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ABSTRACT 

Background. Accurate prediction of the woody debris consumed in wildfires is important for 
both wildland management and carbon accounting. Aims. We investigate the combustion  factor 
(defined as the mean diameter reduction rate of the assumed cylindrical woody debris after fire) 
for fine woody debris (FWD) with pre-burn diameters ranging from 6 to 50 mm in free-spreading 
surface fires. Methods. Experiments were conducted in the CSIRO Pyrotron combustion wind 
tunnel facility (Canberra, Australia). A database of FWD consumption was constructed from 
experimental observations featuring 17 predictor variables. Machine learning models were applied 
to predict the FWD combustion  factor. Key results. Pearson correlation coefficient analysis 
indicated that the FWD combustion factor exhibited highly significant negative correlations with 
smouldering duration, pre-burn diameter and tunnel axial position of FWD. Conclusions. We 
conclude that our combustion wind tunnel experimental approach captures the underpinning fire 
behaviour physics of FWD consumption well. A binary classification model using a support vector 
classifier demonstrated the best results for predicting FWD consumption, with an overall 
classification accuracy of 74%. A ridge regression model achieved a mean absolute error of 
approximately 9% for modelling FWD consumption. Implications. Our results illuminate possible 
options for controlling woody fuel consumption during managed fires in landscapes.  

Keywords: artificial intelligence, binary classification, combustion factor, CSIRO Pyrotron 
combustion wind tunnel, eucalypt, fine woody debris, fire behaviour, fuel consumption, machine 
learning, FWD, wildfire, wildland fire. 

Introduction 

Woody debris (WD) or downed woody material refers to coarse dead fuel elements with a 
diameter >6 mm that dominate total fuel loads in tropical, temperate and boreal forests 
(Hollis et al. 2011b; Van Leeuwen et al. 2014; Volkova and Weston 2015). Woody debris 
plays an important role in forest ecosystems by supporting key ecological processes such 
as nutrient cycling and soil stabilisation, and represents vital habitat for species, while 
also contributing to biological diversity (Harmon et al. 1986; Hollis et al. 2011a). 
Additionally, WD serves as a significant carbon sink, typically capable of storing 
5–10% of a forest’s total carbon budget (Manies et al. 2005), although in some cases, 
this value can reach 50% (Davis et al. 2003). In eucalypt forests (the dominant forest type 
in Australia), WD constitutes the majority of the ground fuel load and forms the major 
proportion of fuel consumed by forest fires, which contributes to greenhouse gas and 
particulate emissions (Volkova et al. 2022). 

WD plays a significant role in forest fires by influencing fire behaviour (Sullivan et al. 
2012), emission production (Ottmar 2014) and post-fire ecological processes (Reinhardt 
et al. 2001; Reinhardt 2003). WD typically undergoes three phases of combustion in 
wildfires: (I) drying and preheating, (II) ignition and flaming combustion, and (III) 
smouldering and glowing combustion (Sullivan 2017; Hollis et al. 2018, 2010). WD 
ignition typically commences during passage of the flame front but can take some time to 
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become sustained. The delay in sustained ignition depends 
on both the woody fuel properties and the fire intensity 
(Hollis et al. 2011b). Once ignited, WD begins to thermally 
decompose, producing combustible volatiles and char in 
thermo-kinetic competition (Sullivan and Ball 2012), both 
of which can oxidise in the presence of sufficient oxygen – 
volatiles forming flaming combustion and char forming 
glowing or smouldering combustion. Volatiles formation 
and combustion are fast compared with char formation and 
smouldering combustion, leading to the perception that 
smouldering occurs after flaming is completed, but this is 
not necessarily the case. Owing to the relative inefficiency 
of gas-phase oxygen access to the solid-phase smouldering 
and the amount of material typically involved, smouldering 
of WD can persist for a long period of time, sometimes even 
months after the initiating fire, posing challenges for fire 
suppression and increasing the risk of re-ignition of other 
fuels (Kauffman and Martin 1989; Knapp et al. 2005; Hyde 
et al. 2011). 

The consumption of WD is defined as the amount (i.e. 
mass or volume) of the woody fuel that is combusted during 
a fire (Ottmar 2014). Understanding the pre- and post-fire 
quantities of WD in wildlands is crucial for quantifying fuel 
heterogeneity (Hyde et al. 2011), modelling fire spread 
(Sullivan et al. 2018), and estimating carbon and other gas
eous and solid-phase emissions (Ottmar 2014; Prichard et al. 
2017). Existing literature has shown that the modelled esti
mates of pollutant emissions are more sensitive to fuel con
sumption than to the selection of emissions factors (Ottmar 
et al. 2008; Ottmar 2014). 

The consumption of WD is affected by multiple factors, 
such as the physico-chemical properties of fuels, the 
amount, spacing and orientation of the fuels, and the beha
viour and intensity of the initiating fire, which are largely 
determined by environmental conditions such as air temper
ature, humidity and wind speed (Hollis et al. 2011a), as well 
as the fire spread mode of combustion of the initiating fire, 
i.e. heading, flanking or backing spread (Surawski et al. 
2015). Among these factors, woody fuel moisture content 
is often considered one of the most critical variables influ
encing fuel consumption (Byram 1959; Albini and Reinhardt 
1997; Prichard et al. 2017). However, establishing a clear 
relationship between woody fuel moisture and woody fuel 
consumption remains challenging owing to the large mois
ture variability within individual WD pieces and the fact 
that woody fuel moisture is often correlated with the degree 
of woody decay (Hollis et al. 2011b). Wind affects WD 
consumption by altering the airflow, oxygen availability 
and fire spread (Finney and McAllister 2011). Some studies 
show that no significant difference in WD consumption 
exists between heading and backing fires (Hough 1968). 
Pre-fire fuel load is another vital parameter (Brown 1985;  
Hollis et al. 2010), with smaller woody fuels (<7.5 cm in 
diameter) showing significantly higher consumption when pre- 
fire loads exceed 22.4 t ha−1 (Brown 1985). Additionally, 

a strong positive relationship between WD consumption and 
fireline intensity has been widely reported across different 
forest sites (Burrows 2001; Tolhurst et al. 2006; Youngblood 
et al. 2008; De Groot et al. 2009; Hollis et al. 2011a). Thus, 
accurately predicting WD consumption remains a complex 
challenge. 

