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Abstract

:

The differential flammability of individual plant species in landscape-scale fire behaviour is an important consideration, but one that is often overlooked. This is in part due to a relative dearth in the availability of plant flammability data. Here, we present a highly accurate predictive model of the likelihood of plant leaves entering flaming combustion as a function of leaf mass per area (LMA), leaf area (LA) and radiant heat flux using species of fire-prone dry sclerophyll forests of south-eastern Australia. We validated the performance of the model on two separate datasets, and on plant species not included in the model building process. Our model gives accurate predictions (75–84%) of leaf flaming with potential application in the next generation of fire behaviour models. Given the global wealth of species’ data for LMA and LA, in stark contrast to leaf flammability data, our model has the potential to improve understanding of forest flammability in the absence of leaf flammability information.
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1. Introduction


Climate change has resulted in long-term weather effects that create conditions favouring more frequent and intense wildfires [1,2,3,4,5,6,7]. Increases in the frequency and intensity of wildfires have led to extensive impacts across natural and built environments [8,9]. There is a pressing need to improve our ability to predict fire behaviour to reduce the impacts of wildfires on biodiversity, ecosystem functioning and human lives and infrastructure [10,11]. Living plant leaves provide critical fuel for wildfires, so understanding differences in leaf flammability among species, and how leaf flammability is affected by fire intensity, is key to improving our predictive models of fire behaviour [12,13,14].



Leaves play critical roles in plant physiological processes and variation in leaf traits is shaped by abiotic and biotic environmental conditions [15,16]. Leaf traits reflect environmental adaptation, where water, light and nutrient availability affect leaf morphology [15,17]. Two of the more widely investigated leaf traits in this context, leaf mass per area (LMA) and leaf area (LA), also appear to show consistent correlations with leaf flammability [18,19,20,21]. These two leaf traits influence leaf flammability as they represent the mass of leaf material available for combustion per unit area and overall leaf area available to intercept radiant heat flux from fire. Considering recent large and destructive wildfires across the world, there is an emerging possibility that the wealth of existing global data on these two leaf traits could be used to predict plant leaf flammability. Such predictive capacity would have important ramifications for models that use the traits and flammability of leaves as informative parameters for predicting wildfire behaviour [12,22,23,24,25].



Predictive modelling of leaf flammability based on leaf traits could provide a cost-effective alternative to more intensive laboratory-based flammability tests. Flammability testing can become more time-consuming and resource intensive when large numbers of species need to be investigated. In contrast, leaf trait data can be much more readily obtained. For instance, the leaf traits LMA and LA are commonly collected in and available from a wide range of ecological studies [15,26,27,28,29,30], and there are now large online repositories of data for these leaf traits (e.g., TRY Plant Database [31]). The potential applications of predictive models of leaf flammability are varied, with possible use in broad-scale fire modelling (where relative flammability for differing vegetation types might need to be quantified); preferential selection of ornamental plant species at the wildland-urban interface as a fire mitigation strategy [32]; and to provide fire-risk assessments of plant species through relative ranking schemes.



In the present study, we present a predictive model of leaf flammability as a function of the leaf traits LMA and LA. We also include leaf water content (LWC) and radiant heat flux in our modelling as previous work has shown their strong associations with leaf flammability [20,21]. Radiant heat flux and the leaf traits are both included in the models to provide a method to estimate how fire severity and leaf traits interact to determine interspecific variation in leaf flammability. The experimental work to provide data to build the predictive models uses a range of temperatures that are equivalent to moderate to extreme wildfire events [33]. The performance of the model is then demonstrated on the dataset the model was built on and the importance of the modelling steps, and the value of inclusion of leaf traits as predictors, is also demonstrated. The accuracy of the model predictions is then tested with two independent datasets not used in the model building process, in order to give an indication of the predictive value of the models when applied to new data. Our predictive modelling fits within the context of recent suggestions by [34] that more research is needed to investigate leaf flammability in standardized laboratory conditions to improve the integration of plant flammability parameters in full-scale fire simulations and wildfire modelling.




