improved the quality
of reflectance values, ensuring reliable
derivation of indices like AVI, BSI, and SI for
FCD estimation.

Advanced Vegetation Index

The Advanced Vegetation Index (AVI) is
a refined vegetation index developed to
address the shortcomings of the Normalized
Difference  Vegetation Index (NDVI),
especially in capturing subtle differences
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Fig. 2: Advanced vegetation index (AVI)
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Fig. 3: Bare soil index
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in forest canopy density. The utility of
this index lies in its offering of greater
sensitivity to variations in vegetation cover
and structure by emphasizing the strength of
the infrared signal. It also reduces the impact
of atmospheric interference, providing more
precise distinctions between dense and sparse
canopy areas. This makes AVI especially
valuable for analysing forests with diverse
and complex vegetation patterns, where
NDVI may not effectively reveal minor
variations in canopy characteristics. The
index is computed by using the following
formula:

AVI = {(NIR + 1)(65536 — RED)(NIR — RED)}/3

Bare Soil Index

The Bare Soil Index (BSI) is a spectral
reflectance-based index designed to evaluate
land surface conditions, particularly in
areas with limited vegetation cover. In such
environments,  conventional  vegetation
indices often yield less reliable results,
necessitating complementary approaches like
BSI. This index utilizes reflectance values
from the short-wave infrared (SWIR), red,
near-infrared (NIR), and blue bands to capture
both soil and vegetation characteristics.
BSI has proven helpful in distinguishing
between agricultural and non-agricultural
vegetation areas and in assessing forest
canopy cover. By integrating soil exposure
and vegetation information, BSI facilitates a
more comprehensive understanding of land
surface dynamics. The BSI is calculated by
the following formula:

_ (SWIR + RED) — (NIR + BLUE)

BSI =
(SWIR + RED) + (NIR + BLUE)

X 100 + 100

Shadow Index

The Shadow Index (SI) is a spectral metric
employed to evaluate forest canopy structure

by quantifying shadow patterns resulting from
the spatial arrangement of trees. Derived from
the low radiance values in visible spectral
bands, SI exhibits higher values in mature,
heterogeneous forest stands and lower
values in younger, even-aged plantations.
Furthermore, SI effectively differentiates
between various land cover types, assigning
minimal values to exposed soil, grasslands,
and aquatic features, thereby proving useful
in forest classification and canopy monitoring

applications. )
SI = {(65536 — BLUE)(65536 — GREEN) (65536 — RED)}'/3

Thermal Index

The Thermal Index (TI) is a remote sensing-
derived  parameter that  distinguishes
forested from non-forested areas based
on surface temperature variations. Forests
exhibit lower temperatures due to canopy
shading and evapotranspiration. TI utilizes
thermal infrared band data to capture these
cooling effects. Radiometric calibration and
atmospheric correction are performed on
the band to convert digital numbers (DN)
to at-sensor radiance values. The thermal
index is derived by combining TOA spectral
radiance and the thermal constant value for
the specified band as given below:

K;

In (%+ 1)

Tl =

L, - TOA spectral radiance (Watts/(m* sr !
pm)

K, - Calibration Constant (Landsat 8-

774.8853, Landsat 9- 799.0284)

K, - Calibration Constant (Landsat 8-

1321.0789, Landsat 9-1329.2405)
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Fig. 5: Thermal index (TI)
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Fig. 7: Scale shadow index
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Forest Canopy Density

Forest canopy density (FCD) is essential
for examining forest cover conditions and
monitoring forest transformations during
forestry activities such as degradation or
rehabilitation. It serves as a key indicator
for evaluating forest condition, structural
complexity, and canopy coverage. FCD is
calculated using four biophysical factors:
AVI, BSI, SI, and TI. The VD index is
derived using the Advanced Vegetation Index
(AVI]) and the Bare Soil Index (BSI). The
Scale Shadow Index (SSI) was developed to
integrate Vegetation Index (VI) values and
Shadow Index (SI) values specifically for
forested areas. By integrating VD and SSI,
the FCD values are effectively transformed,
providing a comprehensive measure of forest
canopy density. This model improves the
differentiation between the upper canopy and
ground vegetation. FCD values range from
0% (no canopy) to 100% (very dense canopy)
and are calculated using the following
formula:

FCD =vVDxSSI+1-1

Result and discussion
Biophysical parameters

The AVI maps for 2014 and 2024 (Fig. 2)
illustrate the spatial distribution and temporal
change in vegetation density across the study
area. In 2014, a significant part of the region
exhibited low to moderate AVI values (light
red to yellow shades), indicating sparse or
moderately dense vegetation, especially in
the northern and central parts. However, by
2024, there is a noticeable increase in high
and very high AVI values (light to dark green),
reflecting an improvement in vegetation
health and canopy density across the central
and south-western region. This positive
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shift suggests vegetation regeneration,
afforestation efforts, or natural recovery in
the landscape.

