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Abstract

:

The fine dead fuel load on forest floors is the most critical classification feature in fuel description systems, affecting several parameters in the manifestation of wildland fires. An accurate determination of this fine dead fuel load contributes substantially to effective wildland fire prevention, monitoring, and suppression. This study investigated the viability of incorporating image Euler numbers into predictive models of fine dead fuel load via the taking photos method. Pinus massoniana needles and Quercus fabri broad leaves—typical fuel types in karst areas—served as the research subjects. Accurate field data were collected in the Tianhe Mountain forests, China, while artificial fine dead fuelbeds of differing loads were constructed in the laboratory. Images of the artificial fuelbeds were captured and uniformly digitized according to various conversion thresholds. Thereafter, the Euler numbers were extracted, their relationship with fuel load was analyzed, and this relationship was applied to generate three load-prediction models based on stepwise regression, nonlinear fitting, and random forest algorithms. The Euler number had a significant relationship with both P. massoniana and Q. fabri fuel loads. At low conversion thresholds, the Euler number was negatively correlated with fuel load, whereas a positive correlation was recorded when this threshold exceeded a certain value. The random forest model showed the best prediction performance, with mean relative errors of 9.35% and 14.54% for P. massoniana and Q. fabri, respectively. The nonlinear fitting model displayed the next best performance, while the stepwise regression model exhibited the largest error, which was significantly different from that of the random forest model. This study is the first to propose the use of image features to predict the fine fuel load on a surface. The results are more objective, accurate, and time-saving than current fuel load estimates, benefiting fuel load research and the scientific management of wildland fires.
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1. Introduction


Fine dead surface fuels are generally considered to be the most important fuel class in wildland fires. They are surface fuels with a diameter of less than 6 mm that are flammable, can spread fast, have a high combustion efficiency, and possess a large surface-area-to-volume ratio [1,2]. Aside from serving as the material basis for surface fires, they also have a marked impact on the formation of canopy fires [3,4]. The fine dead fuel load is an important characteristic of surface fuels—calculated as the absolute dry mass per unit area—and has a significant impact on the occurrence and behavior of wildland fires [5]. Almost all wildland fire management systems worldwide require this load value as an input, making it the most important classification feature in fuel descriptions [6]. Load is also important for other land management issues, such as quantifying carbon emissions and carbon neutrality [7] and calculating net productivity [8,9]. The spatial heterogeneity of fine dead fuel load on the surface along with the complexity of the climate and terrain are the main reasons behind the unpredictability of wildland fires and the difficulty in extinguishing them. Apart from moisture content, these are also the most important surface fuel characteristic values in wildland fire prediction [10,11,12]. Therefore, an accurate determination of the load value of fine dead fuel on the surface is of great significance in wildland fire management, ecology, and environmental fields.



Current methods for calculating the surface fine dead fuel load mainly comprise the full harvest, stand characteristic factor, remote sensing estimation, and photo series methods. Among them, the harvest method is the most accurate, but it consumes a lot of manpower and material resources [13,14,15]. Via the stand characteristic factor method, a correlation is established between the surface fine dead fuel load and the stand characteristic factor, and then the load is estimated based on the stand factor. This method is widely used, but due to the spatial heterogeneity of the load, its extrapolation ability is weak [16,17,18]. Although remote sensing estimation can determine large-scale fuel loads, this technique also relies on the relationship between forest characteristics and fuel loads; in addition, it is limited by cloud cover and tree canopy coverage, resulting in low accuracy [19,20,21,22]. The photo series method utilizes a series of photos depicting known fuel loads as the basis of comparison for identifying a fuel load in a photo of field conditions, with the most similar photo in the series providing the fuel load estimate [6,23]. However, this method is mainly used to investigate fuel loads in large forests (i.e., containing surface fuels with a diameter greater than 6 mm), which yields large errors in estimates of the amount of fine dead fuel on the forest floors [6]. Therefore, the development of a fast, economical, and accurate load estimation method with extrapolation capabilities is important for advancing science-based wildland fire management.



The main reason why the photo series method is not suitable for estimating the load of fine dead fuels on the ground is that the structure of fine fuels is much more complex than that of wooden fuels in the field; essentially, this limitation renders the method subjective, impeding the establishment of a comparative photo database that can be accessed by investigators. The principle underlying this technique involves a matching of visual features of the determined fuel load in the field with the corresponding features in photos of known fuel loads [24,25]. If the relationship between specific image features of different loads can be obtained, load can thereafter be estimated by extracting further image features from captured photos of fine fuels in the field. A rapid, economical, objective, and high-precision acquisition of surface-fine dead fuel loads is of great significance in related research.



