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Abstract

In recent years the interest for terrestrial wildfismoke detection systems has increased,
particularly those based on video systems sensitiveisible and/or infrared (IR) spectra.
Although many video based smoke-detection algosithave been developed and applied in
various experimental or real life applications, teandard method for evaluating their quality
has not yet been proposed and the standard databzsemoke and no-smoke images and video
sequences suitable for standard algorithms teshiage not been defined. This paper proposes
such a methodology suitable for smoke-detectiomrafgns testing and evaluation. Various
measures for smoke-detection algorithms evaluatiame been introduced and a database
suitable for off-line algorithms testing is defineflhe evaluation is based on notation of observer,
the formal theory of perception and signal detettibeory. The referent observer (usually the
human referent observer) determines the real stdtphenomena. In the case of video based
smoke detection algorithms, analysed images arsidered as a collection of pixels, where each
pixel belongs to one of two sets: smoke or no-syrenke this process of pixel classification is
present on both levels: objective level and peegtifor observer) level. Multiple measures based
on these two sets are introduced to describe ttaditguof the observer regarding single image
analysis as well as image sequence analysis.
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1. I ntroduction

Wildfires are a significant hazard to ecologicasteyns around the world and can
also be a threat to human safety. Traditional wiafire detection are fire lookout towers
located on high grounds with good visibility, whereople visually look for signs of fire or
smoke appearance. In last ten years wildfire detestystems have been developed to help
human observers by alerting them when a smokepliemomenon appears.

Such systems are generally conceived of video asrar other appropriate sensor
devices installed on monitoring spots and a compsystem that analyses the provided
video data and generates potential alarms. Over timase systems have become more and
more automated, so one observer can now coveliafger areas than before. Detection
algorithms are improved and system capabilitiesarnbd (Stipadev et al., 2010).
However, as much as it is obvious that these systeave evolved, there are still no
standard methods for evaluating such systems aé ik no standard image and video
database that can be used for testing.

In this paper evaluation methods based on notaifoobserver, formal theory of
perception and signal detection theory are predeageglobal measures suitable for wildfire
detector (in this paper called wildfire observeve@ll quality evaluation, but also as local
measures suitable for fine tuning different aspettbe observer.



2. Notation of observer, formal theory of perception and detection algorithms
evaluation

Formal theory of perception introduced by Benetiffrhan and Prakash (Benett
al., 1989; Benetet al.,1996) defines an observer as a six-tuple:

O=(XY,E Sm,n) (1)

where X and Y are measurable spaces, E and S bsetswf X and Y respectively,is
measurable surjective function amndonclusion kernel. Space X is a configuration spafc
the observer and E is a configuration event of tfserver. Space X is a formal
representation of those possible states of affar avhich the configuration event E of the
observer is defined. Y is an observation spaceremises space, of the observer. Space Y
is a formal representation of the premises availablthe observer for making inferences
about occurrences of E. S is the observation e¥dhand only points in S are premises of
observer inferences that conclude that an instafcéhe configuration event E has
occurredx is a perspective map, the measurable surjectivetin from Xto Y ¢ :X -

Y) with n(E) = S.n is a conclusion kernel of the observer. For eaomtpin the
observation events S,n(sJis a probability measure on E supported oH(g) n E). This
means that kerne{ is a convenient way of assigning to every pointSoa probability
measure on E.

In order to achieve perception of the environmend aappropriate target
phenomenon within that environment sensory inptda dee needed. Using sensory input as
premises, the final decision about the detectiotagjet phenomenon or certain scenario
about the environment can be made. Wildfire is ia&e a target phenomenon that should
be detected by the human observer or automatictimiesystem. The space X is a set of
all possible scenarios that could be encounterethenenvironment. Some of possible
scenarios that could happen are: thunder, lightrimigter, fog and rain. Even a sunny day
could be considered as a possible scenario. But tidse scenarios or phenomena
indicating the occurrence of wildfire are colleciadhe set E or configuration event that is
subset of X. Primary indicator of any event corgdiim E is presence of smoke and flames,
but doesn’'t necessarily exclude other phenomenmg, ferest fires are often caused by
lightening. Next part is observation space Y, Whig highly connected to sensor structure
of the system. Observation space is defined as thaecontains all possible sensor states,
in relation to all actual possible states of theimmment.

