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Abstract

:

With the development of computer technology, forest fire spread simulation using computers has gradually developed. According to the existing research on forest fire spread, the models established in various countries have typical regional characteristics. A fire spread model established in a specific region is only suitable for the local area, and there is still a great deal of uncertainty as to whether or not the established model is suitable for fire spread simulation for the same fuel in other regions. Although many fire spread models have been established, the fuel characteristics applicable to each model, such as the fuel loading, fuel moisture content, combustibility, etc., are not similar. It is necessary to evaluate the applicability of different fuel characteristics to different fire spread models. We combined ground investigation, historical data collection, model improvements, and statistical analysis to establish a multi-model forest fire spread simulation method (FIRER) that shows the burning time, perimeter, burning area, overlap area, and spread rate of fire sites. This method is a large-scale, high-resolution fire growth model based on fire spread in eight directions on a regular 30 m grid. This method could use any one of four different physical models (McArthur, Rothermel, FBP, and Wang Zhengfei (China)) for fire behavior. This method has an option to represent fire breaks from roads, rivers, and fire suppression. We can evaluate which model is more suitable in a specific area. This method was tested on a single historical lightning fire in the Daxing’an Mountains. Different scenarios were tested and compared: using each of the four fire behavior models, with fire breaks on or off, and with a single or suspected double fire ignition location of the historical fire. The results show that the Rothermel model is the best model in the simulation of the Hanma lightning fire; the overlap area is 5694.4 hm2. Meanwhile, the real fire area in FIRER is 5800.9 hm2; both the Kappa and Sørensen values exceed 0.8, providing high accuracy in fire spread simulations. FIRER performs well in the automatic identification of fire break zones and multiple ignited points. Compared with FARSITE, FIRER performs well in predicting accuracy. Compared with BehavePlus, FIRER also has advantages in simulating large-scale fire spread. However, the complex data preparation stage of FIRER means that FIRER still has great room for improvement. This research provides a practical basis for the comparison of the practicability and applicability of various fire spread models and provides more effective practical tools and a scientific basis for decision-making and the management of fighting forest fires.
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1. Introduction


The forest ecosystem is one of the most important terrestrial ecosystems in the world and an important part of the global ecosystem. Forests play an important role in maintaining water and soil conditions and regulating the climate [1]. Forest fires are natural or anthropogenically produced disasters in forest ecosystems with strong bursts and high randomness and are extremely difficult to fight. Many forest types have evolved to survive even with high-intensity fires, e.g., the C-3 type a determined by Canadian Forest Fire Behavior Prediction (FBP) and global boreal forests. Despite this, the effects of large, high-intensity fires are unwanted because of the impacts on human safety, infrastructure, property, wildlife habitat, forestry, disruptions, etc., [2,3,4]. Forest fire behavior is a general descriptive term to designate what a fire does, from ignition to extinguishment. Improving our understanding of its behavior helps to improve firefighting efficiency and ensure safety through forecasting the fire behavior of forest fires and prescribed burnings.



At present, a large number of studies have been carried out on forest fire spread [5]. The research methods include the real measurement of fire lines based on planned burning and laboratory simulation combustion; remote sensing via satellites, aircraft, and unmanned aerial vehicles (UAVs); and forest fire spread modeling. Garnica et al. [6] evaluated the effects of wind speed, temperature, humidity, and other environmental factors on fire behavior via prescribed burning and explored the optimal conditions for prescribed burning in Mexican pine and oak forests. Other studies have focused on the mechanisms of fire spread at different wind speeds, moisture contents, slopes, and other conditions [7,8,9,10,11,12] and the statistical analysis of forest fire behavior characteristics based on a large number of burning experiments [13,14,15,16,17]. The advantage of measuring fire behavior characteristics through prescribed burning and laboratory burning experiments is that we can obtain accurate fire behavior data and other factors of fire environments and fuel while approaching fire lines. A limitation is that laboratory burning experiments cannot simulate the complexity of real fires. Dasgupta et al. [18] used Moderate-resolution Imaging Spectroradiometer (MODIS) data to estimate the fuel moisture content and simulated fire spread combined with FARSITE. Mueller et al. [19] monitored the fire spread in prescribed burning using airborne radar and measured the spread rate based on airborne infrared images. Cardil et al. [20] utilized satellite active fire data (Visible Infrared Imaging Radiometer observations) to simulate three fires (USA, 2016; Chile, 2016; and Spain, 2017) by using a convex hull algorithm, thereby opening up a new field for satellite forest fire monitoring. The temporal, spatial, and spectral resolutions in remote sensing monitoring have steadily improved with the developments in technology and equipment [21]. However, satellites cannot monitor successfully because of smoke breaks, and most aircraft and UAVs cannot approach burned areas for accurate measurements because of smoke and strong winds and to avoid interference with aerial fire suppression activities.



Based on physics, combustion, fluid dynamics, and other mechanisms, the forest fire spread simulation program established using computer technology has more advantages in predicting forest fire behavior and in simulating forest fire spread compared with the direct measurement approach of fire lines and indirect measurements based on remote sensing. Fons [22] and Emmons [23] performed a preliminary study on a fire behavior model; McArthur [24] established a fire behavior model based on statistics; the fire behavior prediction system is a subsystem of the Canadian Forest Fire Danger Rating System (CFFDRS) established in Canada [25]; and Rothermel [26] established a semi-physical and semiempirical fire behavior model. With in-depth study, laboratory burning experiments have gradually entered a bottleneck, and most studies are focused on the applicability of Rothermel and other classic fire behavior models to different regions and different mechanisms. As well as the established traditional physical and empirical models, more types of forest fire behavior models have been established, with progress made in their abilities [27]; flame geometry modeling has focused on the effect of the wind on flame characteristics [28]. Based on logistics, the established probabilistic models are based more on the occurrence of extreme fire behavior such as spotting fires and canopy fires [29]. Because of the ability of the meta-cellular automata model to simulate the evolutionary process of complex systems, it is widely used in forest fire spread simulations [30,31,32]. With the in-depth study of machine learning, the algorithms of random forests, neural networks, and support vector machines have performed well in forest fire spread simulations [33,34,35].



