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Abstract
In this paper, we present a real-time image processing technique for the detection of steam in video images. The assumption made is
that the presence of steam acts as a blurring process, which changes the local texture pattern of an image while reducing the amount of
details. The problem of detecting steam is treated as a supervised pattern recognition problem. A statistical hidden Markov tree (HMT)
model derived from the coefﬁcients of the dual-tree complex wavelet transform (DT-CWT) in small 48 × 48 local regions of the image
frames is used to characterize the steam texture pattern. The parameters of the HMT model are used as an input feature vector to a support
vector machine (SVM) technique, specially tailored for this purpose. By detecting and determining the total area covered by steam in a
video frame, a computerized image processing system can automatically decide if the frame can be used for further analysis. The proposed
method was quantitatively evaluated by using a labelled image data set with video frames sampled from a real oil sand video stream. The
classiﬁcation results were 90% correct when compared to human labelled image frames. The technique is useful as a pre-processing step
in automated image processing systems.
䉷 2006 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.
Keywords: Steam detection; Video segmentation; Detection of dynamic texture; Oil sand

1. Introduction
Alberta’s oil sands industry produces over one million barrels of oil per day, which accounts for approximately 33%
of Canada’s total oil production. Oil sand is ﬁrst mined,
crushed and then screened before hot water is added to extract the oil. Real-time measurements from video images of
oil sand fragmentation can be used to improve the crushing
and screening process. However, the intermittent presence
of steam in the images, due to the cold ambient temperatures found in Northern Alberta, can affect measurements
made from video images using typical image processing
algorithms.
Crushed oil sand is composed of sand, bitumen, mineralrich clays, water and comes in a variety of shapes, sizes,
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colors and textures [1]. Truck and shovel operations mine
the oil sand, which is then crushed in double roll crushers,
screened for oversize fragments and mixed with hot water
producing a slurry that is then sent for further processing
in an oil extraction facility. Video cameras, installed at key
locations in the size reduction process, provide real-time
images available for size analysis under varying outdoor
mining conditions. Oil sand fragment size data can be used
to monitor and improve the performance of the crushing and
screening equipment. Real-time automated image processing systems, used in size analysis, depend on good quality
high contrast images in order to correctly segment and measure oil sand fragment size, including oversize lumps [2].
The intermittent and unpredictable presence of steam can
affect image quality and the results produced by automated
image processing systems. Ambient temperatures in Northern Alberta can vary from minus to plus 40 ◦ C, which when
combined with hot water and an outdoor mining environment can produce video segments with varying amounts
of steam. In this context, detection and quantiﬁcation of
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regions within the video frame that are covered by steam
is an important task, and the result can then be used to
determine if a video frame is suitable for further processing.
In this paper, we present a real-time image processing
technique for the detection of steam in oil sand video images.
The problem of detecting steam is treated as a supervised pattern recognition problem which uses the dual-tree complex
wavelet transform (DT-CWT) and the statistical HMT model
computed for small 48×48 local regions of the image frames
in order to characterize the steam texture pattern. By detecting and providing the total area covered by steam in a video
frame, a computerized image processing system can automatically decide if the frame can be used for further analysis.
The rest of this paper is organized as follows: Section 2
describes previous research on detection of steam and other
closely related ﬁelds. The methodology used in this work is
presented in Section 3. The experimental results and discussions are described in Section 4, followed by conclusions in
Section 5.

as well as the boundary of the regions in a variational
optimization framework using the level-set technique.
A few systems for detection of ﬁre and smoke are also
commercially available [10,11]. However, for obvious reasons, they do not provide enough details about the algorithms.
Despite the previously described research projects, the
problem in detecting steam in oil sand video images is quite
unique due to the fact that the image background is not static,
making background subtraction and optical-ﬂow techniques
not helpful in detecting the steam boundaries on an image.
Also, changes in lighting (from clouds, time of day, etc.) is
another factor that can easily disturb these methods.
Inspired by the work of Töreyin et al. [7], which uses a
wavelet-based technique for real-time detection of smoke,
the present work proposes the use of the HMT technique,
modelling the marginal distribution of the complex wavelet
coefﬁcients, to capture local changes in image details, which
are assumed to be caused by the presence of steam.