Various models have been developed to estimate woody 
fuel consumption and have been incorporated into several 
software applications, including the empirical CONSUME 
model (Prichard et al. 2007), the process-based Burnout 
model and hybrid models like BURNUP (Albini and Reinhardt 
1997; Reinhardt et al. 1997). These models are widely used in 
the United States and parts of Canada. CONSUME Version 3.0 
includes an activity fuel model and a natural fuel model (Ottmar 
et al. 2006). It requires input variables such as fine fuel load, 
woody fuel load, woody fuel moisture and duff fuel moisture 
content. For the activity fuel model, additional factors, includ
ing burned area, fire duration, slope and mid-flame wind speed 
are also required. Albini’s early Burnout model is a process- 
based model that simulates fundamental biological and physi
cal processes governing fuel consumption (Albini 1976). 
BURNUP is an improved and calibrated Burnout model, 
which predicts the reduction of fuel diameter over time until 
the fire self-extinguishes or all fuel is consumed, and applies 
some constants such as heat capacity, thermal conductivity, 
ignition temperature and char temperature (Albini and 
Reinhardt 1995). 

In Australia, the National Carbon Accounting System 
applies a Tier 2 country-specific methodology that adopts 
an assumed woody fuel combustion factor  of 50% for wild
fires across a broad range of burning conditions (Volkova 
et al. 2019), which could achieve a mean absolute error 
(MAE) of 11.2% in Australian southern eucalypt forest 
fires (Hollis et al. 2010). The Woody Fuel Consumption 
Project (WFCP) initiated in 2007 aimed to better understand 
and model woody fuel consumption in eucalypt forests in 
southern Australia (Hollis et al. 2010). As part of this proj
ect, a generalised linear model (GLM) model was developed 
that is capable of predicting woody fuel consumption for 
prescribed fires, with an MAE of 12.2% (Hollis et al. 2011a), 
that uses fireline intensity as a predictor variable. In addi
tion, the Forest Fire Danger Index, which incorporates the 
effect of air temperature, relative humidity, wind speed and 
a drought factor, was identified as the best predictor of 
woody fuel consumption by a GLM, achieving an R2 of 
0.58 and an MAE of 10% (Hollis et al. 2011b). 

Machine learning is a data-driven approach that enables 
computers to identify complex patterns and relationships 
within data. In recent years, machine learning has been 
widely applied in wildfire science and management for 
studies that investigate fuel characterisation (Riley et al. 2014;  
López-Serrano et al. 2016), fire susceptibility (Duane et al. 
2015; Hong et al. 2018), fire risk assessment (Jafari Goldarag 
et al. 2016) and fire behaviour prediction (Kozik et al. 2013;  
Chetehouna et al. 2015). For example, Pierce et al. (2012) 
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used a random forest (RF) algorithm to classify the canopy 
fuel variables used for fire behaviour analysis in Lassen 
Volcanic National Park, California, using canopy cover, 
height, base height and bulk density. Different models, such 
as artificial neural networks (ANN), linear regression (LR), RF 
and support vector machines (SVM), have been applied for 
mapping fire susceptibility (Bassett et al. 2015; Jain et al. 
2020; Tang et al. 2022). Also, various machine learning 
models have been developed to predict fire behaviour, 
including the rate of spread, flame height and flame angle 
(Chetehouna et al. 2015; Hodges and Lattimer 2019). 
However, the application of machine learning techniques to 
predict woody fuel consumption in wildland fire science 
remains unexplored. 

This paper aims to develop a predictive model for fine 
woody debris (FWD) consumption with pre-burn diameters 
ranging between 6 and 50 mm using machine learning 
techniques. Predictions of FWD consumption are based on 
17 predictor variables that capture the influence of environ
mental conditions, fuel properties, FWD orientation, FWD 
configuration and fire behaviour variables. Experiments 
were previously conducted in the CSIRO Pyrotron combus
tion wind tunnel at the CSIRO National Bushfire Behaviour 
Research Laboratory, Canberra, Australia, to obtain empiri
cal estimates of FWD consumption as well as the predictor 
variables. Once our results database was assembled, various 
models were trained, evaluated and compared for predicting 
the FWD combustion factor. 

Methodology 

Combustion wind tunnel experiments 

Laboratory-scale experiments were conducted with the 
CSIRO Pyrotron, a large combustion wind tunnel facility 
designed for wildfire research and housed in the CSIRO 
National Bushfire Behaviour Research Laboratory. This appa
ratus has been used to undertake fire behaviour (Mulvaney 
et al. 2016; Gould and Sullivan 2021), emissions (Surawski 
et al. 2015; Guérette et al. 2025), pyrogenic carbon produc
tion (Surawski et al. 2020) and suppression studies (Plucinski 
et al. 2017). 

The experimental design and set-up were described in 
detail by Sullivan et al. (2018) and were chosen specifically 
to simulate typical prescribed burning scenarios in dry euca
lypt forests in central Victoria, Australia. In summary, 
the airflow velocity in the tunnel was set at 1.0 m s−1; the 
fuel bed consisted of dry eucalypt forest litter (leaves, twigs 
and bark <6 mm diameter) and FWD (6–50 mm diameter) 
collected from a forest in Victoria (37°28′57.2″S 144°13′24.1″E). 
As shown in Fig. 1a, the working section of the wind tunnel 
was 4.8 m long and 2.0 m wide and could contain a fuel bed 
4.5 m long and 1.5 m wide. For this set of experiments, the 
fuel bed for heading fires (fire that spreads in the same 
direction as the wind) was 4.0 m long (Fig. 1c), whereas 
for backing fires (fire that spreads in the direction opposite 
to the wind), it was 2.0 m long (Fig. 1d). As shown in  
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Fig. 1. (a) Diagram of the dimensions and division of the fuel bed; (b) picture of the fuel bed before fire (under a FWD load of 
1.2 kg m−2); and schematic of (c) heading, and (d) backing fire spread modes, where the black rectangles indicate the area of the fuel bed.   
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Fig. 1a, the floor of the working section was manually 
divided into four horizontal sections that were each 1.0 m in 
length. Each section was further subdivided into eight equally 
sized cells 0.5  × 0.375 m to randomly set the position of the 
FWD pieces using a random number generator. For example, 
the circled piece of FWD in Fig. 1b is positioned in section 3–4 
and spans cells 1 and 3. 