2. Materials and Methods


To provide empirical data to build the predictive model, we selected 10 plant species that are widespread and abundant in fire-prone vegetation of the Blue Mountains region of New South Wales in south-eastern Australia, 75 km west of Sydney (−33°39′31″ N, 150°32′45″ E). The study species are Acacia myrtifolia, Acacia suaveolens, Banksia serrata, Banksia spinulosa, Callistemon citrinus, Corymbia gummifera, Eucalyptus oblonga, Grevillea phylicoides, Lambertia formosa and Persoonia mollis. The inter-fire interval experienced by vegetation in the region is usually between 10 and 30 years [35]. The vegetation is predominantly comprised of sclerophyllous shrub and tree species in the families Myrtaceae, Proteaceae and Fabaceae, many of which are characterised by fire survival adaptations (e.g., possession of a lignotuber, resprouting via epicormic growth). Our study species included native shrubs and trees with interspecific variation in LMA and LA representing typical leaf trait variation observed among common species of fire-prone Blue Mountains vegetation.



We collected a replicate branch section with 15 or more healthy, fully expanded leaves from 10 individuals of each of the 10 study species from the field, situated in typical habitat for a given species, and showing typical growth form. Branch sections were cut from the outer canopy of each plant. Each individual of a species was sampled at a different location from the other individuals of the species. Locations were selected from among 50 previously identified locations in the region (approximately 20 km2; described in [21]). Branch sections were wrapped in moist cloth and sealed in air-tight plastic bags immediately following collection to preserve the water content of the samples. Samples were refrigerated overnight (to lessen dehydration and leaf wilting) before trait measurement and burning the following day. Branch sections were collected after more than seven days without rainfall to avoid this potentially influencing water content of the leaves collected. Five leaves were detached from each section of branch, and their collective leaf area was scanned and measured using ImageJ [36]. Each group of five leaves (from an individual section of branch) was weighed prior to drying for at least 48 h at 80 °C, after which it was reweighed to calculate the dry mass of the leaves. Leaf mass per area was then calculated as leaf dry mass (gm−2) per leaf area (cm2) for each replicate branch (following the protocols in [37]).



We used a fan-forced muffle furnace (Nabertherm LT 15/11HA) to measure the flammability of ten individual leaves of each species following the procedure used in previous studies [18,19,21]. In this procedure, a single leaf (chosen haphazardly from the branch section) was detached from each replicate branch section and clamped by its petiole to a wheeled stand that was used to place the leaf consistently in the centre of the furnace without coming into contact with the furnace walls. Prior to burning in the furnace, each leaf was scanned to obtain its area. We performed this procedure at four temperature settings of the muffle furnace (600, 700, 800 and 900 °C) to give a total of 400 hundred individual leaf burns (four temperatures × ten species × ten branch sections). We recorded whether or not leaves entered flaming combustion. The radiant heat flux in the furnace interior at each of the four temperatures was calculated as


  RHF = ε · σ ·  T 4   








where   RHF   is radiant heat flux (W),  ε  is the emissivity of the hot object (the proportional emission of infrared energy of the material compared to a blackbody),  σ  is the Stefan-Boltzmann constant (5.670−8) and  T  is the temperature in degrees Kelvin. The value for emissivity was set to 0.90 for white ceramic (the material of the furnace interior [38]) and assumed to be in thermal equilibrium with the air inside the furnace. The radiant heat flux values calculated for each of the increasing furnace temperatures were 29.6, 45.7, 67.6, and 96.6 kWm−2.



We used logistic regression (binomial error structure with a logit link) to model the probability of leaf flaming (1 for leaves that flamed and 0 for non-flaming leaves) as a function of increasing RHF, the leaf traits LA, LMA and LWC, including an interaction term with RHF (all continuous numeric predictors), using individual leaves as replicates. To avoid overfitting, we simplified the model on the basis of improvement in the model’s Bayesian information criterion (BIC) when sequentially removing terms, starting with terms whose removal resulted in the largest drop in BIC. First, interaction terms were removed, followed by the main effect terms (Figure 1A). This procedure identified the main effect of RHF, LA and LMA as important predictors of flaming, along with the interaction between RHF and LMA. Model BIC overall was improved with the sequential removal of the interactions between RHF and LA, and RHF and LWC, and the main effect of LWC. This gave the model:


  − 2.46620 + RHF · − 0.03109 + LA · 0.10470 + LMA · − 0.02177 + RHF · LMA ·  0.000684  








where   RHF   is radiant heat flux in kWm−2,   LA   is leaf area in cm2, and   LMA   is leaf mass per area in gm−2, from which the estimated probability of flaming was calculated by applying the logit link function to the linear predictor:


  P =   exp   l i n e a r   p r e d i c t o r     1 + exp   l i n e a r   p r e d i c t o r      











