
ISSN 1946-7664. MCFNS 2020 AVAILABLE ONLINE AT HTTP://MCFNS.COM Submitted: Aug. 15, 2020
Vol. 12, Issue 2, pp. 62–71 Accepted: Oct. 9, 2020
Mathematical and Computational Published: Oct. 30, 2020
Forestry&Natural-Resource Sciences Last Correction: Oct. 30, 2020

OPTIMIZING THE ROTHERMEL MODEL FOR EASILY
PREDICTING SPREAD RATE OF FOREST FIRE

J. Hua1, S. Zhang1∗, H. Gao1, X. Chen1, X. Li1,2∗, J. Liu1∗

1 College of Mechanical and Electrical Engineering, Northeast Forestry University, Harbin 150040, China;
2 Northern Forest Fire Management Key Laboratory of the State Forestry and Grassland Bureau,

Northeast Forestry University, Harbin Harbin 150040, China

*Corresponding Author

Abstract. The Rothermel model is a common method for predicting forest fire spread rate, but its
application is limited, due to the complexity of the formula and too many parameters. In this paper, the
Rothermel model is optimized to a simpler format, which contains fuel moisture content, wind speed, fuel
load, fuel thickness 4 independent variables as input, 1 dependent variable as output and 8 parameters to
be estimated. In order to validate the effectiveness of the optimized model, an indoor ignition experiment
was designed and carried out, and then the fire spreading data was collected and processed in advance for
training the parameters of the model. By analyzing the effectiveness of 3 nonlinear optimizing methods,
the Levenberg-Marquardt (LM) method was chosen to estimate the parameters of the model. Last,
by comparing to the actual measured value, the precision of the optimized model was validated on the
verification data which contains three groups of experiments, with the ability to predict quickly the speed
of fire spreading compared with the Rothermel model in the indoor laboratory.

Keywords: Rothermel forest fire spread model; fire behavior; nonlinear fitting; prediction of
spread rate

1 Background

Forests are the protectors of the ecological balance
of the earth. Unfortunately, forest fires are usually
observed only when they have spread to a large area.
At this time, it is impossible to extinguish or con-
trol forest fires, resulting in serious damage to property
and irreparable damage to the environment (Gigovic et
al. 2019). When a forest fire occurs, if firefighters can
forecast the development of the disaster as soon as pos-
sible and understand the changing trend of the fire, they
can seize the initiative, deploy fire fighting forces perti-
nently, and control the spread of the fire to the great-
est extent (Ying et al. 2018). Therefore, it is necessary
to study the changing rules and the parameters of for-
est fires in the process of spread, and use the potential
rules between the parameters to establish the related
forest fire spreading model, so as to predict the forest
fire spreading trend in the real scene (Rossi et al. 2019).
It is an intuitive, reliable, economical and efficient pre-
diction method to simulate the development process of
real forest fire completely. At present, there is no model

that can accurately describe the forest fire spread trend
and the burning state of the complexity of the forest fire
and the difference in the burning area (Xue et al. 2015).
Among the common forest fire spread models abroad,
the Rothermel forest fire spread model is the most repre-
sentative (Prince et al. 2017), and the Rothermel (Dhall
et al. 2017) is a semi-physical and semi-empirical forest
fire spread prediction model based on energy conserva-
tion, which has strong practicability.

In order to study the influence of wind speed on the
spread of forest fire, Lopes (2019) put forward the princi-
ple of two-way coupling of wind speed and firepower, and
carried out simulation experiments based on Rothermel
model to verify the effectiveness of the model. In order
to study the influence of input parameters in Rother-
mel model, Ervilha (2016) carried out experiments in
different scenarios and quantified the parameters in the
formula. The results support the applicability of NISP
method in stochastic calculation of forest fire spread.
Zhang (2012) took Korean pine and Quercus mongolica
as mixed combustibles as the research object in the lab-
oratory, simulated the spread rate of forest fire on the
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basis of windless flat land. Indoor spot burning exper-
iments with different moisture content, load and mix-
ing ratio were carried out. Observed propagation rate,
residence time, reaction intensity, fire line intensity and
flame length, was compared with the prediction value
of the generalized Rothermel model using surface area
weighting method and load weighting method. The re-
sults shown that the model obtained by this method had
high prediction ability. Taking the dead combustibles on
the ground surface as the research object, Man (2019)
simulated the spread of forest fire in the laboratory
by changing the relevant variables such as the thick-
ness, load and moisture content of the combustion bed.
Re-estimated the parameters of Rothermel’s forest fire
spread by recording the spread speed of combustibles,
so as to forecast the combustion state of forest fires us-
ing the Rothermel’s forest fire spread model after re-
estimating the parameters. The experiments in the arti-
cle shown that the prediction accuracy of the model was
good. Yang (2018) made an in-depth analysis and model
study on the heat transfer mechanism of downhill fire
spread, focused on the relationship between various fire
behaviors and slope, the experiments conclusions were
consistent with those described in previous literature.