All fires were ignited using a line ignition method, where 
a channel spanning the entire width of the fuel bed, as 
illustrated in Fig. 1c, d, was filled with 99% ethanol and 
ignited with a gas lighter to commence each experiment. An 
array of K-type thermocouples was placed on the Pyrotron 
floor at 0.5 m intervals along the bed, with 11 thermocou
ples distributed across the width of the working section to 
capture the arrival of the flame front. A ceiling-mounted 
camera in the working section was used to record fire 
behaviour phenomena for each piece of FWD, such as the 
location and ignition delay, as well as the durations of 
flaming and smouldering combustion. 

Fig. 1b provides an example of the pre-burn fuel bed. Fuels 
were conditioned under prevailing ambient temperature and 
humidity conditions in a shed. As a result, the moisture 
content of the fine fuels ranged from 10.2 to 12.7%, while 
that of the FWD was approximately 11.5%, commensurate 
with those of prescribed burning (Sullivan et al. 2018). 

The surface litter fuel was evenly distributed across the 
floor of the working section to form the fine fuel bed. The 
total load of FWD for each experiment (0.2, 0.6, or 
1.2 kg m−2) was divided equally between the two size clas
ses, with the smaller 6–25 mm pieces evenly distributed 
across the fuel bed, and the larger 25–50 mm pieces placed 
randomly in the fuel bed. The orientation of FWD was ran
domised using four angles relative to the airflow: parallel 
(PAR), perpendicular (PER), left 45° (L45) and right 45° 
(R45). The diameter of each FWD piece before the fire and 
FWD pieces that were not completely consumed post-fire 
were measured manually with Vernier callipers at three posi
tions along the length of each fuel element and recorded. The 
same fine fuel load (i.e. 1.0 kg m−2) was used in all experi
ments. Further details on fuel collection, preparation and 
measurements are available in Sullivan et al. (2018). 

Data collection and database establishment 

A total of 18 variables were measured from the experiments 
to form a database characterising the fire burning dynamics 
and fire severity for machine learning modelling. 
Specifically, there are three environmental and operational 
parameters: ambient temperature (Ta), relative humidity 
(RH) and fire spread mode (including heading and backing 
fires). Six parameters were obtained from analysis of experi
mental videos and laboratory records to describe the prop
erties of the fuel bed and the spacing and configuration of 
each FWD piece before the fires. These were the FWD fuel 
load (FL), tunnel axial position and cell position where the 

FWD was placed, FWD orientation and pre-burn diameter 
(Dpre) of each FWD piece. The FWD combustion factor was 
defined as the mean diameter reduction of the assumed 
cylindrical woody debris after fire. Additionally, nine param
eters were calculated to characterise the fire behaviour near 
specific FWD pieces: 

(1) Interval rate of spread (ROSin, m s−1) was calculated 
for each interval between two thermocouple arrays as the 
ratio of the 0.5-m distance and the time taken for the flame 
front to spread between adjacent arrays (Gould et al. 2017). 

(2) Cumulative rate of spread (ROScu, m s−1) was calcu
lated as the cumulative distance from the ignition line to each 
0.5-m thermocouple array divided by the time from ignition 
to the fire front arriving at each interval (Gould et al. 2017). 

(3) Interval fireline intensity (FLIin, kW m−1) was calcu
lated as (Byram 1959): 

H wFLI = × × ROS ,in in (1)  

where H is the lower heat of combustion (kJ kg−1), which is 
typically 18 × 103 kJ kg−1 for eucalyptus litter and FWD 
(Sullivan et al. 2018), w is the mass of fuel consumed in the 
active flaming front per unit area (kg m−2) and ROSin is the 
interval rate of spread (m s−1). 

(4) Cumulative fireline intensity (FLIcu, kW m−1) was 
calculated as: 

H wFLI = × × ROS ,cu cu (2)  

where ROScu is the cumulative rate of spread (m s−1). 
(5) Ignition delay (tig, s) is the time required for a FWD 

piece to be ignited after flame arrival. It was calculated as 
the time when the fuel element commenced flaming com
bustion minus the time when the flame base arrived at the 
fuel element. 

(6) Residence time (tre, s) described the duration of flam
ing combustion at a fixed location on the fuel bed, which 
was determined as the time a FWD was immersed in the 
flame (Nelson 2003). The ratio of flame depth to interval 
rate of spread was used to calculate tre. 

(7) Duration of flaming combustion (tfl, s) was calculated 
as the time that flaming combustion ended minus the flame 
attachment time (i.e. the time when the fuel element com
menced flaming combustion). 

(8) Duration of smouldering duration (tsm, s) was calcu
lated as the time when visible smoke disappeared minus the 
burnout time (i.e. the time when flaming combustion ceased). 

(9) Charring intensity (CI, °C s) was calculated by integrat
ing the thermocouple data T(t) with the trapezoidal method 
from when the temperature rose above 200°C (t0) to when it 
dropped below 200°C (tf) (Pyle et al. 2015), that is, 

T t tCI = ( ) d .
t

t

0

f
(3)  

In total, the database included 138 unique observations and 
for each observation, it included 18 variables. The established 
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experimental dataset is shown in Supplementary material 
Table S1. 

Framework for machine learning modelling 

The ‘Scikit-Learn’ open-source library in Python (Bisong 
2019) was used to code the machine learning models in 
this work. Fig. 2 shows the workflow chart of the machine 
learning process, which contains three main steps: (1) data 
pre-processing, (2) classification, and (3) regression model
ling. Firstly, the database was pre-processed by normalisa
tion and feature selection to eliminate the scale differences 
and influence of irrelevant variables. Then, the data were 
labelled as fully consumed or partially consumed, thus pre
paring them for the classification step. The labelled data 

were split into two sets: 70% for the training set and 30% 
for the test set. 

