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The global COVID-19 pandemic has resulted in a
complete lockdown of economic activities and movement across the world. This provides an opportunity
to evaluate the impact of minimal anthropogenic
activities on forest fire occurrences in the Western
Himalaya, India. Significant reduction of 83.4% in the
cumulative fire incidences during 24 March to 5 May
2020 was observed in this region compared to the
average of fire incidences during the corresponding
period of 2006–20. Though during the current lockdown period, precipitation was high (~281 mm) compared to the average for the last 15 years (~125 mm),
it did not contribute to the build-up of soil moisture.
Comparatively higher NDVI (by 30.59%) and EVI
(by 12.18%) in the lockdown phase unlike the average
of previous years which showed declining trend,
indicates that the lockdown provided an opportunity
for the canopy to sustain and have higher vigour; this
was not visible earlier due to fire incidences. The
present study emphasizes that anthropogenic activities
play a major role in forest fire incidences in this
region.
Keywords: Coronavirus-19, forest fire, human activity,
lockdown, remote sensing.
HUMANS have influenced the environment to such an
extent that the halt in anthropogenic activities (across the
world) due to the COVID-19 related lockdown has
resulted in a sudden relief for different ecosystems across
the world1–3. Studies across the globe on various aspects
of the environment have shown that the new norm has
been changed in various areas of the ecosystem functioning. Forest fires in India, which are predominantly of
anthropogenic origin are expected to significantly reduce
both in extent as well as severity due to the cessation of
the anthropogenic activity enforced across the country to
contain the spread of COVID-19 (ref. 4). The Government of India had enforced a lockdown across the country
from 24 March 2020, which resulted in complete cessation of all economic activities and human movement
across the country. The present situation provides a
unique opportunity to assess the extent of anthropogenic
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activities in forest fire initiation and spread in the Western Himalayan states of Uttarakhand and Himachal Pradesh, India which are among the worst affected due to
such fires in recent years.
Fire season in the Western Himalayan region starts
from March onwards till the middle of June. April and
May experience significant number of forest fires in this
region. This is due to the accumulation of fuel load as
well as conducive environmental and weather conditions
for the initiation of forest fires5,6. Since the last two decades, space-borne sensor Moderate Resolution Imaging
Spectroradiometer (MODIS) on-board TERRA and
AQUA satellites has operationally provided active fire
locations four times daily, and has been extensively used
for fire monitoring along with burnt area assessment7–11.
Since forest fires have an impact on vegetation conditions, the vegetation indices such as normalized difference vegetation index (NDVI) and enhanced vegetation
index (EVI) are essential tools to assess the impact of
forest fires12,13. On the other hand, land surface temperature (LST) is one of the critical biophysical and/or climatic variables that plays an important role in understanding
various environmental phenomena, including forest fire
vulnerability14. From MODIS observations, the EVI,
NDVI, LST products are generated at regular intervals,
which help oversee the vegetation health and fire conditions continuously over a larger region. The amount of
precipitation also has a significant impact on the occurrence and severity of forest fires15. Several researchers
have found significant negative association between precipitation and forest fire occurrence16,17. Similarly, soil
moisture determines the final fire conditions, as dead fuel
moisture content is dependent on the preceding weather
conditions18,19, signifying that negative soil moisture
anomaly could provide suitable conditions for forest
fires.
Most of the research carried out on forest fires in the
Indian context and especially in the Himalayan region
indicates that majority of fires are due to anthropogenic
factors20,21. The Western Himalayan region, particularly
between elevation zone of 800 and 2000 m, dominated by
Chir-pine (Pinus roxburghii) associated frequently with
Banj oak (Quercus leucotrichophora), is exposed to frequent man-made fires22,23. Among the major causes of
forest fires in the Western Himalayan region are collection of fuelwood, grazing of cattle, burning of pine litter,
tourists, hikers, vehicular movement, etc. Due to the
lockdown, there has been no movement of vehicles and
tourists in the hills of Uttarakhand and Himachal Pradesh.
However, activities such as fuelwood collection and grazing around the villages might have taken place in the
far-flung areas. A spatio-temporal analysis has provided
an important input to identify the agents of forest fire
occurrences in the region.
The present study assesses the spatio-temporal patterns
of active fire counts, NDVI, EVI, LST and precipitation
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during the lockdown period (24 March to 5 May 2020)
compared with the long-term average observations made
during the last 15 years (2006–20) for the same duration.
The objective of the study was primarily to understand
the impact of lockdown imposed due to the global
COVID-19 pandemic on the occurrence of forest fires,
and the anthropogenic origin hypothesis of forest fires in
the two Himalayan states of Uttarakhand and Himachal
Pradesh.
The study areas selected for observation and analysis,
i.e. Uttarakhand and Himachal Pradesh, are located in the
Indian Himalayan region between 75°35′38.629″–
81°2′32.299″E and 28°42′33.171″–33°15′17.298″N. These
two states combined cover an area of 109,156 sq. km,
which is around 26% of the total geographic area of the
Indian Himalayan states. The study area is mostly mountainous and mainly consists of forests, agricultural land,
scrubland, grassland, wasteland and ice/snow. The rivers
in the study area are perennial and nurtured by melting
snow from the mountains and monsoon rainfall, and protected by an extensive cover of natural vegetation. The
Greater Himalaya range constitutes most of the northern
part of the region, which is covered by high Himalayan
peaks and glaciers, whereas agriculture areas largely form
the lower foothills. The major vegetation types found in
this region are Himalayan moist temperate forests, Himalayan dry temperate forests, subtropical pine forests,
subtropical broad-leaved hill forests, tropical deciduous
forests, subalpine forests and alpine vegetation24.
Active fire points located by MODIS observation were
downloaded from the Fire Information for Resource
Management System (FIRMS) website (https://firms.
modaps.eosdis.nasa.gov). These point locations of 1 km
spatial resolution are generated within 3 h of satellite
overpass under relatively cloud-free conditions using a
contextual algorithm25,26. Only high-confidence fire points
(confidence interval >80%) were screened out for better
certainty27,28 and encompassed in the present study.
The MOD13Q1 (TERRA) and MYD13Q1 (AQUA)
products include NDVI and EVI, and quality assessment
(QA) information for both was calculated from atmospherically corrected surface reflectance values and delivered as a 16-day composite image. NDVI is a nonlinear
combination of red (R) and near-infrared (NIR) spectral
radiances (eq. (1)), while EVI is optimized to enhance the
vegetation signal through a decoupling of the canopy
background signal (eq. (2)).
NDVI =