From the above papers, it can be seen that the Rother-
mel plays an important role in the current stage of forest
fire spreading, both models and simulation software re-
quire Rothermel as a bridge, however, the complex for-
mula and the relationship between parameters limit its
application and development, so it is necessary to sim-
plify the model and evaluate the simplified model. Also,
the models of the above scholars have good predictive
ability, but the results show that there are certain errors,
for example, there are certain errors in the benchmark
method and thermocouple method when measuring the
line speed. In addition, scholars fail to consider the two
key factors of fire spread: wind speed and slope. There-
fore, this paper uses the image measurement method
with relatively high accuracy (Li et al. 2014) to extract
the multi-point spread speed of the fire line. In ad-
dition, the wind speed and slope variables are added
in the burning experiment to study the simulation of
fire spread under multi-variables, simplify the Rother-
mel spread model, and test its accuracy.

2 Experimental data preprocessing

The forest combustibles are a complex mixture,
and different trees produce different amounts of com-
bustion energy. The tree species near Maoershan
Forest Farm (Geographical coordinates: N4520′4525′,
E12730′12734′) of Northeast Forestry University include
coniferous tree species such as Pinus sylvestris var. mon-

golica, Korean pine, Larix gmelinii, Picea, and broad-
leaved tree species such as PopulusL, Quercus mongolica.
It is found that Pinus sylvestris var. mongolica has
strong flammability, poor fire resistance and wide plant-
ing area in Maoershan forest area, so Pinus sylvestris
var. mongolica is used as the experimental object. The
indoor burning experiment needs to convert the two-
dimensional point coordinates captured by the camera
to the three-dimensional point coordinates in the real
world. This process requires the perspective transfor-
mation.

2.1 Perspective transformation

The size of the combustion bed in the laboratory is
1m*1.5m. A layer of asbestos blanket is placed on the
combustion bed for heat insulation. A group of infrared
cameras and visible light cameras are placed on the front
and rear sides of the combustion bed respectively. A
electric fan is placed directly in front of the combustion
bed to add a variable of wind speed. The calibration
board is to determine the conversion relationship be-
tween physical size and pixels. Positional of calibration
plate, camera and combustion bed are shown in (Fig. 1).
Perspective transformation is the projective transforma-
tion of the center projection, which is a fractional lin-
ear transformation of the plane when expressed in non-
homogeneous projective coordinates. The perspective

Figure 1: Positional of calibration plate, camera and
combustion bed

transformation formula:XY
Z

 =

a11 a12 a13
a21 a22 a23
a31 a32 a33

xy
1

 (1)
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Where a11 a12 a13
a21 a22 a23
a31 a32 a33


is the Perspective transformation matrix,xy

1


is coordinates of points on the fire line of the image;XY

Z


is the coordinates of the point on the line of the actual
position; The fire spread is on the plane of the combus-
tion bed, so divide the coordinates of the point on the
actual fire line by Z: 

X ′ = X
Z

Y ′ = Y
Z

Z ′ = Z
Z

(2)

simplify: 
X ′ = a11x+a12y+a13

a31x+a32x+a33
Y ′ = a21x+a22x+a23

a31x+a32y+a33

Z ′ = 1

(3)

to find X
′
, Y

′
four known coordinate points are found

on the fire spread plane, that is,

{a11, a12, a13, a21, a22, a23, a31, a32}

eight unknowns are solved. The four corners of the cali-
bration board can be easily identified by the camera, the
calibration board is placed on the combustion bed before
the experiment, and the coordinates of all the points on
the combustion plane can be obtained through the cali-
bration board.

