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Abstract

The dead fuel moisture content (DFMC) is the key driver leading to fire oc-
currence. Accurately estimating the DFMC could help identify locations facing
fire risks, prioritise areas for fire monitoring, and facilitate timely deployment
of fire-suppression resources. In this study, the DFMC and environmental vari-
ables, including air temperature, relative humidity, wind speed, solar radiation,
rainfall, atmospheric pressure, soil temperature, and soil humidity, were simul-
taneously measured in a grassland of Ergun City, Inner Mongolia Autonomous
Region of China in 2021. We chose three regression models, i.e., random forest
(RF) model, extreme gradient boosting (XGB) model, and boosted regression
tree (BRT) model, to model the seasonal DFMC according to the data collected.
To ensure accuracy, we added time-lag variables of 3 d to the models. The re-
sults showed that the RF model had the best fitting effect with an R? value
of 0.847 and a prediction accuracy with a mean absolute error score of 4.764%
among the three models. The accuracies of the models in spring and autumn
were higher than those in the other two seasons. In addition, different seasons
had different key influencing factors, and the degree of influence of these factors
on the DFMC changed with time lags. Moreover, time-lag variables within 44
h clearly improved the fitting effect and prediction accuracy, indicating that en-
vironmental conditions within approximately 48 h greatly influence the DFMC.
This study highlights the importance of considering 48 h time-lagged variables
when predicting the DFMC of grassland fuels and mapping grassland fire risks
based on the DFMC to help locate high-priority areas for grassland fire moni-
toring and prevention.
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Abstract: The dead fuel moisture content (DFMC) is the key driver leading
to fire occurrence. Accurately estimating the DFMC could help identify loca-
tions facing fire risks, prioritise areas for fire monitoring, and facilitate timely
deployment of fire-suppression resources. In this study, the DFMC and envi-
ronmental variables, including air temperature, relative humidity, wind speed,
solar radiation, rainfall, atmospheric pressure, soil temperature, and soil humid-
ity, were simultaneously measured in a grassland of Ergun City, Inner Mongo-
lia Autonomous Region of China in 2021. We chose three regression models,
i.e., random forest (RF) model, extreme gradient boosting (XGB) model, and
boosted regression tree (BRT) model, to model the seasonal DFMC according
to the data collected. To ensure accuracy, we added time-lag variables of 3
d to the models. The results showed that the RF model had the best fitting
effect with an R2 value of 0.847 and a prediction accuracy with a mean absolute
error score of 4.764% among the three models. The accuracies of the models
in spring and autumn were higher than those in the other two seasons. In ad-
dition, different seasons had different key influencing factors, and the degree
of influence of these factors on the DFMC changed with time lags. Moreover,
time-lag variables within 44 h clearly improved the fitting effect and prediction
accuracy, indicating that environmental conditions within approximately 48 h
greatly influence the DFMC. This study highlights the importance of consider-
ing 48 h time-lagged variables when predicting the DEMC of grassland fuels and
mapping grassland fire risks based on the DFMC to help locate high-priority
areas for grassland fire monitoring and prevention.
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1 Introduction

Grasslands, which cover one-third of the Earth’s terrestrial surface, are the sec-
ond largest terrestrial carbon sink and host high levels of biodiversity (Lee et al.,
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2020; Petermann and Buzhdygan, 2021; Muro et al., 2022). Grassland fires are
an integral part of grassland ecosystems worldwide, and in some circumstances,
they can increase grassland biodiversity (Deak et al., 2014) and improve the
performance of grazing livestock (Limb et al., 2011). However, grassland fires
also produce large amounts of greenhouse gases and cause major economic losses
to human society (Yebra et al., 2008; Sharma et al., 2021). Grassland fires are
also sudden and highly destructive disasters that can not only alter the struc-
ture, function, pattern, and processes of the landscape but also pose threats
to herders’ lives, infrastructure, and valuable grassland resources (Podur et al.,
2003; Fontenele et al., 2020). The dead fuel moisture content (DFMC) has been
regarded as a significant determinant of wildfire risk (Fernandes, 2001; Dragozi
et al., 2021) because it affects the ignition risk (Wilson, 1985) and combustion
rate (Catchpole et al., 1998; Hiers et al., 2019).

