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ABSTRACT

This study describes an application of artificial neural networks for the recognition of flaming areas using hyper-
spectral remote sensed data.

Satellite remote sensing is considered an effective and safe way to monitor active fires for environmental and
people safeguarding. Neural networks are an effective and consolitaded technique for the classification of satellite
images. Moreover, once well trained, they prove to be very fast in the application stage for a rapid response.

At flaming temperature, thanks to its low excitation energy (about 4.34 eV), potassium (K) ionize with a unique
doublet emission features. This emission features can be detected remotely providing a detection map of active
fire which allows in principle to separate flaming from smouldering areas of vegetation even in presence of smoke.

For this study a normalised Advanced K Band Difference (AKBD) has been applied to airborne hyper spectral
sensor covering a range of 400-970 nm with resolution 2.9 nm. A back propagation neural network was used for
the recognition of active fires affecting the hyperspectral image. The network was trained using all channels of
sensor as inputs, and the corresponding AKBD indexes as target output. In order to evaluate its generalization
capabilities, the neural network was validated on two independent data sets of hyperspectral images, not used
during neural network training phase.

The validation results for the independent data-sets had an overall accuracy round 100% for both image and a
few commission errors (0.1%), therefore demonstrating the feasibility of estimating the presence of active fires
using a neural network approach.

Although the validation of the neural network classifier had a few commission errors, the producer accuracies
were lower due to the presence of omission errors. Image analysis revealed that those false negatives lie in
”smoky” portion fire fronts, and due to the low intensity of the signal.

The proposed method can be considered effective both in terms of classification accuracy and generalization
capability. In particular our approach proved to be robust in the rejection of false positives, often corresponding
to noisy or smoke pixels, whose presence in hyperspectral images can often undermine the performance of
traditional classification algorithms.

In order to improve neural network performance, future activities will include also the exploiting of hyperspectral
images in the shortwave infrared region of the electromagnetic spectrum, covering wavelengths from 1400 to 2500
nm, which include significant emitted radiance from fire.
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1. INTRODUCTION

Efforts devoted at the remote sensing of fires have addressed both the global change and the economic impacts of
fires in wildlands. Global satellite-based monitoring of biomass burning using thermal infrared sensors has been
carried out using multispectral data1–3 to help us to understand the role fires play in global climatic change.
Fires affect the global climate through processes such as trace gas and aerosol production, or by changes to
terrestrial carbon dynamics.4–6

Wilfires have effect on human health and economy. Smoke can be transported away from wildfire source
regions and can affect public health at upwind locations that may not experience the direct fire impacts of
property destruction or evacuations. The economic impacts of wildland fires include the destruction of assets as
well as suppression costs. On a local level, near real-time thermal infrared remote sensing from aircraft is used
to aid fire suppression efforts.7,8 However, traditional satellite sensors lack either the temporal or the spatial
resolution needed for continuous detection and monitoring of fires.

Hyperspectral remote sensing data typically cover the visible (VIS, 400-700 nm), near infrared (NIR, 700-1400
nm) and shortwave infrared (SWIR, 1400-2500 nm) regions of the spectrum. In addition to capturing emitted
radiance, hyperspectral data possess narrow bands that may be appropriate for creating effective fire detection
indices.9,10 An additional motivation for hyperspectral fire detection algorithms is to aid fire temperature
retrieval.10

Artificial neural networks (ANN) are relatively recent computational modeling tools, which have found wide
acceptance in many disciplines due to their adaptability to complex real world problems.11 The rapid diffusion of
such neural approaches in remote sensing can be ascribed to their proven ability to learn complex models, taking
into account any non-linear relationships between the explanatory and dependent variables.12 ANN can be
defined as a structure composed of densely interconnected simple adaptive processing elements (called artificial
neurons or nodes), capable of performing calculations for massively parallel processing of data and knowledge
representation.13,14

It was reported that ANNs have more accurate performance than other techniques such as statistical clas-
sifiers, especially when the functional space is particularly complex and the source of data presents different
statistical distributions.14–16

The main tasks of remote sensing data analysis in which the application of ANNs is reported are classification,
more commonly land cover classification, namely the process in which pixels are grouped according to the
similarities of their spectral properties. Due to the absence of assumption about the data, many land cover
classifications use data from different sensors such as optical and radar images,21,22 texture and ancillary data.

From the perspective of pattern recognition, neural networks can be regarded as an extension of the many
conventional statistical techniques which have been developed over several decades.23

Concerning applications of ANNs to natural hazard monitoring and in particular to thermal anomalies recog-
nition, many studies have been carried out to map wildfires and forest damages. NNs were used for classifyng
forest damages from Landsat Thematic Mapper data.17 A study was conducted to build a multitemporal multi-
spectral automatic burned area mapping system and fire detection system.18 Detection of fire smokes was carried
out using AVHRR imagery19 and ANN was compared to the conventional classification methodology in forest
fire analysis.20

To date no significant studies involving wildfires flaming phase monitoring using ANNs applied to hyperspec-
tral data have been carried out. The main objective of this study is to verify if such a technique may be useful
and give substantial improvements for real time monitoring of wildfires, overcoming the drawbacks of traditional
classification algorithms, like false alarm detection due to noisy or ”smoky” pixels.