A classification model was trained with multiple binary 
classifiers, including LR, RF, support vector classification 
(SVC) and ANN (discussed in detail in the next section). The 
best-performing classification model and hyper-parameters 
were determined by a trial-and-error method within the train
ing set using five-fold cross-validation. In five-fold cross- 
validation, the dataset was split into five equal parts and the 
model was trained on four parts and tested on the remaining 
one, with this process repeated five times using a different test 
set each time. The cross-validation technique is commonly 
used to prevent overfitting of the training data (Chen et al. 
2023). The final classification model predicts whether a FWD 
piece is fully consumed (i.e. combustion factor is 100%) or 
partially consumed (0 ≤ combustion factor < 100%). 

For the data classified as fully consumed, the FWD com
bustion factor is output as 100%. For the data classified as 
partially consumed, they moved to a second regression step 
for the prediction of the combustion factor. For these data, 
another round of data splitting was performed to create new 
training and test sets. Given the limited level of experimen
tal replication relative to the number of recorded variables, 
four regression models were selected to support such data
sets. These were ridge regression (RR), K-nearest neighbours 
(KNN), support vector regression (SVR) and ANN. For each 
model, the best hyper-parameters were determined by a 
trial-and-error method within the training set using five- 
fold cross-validation. After that, the trained regression 
model was used to predict the combustion factor of the 
partially consumed FWD pieces. 

The following section introduces the machine learning 
(ML) models employed in this work. 

Machine learning models 

Multiple logistic regression 
Multiple logistic regression (MLR) is commonly used in 

binary classification problems, which is derived from the 
GLM (LaValley 2008). It uses a logistic function called a 
sigmoid function (i.e. S-shaped curve) to calculate the prob
ability of occurrence from predictor variables. The following 
equation represents multiple logistic regression: 

f x( ) = 1
1 + e

= e

1 + e

,i z

b b x

b b x

+

+

j
k j i j

j
k j i j

0 =1 ,

0 =1 ,

i
k
jjjjj

y
{
zzzzz

i
k
jjjjj

y
{
zzzzz

(4)  

where: f(xi) is the ith predicted output (estimated probabil
ity); xi,j represents input data for the ith value of indepen
dent variable j, where i ∈ {1, …, n} and j ∈ {1, …, k}; b0 is 
the bias or intercept term; bj is a set of coefficients that 
measures the contribution of each independent variable xj, 
n is the number of FWD pieces for which the combustion 
factor was measured. If the estimated probability is greater 
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Fig. 2. Workflow of the machine learning prediction procedure.  
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than 0.5 (or other user-defined threshold value), the subject 
is classified into the success group; otherwise, it is classified 
into the failure group (LaValley 2008). 

Random forest 
Random forest (RF) is an ensemble learning method that 

constructs a series of decision trees using bootstrap samples 
of the original dataset (Breiman 2001). In the RF model, 
each tree is built from a randomly selected subset of predic
tors that optimise a splitting criterion at each node. For 
classification tasks, the final prediction is determined by 
the consensus of the trees, whereas for regression tasks, it 
is based on averaging the predictions of individual trees. 
The model estimates prediction error by using out-of-bag 
samples, where each tree predicts data not included in its 
bootstrap sample, providing an internally unbiased estimate 
of model performance (Liaw and Wiener 2002). The RF 
model is quite user-friendly because it requires only two 
parameters that the user needs to define: the number of 
trees in the forest and the number of predictor variables in 
the random subset of trees at each node (Breiman 2001). 

K-Nearest neighbour 
K-Nearest neighbour (KNN) is a supervised machine learn

ing algorithm that can be used for both classification and 
regression tasks. As KNN performs well with small datasets, it 
is selected to predict the combustion factor for FWD that is not 
fully consumed, based on a dataset containing only 67 entries. 
In regression tasks, KNN predicts the value of a target by 
averaging the outputs of the k closest data points in the feature 
space, where proximity is typically measured using a distance 
metric. The most commonly used distance metrics in KNN 
include Euclidean distance, Manhattan distance, Minkowski 
distance and Mahalanobis distance (Altman 1992). KNN is 
sensitive to the choice of k and the distance metric. 

Support vector machine 
Support vector machine (SVM) is a supervised learning 

algorithm that is widely used for both classification and 
regression tasks, referred to as SVC and SVR, respectively. 
SVM operates by identifying an optimal hyperplane that 
separates data points in a high-dimensional space. In SVC, 
this hyperplane maximises the margin between different 
classes, whereas in SVR, the goal is to minimise prediction 
error within a defined tolerance. The model relies on a 
subset of training samples known as support vectors, 
which define the position and orientation of the hyperplane; 
any change in these points can alter the decision boundary 
or regression function. SVM can effectively handle non- 
linear relationships by projecting input features into 
higher-dimensional spaces using kernel functions, such as 
a linear kernel function, a sigmoid kernel function, a radial 
basis function (RBF) and polynomial kernels (Corinna and 
Vladimir 1995; James et al. 2013). 

A linear kernel function is given by: 

K x x x x( , ) = × ,i j k
p

i k j k=1 , , (5)  

where xi,k and xj,k are separate observations for independent 
variable k. 

A sigmoid kernel function is given by: 

K x x x x( , ) = tanh( × × + ),i j k
p

i k j k=1 , , (6)  

where α and β are the slope and offset parameters of the 
tanh function. 

A radial basis kernel function (RBF) is given by: 

K x x x x( , ) = exp( ( ) ),i j k
p

i k j k=1 , , 2 (7)  

where γ is a positive parameter and can be parameterised as 
γ = 1/2σ2 (σ2 is the bandwidth of the RBF). 

A polynomial kernel function is given by: 

K x x x x r( , ) = ( × + ) ,i j k
p

i k j k
d

=1 , , (8)  

where r is a constant term and d is the degree of the 
polynomial. 

Artificial neural network 
An ANN is a deep-sequence data processing network, 

which can learn from prior events and establish a pattern 
to generate the desired result. In this work, the back propa
gation neural network is used, which is a widely applied ML 
model in wildfire research (Vasilakos et al. 2009; Zhang 
et al. 2021). The backpropagation neural network is a 
multi-layer feedforward neural network in which model 
parameters (weights and biases) are iteratively updated 
using the backpropagation algorithm to minimise prediction 
error. Typically, the ANN network has an input layer, an 
output layer and one or multiple hidden layers with an 
interconnected perceptron. 