However, in previous studies on the DFMC, researchers have focused on forest
fuels (Baksié¢ et al., 2017; Lee et al., 2020; Resco de Dios et al., 2021). Re-
search on the DFMC of grassland fuels is generally neglected. In fact, grassland
and savanna wildfires are particularly widespread, accounting for approximately
90% of the global area burned in the last century (Mouillot and Field, 2005).
These grassland wildfires were large and devastating (Sharma et al., 2021). Ac-
cording to statistics, from 1980 to 2018, there were more than 1200 grassland
fires recorded in the Inner Mongolia Autonomous Region of China, resulting in
a loss of 5.998x107{7}$ CNY and 29 deaths, greatly influencing the lives of
local herders. Therefore, accurately estimating the DFMC will be beneficial for
predicting the occurrence probability of grassland fires to assist relevant depart-
ments in the prevention and combat of grassland fires in a timely and effective
manner (Schunk et al., 2017).

Numerous researchers have built DFMC prediction models that can be divided
into two categories: process-based models and empirical models (Matthews et
al., 2010; Sun et al., 2021). Process-based models, for example, the Simard
model, Van Wagner model, Anderson model, and Nelson model (Nelson, 2000),
are used to simulate vapour exchange in the interior of the DFMC based on
the time-lagged equilibrium moisture content (Matthews, 2014). These kinds
of models can predict the DFMC exactly, so the forest fire weather index of
Canada and the National Fire Danger Rating System of the USA both adopt
the equilibrium moisture content model (Stocks et al., 1989). However, due to
the different physicochemical properties of various fuels, the response process
of moisture variation will be different; thus, the parameters of process-based
models need to be adjusted in other studies (Sun et al., 2021). Empirical models
use statistical linear regression to determine the relationship between measured
moisture content data and meteorological factors (Resco de Dios et al., 2015). As
they do not consider the physicochemical properties of fuels, empirical models
are easier to use than process-based models. Among the numerous empirical
models, the multiple linear regression (MLR) model based on meteorological
factors is the most basic and common prediction model (Bilgili et al., 2018;
Man et al., 2019) and is often regarded as a benchmark (Shmuel et al., 2022).
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However, empirical models always need more observational data to ensure their
accuracy, just as the prediction accuracies of some MLR models cannot meet the
needs of the studies. Thus, in recent years, machine learning models have been
increasingly favoured by researchers for their high predictive power and fast
calculation speed. Although machine learning models are a kind of empirical
model, they have been proven to have higher accuracy in fuel moisture content
prediction in many studies (Lee et al., 2020; Zhu et al., 2021; Cunill Camprubi
et al., 2022). For example, Capps et al. (2021) used the random forest (RF)
model to estimate the live fuel moisture content (LFMC) in California, USA. Lei
et al. (2022) used homemade monitoring equipment to obtain the DFMC value
and weather conditions and built a prediction model using a backpropagation
neural network, which is a type of machine learning method. In addition, mixed
effects models (Xing and Qu, 2017), generalised additive models (Masinda et
al., 2021), and time series prediction models (Fan and He, 2021) were also used
to predict the DFMC with good prediction results.

However, most of these empirical models depend on real-time meteorological
variables only and ignore the effect of time lags. The absolute change in the
moisture content of fuels after different time lags may be different, so time lags
are key factors influencing the DFMC of grassland. Only a few studies have
added time-lag variables into empirical models, such as the time-lag variables
of rainfall (Jin and Li, 2014) and relative air humidity (Zhang et al., 2015),
which were occasionally added into modelling. In fact, fuels need a certain pe-
riod of time to reach the equilibrium moisture content due to their different
sizes. Past equilibrium moisture content values and meteorological conditions
could affect the current DFMC values (Shmuel et al., 2022). In addition, soil
humidity (Rakhmatulina et al., 2021), soil temperature (Sun et al., 2021), air
temperature (Nieto et al., 2010), wind speed, radiation (Masinda et al., 2021),
and air pressure also have effects on the DFMC. Therefore, adding several en-
vironmental variables and their derived time-lag variables into the prediction
model is likely to improve the model prediction accuracy for the DFMC.