2. Previous research

3. Methodology

Several process monitoring problems within the oil sands
industry are potentially solvable using computer vision techniques. Computer vision techniques (i.e., edge-based), previously developed for measuring ore-size distribution in the
hard-rock mining industry [2], have difﬁculty segmenting
images of oil sand due in part to the light/dark oil sand
composition [3–5]. Computerized detection of steam, for instance, is a very speciﬁc and challenging problem in monitoring ore-size distribution in oil sands industry. Besides the
importance in the oil sands industry, an automatic algorithm
for detection of steam could also be adapted to other industrial applications such as ﬁre alarms, cargo smoke detection,
and other video smoke detection systems.
In Ref. [6], for instance, after a simple background subtraction procedure, the authors used the grayish color information, indicated by the intensity of the HIS color model, to
detect smoke pixels in an image. A decision function is built
from a set of threshold values derived from different smoke
scenes. However, as pointed out by the authors, the problem with chromatic models is that changes in the fuel type
may affect considerably the computed threshold values. In
Ref. [7], presence of smoke in the ﬁeld-of-view of the camera is detected by monitoring the decrease in the energy content of the original scene and in the estimated background
using the discrete wavelet transform (DWT). In addition, the
authors use the ﬂicker frequency of the ﬂames to identify
possible steam boundaries, and a decrease in chrominance
value of the pixels. The steam region is also considered as
convex region by the authors.
In Refs. [8,9], detection of smoke is treated as a dynamic texture problem. The authors proposed to model
the spatio-temporal dynamics of image regions by using
Gauss–Markov models, and infer the model parameters

3.1. Automatic detection of steam in oil sand video images
Fig. 1 shows three different image frames of a reject chute.
The images, captured by a video camera, are intended to be
used by a computerized system for the automatic evaluation
of the ore-size distribution. During the operational hours, the
texture pattern of the chute area can change as the oil, dust or
small fragments accumulate or attach to the chute. Presence
of steam covering the chute also changes the texture pattern.
The automatic algorithm for detection of steam in oil sand
video images proposed in this paper makes the assumption
that the presence of steam covering the reject chute area acts
as a blurring process by reducing locally the image details;
in other words, steam reduces local extrema values produced
by edges and other texture patterns in the wavelet domain.
The three different camera views of Fig. 1 were used to
illustrate that proposed algorithm for detection of steam is
not sensitive to changes in the background image, which in
this case are slightly different.
In order to capture the changes in texture caused by the
presence of steam in a video frame, the marginal distributions of the wavelet coefﬁcients in small 48 × 48 labelled
regions are modelled by using the HMT technique. The parameters of the derived models are used as input feature
vectors to train an SVM classiﬁer, which is then used to detect the presence of steam in the video image. A ﬂowchart is
provided in Fig. 2 to better illustrate the proposed algorithm.
3.2. Texture characterization using wavelet transform
3.2.1. Discrete Wavelet Transform
The traditional decimated DWT [12] has been used
with great success in many real-world image processing
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Fig. 1. Video frames of the reject chute during operational hours. (a), (b) and (c) are three different positions of the camera used to demonstrate the
results of the proposed algorithm for the detection of steam.

applications for providing multi-scale analysis and sparse
representation. In Ref. [13], the author observed that the
local maxima of the orthogonal WT of a signal helps detect sharp variations in the signal. Cetin and Ansari [14],
proposed an iterative algorithm based on the method of the
projections onto convex sets (POCS) for signal recovery
from DWT absolute maxima. Due to these properties, in
general, only a few large wavelet coefﬁcients containing
most of the image energy will be necessary to represent singularities (edges and texture) in an image. A texture pattern,
in this case, can be thought of as a region inside the support
of a wavelet basis function, which is composed by multiple
edges. For natural images, in general, the majority of the
coefﬁcients will have small magnitude values, and therefore
a histogram plot of the magnitude of the DWT coefﬁcients
will have a peak at zero and heavy-tails on the left and right
sides [15,16] (see Fig. 3(d) and (e)). Modelling the marginal
densities of the magnitude of the wavelet coefﬁcients in two
possible states (small or large values) and their persistence
or correlation across the scales via statistical HMT models
can be seen as a natural extension of the wavelet sub-band
energy approach in texture problems.
Despite the success of the DWT in image processing applications, the lack of shift invariance of this transform is
a limiting factor in the characterization of texture patterns
[17,18]. For the DWT, small spatial changes (rotation or
translation) in an image will produce unpredictable wavelet
coefﬁcients, making recognition of texture a difﬁcult task
since a texture may be presented in the image under any
translation. The shift-variance of the DWT also makes the
inter-scale persistence property, used by HMT models, no
longer hold. Other additional drawbacks of the DWT for