2.2 Calculation of fire spread rate

After knowing the actual location of the fire point, we
need to specify the speed calculation method of the fire
line. In the process of fire spread (Fig. 2), five points P1,
P2, P3, P4, P5 on the fire line L at the initial time, make
the tangent of the fire line L respectively through these
five points, and then make the tangent line perpendic-
ular to these five points. The intersection of the verti-
cal line and the fire line L

′
at the next moment in the

spreading process is the corresponding spreading point,
and the ratio of the distance to time between the corre-
sponding points in the spreading process is the spread
speed of the fire line, and the velocities of five points
are obtained respectively. Then the average value is the
spread speed of the fire line in this period of time (Rossi
et al. 2019).

Figure 2: Schematic diagram of fire spreading speed cal-
culation

3 Model optimization

3.1 Optimizing the Rothermel forest fire spread
model

The Rothemel forest fire spread model has been recog-
nized by scholars at this stage due to its good predictive
ability (Pan et al. 2017), but its own parameters need
to be input (Ervilha et al. 2016), and the relationship
between the spread rate and each parameter cannot be
clearly observed. Therefore, it is necessary to simplify
the Rothermel model to obtain the nonlinear relation-
ship between independent variables and dependent vari-
ables, and then predict the spread of forest fire. As
shown in Eq. (4), Rothermel forest fire spread model is:

R =
IR × ζ × (1 + ΦW + ΦS)

Pb × ε×Qig
(4)

IR =(0.0591 + 2.926σ−1.5)−1(
β

βop
)8.9033σ

−0.7913

exp

[
8.9033σ−0.7913

(
1− β

βop

)]
[W0(1− ST )]

h

[
1− 2.59

Mf

Mx
+ 5.11

(
Mf

Mx

)2

− 3.52

(
Mf

Mx

)3
]

(
0.174SE

−0.19)
(5)

ζ = (192 + 7.9095σ)−1 exp[0.792 + 3.7597σ0.5](β + 0.1)
(6)

ΦW =7.47 exp(−0.8711σ0.55)(3.281U)0.15988σ
0.55(

β

βop

)−0.751 exp(−0.01094σ) (7)

ΦS = 5.275β−0.3 tan Φ2 (8)
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Pb =
W0

δ
(9)

ε = exp(
−0.5428

σ
) (10)

Qig = 581 + 2594Mf (11)

Where R is spreading rate, IR is the reaction intensity,
W0 is drying combustible load, Φw is wind speed cor-
rection factor, Φs is slope correction factor, Pb is dry-
ing particle density, Qig is effective heat coefficient, ε is
pre-combustion heat, β is compression ratio, σ is sur-
face area to volume ratio, Mf is moisture content, Mx

is combustible extinguishment moisture content, all pa-
rameters are in metric units. Sorted out by the above
style is shown in Eq. (12):

R =h · (1− ST )δ(0.174SE
−0.19)[(0.0591 + 2.926σ−1.5)−1

· (192 + 7.9095σ)−1(
β

βop
)8.9033σ

−0.7913

]

exp [8.9033σ−0.7913 · (1− β

βop
) + (0.792 + 3.7597σ0.5)

(β + 0.1) +
0.5428

σ
]

[1 + 1.747 exp (− 0.8711σ0.55)(3.281U)0.1598σ
0.55

(
β

βop
)−0.751 exp (−0.01094σ) + 5.275β−0.3(tan Φ)2]

[
1− 2.59

Mf

Mx
+ 5.11(

Mf

Mx
)2 − 3.52(

Mf

Mx
)3

581 + 2954Mf
]

(12)

For combustibles of the same material, surface area to
volume ratio σ, low heat content h, total mineral con-
tent ST , effective mineral content SE are all fixed values
compression ratio β is:

β =
Pb
Pp

=
W0

δPp
(13)

The density of dried particles Pb is also constant for the
same kind of combustibles,

βop = 0.20395σ−0.8189 (14)

so Eq. (12) can still be simplified as Eq. (15):

R =Bδ(K
W0

δ
)C exp [C · (1−KW0

δ
)

+ E(K
W0

δ
+ 0.1)f(m)]

[1 +GUH(K
W0

δ
)I + J(

W0

δ
)−0.3(tan Φ)2]

(15)

where

B =h · (1− ST )(0.174SE
−0.19)[(0.0591 + 2.926σ−1.5)−1

· (192 + 7.9095σ)−1]

(16)

C = 8.9033σ−0.7913 (17)

E = 0.792 + 3.7597σ0.5 (18)

f(m) =
1− 2.59Mf

Mx + 5.11(Mf
Mx )2 − 3.52(Mf

Mx )3

581 + 2954Mf
(19)