For each perceptron shown in the ANN network, the 
output of the jth neuron (Oj) is calculated as: 

O h W X B= ( + ) ,j i
N

ji i j=1 (9)  

where Xi is the input from the preceding layer neuron, Wji is 
the weight from input neuron i to output neuron j, Bj is the 
bias, and h is the transfer (activation) function. Many types 
of activation functions are available in the ‘Scikit-Learn’ 
library (Kartal and Özveren 2022), such as sigmoid (or 
logistic), reLU and tanh. In this work, the employed activa
tion functions include reLU and logistic, which are stated as 
follows for the independent variable z: 

z zreLU( ) = max(0, ), (10) 

z( ) = 1
1 + e

.z (11)  
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Classification performance evaluation methods 

There are many techniques to evaluate the performance of 
classification models including the confusion matrix, accu
racy, precision, sensitivity, specificity, F1 score, ROC 
(receiver operating characteristic) curve and recall (Kartal 
and Özveren 2022). In the present work, the classification 
model involves a two-class prediction problem (i.e. binary 
classification), in which the results are labelled either as 
‘completely consumed’ or ‘partially consumed’. Here, the 
completely consumed result is defined as positive (P) and 
the partially consumed result is defined as negative (N). 
Correct predictions include so-called true positives (TP) 
and true negatives (TN), and incorrect predictions include 
false positives (FP) and false negatives (FN). 

The accuracy measures how often an ML model correctly 
predicts the outcome: 

Accuracy = TP + TN
TP + TN + FP + FN

. (12)  

The precision measures how often an ML model correctly 
predicts the positive class: 

Precision = TP
TP + FP

. (13)  

The recall (also called sensitivity or true positive rate, TPR) 
measures how often an ML model correctly identifies positive 
instances from all the actual positive samples in the dataset. 

TPR = TP
TP + FN

. (14)  

The FPR (false positive rate) measures the proportion of 
negative cases that a model incorrectly predicts as positive: 

FPR = FP
FP + TN

. (15)  

F1 score gives a combined idea about the precision and recall 
metrics, which is defined as: 

F1 = 2 × Precision × TPR
Precision + TPR

. (16)  

An ROC curve is a graph of TPR versus FPR, which depicts the 
relative trade-offs between the false positive and true positive 
rates at varying threshold values. The performance quality of 
the models can be calculated by the area under the ROC 
curve (AUC). The higher the AUC value, the higher the 
accuracy of the model is. 

Regression performance evaluation methods 

The performance of the developed regression models is 
measured by the difference between the predicted and 
observed values. In this work, three common criteria were 
used to evaluate the model: MAE in Eqn 17, MSE (mean 

squared error) in Eqn 18 (Bennett et al. 2013), RMSE 
(square root of the MSE), and R2 (coefficient of determina
tion) in Eqn 19 (Montgomery and Runger 2010). A larger R2 

and smaller MAE and RMSE indicate better model perform
ance. These fitting criteria are defined as: 

N
Y YMAE = 1 ,i

N
i i=1 observed, predicted, (17) 

N
Y YMSE = 1 ( ) ,i

N
i i=1 observed, predicted,

2 (18) 

R
Y Y

Y Y
= 1

( )
( )

,i
N i i

i
N i

2 =1 observed, predicted,
2

=1 observed, mean
2 (19)  

where Ypredicted,i is the ith predicted value by the developed 
model, Yobserved,i is the ith observation, Ymean is the average 
value of the observations and N is the number of data points. 

Results and discussion 

Statistical analysis of the dataset 

A database encompassing the environmental conditions, 
FWD properties and placement configuration, fire behaviour 
and FWD combustion factor was established that included 
17 independent variables. The statistical characteristics of 
key variables in the dataset are presented in Figs 3 and 4. 

Fig. 3 shows the distribution of six variables encompassing 
environmental condition variables (i.e. ambient air tempera
ture and RH) and pre-fire fuel property variables including 
both the FWD fuel load and pre-burn FWD diameter, as well 
as the direction of flame spread as a fire behaviour variable.  
Fig. 3a, b shows that ambient air temperature ranged from 22 
to 31°C, while RH varied between 26.3 and 56.8%. These 
conditions reflect typical weather characteristics of March 
in Canberra, Australia. Fig. 3c shows that most of the data 
sets (110 entries) fell into the heading fire spread condition, 
with only 28 entries as backing fires. Fig. 3d, e shows the 
distribution of fuel load and pre-burn diameter of FWD. There 
are three FWD fuel load levels in the dataset, i.e. 0.2, 0.6, 
1.2 kg m−2, with the majority of observations corresponding 
to 0.6 kg m−2. The pre-burn diameter is in accordance with a 
normal distribution, with most of the observations belonging 
to the 2.5–3 cm range. 

Fig. 4 shows the distribution of fire behaviour variables 
as well as the FWD combustion factor as box plots, where 
the box chart on the left summarises key statistical mea
sures, namely the maximum, upper bound, 75th percentile, 
median, mean, 25th percentile, lower bound and minimum 
values, and the right side shows each data point. The bounds 
(whiskers) of the box chart are determined using the 1.5 
interquartile range method, and any data point less than the 
lower bound or more than the upper bound is classified as 
an outlier (Tukey 1977). 
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Fig. 4a illustrates the ignition delay and flame residence 
time for each FWD. The ignition delay ranges from 0 to 135 s, 
with a median of 5 s and a mean of 13 s. The flame residence 
time varies from 28.3 to 184.4 s, with a mean of 89.4 s. 
Notably, the majority of the ignition delay data points fall 
within the range of 0–20 s. Fig. 4b shows the duration of 
flaming and smouldering combustion for each piece of FWD. 
The flaming duration ranges from 2 to 28.5 min, following a 
normal distribution, with a median of 10.5 min. In contrast, 
the smouldering duration ranges from 0 to 30 min, with most 
data points concentrated within the 0–2.5 min range. The 
median smouldering duration is 1.5 min, while the mean is 
5.2 min. The flame ROS and FLI are demonstrated in Fig. 4c, 
d. The interval and cumulative ROS are in the range of 
4.2–93.5 and 4.8–61.1 m h−1, respectively, with average 
values of 40.8 and 39.9 m h−1. Moreover, the interval and 
cumulative FLI range from 17.4 to 649.4 and 20.5 to 
429.2 kW m−1, respectively, mainly corresponding to low- 
intensity fires, commensurate with the objective of achieving 
prescribed fire behaviour. Fig. 4e shows the box plot of 
charring intensity, indicating a median of 8.2 × 104 °C s 
and a mean of 1.1 × 105 °C s, with two identified outliers.  
Fig. 4f displays a box plot of the combustion factor for FWD, 
where the data points are clearly separated into two catego
ries: 100% (fully consumed) and 0–60% (partially con
sumed). The mean value of the FWD combustion  factor is 

59.3%, while the median is 100%, meaning over 50% of FWD 
fuels were fully consumed by fire. 