The grassland of Ergun City is located in the forest-grassland transition zone
in northern China, which is sensitive to climate. Under the condition of global
climate change, the variation rules of the DFMC in the grassland of Ergun City
will be more complex. Therefore, in this study, we used three regression models
to build the DFMC prediction models for the grassland of Ergun City based
on the measured DFMC values and related environmental variables, as well as
their time-lag variables. Our aims were to determine the most suitable predic-
tion model for the DFMC of grassland, explore whether the DFMC value has
different influencing factors in each season, and determine the most appropriate
length of the added time-lag variables, so as to more accurately and effectively
predict the occurrence of grassland fires and optimize fire prevention measures
in different seasons.

chinarxiv.org/items/chinaxiv-202306.00151 Machine Translation


https://chinarxiv.org/items/chinaxiv-202306.00151

ChinaRxiv [$X]

2.1 Study Area

The study area is in the northeastern Inner Mongolia Autonomous Region of
China, which has a temperate continental monsoon climate. The grassland
type here is an upland meadow, and the eastern part of the sampling site is near
cultivated land [Figure 1: see original paper|. The annual average temperature is
—2.4°C, and the average annual precipitation is approximately 361.6 mm, most of
which is concentrated in summer, with the least amount of precipitation falling
in winter (Di et al., 2019). It is located in a transition zone between forest
and grassland in northern farming-pastoral transitional zone of China (Di et
al., 2019).

The sampling site (50°19%‘45° N, 120°13’49”$E) is located in the south of Ergun
City, situated on a sunny slope at an altitude of 622 m [Figure 1: see original
paper]. At the sampling site, Leymus chinensis (Trin.) Tzvel. is the dominant
species; in addition, Saposhnikovia divaricata (Trucz.) Schischk. and Pulsatilla
turczaninovii Kryl. et Serg. are distributed sporadically. In recent years, with
the development of tourism, an increasing number of tourists have travelled to
Ergun City. The increase in the number of tourists also introduces certain fire
risks to the local environment.

2.2 Dead Fuel Moisture Content (DFMC) Monitoring
Method

To obtain real-time and long-term data on meteorological conditions and fuel
moisture, we deployed three fuel moisture content meters (FMC-M3, Northeast
Forestry University, Harbin, China) at the sampling site [Figure 2: see original
paper]. The meters can automatically weigh samples and obtain meteorological
data at the moment of weighing. Users can set the sampling intervals as needed.
Solar panels can continuously power the batteries of the meters to keep them
working without supervision. In order to check the accuracy of each meter bal-
ance, we randomly weighed a certain mass of fuel using an ordinary electronic
scale and then compared it with the weight obtained from the meter balance.
The error is less than 0.01 g (Masinda et al., 2021). We placed samples of dead
herbaceous plants from the sampling site into 3 mesh bags, transported them
to the laboratory, and dried the samples in an oven at 100°C for 24 h. After
drying, the samples were weighed to obtain the dry weight. Next, we returned
them to the sampling site and tied them under the weighted levers (an auto-
matic balance) of the three meters. When the weighted levers, which were set to
a specific interval, were triggered, the mesh bags were lifted; at all other times,
the mesh bags remained on the ground. The meters can automatically measure
fuel weight, air temperature, relative air humidity, wind speed, and solar radi-
ation (Masinda et al., 2022), and all data can be transmitted via Bluetooth to
a smartphone using the appropriate application. To ensure measurement accu-
racy, the meters stop working when the wind speed is over 3 m/s or when the
temperature is below 5°C.
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2.3 Data Collection