With the development of computer technology, forest fire spread simulation using computers has gradually developed. Kourtz and O’Regan [36] first simulated fire spread in no-wind and no-slope conditions using computers. Green et al. developed a landscape simulation system (IGNITE) [37,38]. A Prometheus system was established to simulate the spread of fire lines in Canada using Richards and Bryce’s wave propagation algorithm [39,40]. FARSITE computes wildfire growth and behavior for long time periods under heterogeneous conditions of terrain, fuel, and weather. It uses existing fire behavior models for surface fire spread, crown fire initiation and crown fire spread, postfrontal combustion, and dead fuel moisture [41,42,43,44]. More forest fire spreading software has been developed in recent years, besides Prometheus v6.2.4, BehavePlus v6, FARSITE v4.1, etc., [45]. Stacy et al. [46] evaluated BehavePlus v6 [47], REDapp v6.2.3 (based on FBP) [48], CanFIRE v2.08 [49], and the Crown Fire Initiation and Spread System (CFIS) v4 [50], based on prescribed burning fire behavior characteristics. All four modelling systems produced reasonable rates of spread predictions. Joakuin et al. [51] developed Wildfire analyst (WFA). Santiago et al. [2,52] developed an app version of WFA, which makes it possible to predict forest fire behavior with mobile devices. The accuracy of the app was verified by BehavePlus v6. Paulo et al. [53] developed an application program to guide prescribed burning based on safe fire behavior; the program links the fire environment, fire behavior, fuel consumption, and forest growth. With the improvements achieved in the ability of computer-simulated human-learning behavior, machine learning and neural networks have been gradually applied to forest fire spread simulations [54,55].



According to the existing research on forest fire spread, the models established in various countries have typical regional characteristics. Due to the interaction of different climate types, vegetation types, topographies, and geomorphologies, fuel characteristics such as the loading, moisture content, flammability, etc., in different regions are not similar. The established fire spread model in a specific region is only suitable for the local area, and there is still a great deal of uncertainty as to whether or not the established model is suitable for fire spread simulation for the fuel in other regions. Integrating multiple fire spread models into the program and using the same research data to compare different models horizontally can refine the traditional fire spread simulation study. Through comparisons with the real fire data, the established program can help to find out which model is more suitable for the area interacted with, according to the climate and vegetation type.



To evaluate the adaptation of the forest fire spread model suitable for Daxing’an Mountains, we selected four common forest fire spread models (McArthur, Rothermel, FBP [42], and Wang Zhengfei (China)) as the model foundation. We established a method (FIRER) based on multi-model integration, which integrates meteorological data, terrain data, and ground investigation data. We simulated a lightning fire with a known ignition point and firebreaks and evaluated each model in the zonal vegetation of the Larix gmelinii forest in northern China. We can filter the most appropriate model to predict forest fire spread by using FIRER in a specific forest ecosystem. The ecological significance of FIRER is that by using it for fire spread prediction, a reference can be proposed for assessing the effects of fire on animal habitat areas, the forest water quality, and forest regeneration. More importantly, this has implications for reducing the adverse effects of fire disturbance on forest ecosystems. Our study provides a practical basis for the applicability of each fire spread model and provides an effective tool and scientific basis for firefighting and management.




2. Design and Development of FIRER


2.1. Model and Algorithm


The methods for spatial spreading during fire spread are all the same, and, for the purpose of inter-model comparisons, we simply explore how the outputs of the different models differ from the real fire when the four models use the same data; the fire spread algorithms are not deeply investigated in this study.



The model is the basis of establishing a forest fire spread simulation method. As in Behave and Prometheus, traditional software packages are mostly based on a single model in the research area, and comparisons of the accuracy of multiple models in the same area are rare. The method includes four classical fire behavior models: (1) the McArthur model (McA) [24]; (2) the Rothermel model (RoE) [26]; (3) the FBP system [42]; and (4) the Wang Zhengfei model (WZF) [56] from China. The RoE model is summarized on the basis of a large number of prescribed burnings combined with laboratory burning experiments and is the model basis of the BehavePlus v6 software, as well as the model basis of the National Forest Fire Danger Rating System (NFDRS) for predicting fire behavior; the fuel classification is also based on NFDRS. The FBP model is the model basis of Prometheus and is also a subsystem of the CFFDRS for forest fire behavior prediction; the fuel classification is also based on CFFDRS. The McA model is based on a large number of field prescribed-burning experiments and is highly applicable in Australia, and the WZF model is based on a large number of prescribed burnings in the Greater and Lesser Hinggan Ridge and the Sichuan area, and the fuel types used in the model are closely related to the present study. All four models have added corresponding coefficients to predict the spread rate under different wind speeds and slopes, and the four models have no method of predicting the spread direction, which can only rely on the fire spread algorithm. Therefore, RoE, FBP, and McA, which perform well in specific areas, were selected for this study and compared with the local WZF model at the same time.



The advantages and disadvantages of each model are shown in Table 1.



The basic equations of each model are as follows:




	(1)

	
McArthur model [24]:











  R = 0.13 ×                   3.35 W  e  − 0.0897 M + 0.0403 V         0.299 W  e  ( − 1.686 + 0.0403 V )   × ( 30 − M )                   M ≤ 18.8 %       18.8 % ≤ M ≤ 30      



(1)




where R is the fire spread rate (km/h); W is the fuel load (t/hm2); e is the natural logarithm; M is the fuel moisture content (%); and V is the average value for wind speed at a 10 m height (m/min).