The Pearson correlation coefficient (r) is a common way 
of quantifying a linear correlation between two variables 
(Kader and Franklin 2008). Fig. 5 presents an r-matrix, 
where each row represents a variable in our dataset, and 
the columns represent the same variables as the rows. 
Within each cell, the colour (as explained by the colour 
bar) and the size of the square reflect the magnitude of 
the correlation coefficient (r-value) between the two vari
ables. Additionally, the significance level of the correlation 
coefficient (P-value) is denoted by the number of asterisks in 
the cell. In general, larger squares with a darker colour 
indicate stronger linear correlations, and more asterisks 
signify higher statistical significance. 

As shown in Fig. 5, a highly significant negative correla
tion (P < 0.001) is observed between the flame ROS (both 
interval and cumulative) and the ambient humidity 
(r ≈ −0.5), direction of flame spread (r ≈ −0.9) and 
tunnel position (r ≈ −0.5). This indicates the flame ROS 
decreases with increasing environmental humidity and 
backing fires will lead to a smaller ROS (backing fires are 
labelled as 1 and heading fires are labelled as 0 in the 
dataset). A similar correlation pattern is also observed 
between the FLI and the ambient humidity, wind direction 
and tunnel position. 
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Ignition delay shows a highly significant positive correla
tion with the direction of flame spread (P < 0.001, 
r = 0.654), suggesting the backing fire will increase the 
ignition delay of FWD. In addition, ignition delay is nega
tively correlated with both ROS and FLI, implying that a 
longer ignition delay always accompanies lower ROS and 
FLI. Flame residence time exhibits significant positive corre
lations with direction of flame spread (r = 0.748), fuel load 
(r = 0.586), tunnel position (r = 0.399) and pre-burn FWD 
diameter (r = 0.396), while showing strong negative corre
lations with ROS and FLI. Regarding the flaming duration, it 

is positively correlated with direction of flame spread and 
pre-burn diameter. However, smouldering duration only 
shows a highly significant correlation with pre-burn diame
ter (P < 0.001, r = 0.454). The CI shows a significant 
positive correlation with tunnel axial position (P < 0.05, 
r = 0.285). Overall, the analysis suggests that environmen
tal humidity, direction of flame spread, FWD fuel load and 
tunnel axial position where FWD is placed are the four key 
variables that have a significant linear relationship with 
fire behaviour parameters. Both flaming and smouldering 
durations are more correlated with the pre-burn diameter. 
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More importantly, it was identified that the combustion factor 
of FWD shows highly significant negative correlations with 
smouldering duration (P < 0.001), pre-burn diameter 
(P < 0.01) and tunnel axial position (P < 0.01). 

Evaluation of the binary classification models 

Five variables, namely direction of flame spread, fuel load of 
FWD, tunnel axial position where FWD is placed, orientation 
in which FWD is placed and FWD pre-burn diameter, were 
selected as the input features for the classification models. 
The models employed here include LR, RF, support vector 
classifiers with polynomial (SVC (P)) and RBF kernels and 
ANNs. The evaluation results, namely accuracy, precision, 
F1 score and AUC of the five-fold cross-validation of five 
different classification models, are shown in the box plot in  
Fig. 6. The degree of the SVC model polynomial kernel is 
2 and the hidden layer size of the ANN model is (10.5). All 
other models are set as the default. 

Fig. 6a shows that the SVC (P) model has a higher mean 
accuracy score than the other classifiers, with the mean 
being approximately 0.75. Fig. 6b shows that all the classi
fication models have median precisions larger than 0.60 
except for the RBF model. Fig. 6c shows the distribution of 
the F1 score, where both the median and average F1 score of 
the SVC (P) model are the highest, whereas RF model has 
the smallest F1 score. Fig. 6d shows the AUC under the ROC 
curve. It can be seen that the SVC models with a two-degree 

polynomial kernel achieve higher AUC values than others, 
with the median at ~0.78 and the average at 0.82. Overall, 
the SVC model with a two-degree polynomial kernel dem
onstrates better performance in classifying the fully con
sumed and partially consumed FWD, with median 
accuracy, F1 score and AUC of 0.74, 0.79 and 0.78, 
respectively. 

Evaluation of the regression models 

Prediction of fire behaviour variables 
Three different ANN models, identified as ANN1, ANN2 

and ANN3, were developed to predict the fire behaviour 
variables including the flame ROS, the FLI, the flame resi
dence time and the duration of flaming combustion. The 
hyper-parameters and the selected input features of the best 
training models were determined with five-fold cross- 
validation and were used to retrain the prediction model. 
The hyper-parameters and input features of each model, 
after optimisation by the trial-and-error method within the 
training set, are summarised in Table 1. 