We monitored the real-time meteorological conditions and fuel weights at 2-h
intervals from 9 April to 7 November in 2021. The dates before 9 April and
after 7 November in 2021 were the midwinter period in the study area, which
may damage the meters. In addition, the study area is always covered by a
thick snow layer during the coldest period, which limits the availability of fuel
on the surface. The 3 meters generated 7633 pieces of data in total, which we
obtained in a TXT file format on the phone application. However, there were
many anomalous values shown in the TXT file that were caused by abnormal
meteorological conditions and issues with the weighted levers. After deleting
anomalous values, only 3379 valid monitoring data points remained.

First, we calculated the DFMC (%) based on the wet weight and dry weight
according to the following equation (Slijepcevic et al., 2015):

Ww — Wd

DFMC =
Wy

x 100

where W, is the wet weight (g) and W, is the dry weight (g).

Then, to improve the DFMC prediction accuracy, it was necessary to build
different models for different seasons. Because of the high-latitude location of
Ergun City, we divided the monitoring period into four seasons according to
temperature and in accordance with the published monograph (Chen, 2012)
and built models for each season. The four seasons in only include the sampling
dates, not the entire year. Although the air in winter is very dry, the fuels still
retain a certain level of moisture. According to local climate conditions, the
fuels are covered by snow in the midwinter period, so there was no measurement
during this period.

Table 1 Seasonal division of this study according to the average daily temper-
ature

Season Range of date Temperature (T) threshold
Spring 9 April 2021-31 July 10°C < T < 22°C
2021
Summer 1 August 2021-9 T > 22°C
October 2021
Autumn 10 October 2021-7 10°C < T < 22°C
November 2021
Winter 9 April 2021-14 May T < 10°C

(apart from 2021 and 10 October
midwinter)  2021-7 November

In addition, the meteorological variables provided by the DFMC meters were
insufficient, so we downloaded the hourly variables of rainfall, atmospheric
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pressure, soil temperature, and soil humidity from the National Meteorologi-
cal Science Data Centre of China (http://data.cma.cn/). Then, we obtained
the DFMC values and eight meteorological and edaphic variables in real time.

It is known that the DFMC is influenced not only by real-time meteorologi-
cal conditions but also by past variables (Shmuel et al., 2022). Therefore, we
calculated the time-lagged variables of each environmental variable. For every
variable, we calculated the mean of the value at the current time and the value
in the preceding 2 h as the 2 h time-lag variable, the mean of the current time
value and the value in the preceding 4 h as the 4 h time-lag variable, and so on,
until we calculated the 72 h time-lag variable. Each environmental variable had
36 derived lagged variables, and the total number of variables used for modelling
was 296.

2.4 Data Analysis

A variety of methods have been used to predict the DFMC (Lee et al., 2020;
Dragozi et al., 2021; Fan and He, 2021). We chose three empirical models,
including the boosted regression tree (BRT) model (Cai et al., 2012), extreme
gradient boosting (XGB) model (Chen and Guestrin, 2016), and RF model (Fan
and He, 2021), to predict the DFMC in a grassland of Ergun City. In this study,
70% of the data were used for training the models, and the remaining 30% were
used for testing. We used RStudio 1.3 to perform the analysis and Origin 9.5
to draw the figures.

2.4.1 Boosted Regression Tree (BRT) Model

The BRT model is a self-learning method based on the classified and regression
tree algorithm. It generates multiple regression trees through random selection
and a self-learning method, which can improve the stability and prediction ac-
curacy of the model (De’ath, 2007; Elith et al., 2008). During the operation,
a certain amount of data is randomly selected several times to analyse the in-
fluence of the independent variables on dependent variables, and the remaining
data are used to test the fitting results. The BRT model has been widely used
in ecological modelling (Cao et al., 2005; Li et al., 2014). In the BRT model, the
n.tree parameter represents the total number of trees to fit; the shrinkage pa-
rameter is applied to each tree in the expansion (De’ath, 2007). The shrinkage
parameter is also known as the learning rate or step-size reduction. After mul-
tiple tests, the n.tree parameter was set to 1000, and the shrinkage parameter
was set as 0.05.