	(2)

	
Rothermel model [26]:











  R =    I R  ξ    ( 1    +  φ w  +  φ s  )    P b  ε  Q  ig      



(2)




where R is the fire spread rate (ft/min); IR is the reaction intensity (Btu/ft2·min); ξ is the heat transfer flux ratio (non-dimensional); φw is the wind speed coefficient (non-dimensional); φs is the slope coefficient (non-dimensional); ρb is the fuel bulk density (lb/ft3); ε is the effective heating coefficient (non-dimensional); and Qig is the pre ignition heat (Btu/lb).



The related equations are listed in the research of Rothermel [26], and only the basic model form is listed in this study.



	(3)

	
FBP system [42]:







Fuel Type C-1:


    R = 0.0788 × I S  I  1.888               I S I ≤ 20     R = 85 × [ 1 −  e  − 0.0378   × ( I S I − 12 ) ]   I S I > 20    



(3)




where R is the fire spread rate, and ISI is the initial spread index in the FBP system.



Fuel Type C-2:


  R = 112.8 ×   ( 1 −  e  − 0.0323 × I S I   )   1.863    



(4)







Fuel Type C-3:


  R = 100.3 ×   ( 1 −  e  − 0.0509 × I S I   )   3.53    



(5)







Fuel Type C-6:


    R = − 8.67 + 145.5 × ( 1 −  e  − 0.01689 × I S I   )     h < 10     R = 100.3 × ( 1 −  e  − 0.0509 × I S I    )  3.53              10  ≤ h ≤ 20     R = 0.01544 × I S  I  2.16                   h > 20 , I S I ≤ 18     R = 30 × [ 1 −  e  − 0.0440 × ( I S I − 11 )   ]           h > 20 , I S I > 18    



(6)







Fuel Type D-1:


    R = 0.0518 × I S  I  1.574             I S I ≤ 30     R = 30 × [ 1 −  e  − 0.0305 × ( I S I − 15 )   ]     I S I > 30    



(7)







Fuel Type O-1:


  R = 4.88 × I S  I  0.626   × ( C / 100 )     4.364    W     



(8)




where C is the proportion of cured or dead fuel (%) and W is the fuel loading (t/hm2).




	(4)

	
Wang Zhengfei model [56]:











  R =  R 0   K w   K s  / c o s θ  



(9)




where R is the fire spread rate (m/min); Kw is the wind speed correction coefficient (non-dimensional); R0 is the initial spread rate with no wind and no slope (m/min); Ks is the correction coefficient of the fuel configuration pattern (non-dimensional); and θ is the average slope in the minimum unit in the fire spread simulation.



These four fire behavior models do not predict the spatial spread but only the value of the average fire spread rate. The uncertainties associated with the different ways of spatializing the fire spread are not investigated here; we concentrate, rather, on the uncertainties linked to the fire behavior models. Therefore, a single spatial spread model is used: the maze algorithm inspired by Sun et al. [57]. It uses raster data, and each raster contains information such as the terrain and fuel. Starting from the ignition point, its eight neighbors are represented as east (E), southeast (SE), south (S), southwest (SW), west (W), northwest (NW), north (N), and northeast (NE). Starting from the E direction clockwise, for each direction, we calculate the cumulative time to that direction if it is less than the extended spread time (the value to identify whether the fire spread in the direction or not), and the direction has no test. If the fire has spread in this direction or the cumulative time is greater than the extended spread time, then the path is recorded further in that direction and put into the stack, and the cumulative time of that pixel is set to the extended spread time. If the accumulation time around an orientation exceeds the extended spread time, then the next orientation is detected by one step back. When all the eight directions around the fire point are detected as above, the spreading detection process is finished. The advantages of the maze algorithm are as follows: (1) it solves the problem of the overlapping boundaries of multiple fire sites, (2) its programming is relatively simple and straightforward to implement, and (3) the calculation durations are also within an acceptable range. Since the maze algorithm cannot predict the length of the calculation time, it cannot see the complete simulation fire site before the calculation is completed.



FIRER considers the influence of the moisture content on the fire spread, and the moisture content prediction model is integrated. We select the delay equilibrium moisture content method to directly estimate the fuel moisture content in hours. We select the Nelson equilibrium moisture content model by Larch [58,59], and the model form is as follows:


  E = α + β ln Δ G = α + β ln ( − R T / m ln H )  



(10)




where R is the universal gas constant with a value of 8.314 J·K−1·mol−1; T is the temperature (K); H is the relative humidity (%); m is the relative molecular weight of H2O with a value of 18 g·mol−1; and α and β are estimated parameters; the specific parameter estimation method is shown in [60].




2.2. Data


To simulate the fire spread, terrain data, fuel data, and meteorological data need to be compiled. Based on terrain data and burned area data, the topographic map and other data are geo-corrected to obtain accurate vector Geographic Information System (GIS) data. The Digital Elevation Model (DEM) data (resolution 30 m) are downloaded from the Shuttle Radar Topography Mission (SRTM) in Google Earth Engine (GEE). From the DEM data, GIS data, such as the elevation of the research area, the real fire range, the administrative division, and firebreaks such as roads and rivers are extracted, and they are combined with the ignition point obtained from the fire investigation.



The four selected fire behavior models were initially built with different fuel classifications. The National Fire Danger Rating System (NFDRS) and the CFFDRS each have their own unique fuel classification system [61]. The fuel classification system in the NFDRS is mainly based on trees, shrubs, grass, and rainfall. The fuel classification system in the CFFDRS is mainly based on the dominant population and forest age.



Kriging is a geostatistical interpolation method based on the spatial covariance of the data and has been shown to perform well in meteorological data estimation [62]. Meteorological data, such as wind speed (m/s), wind direction (360°), air temperature (°C), relative humidity (%), rainfall in the past hour (mm), and cloud cover (%) can significantly affect forest fire spread [63]. We use Kriging to downscale the meteorological data.