Eight variables, namely ambient air temperature, RH, 
flame spread direction, fuel load, tunnel axial position, cell 
position, FWD orientation and pre-burn diameter, are 
selected as input features for the ANN1 and ANN2 models 
to predict ROS and FLI. The models achieve cross-validation 
RMSE scores of 0.146 and 0.167, respectively. In compari
son, six input variables are included in the ANN3 model to 

H
um

id
ity

Temperature

Humidity

Flame direction

Fuel load

Tunnel position

Cell

FWD orientation

Pre-burn diameter

Interval ROS

Cumulative ROS

Interval FLI

Cumulative FLI

Ignition delay

r

P-value

1.0

<0.001***

**

*

<0.01

<0.05

0.5

–0.5

–1.0

0.0

Residence time

Flaming duration

Smouldering duration

Charring intensity

F
la

m
e 

di
re

ct
io

n

F
ue

l l
oa

d

T
un

ne
l p

os
iti

on

C
el

l

F
W

D
 o

rie
nt

at
io

n

P
re

-b
ur

n 
di

am
et

er

In
te

rv
al

 R
O

S

C
um

ul
at

iv
e 

R
O

S

In
te

rv
al

 F
LI

C
um

ul
at

iv
e 

F
LI

Ig
ni

tio
n 

de
la

y

R
es

id
en

ce
 ti

m
e

F
la

m
in

g 
du

ra
tio

n

S
m

ou
ld

er
in

g 
du

ra
tio

n

C
ha

rr
in

g 
in

te
ns

ity

F
W

D
 c

om
bu

st
io

n 
fa

ct
or
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predict the flame residence time and flaming duration, 
which achieves a cross-validation RMSE score of 0.177. 
Additionally, the loss functions of training and validation 
sets during the training process show that all the developed 
models reach convergence with a minimum MSE loss close 
to zero (see Supplementary Fig. S1a–c). 

Fig. 7 shows the performance of each ANN model eval
uated on the test datasets. Fig. 7a, b illustrates that, gener
ally, the prediction results of ROS and FLI are good, with 
R2 scores larger than 0.9. However, the accuracy of ANN3 is 

less satisfactory, with R2 of 0.69 for residence time and only 
0.35 for flaming duration. The possible reasons for the poor 
performance include: (1) the dataset is small and contains 
only 71 data points with fire behaviour parameters, and 
(2) there is noise in the flame residence time and flaming 
duration, as they were manually extracted from video 
recordings. In addition, the position of the FWD pieces is 
not important in predicting the residence time and flaming 
duration; thus, only six input features are selected for 
model ANN3. 

Table 1. Inputs, outputs and hyper-parameters of the developed ANN models.       

ANN1 ANN2 ANN3   

Output targets Interval and cumulative ROS Interval and cumulative FLI Flame residence time and flaming 
duration 

Input variables Temperature, relative humidity, direction 
of flame spread, FWD fuel load, tunnel 
axial position, cell, FWD orientation, pre- 
burn diameter 

Temperature, relative humidity, direction 
of flame spread, FWD fuel load, tunnel 
axial position, cell, FWD orientation, pre- 
burn diameter 

Temperature, relative humidity, 
direction of flame spread, FWD fuel 
load, FWD orientation, pre-burn 
diameter 

hidden_layer_size 8, 25, 8 8, 25, 8 8, 4 

Activation function relu relu relu 

learning_rate_init 0.001 0.001 0.005 

max_iter 10,000 10,000 10,000   

1.0

0.8

0.6

0.4

0.2

0.0
LR RF SVC (P) RBF ANN LR RF SVC (P) RBF ANN

LR RF SVC (P) RBF ANNLR RF SVC (P) RBF ANN

1.0

0.8

0.6

0.4

0.2

0.0

1.0

0.8

0.6

0.4

0.2

0.0

1.0

0.8

0.6

0.4

0.2

0.0

Accuracy Precision

F1 Score ROC_AUC

(a) (b)

(c) (d)

Fig. 6. Box-plot distributions of (a) accuracy, (b) precision, (c) F1 score, and (d) AUC under ROC curve of different 
classification models from the five-fold cross-validation, where the horziontal line in the box represents the median, the 
diamonds indicate the average values, the whiskers indicate ± 1.5 IQR, and circles represent outliers.   
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Prediction of FWD combustion factors 
Given that some fire behaviour parameters are missing in 

the dataset (present in only 71 out of 138 entries), the ANN 
models developed in the former sub-section are employed to 
predict the missing values, thus creating a more complete 
dataset. In total, the dataset of incompletely combusted 
FWD pieces includes 67 data points. Four regression models, 
RR, KNN, SVR and ANN, were selected to predict the com
bustion factor of the partially consumed FWD. 

Table 2 summarises the best hyper-parameters and the 
performance of each model trained with five-fold cross- 
validation. As illustrated, the predictive performance of all 
models is fairly poor in terms of the MAE and RMSE values. 
Specifically, the MAE is approximately 9%, while the RMSE 
is ~11%. Among all models, RR demonstrates the best 
performance, achieving an average MAE of 8.7% and 
RMSE of 10.0%. The poor performance of the prediction 
models for the combustion factor of partially consumed 
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Table 2. Hyper-parameters and performance of different fuel consumption rate prediction models.       

Models RR KNN SVR ANN   

Hyper- 
parameters 

alphas = np.logspace(−3, 
3, 100) 

k = 5 kernel = ‘rbf’, C = 1, 
epsilon = 1, gamma = ‘scale’ 

hidden_layer_sizes = (32, 8), activation = ‘relu’, 
alpha = 0.01, learning_rate_init = 0.0001, tol = 0.00001 

MAE (%) 8.65 ± 1.81 8.97 ± 2.50 8.72 ± 1.64 9.79 ± 2.26 

RMSE (%) 9.98 ± 2.37 12.25 ± 1.50 10.20 ± 1.16 11.94 ± 1.10   
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FWD can be attributed to the following reasons: (1) the 
dataset is small (with only 67 available entries), limiting 
the models’ ability to generalise and detect complex non- 
linear patterns; (2) there is noise in the dataset, as measure
ment and data collection errors are inevitable during manual 
processing from a single overhead camera; and (3) the corre
lation between the input features and the FWD combustion 
factor is weak (as indicated by the P-value matrix in Fig. 5). 
Future work should prioritise data enrichment, both in terms 
of increasing the number of samples and incorporating more 
relevant features. 

Implications for woody fuel consumption 
modelling 

Collection of quality-controlled data on woody fuel con
sumption is a key priority for wildland fire management as 
well as global carbon accounting. This is owing to the 
significant contribution that WD consumption in wildland 
fires (wild and prescribed) makes to greenhouse gas emis
sions and the large uncertainties that exist in woody fuel 
combustion factors (French et al. 2004; Surawski et al. 
2016), as well as the globally limited nature of woody fuel 
field measurement databases (Van Leeuwen et al. 2014). In 
the present study, we explored FWD consumption dynamics 
in a combustion wind tunnel facility that allowed collection 
of high-quality data under controlled conditions that are 
difficult to obtain in the field. This outcome was achieved 
through tight control of experimental variables that are 
known to influence FWD consumption, such as fuel load, 
fuel architecture and wind speed. 

