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of Liaoning Provincial Emergency Management, Shenyang, China

Introduction: The spread and development of wildfires are deeply affected by the

fine fuel moisture content (FFMC), which is a key factor in fire risk assessment. At

present, there are many new prediction methods based on machine learning, but

few people pay attention to their comparison with traditional models, which leads
to some limitations in the application of machine learning in predicting FFMC.

Methods: Therefore, we made long-term field observations of surface dead FFMC

by half-hour time steps of four typical forests in Northeast China, analyzed the

dynamic change in FFMC and its driving factors. Five different prediction models

were built, and their performances were compared.

Results: By and large, our results showed that the semi-physical models (Nelson

method, MAE from 0.566 to 1.332; Simard method, MAE from 0.457 to 1.250)

perform best, the machine learning models (Random Forest model, MAE from

1.666 to 1.933; generalized additive model, MAE from 2.534 to 4.485) perform

slightly worse, and the Linear regression model (MAE from 2.798 to 5.048)

performs worst.

Discussion: The Simard method, Nelson method and Random Forest model

showed great performance, their MAE and RMSE are almost all less than 2%.

In addition, it also suggested that machine learning models can also accurately

predict FFMC, and they have great potential because it can introduce new

variables and data in future to continuously develop. This study provides a basis

for the selection and development of FFMC prediction in the future.

KEYWORDS

fine fuel moisture content, prediction model, temperature, relative humidity, Random
Forest, plantations, generalized additive model

1. Introduction

Forest fire is one of the most serious natural disasters on Earth and have a significant
effect on ecological balance and climate change, as well as causing huge economic losses and
casualties (Andela et al., 2017; Bar-Massada and Lebrija-Trejos, 2020; Bowman et al., 2020;
Liu et al., 2021). The Northeast region is one of the worst affected by forest fires in China,
especially Heilongjiang Province (Sun and Zhang, 2018). According to statistics, there were
4,290 forest fires occurred in Northeast China, the accumulated forest area affected by the
disaster was 1,410,702 ha that accounting for 25.37 percent of the total, from 2003 and 2016
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(Li, 2021). In addition, with the impact of climate change, wildfires
continue to intensify, and the fire season is lengthening (Jolly et al.,
2015; Artés et al., 2019). Therefore, it is important to accurately
predict the occurrence of forest fires to reduce or even avoid the
losses (Quan et al., 2021).

Previous studies have shown that fuel, meteorological,
topographic, and anthropogenic factors have a significant impact
on the occurrence and development of forest fires (Bilgili et al.,
2019; Kang et al., 2020; Pham et al., 2020). Among them, fuel is the
material basis and primary condition of forest fires (Wehner et al.,
2017; Sun and Zhang, 2018). The fuel moisture content (FMC)
affects the ignition, rate of spread (ROS), radiation efficiency, and
energy release, which are also an important basis for the accurate
assessment of forest fire risk (Tian et al., 2011; Holsinger et al.,
2016; Bilgili et al., 2019). The dead FMC is mainly dependent on
external meteorological factors and tend to have lower moisture
content compared with the live fuels (Viegas et al., 1992; Riano
et al., 2005; Resco de Dios et al., 2015). The dead fine fuel moisture
content (FFMC) is the key index of many forest fire danger rating
systems and it has been widely used in fire management (Matthews,
2014; Zhang et al., 2017; Ellis et al., 2022). Surface dead FFMC
usually refers to dead grass, leaves, needles, etc., which have a time
lag of 1 h or less on the forest surface (Gould et al., 2011). Under
the same external conditions, the change rate of dead FFMC is
faster than that of other dead fuels and live fuels (González et al.,
2009; Lei et al., 2022; Palomino et al., 2022). Therefore, it is of great
significance to measure dead FFMC and study its dynamic change
and predict it. Temperature and relative humidity are the main
meteorological factors affecting the FFMC, which directly affect
the water vapor exchange between the fuel and the atmospheric
environment, and the two have a synergistic effect (Viney, 1991;
Matthews and McCaw, 2006; Alves et al., 2009; Masinda et al.,
2021). Other meteorological factors, such as wind, precipitation,
and solar radiation, also directly or indirectly affect the FFMC,
which make the change process more complex (Slijepcevic et al.,
2018; Zhang and Sun, 2020; Lindberg et al., 2021; Zhang et al.,
2021; Lei et al., 2022).

There are many methods to measure the FFMC, the most
common being the drying method and the direct measurement
method, but these methods still have some limitations (Viney, 1991;
Matthews, 2010; Schunk et al., 2016; Yan et al., 2018; Cawson
et al., 2020; Lei et al., 2022). Therefore, it is the focus of current
research to analyze the relationship between meteorological factors
and variations in FFMC in order to build accurate prediction
models (Aguado et al., 2007; Pellizzaro et al., 2007; Bovill et al.,
2015; Zhang et al., 2021). Previous studies have developed using
many traditional models to predict FFMC, including empirical
model, semi-physical model, and physical model (Simard, 1968;
Catchpole et al., 2001; Matthews, 2006; Masinda et al., 2021;
Rakhmatulina et al., 2021). Linear regression model is a typical
empirical model, which based on statistics to build the relationship
between FFMC and meteorological factors. It is simple to applicate,
but the accuracy and extrapolation are poor, the model error
can reach 15% or more (Matthews et al., 2010; Sun et al., 2015;
Masinda et al., 2021). Catchpole et al. (2001) proposed the direct
time lag method based on associated time lag and equilibrium
moisture content (EMC) to build the prediction model, which
can be used to accurately estimate FFMC directly from field
meteorological data (temperature and relative humidity). It has
been adopted by mainstream forest fire danger rating systems such