2.3. Function Design


This method has been built in Microsoft Visual Basic. The flowchart is shown in Figure 1, and the method is named FIRER (Forest Fire Spreading Simulator). FIRER’s main window (Figure 2) includes the menu bar, coordinate bar, status bar, burning time designated area, input data indication area, statistical area, and control button area. The user interface includes all the functions of FIRER, including data reading, the spreading simulation, parameter setting, and result saving. The simulation of forest fire spread can be started by setting the fire parameters.



The top of FIRER’s user interface (Figure 2) comprises the start and end time of the fire, and selectable data include elevation maps and the slope, aspect, canopy density, and fuel model. Firebreaks can delay the fire spread, and whether they exist or not has a serious impact on continuous fire spread [64]. According to the terrain data and firefighting situation in the research area, rivers, roads, and artificial fighting in the research area are substituted into the forest fire spread model as forest firebreaks [65]. Because the data accuracy of firebreaks can only include “yes” or “no” and the width and area of firebreaks cannot be accurately obtained, the forest fire spread will be enclosed in the area surrounded by firebreaks once firebreaks are enabled.



Because lightning-ignited forest fires often have multiple ignition points, FIRER supports two ways of entering the ignition coordinates: by entering a list of point coordinates or by multi-selections with the mouse on the map. FIRER can simulate the fire spread shape at different time intervals and mark them with different colors; the spread diagram at the end of spread simulation is saved as a graphic file. The perimeter, area, estimated spread rate, and accuracy evaluation index of the fire simulation are entered into a dedicated database for easy querying.




2.4. Model Evaluation


The Kappa value methodology [66] is used to analyze the consistency between real and simulated burned areas on the basis of the same gridding for the two images. The higher the Kappa value, the higher the consistency level. FIRER uses the Kappa value to test the consistency between the simulated burned area and real burned area. The calculation formula for Kappa is as follows:


  K =    p o  −  p c    1 −  p c     



(11)




where po is the percentage of consistency between the real and simulated fire observations, and pc is the expected value.



Where:


   p o  =  s n   



(12)






   p c  =    a 1   b 1  +  a 0   b 0     n 2     



(13)




where n represents the grid total pixels; a1 represents the ignition grid pixels for the real fire; a0 stands for the non-ignition-grid pixels for the real fire; b1 stands for the ignition grid pixels in the simulated fire; b0 represents the non-ignition-grid pixels in the simulated fire; and s stands for the number of pixels corresponding to the grid in the real fire and the simulated fire.



The Sørensen value compares the similarity of two samples in ecology. The higher the Sørensen value, the higher the consistency level. The Sørensen value is used to test the consistency between the simulated burned area and the real burned area in FIRER.


  S =    2 a   2 a + b + c     



(14)




where a is the number of pixels corresponding to the grid in the real fire and the simulated fire; b stands for the non-ignition-grid pixels in the simulated fire located in the real fire; and represents the non-ignition-grid pixels in the real fire located in the simulated fire.



Using the same research data, we conducted fire spread simulations under different fire spread models, and based on the fire spread simulation results, we compared the Kappa value and Sørensen value of the four models to quantify the relationship between the fire spread simulation results of the different models and the real fire sites and then screened them to find the model with the closest fire spread results to the actual fire scene, and that model is the suitable fire spread model for the area. With further parameter corrections, the fire spread simulation can be improved.





3. Application Example


In this study, a lightning forest fire with known ignition points (Hanma, Daxing’an Mountains, China) was selected to verify FIRER’s accuracy. By collecting the vegetation data, elevation data, and real-time meteorological data in the burned area, combined with FIRER, we simulated the lightning fire spread in Hanma and evaluated the method according to the results.



3.1. Research Area


The Hanma National Nature Reserve (51°20′02″–51°49′48″ N, 122°23′34″–122°52′46″ E) is located in the Daxing’an Mountains, Northeast China (Figure 3). The reserve is a total 107,348 hm2 and is sub-divided into a core area of 45,610 hm2, a buffer area of 37,250 hm2, and an experimental area of 23,590 hm2. The forest cover rate in Hanma is 88.4%. The climate type is a cold temperate continental climate, with an annual average temperature of −5.3 °C; the highest temperature is 35.4 °C in summer, and the lowest temperature is −49.6 °C in winter. The average annual rainfall is 450 mm, mainly between July and September (accounting for 70% of the annual rainfall), and the snow depth in winter is approximately 300 mm. The nature reserve is far away from towns and villages, and there are no logging activities there. Firefighting is difficult because there are not enough roads in this area. Once a forest fire occurs, the fire will spread rapidly [67].




3.2. Fire Conditions


A lightning fire occurred in Hanma, Daxing’an Mountains, Inner Mongolia, 19:00, 1 June 2018, and was extinguished by 10:00, 6 June. The burned area in the Daxing’an Mountains, Inner Mongolia was 4500 hm2. The burned area (122°38′27″ E, 51°40′41″ N) was located on the west side of the main ridge of the Daxing’an Mountains, north of the Hanma Nature Reserve. The main tree species exposed to this fire were Larix gmelinii, Pinus sylvestris var. mongolica, and Pinus elliottii. The lack of effective precipitation nearly 20 days before fire occurrence, extremely dry fuel, and changeable wind directions easily led to the rapid spread of the fire lines and burned areas. Rapid surface fires and high-intensity crown fires led to a three-dimensional burning phenomenon. The fire investigation department determined that it was a huge forest fire caused by lightning with a certain ignition point (122°38′24.92″ E, 51°40′42.28″ N) (Figure 4) and a second suspected ignition point (122°38′20.4″ E, 51°41′34.8″ N).