The mapping function, or the sensors function s plerspective map, which
translates every point in configuration space te fair in observation space.
Implementation of the mapping function dependshensensor itself. If only visual sensors
are available then Y will be orthogonal projectiohreal space that is covered by the
camera, if sensors system includes other senses,tyjke meteorological sensors then
those types of measurements will also be contaimed The perspective map has to be
surjection, but not necessary injection, so thersasually holds fewer elements then set X.
Through the process of mapping all the elementX iare mapped to Y and elements
belonging to E are mapped to S. So the set S hlotd® scenarios where the indicators of
target phenomenon are collected by the sensors.stfacture of wildfire observer is more
complex and illustrated in Figure 1. Wildfire obgarincludes two observer types: the low-
level observer and the high-level observer (Stianet al.,2010).



High-level observer

Figure 1. Wildfire observer is composed of low-levlkserver and high-level observer

The main task of the low-level observer is imagegussition, validation and
preparation for the high-level observer whose ntagk is phenomenon (wildfire smoke)
recognition. For further discussion only high-leeblserver will be considered and we will
suppose that only visual sensor is available. & tase the configuration space X of the
high-level observer is the set of input images #rel observation space Y is the set of
output images with detected smoke (observationteSeand without detected smoke. The
set E includes all those input images from X whgtenomenon (wildfire smoke) is truly
present (in practice usually defined by the refefemman observer) and the set(S)
includes input images from X corresponding to ingafyjem S where wildfire observer has
detected smoke. Figure 2 shows four possible siomnam detection process:true
detection or correct detection (xLE, y[S), false detection or false alarm (xUE, y[IS),
false not detection or missed detection (x[JE, yi[IS) andtrue not detection or correct
rgect (xUE, yOS). In statistical decision theory false alarmassidered as false positive
error or type | error and missed detection as sefakgative error or type Il error and the
table in Figure 2 is sometimes calle@hfusion matrix
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Figure 2. Possible scenarios in wildfire detection

For wildfire observer missed detection is the waesde scenario because the
efficiency of the whole observer is questioneds€aletection is the situation where the
phenomenon does not exist in reality but the imaiger detection is mapped in S. It is
currently the main problem regarding most commeéngikfire detection systems. Almost



every available system has a small number of migegections, but the number of false
detections sometimes could be relatively high.

In order to introduce automatic wildfire observeraleation measures, first the
referent observer is introduced. It is a human observer and resiltss (her) observations
are considered as referent results or ground trlilis method is known as empirical
discrepancy method and it is often used in imaggnsatation evaluation (Zhang, 1996).
In the next chapters two types of measures areopsmjglobal evaluation measures
suitable for wildfire observer overall quality euation (Se et al., 2009), andlocal
evaluation measures suitable for wildfire smoke-detection algorithmsatjty evaluation,
first time proposed in this paper.

3. Global evaluation measur es of the wildfire obser ver

Two types of wildfire detection algorithms could Hestinguished, depending on
how many input images are used for wildfire detettia single image wildfire detection
and image sequence wildfire detection algorithmgoAthms belonging to the first case
are nothing but special image segmentation algostenhanced with recognition of image
regions where fire smoke and/or fire flames aresgmeed. In algorithms belonging to the
second case, various motion analyses are alsoedp@d a sequence of input images is
needed. Today’'s wildfire detection algorithms mps$iklong to the second case. Usually a
short sequence of images, taken every couple afhgsg is used as a unique detection
sequence resulting (or not resulting) in one fiezra.

Global evaluation measures for wildfire smoke d@becare based on results
regarding both situations where the smallest uindetection is a single image or a single
detection sequence. Wildfire detection in the ceinté global evaluation is treated as a
binary classification problemThe task of wildfire observer is to classify tmembers of
the set of input images (or image sequences) wiogroups: wildfire present (detected) or
wildfire not present (not detected). Wildfire obss classification results (results of
wildfire detection process) are then compared whfissifications derived from the referent
human observer (ground truth).

According to notation of observer and Figure 1,Xebe a set of all images (or
detection sequences) in a testing collectioh(S) is a subset oK containing only those
images (or detection sequences) where smoke wastel@tby wildfire observer, arilis a
subset oX containing those images which are marked in tbemp truth as smoke images
where smoke was detected by referent human obsdndividual image (or detection
sequences) can be present in both s8(S§) andE and that implicates eorrect detection.