ρ NIR − ρ R
,
ρ NIR + ρ R

⎡
⎤
ρ NIR − ρ R
EVI = G ⎢
⎥,
⎣ {ρ NIR + C1 ( ρ R ) − C2 (ρ B ) + L} ⎦

(1)

(2)

where ρNIR, ρR and ρB are the surface reflectance for
the near-infrared, red and blue bands respectively; L the
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canopy background adjustment (L = 1); C1 and C2 coefficients of the aerosol resistance term that uses blue band
of MODIS to correct for aerosol influences in the red
band (C1 = 6 and C2 = 7.5), and G is a gain factor (= 2.5)
(ref. 29).
For obtaining surface temperature over land region,
MODIS eight-day composite LST products, i.e. MOD11A2
(TERRA) and MYD11A2 (AQUA) at 1 km spatial resolution were used. These LST products provide per-pixel
temperature on the basis of emissivity values measured
over thermal bands in a sequence of swath-based or gridbased global products.
For assessment of precipitation, Global Precipitation
Measurement (GPM) Integrated Multi-Satellite Retrievals
(IMERG) daily products were downloaded from the
Goddard Earth Sciences Data and Information Services
Center (GES DISC) website (https://disc.gsfc.nasa.gov).
The IMERG products are available in the form of IMERG
early (6 h latency), late (18 h latency) and final (3 months
latency). Since GPM-IMERG final run data, which are
most accurate and reliable30 as they also incorporate
monthly rain-gauge analysis into account was not available for study period, therefore adjusted precipitation for
study period was calculated using eq. (3) and then precipitation anomaly was derived using eq. (4)
PA = PAd – PF,
PAd = PLL ×