the analysis of texture, as demonstrated by Ref. [18], are
the poor degree of regularity (smoothness) and symmetry
(linear-phase) of the decomposition ﬁlters and poor directional selectivity.
Although shift invariance can be obtained by using an
undecimated version of the DWT (UDWT) [18], the redundancy imposed by this representation can be prohibitive, especially in real-time image processing applications. Gabor
ﬁlters have also been used extensively in texture analysis
due to their good directional selectivity and optimal lower
bound in the joint uncertainty (best trade-off between the
spatial and frequency resolutions). However, Gabor wavelet
representations (GWRs) are usually highly redundant and
the selection of an appropriate bank of ﬁlters is highly dependent on the image–frequency content.
3.2.2. Dual-tree complex wavelets
The DT-CWT, proposed fairly recently by Kingsbury [19],
is a good candidate amongst the DWT, UDWT, and GWR
in real-time image application since the DT-CWT provides
nearly shift-invariance with a limited redundancy (4:1 for
the 2D case—independent of the number of scales) and good
directional selectivity (six oriented sub-bands, ±15◦ , ±45◦ ,
±75◦ , in comparison to three orientations, 0◦ , 45◦ , and 90◦ ,
provided by the DWT). Because of the DT-CWT is built by
using parallel wavelet trees, this wavelet transform presents
excellent degrees of symmetry, which provides linear phase
and regularity due to the use of Gabor-like complex type of
ﬁlters.
The nearly shift-invariant property, valid for the magnitude of the complex wavelets, is obtained by computing
parallel wavelet trees with a real bi-orthogonal transform
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Fig. 2. Flowchart of the technique for the detection of steam in oil sand video images. In the training stage, the parameters of an SVM are determined
by using a grid-search procedure.

having double the sampling rate at each scale. Since the complex wavelet transform is approximately shift invariant, the
persistence of large/small values of the magnitudes across
scales becomes a more valid assumption and more robust
HMT models can be built.
3.2.3. Modelling the persistence of wavelet coefﬁcients via
HMT Model
The HMT model, applied in the wavelet context, is a statistical model that can be used to capture statistical correlations between the magnitude of the wavelet coefﬁcients
across consecutive scales of resolution [15] using the natural
quad-tree organization of the DWT.
It is well known from wavelet theory that the probability
density function (pdf) of the DWT coefﬁcients can be well
modelled by a two zero-mean Gaussian components [15].
One component with small variance, representing a large
amount of small coefﬁcient values and a second component
with a large variance, representing a small amount of coefﬁcients with large values, as illustrated in Figs. 3(d) and (e).

In the case of the DT-CWT, the real and imaginary parts
of the wavelet coefﬁcients could also be modelled by two
zero-mean Gaussian components since these two parts are
approximately in quadrature (i.e., they form an approximate Hilbert pair) and, therefore, their frequency response
is almost uncorrelated. However, as shown in Refs. [20,21],
a mixture of two Rayleigh pdf’s, applied to the magnitude
of the complex wavelet coefﬁcients, gives a simpler and
more suitable model than a mixture of Gaussians. This fact
is also justiﬁed by the Gabor-like nature of the DT-CWT
ﬁlters and due to the non-periodicity of the texture patterns
present in the images [22]. Figs. 3(f) and (g) show the
Rayleigh components for the DT-CWT case.
In the present work, the marginal distributions of the
magnitude of the wavelet coefﬁcients for the DWT and the
DT-CWT are modelled, respectively, as a mixture of twoGaussian and two-Rayleigh components. The persistence
property of the wavelet coefﬁcients across scales is formulated by using a ﬁrst order HMT model. The HMT model
is parameterized by the conditional probability stating that
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Fig. 3. Modelling of the marginal distribution of the wavelet coefﬁcients via HMT model. (a) Video frame indicating regions samples from (b) the reject
chute background and (c) steam, respectively. (d)-(e) Fitting of the marginal distribution of the discrete wavelet coefﬁcients computed for the regions
(b) and (c), respectively, by using two-state Gaussian. (f)–(g) Fitting of the marginal distribution of the complex wavelet coefﬁcients computed for the
regions (b) and (c), respectively, by using two-state Rayleigh.

the variable Sj is in state m given S(j ) is in state n, or,
m,n
j,(j ) = p(Sj = m|S(j ) = n) with m, n = 1, 2. Indexes j and
(j ) indicate, respectively, a child and its father node in the

quad-tree representation. The state probability of the root J
is indicated by pSJ (m) = p(Sj = m) and j,m are the variances of the mixture components. Due to the admissibility
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condition of the wavelet transform, the mean values of the
marginal distributions j,m are zero. For the case of the
DT-CWT, the scale parameters of the two-Rayleigh distributions, represented here as j,m forthe sake of consistency in
im
re
notation, are computed as j,m = re
j,m × j,m , where j,m

and im
j,m are the standard deviation of the real and imaginary parts of the complex wavelet transform, respectively.
The parameters, grouped into a vector  = {pSJ (m),
m,n
j,(j ) , j,m }, are determined by a modiﬁed version of the
EM algorithm proposed in Ref. [23]. The magnitude of the
wavelet coefﬁcients wi is assumed to follow either one of
the two-state Gaussian distributions as