3.3. Fire Simulation Scheme


The main purpose of this verification is twofold: (1) to investigate the role of firebreaks in the fire spread simulation and specific fire behavior and (2) to evaluate the plausibility of the second suspected ignition point. Based on the fire investigation data, we selected a certain ignition point as a single ignition point for the simulation. According to the features of lightning fires and the burned area, we suspected that there was another ignition point for the Hanma fire. We set the two ignition points (the suspected ignition point and the definite ignition point for the fire investigation) to simulate the fire spread in the double-ignition-point model. In this study, according to the duration of the Hanma lightning fire (120 h), it was divided into 12 sections (10 h in each section), and 12 levels of coloring were performed to facilitate the observation of the fire spread in the different periods.




3.4. Basic Data


The meteorological data of the Hanma lightning fire (0:00, 1 June 2018–0:00, 6 June) are shown in Figure 5. The wind speed and direction in the research area changed during the fire duration, and the temperature difference and humidity difference between day and night were large, which caused great difficulty for the firefighters.



The terrain data are shown in Figure 6. In the research area, there is a west slope and a south slope, which both have high solar radiation, and the fuel is relatively dry, which creates extremely favorable conditions for fire spread.



According to the fuel type classification system in the NFDRS and CFFDRS, we classify the fuels in the area of interest (Figure 7): TU1, TU4 (NFDRS), and C-3 (CFFDRS) are the dominant fuel types in the Hanma area. The spatial distribution of this fuel type is contiguous. Combined with the dry conditions in the forest and the changeable wind direction, it is easy to form a three-dimensional burning phenomenon dominated by rapid surface fire and high-intensity crown fire.




3.5. Results


Based on the RoE, FBP, MCA, and WZF models and the basic data for the Hanma area, we simulate whether the Hanma lightning fire included firebreaks and single/double-ignition-point conditions to determine the real fire scenario. Only one model result will be output each time the simulation is started. While simulating using other models, the interface of FIRER needs to be initialized.



3.5.1. Influence of Fire Scenario on Spread Simulation


The simulation results are shown in Figure 8, where, for each of the four models, the Kappa and Sørensen values are presented separately for a simulation with the inclusion of firebreaks, where we take roads, rivers, and artificial fighting area as firebreaks, and for a simulation without firebreaks, as well as for the ‘single-ignition-point’ scenario and the ‘double-ignition-point’ scenario. The Kappa value and Sørensen value increase gradually in the firebreak scenario. The overlap rates between RoE simulated and FBP simulated and the real burned area are increased in the first period of simulation. They then decrease when entering the firebreak zone, leading to the highest overlap rate of 0.5603 for Kappa. Thus, the simulated fire has reached the range of real fires. In the ‘firebreak exclusion scenario’, the simulated fire will spread out of the real fire area, and the overlap rate will decrease. For the WFZ-simulated and McA-simulated fires, the overlap rate is very similar between the ‘firebreak inclusion scenario’ and the ‘firebreak exclusion scenario’, which may be due to the applicability of the model itself, which leads to a slow fire spread rather than an existing firebreak. The initial spread rates in the scenarios with a ‘double ignition point’ are higher than in the scenarios with a ‘single ignition point’, and the ‘double-ignition-point’ scenarios always appear closer to the real observed fire. The spread rate with a single ignition point is slow, and the time lag is very strong; it does not conform to the real situation of fire spread.



According to the simulated results above, the scenario including firebreaks is more similar to real fires than that excluding firebreaks. The scenario with double ignition points is more similar to a real fire than a single ignition point, and the possibility of the suspected ignition point was confirmed. Above all, we should screen the best model in scenarios with double ignition points and including firebreaks.




3.5.2. Spread Model Comparison in the Fixed Scenario


Focusing now only on the four models with the inclusion of firebreaks and with double ignition points, the additional outputs shown in Table 2 allow a deeper comparison among these four models. The real burned area of 4500 hm2 is less than the simulated area because FIRER only calculates the enclosed area, and the fire investigation data are from the forestland area. From the fire spread simulation results, the burned area simulation results are smaller than the actual burned area of 7780.2 hm2; the RoE spread simulation area is the largest, at 5800 hm2. The FMP simulation’s spread burned area is relatively small. The McA and WZF simulations’ burned area is significantly smaller than that for RoE, less than one-third of the actual fire area. The spread simulation results for the perimeter of the fire site are similar to the area of the fire area. The spread simulation results for the fire perimeter are similar to those of the burned area simulation, the spread simulation results for RoE are closer to the actual fire site, and the spread simulation perimeter for FBP is also close to the actual fire. In addition, although the spread simulation area for WZF is larger than that for McA, its spread simulation perimeter is smaller than that for McA.



Out of the four models, the RoE model exhibits the best results in each index and has good simulation results, with Kappa values and Sørensen values above 0.8. The Rothermel model also shows excellent performance in real-time fire spread simulations. If provided with larger maps for vegetation, terrain, and meteorological data from historical fires, the FIRER application could easily be extended to cover the conditions of all of China.




3.5.3. Extended Analysis of the Optimal RoE-Based Model


The ignition and spread process of the Hanma lightning fire within 120 h is shown in Figure 9. We colored the forest fire spread over 12 h in intervals of 1 h to show the spread process of the Hanma fire.



Table 3 is the quantization of Figure 9. With increasing time, the perimeter and simulated area gradually increase. Although the overlap area with the real fire also gradually reaches the maximum, there is still a large difference compared to the real burned area, and the spread simulation situation is relatively conservative. The overlap area is 5694.4 hm2. Meanwhile, the real fire area in FIRER is 5800.9 hm2; a total of 98.2% of the simulated fire area matched the real fire area. In terms of the spread rate, the trend is not fixed due to the changeable weather conditions. From the increase in each fire spread index, the development trend of the Hanma forest fire was slow in the early stage, increased rapidly from 50 h to 60 h, and then gradually decreased until extinguishment. This trend was consistent with the change in the trend of wind, indicating that the wind speed was an important factor in the fire spread.






