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Key Points:

e Nepal underwent a record breaking fire season in 2021 with active fire counts ten times
greater than the historical average.

e This fire season was exacerbated by climate change and future projections suggest
increased drought conditions and more active fire seasons.

e In response to this risk, a simple empirical prediction model is made to forecast active
fire counts one to two months in advance.
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Abstract

In 2021, Nepal underwent its most severe fire season, resulting in a fire rate 10 times greater than
the historical average in many areas of the country with record-high air pollution levels. Leading
the fire outbreaks in March of 2021, the country experienced an extreme precipitation deficit and
drought in the post-monsoon season. Current community forest management practices and
resultant forest growth may have exacerbated the conflagration, but an analysis using
observational, reanalysis, and climate model ensemble data indicates that climate variability and
climate change induced severe drought conditions that resulted in the anomalous fire season.
While warning of the likely re-occurrence of extremely active fire seasons in Nepal through the
end of the 21st century, this research also proposes a statistical model for sub-seasonal prediction
that could help mitigate the projected effects of the drought-fire paradigm.

1 Introduction

In the winter of 2020 through the spring of 2021, Nepal experienced a historic fire
season. While seasonal fires after the summer monsoon are commonly used to manage farmlands
and pastures (Matin et al., 2017), extremely dry conditions resulted in uncontrollable blazes
throughout April. Impacts were felt throughout the nation. Almost 20 lives were claimed by fire,
school closures were widespread due to hazardous air quality conditions, and black carbon
fallout was observed across the Himalayas which has been linked to more rapid melt of glaciers
and mountain snow (Qian et al., 2011). This extreme fire season was concomittent with the
lowest average precipitation for October through March since 1980 (Figure S1). Similar cases of
drought have been identified as one of the primary forcings for several severe fire seasons in
Nepal, most notably in 2008 and 2016 (Matin et al., 2017). Although there is a general
understanding that high-fire years in Nepal follow severe winter droughts, the historical
relationship between meteorological drought and fire potential is largely unknown.

Research also suggests that this drought is part of trend towards drier winter conditions
partly fueled by anthropogenic climate change (S.-Y. Wang et al., 2013). Decreased precipitation
from satellite and rain gauge observations and decreased soil water have been noted in tandem
with increased temperature — a recipe for enhanced drought stress (Hamal et al., 2020; Shrestha
et al., 2012; Wang et al., 2013). Warming in the Himalayan region has outpaced the global
average (A. B. Shrestha et al., 1999) and the potential for climate change to have greater
ecosystem impacts on high elevation regions further implicates that Nepal is highly vulnerable to
drought (Alamgir et al., 2014; Bhatta & Aggarwal, 2016; Macchi et al., 2015; Pandey &
Bardsley, 2015). Additionally, fires in Nepal are managed by communities rather than a
centralized agency. Community forest management is very successful for forest sustainability,
however, an increase in forest fires and changing land use practices may jeopardize the
effectiveness of community management (Sapkota et al., 2015). The potential for climate change
to disproportionately impact Nepal makes it imperative to understand the impact of climate
change on drought and fire in the region.

Sub-seasonal drought and fire prediction has emerged as an important tool for
environmental planning and fire management (Chen et al., 2020; Marshall et al., 2021; Turco et
al., 2018) and Nepal’s community fire management may similarly benefit from prediction tools
that are generally accessible. Humans are a major source of fire frequecy and fire ignitions in



70
71
72

73
74
75
76
77
78
79

80

81

82
&3
84
&5
86
87
38
89

90
91
92
93
94
95
96
97

98

99
100
101
102
103
104
105
106

manuscript submitted to Geophyiscal Research Letters

Nepal, with approximately 58% of the fires in Nepal started intentionally by people (Kunwar &
Khaling, 2006). This suggests that changes to community management in response to sub-
seasonal drought forecasts might mitigate fire potential.

As drought has been anecdotally associated with recent fire extremes, we will analyze the
historical relationship between drought and fire frequency for Nepal. Given the vulnerability of
Nepal to climate change and the recent extreme fire season, we will then provide climate change
projections of the relationship between drought and fire frequency using the Coupled Model
Intercomparison Project Version 6 (CMIP6). As a potential tool for adaptation to the expected
impacts of climate change on regional fire, we produce a simple empirical prediction model to
provide fire outlooks one-to-two months in advance.