2. HYPERSPECTRAL DATA

The neural network must first be ”trained” by having it process a large number of input patterns and their
associated reference output patterns. Once trained, the neural network is able to recognize similarities when
presented with a new input pattern, resulting in a predicted output pattern. For the purposes of this study the
hyperspectral data acquired by Eagle sensor has been used. The Eagle operates in the Visible-Near Infrared
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Figure 1. RGB (R:650 nm; G: 510 nm; B: 475 nm) composite of hyperspectral images (200x200 pxs) used as NN training
and validation data-set.

(VNIR, 400-970 nm) spectral range with a spectral resolution of 2.5nm. The experimental site is located in
Northumberland, UK24 at 55◦ 19‘ 50“ N ,1◦ 54‘ 54“ E. The site was burned on March 2010 and the burning
spread has been mapped by using hyperspectral and TIR camera.25 A dataset of hyperspectral images were
used for NN training and validation phases (Fig. 1).

3. K ALGORITHM DESCRIPTION

Fire detection using remote sensing data has traditionally relied on two spectral regions: the thermal infrared
(8-12 µm) and the middle infrared (3-5 µm).2,3, 26–28 Fuel biomass is composed primarily by Carbon (45%),
Hydrogen (5.5%) Oxigen (41%) and Nitrogen (3.5%) and the molecular combustion products are dominantly
CO2, HO2, CO and CH4 and various nitrogenous compound.29 In addition ’trace’ elements such as K ( up to
7% , Na (0.1%) P (up to 1%) and Ca (up to 5%) are present. These alkalis, when ionized can make transition
resulting is very strong emission line. At flaming temperature, thanks to its low excitation energy (about 4.34 eV),
potassium (K) ionize with a unique doublet emission features. This emission feature can be detected remotely9

providing a detection map10 of active fire which allows in principle to separate flaming from smouldering areas of
vegetation even in presence of smoke.30 For this study, the Advanced K Band Difference (AKBD) as described
in,30 has been applied to the Eagle hyperspectral data. In order to consider a threshold for the neural network
training the AKBD has been normalised resulting in a Normalized AKBD described as follow:

NAKBD= Max|BandKi |-Bkg/Max|BandKi|

where, Max|BandKi| is the maximum spectral radiance recorded in the 764-772 nm wavelength range that
encompasses the K-emission line locations, and Bkg is that recorded at 780 nm, which is outside the range of the
oxygen band. In the NAKBD the maximum spectral radiance recorded in the spectral window corresponding to
the K-band doublet range and that recorded just outside of this window are divided by the maximum spectral
radiance recorded in the spectral window.
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4. METHODOLOGY

Neural Networks (NN) are based on the concept of the single artificial neuron, the ’Perceptron’ introduced
by Roseblatt31 to solve problems in the field of character recognition.13 In this work Backpropagation Neural
Networks (BPNN) have been used. These networks are the most widely used type for their flexibility and
adaptability in modeling a wide spectrum of problems in many application areas.32 A BPNN is an multi layer
perceptron consisting of an input layer with nodes representing input variables to the problem, an output layer
with nodes representing the dependent variables (i.e., what is being modeled), and one or more hidden layers
containing nodes to capture the non linearity in the data.13 Using supervised learning, with the Error-Correction
Learning (ECL) rule for network weights adjustments, these networks can learn the mapping from one data space
to another using examples. The term back-propagation refers to the way the error computed at the output side
is propagated backward from the output layer, to the hidden layer, and finally to the input layer. In BPNNs, the
data are fed forward into the network without feedback (i.e., all links are unidirectional and there are no same
layer neuron-to-neuron connections). The neurons in BPNNs can be fully or partially interconnected. These
networks are so versatile and can be used for data modeling, classification, forecasting, control, data and image
compression, and pattern recognition.33

A neural network for fires flaming phase detection was implemented using a training set of two hyperspectral
images. Estimation of AKBD described in section 3 was carried out on these images to flag pixels affected by lava
flow and generate a target output dataset. The total training samples were 80000 of which 115 were classified
as flaming phase spot, based on AKBD estimation. The network topology consists of 505 inputs, namely the
radiances in the VIS channels, comprising the range of wavelengths containing information used for AKBD index
estimation. Ten neurons were used in a single hidden layer. Finally, two network outputs correspond to the two
possible classification results, namely ”flaming phase” and ”non flaming phase”.

During the training phase, although the network performance appears to constantly improve on the training
sets, at some point it actually begins to worse in terms of errors on unseen datasets. Cross validation can
be used to detect when overfitting starts, during supervised training of the neural network; training can then
stopped before convergence to avoid overfitting, a process called early stopping.34 In this study early stopping
was carried out by splitting the training data into three sets: a training one, a cross-validation one and a test
one. These consisted respectively of 70%, 20% and 10% of the total number of training samples. The first set
was used for network training. The cross-validation set was analyzed at a predefined number of epochs, to assess
performance on a dataset other than the training one. The training was stopped after the error calculated on
the cross-validation set was greater than that of the training one for six consecutive iterations. Finally, the test
set was used during the training phase as an independent data source to assess network performance.