2.4.2 Extreme Gradient Boosting (XGB) Model

The XGB model, commonly known as the XGBoost model, is a scalable and end-
to-end tree boosting system that proposes a novel sparsity-aware algorithm for
sparse data and a weighted quantile sketch for approximate tree learning (Chen
and Guestrin, 2016). It has the advantages of fast calculation speed, better
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goodness of fit, and superior processing of large-scale data. The XGB model
has not only been applied in predicting the DFMC values (Shmuel et al., 2022)
but has also been used for commercial sales prediction, customer behaviour
prediction, product categorisation, motion detection, etc. (Chen and Guestrin,
2016). In the XGB model, the max_{depth} parameter refers to the maximum
depth of the tree that needs to be set by users, with a common interval value
of 3 to 10; the eta parameter refers to the shrinkage of the step size to prevent
overfitting, and the common interval value is from 0.0 to 1.0. After multiple
tests, the max_ {depth} and eta parameters were set as 8 and 0.8, respectively.

2.4.3 Random Forest (RF) Model

The RF model is a kind of supervised machine learning algorithm based on de-
cision trees. It gathers numerous classification trees to improve the prediction
accuracy of the model. It is unnecessary to set the function form in advance,
and this model can also overcome the complex interactions between covariates
to obtain a high regression accuracy (Gao et al., 2020). The RF model has the
advantages of higher accuracy than individual decision trees and lower sensi-
tivity to parameter adjustment than other machine learning models (Su et al.,
2020). In the RF model, the mtry parameter represents the number of variables
used to split the tree at every node, the ntree parameter represents the number
of decision trees, and the nodesize parameter represents the minimum number
of nodes in the decision tree (Su et al., 2020). In this study, after parameter tun-
ing, the mtry parameter defaulted to 3 and the nodesize parameter defaulted to
5 in the classification model. The ntree parameter was determined by multiple
tests to determine how many decision trees would be obtained when the error in
the model was relatively stable. After multiple tests, the ntree parameter was
set as 500.

In addition, we performed variable importance analysis by deriving a variable
importance measure, Increase in Node Purity (IncNodePurity), which can pro-
vide a method to assess the contribution of each predictor variable to the mod-
elling performance. This is just a relative value and can be calculated using
the decrease in tree node impurities attributable to each predictor variable (Su
et al., 2020). A larger IncNodePurity indicates a stronger importance of these
predictor variables (Karlson et al., 2015).

These models were built based on RStudio 1.3: the BRT model was performed
using the gbm package; the XGB model was built using the xgboost package;
and the RF model was built using the randomForest package. To evaluate the
accuracy of these models, the mean absolute error (MAE) and R? of the model’s
prediction were calculated.

The MAE was calculated using the following expression:

1 n
MAFE = — -
" ;:1 ly; — Uil
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where n is the number of samples; ¢ is an integer from 1 to n; y, is the observed
DFMC value; and g, is the DFMC value predicted by the model (%).

R? can reflect the fitting degree of the regression line to the observed value,
which can be calculated by the following equation:

Z?:l(yi - ?32)2
Sy —9)?

where y is the arithmetic mean of the observed DFMC values (%).

R?=1-

3.1 The DFMC in Various Seasons

According to Table 1, we divided the valid monitoring values into 4 seasons,
i.e., spring, summer, autumn, and winter, with 1273, 702, 645, and 759 observed
values, respectively. The DFMC in the four seasons is shown in Figure 3 [Figure
3: see original paper|. As we expected, the DFMC in summer was higher than
that in other seasons, and winter had the lowest DFMC. This is consistent with
the rainy summer and dry winter of the temperate continental monsoon climate.