G = 1.747 exp (− 0.8711σ0.55) · (3.2810.1598
σ0.55

) (20)

H = 0.1598σ0.55 (21)

I = −0.751exp((0.01094σ) (22)

J = 5.275Pb
−0.3 (23)

K =
1

Pb(0.20359σ−0.8198)
(24)

In the optimized Rothermel forest fire spread model,
B, C, E, G, H, I, J , K are the parameters to be esti-
mated, while The combustible bed depth δ, the drying
combustible load W0, the flame central wind speed U ,
the slope Φ, the combustible moisture content Mf , the
combustible extinguishment moisture content Mx are
independent variables, and f(m) is a function contain-
ing Mf and Mx. In order to obtain the parameters of
the function to be estimated in the optimized forest fire
spread model, it is necessary to measure the numerical
changes of independent variables and dependent vari-
ables with flame spread.

3.2 Experimental method

In order to explore the relationship between model
parameters after optimization, we conduct experiments.
During the experiment, varying the thickness of each of
the fuel bed, the surface area of fuel, fuel drying mass,
the combustion bed and the outside slope of wind speed.
The moisture content of combustibles is measured by
the ratio of fresh weight to dry weight and fresh weight,
in which the dry weight is the quality after collecting
leaves and drying in the oven for 30 hours, and the fresh
weight is the quality after natural moisture regain. The
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flame central wind speed measures the real-time flame
central wind speed by following the flame spread with a
hand-held anemograph. The thickness of the bed is de-
termined by measuring the average thickness of multiple
combustible beds, and the bed inclination angle of the
combustion bed is measured by a level meter.

Tab. 1 shows the setting of the parameters of the
experiment, in which the quantity is divided into four
grades: 0.6kg, 0.7kg, 0.9kg and 1.2kg, and the sur-
face integral is divided into 0.8*0.6m2, 1.0*0.6m2 and
1.0*0.4m2, the combustible bed thickness is divided into
0.04mm, 0.06mm, 0.08mm three grades, the moisture
content is divided into 5%, 7%, 10% (moisture content
can not be artificially controlled, can only be controlled
moistureproof time is roughly divided into three grades),
the inclination is divided into 0 ◦, 8 ◦, 18◦, the wind
speed of the electric fan is divided into 1 wind level, 2
wind level, 3 wind level. The 13 groups of experiments
are divided into training data set and verification data
set, and the sequence numbers 6, 7 and 10 are randomly
selected as the verification data set according to the pro-
portion of 20%.

3.3 Solving Optimized model parameters

Firstly, the training data sets are used to solve the
parameters of the model. The solution of model pa-
rameters is a mathematical method to estimate the pa-
rameters of optimized Rothermel model through sev-
eral groups of experimental data on the basis of mathe-
matical theory and empirical understanding of Rother-
mel model (Rios et al. 2016). The common parameter
solving methods are steepest descent method, Newton
method, Conjugate Gradient method and Levenberg-
Marquardt (LM) method (Ding et al. 2014). The fit-
ting effect of parameters is often judged by the following
indexes (Zhang et al. 2012): (1) Coefficient of determi-
nation. The definable coefficient represents the numeri-
cal characteristics of the relationship between a random
variable and multiple random variables, and is a statis-
tical indicator used to reflect the reliability of the re-
gression model to explain the change of the dependent
variable. (2) Sum of squares of residuals. Statistically,
Statistically, the difference between the data point and
its corresponding position on the regression line is called
residual, and each residual squared is called the sum of
residual sum of residual squares of a group of data is,
the better the fitting degree is. (3) Mean square square
error. The mean square deviation reflects the degree of
dispersion between individuals within a group. In sim-
ple terms, the standard deviation is a measure of the
degree of dispersion of the average value of a group of
data. A larger standard deviation means that there is a

great difference between most values and their average
values, and vice versa. (4) Chi-square coefficient. The
chi-square test is the degree of deviation between the ac-
tual observation value of the statistical sample and the
theoretically inferred value. If the chi-square value is
the deviation between the two is greater; otherwise, the
deviation between the two is smaller. (5) Root mean
square error. The root mean square error is the square
root of the ratio of the square of the deviation between
the predicted value and the real value to the number of
observations. It can be seen from the Tab. 2that the
evaluation coefficients of the LM

′
s coefficient of deter-

mination, the sum of squared residuals, the mean square
error, the root mean square error and the chi-square co-
efficient are better than other Newton methods and con-
jugate gradient methods (Brun et al. 2017). In Tab. 2,
LM is Levenberg-Marquardt method, Newton is New-
ton method, CG is Conjugate Gradient method.