The Euler number of an image characteristic is a key parameter in digital topology, representing the total number of objects in the image minus the number of holes in these objects [26]. Due to its strong robustness when images undergo changes such as stretching, shrinking, or rotating, it is widely used as an extremely useful image feature in the field of computer vision [27]. To a certain extent, it can characterize the number of leaves and certain topological relationships in the image. When extracting the Euler number, it is necessary to first perform binarization on the image, which benefits further image processing by reducing the amount of available data and facilitating the highlighting of contours [28]. Then, the Euler numbers are extracted using software (MATLAB R2023b). This study assessed the use of the Euler number as a research indicator to address the following three questions: (1) Is the Euler number of an image characteristic related to the surface fine fuel load value? (2) Can we estimate the amount of fine dead fuel on a surface based on the Euler number of corresponding image features? (3) What is the most suitable load prediction model based on the Euler number? Practical and feasible ideas and methods are provided for obtaining the load of fine dead fuels on a surface, which is of great significance for the establishment of scientific wildland fire management protocols and serve as a reference for related research.



Guizhou Province in China is one of the most typical, complex, and diverse karst areas worldwide, with a forest coverage rate of 62% [29]. The diligent execution of wildland fire prevention is necessary to maintain a healthy ecological environment. The shape of fine dead fuels on forest floors and bed structure varies significantly [30]. To ensure objectivity and comprehensiveness in this study, we selected surface fine dead fuels from common coniferous forests (P. massoniana) and broad-leaved forests (Q. fabri) in Guizhou as study areas. Fine dead fuel beds with different surface loads were constructed indoors, and fixed shooting methods were used to capture photos for the extraction of Euler numbers from image features.




2. Material and Methods


2.1. Study Area


All field research was conducted along the Tianhe Mountain in Fenggang County, Zunyi City, Guizhou Province, China (107°31′20″–107°56′42″ E, 27°32′13″–28°1′14″ N). The area has a humid subtropical monsoon climate with four distinct seasons, an average annual temperature of 15.2 °C, and an average annual rainfall of 1116.1 mm. Forest resources are abundant and include trees such as P. massoniana, Q. fabri, Phyllostachys heterocycla, and Cryptomeria fortunei; shrubs such as Serissa japonica Thunb., Lindera fragrans Oliv., and Camellia japonica L.; and herbs like Ophiopogon bodinieri and Carex rigescens. The sketch map of the study area is shown in Figure 1.




2.2. Standardization and Sample Collection


The study first needs to investigate the basic situation of the fuel bed in the field and conduct experiments on constructing the bed indoors after collecting fuels in the field. It was conducted in representative P. massoniana and Q. fabri forests on Tianhe Mountain during the fire prevention period in February 2023, with three standard plots of 20 m × 20 m set up in each forest type. The forest stand characteristics measured included the diameter at breast height, tree height, canopy density, slope, and aspect of each standard plot. Twenty sampling points of 30 cm × 30 cm were randomly selected within each plot to measure the depth and load values of the coniferous bed layer of P. massoniana and broad-leaved bed layer of Q. fabri. The depth of the fuelbed is measured on both sides of the sampling points using a steel ruler, and the average is the depth of the sampling points. The surface fuels in the sampling points are obtained using the total harvest method, dried, and recorded as the loading of the sampling points. Basic information as collected on the standardized plots and fuel beds is presented in Table 1. Structurally intact leaves were collected in the field and transported to the laboratory to construct a fuel bed.




2.3. Laboratory Experiment


2.3.1. Construction of Fuel Beds with Different Loads


The depth of the fuel bed in the field does indeed vary and is not stable. However, the main purpose of this study is to analyze the applicability of using the image Euler number to estimate loading, and different depths will affect the analysis results. Therefore, this study only sets one bed depth (selecting the most representative depth: the average depth of the fuel bed in the study area). From our field measurements, the average depth of the coniferous P. massoniana and broad-leaved Q. fabri bed layers were calculated to be 3.2 cm and 4.0 cm, respectively. To better explore the relationship between fine dead fuel load and the Euler number, and with reference to the load range data acquired in the field (Table 1), loading increments of 0.5 t/ha were investigated. The experimental load range was selected to be slightly higher than that of the actual field values, at 3–20.5 t/ha for both forest types. We constructed 30 × 30 cm fuel beds in the laboratory using the structurally intact leaves that were collected in the field, ensuring a depth of 3.2 cm for coniferous and 4.0 cm for broad-leaved beds. The fuel was dried until its mass remained constant. Based on an area conversion, the coniferous and broadleaf masses corresponding to different load gradients within 0.09 m2 (30 × 30 cm) were calculated. These respective fuel quantities were randomly sprinkled onto the artificial bed layer from an elevated position; and three replicates were constructed for each experimental load along the gradient.