PF
,
PL

(3)
(4)

where PA is the anomaly of precipitation during the lockdown period, PAd the adjusted precipitation, PLL the late
run precipitation during the lockdown period, PF
the long-term mean of final run precipitation and PL is
the long-term mean of late run precipitation.
For soil moisture observations, the present study incorporates Advanced Microwave Scanning Radiometer 2
(AMSR-2) measured level-3 gridded dataset of soil moisture, which is retrieved at the 6.925 GHz channel using
Land Parameter Retrieval Model (LPRM) at 10 km
spatial resolution.
The MODIS data products were accessed from Land
Processes Distributed Active Archive Center (LP DAAC)
website (https://lpdaac.usgs.gov), while precipitation and
soil moisture data were accessed from the GES DISC
website.
The above-mentioned products were downloaded, preprocessed, clipped to the geographic extent of the study
area and re-projected into the master map projection (i.e.
UTM Zone 32N with WGS84 datum). Then the images
were co-registered to the master image for accurate geographic comparisons and to reduce potential geometric
errors. Further, the processed images were stacked to
generate mean products for LST, NDVI, EVI and precipitation during the lockdown period and the long-term
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Figure 1.

Schematic diagram of the data used and the workflow.

mean (2006–20) covering similar time period. Figure 1 is
a schematic diagram of methodological workflow.
The generalized Additive Model (GAM) has been
widely used in various aspects in environmental research31.
It has substantially more flexibility because the relationships between independent and dependent variables are
not assumed to be linear; rather smooth functions are
applied to independent variables and then added to estimate the dependent variables. In the present study, GAM
is used to assess the association of fire counts with EVI,
NDVI, LST and precipitation. The entire dataset has been
divided into two parts, since observation of the same
parameters from TERRA and AQUA differs. First, association of fire counts with the four parameters was
checked (eq. (5)), and then smoothening was applied,
particularly to NDVI and EVI. Again the association was
rechecked to determine if nonlinear smooth function
could better resolve this association (eq. (6)).
g(E(F)) = α + EVI + NDVI + LST + P,

(5)

g(E(F)) = α + s(EVI) + s(NDVI) + LST + P,

(6)

where (E(F)) is the estimation of fire counts, α the intercept and s indicates the smooth function.
The various datasets on environmental parameters
and active fire incidences in the Western Himalayan
landscape show significant decrease in the forest fire incidences. The COVID-19 induced lockdown across the
landscape of the Indian subcontinent has significantly reduced various factors like the aerosols and the other
short-lived greenhouse gasses like NOx, SO2, etc. In New
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Delhi during the lockdown, the concentration of PM10
and PM2.5 witnessed significant reduction of more than
50% compared to the pre-lockdown phase32. Studies have
reported around 43%, 31%, 10% and 18% decreases in
PM2.5, PM10, CO and NO2 over major cities in India
during the lockdown period compared to previous years33.
Satellite-based observations and the literature have
proved that the environmental and atmospheric pollution
has considerably reduced due to the lockdown34–36. Observations from the Copernicus Sentinel-5P satellite
showed that the average nitrogen dioxide concentration
during the first lockdown phase when compared to the
same time period in the previous was significantly lower
by around 40–50% (https://www.esa.int).
Figure 2 shows the spatial occurrence of active fire
points in study area during the last 15 years and illustrates that the southern slope of the Lower Himalaya and
the Sivalik region in Uttarakhand have been mostly
affected by such fires during this particular time period in
the last 15 years; however, there is minimal trace of fires
during the recent days of lockdown in 2020. Since most
of the fire occurrences are attributed to anthropogenic
activities, the lockdown period provides a window of
opportunity to assess and understand fire incidences minus
anthropogenic activities due to strict restrictions imposed
during this period. We observed reduced anthropogenic
footprints on the number of fire incidences across
the Western Himalayan region, resulting in significant
decrease in fire incidences across the landscape.
The number of active fire occurrences from MODIS
during this temporal period was significantly high in the
last 15 years (Figure 3 a). It was also observed that 73.3%
CURRENT SCIENCE, VOL. 119, NO. 2, 25 JULY 2020
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Figure 2. Cumulative fire occurrence during 24 March to 5 May 2020 and 2006–20 when compared
with annual fire occurrence during 2006–20.