as the United States’ (NFDRS) and Canada’s (CFDRS) systems (Jin
and Chen, 2012; Rakhmatulina et al., 2021). Its main prediction
equation is derived from the physics-based diffusion equation,
and the estimation of related parameters is mainly obtained
by experiments, which belongs to semi-physical model (Jin and
Li, 2010; Slijepcevic et al., 2013). However, its prediction error
increases with increasing time intervals (de Groot and Wang, 2005;
Matthews, 2014; Zhang et al., 2021). Zhang and Sun (2020) believe
that the oversimplification of the diurnal variation of dead FFMC
will increase the model error, which reminds us to study it in a
shorter time step (1 h or less) (Jin and Li, 2010; Masinda et al.,
2022). The physical model has high prediction accuracy, but it
has a complex structure, a lot of work is needed to modify the
model parameters before application (Nelson, 2000; Matthews,
2006; Matthews and McCaw, 2006).

In addition, machine learning has also provided some new ways
to build FMC prediction models in recent years. Different from the
physical model and empirical model, this method does not need
to consider the complex physical process with the change in FMC
and can describe the complex relationship between independent
variables and dependent variables, which has the advantages of
both the physical model and empirical model. At present, machine
learning has been widely used in the fields of medicine, biology,
ecology and forest fire prediction (da Silva Marques et al., 2019;
Capps et al., 2021; Coker et al., 2021; Yuan et al., 2021). Lee
et al. (2020) built a prediction model of 10-h FMC based on
a machine learning algorithm with Random Forest and support
vector machine and compared it with a regression model and
physical model. Fan and He (2021) combined the long short-term
memory (LSTM) network with an effective physical process-based
fuel stick moisture model (FSMM) to estimate the dead FMC.
Lei et al. (2022) proposed an estimation method of surface dead
FFMC based on a wireless sensor network (WSN) and back-
propagation (BP) neural network. At present, research on the use
of machine learning algorithms to predict FMC has become one
of the hotspots of current research. However, there is still a lack
of comparative research between machine learning and traditional
prediction methods such as empirical models and physical models,
which leads to some limitations in the application of machine
learning methods in this field.

Northeast China, as the transition zone from boreal forest
ecosystems to temperate forests, is one of the areas with the most
serious forest fires in China. Pinus koraiensis, Pinus sylvestris var.
mongolica, Larix gmelinii, and Betula platyphylla, as the main forest
species in this area, and their understorey litter has become the
main fuel in this area, so they have a great potential risk of forest
fire (Zhang et al., 2017; Li, 2021; Yu et al., 2021).

The objective of present research is to compare the performance
of machine learning models and traditional models, analyze the
advantages and disadvantages of both, and find a suitable method
for accurately predicting FFMC in Northeast China. The dynamic
change in FFMC during the autumn fire season was continuously
monitored with half-hour steps in the field, which was made
by means of non-destructive sampling. At the same time, the
meteorological factors were measured, and then the driving factors
of the dynamic change in FFMC were analyzed. The semi-physical
models (including the Nelson method and Simard method),
machine learning models, [including Random Forest (RF) and
generalized additive model (GAM)] and the linear regression
model (LR) were used to build prediction models of FFMC,
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evaluate and compare each model performance. The outcomes
have reference value for the selection and development of FFMC
model in the future, and can also provide a basis for improved fire
protection management in Northeast China.

2. Materials and methods

2.1. Study area

The study area is the Maoer Mountain Experimental Forest
Farm of Northeast Forestry University (127◦29’-127◦44′E, 45◦14′-
45◦29′N) in Harbin, Heilongjiang province (Figure 1). The forest
coverage is 85%, and the total forest stock is 20,500 km2 (Zhang
and Sun, 2020). The north-south span is approximately 30 km, and
the east–west span is approximately 26 km. This area is dominated
by mountains and hills, with a gentle slope approximately 200–
600 m above sea level. It has a temperate continental monsoon
climate, the annual average temperature is 2.8◦C, the highest
average temperature in July is 34◦C, the lowest average temperature
in January is −40◦C, and the accumulated temperature> 10◦C is
approximately 2,300◦C. The annual rainfall is mainly concentrated
in July and August, and the average annual precipitation is
700 mm. The main soil type is typical dark brown forest soil. The
main species are P. koraiensis, L. gmelinii, B. platyphylla, Quercus
mongolica, Juglans mandshurica, and Fraxinus mandshurica.

2.2. Field experiment

We selected the plantations of these four typical forest types,
and their surface litter was taken as the research object. The
plantations of four typical forests in the study area were selected as
the field sample stands, and 50 m × 50 m standard stands were set
up and explored in each forest from 5 September to 10 September
2018 (the sample stand information is shown in Table 1). Five
sampling points were uniformly set up in each sample stand by the
random distribution method, and placed the FMC meter to collect
the moisture content and meteorological data, which represents
this forest by the average of all sampling points.