2 Data and Methods
2.1 Observational Data

Observed data in this study is obtained from meterological stations in Nepal (Department
of Hydrology and Meteorology, Government of Nepal) that recorded temperature precipitation
data for at least 80% of the days in the record from 1980-2021. This criteria resulted in the use
of 117 stations, of which the daily data was converted into monthly averages. We use this data to
compute the Standardized Precipitation and Evapotranspiration Index (SPEI) (Vicente-Serrano et
al., 2010), using precipitation and potential evapotranspirtation (PET) from the Thornthwaite
method (Thornthwaite, 1948). SPEI was used at monthly (SPEI-1), seasonal (SPEI-3) and annual
(SPEI-12) timescales.

For active fire points, we used the Moderate Resolution Imaging Spectroradiometer
(MODIS) (aqua and terra combined) active fire detection products (Giglio & Justice 2015). The
combined MODIS data are available from 2002 that are used in this study. MODIS detects active
fire points not individual fire events, and one large fire can consist of many active fire points.
Therefore, it is analogous to burned area and the correlation coefficient between burned area and
active fire points from November through March is 0.96 from 2001 through 2021. The rest of
this study will use these active fire points as an analog of burned area and fire potential. Further
description of observational data can be found in the supporting information, Text S1.

2.1 Model Data

We also use the CMIP6 ensemble with the historical, natural and SSP585 high-emissions
scenario. To attribute changes in the historical fire record for Nepal, we compare the SPEI-1 and
SPEI-12 in the historical (incuding anthropogenic greenhouse gas emissions) and natural runs
from 1981-2014. SPEI-1 and SPEI-12 are computed from these scenarios using the
Thronthwaite method. For the future projection of active fire counts in Nepal under the SSP585
scenario, we use the historical relationship of SPEI-3 and fire count to project the relationship of
anthropogenically driven drought on active fire counts to the end of century. All CMIP6 data
considered in this study represent the multi-model ensemble mean. Monthly mean temperature
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and precipitation were bias corrected relevant to the observed data. More information about
biased-correction scheme can be found on Hawkins et al. (2013) and Mishra et. al., (2020).

2.3 Empirical fire outlook

We use a nonlinear regression model to evaluate the empirical predictability of active fire count
from SPEI-3:

active burn counts(t) = a * e F*SPEB®) 4 ¢

where a and [ are regression coefficients, e is Euler’s number (approximately 2.718), t is the year,
and ¢ is an error term. The SPEI-3 index from January and February are used as predictor variables
for March fire count. The B parameter is optimized at an o of 250 using non-linear least squares
to fit the model to the training data. The model is cross-validated, using a leave-one-out and a
leave-three-out cross validation. In the leave-one-out validation, the model is trained with all the
observed data except for the value which is to be predicted. The leave-three-out cross validation
entails training the model without one-sixth of the observed data to provide a more robust
validation (L. Wang et al., 2017). The correlation and the R? value between the observed fire count
and the predicted fire count used to measure the skill of the prediction.

4 Results

4.1 Observed relationships between drought and fire

Starting in November 2020, the SPEI more than doubled across Nepal compared to an average
of the 18 previous seasons (Figure 1a, top). Drought conditions were persistent from November
through March (Figure 1a), and the associated number of fires was well above normal (Figure 1a,
bottom). The cumulative active fire points by March and April surpassed each dry season in the
historical record (Figure S2). During Nepal’s fire seasons between 2003 and 2020, the months of
November through April averaged 2,327 active fire points; this six-month aggregate was exceeded
in just one month—March of 2021. The surges were greatest in Nepal’s western lowlands, the
region immediately southeast of the Annapurna Conservation Area, and the countryside
surrounding the Kathmandu Valley; all of which saw a 10-fold increase in the active fire points in
2020-21 compared to the long-term mean (Figure 1b,c).