A setTP contains those images (or detection sequencesarinaorrectly detected:

TP=aY(S)NE (2)

The situation when an image (or detection sequesag)t present in botti’(S) andE is
called acorrect rgject. A setTN contains those images (or detection sequencespiba
correctly rejected:

TN = @(S) n E® (3)



The situation when an image (or detection sequeéag@esent inr}(S) and it is not present
in E is called afalse alarm. SetFP, is a set of all falsely detected images (or datec
sequences):

FP =x(S)N E® (4)

The situations when an image (or detection seq)dageresent irE and not int™(S) is
calledmissed detections. SetFN containing all missed detections is defined as:

FN=@Y%S) " NE (5)
These situations are illustrated in Figure 3.
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Figure 3. Set theory approach to possible scenariadldfire detection

Based on confusion matrix and s€® FP, FN andTN, binary classification model
defines various measures quite applicable for defim of wildfire observer global
evaluation measures. Sensitivity and specificity araybe the most important of them,
especially in connection with receiver operatingreleteristics (ROC) curves that will be
discussed laterSensitivity of the wildfire observer evaluates observer qualtcording to
correct detectiond). It could be defined as true positive rate:

|ITP|_  |TP|
|[El [TPI+]FN]

cd=TPR=

(6)

where | | denotes set cardinality (number of set elemefits) example TD | is the set
cardinality of the seTD defined by equation (2) or for wildfire observerepresents the
number of images (or image sequences) classifiegppomitively detected (fire alarm
generated). Similarly observer quality in the aspédalse detectiondd) could be defined
as false positive rate:
|FP|
fd=FPR= ——F——

|FP|+|TN | (7)

The observer quality in aspect of correct rejedider) could be defined as
specificity or true negative rate:



cr=TNR= & =1-FPR

|FP|+|TN| (8)

The observer quality in aspect of missed detectjon could be defined as false negative
rate:

md=FNR= ﬂ =1-TPR
|TP|+|FN| (9)

All measures take values in interval [0,1]. Fig@reshows aeal observer where
neither of measure is 1 or@ andcr have to be as high as possiblef(bandmdas low as
possible). Figure 4 shows few special cases. I lbotasuresd andcr are equal to 1fd
and md are then equal to 0), the observer is declarednasleal observer, at least for
testing collection of images or image sequences Mieans that all input images or image
sequences are correctly classified as smoke agmoke. Observer is considered@miss
observer if cd = 1 (md = 0). The good observer has no missed detections a

mathematically that implie€ O 77°(S) . Observer is considerecad observer if cd =0
(md= 1), implying 77°(S) n E =@. Another extreme case is therst observer whencd
= cr =0 (fd =md= 1), implyingz™(S) = E-.

Figure 4. lllustration of various observers accogdio their quality

Sensitivity and specificity define the ROC (Receiv@perating Characteristics)
space, a unit square in coordinate system havirgsfecificity) or false positive rate on x-
axis and sensitivity or true positive rate on ysatvery analysed wildfire observer could
be represented by one point in the ROC space. é-iguwhows few typical examples. The
diagonal divides the ROC space into observer’'s arehinverse observer’s area, because
all points bellow the diagonal line could be simplyerted to obtain points above the line.
Diagonal correspond to completely random guess lwhieans that if a certain wildfire
observer has a corresponding point along the dalg@or example at point B), the
conclusion is that all decisions were made by ramdo simply flipping coins (head fire,
tail non fire). The point (0,1) corresponds to idelaserver and the point (1,0) corresponds
to the worst observer. For ideal observer all d&ies are correct detections and there are
no false and missed detections. For the worst gbssituation is inversed, all real fires are
missed, and all no-fire situations are detectethls® detection. Because of that the worst
observer could easily become ideal observer bylsimecision inversion (when detecting
fire conclude not fire and vice versa). The whate lwhere TPR = 1 is no-miss observer
and line with TPR = 0 is bad observer line accagdmFigure 4. Point (0,0) corresponds to
all missed - no false situation and point (1,1h¢omissed - all false situation. Points A and
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C correspond to two real observers. Observer Geiteibthan observer A, because it has
more correct detections and less false detections.
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Figure 5. a) The ROC space. b) An example of glelaluation measures calculation.
c) An example of missed detection and true detedtighe next image sequence.

Few other measures, well known in signal detectiwory and error analyses, are
also quite suitable for wildfire observer evaluatidheaccuracy (acg is defined as degree
of closeness of measurements of a certain qudotitg actual (true) value (Taylor, 1999).
In terms of wildfire observer it could be defined eelation between correctly detected
images (or image sequences) and total number afam@r image sequences).