4. Discussion


4.1. Forest Fire Spread Model


In our study, compared with other fire spread models, the Rothermel model showed the highest accuracy in its fire spread simulation of Hanma. The reason may be related to the fuel data in each model. The McArthur model performs well on flat and flammable grassland and eucalyptus forests [24]. However, the topography of Hanma is highly undulating, and the typical fuel type is the Larix gmelinii forest low-flammability fuel [68], where the fire spread rate is 0.2~0.6 m·min−1 [69]. The WZF model was established through hundreds of field combustion experiments in the Greater and Lesser Khingan Mountains [70]. Although the fuel data for the WZF model is more similar to the study area, it only considers the height of the surface fuel bed. The WZF model was established on the basis of hundreds of outdoor burning experiments in the Daxing’an Mountains, and although it is more consistent with the study area on the basis of fuel data, its fire spread simulation accuracy is not high because it only considers the height of the surface fuel bed and does not consider the fuel flammability in different forest types. The FBP model focuses on the heterogeneity of fuel types in fire spread [71]. When using the FBP model to classify the fuel type in the study area, 179 sub-compartments could not match the appropriate fuel type in the CFFDRS and were judged as having no data. The fire line could not spread in no-data sub-compartments because there were no fuel data, so the final Kappa coefficient in the FBP model was lower than in the Rothermel model.



The Rothermel model is the basis for BehavePlus v6, FARSITE v4.1, WFA, and other software [51], but BehavePlus underestimates the trends in forest fire spread. The purpose of forest fire prediction is to reduce the loss of forest resources and to ensure the safety of firefighters, and a low estimation of fire behavior is not conducive to this purpose. The same underestimation trend appears in FIRER. In the practical application of fire simulation, we should adhere to the principle of overestimating and not underestimating to minimize casualties. Salis et al. [72] and Acra et al. [73] found that when simulating forest fires in the Mediterranean by FARSITE which is based on Rothermel model, the Kappa value and Sørensen value of the custom fuel model were much higher than when using the standard fuel model (30%–36% in terms of Kappa, 26%–33% in terms of Sørensen). To improve the prediction accuracy of the Rothermel model in specific regions, we should revise the parameters for the fuel model [74]; on the other hand, we can determine which model is more suitable in which regions through more extensive data collection and models that are compared based on more real fires. Moreover, the forest fire backward deduction based on the burning range also brings new ideas to fire spread simulations [52].




4.2. Forest Fire Spread Algorithm


The maze algorithm is used to simulate forest fire spread in our study, and the Kappa coefficient is 0.8208, and the Sørensen coefficient is 0.8386. In Yin et al.’s [75] study, the Kappa coefficient was 0.7398 when using the maze algorithm. The high Kappa coefficient of FIRER may be because it fully considers the flammability of fuel in different forest types, while it only pays attention to the fuel loading of different fuel types. The cellular automata algorithm is a popular algorithm which is well used in fire spread simulation. Although the algorithm has a rapid computational speed [30], in terms of accuracy, it is not superior to the maze algorithm used by FIRER. The Kappa coefficients in related studies are also lower, such as Kappa = 0.74, Hyrcanian, Iran, 2010 in Eskandari [76], and Kappa = 0.6352, Greater Khingan Mountains, China, May 2006, as reported by Rui et al. [77]. Sun et al. [78] modified the cellular automata algorithm adaptively; the Kappa coefficient was 0.6214 when simulating the forest fire in Mianning, Sichuan that occurred in 2020. Judging from the Sørensen value, the results obtained for FIRER using the maze algorithm are not inferior to those obtained using cellular automata [32]. Meanwhile, the cellular automata had advantages in simulating forest fire spread compared to FARSITE using Huygens principle [79]. It can be inferred that FIRER using the maze algorithm is superior to FARSITE using Huygens principle. It can be seen that FIRER has a great advantage in terms of algorithms, both compared to different software for the same algorithm and compared to cellular automata and their adaptive forms.



Although machine learning algorithms such as artificial neural networks have been shown to have advantages over meta-cellular automata for forest fire spread simulations [1], especially in solving complex problems with strong uncertainty [33,34], no study has been able to demonstrate how the maze algorithm differs in accuracy from machine learning algorithms. As machine learning is increasingly being applied to the scientific study of forest fires, this problem may be solved.




4.3. Forest Fire Spread Simulation


Early software could only simulate fire spread under homogeneous fuel [36] and meteorological conditions [37]. With the breakthrough of Rothermel [39] and Rothermel and Bryce [40] for fire spread under heterogeneous conditions, more software capable of simulating fire spread under multiple factor interactions has been develop ed [44]. FIRER can also simulate fire spread under heterogeneous fuel, meteorological, and terrain conditions, similar to FARSITE [42], PiroPinus [53], etc. Although many forest fire management departments have used software such as BehavePlus v6, FIRESTAR [80], and Prometheus v6.0 to predict forest fire spread, they have not used the Kappa coefficient or Sørensen coefficient to evaluate spread simulation accuracy. Jahdi et al. [81] used FARSITE to simulate two fires in summer and autumn in northern Iran in 2010, and the Kappa coefficient was 0.5 when the wind speed was even at 0.8 when the wind coefficient was corrected. We have achieved higher accuracy in fire spread simulations than with wind speed corrections, even with the kriging interpolation of the wind speed only. If complex wind speed coefficient corrections are taken into consideration in future studies, then fire spread simulations will be better. Li et al. [66] showed a recognition accuracy Kappa coefficient of 0.79 when using remote sensing images for the identification of the Hanma fire-burned area, which is lower than that in our study. Although our study found that the Kappa value and Sørensen value in FIRER were higher than other software, the simulated fire area is lower than that of real fire. Jahdi et al. used FARSITE and FlamMap minimum travel time (MTT) to simulate wildfires of the Golestan National Park in Iran; they found that the simulated fire area is significantly higher than the real fire area [82]. This may be the result in the existence of firebreak, which were not set up in other studies. Most of the model foundations in different software packages are based on several popular models, but the basic data in the software are not consistent. Some meteorological data are too average, and some fuel data are only represented by the field investigation. In our study, more detailed processing has been performed for various influencing factors so that FIRER has more advantages than other software.