3.2 Model Prediction Accuracy

First, we built the three models, i.e., BRT, XGB, and RF models, based on
all the training data, including the eight variables and their time-lag variables,
and compared the accuracy according to the test data [Figure 4: see original
paper]. The RF model clearly not only achieved the highest accuracy, with an
MAE score of 4.764%, but also had the best fitting effect, with an R? value of
0.847, whereas the XGB model showed inferior performance with an MAE score
of 6.495% and a mediocre fitting effect with an R? value of 0.754, although its
fitting line had the largest slope. The BRT model showed a larger MAE score
of 7.709% and the worst fitting effect, with an R? value of 0.626.

We also built models for each season; the prediction accuracies and the perfor-
mances are shown in Figure 5 [Figure 5: see original paper]. We found that
the RF model achieved the highest accuracy among the three models in every
season, with MAE scores of 3.724%, 5.059%, 3.423%, and 3.873% for spring,
summer, autumn, and winter, respectively. The R? values of the RF model were
the highest in spring, summer, and autumn, with R? values of 0.922, 0.859, and
0.898, respectively. The XGB model seemed to perform worse than we expected
because its R? values were the lowest in spring, summer, and autumn, although
winter had an R2 of 0.804, which was slightly higher than the 0.795 of the RF
model. The BRT model showed moderate performance among the three models.
In addition, the goodness of fit of the three models in spring and autumn was
better than that in summer and winter.
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3.3 Variable Importance

To find the key factors influencing the DFMC in each season, we drew variable
importance line charts with time lags according to the best fitting model, i.e., the
RF model [Figure 6: see original paper|. In spring, the soil humidity within —12 h
(the negative numbers represent the hours before the time of measurement) had
a certain influence on the DFMC, and a greater influence occurred within —4 h.
In addition, rainfall showed a certain importance in two periods, from —50 to —40
h and from —22 to —10 h [Figure 6: see original paper]a. In summer, the factors
influencing the DFMC were complicated [Figure 6: see original paper|b. The
amount of rain had the highest importance in the period from —56 to —38 h. Soil
humidity also showed a high importance, especially within —10 h. Relative air
humidity had the highest influence at —6 h. In addition, the air pressure before
—44 h showed a certain importance because rainfall was often accompanied by
low air pressure. In autumn, the amount of rain had the highest importance
in the period from —30 to —16 h. The change trend of the importance of soil
humidity with a time lag was similar to that in both spring and summer. The
importance of the relative air humidity increased periodically, reaching a peak at
—14 h then decreasing rapidly to the lowest value at —6 h, and finally gradually
increased until the time of measurement [Figure 6: see original paper]c. In
winter, the radiation at —26 h had the highest importance, which meant that
the illumination intensity of the sun on the previous day was a key influencing
factor on the DFMC. The importance of relative air humidity increased rapidly
from —10 h and reached the highest value at —2 h. The influence of the amount
of rain was relatively weak in winter but still showed a certain importance in
the period from —26 to -8 h [Figure 6: see original paper]d. Overall, focusing
on all data regardless of season, the amount of rain still showed the highest
importance, with two peaks at —34 and —20 h. The relative air humidity and
air pressure had some degree of importance [Figure 6: see original paper]e.

3.4 Effect of Time-Lag Length

We reran the RF-based model 37 times according to time-lag variables, with
2-h time-lagged variables removed each time, from the time of measurement
to 72 h. Then, we calculated the MAE and R? based on the test data and
plotted them against the time lags [Figure 7: see original paper]. The results
showed that except for in winter, the accuracies of the models incorporating
time-lag variables at —2 h were obviously improved compared with those at the
time of measurement, indicating that incorporating historical time-lag variables
would significantly enhance the model prediction accuracy. In addition, the
R? values increased and the MAE decreased with lengthening of the time lag.
It is worth noting that the accuracies of the models significantly declined at
approximately —44 h, while the most significant decline in the R? value and
the most significant increase in the MAE occurred at approximately —24 h,
implying that it is necessary to incorporate meteorological data within 1-2 d
for the DFMC monitoring.
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4.1 DFMC Prediction Models