The Pearson correlation matrix presented in Fig. 5 shows 
that five explanatory variables are correlated with FWD 
consumption in a statistically significant manner. At a 5% 
level of significance, cumulative surface fire ROS is posi
tively correlated with FWD consumption and heading fires 
were identified to consume more FWD than backing fires. 
Both of these findings concur with previous research results 
suggesting the FLI is a key predictor of FWD consumption 
(Hollis et al. 2011a). At a 1% level of significance, FWD 
consumption is negatively correlated with pre-burn diame
ter and tunnel axial position, whereas at a 0.1% level of 
significance, FWD is negatively correlated with smouldering 
duration. The relationship between FWD consumption and 
pre-burn diameter is consistent with previous studies sug
gesting that smaller-diameter FWD fuels receive greater 
rates of heat transfer from a surface fire than larger- 
diameter fuels and, as a result, FWD consumption is 
increased owing to its greater surface area-to-volume ratio 
(Ottmar 2014). The relationship between FWD consumption 
and tunnel axial position stems from previous work by 
Sullivan et al. showing that cumulative ROS in the CSIRO 
Pyrotron gradually increases to a pseudo-steady state after 
4 m of forward spread in the presence of FWD (Sullivan et al. 
2018). This finding adds further evidence to the claim that 

FLI is driving FWD consumption. The strong negative corre
lation between smouldering duration and FWD consumption 
suggests that complete burnout of FWD (with limited smoul
dering durations) is achieved quickly in some fires (espe
cially heading fires), whereas incomplete burnout of FWD 
occurs in some fires (especially backing fires) with longer 
smouldering durations. This finding suggests that backing 
fires generally did not carry sufficient heat flux to com
pletely burn out FWD pieces based on the environmental 
conditions experienced during our fires. Another key finding 
from our study is that combustion wind tunnel experiments 
capture the basic fire behaviour physics that is required to 
understand FWD consumption. 

Our study offers new insights into the prediction of FWD 
consumption by leveraging ML techniques. The proposed 
hybrid framework firstly classifies FWD as fully consumed 
and partially consumed, and then creates regression models 
to estimate the combustion factor for partially consumed 
FWD pieces. Our framework achieves promising results, 
with classification accuracy of 74% using the SVC model 
and an MAE of 8.7% in the regression task using a RR 
model. Compared with the GLM employed by Hollis et al. 
(2011b), which reported an MAE of 10%, our models 
achieved a slightly higher predictive accuracy. We largely 
attribute this result to improvement in the availability of 
statistical models, including ML that can more easily handle 
complex and non-linear interactions among input variables. 
Continued exploration of ML techniques in FWD modelling 
will further improve predictions given the non-linear beha
viour of woody fuel consumption. 

Conclusions 

Data collected during experiments conducted previously in 
the CSIRO Pyrotron combustion wind tunnel were analysed 
to investigate the consumption of fine woody debris (FWD) 
with diameters ranging from 6 to 50 mm. Eighteen variables 
from the laboratory fires were measured and collected to 
form a database. These included measures of environmental 
conditions (ambient air temperature, relative humidity and 
wind speed), FWD properties (fuel load, pre- and post-fire 
diameters), FWD arrangement (tunnel axial position, cell 
position, orientation) and fire behaviour (rate of spread, 
fireline intensity, ignition delay, flame residence time, flam
ing duration, smouldering duration and charring intensity). 
Pearson correlation coefficient analysis revealed that the 
combustion factor of FWD pieces exhibited highly signifi
cant negative correlations with their smouldering duration 
(P < 0.001), pre-burn diameter (P < 0.01) and tunnel axial 
position (P < 0.01). 

Based on the database, binary classification models were 
first developed to classify the FWD pieces as fully consumed 
(combustion factor = 100%) or partially consumed (0  ≤ 
combustion factor < 100%), followed by regression models 
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to predict the specific combustion factor among the partially 
consumed FWD. The results show that the support vector 
classifier (SVC) with a two-degree polynomial kernel out
performed other classifiers, achieving an accuracy of 0.74 
and an AUC score of 0.78. The performance of the regression 
models for predicting the combustion factor of partially 
consumed FWD had an average MAE of ~9% and an 
RMSE of ~11%. In addition, the developed ANN models 
can successfully predict the fire rate of spread and fireline 
intensity, with R2 scores larger than 0.9. Future work should 
prioritise data enrichment, both in terms of increasing the 
number of samples (up to ~300) and incorporating more 
relevant features such as moisture content and decay status, 
to improve the machine learning model performance. 
Furthermore, it would be valuable to test and evaluate the 
models against truly independent field data to assess their 
real-world applicability and robustness. 

Nomenclature 

Symbols 

ANN Artificial neural network 
AUC Area under curve 
CI Charring intensity (°C s) 
d (or D) Diameter (cm) 
FL Fuel load (kg m−2) 
FLI Fireline intensity (kW m−1) 
FN False negatives 
FP False positives 
FPR False Positive Rate 
FWD Fine woody debris 
GLM Generalised linear model 
H Lower heat of combustion (kJ kg−1) 
KNN K-nearest neighbours 
LR Logistic regression 
MAE Mean absolute error 
MC Moisture content (%) 
ML Machine learning 
MLR Multiple Linear Regression 
PAR Parallel 
PER Perpendicular 
RBF Radial Basis Function 
RF Random forest 
RH Relative humidity (%) 
RMSE Root mean squared error 
ROS Rate of spread (m s−1) 
ROC Receiver operating characteristic 
WFCP Woody Fuel Consumption Project 
RR Ridge regression 
SVC Support Vector Classifier 
SVM Support vector machine 
SVR Support vector regression 
t Time (s or min) 
T Temperature (°C) 
TN True negatives 
TP True positives 

TPR True Positive Rate 
w mass of fuel consumed in the flaming front 

per unit area (kg m−2) 
WD Woody debris 
WFCP Woody Fuel Consumption Project  
Subscripts 

a ambient 
cu cumulative 
fl flaming combustion 
pre pre-burn 
ig ignition 
in interval 
re residence of flame 
sm smouldering combustion  

Supplementary material 

Supplementary material is available online. 
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