In contrast to Drury [46], who used four software programs to compare the results of fire spread simulations for different models, in our study, only one program was used to compare the results of fire spread simulations for the same data. Multi-scale prediction has become an important method of predicting the occurrence and spread of forest fires [20]. In the new period of space–aircraft–ground-integrated monitoring of forest fires, the integration of various monitoring methods can meet the basic needs of forest fire prevention. Combined with remote sensing interpretation, field investigation, and other means of carrying out the simulation of forest fires, FIRER has a high degree of accuracy. The disadvantage of FIRER is that a large number of meteorological, fuel, terrain, and other basic data need to be unified, rasterized, and integrated into FIRER, which makes the preparation process tedious. In contrast, the modular fire behavior simulation of BehavePlus is more convenient with regard to data entry [45]; meanwhile, compared with BehavePlus [45] and CFIS [50], FIRER is insufficient in predicting special fire behaviors such as crown fires and spotting fires. Although FIRER can simulate fire spread under multiple ignition points, compared to the model from Monedero et al. [52], which can determine ignition points through backwards fire spread simulation, FIRER can only perform simple analysis in inferring ignition points and cannot be used as a tool for the precise positioning of ignition points. Follow-up research, such as that on spot fires and the width of firebreaks, can be combined with various fire behavior models to realize spot fire predictions. To make FIRER compatible with more data and to realize multi-data fusion, we will study the raster and fine processing of related data and eliminate the tedious process of data format conversion.




4.4. Deficiencies and Prospects of FIRER


In the design and development of FIRER, we consider meteorological data as a whole and ignore the effects of the slope and aspect; however, the occurrence of high-energy fire behaviors, such as spot fires and fire storms, is closely related to the wind speed and direction, and the microclimate in forests plays an important role in fire spread. The mountain microclimate simulation model (MTCLIM) is an excellent microclimate temperature and humidity model [83], and its Excel version is known as MTCLIM-EX. WindNinja [84] software was used to simulate the change in the forest fire wind field. MTCLIM-EX and Windninja can predict another point in meteorological data according to the changes in terrain, vegetation, and meteorological parameters at known points, and the accuracy of the forest fire spread model can be greatly improved by combining the above open source software in follow-up research.



In FIRER, the preliminary data processing needs to convert a large amount of meteorological, vegetation, topographic, and other data into raster data, which requires a lot of preparatory work, for which there is no effective solution at present. A large amount of basic data investigation, deciphering, analyzing, and converting is needed to realize large-scale forest fire spread prediction, and this cumbersome preparatory work limits the expansion of FIRER. In addition, FIRER has limitations in adapting to different environmental variables; it can only input a single meteorological data point, which does not have high fire spread simulation efficiency for regions with complex topography and easy to form microclimates. Meanwhile, the fuel data inputted by FIRER are classified according to the fuel classification methods [25,61] from the NFDRS and CFFDRS, which also causes limitations in terms of predicting other regions.



The Rothermel model for the United States and the FBP model for Canada are certainly excellent forest fire spread models, but in order to establish a forest fire behavior spread simulation system suitable for forest ecosystems in China, the applicability of the model will be reduced without considering the regional characteristics of model use. If we want to solve this problem, we must start from the roots. Both the Rothermel model and the FBP system are based on a large number of basic fuel investigations and field burning experiments, a large number of statistics, and physics [26,42]. Subsequent studies can be combined with FIRER to filter and improve the model based on geographical differences by collecting forest fire data obtained in different forest ecosystems. Furthermore, the fuel classification system, moisture content prediction system, fire weather forecast system, and other modules can be integrated into FIRER to construct an integrated forest fire system. The establishment of FIRER will improve the accuracy of forest fire prediction to realize accurate real-time spread simulation, improve the efficiency of forest firefighting, ensure the personal safety of firefighters, and reduce the loss from forest fires. Otherwise, by coupling information on wildlife habitat areas, forest water quality, and stand growth, we can further explore how fire affects animal migration and the mechanism of fire spread on forest water quality. The spatial heterogeneity is caused by factors such as vegetation and terrain, which means that forest fire spread is also spatially heterogeneous, and this spatial heterogeneity in fire spread causes forest resource loss and forest regeneration patchiness, all of which can be discussed using FIRER combined with the relevant data.



As a scientific research tool, FIRER still needs to be improved in future research. Firstly, it can integrate more types of models, such as physical models, semi-physical models, etc. We will try using forest fire spread algorithms such as random forests and neural networks, and the output results also need to be diversified and visualized. More vegetation types will also be taken into consideration. FIRER, as a forest fire spread simulation tool, is of great significance for forest fire management, especially for firefighting. FIRER can achieve forest fire spread simulation under different time steps, make instant predictions of fire spread, guide the deployment of firefighting forces, and provide early warning of sudden changes in fire behavior such as the fire spread speed, which can effectively improve the efficiency of forest firefighting and reduce casualties among firefighters. FIRER is also of significance for post-fire fuel management. FIRER can predict whether an area is burned and also quantify the spread rate of different burned areas, which we can combine with the fuel data for the area. FIRER can empirically analyze the fuel combustion status and then provide a reference for the fuel management.