2.3.2. Image Capture


To ensure the objectivity of photography, eliminate the influence of photography parameters on the results, and ensure consistent photography conditions, the same smartphone was used to capture images. All photos were taken at a height of 0.8 m, directly above the center of a fuel bed, with three images being recorded for each loading. We obtained 108 images of P. massoniana and Q. fabri fuel beds, respectively.




2.3.3. Image Processing and Feature Extraction


We used Photoshop 2020 to crop all photos and adjusted them to a uniform 2300 × 2300 dpi resolution. Images were stored in JPEG format for the best storage effect. Resulting fuel bed images representing different fine dead fuel loads are displayed in Figure 2.



Prior to extracting the Euler number, all images were binarized, which benefits further image processing by reducing the amount of available data and facilitating the highlighting of contours [28]. First, a grayscale intensity threshold is selected; any pixel value exceeding this threshold in the source image was replaced with white, while those under the threshold were set to black, thereby converting a color image into a two-color black and white image. This step was conducted using the ‘im2bw’ function in MATLAB R2023b platform (MathWorks, Natick, MA, USA). The threshold range of the function was set at 0–1 to reflect potential pixel values of up to 256, with 0 representing a pixel value of zero, 1 representing a pixel value of 256, and a threshold of 0.5 corresponding to a pixel value of 128. To analyze the impact of Euler numbers obtained from different thresholds on the results, this study used a range of thresholds from 0.05 to 0.95, with increments of 0.05. Selecting different thresholds for each image to binarize and extract Euler numbers, as there are 19 threshold gradients, each image has 19 Euler numbers. Euler numbers were obtained from images binarized at different conversion thresholds via the ‘bweuler’ function in MATLAB R2023b. To better demonstrate the effect of binarization, Figure 3 shows binary images of the P. massoniana coniferous and Q. fabri broad-leaved fuel beds with a fixed load of 9 t/ha (example of a partial threshold).





2.4. Data Processing


2.4.1. Statistical Analysis


The Euler numbers extracted from images of coniferous and broad-leaved beds under different load levels were expressed as mean, median, minimum, and maximum values.




2.4.2. Correlation Analysis


Pearson correlation analysis was used to obtain the correlation coefficients between the bed load of the two fuel materials and the Euler number at different thresholds. A correlation coefficient heatmap was constructed with these data.




2.4.3. A Prediction Model for Fine Fuel Bed Loads Based on Euler Numbers


Establishment of the Model


We employed stepwise regression, nonlinear fitting, and the widely used random forest model in deep learning to establish our prediction models.



	
Stepwise regression (FL1). Using the load of the fine dead fuel bed on the surface as the dependent variable and the Euler number (at all thresholds) as the independent variable, a forward stepwise regression method was conducted to establish a load prediction model.



	
Nonlinear fitting (FL2). The Euler number obtained at the image conversion threshold producing the maximum correlation coefficient was selected as the dependent variable. Owing to the large absolute values of the Euler numbers, the model parameters were too large and complex for nonlinear fitting. Therefore, the logarithm of the absolute value of the Euler number was used. A scatter plot was drawn with the load of surface fine dead fuel along the vertical axis and the logarithm of the Euler number along the horizontal axis. The variation in bed load according to the Euler number was analyzed, selecting an appropriate model form (with R2 maximum as the selection criterion), and least squares fitting parameters were selected to obtain a nonlinear fitting model based on the Euler number.



	
Random forest algorithm (FL3). The random forest machine learning algorithm was used to establish a prediction model. Two important parameters are required for this technique: the number of decision trees (ntree) and the number of random features (mtry) [31]. MATLAB R2023b was used to establish the relationship between the number of decision trees and errors, determine the range of decision trees, determine the most suitable decision tree value by measuring the prediction performance of different decision tree numbers, and ultimately obtain the final random forest prediction model.