To assess the predictive power of this model, we calculated the proportion of correct predictions of flaming (i.e., the sensitivity as true positive rate [TPR]) and the proportion of correct predictions of non-flaming (i.e., specificity as true negative rate [TNR]) across a series of decision values from zero to one in steps of 0.005 to produce a receiver operator characteristic curve. The resultant curve showed the model to have good predictive power (area under the curve = 0.93). However, the traditional approach of using a decision value of P = 0.50 to interpret the binomial outcome across the radiant heat flux gradient here gave a rising false positive rate (i.e., non-flaming samples predicted as flaming) and falling false negative rate (i.e., flaming samples predicted as non-flaming) with increasing radiant heat flux. In order to determine the most balanced decision values across the gradient of radiant heat flux, we calculated the TPR and TNR within each level of radiant heat flux. The decision value at the point where TPR and TNR intersect gives the decision value which best balances the TPR and TNR, which in this case rose non-linearly with increasing radiant heat flux. To provide a method to interpolate decision values between the experimental radiant heat flux levels, and extend the utility of the model, a four-parameter Weibull function was then fitted to these values:


   P  f l a m i n g   = 0.133 +   1.101 − 0.133   · exp   − exp   − 2.769 ·   l n RHF − 4.209        








where values of  P  larger than the    P  f l a m i n g     value were then taken as predictions of flaming, substantially improving model accuracy over use of a P = 0.50 decision value (Figure 2A), with the Weibull function (Figure 2B) providing a close fit to the points and good discrimination between flaming and non-flaming samples (Figure 2C). These three equations (the model providing the linear predictor, the logit link function, and    P  f l a m i n g    ) were then applied to our empirical leaf trait and radiant heat flux data to make predictions of the flaming behaviour of all replicates in the dataset.



We tested the predictive model’s accuracy using two datasets not included in building the predictive model, with leaf flammability and leaf traits collected using the same methods. The first validation dataset included 10 species, burned at increments of 50 °C between 600 and 900 °C, to give increasing radiant heat flux of 29.6, 37.0, 45.7, 55.9, 67.6, 81.2, and 96.6 kWm−2. Three replicate leaf samples per species were burned at each level of radiant heat flux using the same method of flammability data collection as in the model building dataset (105 replicates total). The 10 species used in this dataset included five species that were not represented in the predictive dataset (Brachyloma daphnoides, Hakea dactyloides, Isopogon anemonifolius, Philotheca hispidula and Woollsia pungens) and five species that were represented in the predictive dataset (A. myrtifolia, B. serrata, B. spinulosa, G. phylicoides and L. formosa) but for which we used data from a different set of leaves not used in building the predictive model. The second validation dataset was a subset of the species (excluding non-vascular plant species and those with long strap like leaves) analysed in [21], burned at a single radiant heat flux of 45.7 kWm−2. This dataset included five replicates each of 63 species (315 replicates) not included in either the model building or the other validation datasets.



Leaf traits (LMA and LA) were broadly comparable across all datasets (model building and validation datasets; Figure 3). Patterns in the proportions of samples flaming were similar across the radiant heat flux gradient for the modelling data (Figure 3C), the species included in the modelling data in the validation data (Figure 3D), and the Krix and Murray dataset (Figure 3E), while the species not included in the modelling in the validation dataset did not flame at lower radiant heat flux levels, and flamed in lower proportion at higher radiant heat flux levels (Figure 3D). Using the leaf traits for the validation datasets, the coefficients from the logistic flaming model, and the    P  f l a m i n g     equation were used to make predictions of leaf flaming.



Accuracy in the predictions of leaf flaming was then compared across the datasets by fitting a logistic regression model using the calculated binary accuracy of predictions as the response (one for an accurate prediction, zero for an inaccurate prediction). Terms for the dataset (four-level fixed categorical factor: modelled data, validation species included in modelling, validation species not included in modelling, Krix and Murray dataset), sample flaming behaviour (two-level fixed categorical factor: flaming present, flaming absent), and a dataset × flaming behaviour interaction term. This allowed us to test if accuracy differed among datasets, if accuracy in identification of samples which flamed or did not flame differed (true positive and true negative rates), or if there were differences among the datasets in their discriminatory value for flaming and non-flaming samples. These tests were not extended to the levels of radiant heat flux due to the small sample sizes for flaming/non-flaming replicates within levels of radiant heat flux in the validation dataset, and separation issues (where the model is unable to calculate standard errors due to all observations for a factor level being either zero or one). Differences in accuracy within radiant heat flux levels were instead compared qualitatively. Overall, this approach allowed us to test (1) the relative accuracy of the model; (2) the accuracy of the model when applied to new samples of a subset of the same species used to build the model; (3) the accuracy of the model predictions when applied to species which were not used in the modelling process; and (4) the accuracy of the model when interpolation was performed.