We used the fuel moisture content meter to continuous,
automated measure real-time FFMC and meteorological data at
half-hour intervals from 15 September to 15 November 2018
(covers the full fall fire season). The meter can monitor the FFMC
in real time and has the function of a mini weather station, which is
an automatic piece of weighing equipment continuously powered
by batteries and solar energy (Masinda et al., 2021, 2022). It can
automatically measure fuel mass, temperature, relative humidity,
wind speed and solar radiation at regular intervals. To ensure its
accuracy, before the measurement, we use weights (100 g, 200 g,
and 500 g) to calibrate the values obtained by meter (error 0.01 g).
The following is the specific use process. The meters were placed
at the sample point in each forest type, collect the surface dead fine
fuels near the sample point, take it back to the laboratory to dry and
weigh it, and record the weight as the dry weight of the fuels. Put the
collected fuels in a 30 cm × 30 cm × 6 cm basket, cover its upper
surface with stainless steel net to prevent the fuels from falling.
Before that, Weigh the basket and stainless steel net, the amount of

water they absorb is negligible because their poor water absorption.
After calibrating the meter, placed the basket back in the plot on
the ground, and attached it to the meter. The meter weights the
basket at half-hour intervals to calculate FFMC. At the same time of
weighing, the temperature, relative humidity, wind speed, and solar
radiation were measured and recorded 1 m above the ground. The
precipitation data were collected from a nearby stationary weather
station (within 2 km from the sampling point). We can transmit
data and change the settings of meter through hotspot. During the
experiment, there are a small portion of the data was lost due to the
problems of the equipment itself or lack of electricity, we model and
analyze the remaining data.

2.3. Data analysis

2.3.1. Basic statistics
For the data of P. koraiensis, P. sylvestris var. mongolica,

L. gmelinii, and B. platyphylla, 1,121, 2,118, 2,310, and 1,367 data
records were collected, respectively, during the study period. First,
basic statistical analysis was performed on the collected data, and
the FFMC and the maximum, minimum and average values of
meteorological factors and FFMC in each forest were calculated.
Taking the sampling date as abscissa and the dead FFMC as
ordinate, the moisture content dynamic change of each forest type
was plotting, and its driving factors were analyzed.

2.3.2. Prediction model
We use five different methods to build semi-physical models,

machine learning models and linear regression model separately
to predict FFMC. Previous studies have applied these five models
and concluded that they are suitable for predicting FFMC with
relatively high accuracy (Catchpole et al., 2001; Matthews, 2006; Lee
et al., 2020; Zhang and Sun, 2020; Masinda et al., 2021, 2022). In
this study, 70% of the data were used to train the model, and the
remaining 30% were used to test and compare model performance.
Each model is described below.

2.3.2.1. Semi-physical model

The direct time lag method considers the physical process
of moisture diffusion of fuels, and the relevant parameters are
obtained through experiments, which belongs to semi-physical
model (Catchpole et al., 2001; Jin and Chen, 2012). And it is
simple and accurate to use. It can accurately estimate FFMC in
a short time interval by using real-time moisture content data
and meteorological data obtained in the field, which has good
applicability. It is one of the most widely used methods at present.
To make the results more accurate, the Nelson model (Nelson,
1984) based on semi-physical and the Simard model (Simard, 1968)
based on statistics were selected as the EMC response equations in
the direct time lag method (hereinafter, they are simply referred to
as the Nelson method and Simard method).

This method is mainly based on the differential equation of
surface fuel moisture content proposed by Byram and Nelson
(1963), as shown in Eq. (1):

dM
dt
=

E−M
τ

(1)
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FIGURE 1

The location of the study area. The map on the right shows the location of four field sample stands.

TABLE 1 The information of sample stands.

Forest type Elevation
(m)

Mean
height (m)

Mean DBH
(cm)

Canopy
density

Location Aspect Mean litter
thickness (cm)

Standard
error (cm)

P. koraiensis 389 22 19.70 0.60 Up slope South 5.70 0.24

P. sylvestris var.
mongolica

413 25 18.51 0.55 Middle slope West 4.90 0.22

L. gmelinii 385 21 14.24 0.65 Down slope Southwest 4.30 0.19

B. platyphylla 417 19 20.13 0.50 Up slope Northwest 7.20 0.29

TABLE 2 Statistics on the moisture content of surface dead fuels in different forest stands.

Forest type N Maximum (%) Minimum (%) Mean (%)

P. koraiensis 1,121 36.1 10.1 19.8

P. sylvestris var. mongolica 2,118 39.2 9.8 23.2

L. gmelinii 2,310 39.6 10.4 22.6

B. platyphylla 1,367 30.8 9.4 20.7

Where M indicates the fine fuel moisture content (%), E is the
equilibrium moisture content (%), and τ represents the time lag (h).

The Byram moisture differential Eq. (1) is discretized, and the
following equation is obtained.

M (ti) = λ2Mi−1+λ (1− λ)Ei−1+ (1− λ)Ei (2)

Where M(ti) is the FFMC at time ti, (%); Mi−1 is the FFMC
at time ti−1 (%); Ei is the equilibrium moisture content at time ti,
(%); Ei−1 is the equilibrium moisture content at time ti−1, (%); λ is
parameters of the model that were estimated according to the least
square method, λ = exp[-δt/(2τ)]; τ = -δt/(2lnλ); and the 1t refers

the time step in our study, so1t = 0.5 h. The semi-physical models
were implemented using the “tidyverse” package in R.