Verification of Prediction Model for the Surface Dead Fuel Load


To evaluate predictive performance, the corrected coefficient of determination, mean absolute error (MAE), mean relative error (MRE), and root-mean-square error (RMSE) for each of the three models were calculated for the two types of fine dead fuel beds, as shown in Equations (1)–(3), respectively.


  M A E =   1   n     ∑  i = 1   n        X   i   −   X   j        



(1)






  M R E =   1   n     ∑  i = 1   n          X   i   −   X   j         X   j       × 1  



(2)






  R M S E =    1   n     ∑  i = 1   n      (   X   i   −   X   j   )   2       



(3)




where     X   i     represents the predicted value,     X   j     represents the measured value, n and represents the amount of data in the test set.



A 1:1 graph was drawn with measured load values along the horizontal axis and the predicted values of the three models along the vertical axis. The interval in which the predicted load value had a larger error was analyzed.



Using the MRE of the three methods as dependent variable, the t-test was selected for analyzing whether significant differences existed between the results of the three methods. The prediction model with the lowest MRE was selected for use.







3. Results


3.1. Basic Statistics


Euler numbers obtained from images of the two types of fine dead fuel beds at different loads are presented in Figure 4. The lowest Euler number values for images of P. massoniana and Q. fabri fine dead fuel beds were −38,892.67 and −9118.33, respectively. For P. massoniana, a conversion threshold of 0.9 and a fine dead fuel load of 18.5 t/ha produced the highest Euler number. In comparison, for Q. fabri, a conversion threshold of 0.85 and fine dead fuel load of 14.5 t/ha produced the highest Euler number (9165). From the perspective of the coefficient of variation, the variation in the amplitude of the Euler number in P. massoniana fuelbeds with the same load but different thresholds was slightly higher than that in Q. fabri.




3.2. Correlation Analysis


At a conversion threshold of 0.05–0.30, the Euler numbers of images were significantly (p < 0.05) and negatively correlated with the fine dead fuel load of P. massoniana. In contrast, when using image thresholds of 0.55–0.80, the Euler number and load were significantly and positively correlated, whereas they were not correlated at all remaining thresholds. In the case of Q. fabri fine dead fuel images, a threshold range of 0.60–0.70 produced no significant correlation between the Euler number and the fuel load. However, when the threshold was below 0.60, a significant negative correlation was recorded between the Euler number and load, whereas a threshold of 0.75–0.85 produced a significant positive correlation between these two variables. Except in a few cases, the Euler numbers extracted from images obtained at different thresholds (for the same fuelbed type) were mostly correlated with one another (Figure 5).




3.3. Prediction Models


3.3.1. Model Results


Our results for predictive models created via (1) stepwise regression, (2) nonlinear fitting, and (3) random forest algorithms are presented here.



	
Stepwise regression (FL1). For the P. massoniana needle fuelbed, Euler numbers were entered into the regression equation for image thresholds of 0.05, 0.10, 0.70, 0.90, and 0.95. The corrected R2 value was 0.637, and the MAE and MRE were 2.39 t/ha and 28.85%, respectively. For the broad-leaved bed of Q. fabri, Euler numbers were entered into the equation for image thresholds of 0.25, 0.5, 0.75, 0.8, 0.85, and 0.9. Here, the corrected R2 value was 0.654, and the MAE and MRE were 2.22 t/ha and 26.89%, respectively (Table 2).






	2.

	
Nonlinear fitting method (FL2). According to the correlation analysis results, the Euler number with the highest correlation coefficient was associated with image thresholds of 0.7 and 0.05 for P. massoniana and Q. fabri fuelbeds, respectively, for use as predictive factors in the nonlinear fitting model. When the load was 11 t/ha, it exhibited different trends with respect to the logarithm of the Euler number for the two fuel types. For P. massoniana fine dead fuels, as the load increased, the load first exhibited a quadratic function in relation to the logarithm of the Euler number, but thereafter showed a linear downward trend. In contrast, for Q. fabri fine dead fuels, the load first followed a cubic function trend in relation to the logarithm of the Euler number, but at loads ≥11 t/ha, an increasing quadratic function trend was observed (Figure 6).