This record-setting fire season did not occur in a static fire fuels environment. An analysis of
leaf area index (LAI), obtained from a global reanalysis of vegetation phenology during 1981—
2012 indicates that the January-April average of LAI increased by about 10% from that period
(Figure 1c). Satellite-derived LAI change from 2003 to 2020 suggests a continual increase (result
not shown). The LAI analysis aligns with recent research showing forest cover expansion across
Nepal (Fox et al., 2019; Van Den Hoek et al., 2021).
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Figure 1: MODIS (Aqua and Terra satellite) measured fire detection points and observed
precipitation and SPEI for November through April (long-term average and 2020-2021) in Nepal.
a) Total monthly fires during 2020-2021, long-term average from 2003-2020, and the SPEI 3-
month drought index. b) Topography of Nepal. ¢) ratio of the number of fires in 2020-2021 to the
long-term average (2003—2020) for November through March. d) change in LAI (%) from 1981-
1990 compared to 2001-2010. Inserted Map in upper right shows South Asia and Nepal with
average JFMA LAI outlining the forests.

Our examination of the relationship between monthly precipitation deficits and drought
(Figure 2a) shows a robust correlation between SPEI and the number of active fire points, ranging
from a strong signal (p<0.1) when November and December precipitation are considered together,
to a very strong signal (p<0.01) when January and February are included as well. Including the
months of March and April nominally strengthens the relationship (Figure 2a). The relationship
between the active fire points and SPEI-3 (Figure 2b) is best quantified by a nonlinear model based
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on the correlation coefficient (Figrue 2a). The fire prediction model for each month from January
to May with the lead time 0- and 1-month shows good correlation with observational fire (Table
S1) however the bias is large, mainly during the high fire months (March and April). The aim of
the prediction model is to predict the qualitative fire prediction, not the quantitative. The record
number of active fire points in 2021 were associated with the most severe SPEI-3 values observed
in the last 18 years. Drought quantified by the SPEI-3 explains a crucial 75% of the variability in
active fire points.
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Figure 2: The relationship between 2002—2020 monthly precipitation deficits and subsequent fire
season behavior in Nepal. a) shows the correlation coefficient between the total number of fires,
starting in November, and average precipitation from the preceding month, average SPEI-1 from
Oct to a given month, a given month’s SPEI-3 and SPEI-6, and preceding month lag for SPEI-3
from left to right, respectively. The 99% (p<0.01), 95% (p<0.05), and 90% (p<0.1) significant
levels are shaded with purple, green and yellow, respectively. b) shows the scatter plot relationship
between November-March total fire frequency and the SPEI-3 in March and the non-linear
regression fit (red line). 2021 is highlighted via an arrow.

4.2 Attribution of drought and future projections fire

Observed dry-season drought frequency and intensity in Nepal has increased over the past four
decades and the strong relationship between drought and fire for the region indicates that this
increase in drought is partially responsible for enhanced fire potential. It is noteworthy that SPEI-
1 and SPEI-12, which both exhibit fluctuating but predominantly positive values between 1981
and 2005, has been mostly negative since then (Figure S3), underscoring the drought trend.
However, low-frequency climate variability can also result in drought conditions over Nepal
(Wang & Gillies, 2013), so we evaluate the role of anthropogenic climate change to determine if
these trends are associated with changes to the climate mean state.

This analysis was conducted using the CMIP6 ensemble of single-forcing experiments, based
on the multi-model and multi-realization average 1981-2014 trends of seasonal SPEI-1 and annual
SPEI-12. The historical simulations of SPEI-1 and SPEI-12, which included all anthropogenic
forcings, are both substantially negative. Histograms comparing trends from the 68 “historical”
simulations to the 50 “natural”, as shown in Figure 3, were found to be distinguishable at a high
level of statistical significance via a Student’s t-test (p<.01). Comparison of the observations to
the model over the same 1981-2014 periods reveals that the trend over the entire 1981-2020
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observations could not be attained in any of the simulations without human changes to the
composition of the atmosphere. We therefore conclude that anthropogenic climate change has
contributed to the noticeable drying trend in Nepal during the winter-dry season; this is comparable
to previous work based on earlier-generation simulations of CMIP5 (Wang et al., 2013).
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Figure 3: Histograms of CMIP6 simulated 1981-2014 trends in October-March SPEI-1 (a) and
annual SPEI-12 (b). Red bars are the historical all-forcing runs and gray bars are the natural runs.
The observed trends over this simulation period are shown as a black vertical line and the observed
trends are shown as the blue vertical line.