All analyses and graphical presentation were performed with R 4.1.0 [39].




3. Results


Overall accuracy for prediction of leaf flaming did not differ significantly among the datasets (χ23,921 = 2.437, P = 0.5; Figure 4A), and was balanced across the datasets in predicting both flaming and non-flaming samples (χ21,920 = 0.552, P = 0.5). No significant dataset x flaming behaviour effect was found (χ23,917 = 2.336, P = 0.5; Figure 4B), with accuracy for predicting non-flaming samples and flaming samples not differing significantly across the datasets. The largest divergence from the modelled data accuracy was for non-flaming samples in the species not included in the predictive dataset (0.74 of samples correctly predicted as non-flaming vs. 0.80 in the modelled data; Figure 4B).



Accuracy for the predictive dataset was well above that expected by chance (Figure 5A), with the higher TPR and TNR at the extremes of the radiant heat flux gradient, and lowest at 45.7 kWm−2. Across levels of radiant heat flux, accuracy in the validation data model predictions was broadly similar to those for the predictive dataset (Figure 5B,C). Only the classification of flaming samples at 37.0 and 96.6 kWm−2 (misclassifying one and two flaming samples), falling below 50% accuracy, and identification of non-flaming samples returning 50% accuracy at 81.2 kWm−2 (representing model accuracy no better than chance; Figure 5B). The model maintained discriminatory power to identify non-flaming samples of species not included in the predictive dataset at higher temperatures (Figure 5C), and high accuracy in identifying flaming samples above 55.9 kWm−2 in the validation dataset species (Figure 5B). Interestingly, in the Krix and Murray dataset including 63 species not included in the modelling (Figure 5D), classification accuracy for both flaming and non-flaming samples was higher than that for the predictive dataset at 45.7 kWm−2 (Figure 5A).




4. Discussion


Our predictive model of leaf flaming showed a high level of performance on the validation datasets, on species not included in the modelling, and also where interpolating to radiant energy levels was not modelled directly. The two leaf traits LMA and LA were shown to be an important dimension in the prediction of leaf flaming, with their inclusion in modelling allowing discrimination among samples in prediction of leaf flaming. Taken together, LMA, LA and the interaction between radiant heat flux and LMA explained approximately the same amount of variation as did radiant heat flux overall (Figure 1). This underlines the importance of these traits, and allows the model to make accurate predictions of flaming, particularly at relatively high or low radiant heat flux. As other authors have demonstrated, strong relationships exist between leaf traits and flammability attributes [18,19,20], which supports our finding. Addition of the    P  f l a m i n g     approach improved accuracy of the model predictions, important in correctly classifying flaming leaves at low radiant heat flux, and non-flaming leaves at high radiant heat flux. This is a crucial consideration, given that identification of non-flaming leaves at higher radiant heat flux, and flaming leaves at low radiant heat flux is the property of the model with the greatest utility, e.g., if applied to identify low-leaf-flammability plant species, or as a predictor of fire behaviour in a larger model.



Interpolation between the levels of radiant heat flux used in the predictive dataset also showed similar TPR and TNR relative to the adjacent levels of radiant heat flux in the predictive dataset. The accuracy of this model might be improved further with data on the presence of biogenic volatile organic compounds [40] in species leaves, although laboratory determination of this is likely to be time consuming [41,42,43], with direct flammability testing possibly a faster alternative to this method. A further consideration, not captured in this experimental approach, is how the flaming response of leaves within the flame plume of adjacent leaves, or leaves undergoing ember attack may be affected. If the underlying leaf trait and leaf flaming relationship found here for spontaneous flaming due to radiant heat flux hold, these differences may be minor. However, leaf volatiles in the case of leaves within the flame plume, or leaf traits such as cuticle thickness which may act as a buffer to heating of the leaf at a point source during ember attack may play a larger role in these circumstances. Further validation of this model may also be made wherever flammability testing of leaves is conducted, new data would also aid in determining other predictors which might be usefully added to the model, or groups of species whose flammability is relatively poorly modelled.