_|TP|+|TN| _ |TP|+|TN|
| X] |TP|+|TN|+|FP|+|FN| (10)

The positive predictive value or precision, reproducibility or repeatabilitgpd) is
the degree to which repeated measurements undeanged conditions show the same
results (Taylor, 1999).

| TP|
ppv=

T|TP|+|FP| (11)

The Matthews correlation (mcq is a quality measure for the binary classificatio
problem (Matthews, 1975). It takes into accounetand false positive and negative
detections and it is generally regarded as a bathnoeasure that can be used even if the
classes are of very different sizes.

| TPILITN|=|FP|[|FN|

MCC=
JATPI+[FP)(TP[+|FN(TN|+[FP)(TN|+[FN])  (12)

An example of global evaluation measures calcutateoshown in Figure 5b for
iForestFire wildfire monitoring system (Seet al., 2009) located in Nature Park Biokovo,
Makarska, Croatia. In March 2010 regular annuaingirof detection algorithms were
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performed based on global evaluation measuresrd-ga shows an example for March 26,
2010 from 9:00 to 12:00. We have chosen this pdrazhuse also some missing detections
were recorded, but as a meter of fact missing tletecwere recorded only in the first
detection sequence. The system has detected foeessfully in the next detection
sequence 2 minutes after the first missed detection

4. L ocal evaluation measur es of the wildfire observer

Local evaluation measures for wildfire smoke debecsystem are based on results
regarding a single image where the smallest unitedéction is one image pixel. S®sE
and(S) are now defined as follow¥: is a set containing all image pixetsX(S) is a
subset ofX containing only those pixels that are marked ask&nby automatic wildfire
observer and is a subset oK containing those pixels that are marked in theugdotruth
as smoke pixels by referent human observer. Fatigwthe methods from the previous
chapter the same evaluation measwasfd, cr, md, acc, ppwand mcccould be defined,
but this time on the local image level.

To illustrate the application of the global anddbevaluation measures a collection
of 6 different image sequences were used, havihdgogkther 256 images with time
difference of 1 second. On 5 sequences the wildfiteke was present, and 1 sequence was
without the smoke. These image sequences are patr standard wildfire smoke video
database used for testing various smoke detectgoritams (SmokeRec, 2010). As a
smoke detection algorithm method described by (ioret al., 2006) has been used.
Figure 6 shows one typical image from image calbecand Figure 7 shows average results
of global and local measures calculation.

Figure 6. Typical image from image collections usedlgorithm evaluation (input image,
ground true image segmentation, and detectiontjesul

6 image sequences 256 images 113 246 208 pixels
cd (TPR) 1 cd (TPR) 0.5055 cd (TPR) 0.19
Jd (FPR) 0 Jd (FPR) 0.0038 Jd (FPR) 1.06x10+4
cr (TNR) 1 cr (TNR) 0.9877 cr (TNR) 0.9999
md (FNR) 0 md (FNR) 0.4945 md (FNR) 0.81
acc 1 ace 0.6602 acc 0.9939
ppy 1 ppy 0.9888 ppy 0.87
mce 1 mce 0.4834 mcc 0.18

Figure 7. Global and local evaluation measure25@& images in 6 image sequences

The first group of rows in Figure 7 shows globalasi#&es concerning image
sequences, the second one shows global measuresrmwiog all images in all image



sequences and the third group shows local measorerning all pixels in all images.
Figure 7 shows that the same algorithm behavedadeal observer on image sequence
level and as a real observer on image collectival land on image pixels level. On image
sequence level smoke has been detected in all §eimaquences, but on image collection
and image pixels level the algorithm has detecteoke after approximately 20 images and
that is the reason why there are a lot of misséectiens (measuned high).
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Figure 8. Quality graphs: &y, b) cr, ¢)fd, d) md,e)acc,f) ppv,g) mcc and h) ROC curve



Beside these average measures in this paper wel Wkeilto propose thebserver
quality graphs as a more useful tool for smoke detection algorgtevaluation. Observer
quality graph is a graph showing values of the gigemeasure for all the images in the
collection sorted increasingly according to measuaties. Figures 8 shows observer
quality graphs for measured, cr, fd, md, acc, ppandmcc

Algorithm evaluation on local scale can also befggared usingROC (Receiver
Operating Characteristics) curvé®OC curve is a graph iROC coordinate system shown
in Figure 5a obtained by plotting the trade-off fewery possible detection algorithm
threshold (Fogartyet al., 2005). The tradeoffs at different thresholds betwebtaining
more true positives at the expense of additionksefgositives detections for analysed
detection algorithm is shown Figure GROC curve is usually plotted for a single image
using multiple thresholds. Although the curve istf@d with different thresholds it cannot
be taken as an absolute criterion for classifialation because the curve is specific for
each image. Different conditions present at thed®n site generate different curves;
however it can be used as a general indicatorasdier performance.