Given the significant correlations between SPEI-3 and seasonal fires (Figure 2) and the role of
anthropogenic warming on drought (Figure 3), we provide a projection of active fire counts in
Nepal based on the calculation of SPEI-3 from the CMIP6 high-emission ensemble simulations.
To calculate SPEI-3, model monthly precipitation and temperature were bias-corrected within the
historical period. The CMIP6 SPEI-3 was then used to estimate the November-March active fire
counts using the regression model from Figure 2b. The CMIP6 ensemble mean of March SPEI-3
and its spread, under the SSP585 warming scenario, indicates a distinct decreasing trend has begun
and is projected to continue through the end of 21st century (Figure 4a), giving rise to more periods
of worsening drought. Based on statistical modeling, the derived active fire counts are projected
to increase in association with drought driven by climate change (Figure 4b). Notably, the spread
in active fire count anomalies across individual CMIP6 model projections becomes amplified in
the latter part of the 21st century (Figure 4b). Regardless of the spread, active fire counts are
projected to increase above the average historic levels.
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4.3 Sub-seasonal empirical prediction

The strong historical and projected relationships between drought and fire suggest that
nationwide fire outlooks are possible at short lead times with antecedent drought conditions.
Using nonlinear regression, Figure 5 depicts the two-month (Figure 5a,b) and one-month
predictions (Figure 5c,d) of March active fire counts in Nepal using SPEI-3 from January and
February respectively. The regression model trained with all data points, the hindcast, accounts
for a significant amount of variance in the total time series of March active fire points at both the
two-month and one-month lead times. The regression model has modest skill for the cross-
validation as well, with the leave-one-out and leave-three-out methods producing similar results
to the hindcast. These regression models predicted the active fires in March of 2021 but fell short
of the record-setting magnitude. This shortcoming may be caused by anthropogenic forcings (the
regression model does not account for changes to the frequency of human ignitions or the
impacts of climate change) or the inability of SPEI-3 alone to account for fuel moisture and
abundance. Regardless, these simple regression models show good skill (high r? values, low error
and bias) towards fire outlooks for March in Nepal with information about the fire tendency
(Table S2). Fire count in April is highly predictable at a 1-month lead using these same methods
but the 2-month prediction lacks skill (Figure S4). Summary statistics of model error, bias and
parameter estimates are provided in Table S2.
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Figure 5: a) Observed active fire count in March along with the hindcast from the regression of
January (two-month lead) SPEI-3. Leave-one and leave-three-out cross-validated models are
shown in orange and red respectively. b) Twelve-year rolling correlation of observed March active
fire counts and regressed active fire counts from January SPEI-3. ¢) Same as 5a, but for February
SPEI-3. d) Same as 5b, but for February SPEI-3. The black dotted line indicates the 95%
confidence level for 10 degrees of freedom.
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5 Discussion and conclusions

Anthropogenic impacts on fire in Nepal are not restricted to climate change however, as
community forest management has also changed. Under localized control policies, which began
in 1976, about 3 million hectares of forests in Nepal are now under the control of community-
based forest management groups, and these groups have been widely credited with driving
significant increases in forest growth via restoration efforts over the past 45 years, an uncommon
phenomenon in developing nations over recent decades (Ghimire & Lamichhane, 2020). Despite
clear benefits in sequestering carbon (Devkota, 2020; Ghimire, 2019) and sustaining biodiversity,
the fact that Nepal’s forests feasibly cover more area now than in past years (Figure 1d) may well
impact fire potential, particularly in association with the increasing trend of post-monsoonal
drought. Of note, the largest forest restoration developments are observed in the western lowland
and western mid-mountain regions of Nepal, where the recent, more numerous, and fierce
conflagrations occurred in 2009, 2016 and the most recent fire season (Figure 1c). Two other areas
of high 2020-21 fire activity, i.e., in the southeast of Annapurna and the Kathmandu Valley, were
also areas of significant LAI gain (Figure 1c). In summary, increased forest area and/or forest
density is an ideal circumstance with respect to the addition of fire fuel. These reforestation gains,
concurrent with decades of increasingly prolonged and severe droughts (Figure S3), are arguably
prospective grounds for a marked increase in fires (Figure 4).