Building models for predicting the DFMC is crucial for forecasting the occur-
rences of grassland fires (Matthews, 2014). To accurately predict the DFMC, we
built the BRT, XGB, and RF models for the whole monitoring period [Figure 4:
see original paper| and for four seasons [Figure 5: see original paper] and com-
pared their performances. The results indicated that the RF model performed
the best, with a lower MAE and higher R2, except in winter. Our results were
consistent with those of previous studies (Capps et al., 2021; Masinda et al.,
2021; Cunill Camprubi et al., 2022). Even though the XGB model showed ex-
cellent performance in the DFMC of forest modelling (Shmuel et al., 2022) and
other fields (Chen and Guestrin, 2016), its performance was inadequate in this
study. This may be due to the limited amount of monitoring data used, as
building an XGB model requires a large amount of data (Chen and Guestrin,
2016). More data need to be collected in future research.

We also found that the seasonal models [Figure 5: see original paper] performed
better than those for the whole monitoring period [Figure 4: see original paper],
even though the summer models had larger MAE values. The larger errors in
the summer models may be due to the intense rainfall in summer, which would
have greatly influenced the DEMC. However, spring and autumn (not summer)
are the high-risk seasons for fire (Hu et al., 2019) in this study area. Thus,
predicting the DFMC in summer was less important. Our results proved that it
is necessary to predict the DFMC for each season because the DFMC and envi-
ronmental variables have various relationships in different seasons. Therefore,
we suggest building prediction models for the DFMC in spring and autumn to
aid in grassland fire management planning in this study area. In addition, this
study provides a method to predict the DFMC of grassland in North China,
filling a research gap on the DFMC of grassland in China, but the DFMC and
errors in this study were higher than those in other forestry areas (Fan and He,
2021; Shmuel et al., 2022). We propose that the dead fuels found on grasslands
that lack tree canopies are more sensitive to rainfall than dead fuels in forests,
as rainfall would markedly increase the DFMC.

4.2 Dominant Variables Influencing the DFMC

Recently, researchers have noted that there are time-lag issues that are relevant
to the variables utilized for the DFMC prediction (Lopes et al., 2014; Yu et
al., 2021). However, only a few studies have considered the time-lag variables
of rainfall (Jin and Li, 2014) and relative air humidity (Zhang et al., 2015) in
building the DFMC models. Other time-lagged variables, such as air pressure,
soil humidity, radiation, air temperature, soil temperature, and wind speed,
may also impact the DFMC. In this study, we comprehensively used all of these
variables, as well as the associated variables derived by time lags, to build the
DFMC models with improved accuracy.

The best performing RF models were those built for the whole monitoring pe-
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riod and for the four seasons because different seasons with various weather
patterns influence the DFMC (Hu et al., 2019). We used the IncNodePurity
metric from the RF model to examine the variable importance in predicting the
DFMC [Figure 6: see original paper]. The importance of soil humidity in each
season was clearly noted, which is consistent with previous studies (Qi et al.,
2013; Rakhmatulina et al., 2021; Vinodkumar et al., 2021). The importance
of soil humidity was more obvious in spring, which showed that the DFMC
was more sensitive to soil humidity in the dry season. Rainfall in summer and
autumn had dominant roles in controlling the DFMC and showed obvious hys-
teresis. This showed that rainfall had a continuous effect on the DFMC, with
an approximately 1 d shorter effect in autumn and an approximately 2 d longer
effect in summer. In winter, radiation showed the highest importance among
the variables, and we believe that the sunny weather and better air quality in
winter in the study area led to stronger radiation, thus reducing the DFMC in
winter. However, in the all-year models, all of the variables except for the rain
amount were less important. This also showed the importance of building mod-
els using time-lagged variables for every season to improve the model prediction
accuracy (Hu et al., 2019).