The equilibrium moisture content in the above formula is
calculated either by the Nelson model or by the Simard model. The
Nelson equilibrium moisture content model is shown in Eq. (3):

E = α+βlog1G = α+βlog
(
−

RT
m

log H
)

(3)

Where R is the universal gas constant with a value of
8.314 J·K−1

·mol−1; T is the air temperature (K); H is the relative
humidity (%); m is the relative molecular mass of H2O, with a
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value of 18 g·mol−1; α and β are parameters of the model that were
estimated according to the least square method.

The Simard equilibrium moisture content model is shown in
Eq. (4):

E =


0.03+ 0.626H − 0.00104HT H < 10
1.76+ 0.1601H − 0.0266T 10 ≤ H < 50

21.06− 0.4944H+0.005565H2
− 0.00063HT H ≥ 50

(4)
Where E is equilibrium moisture content (%), T is air

temperature (◦C), and H is relative humidity (%).

2.3.2.2. Random forest

Random Forest is an integrated learning algorithm based
on decision trees, which can describe linear and non-linear
relationships without any additional assumptions about
independent or dependent variables (Breiman, 2001; Kamińska,
2019). RF uses the bootstrap resampling method to extract multiple
samples from the original sample, carries on decision tree modeling
to each bootstrap sample, then combines the prediction of multiple
decision trees, and obtains the final prediction result through
voting (Gigoviæ et al., 2019). RF can overcome the complex
non-linearity among many factors and different dimensions of
data, which has high prediction accuracy. It has a faster learning
speed than bagging and boosting, good tolerance to outliers and
noise. In addition, many researches have used RF for predicting
FFMC and have shown excellent performance (Lee et al., 2020; Fan
and He, 2021; Masinda et al., 2021). The number of parameters
that require tuning in RF is relatively small, namely the number of
trees to grow (ntree) and the number of predictive variables (mtry)
for segmenting nodes at each node (Lee et al., 2020). The ntree
was set to 1,500, as recommended by Kuhn and Johnson (2013).
In order to determine the best value of mtry, we made continuous
attempts starting from 2, comparing the root mean square error
(RMSE), mean absolute error (MAE) and R2 value of the models,
and finally got the best model. The importance and significance of
independent variables in the model were quantitatively analyzed.
The RF models were implemented using the “randomForest”
package and the “rfPermute” package in R.

2.3.2.3. Generalized additive model

The generalized additive model is a semiparametric extension
of the generalized linear model (GLM), which is a machine
learning model. It is a non-parametric regression model driven by
data rather than a statistical distribution model. GAM establishes
the relationship between the mathematical expected value of the
response variable and the smooth function of the explanatory
variable by the link function (Gomez-Rubio, 2018). The advantage
of the GAM is that many different link functions can be used to
fit the non-linear and non-monotonic relations between response
variables and multiple explanatory variables (Masinda et al.,
2021). It can explain how the response variables (qualitative
or semiquantitative discontinuous variables) change with the
explanatory variables, and there is no need to set the model
parameters in advance (Guisan et al., 2002). Therefore, GAM has
a high degree of flexibility and can effectively reveal the ecological
relationship hidden in the data. It can simply fit the non-linear
relationship between multiple meteorological factors and FFMC,
and concourse them in one model. Moreover, Masinda et al. (2021)

also showed that it had similar accuracy to RF in predicting FFMC.
The model is as follows:

n = g (µ) = s0+

p∑
i = 1

si (xi) (5)

Where µ E
(
Y
∣∣ x1, x2xp

)
, n is a linear predictive value, s0

is an intercept, si (·) is a non-parametric smooth function, xi is
an independent variable and si (xi) is a smooth term. The model
does not need any assumption of Y on x and consists of random
component Y, additive component n and the link function si (·).

Because GAM is an “additive” assumption, the important
interaction xj xk may be missing from the model and can only
be added manually (Wood et al., 2013). In this study, the GAM is
built by generalized cross-validation (GCV) method and restricted
maximum likelihood (REML) method, respectively, and the two
methods are compared by R2 value and explanatory power. The
GAM is implemented using the “mgcv” package in R.

2.3.2.4. Linear regression model

The linear regression model is an empirical model. The
meteorological factors that have a significant influence on the
FFMC are analyzed by forward stepwise regression analysis, and
the regression model is built, as shown in Eq. (6):

M =
n∑

i = 1

xibi (6)

Where M is the FFMC, xi is the selected meteorological factor,
and bi is the parameters to be estimated. The LR were implemented
using the “tidyverse” package in R.

2.3.3. Model evaluation and comparison
Statistical analysis was carried out on each group of data.

The normality of data distribution, the uniformity of variance,
the independence of residuals and the consistency of model
explanatory variables were tested. For checking the accuracy of the
models built by the above methods, the MAE and RMSE of the
models were calculated, as shown in Eqs. (7) and (8).

MAE =
1
n

n∑
i = 1

∣∣Mi − M̂i
∣∣ (7)

RMSE =

√√√√ 1
n

n∑
i = 1

(Mi − M̂i)
2 (8)

Where Mi is the measured value of FFMC (%) and M̂i is the
predicted value of FFMC (%).

3. Results

3.1. Dynamic change in FFMC

The statistics of surface dead FFMC of the four forest types are
shown in Table 2. The average value and variation range of FFMC
in P. sylvestris var. mongolica were the largest, with a maximum
value of 39.2%, a minimum value of 9.8% and an average value of
23.2%; the variation range in B. platyphylla was the smallest, with
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a maximum value of 30.8% and a minimum value of 9.4%; and the
average value in P. koraiensis was the smallest, with a value of 19.8%.

