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ABSTRACT

The present study intended to develop a climatic fire danger model for mid-hills zone of Himachal
Pradesh using ten years weather data in relation with forest fire occurrence (2007-2016). Logistic
regression technique was used to determine the relationship between fire occurrence and weather
parameters viz., maximum temperature (°C), relative humidity (%), and wind speed (ms™). The model was
validated by calculating area under curve (AUC), coefficient of determination (R?) and root mean square
Error (RMSE), with estimated values of 88.90%, 0.705 and 0.247, respectively. The fire danger model was
verified with actual fire incidences in the study area during the year 2017. Wald's test was carried out to
quantify impact climatic parameters on forest fire. Wald's test value was highest for maximum temperature
(40.07) followed by relative humidity (1.15) and wind speed (0.75), respectively. In future such model can
be utilized for prevention of forest fire hazards in the study area.
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As climate change has become a reality, the implications
of global warming for changes in extreme weather and climate
events are of major concern for agrarian as well as civic
society. Forest fires are widespread and critical aspect of the
earth system. A warmer and drier climate is expected to lead to
more intense and frequent forest fire incidences. The earth had
experienced 40 consecutive years (since 1977) that the annual
temperature has been above the twentieth century average (Bal
and Minhas, 2017). This might have influenced the chance of
fire incidences across the globe including that of India. The
annual global area burned due to forest fire ranges from 300
and 450 Mha (Van der Werf et al., 2006), which is comparable
to the size of India. The Indian forests are vulnerable to forest
fires depending on the type of vegetation and climate. The
coniferous forest in the Himalayan region, which mainly
consist of Abies species, Picea smithiana, Cedrus deodara,
Pinus roxburghii and Pinus wallichiana are more prone to
forest fires. The total forest area of Himachal Pradesh is 37,
033 km® out of which 1,46,000 ha is sensitive to fire
(Bahuguna and Singh, 2002). Mid-hills zone of Himachal
Pradesh is highly prone to forest fires during summer due to
the presence of conifer species like pine due to shedding of
highly inflammable chir pine needles (Shah and Sharma,
2015). This necessitated deriving fire danger model using
logistic regression analysis based on climatic variables for
mid-hills of Himachal Pradesh.

Several workers have developed and tested linear
regression, logistic regressions, correlations, fuzzy logistic
models and other techniques for forest fire risk modelling
(Baweja 2014; Hamadeh et al., 2018). These models included
few weather parameters. Therefore, to study all major weather
parameters a wholesome approach was needed.

Weather parameters are critical aspects of fire activity.
Cary et al. (2006) found that landscape fire models were
generally more sensitive to variation in climate as compared to
terrain complexity and fuel patterns. Prasad ez al. (2008) and
Vadrevu et al. (2010) found that mean annual temperature and
average precipitation were among the variables that best
explained fire occurrences. Average annual loss due to forest
fire emissions in Himachal Pradesh was estimated to be Rs.
1.13 crores (Anonymous, 2016). Forest fires can lead to
damage to vegetation cover, loss of natural regeneration, loss
of wildlife habitat, change in micro-climate, loss of
biodiversity, invasion of weeds, adverse effect on livelihood of
people, loss of carbon sink, increase in greenhouse gases and
also impact on air quality. Hence, there was need to develop a
weather model for prediction of forest fire occurrences in the
study area.

MATERIALS AND METHODS

Present study was carried out in mid-hills zone of
Himachal Pradesh (Fig. 1) located between latitudes 30.32°
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Fig. 1: Study area map

and 33.19°N and longitudes 75.58°and 78.98°E at an altitude of
615 to 1800 m with a total spread of 11,743 ha. The arca was
comprised of pure and mixed stands of Pinus roxburghii,
hence more susceptible to forest fires.

The weather data viz. maximum temperature, relative
humidity and wind speed for the fire season (April, May and
June) of 10 years (2007-2016) recorded at peak burning hours
(1400-1500 hrs) of the day were collected from Agro-
meteorological Observatory of Department of Environmental
Science, Dr. YS Parmar University of Horticulture and
Forestry, Nauni, Solan. These weather parameters in relation
to fire events had been analyzed in order to generate fire
danger model. During the past 10 years, there were 31 fire days
out of 910 days. The forest fire event was used as a binary
variable represented by zeros and ones only, where zeros
represent no fire and ones indicate fire occurrence during the
particular day (Garcia et al., 1995). The data collected on
forest fire incidences in the study area was obtained from
Solan Forest Range, Himachal Pradesh.