The BSI maps for 2014 and 2024 (Fig. 3)
depict the distribution and intensity of bare
soil areas across the study region. In 2014,
extensive zones, particularly in the central
and northern parts, show high to very high
BSI values (orange to red shades), indicating
widespread exposed soil. By 2024, there
is a notable decline in very high BSI areas,
replaced increasingly by low to moderate
values (blue to yellow shades), particularly in
northeastern regions, suggesting vegetation
regrowth.

Figure 4 illustrates the Shadow Index
(SI) distribution for 2014 and 2024. In
2014, northern and western areas show
predominantly low SI values (brown-yellow),
reflecting sparse canopy cover. By 2024, a
notable increase in high SI values (green to
blue) is observed, especially in central and
eastern regions, indicating improved canopy
density, while some degradation is evident in
the northwest, highlighting spatial variations
in forest health over time.

Figure 5 shows the thermal index for
2014 and 2024. In 2014, the southern and
eastern areas exhibit very high thermal
values, indicating warmer surfaces due to
sparse vegetation and high built-up in the
Kohima city. In contrast, northern and central
regions show high to very high thermal zones
in 2024, while a noticeable expansion of low
to moderate zones (blue to yellow) reflects
a rise in thermal index values, indicating
improved vegetation.

Vegetation density (VD)

Figure 6 represents the vegetation density
index for 2014 and 2024. In 2014, large part of



the area exhibits high to very high vegetation
density (light to dark green), indicating
healthy forest cover. However, some low
and very low-density patches (light and dark
purple) are present, especially in central and
northeastern zones. By 2024, there is a slight
increase in low-density vegetation, suggesting
degradation, particularly in the southern part.
Despite this, the majority of the region still
retains moderate to high vegetation density,
indicating relatively stable forest health.

Scale Shadow Index (SSI)

Figure 7 displays the Scale Shadow
Index (SSI) for 2014 and 2024, which
reflects canopy shadow intensity after
standardization. In 2014, the southern and
southeastern regions show high to very high
SSI values (blue-green), indicating denser
canopy and better vegetation cover. Northern
and western areas show low to moderate
values (brown to yellow), suggesting sparser
vegetation. In 2024, an overall increase in
SSI values is observed across most areas,
indicating improved canopy density, although
some localized declines are noticeable.

Forest Canopy Density (FCD)

Figure 8 illustrates the Forest Canopy Density
(FCD) of Dimapur for 2014 and 2024,
highlighting regional changes. Between 2014
and 2024, the northern and central regions
show anotable increase in bare land (23.03%).
Grassland also expanded by 11.67%, due to
the conversion of sparsely forested areas.
The most notable decline was in low forest
density, which decreased 21.05%, indicating
substantial deforestation and degradation.
The middle forest areas showed an increase of
15.62%, while high forest density exhibited

the most promising growth, with an increase
of 37.84% (Table 2), suggesting recovery in
eastern and southeastern parts. The observed
increase in forest cover in Dimapur is
attributed to the implementation of multiple
conservation initiatives. The Nagaland Forest
Management Project (NFMP) under Japan
International Cooperation Agency (JICA)
rehabilitated 22,500 ha across 185 villages
statewide (including Dimapur) (NFMP, 2024).
Joint Forest Management (JFM) and National
Afforestation Programme (NAP) enhanced
community  involvement.  Agroforestry
promotion comprises the integration of trees
with jhum cultivation (Nagaland Forest
Department, 2019). Forest plantations
increased green cover, while awareness
programs educated over 50,000 students
and villagers (Nagaland Forest Department,
2023). These trends indicate a mixed scenario
for Dimapur, with notable deforestation in
low forest areas counterbalanced by gains in
high and middle forest densities.

Kohima presents the most alarming
trends among the three districts (Fig. 9). Bare
land increased dramatically by 117.69%.
Grassland saw a minor increase of 0.61%,
suggesting limited expansion. The district
experienced adeclineinall categories of forest;
low forest areas decreased by 4.49%, middle
forest by 2.21%, and high forest density areas
by 23.74%, as illustrated in table 2. The data
highlight the significant challenges Kohima
faces in sustaining forest density on the wake
of extensive deforestation.