The dynamic change trend of FFMC in each forest type was
similar, showing characteristics of rising at first, then decreasing,
and then rising (Figure 2). Except for B. platyphylla, the first
peak occurred around September 29, which was due to rainfall
during this period. Then, the FFMC gradually decreased and was
usually less than 20% during the period from October 6 to October
19, returning to the normal level. Within this period, there was
another small rainfall event in both P. sylvestris var. mongolica and
L. gmelinii around October 9, which led to a small upward trend.
After October 19, it showed an upward trend due to snow and
reached its peak for the second time around October 20. The FFMC
dynamic change of B. platyphylla was slightly later than that of the
other forests, and the FFMC increased gradually on September 25,
reached the first peak on October 3, and then decreased gradually
until it showed an upward trend around October 16, and then the
moisture content remained relatively stable.

3.2. The influence of meteorological
factors

The Random Forest model was used to rank the importance of
meteorological factors in different forests (Figure 3). In all forest
types, temperature, relative humidity and radiation had significant
effects (P < 0.01) on FFMC, the importance of temperature and
relative humidity in all forests was greater than that of other factors.
Rainfall had a significant effect on FFMC in all forest types, but
the significance level was different (P < 0.05 in P. koraiensis,
P < 0.01 in others). Wind had a significant effect (P < 0.01) on
FFMC in P. koraiensis and B. platyphylla but not in the L. gmelinii
forest. In summary, due to the difference in forest structure and
the existence of spatial heterogeneity, meteorological factors have
different effects on each forest. The temperature and relative
humidity are the main meteorological factors affecting surface dead
FFMC.

3.3. Model

3.3.1. Model parameters
3.3.1.1. Semi-physical models

In P. koraiensis, P. sylvestris var. mongolica, L. gmelinii and
B. platyphylla, for Nelson method, the R2 of the prediction models
are from 0.853 to 0.980, and the time lags are 5.193 h, 35.589 h,
20.708 h, and 41.542 h, respectively; for Simard method, the R2 of
the prediction models are from 0.847 to 0.980, and the time lags are
27.635 h, 83.208 h, 35.589 h, and 124.875 h, respectively (Table 3).
All models showed good performance, and the R2 values of the
three forests are approximately 0.970, except P. koraiensis. The time
lag is related to the change rate of FFMC, and the larger the time lag
is, the slower the change rate. For the four forests, the time lag of
the Simard method was higher than that of the Nelson method, and
the time lags of the two methods were in the following descending
order for the four forests: B. platyphylla, P. sylvestris var. mongolica,
L. gmelinii and P. Koraiensis.

3.3.1.2. Random forest
The number of variables tried at each split (mtry) can affect the

model performance to some extent. Through continuous attempts,
it was found that for all forests, when mtry was 4, the training and
verification effect was the best, so mtry was determined to be 4
(Table 4). In all forests, the R2 of the prediction models built by
RF ranged from 0.903 to 0.935.

3.3.1.3. Generalized additive model
The estimated parameters and degrees of freedom of GAM

in four forests are shown in Table 5 (GCV method) and Table 6
(REML method). In P. koraiensis, P. sylvestris var. mongolica,
L. gmelinii, and B. platyphylla, for the GCV method, the R2 of
each forest was 0.267, 0.319, 0.235, and 0.350, respectively, and the
explanatory power was 29.5, 31.9, 25.3, and 36.2%, respectively. For
the REML method, the R2 of each forest was 0.261, 0.313, 0.228,
and 0.346, respectively, and the explanatory power was 28.5, 31.2,
24.3, and 35.4%, respectively. The performance of the models was
relatively poor. Comparing R2 and the explanatory power, it can be
concluded that the GCV method showed a better performance than
the REML method. Therefore, the GAM built by the GCV method
was selected for the following research (all the GAMs mentioned
below are built by the GCV method).

The greater the degree of freedom of the smooth term in the
GAM, the more significant the non-linear relationship between
the explanatory variable and the response variable. The degrees
of freedom of temperature and relative humidity in all forests
are significantly larger than those of the other three explanatory
variables, so the non-linear relationship between them and FFMC
was the most significant. The GCV value is one of the parameters
used to evaluate the smoothness of the model; the smaller the value,
the higher the smoothness of the model and the better the fitness.
The GCV values from low to high were in the following order
for the four forests: B. platyphylla, P. koraiensis, L. gmelinii, and
P. sylvestris var. mongolica. The goodness-of-fit-statistics of GAM
is shown in Table 7.

3.3.1.4. Linear regression model
Linear regression models were developed using forward

stepwise selection to screen the meteorological factors and build
the best model. The results are shown in Table 8, for all forests,
temperature, relative humidity and rainfall were all selected as the
meteorological factors of the model. In addition, the P. koraiensis,
also selected wind as the meteorological factors of the model, and
the P. sylvestris var. mongolica and L. gmelinii also selected radiation
as the meteorological factors of the model. The R2 for the prediction
models ranged from 0.147 to 0.244.

3.3.2. Model error comparison
After building the prediction models based on the training data,

the performance of the models were evaluated by the test data, and
the model error was calculated based on test data. The MAE and
RMSE of the models built by different methods in each forest are
compared, as shown in Figure 4. For the Nelson method, the model
error (MAE and RMSE) range was 0.566–1.840%; for the Simard
method, the model error range was 0.457–1.736%; for the RF, the
model error range was 1.666–2.400%; for the GAM, the model error
range was 2.534–5.501%; and for the LR, the model error range was
2.798–5.972%.
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FIGURE 2

The dynamic change trend of fuel moisture content under different forest stands. (A) P. koraiensis fuel; (B) P. sylvestris var. mongolica fuel; (C)
L. gmelinii fuel; and (D) B. platyphylla fuel.