The leaf trait databases could be used to generate relative flammability ratings for both wild occurring and decorative plant species. In selection of ‘green firebreak’ species [13,32], these models could be applied to select for low-leaf-flammability species, with results from the models possibly passed on to a compound flammability rating [37]. In this application it may be most useful to score plant species on the lowest radiant heat flux that they are predicted to flame. Fire movement, particularly at lower intensities might be most affected by leaves flaming and spreading fire to adjacent leaves [12,44], or neighbouring plants. As these models may be applied for any fire intensity within the range of radiant heat flux that was tested experimentally, there may be applications in fire behaviour models which explicitly include fire intensity. Accurate predictions of which plant species leaves are likely to flame at a given fire intensity might be incorporated into current models to provide more accurate predictions of fire spread.



Application of this model to leaf trait data for plant communities will allow relative community leaf flammability at varying spatial scales to be compared. Where comprehensive data of leaf traits are available at community level, the flammability of individual canopy layers might also be estimated, and give an indication of the risk of fire moving vertically (e.g., where highly flammable shrub layers might allow low intensity surface fire to move to the canopy). As both LMA and LA are related to landscape variation in light and water availability, mapping spatial relationships between abiotic topographic factors and flammability is a further possible use of this model. Continental- or global-scale spatial analyses of patterns in leaf flammability are also possible, although defining species ranges may prove difficult.




5. Conclusions


The model we present in this paper accurately predicts whether a given leaf will flame based on two principal leaf traits (LMA, LA) and incoming radiant heat flux. Prediction accuracy was comparable between data not used in model building (75–80%) and data used to fit the model (80%). Importantly, the model accurately predicts which leaves are likely to flame at relatively low radiant heat flux and also those that are unlikely to flame at high radiant heat flux. Our model provides for the first time the ability to identify accurately high-flammability and low-flammability species on the basis of two leaf traits, which has enormous potential for increasing our understanding of plant flammability in many different systems around the world through the use of widely available databases of plant leaf traits.
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Figure 1. Odds ratios for scaled and centered predictor data for the initial model containing all terms (A), and the reduced model with the lowest BIC. The order of the terms dropped from the model is shown in (A) in grey text, next to the resultant BIC after dropping a given term and terms before it. In (B), the grey text shows the BIC resulting from dropping a given term. 
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Figure 2. Classification accuracy for non-flaming leaves (blue shaded probability densities and boxplots) and flaming leaves (red shaded probability densities and boxplots). In (A), a 0.50 decision value is shown as a broken line, with shaded blue and red areas indicating correct predictions. In (B), the Weibull function fitted to the selected decision values is shown with the function presented at top. In (C), the model-predicted values for    P  f l a m i n g     from the Weibull function are shown as a broken line with the model predictions. In both (A,C), the non-flaming leaves below the broken line and the flaming leaves above the broken line are correctly predicted. 
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Figure 3. Plots comparing LMA (A), LA (B), LWC (C) and the proportion of flaming samples across the predictive (D), the first validation dataset (E), and the Krix and Murray dataset (F). In (E), the bars are coloured by species included (pink) or not included (brown) in the predictive dataset, with crosses indicating no flaming samples at a given level of radiant heat flux. Colours in D-F match the colours distinguishing the datasets in A-C. 
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Figure 4. (A) Overall accuracy of predictions for leaf flaming behaviour for the predictive and validation datasets (coloured by dataset) and (B) classification accuracy for samples which flamed and did not by dataset. In (B), bars to the left of the x-axis divisions show the proportion of non-flaming samples, and bars to the right show the proportion of flaming samples. The blue and red shaded sections of these bars indicate the proportions of samples which were correctly predicted, dark shaded sections indicate incorrectly classified samples. Numbers above or within bars indicate the proportion of samples correctly predicted. 
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Figure 5. Classification accuracy by radiant heat flux level for the predictive dataset (A), the species included (B), the species not included in the predictive dataset (C) and the Krix and Murray dataset (D). Bars to the left of the x-axis divisions show the counts of non-flaming samples, and flaming samples to the right. The blue and red shaded sections of these bars indicate the counts of samples which were correctly predicted, dark shaded sections indicate incorrectly classified samples. Numbers above or within bars indicate the proportion of samples correctly predicted. 
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