A segmented function was established for the load variation range observed in the two fine dead fuel types. Table 3 presents the results of the non-linear regression model. For P. massoniana, the R2 values of the two models were 0.504 and 0.485, respectively, with an MRE of only 14.65%. In the case of Q. fabri, the R2 values of the two-stage model were 0.251 and 0.274, respectively, with an MAE of 1.69 t/ha and an MRE of 18.09%.



	3.

	
Random forest method (FL3). Figure 7 shows the number of decision trees and the error distribution of our random forest model. Errors tended to stabilize when the number of decision trees reached 400. According to the left panel in Figure 7, both P. massoniana and Q. fabri exhibited the best predictive performance at a decision tree value of 1000 and with the minimum number of leaves set at 1.







When applying the aforementioned parameters, the R2 value of the prediction model for P. massoniana fine dead fuel load was 0.948, with an MAE and MRE of 0.717 t/ha and 9.35%, respectively; the RMSE was only 1.191 t/ha. For Q. fabri, the model-corrected coefficient of determination was 0.910, the MAE was 1.14 t/ha, the MRE was 14.54%, and the RMSE was 1.56 t/ha.




3.3.2. Model Comparisons


In Figure 8, three 1:1 graphs of the three models are shown. In the case of both P. massoniana and Q. fabri fine dead fuels, the random forest model exhibited the best predictive performance, with the fitting line being closest to the 1:1 line. For FL1, predicted values were higher at low fuel loads, and the predictive value decreased as the measured load increased. The predicted values for FL2 and FL3 were generally low.



In our differential analysis, and for both coniferous and broad-leaved fine dead fuels, the MRE of the FL3 model was significantly lower than that of the FL1 model, and there was no significant difference between the predictive value of the FL3 and the FL2 models (Figure 9).






4. Discussion


As one of the main features of an image, the Euler number has strong robustness by not changing with the flipping, transformation, or stretching of the image. This value is widely used in counting and establishing relationships between image features. For example, Kang and Yao used Euler numbers for assessments of grain quantity, through which the counting time could be reduced from 102 ms to 5.9 ms [32], and Yao et al. applied image Euler numbers to analyze the particle size of paper fillers [27]. Such studies confirm the feasibility of using Euler numbers to measure the quantities of substances in captured images, justifying our application of this variable as an image feature to analyze its relationship with the fine dead fuel load. Calculations that extract image Euler numbers include algorithms based on graph segments or tetragonal lattices as well as graph theory. This study focused on the relationship between the Euler number and fine dead fuel load, which only required the simplest method, namely, using the Euler number definition to calculate and obtain the number.



The load of P. massoniana and Q. fabri fine dead surface fuel was significantly correlated with the Euler number as calculated at different thresholds. As the image threshold increased, the relationship between fuel load and Euler number shifted from a negative to a positive correlation. This change is mainly due to the difference in the performance of Euler numbers at different thresholds, with the Euler number representing the difference between the number of connected components (leaf fuel) in the image and the number of holes between these components. At a low threshold, an increase in the bed load results in an increasing number of fuel pixel values that are higher than the threshold, which increases the white regions and decreases the black regions of the binarized image to produce an increase in the number of holes available for discrimination [33]. Under these conditions, the Euler number shows a downward trend and a corresponding negative correlation with the image feature being measured. In contrast, when the threshold exceeds a certain value, the pixel value of most of the fuels in the bed is lower than the threshold value; in this instance, the binary image shows an increase in black area, the number of connected component identifiers increases, and the number of holes (shown as white) decreases, resulting in an increase in the Euler number and a positive correlation with the measured feature. We recorded a significant correlation between the load of fine dead fuels and the image Euler number, which confirmed that the Euler number is a feasible parameter to use for load prediction.



For both P. massoniana and Q. fabri, the load prediction model created via random forest algorithms provided the best predictive effect via Euler numbers, with a mean relative error of <15% that meets the accuracy requirements of a model [34]. Nonlinear fitting adopts a stepwise fitting method. Although the prediction efficiency of our model created with this technique produced the second-best performance, the error of the stepwise regression model was the largest, and the prediction model was more complex, which prevents its practical application. The threshold corresponding to the Euler number chosen by the model is different, mainly due to the different shapes and structures of fine dead fuel on different surfaces. In comparison, Wang et al. used environmental factors as independent variables in selected regression models to establish a prediction model for the surface fine dead fuel load of Yunnan pines, obtaining an error of 18% [35]. Liu et al. similarly established a prediction model for the surface dead fuel load of six typical stands, but they only achieved an MRE value of 19.625% for the six stands [36]. When the photo series method was previously used to estimate the fine dead fuel load on a forest floor, the estimated values of different observers varied significantly, up to 2.5–3.5 times [37]. Gosper et al. found that the relationship between visual assessment and measurement of loading is difficult to maintain in practice, based on their research on a typical fuel load in the European Mediterranean [38]. In our study, although the error introduced by stepwise regression was large, the errors of the random forest and nonlinear models based on the image Euler number was not particularly lower than that of traditional methods, indicating a good application potential.