The CMIP6 results for Nepal echo prior research that projects declining winter precipitation,
alongside moderately increased monsoon precipitation, under the SSP585 high-emissions scenario
(Almazroui et al., 2020). Arguably, this transition may already be underway, as significant declines
have been identified in Mediterranean-originating winter precipitation sources (Dakhlaoui et al.,
2019; Marchane et al., 2017). In addition, persistent warming in the Indian Ocean has acted to
enhance the winter drought trend in Nepal through modifications in the local branch of the Hadley
circulation, associated with strengthened subsidence over northern India and the Himalayas (Wang
et al.,, 2013a). While the 2020-21 fire season was exacerbated by climate change, climate
variability likely played an important role in the seasonal drought conditions. The winter of 2020—
21 saw a strong La Nifia event which often induces drought conditions in Nepal (Hamal et al.,
2020). As some El Nifio and La Nifia teleconnections have strengthened in the warming climate
(Wang et al., 2015; Stevenson, 2012), the increased spread in projected fire frequency near the end
of century (Figure 4b) may be partially attributed to natural variability amplified by global
warming. These observed impacts of climate change and model-based projections suggest drought
conditions will likely continue and are expected to amplify, enabling a higher potential for fire risk
through to the end of the 21st century.

Mitigating risk will require an improved understanding of the factors that contribute to fire in
Nepal, but the nation currently lacks a significant and active drought and fire forecasting efforts.
Previous studies have succeeded in generating fire-risk maps for Nepal (Parajuli et al., 2020;
Sharma et al., 2014), however the society at large lacks predictive models that can be employed to
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better prepare for fire on a monthly, seasonal, or long-term basis. To these ends, the study
undertaken here offers: i) a practical statistical tool, derived from easily obtainable climate
variables, towards sub-seasonal fire outlooks for the nation as whole, ii) knowledge through
CMIP6-based projections that indicate the likelihood of more drought and fire events through the
remainder of this century, and iii) an account of the suspected anthropogenical, climatological and
sociological drivers of the anomalous 2020-21 fire season. Thus, this study provides a platform
for Nepal to formulate future strategies to ameliorate the environmental hazards the country will
face in a changing climate.
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can be purchased from Department of Hydrology and Meteorology, Government of Nepal (DHM)
(www.dhm.gov.np/).

7 References

Alamgir, M., Pretzsch, J., & Turton, S. M. (2014). Climate Change Effects on Community
Forests: Finding Through User’s Lens and Local Knowledge. Small-Scale Forestry,

13(4), 445-460. https://doi.org/10.1007/s11842-014-9264-8



315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

manuscript submitted to Geophyiscal Research Letters

Almazroui, M., Saeed, S., Saeed, F., Islam, M. N., & Ismail, M. (2020). Projections of
Precipitation and Temperature over the South Asian Countries in CMIP6. Earth Systems
and Environment, 4(2), 297-320. https://doi.org/10.1007/s41748-020-00157-7

Bhatta, G. D., & Aggarwal, P. K. (2016). Coping with weather adversity and adaptation to
climatic variability: A cross-country study of smallholder farmers in South Asia. Climate
and Development, 8(2), 145—-157. https://doi.org/10.1080/17565529.2015.1016883

Chen, Y., Randerson, J. T., Coffield, S. R., Foufoula-Georgiou, E., Smyth, P., Graff, C. A.,
Morton, D. C., Andela, N., van der Werf, G. R., Giglio, L., & Ott, L. E. (2020).
Forecasting Global Fire Emissions on Subseasonal to Seasonal (S2S) Time Scales.
Journal of Advances in Modeling Earth Systems, 12(9), e2019MS001955.
https://doi.org/10.1029/2019MS001955

Dakhlaoui, H., Ruelland, D., & Tramblay, Y. (2019). A bootstrap-based differential split-sample
test to assess the transferability of conceptual rainfall-runoff models under past and future
climate variability. Journal of Hydrology, 575, 470-486.
https://doi.org/10.1016/j.jhydrol.2019.05.056

Devkota, B. P. (2020). Social inclusion and deliberation in response to REDD+ in Nepal’s
community forestry. Forest Policy and Economics, 111, 102048.
https://doi.org/10.1016/j.forpol.2019.102048

Fox, J., Saksena, S., Hurni, K., Van Den Hoek, J., Smith, A., Chhetri, R., & Sharma, P. (2019).
Mapping and Understanding Changes in Tree Cover in Nepal: 1992 to 2016. 18, 1-11.