Fire is an important and indispensable factor in forest ecosystems. High-intensity fire can destroy stand conditions, while low-intensity fire can promote energy flow and tree growth. By combining the fire spread rate calculated by FIRER with the fuel combustion consumption, the forest fire intensity can be quantified accurately. The precise quantification of the fire disturbance intensity, combined with the fire resistance of different individuals, populations, and communities, can predict the impact of fire on biodiversity and also assess the role of forest fire as a suppressor or facilitator of ecosystems. Accurate quantification of fire disturbance intensity can assess the post-fire recovery process of ecosystems, guide the development of appropriate post-fire forest ecosystem management measures, and provide a reference for ecosystem management.





5. Conclusions


We established a multi-model forest fire spread simulation method (FIRER), which is based on the Rothermel model, FBP system, McArthur model, and Wang Zhengfei model and in which a forest fire can be simulated based on vegetation, terrain, and meteorological data that were compiled using the maze algorithm. The results show the following: (1) FIRER can automatically identify firebreaks and can simulate fire spread in scenarios that include firebreaks; (2) the established multi-ignition point simulation mechanism has a good effect, and the possibility of the existence of suspected ignition points is confirmed through fire simulation; (3) through the comparative analysis of multiple models, the Rothermel model is the best model in the spread simulation of the Hanma lightning fire; (4) through the accurate acquisition of other historical fire data, the model parameters can be further modified to achieve accurate fire spread simulation. This study only focuses on the Hanma lightning fire, and we should collect more data from historical forest fire cases to validate the prediction accuracy of FIRER on special fuel types, such as grassland and burned area reburning, etc. Future studies will access the occurrence probability and diverse fire spread simulations such as canopy fires and underground fires, so that FIRER can be better adapted to different forest fire scenarios and improve the accuracy of forest fire prediction.
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Figure 1. FIRER design flowchart. 
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Figure 2. FIRER user interface. ((A) aspect; (B) slope; (C) canopy (D) fuel model RoE). 
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Figure 3. Location of the experimental stand. 
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Figure 4. Burned area investigation. 
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Figure 5. Main meteorological data during the lightning fire spread. 
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Figure 6. DEM obtained from the SRTM for the real burned area and other areas in Hanma. 






Figure 6. DEM obtained from the SRTM for the real burned area and other areas in Hanma.



[image: Forests 15 00563 g006]







[image: Forests 15 00563 g007] 





Figure 7. Fuel types classified by CFFDRS (left) and NFDRS (right) in real burned area and other areas in Hanma. 
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Figure 8. FIRER spread simulation results in different scenarios. 
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Figure 9. Simulated fire in 120 h with 12-level coloring with geographical coordinates and elevation. 
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Table 1. Features of classic forest fire behavior models.
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	Model
	Feature





	McArthur
	Advantage: Does well in grassland fires.

Disadvantage: Limited by fuel type and climate.



	Rothermel
	Advantage: Performs complete fire behavior simulation, combining the wind, slope, and other factors.

Disadvantage: Impossible to simulate the dynamic forest fire spread for fixed parameters.



	FBP
	Advantage: Forecasts fire behavior characteristics and mechanisms accurately combined with the wind and slope, combining methods of statistics.

Disadvantage: Only suitable for Canada and not for other regions due to special fuel types and weather conditions.



	Wang Zhengfei
	Advantage: Adds correction coefficients for wind and slope.

Disadvantage: Large error of over 60° for slope.










 





Table 2. Spread simulation results of four models with double fire sites and firebreaks.
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	Perimeter/km
	Area/hm2
	Overlap Area/hm2
	Kappa
	Sørensen





	Real fire
	83.9
	7780.2
	-
	-
	-



	RoE
	86.7
	5800.9
	5694.4
	0.8208
	0.8386



	FBP
	79.8
	4826.2
	4728.0
	0.7257
	0.7501



	McA
	52.1
	1810.1
	1734.6
	0.3325
	0.3617



	WZF
	39.2
	2136.7
	2064.1
	0.3855
	0.4163










 





Table 3. Parameters from the simulated fire with double fire sites and firebreaks.
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Burning Time/h

	
Perimeter/km

	
Area/hm2

	
Overlap Area/hm2

	
Spread Rate/m·min−1




	
Real Time

	
Increase

	
Real Time

	
Increase

	
Real Time

	
Increase

	
Real Time

	
Increase






	
10

	
13.9

	

	
253.4

	

	
200.3

	

	
23.1

	




	
20

	
16.5

	
2.6

	
472.8

	
219.4

	
403.4

	
203.1

	
13.7

	
−9.4




	
30

	
21.8

	
5.3

	
801.3

	
328.5

	
728.6

	
325.2

	
12.1

	
−1.6




	
40

	
29.5

	
7.7

	
1221.4

	
420.1

	
1128.9

	
400.3

	
12.3

	
0.2




	
50

	
33.3

	
3.8

	
1493.6

	
272.2

	
1399.6

	
270.7

	
11.1

	
−1.2




	
60

	
52.5

	
19.2

	
2958.6

	
1465.0

	
2863.8

	
1464.2

	
14.6

	
3.5




	
70

	
60.5

	
8.0

	
3663.0

	
704.4

	
3567.9

	
704.1

	
14.4

	
−0.2




	
80

	
67.0

	
6.5

	
4357.9

	
694.9

	
4261.4

	
693.5

	
14.0

	
−0.4




	
90

	
73.0

	
6.0

	
4832.1

	
474.2

	
4733.9

	
472.5

	
13.5

	
−0.5




	
100

	
82.2

	
9.2

	
5383.9

	
551.8

	
5285.8

	
551.9

	
13.7

	
0.2




	
110

	
84.0

	
1.8

	
5675.9

	
292.0

	
5577.7

	
291.9

	
12.7

	
−1.0




	
120

	
86.7

	
2.7

	
5800.9

	
125.0

	
5694.4

	
116.7

	
12.1

	
−0.6




	
Real fire

	
83.9

	

	
7780.2
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