FIGURE 3

Variable importance measures with the Random Forest method based on mean squared error. T is temperature, H is relative humidity, Rai is rainfall,
W is wind speed, and Rad is solar radiation; **indicates a significant correlation at the 0.01 level, *indicates a significant correlation at the 0.05 level;
(A) P. koraiensis fuel; (B) P. sylvestris var. mongolica fuel; (C) L. gmelinii fuel; and (D) B. platyphylla fuel.
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TABLE 3 Estimated parameters and goodness-of-fit-statistics of the Nelson model and Simard model.

Model Parameters P. koraiensis P. sylvestris var.
mongolica

L. gmelinii B. platyphylla

Nelson α 0.330 0.489 0.275 0.128

β −0.081 −0.190 −0.057 0.056

λ 0.953 0.993 0.988 0.994

τ 5.193 35.589 20.708 41.542

R2 0.853 0.980 0.964 0.968

MAE 1.332 0.596 0.578 0.566

RMSE 1.840 1.137 0.898 0.717

Simard λ 0.991 0.997 0.993 0.998

τ 27.653 83.208 35.589 124.875

R2; 0.847 0.980 0.964 0.970

MAE 1.250 0.537 0.579 0.457

RMSE 1.736 0.882 0.900 0.747

Comparing the accuracy for different forests in the same
method, for the RF, GAM, and LR, the accuracy of the prediction
model in each forest from high to low was B. platyphylla,
P. koraiensis, L. gmelinii, and P. sylvestris var. mongolica. For the
Nelson method and Simard method, the accuracy of the prediction
model was the highest in B. platyphylla, the second highest in
P. sylvestris var. mongolica and L. gmelinii and the lowest in
P. koraiensis. In general, no matter which method was used, the
accuracy of the prediction model in B. platyphylla was the highest
among all forests.

Comparing the accuracy of different methods in the same
forest, the accuracy of GAM and LR was significantly lower
than that of the other methods, their model errors are relatively
large, and GAM was slightly better than LR. The Nelson
method, Simard method and RF show good performance, and
the model errors in most forests are all less than 2%, which
was significantly higher than those of GAM and LR. For the
these three methods, in P. koraiensis, P. sylvestris var. mongolica,
and B. platyphylla, the accuracy of the Simard method was the
highest, the Nelson method was the second highest, and the RF
method was the lowest in L. gmelini, the accuracy of the Nelson
method was the highest, the Simard method was the second
highest, and the RF method was also the lowest. Moreover, the
prediction accuracy of the Nelson method and Simard method
was very close in all forests. In general, the Nelson method and
Simard method which belong to the semi-physical model perform
better than the Random Forest method which belongs to the
machine learning model.

TABLE 4 Parameters and goodness-of-fit-statistics of the Random
Forest model.

Forest type mtry R2 MAE RMSE

P. koraiensis 4 0.906 1.813 2.191

P. sylvestris var. mongolica 4 0.903 1.933 2.400

L. gmelinii 4 0.914 1.826 2.229

B. platyphylla 4 0.935 1.666 2.173

3.3.3. Model performance evaluation
Compared with the other three methods, the prediction

performance of GAM and LR was significantly lower, so they are
not studied below. The measured values of the test data were
compared with the predicted values obtained from the Nelson
method, Simard method and RF built based on the training data,
as shown in Figure 5. In all forests, the predicted values of the
Nelson method and Simard method are basically consistent with
the measured values, the R2 of the fitting lines ranged from 0.881
to 0.984, and the accuracy of the Simard method was slightly
better than that of the Nelson method. For the RF, there was a
certain deviation between the predicted and measured values in all
forests, the R2 of the fitting lines ranged from 0.607 to 0.864, and
the model overestimated when the FFMC was lower than ∼21%
but underestimated when it was higher than ∼21%, especially
in B. platyphylla. Therefore, we can consider that the prediction
accuracy of RF was slightly lower than that of the other two
methods. In summary, the accuracy of the five methods in all forests
from high to low was ranked as follows: Simard method > Nelson
method> RF> GAM> LR.

4. Discussion

4.1. Meteorological factor analysis

The quantitative analysis of the importance of meteorological
variables by RF model showed that temperature, relative humidity
and solar radiation had significant effects on FFMC in all forests,
especially temperature and relative humidity, and their importance
was greater than that of the other three meteorological factors. The
result is similar to those of previous studies (Viney, 1991; Slijepcevic
et al., 2013; Nyman et al., 2015; Zhang et al., 2017; Masinda et al.,
2021; Yu et al., 2021), temperature and relative humidity are the
most important meteorological factors, which directly affect the
FFMC. The effect of wind on the FFMC is affected by topography,
forest structure, crown density and so on. In this study, only
the surface dead FFMC in P. koraiensis and B. platyphylla was
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significantly affected (P < 0.01) by wind, which was similar to the
results of Bilgili et al. (2019) and Zhang and Sun (2020). This is
because the time interval of wind speed data collection during the
study period was short, which could not reflect the impact of wind
on FFMC. In addition, it underestimates the effect of rainfall on
FFMC, which is the same as the results of Masinda et al. (2021). This
may be because the rainfall and duration were short, and most of
the data collected were zero, so their importance was not reflected.