Ghimire, P. (2019). Carbon Sequestration Potentiality of Pinus roxburghii Forest in Makawanpur
District of Nepal. Journal of Energy, Environmental & Chemical Engineering, 4(1), 7.

https://doi.org/10.11648/j.jeece.20190401.12



338

339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

manuscript submitted to Geophyiscal Research Letters

Ghimire, P., & Lamichhane, U. (2020). Community Based Forest Management in Nepal: Current
Status, Successes and Challenges. Grassroots Journal of Natural Resources, 3(2), 16-29.
https://doi.org/10.33002/nr2581.6853.03022

Giglio, Louis, & Justice, Christopher. (2015). MOD14A2 MODIS/Terra Thermal
Anomalies/Fire 8-Day L3 Global 1km SIN Grid V006 [Data set]. NASA EOSDIS Land
Processes DAAC. https://doi.org/10.5067/MODIS/MOD14A2.006

Hamal, K., Sharma, S., Baniya, B., Khadka, N., & Zhou, X. (2020). Inter-Annual Variability of
Winter Precipitation Over Nepal Coupled With Ocean-Atmospheric Patterns During
1987-2015. Frontiers in Earth Science, 8, 161. https://doi.org/10.3389/feart.2020.00161

Hawkins, E., Osborne, T. M., Ho, C. K., & Challinor, A. J. (2013). Calibration and bias
correction of climate projections for crop modelling: An idealised case study over
Europe. Agricultural and Forest Meteorology, 170, 19-31.
https://doi.org/10.1016/j.agrformet.2012.04.007

Kunwar, R., & Khaling, S. (2006). Forest fire in the Terai, Nepal Causes and Community
Management Interventions. International Forest Fire News, 34, 46—54.

Macchi, M., Gurung, A. M., & Hoermann, B. (2015). Community perceptions and responses to
climate variability and change in the Himalayas. Climate and Development, 7(5), 414—
425. https://doi.org/10.1080/17565529.2014.966046

Marchane, A., Tramblay, Y., Hanich, L., Ruelland, D., & Jarlan, L. (2017). Climate change
impacts on surface water resources in the Rheraya catchment (High Atlas, Morocco).
Hydrological Sciences Journal, 62(6), 979-995.

https://doi.org/10.1080/02626667.2017.1283042



360

361

362

363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

manuscript submitted to Geophyiscal Research Letters

Marshall, A. G., Gregory, P. A., de Burgh-Day, C. O., & Griffiths, M. (2021). Subseasonal
drivers of extreme fire weather in Australia and its prediction in ACCESS-S1 during
spring and summer. Climate Dynamics. https://doi.org/10.1007/s00382-021-05920-8

Matin, M. A., Chitale, V. S., Murthy, M. S. R, Uddin, K., Bajracharya, B., Pradhan, S., Matin,
M. A., Chitale, V. S., Murthy, M. S. R., Uddin, K., Bajracharya, B., & Pradhan, S.
(2017). Understanding forest fire patterns and risk in Nepal using remote sensing,
geographic information system and historical fire data. International Journal of Wildland
Fire, 26(4), 276-286. https://doi.org/10.1071/WF16056

Mishra, V., Bhatia, U., & Tiwari, A. D. (2020). Bias-corrected climate projections for South Asia
from Coupled Model Intercomparison Project-6. Scientific Data, 7(1), 338.
https://doi.org/10.1038/s41597-020-00681-1

Pandey, R., & Bardsley, D. K. (2015). Social-ecological vulnerability to climate change in the
Nepali Himalaya. Applied Geography, 64, 74—86.
https://doi.org/10.1016/j.apgeog.2015.09.008

Parajuli, A., Gautam, A. P., Sharma, S. P., Bhujel, K. B., Sharma, G., Thapa, P. B., Bist, B. S., &
Poudel, S. (2020). Forest fire risk mapping using GIS and remote sensing in two major
landscapes of Nepal. Geomatics, Natural Hazards and Risk, 11(1), 2569-2586.
https://doi.org/10.1080/19475705.2020.1853251