Peren shows a mixed but relatively stable
trend compared to the other two districts (Fig.
10). Bare land increased by 62.45%, indicating
notable land-use changes in the southern and
central parts. Grassland, however, decreased
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Table 2: Forest canopy density of Dimapur, Kohima, and Peren, 2014 - 2024

Dimapur Kohima Peren
Area (Km?) Change Area (Km?) Change Area (Km?) Change

FCD Class (%) (%) (%)
2014 2024 2014- 2014 2024 2014- 2014 2024 2014-

2024 2024 2024

Bareland 80.22 98.69 23.02 75.45 16424  117.68 77.85 126.48 62.46
Grassland ~ 252.54 282 11.67 322.03  324.01 0.61 263.55 231.09  -1231
Low Forest ~ 446.2 35226 -21.05 41452 39591 -4.48 619.04 5743 -7.22
Middle 157.14  181.68 15.61 353.69  310.53  -1220 44824  450.25 0.44

Forest

High Forest ~ 56.31 77.62 37.84 118.37 90.27 -23.73  247.61 27551 11.26

by 12.31%, due to shifts from grassland to
other land uses. Low forest areas declined
by 7.23%, reflecting ongoing deforestation.
Middle forest areas remained relatively
stable, with a slight increase of 0.45%, while
high forest density exhibited positive growth,

increasing by 11.27%. This growth in high
forest density indicates effective forest
management and forest regeneration efforts
in the northern and eastern parts of the district
(NFMP, 2021) despite the overall decline in
low forest areas.
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Table 3: Confusion matrix for the year 2014

Bareland  Grassland  Low forest Middle High forest Total User's
forest accuracy
Bare land 9 0 0 1 0 10 0.9
Grassland 0 25 3 0 0 28 0.89
Low Forest 0 28 2 1 35 0.8
Middle 0 1 15 0 18 0.83
Forest
High Forest 0 0 0 1 9 10 0.9
Total 9 31 32 19 10 101 0
Producer's 1 0.81 0.88 0.79 0.9 0 0.85
Accuracy
Overall 85%
Accuracy
Kappa 0.8
Coefficient
Table 4: Confusion Matrix for the year 2024
Bare land ~ Grassland  Low forest Middle High forest Total User's
forest accuracy
Bare land 6 1 3 0 0 10 0.6
Grassland 0 21 4 1 0 26 0.81
Low Forest 0 36 1 0 44 0.82
Middle 0 0 16 0 16 1
Forest
High Forest 0 1 0 0 9 10 0.9
Total 6 30 43 18 9 106 0
Producer's 1 0.7 0.84 0.89 1 0 0.83
Accuracy
Overall 83%
Accuracy
Kappa 0.76
Coefficient

The expansion of bare land in all three
districts is alarming, particularly in Kohima,
where it surged by 117.69%, while Dimapur
and Peren exhibit encouraging improvements
in dense forest cover, a result of effective
conservation measures such as sustainable
forestry practices and community awareness
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campaigns. However, the reduction in low
and medium-density forests signals a pressing
need for focused reforestation and protection
Kohima  demands

efforts.  Especially,

immediate action to combat extensive

deforestation and shifting land use.



Accuracy assessment

To evaluate the accuracy of the FCD
classifications, an error matrix was generated
by comparing the classified FCD maps
with high-resolution reference data from
Google Earth Pro. A stratified random
sampling approach was employed, selecting
100 random pixels for each year to ensure
representative validation.

The accuracy assessment revealed
an overall accuracy of 85% and a kappa
coefficient (k) of 0.80 for the 2014 FCD
classification, indicating strong agreement
with reference data. In contrast, the 2024 FCD
classification exhibited an overall accuracy
of 83% and a kappa coefficient of 0.76. The
corresponding confusion matrices for 2014
and 2024 are presented in table 3 and table 4
respectively.

Conclusion

The study reveals significant forest cover
changes across southern Nagaland consisting
of Dimapur, Kohima, and Peren districts
from 2014 to 2024. The findings demonstrate
that Dimapur forest recovery,
particularly in the eastern and southeastern
parts. Kohima, in contrast, reflects the most
pressing challenges, where forest degradation
continues at concerning rates, underscoring
the intensity of human-driven pressures. Peren
stands out as a comparatively stable region
where regeneration efforts and management
strategies appear to have borne meaningful
impact. The contrasting trajectories
emphasize the urgent need for area-specific
strategies that integrate conservation with
sustainable land-use practices. The findings
also highlight the need for community-led

shows

conservation strategies and the importance of
implementing targeted measures to mitigate
forest loss and ensure sustainable forest
management. By prioritizing adaptive forest
governance, community empowerment,
and evidence-based monitoring, Nagaland
can balance ecological preservation with
developmental needs, aligning with global
climate resilience goals.
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