4.2. Model parameters

In the semi-physical models, the parameters of the Nelson
equilibrium moisture content model need to be estimated
according to the experimental data. In P. koraiensis, P. sylvestris
var. mongolica, L. gmelinii, and B. platyphylla, the α values are
0.330, 0.489, 0.275, and 0.128, respectively, and the β values are
−0.081, −0.190, −0.057, and 0.056, respectively. This is similar to
the results of previous studies, Sun et al. (2015) found that the α-
value ranged from 0.087 to 0.594, Slijepcevic et al. (2013) found
that the α-value ranged from 0.28 to 0.41. Zhang and Sun (2020)
found that the α values of P. koraiensis and Quercus mongolica
were 0.0039 and 0.2458, respectively. In addition to the influence
of the type of fuel, the reason for the difference is also related to the

measuring methods and time step. In most previous studies, the
shortest time step was 1 h, but we measured the moisture content
data of the whole autumn fire season with half-hour steps. The
value of β can directly reflect the sensitivity of equilibrium moisture
content to temperature and humidity; the greater the absolute
value of β is, the stronger the sensitivity of fuels to temperature
and humidity and the weaker the water holding capacity of fuels
(Nelson, 1984). In this study, the absolute value of β from high to
low resulted in the following order for the four forests: P. sylvestris
var. mongolica, P. koraiensis, L. gmelinii, and B. platyphylla; that
is, the water holding capacity of the broad-leaf layer is stronger
than that of the needle layer. This is different from the results of
Zhang and Sun (2020) and Yu et al. (2021). The reason is that
the different fuel types and sampling seasons affect the structural
characteristics, such as the physical and chemical properties of
fuels and packing ratio of the litter bed, which lead to different
results.

4.3. Model evaluation and comparison

Five different methods were used to build the prediction
model of surface dead FFMC of each forest, and the accuracy and
applicability of the model were evaluated based on the test data.

TABLE 5 Model parameters and degrees of freedom of smoothing terms with the GCV method.

Forest type s0 edf.s(T) edf.s(H) edf.s(Rai) edf.s(W) edf.s(Rad) GCV R2 Dev (%)

P. koraiensis 2.974 8.623 7.536 1.000 2.548 4.105 1.106 0.267 29.5

P. sylvestris var. mongolica 3.131 7.940 7.602 2.446 1.001 1.222 1.459 0.319 31.9

L. gmelinii 3.102 8.382 8.194 7.864 1.000 5.787 1.193 0.235 25.3

B. platyphylla 3.027 8.607 6.605 6.638 1.687 1.001 0.508 0.350 36.2

T is temperature; H is relative humidity; Rai is rainfall; W is wind speed; Rad is solar radiation. s0 is the parametric coefficient and edf.s() is the estimated degree of freedom.

TABLE 6 Model parameters and degrees of freedom of smoothing terms with the REML method.

Forest type s0 edf.s(T) edf.s(H) edf.s(Rai) edf.s(W) edf.s(Rad) REML R2 Dev (%)

P. koraiensis 2.975 7.549 6.031 1.001 1.404 4.350 468.730 0.261 28.5

P. sylvestris var. mongolica 3.131 6.547 7.004 2.876 1.000 1.038 1,062.400 0.313 31.2

L. gmelinii 3.102 7.542 7.461 4.834 1.000 2.766 997.990 0.228 24.3

B. platyphylla 3.027 8.378 6.585 1.690 1.777 1.000 189.600 0.346 35.4

TABLE 7 The goodness-of-fit-statistics of generalized additive model.

P. koraiensis P. sylvestris var.
mongolica

L. gmelinii B. platyphylla

MAE 3.655 4.485 4.115 2.534

RMSE 4.386 5.295 5.501 3.101

TABLE 8 Parameters and goodness-of-fit-statistics of the linear regression models.

Forest type Equation R2 MAE RMSE

P. koraiensis M 14.639− 0.106Ti + 0.144Hi−3.361Wi + 2.997Ri 0.156 3.932 4.576

P. sylvestris var. mongolica M 31.105−0.547Ti − 0.083Hi + 5.784Ri + 0.003Rai 0.244 5.048 5.972

L. gmelinii M 7.866+ 0.171Ti + 0.205Hi + 3.659Ri + 0.001Rai 0.147 4.394 5.348

B. platyphylla M 24.155−0.189Ti − 0.043Hi + 4.241Ri 0.201 2.798 3.352
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FIGURE 4

Comparison of fuel moisture content model errors in each forest. (A) Mean absolute error (%). (B) Root mean square error (%).

The value of R2 reflects the goodness-of-fit of different models in
each forest type. For Nelson method and Simard method, their
values of R2 were very similar, except P. koraiensis was about 0.850,
the other three forest types were all about 0.970, which shows
that the regression line fits the observed values very well. For RF,
its R2 ranged from 0.903 to 0.935, which is similar to the above
two methods and also shows a good goodness-of-fit. However,
the R2 ranges of GAM and LR are 0.235–0.350 and 0.147–0.244,
respectively, which are significantly lower than the other three
methods, so their fitting degree is poor and the accuracy is low. By
comparing the model errors, it can be concluded that no matter
which method is used, the accuracy of the prediction model in
B. platyphylla is the highest among all forests. This is because
B. platyphylla belongs to the broad-leaved tree, its leaves are small
and flat, and the structure of the fuel bed is simpler and more

uniform than that of needles, so the same method shows better
accuracy, which is similar to the research results of Yu et al. (2021).