Figure 3. a, Proportion of active fires in April and May during 2006–
20. b, Cumulative daily fire counts during 1 March to 5 May for an
average of 2006–20, 2017, 2018, 2019 and 2020.

of annual fire in this region occurred during pre-monsoon
season (March–May), of which 67.59% occurred only
during April (30.2%) and May (37.39%); this indicates
the peak period of fire season. Analysis showed that on
average there were 164 fire incidences during this 43-day
period of 2006–20. There were moderate to high extensive fire episodes, especially during 2008, 2009, 2010,
CURRENT SCIENCE, VOL. 119, NO. 2, 25 JULY 2020

2012, 2018 and 2019 years, which alone increased
the average to 294 fire incidences. Even if these extensive
fire periods are excluded, non-severe fire years also have
an average fire incidence occurrence rate of 60 during
the 2006–20 time-frame. However, during 2020, the
number of fire counts in this period was only 20, which is
the lowest record for this time period in the last 15 years.
Furthermore, the cumulative daily active fire points
derived from MODIS show that the trajectory of the
cumulative fire incidences from 24 March to 5 May is
quite flat compared to those during the previous three
years (2017–19), as well as the average cumulative
observation for 2006–20 (Figure 3 b). The observations
clearly point to the predominantly anthropogenic causes
for fire initiation in the Western Himalayan landscape4.
This may also be true for the rest of the Indian landscape
and requires further studies.
The fire incidences have also been analysed in the context of precipitation, LST, NDVI, EVI and soil moisture.
Figure 4 a–c highlights their interrelationship. It is interesting to note that during the period of lockdown, there
has been high amounts of precipitation, which is significantly higher than the average in the last 15 years during
the same period. However, the number of active fires is
significantly lower than the years which had similar
levels of precipitation (Figure 4 c). Though there has been
an increase in precipitation, the spatial distribution shows
greater increase towards the northwestern part of the
393
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study area compared to the eastern part. The average
cumulative precipitation during 2006–20 ranges between
75 and 125 mm, which is observed to increase to 175–
250 mm during the current year in the same time
period. On the contrary, if we compare the spatial pattern
of soil moisture during the current lockdown period with
the average soil moisture during the same phase for the
previous eight years, not many significant changes are
observed (Figure 5). The average soil moisture and that
during the lockdown phase follow a similar pattern,
indicating that higher precipitation during this year has
not contributed to the build-up of moisture (Figure 4 c).
Under similar soil moisture regime, in the past fire
count trajectory showed increase in fire counts from midMarch, unlike the current year where it has flattened.
Spatial observations with reference to soil moisture show
more or less similar pattern for the northwestern part of
the study area, whereas towards the northeastern part
there has been more significant decline in soil moisture
during the study period in the current year than the average of the last eight years in the same time period. Furthermore, LST observations show a significant dip in
2020 across the landscape (Figure 4 a and b), which also