Logistic regression analysis

Logistic regression was used as mathematical modeling
technique to describe the relationship of several climatic
variables to a dichotomous dependent variable viz. fire
occurrence (Vasconcelos ef al., 2001). The logistic regression
model was obtained using stepwise regression on the data sets.
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In the analysis Wald's test was also used. The Wald's test
determined the significance of an individual climatic variable
in the presence of the other variables included in the model.
The validation of logistic models entails the quantification of
their predictive ability and an assessment of the possibilities of
extrapolation to independent data sets. Analysis was carried
outusing Microsoft Excel 2010.

RESULTS AND DISCUSSION

Fig. 2 demonstrats the relation between fire occurrence
and weather parameters. X-axis represents the total number of
days during the period 2007-16, Y-axis represents the
magnitude of weather parameters and fire occurrence during a
particular day.

Maximum temperature ("C)

Forest fire accidents had occurred when the maximum
temperature was at peak (Fig. 2a). This may be due to
enhancement evaporation rate of fuel moisture, hence
facilitating fire ignition. Same results was also demonstrated
by previous studies (Hamadeh et al., 2017) for similar eco-
geographical area, where maximum temperature was
significantin fire ignition.

Relative humidity (%)

The effect of relative humidity on fire occurrence is
shown in Fig. 2b. Relative humidity revealed strong negative
correlation with fire occurrences in the study area. When the
relative humidity was low, the moisture in the fuel was readily
evaporated as it rises to the surface of the fuel. When the
humidity was high, it was harder for the moisture to evaporate
into the air. The fire accidents occurred when relative humidity
was less than 60%. Results were in support of findings of
Sosebee et al. (2007) and Eric et al. (2009), which
demonstrated that most of the fire occurred only when the
relative humidity was less than 55 %.

Wind speed (ms”)

Fire behavior was strongly affected by wind speed (Fig.
2¢). Wind was an important factor because it provided fresh

Table 1: Details of variables used for development of Fire Danger Model

Variables Coefficient Std. Error Wald p-value
Maximum temperature (“C) 0.562 0.088 40.073 <0.0001
Relative humidity (%) -0.019 0.017 1.147 0.283
Wind speed (ms™) 0.031 0.036 0.751 0.386
Constant -21.126 3252 42.187 <0.0001
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Fig. 2: Weather parameters in relation with fire occurrence over the fire season of 10 years (2007-2016)
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Fig. 3: Validation of Fire Danger Model for the fire season of 2017
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oxygen and spread flames to new fuel source. Pourghasemi et
al. (2016) showed that fire accidents were strongly affected by
wind speed.

Firedanger model

Fire danger model that fits the study site was derived
through a logistic regression analysis. The value of R* for the
logistic regression model at 5 % degree of freedom was 0.705
and RMSE was 0.247. Higher value of R* and lower values of
RMSE indicated better fit. The Wald's test revealed the
significance of individual climatic variable in the presence of
the other variables included in the model. Wald's test value was
highest for maximum temperature (40.07) followed by
relative humidity (1.147) and wind speed (0.75), respectively
(Table 1).

F
Log(ﬁ) =0.562(T)-0.019(RH)+0.031(WS)-17.326

Where;

F = Fire danger

T = Maximum temperature(°C)
RH = Relative humidity (%)
WS = Wind speed (ms™)

Validation of fire danger model

To determine the accuracy of the logistic model, the
ROC curve (Pourghasemi et al., 2016) was used. The ROC
curve was developed by using true positive rate and false
positive. It represented the trade-off between the two rates. In
the ROC method, the area under the curve (AUC) values was
used to evaluate the model accuracy. The quantitative and
qualitative relationship between AUC and prediction accuracy
was classified as follows: 0.90-1.00, excellent; 0.80-0.90, very
good; 0.70-0.80, good; 0.60-0.70, average; and 0.50-0.60,
poor (Pourghasemi et al., 2016). The calculated AUC for the
model was 88.90 % i.e. very good.

Certain other measures viz., accuracy, specificity,
sensitivity and precision were used for testing and evaluating
Fire Danger Model. The computed accuracy, specificity,
sensitivity and precision for Fire Danger Model were 96.20%,
90.27%, 94.66%, 89.94% and 98.12% respectively. The
model was verified using fire season data of the year 2017
(Fig. 3). The model was able to predict all fire occurrences and
hence can be used for controlling forest fire incidences in the
present study area.
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CONCLUSION

The present investigation identified forest fire risk as a
function of climatic attributes. Three parameters (maximum
temperature, relative humidity and precipitation) are the most
influential ones that induce fire in the forestland. The fire
danger model (AUC=88.90%) using logistic regression
analysis, was found to be the best model for fire prediction in
the study area.
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