Both random forest and nonlinear fitting methods based on the Euler number produced a better prediction performance for P. massoniana leaf fuel than for that of Q. fabri, which can mainly be ascribed to the fuel characteristics. Compared to the broad leaves of Q. fabri, the needles of P. massoniana are cylindrical and have less morphological variation. As the fuel load increases, the fuelbed structure becomes more uniform [39], making it easier to establish a correlation between the Euler number and load. Therefore, our predictive model displayed a good predictive effect. Stepwise regression purely offers a statistical analysis; therefore, we could not demonstrate whether our model created with this method showed a better predictive performance for P. massoniana than for Q. fabri. It can also be predicted that it is feasible to estimate the load value of a fuel type with a more uniform structure, such as a branch, 10 h, or 100 h fuel. It should be noted that this study was conducted within the range of 3–20.5 t/ha of loading. When the fuel load is too high or the shape of fuel is too large, the overlap of fuel monomers may increase, which may affect the prediction effect.



Forest fuelbed load is one of the most important features in fuel description systems and significantly affects wildland fire occurrence, evolution, and carbon emissions, among other factors. In this study, we analyzed the relationship between the fine dead fuel load—as created by a coniferous and broadleaf tree species on forest floors—and the Euler number of fine dead fuel images. The feasibility of using the image Euler number as a predictive value for the fuel load was verified. However, our study has certain limitations. Our model still needs to be verified for other fuel types, such as bamboo leaves or mixed fuels. In addition, the effects of the photography mode, aperture setting, exposure, image processing, and other image characteristics on load prediction were not assessed. Therefore, future research on forest fuel loads based on image characteristics is still required to explore these influencing factors. A fast, accurate, time-saving, and objective load estimation method would greatly benefit wildland fire management strategies by reducing the occurrence of wildland fires and improving firefighting efficiency. Moreover, some image features may also be used for the determination of other features of fuel, such as depth, size, etc., which can be further studied in the future.




5. Conclusions


The surface fine dead fuelbeds of typical southern stands of P. massoniana and Q. fabri were photographed at different fuel loads. The Euler number was extracted from these images using different digitization thresholds, and the relationship between the image characteristics and fuel load was analyzed. The fine dead fuel loads of both fuel types were significantly correlated with the Euler number at certain thresholds; although, the correlation between the two fuel types showed different trends at different digitization thresholds.



Based on the Euler number, three predictive models of fine dead fuelbed load were developed using both a coniferous and a broadleaf tree species. The predictive performance of the random forest model was the most accurate, followed by that of the nonlinear fitting model, with that of the stepwise regression model being the least accurate. The MREs of the two segments of the random forest prediction model were 9.35% and 14.54%, respectively, which were significantly lower than those obtained via stepwise regression and met the requirement of practical application.



We developed a new predictive model of forest floor fine dead fuel load by verifying the correlation between the Euler number of a fuelbed image and the actual fuel load. Compared to traditional load measurement techniques, our predictive model is faster, more precise, more objective, and universal, opening up new avenues for fuel load research based on imagery. It also provides support for fire risk investigations and basic data acquisition in wildland fire management protocols, improving the scientific approach to wildland fire management with the aim of reducing the damage caused by wildland fires.
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Figure 1. Sketch map of the study area. 
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Figure 2. Captured color images of artificially created fuel beds with different fine dead fuel loads of coniferous P. massoniana and broad-leaved Q. fabri material. 
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Figure 3. Black and white images of the same P. massoniana and Q. fabri fuel beds as obtained via their binarization at different conversion thresholds. 
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Figure 4. Variation in Euler numbers as obtained from P. massoniana and Q. fabri fine dead fuelbed images depicting different fuel loads. 






Figure 4. Variation in Euler numbers as obtained from P. massoniana and Q. fabri fine dead fuelbed images depicting different fuel loads.