4.3 Determination of the Time Span for Time-Lagged Vari-
ables

In recent years, time-lag variables have been utilized to predict the DFMC (Jin
and Li, 2014; Zhang et al., 2015). However, studies regarding the time spans
are seldom documented. Some studies have focused on individual meteorological
variables. According to the research conducted by Lee et al. (2020), it is nec-
essary to consider the rainfall before the time of measurement when predicting
the DFMC. Gonzélez et al. (2009) added a 2-h time-lag variable for air relative
humidity to build empirical models for predicting dead fine fuel moisture. To
explore the length of the time-lag variables that should be added, we calculated
the goodness of fit and accuracy based on the RF model using time-lag variables
of different lengths [Figure 7: see original paper]. We found that the accuracy
decreased with fluctuations from —44 h to the time of measurement, and the
most obvious decrease occurred at —24 h. This was similar to the results of
Shmuel et al. (2022), who stated that the model accuracy would be remarkably
improved by adding time-lag variables of 20-30 h before the time of measure-
ment. This indicates that the environmental conditions within 2 d are necessary
and those within 1 d are significant for the DFMC prediction. Therefore, we
suggest that 48 h time-lagged environmental variables, especially for rainfall,
soil humidity, and relative air humidity, should be used in models to accurately
estimate the DFMC of grassland.

4.4 Implications for Grassland Fuel Management

Our results highlight the importance of 48 h time-lagged variables in predicting
the DFMC of grassland and mapping grassland fire risks based on the DFMC,
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which will help identify high-priority areas for grassland fire monitoring. In ad-
dition, local grassland fire prevention departments should pay more attention to
monitoring environmental factors in spring and autumn. In Ergun City, there
is a temperate continental monsoon season; in spring, the temperature quickly
rises, more windy weather leads to dry air, and the soil moisture decreases.
Hence, it is necessary to pay attention to the variation in soil moisture within
12 h [Figure 6: see original paper|c. Similarly, the air in autumn is dry, and the
soil moisture is low, so according to Figure 6c, it is necessary to monitor the
variation in soil moisture within 8 h and the air relative humidity within 40 h.
It is worth noting that there are differences between grassland fuels and forest
fuels. For example, the thicknesses and sizes of the litter and the environmental
conditions where the fuels are located are different, so their respective environ-
mental variables will be different. Thus, there should also be differences in the
management of forest and grassland fuels.

4.5 Limitations

Although we monitored the DFMC for nearly seven months and obtained a
large amount of monitoring data, there were many anomalous values in the
dataset that were attributed to the local weather conditions. This greatly re-
duced the amount of data, thus leading to discontinuities in the observations.
Future research should be based on the continuously-monitored DFMC values
and combine time series methods and the RF models to more precisely predict
the DFMC. In addition, if the DFMC can be monitored for 3 to 4 years, its
dynamic variation rule will be more clearly understood.

5 Conclusions

In this study, we used the DFMC data and the observed environmental variables
from a grassland of Ergun City to build the DFMC prediction models for every
season based on the BRT, XGB, and RF models. We found that the RF model
performed better than the other two models, and the BRT and XGB models can
be used as a reference to predict the DFMC in the Ergun study area. The RF
model in spring and autumn had higher accuracy. Different seasons had various
key influencing factors, and the degree of influence of these factors on the DFMC
changed with time, revealing noticeable lags. For example, soil humidity at —
10 h had a significant influence on the DFMC in spring; rainfall in summer
exerted the highest influence at approximately —48 h, while it had the greatest
influence in autumn at approximately —24 h; radiation in winter had a peak
impact at —26 h. Adding the time-lag variables within 44 h clearly improved the
fitting effect and prediction accuracy, indicating that environmental conditions
within 48 h had a great influence on the DFMC. This study highlights the
importance of considering 48 h time-lagged variables when predicting the DFMC
of grassland and mapping grassland regions with fire risk based on the DFMC.
This approach will help identify high-priority areas for grassland fire monitoring
and prevention.
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