Qian, Y., Flanner, M. G., Leung, L. R., & Wang, W. (2011). Sensitivity studies on the impacts of
Tibetan Plateau snowpack pollution on the Asian hydrological cycle and monsoon
climate. Atmospheric Chemistry and Physics, 11(5), 1929-1948.

https://doi.org/10.5194/acp-11-1929-2011



382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

397

398

399

400

401

402

403

manuscript submitted to Geophyiscal Research Letters

Sapkota, L. M., Shrestha, R. P., Jourdain, D., & Shivakoti, G. P. (2015). Factors Affecting
Collective Action for Forest Fire Management: A Comparative Study of Community
Forest User Groups in Central Siwalik, Nepal. Environmental Management, 55(1), 171—
186. https://doi.org/10.1007/s00267-014-0404-x

Sharma, N., Fernandes, P., & Pokharel, J. (2014). METHODOLOGICAL DEVELOPMENT
FOR FOREST FIRE HAZARD MAPPING IN NEPAL. BRAZILIAN JOURNAL OF
CARTOGRAPHY, 66, 1551-1566.

Shrestha, A. B., Wake, C. P., Mayewski, P. A., & Dibb, J. E. (1999). Maximum Temperature
Trends in the Himalaya and Its Vicinity: An Analysis Based on Temperature Records
from Nepal for the Period 1971-94. Journal of Climate, 12(9), 2775-2786.
https://doi.org/10.1175/1520-0442(1999)012<2775:MTTITH>2.0.CO;2

Shrestha, U. B., Gautam, S., & Bawa, K. S. (2012). Widespread Climate Change in the
Himalayas and Associated Changes in Local Ecosystems. PLOS ONE, 7(5), e36741.
https://doi.org/10.1371/journal.pone.0036741

Stevenson, S. L. (2012). Significant changes to ENSO strength and impacts in the twenty-first
century: Results from CMIP5. Geophysical Research Letters, 39(17).
https://doi.org/10.1029/2012GL052759

Thornthwaite, C. W. (1948). An Approach toward a Rational Classification of Climate.
Geographical Review, 38(1), 55-94. https://doi.org/10.2307/210739

Turco, M., Jerez, S., Doblas-Reyes, F. J., AghaKouchak, A., Llasat, M. C., & Provenzale, A.
(2018). Skilful forecasting of global fire activity using seasonal climate predictions.

Nature Communications, 9(1), 2718. https://doi.org/10.1038/s41467-018-05250-0



404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

419

420

421

422

423

manuscript submitted to Geophyiscal Research Letters

Van Den Hoek, J., Smith, A. C., Hurni, K., Saksena, S., & Fox, J. (2021). Shedding New Light
on Mountainous Forest Growth: A Cross-Scale Evaluation of the Effects of Topographic
[lumination Correction on 25 Years of Forest Cover Change across Nepal. Remote
Sensing, 13(11), 2131. https://doi.org/10.3390/rs13112131

Vicente-Serrano, S. M., Begueria, S., & Lopez-Moreno, J. 1. (2010). A Multiscalar Drought
Index Sensitive to Global Warming: The Standardized Precipitation Evapotranspiration
Index. Journal of Climate, 23(7), 1696—1718. https://doi.org/10.1175/2009JCLI2909.1

Wang, L., Ting, M., & Kushner, P. J. (2017). A robust empirical seasonal prediction of winter
NAO and surface climate. Scientific Reports, 7(1), 1-9. https://doi.org/10.1038/s41598-
017-00353-y

Wang, S.-Y., & Gillies, R. R. (2013). Influence of the Pacific quasi-decadal oscillation on the
monsoon precipitation in Nepal. Climate Dynamics, 40(1), 95-107.
https://doi.org/10.1007/s00382-012-1376-2

Wang, S.-Y., Huang, W.-R., Hsu, H.-H., & Gillies, R. R. (2015). Role of the strengthened El
Nifio teleconnection in the May 2015 floods over the southern Great Plains. Geophysical
Research Letters, 42(19), 8140-8146. https://doi.org/10.1002/2015GL065211

Wang, S.-Y., Yoon, J.-H., Gillies, R. R., & Cho, C. (2013). What Caused the Winter Drought in
Western Nepal during Recent Years? Journal of Climate, 26(21), 8241-8256.

https://doi.org/10.1175/JCLI-D-12-00800.1