[image: Forests 15 00726 g004]







[image: Forests 15 00726 g005] 





Figure 5. Heatmap of the correlation between fine dead fuel load and corresponding image Euler numbers for P. massoniana and Q. fabri fuelbeds. Note: The elliptical represents the correlation between the load and Euler number under different thresholds, with blue indicating a negative correlation and red indicating a positive correlation. The darker the color, the stronger the correlation. The value in the cells represents the correlation coefficient. 
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Figure 6. The variation of fine dead fuel load of P. massoniana and Q. fabri fuelbeds with the logarithmic value of Euler numbers extracted from images. 
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Figure 7. Determination of random forest parameters to use in the modeling of Euler numbers as predictive values for the fine dead fuel load in P. massoniana and Q. fabri. 






Figure 7. Determination of random forest parameters to use in the modeling of Euler numbers as predictive values for the fine dead fuel load in P. massoniana and Q. fabri.



[image: Forests 15 00726 g007]







[image: Forests 15 00726 g008] 





Figure 8. A comparison of predictive models created via stepwise regression (FL1), nonlinear fitting (FL2), and random forest algorithms (F3) that use Euler numbers extracted from digitized images to predict the fine dead fuel load in P. massoniana and Q. fabri fuelbeds. Fitted lines of each model are superimposed over a dashed line, representing the deviation from the 1:1 line. 
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Figure 9. Analysis of the relative differences between model errors for predictive models created via stepwise regression (FL1), nonlinear fitting (FL2), and random forest algorithms (FL3). 
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Table 1. The basic information relating to forest stand characteristics as collected from standardized plots.
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Forest Type

	
Standard Plot Number

	
Mean DBH (cm)

	
Mean Tree Height (m)

	
Slope (°)

	
Aspect

	
Slope Position

	
Range of Load (t/ha)

	
Range of Depth (cm)






	
P. massoniana

	
1

	
16.3

	
18.2

	
10.6

	
South

	
Down

	
3.6–10.8

	
3.1–4.8




	
2

	
12.8

	
13.9

	
9.7

	
South

	
Mid

	
2.9–6.7

	
2.6–5.4




	
3

	
16.6

	
19.4

	
8.1

	
Southwest

	
Down

	
3.5–16.4

	
3.6–7.9




	
Q. fabri

	
1

	
9.6

	
10.3

	
34.3

	
Southwest

	
Down

	
4.3–11.6

	
3.0–5.0




	
2

	
8.7

	
10.1

	
19.7

	
West

	
Mid

	
3.7–9.7

	
2.3–4.8




	
3

	
11.2

	
11.7

	
22.3

	
Southwest

	
Mid

	
5.1–16.5

	
2.8–6.6











 





Table 2. Multiple stepwise regression prediction model of Euler numbers.
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	Fuel Type
	Model
	R2
	MAE (t/ha)
	MRE (%)
	RMSE (t/ha)





	P. massoniana
	FL1 = −3.44 − 0.001867E0.05 + 0.002474E0.10 + 0.002736E0.70 − 0.002153E0.90 + 0.003684E0.95
	0.637
	2.39
	28.85
	2.89



	Q. fabri
	FL1 = −0.79 − 0.00507E0.25 − 0.00806E0.3 + 0.00309E0.4 + 0.00180E0.75 + 0.00237E0.80 − 0.005E0.85 + 0.006677E0.9 − 0.00177E0.95
	0.654
	2.22
	26.89
	2.68










 





Table 3. Multiple stepwise regression prediction model of logarithmic Euler number values.
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Fuel Type

	
Load (t/ha)

	
Model

	
R2

	
MAE (t/ha)

	
MRE (%)

	
RMSE (t/ha)






	
P. massoniana

	
3.0–10.5

	
FL2 = 3154.12 − 1601.11 × log(E0.7) + 203.43 × log(E0.7)^2

	
0.504

	
1.48

	
14.65

	
1.82




	
11.0–20.5

	
FL2 = 104.28 − 21.66 × log(E0.7)

	
0.485




	
Q. fabri

	
3.0–10.5

	
FL2 = 49,747.73 − 48,005.91 × log(E0.05) + 15,434.91 × log(E0.05)^2 − 1653.27 × log(E0.05)^3

	
0.251

	
1.69

	
18.09

	
2.10




	
11–20.5

	
FL2 = 692.22 − 390.01 × log(E0.05) + 56.01 × log(E0.05)^2

	
0.274
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