It shows the fitting effect of the speed of the opti-
mized Rothermel spread model using the LM method
(Fig. 3). The horizontal axis represents the serial num-
ber of the experimental data, the vertical axis repre-
sents the spread speed, the orange line represents the
measured value, and the blue line represents the fitting
value. It can be clearly seen that except for several ex-
treme points, the blue line fitted by LM method can
well describe the blue measurement value. The fitted
curve can well reflect the actual measured value.

Figure 3: Fitting effect diagram by LM method

The eight parameters to be estimated by LM method
are shown in Tab. 3.

3.4 Model error analysis

Finally, The verification data sets are used to verify
the parameters obtained from the training data set. In
order to verify the accuracy of the optimized Rothermel
forest fire spread model, this paper compares the error
between the predictive value of and the measured value
(Li et al. 2020). The actual measured value of the veri-
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Table 1: Experimental variable settings

Number Quantity
(kg)

surface
area (m2)

bed thick-
ness (m)

inclination
(◦)

water content
(%)

wind speed

1 0.737 1.0*0.6 0.06 8 4.46 3 level
2 0.700 0.8*0.6 0.06 18 4.46 1 level
3 0.725 0.8*0.6 0.08 8 6.79 3 level
4 0.737 1.0*0.4 0.04 18 3.85 3 level
5 1.222 1.0*0.6 0.08 8 11.00 3 level
6 0.548 0.8*0.6 0.04 0 9.52 3 level
7 0.881 0.8*0.6 0.06 0 9.52 2 level
8 0.722 0.8*0.6 0.06 8 7.39 2 level
9 0.945 0.8*0.6 0.06 8 7.39 2 level
10 0.601 0.8*0.6 0.04 18 5.81 2 level
11 0.655 0.8*0.6 0.06 0 5.81 1 level
12 0.692 0.8*0.6 0.06 0 5.24 1 level
13 1.007 0.8*0.6 0.08 18 5.24 1 level

Table 2: Evaluation index of each algorithm

Algorithm coefficient of de-
termination

Mean square
error

Sum of squares of
residuals

Chi-square coeffi-
cient

Root mean square
rrror

LM 0.901 0.416 77.15 8.42 1.26
Newton 0.863 0.495 109.36 11.99 2.72
CG 0.863 0.495 109.36 11.99 2.71

Table 3: The eight parameters to be estimated by LM
method

B K C E H I J G

35.61 0.011 8.86 -29.29 0.2074 6522 412855 7831

fication data, the optimized Rothermel model predicted
value are shown (Fig. 4, 5, 6). In mathematical statis-
tics, standard residual refers to the difference between
the actual observed value and the estimated value. It
can be seen from the standard residual that the residual
value is distributed between -0.7 to 0.7, -2 to 2, -0.6 to
0.6, the scattered points are evenly scattered on both
sides of the X axis, the optimized model is reliable.

The errors can be obtained by analyzing each verifi-
cation data as shown in Tab. 4. ARE is average relative
error, Max − ARE is maximum average relative error,
Min − ARE is minimum average relative error, AAE
is average absolute error, Max−ARE is maximum av-
erage absolute error, Min − ARE is minimum average
absolute error.

The verification data 1 (No. 7 in Tab. 1) is the incli-
nation of the combustion bed at 0 degrees, the quantity
is 0.881kg, the wind of electric fan is 2 level, the water
content is 9.52%. The average relative error of the verifi-
cation data 1 is 10.78%, and the maximum relative error

is 19.67%, the minimum relative error is 1.80%, the aver-
age absolute error is 0.47mm/s, the maximum absolute
error is 0.89mm/s, and the minimum absolute error is
0.09mm/s. The verification data 2 (No. 6 in Tab. 1) is
0 degree inclination of the combustion bed, the quantity
is 0.548kg, the wind of electric fan is 3 level, water con-
tent is 9.52%. The average relative error of verification
data 2 is 11.94%, the maximum relative error is 19.09%,
the minimum relative error is 1.43%, the average abso-
lute error is 0.83mm/s, the maximum absolute error is
0.9mm/s, the minimum absolute error is 0.1mm/s. The
verification data 3 (No. 10 in Tab. 1) is the 18-degree in-
clination of the combustion bed, the quality is 0.601kg,
the wind of electric fan is 2 level, and the water content
is 5.81%. The average relative error of the verification
data 3 is 12.12%, the maximum relative error is 21.67%,
the minimum relative error is 5.00%, the average abso-
lute error is 1.25mm/s, the maximum is 2.1mm/s, the
minimum absolute error is 0.6mm/s.

