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Fig. 5: Thermal index (TI)

Fig. 4: Shadow index 
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Fig. 6: Vegetation density

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:
𝐹𝐹𝐹𝐹𝐹𝐹 = √𝑉𝑉𝑉𝑉× 𝑆𝑆𝑆𝑆𝑆𝑆 + 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 

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 
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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 a notable 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 a decline in all 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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Fig. 9: Forest canopy density of Kohima for 2014 & 2024 

    Fig. 8: Forest canopy density map of Dimapur for 2014 & 2024
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FCD Class

Dimapur Kohima Peren
Area (Km²) Change 

(%)
Area (Km²) Change 

(%)
Area (Km²) Change 

(%)
2014 2024 2014-

2024
2014 2024 2014-

2024
2014 2024 2014-

2024
Bareland 80.22 98.69 23.02 75.45 164.24 117.68 77.85 126.48 62.46
Grassland 252.54 282 11.67 322.03 324.01 0.61 263.55 231.09 -12.31

Low Forest 446.2 352.26 -21.05 414.52 395.91 -4.48 619.04 574.3 -7.22
Middle 
Forest

157.14 181.68 15.61 353.69 310.53 -12.20 448.24 450.25 0.44

High Forest 56.31 77.62 37.84 118.37 90.27 -23.73 247.61 275.51 11.26

Table 2: Forest canopy density of Dimapur, Kohima, and Peren, 2014 - 2024

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.

Fig. 10: Forest canopy density of Peren, 2014 & 2024 
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Bare land Grassland Low forest Middle 
forest

High forest Total User's 
accuracy

Bare land 9 0 0 1 0 10 0.9
Grassland 0 25 3 0 0 28 0.89

Low Forest 0 4 28 2 1 35 0.8
Middle 
Forest

0 2 1 15 0 18 0.83

High Forest 0 0 0 1 9 10 0.9
Total 9 31 32 19 10 101 0

Producer's 
Accuracy

1 0.81 0.88 0.79 0.9 0 0.85

Overall 
Accuracy

85%

Kappa 
Coefficient

0.8

Table 3: Confusion matrix for the year 2014

Bare land Grassland Low forest Middle 
forest

High forest Total User's 
accuracy

Bare land 6 1 3 0 0 10 0.6
Grassland 0 21 4 1 0 26 0.81

Low Forest 0 7 36 1 0 44 0.82
Middle 
Forest

0 0 0 16 0 16 1

High Forest 0 1 0 0 9 10 0.9
Total 6 30 43 18 9 106 0

Producer's 
Accuracy

1 0.7 0.84 0.89 1 0 0.83

Overall 
Accuracy

83%

Kappa 
Coefficient

0.76

Table 4: Confusion Matrix for the year 2024

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 

campaigns. However, the reduction in low 
and medium-density forests signals a pressing 
need for focused reforestation and protection 
efforts. Especially, Kohima demands 
immediate action to combat extensive 
deforestation and shifting land use. 
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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 shows 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 

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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