5. Fuzzy local evaluation measuresfor wildfire observer

Wildfire smoke is by its nature an amorphous phegzroon without exact borders
and edges. When observed from a small distanseaitsemi-transparent phenomenon that
gradually occludes the background. Smoke detedsiaquite difficult task because of its
transparency and undefined shape and because tofhth&moke detection systems are
prone to missed and false detections. When evatydifferent smoke detection methods
pixels on the image categorised by referent hunteermwer are often categorised as binary
categories: smoke or non-smoke (smoke backgrodiny.approach can lead to a precision
error in evaluation because the transparency ofstheke can make the pixel partially
smoke, and partially background. Figure 8. illugtsathat smoke boundaries cannot be
precisely defined, certain pixels can clearly beegarised as smoke, and others are much
more difficult to distinguish from the background.

Figure 8. a) Original image, b) image overlaid witkel membership to classnoken
colour space and c) ground true fuzzy segmentation



In order to reduce the evaluation error a new neetbo smoke-detection algorithm
evaluation based on fuzzy logic is presented. Epedsl in the image can have a degree of
membership to the classnokeas well a degree of membership to the classkground
The membership degree for each class can be haketéomine precisely even for a human
observer, but it can be estimated within a readenkdvel of certainty. The degree of
membership can have a value from the interval [Whgre 1 indicates the pixel most
definitely belongs to certain class (in our caselsg). The relation between memberships
of classesmokeandsmokebackgroundcould be defined as

,ub(x) :1—/,IS(X) (13)

where pp(x) is a background membership function for theepix and ps(x) is a smoke
membership function for the pix&l Most current detection algorithm can be modified
generate fuzzy output in form of probability of iggapixels belonging to a certain class and
such output is compared to referent ground-truttzytsegmented images. Evaluation is
used to determine the real error of the algorithken into consideration the conditions and
the error cost. Error in which a false alarm isegated has a lot lower cost than error in
which the smoke is not detected and in accordantie smch criterion evaluation of the
detection algorithm is performed. Let us first auuce the errorerr, for a pixel p
calculated using equation:

ert (RO) :{3DRE{JR—O) R>0

O-R O=R (14)

whereR is the referent fuzzy value for the pixelandO is the fuzzy value given by the
observer (algorithm) for the same pixel. This measakes into account the type of error as
well as the extent of the error. FOr> R the assessed value for the smoke membership is
grater then in the referent ground-truth fuzzy-segtation. This scenario is callédzzy
false detection and its cost is much less then for scenario cdlledy missed detection
whenR > O. The error cost for fuzzy missed detection incegasith referent fuzzy value
for the pixelp and with the difference between observer and eaferalues. Special case is

O =R whenthe error value is zererry(R,0) = 0. Let us now introduce measurgs for
smoke detection algorithms evaluation on one inlagel as average error of the whole
image:

1
ngs :Ezp:errp(R,O) (15)

whereP is the total number of pixels in analysed imageisTmeasure has to be as low as
possible. For example for smoke detection algoritmalysed in previous chapter and a
collection of 6 image sequences having 256 imagesagengs measure was 6.48.

6. Conclusion

Smoke detection has bas been a field of activearesein the last ten years.
Significant number of smoke detection systems les leveloped; however, there is no
standard way of testing the performance of the detapsystem. In this paper various
methods for smoke-detection evaluation based ondtetion of observer, formal theory of
perception and signal detection theory have be@asepted. Evaluation measures are
proposed as global evaluation measures and loedliaion measures depending on the



aspect of the classifier being evaluated. The parnt property of the smoke is also taken
into account using fuzzy-based evaluation. Averagey error could be computed using
referent fuzzy-segmentation compared against algorioutput on the pixel-bases.
Proposed measures could be used as a tool for steté&etion algorithm evaluation, either
for comparison of different algorithms or for indiual algorithms fine-tuning in order to
achieve better performances.
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