Figure 4. a, b, Temporal variation of normalized difference vegetation index (NDVI) and enhanced vegetation index (EVI) with land surface temperature (LST) during March and April 2020 and average of
long-term period. c, Temporal variation of soil moisture, precipitation
and cumulative fire count during 1 March to 5 May 2020 and average
of long-term period.
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corraborates the absence of forest fires in the region. The
mean value of long-term averaged LST shows temperature ranges varying between 8.94°C and 16.08°C, which
for the current lockdown phase has plummeted between
7.23°C and 13.57°C. LST, when observed spatially, has
shown an overall decline of 0.73–3.15°C, majorly in the
central and western parts of the study area (negative
anomaly of 2.66–8.24°C) when compared to the northern
and southern regions (Figure 6). LST has been used as an
indicator of surface moisture status, consequences of
land-cover changes on climate37,38, and to study the
association between maximum thermal anomalies, heat
waves, melting ice sheets and droughts in tropical
forests39. The NDVI- and EVI-based analysis indicates
increase in values compared to the average values of previous 15 years, which are generally observed to be falling
from mid-March and further in earlier time-frames (Figure 4 a and b). Spatial observations show that NDVI and
EVI during this study period in 2020 compared to the
average values of 2006–20 are significantly high over the
northwestern part than towards the northeastern part,
resulting in positive anomaly for both EVI (0.2–0.83) and
NDVI (0.39–0.86) (Figure 6).
The analysis of various factors associated with forest
fires in the Western Himalayan region points to the fact
that there has been no reduction in the fuel load as indicated by the NDVI and EVI values. It is also observed
that LST has increased consistently from 1 March to 5
May 2020, although this increase is comparatively less
than the increase in LST during the previous three years
as well as the average of 2006–20 (Figure 6). Figure 4 c
indicates that even though precipitation has increased
significantly, there is a consistent decrease in soil moisture and the trend is similar to the 15-year average.
Hence, it can be safely concluded that moisture content in
the litter has been adequate for fuel flammability in the
region during recent days in 2020, like in the previous
years. However, the decrease in daily fire counts and
relatively flat cumulative fire progression point to the fact
that due to less anthropogenic activities in the region, accidental fire incidences have reduced to a great extent.
This is also corroborated by Figure 3 b, wherein the proportion of fire incidences during this time period of the
last 14 years is significantly higher than that of 2020.
We have studied the association of fire incidences with
several factors like precipitation, soil moisture, LST and
vegetation indices to understand the above observations
more rationally. Table 1 describes the performance of
GAM in terms of R2 and explained deviance. Initially,
the model showed poor association for both dataset
(R2 < 0.55). After applying the smooth function to EVI
and NDVI, R2 value was greater than 0.75 and more than
80% deviance was explained in both the cases. Analysis
showed that LST was the most significant parameter
(0.01 significance level) and positively associated with
fire occurrences. Precipitation was not significantly
CURRENT SCIENCE, VOL. 119, NO. 2, 25 JULY 2020
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Figure 5. a, Average precipitation during 24 March to 5 May (2006–2020); b, Average precipitation during 24 March to 5 May (2020); c, Precipitation anomaly between (a) and (b); d, Average soil moisture during 24 March to 5 May (2013–2020); e, Average soil moisture during 24 March to
5 May (2020); f, Soil moisture anomaly between (d) and (e); g, Regression plot of daily average fire count with daily average rainfall; h, Yearly
cumulative precipitation during 24 March to 5 May versus cumulative fire count during the same period; i, Cumulative precipitation between 24
March to 5 May for average 2006–2020, 2020, 2019, 2018 and 2017.

related with fire; however, there was a negative association. Among vegetation indices, NDVI was found to be
significantly associated at 0.01 significance level, whereas EVI was non-significant. This suggests that changes
in NDVI and LST values are better indicators of variation
in magnitude of fire incidences40. A study found that
AQUA observations are more reliable than TERRA observations and that the association of vegetation indices
with fire occurrence is profoundly nonlinear41.
CURRENT SCIENCE, VOL. 119, NO. 2, 25 JULY 2020

Taking into consideration all space-derived factors,
during the current lockdown period precipitation was
higher compared to the average for the last 15 years, but
did not contribute to the build-up of soil moisture. Higher
NDVI and EVI values in the lockdown phase unlike the
average of previous years which shows declining trend,
indicate that the lockdown has provided an opportunity
for the canopy to sustain and have higher vigour; this was
not visible earlier due to fire incidences. Improved
395
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Figure 6. Variations in EVI, NDVI and LST during 24 March to 5 May 2006–20 and 2020 due to cessation of all anthropogenic activities
in the Western Himalayan states of Uttarakhand and Himachal Pradesh, India.

canopy status and lesser fire incidences are also supported by the decline in LST. Further spatial layout of the
above factors shows that the increase is higher in the
western part of study area compared to the eastern part,
but none of them witnessed higher fire incidence. These
observations explain that though forest fuel is available in
abundance, the triggering mechanism of forest fires
396

(anthropogenic activities) is missing due to strict imposition of lockdown.
This study highlights the impact of anthropogenic
activities, mainly the movement of people and vehicular
traffic on fire incidences in the Western Himalayan landscape. Although rainfall during this period plays a significant role in the suppression of fire incidences in the
CURRENT SCIENCE, VOL. 119, NO. 2, 25 JULY 2020

RESEARCH COMMUNICATIONS
Table 1.