It can be seen that the Rothermel forest fire spread
model with re-estimated parameters has the best ef-
fect on predicting the forest fire spread speed on the
flat ground, while the prediction effect of the forest fire
spread under the influence of wind speed and slope de-
creases, and it can still better predict the forest fire
spread speed. Compared with the Rothermel forest fire
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Table 4: Error analysis of verification dataset

Number ARE Max-
ARE

Min-
ARE

AAE
(mm/s)

Max-
AAE
(mm/s)

Min-
AAE
(mm/s)

1 10.78% 19.67% 1.80% 0.47 0.8 0.1
2 11.94% 19.09% 1.43% 0.83 0.9 0.1
3 12.12% 21.67% 5.00% 1.25 2.1 0.6

(a)

(b)

(c)

Figure 4: (a) Comparison of the measured value of veri-
fication data 1, the predicted value of optimized Rother-
mel model; (b) Standard Residual of verification data 1;
(c) error bars of verification data 1

spread model, the optimized Rothermel forest fire spread
model is more convenient, and the accuracy can be kept
at more than 80%.

(a)

(b)

(c)

Figure 5: (a) Comparison of the measured value of veri-
fication data 2, the predicted value of optimized Rother-
mel model; (b) Standard Residual of verification data 2;
(c) error bars of verification data 2
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(a)

(b)

(c)

Figure 6: (a) Comparison of the measured value of veri-
fication data 3, the predicted value of optimized Rother-
mel model; (b) Standard Residual of verification data 3;
(c) error bars of verification data 3

4 Conclusions

In this paper, it is found that Rothermel forest fire
spread model needs many parameters, complicated for-
mulas and large amount of calculation. Based on the
derivation formula and sub-formula of Rothermel for-
est fire spread model, the original Rothermel forest fire
spread model is simplified to a multivariate nonlinear
model with four independent variables, such as slope,
moisture content, load, wind speed, one dependent vari-
able, such as spread speed, and eight parameters to be
estimated. In order to achieving 8 parameters to be
estimated, the indoor spot burning experiment is de-

signed. By changing the independent variables such
as fuel moisture content, initial spread velocity, com-
bustion bed slope and fuel load, 13 groups of exper-
iments are designed to obtain more than 400 sets of
data, including independent variables, dependent vari-
ables. This paper analyzes the experimental error in the
previous experiment, discards the conventional bench-
mark method in calculating the fire spread speed of the
dependent variable, and uses the method of image pro-
cessing to calculate the speed of fire spread, which is
simple and fast and improves the accuracy of the exper-
imental data. In order to find the law between the data,
the data are divided into training data and verification
data, and the training datas are substituted into the
common nonlinear fitting methods such as Levenberg-
Marquardt method, gradient descent method and Con-
jugate Gradient method, and the indicator parameters
of the three nonlinear fitting methods are measured,
the results show that the effect of Levenberg-Marquardt
method fitting is the best, and 8 parameters to be eval-
uated by Levenberg-Marquardt method are obtained as
the optimized Rothermel forest fire spread model param-
eters, the spread speed of optimized Rothermel model is
obtained by the verification data. It is concluded that
the forest fire spread speed predicted by the optimized
Rothermel forest fire spread model has an average rela-
tive error of 10.78%-12.12% and an average relative error
of 0.47-1.25mm/s. The optimized Rothermel forest fire
spread model is not only convenient for calculation, the
accuracy of prediction is more than 80%.

Because of the complexity of fire behavior, more work
needs to be done in the later stage. In addition, the uni-
formity of combustible materials in the bed is also an
important factor affecting the simulation effect of the
model, which needs to be regulated in future research to
reduce the interference of influencing factors as much as
possible. The combustion characteristics of each kind of
combustibles are different, which leads to different com-
bustion states, so it is concluded that the parameters to
be estimated are different, and the model obtained by a
kind of combustibles can not be used as a unified refer-
ence formula. Therefore, more models of combustibles
should be verified in the later work, and the comparison
with other models should be strengthened step by step
to prepare for the later burning experiment in the field.
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