5. RESULTS AND DISCUSSION

In order to evaluate the performance of NN in terms of their generalization capability and accuracy in detecting
fire flaming phase spots, we applied the trained NN classifier to a validation set consisting of two independent
hyperspectral images belonging to the same event, but not used during NN training phase. Performance was
assessed in terms of overall accuracy, producer and user accuracy. The former represents the percentage of
correct classifications, with respect to the total number of pixels analyzed, considering all classes (i.e. ’flaming
phase’ and ’non flaming phase’). The producer accuracy measures the probability that the classifier has labeled
an image pixel into a class, given that the ground truth is that class and it is an indicator of omission errors.
The user accuracy instead is a measure indicating the probability that a pixel is of a certain class, given that
the classifier has labeled the pixel into that class and take into account of commission errors.

Table 1 shows the result obtained processing the training test dataset (10% of the total training samples).
The overall and user accuracy are 100%, without omission (false negatives) or commission (false positive) errors.

Results of applying the NN classifier to an independent hyperspectral image not used during NN training
phase (see upper left image at Fig. 2) are depicted in Table 2. A low commission error is present (user accuracy
of 75%). Despite producer accuracy is lower (57.8%), looking at zoom depicted in Fig 3 (c), is it possible to
evaluate how NN classifier is able to identify flaming phase also for ”smoking” pixels.
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Table 1. Confusion Matrix assessing the classification accuracy on the validation during NN training.

Test set Flaming phase Prod. Acc. User Acc.
Overall Acc.: 99.7% Yes No (%) (%)

NN Yes 95 6 82.6 94.1
No 20 7879 99.9 99.7

Table 2. Confusion Matrix assessing the classification accuracy on the independent validation dataset.

Val set Flaming phase Prod. Acc. User Acc.
Overall Acc.: 99.8% Yes No (%) (%)

NN Yes 59 19 57.8 75.6
No 43 37279 99.9 99.9

Most of omission errors are present in the upper part of the fire as depicted in Fig. 2. At first glance it seems
NN classifier has not capable to detect flaming phase in presence of smoke. Instead, analyzing the spectrum
around K emission bands, it shows a lower intensity in signal (a factor of 4) for the flaming phase not detected
than that successfully classified (Fig. 4). It can be noticed looking at spectra of two adjacent pixels in upper area,
centered around 769 nm band. The green one belongs to a pixel detected by the NN classifier, while the red one
to a pixel not detected by NN. Both flaming phase spots are affected by smoke, but the NN classifier struggles to
detect those lower in intensity. An improvement could be to exploit also the SWIR spectral range very sensitive
to high temperatures characterizing combustion process, although usually signal in that range saturates at high
temperatures. Nevertheless the key point is to optimize the selection of threshold used to discriminate flaming
phase in the hyperspectral image.

6. CONCLUSIONS

This work proves the detection capability of fires flaming phase by means of a neural network classifier, applied
to the VIS channels of a hyperspectral sensor. AKBD indexes were used as training target outputs.

The resulting confusion matrix associated to the NN classifier’s application to independent data-set revealed
an overall accuracy of 99.8%. Omission and commission errors were present, but while presence of commission
errors was lower (only 0.005%), omission errors revealed a less accuracy in identifying flaming phase. Initially
we notice that Ground Truth in the validation data-set was only 1.3% of the training samples, concluding that
it was not well characterized during NN training phase. Furthermore a more accurate analysis is needed in order
to improve the selection of threshold used to discriminate flaming phase in the hyperspectral image.

Figure 2. RGB (R:650 nm; G: 510 nm; B: 475 nm) composite zoom (200x200 pxs) from hyperspectral data used as
independent validation dataset.
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Figure 3. Result of NN classification. a) RGB composite image of a burning area; b) Flaming phase used for NN validation;
c) result of NN classification.

Figure 4. Result of NN classification. Spectra of pixels centered around 769 µm band. Green, detected by NN; Red, not
detected by NN.
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Nevertheless the neural network classifier successfully overcame the detection of false positives present in
the validation dataset images, like noisy or ”smoky” pixels, whose presence in multispectral and hyperspectral
images can often undermine the performance of traditional classification algorithms. Therefore the proposed
method represents a reliable new approach for fires flaming phase detection and due to its fast application in the
operational stage it demonstrates also its usefulness in near real time fires monitoring activities.

Future studies will exploit the SWIR spectral range very sensitive to high temperatures characterizing combus-
tion process. This will allow to identify a new class in correspondence of smouldering and potentially discriminate
the contribution of gases released in flaming and smouldering phases. At the same time a non linear principal
component analysis (NLPCA) will be carried out in order to compress hyperspectral data for extracting only
significant information contained and improve classification accuracy.

The goal is to enhance the sinergy between NAKBD in the perspective to develope new products that can
be potentially used in next generation of hyperspectral missions such as PRISMA, EnMAP and HyspIRI.
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