Spatial statistical analysis of association between the environmental/meteorological parameters and forest fire occurrence
MODIS-TERRA and precipitation

Parameters
2

R , Coefficient of determination
Deviance explained (%)
Intercept
Land surface temperature
Precipitation
Enhanced vegetation index
Normalized difference vegetation index
+

Before smoothening

After smoothening

0.396
48
310.52 ± 252.25
78.39 ± 24.65**
–71.26 ± 48.77
–1674.99 ± 1502.73
–4576.0 ± 2653.4

0.756
85.1
–606.8 ± 348.05
52.85 ± 24.67*
–38.55 ± 28.4
0.314+
5.779+,**

MODIS-AQUA and precipitation
Before smoothening
0.526
59.2
293.33 ± 190.58
40.76 ± 15.17*
–34.38 ± 29.77
–3886.73 ± 3407.33
–4267.88 ± 1594.65*

After smoothening
0.772
87.6
–596.94 ± 241.3
47.49 ± 12.37**
–30.91 ± 27.35
1.635+
4.805+,**

F-value of smooth terms (EVI, NDVI). Significance level: *0.1, **0.01.

region, the dip in soil moisture content observed shows
that the flammability of fuel load has not decreased significantly; however, fire incidences were significantly
lower in April 2020. This coupled with high NDVI and
EVI values could establish the fact that large-scale fire
incidences which lead to degradation of the forests in this
region are significantly less this year. This proves that the
anthropogenic trigger is one of the most important factors
for forest fire incidences in the region. This may have
been the baseline fire scenario before economic liberalization and extensive infrastructure development associated with deforestation in the mountainous region of the
western Himalaya. This scenario can also be used to
estimate quantitatively the impact of various anthropogenic activities in fire incidences in the Indian landscape.
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Foliar micromorphometric adaptations
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An effective in vitro regeneration protocol is essential
to improve the natural population of conservationprioritized plants species. The micropropagation techniques are considered cost-effective if the survival
chance of tissue-cultured plants is excellent in field
conditions. Comparative foliar micromorphometric
characteristics were analysed in this study, to determine the sequential developmental adaptations of
foliages of Oldenlandia herbacea plantlets under in
vitro and field conditions. The leaf constants showed
considerable variations in stomatal morphology, type
and density (decreased from 60.0 to 40.75), vein islet
density (increased from 8.3 to 13.5) and raphides density (increased from 20.9 to 36.0) in the foliage of
tissue-cultured and field-transferred plantlets. The
micromorphometric changes reflect the developmental
improvements taking place in the greenhouse and
field transplantation of O. herbacea plants, which are
essential for the survival of plantlets under natural
conditions.
Keywords: Foliar micromorphology, in vitro regeneration, medicinal herb, micropropagation, Oldenlandia herbacea.
OLDENLANDIA herbacea (L.) Roxb. (family Rubiaceae),
commonly known as chayaparpatika, is considered as the
most important medicinal plant for its febrifuge, anthelmintic, expectorant, stomachic and anti-inflammatory
properties1. It is a seasonal plant which completes its life
cycle in 3–4 months. Conventionally, this plant is propagated only by seeds. The plants are being uprooted by the
traditional drug practitioners before seed-setting; therefore, the population of Oldenlandia species has depleted
sharply in recent years2.
In vitro regeneration techniques offer valuable prospects in large-scale production of medicinal plants using
bare minimum starting materials from the donor plant3.
This also reduces the impact of over-exploitation on the
native population of medicinal plants. However, the
extensive use of in vitro technology is constrained due to
difficulties in the survivorship of micropropagated plantlets under natural conditions after transplantation4.
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