The accuracy of different methods has been compared.
Among all forests, the accuracy of the five methods from
high to low was ranked as follows: Simard method > Nelson
method > RF > GAM > LR. The Nelson method and Simard
method based on the direct time lag method have the highest
accuracy, which may be related to the short time interval (half
an hour) of data collection in this study (de Groot and Wang,
2005; Matthews, 2010, 2014). The results were similar to most
previous studies, and the prediction accuracy of the Simard method
is slightly better than that of the Nelson method (Jin and Chen,
2012; Sun et al., 2015; Zhang and Sun, 2020). Although both RF
and GAM belong to machine learning algorithms, their theories are
different (Breiman, 2001; Gomez-Rubio, 2018; Kamińska, 2019), so
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FIGURE 5

1:1 Error scatter plot of the predicted and measured values of each forest. (A–C) P. koraiensis fuel; (D–F) P. sylvestris var. mongolica fuel; (G–I)
L. gmelinii fuel; (J–L) B. platyphylla fuel.

the accuracy of the prediction model shows an obvious difference.
The performance of RF is significantly better than that of GAM, it is
more suitable for FFMC prediction (Lee et al., 2020; Masinda et al.,
2021). However, its accuracy was still slightly lower than that of
Nelson method and Simard method. As shown in Figure 5, RF has
underestimated large values and overestimated small values. This is
due to its own principles, RF tends to intermediate predicted values,

the extreme observations are estimated using averages of response
values that are closer to those observations (Zhang and Lu, 2012;
Wolfensberger et al., 2021). The result of LR is similar to the GAM,
which is significantly lower than that of the other three methods
(Sun et al., 2015; Masinda et al., 2021; Yu et al., 2021). Because
they are based on the linear or non-linear relationship between
FFMC and meteorological factors, the selection of meteorological
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factors has a great impact on the accuracy of the model. However,
we did not consider the effects of soil moisture and previous
meteorological factors in this study (Zhang and Sun, 2020; Lindberg
et al., 2021; Rakhmatulina et al., 2021), which may be the reason for
the large error values.

By and large, the semi-physical models (Nelson method and
Simard method) have the highest accuracy, machine learning
models perform slightly worse, and the linear regression model
(LR) has the worst accuracy. The research of Lee et al. (2020)
showed that for 10-h FFMC, the accuracy of machine learning is
higher than that of process model, which is different from us. This is
due to the difference sizes of the fuels, we took the fine fuels of 1-h as
the research object, and its speed of water loss and water absorption
is faster than that of 10-h fuels. One of the potential reasons for
the highest accuracy of semi-physical models may be the short
time interval, and the accuracy will decrease with the time interval
increases in practical use (de Groot and Wang, 2005; Matthews,
2014; Zhang et al., 2021). Although the accuracy of the machine
learning models is slightly lower, it can introduce new variables and
data in the future to continuously develop the models, which has
great potential to be widely used. However, there is another point
deserve attention in machine learning models is the model cannot
be described by formulas, which may have some limitations on
future applications. Therefore, in future research, we should focus
on the combination of data-driven (e.g., machine learning) and
process-driven (e.g., physical and semi-physical models) methods
proposed by Reichstein et al. (2019) to build hybrid models to
achieve complementarity. In addition, more machine learning
models should also be considered.

The prediction accuracy of FFMC must reach a MAE of
approximately 1–2% to meet the accuracy requirements of fire risk
prediction (Trevitt, 1991; Pippen, 2008). Our results showed that
the model errors of the Simard method, Nelson method and RF
in all forests are less than 2%. They were better than the MAE
range from 0.8 to 1.9% reported by Catchpole et al. (2001), and the
MAE and MRE (mean relative error) of 1.3 and 9.4%, respectively,
reported by Matthews and McCaw (2006); and are similar to the
research results of Zhang and Sun (2020) and Masinda et al. (2021).
These three models can be used to predict FFMC of all four forests,
and their accuracy can meet the requirements. Moreover, it also
proven that the RF is also suitable for predicting FFMC, and its
model has good performance. The GAM and LR have relatively
large error values, which are not suitable. This study still has some
limitations, for instance, not considering the season, the lag of
meteorological factors and the effects of topographic conditions
such as slopes and aspects on FFMC. In future research, we should
fully consider the effects of different forest characteristics and
topographical conditions on FFMC and its dynamic changes, which
can provide theoretical support for improving the accuracy and
applicability of the prediction of FFMC.

5. Conclusion

In this paper, the dynamic changes and main driving factors
of surface dead FFMC of four typical forests in Northeast China
were studied, five different methods were used to build models
for predicting FFMC, and their performances were compared

based on test data. The results showed that the dynamic change
trends of FFMC in each forest were similar, and temperature and
relative humidity were the main driving factors of FFMC. The
model error and comparison of measured and predicted values
showed that the semi-physical models (Nelson method and Simard
method) perform best, the machine learning models (RF and
GAM) perform slightly worse, and the linear regression model
(LR) performs worst. Among them, the accuracy of the prediction
models based on the Nelson method, Simard method and RF meet
the requirements of forest fire risk prediction. The results of the
model comparison in this study have reference value for the future
research direction of the FFMC prediction model, as well as forest
fire management and prediction in Northeast China.
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