2
wj,m
1
f (wj,m |j,m ) = 
,
exp − 2
2j,m
22
j,m

m = 1, 2

(1)

in the case of the DWT or one of the two-state Rayleigh
distributions as
 2 
2
wj,m
wj,m
,
f (wj,m |j,m ) = 2 exp
j,m
22j,m
m = 1, 2
(2)
in the case of the DT-CWT.
The resulting mixture model of the magnitude of the
wavelet coefﬁcients for each sub-band is given by

pSJ (m)f (wj,m |2j,m ).
P (wj,m ) =
(3)
m=1,2

3.3. Steam characterization via statistical modelling of the
wavelet coefﬁcients
In the present work, the variance values of the marginal
distribution of the wavelet coefﬁcients, showed in Fig. 4,
are used as a set of features for the steam classiﬁcation.
Two simpliﬁed models were derived from the general hidden Markov framework [15]. In the ﬁrst model, the possible inter-relationship between the oriented sub-bands is not
taken into account; i.e., the wavelet coefﬁcients and the state
variables within a particular scale were assumed to be statistically independent. Therefore, the image sub-bands obtained by using either the DWT or DT-CWT were trained
independently and hence have their own set of parameters.
In the second model, a further simpliﬁcation was introduced by tying together all the wavelet coefﬁcients from
the wavelet sub-bands for each scale. The tying procedure
assumes that the wavelet coefﬁcients for all sub-bands in
the same scale arise from the same PDF. By doing that, the
number of estimated parameters was reduced to only two
for each scale, modelling the two-wavelet states—large and
small. In this case, the anisotropic information is dropped in
favor of a larger amount of wavelet coefﬁcients to be used
in the mixture modelling estimation. The rationale behind
this model simpliﬁcation is the limited spatial resolution

Fig. 4. Scatter plot of the Gaussian and Rayleigh parameters used in
the current work as features on the detection of steam and background
of the reject chute video images. (a) Large and small variances of the
two-Gaussians ﬁtting the marginal distribution of the DWT coefﬁcients.
(b) Large and small scale parameters ﬁtting the marginal distribution of
the DT-CWT coefﬁcients.

(320 × 240 pixels) in the images used in this work and
the need for a reasonable resolution in the detection of a
texture. Regions of 48 × 48 pixels were used in the analysis.
Although the parameters of the HMT model are estimated
taking into account the persistence of the coefﬁcients using
three levels of the wavelet transform, in the present work
only the parameters of the second level of decomposition
(2j =2,m=1 and 2j =2,m=2 ) were used in the steam texture
classiﬁcation. The reason is that in the ﬁrst level of the decomposition, the wavelet coefﬁcients are mostly related to
noise in an image and thus they do not carry relevant information about the texture pattern. For the third level, the use
of the parameters has not produced signiﬁcant improvement
in the classiﬁcation accuracy. This result can be explained
by the fact that, in general, natural textures contain a significant amount of energy in midrange frequencies [24].
Detection of steam in the video frames is then performed
by using the HMT parameters, estimated for small 48 × 48
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Fig. 5. Spatial constraints used as a post-processing stage to ﬁll holes in the texture pattern. (a) Frame image captured from an oil sand mining site.
(b) Disposition of the neighbor regions (in white) evaluated for each “not steam” classiﬁed region in the image. (c) Classiﬁed image resulting from the
SVM classiﬁer. (d) Resulting image after post-processing using information from the classiﬁed neighbors. Only the 9 × 9 centered ROIs were considered
in the classiﬁcation in the reject chute image.

regions, as an input to a supervised classiﬁer. The design of
the classiﬁer is described as in the following section.
3.4. Support vector machines
SVMs are supervised machine-learning techniques, recently developed in the framework of statistical learning
theory, which have been receiving great attention from the
machine-learning community. Due to the robust performance with respect to sparse and noise data, SVMs have
been used with success in a large number of applications,
including text characterization, face recognition and bioinformatics [25,26].
When used in binary classiﬁcation problems, SVMs make
use of training examples xi , i = 1, . . . , N, with binary outputs yi ∈ {+1, −1} in order to learn, in a high-dimensional
feature space, a hyperplane w · (x) + b = 0 which has the
maximum margin of separation between the two classes.
This is equivalent to solving the following convex-quadratic
problem:
1
w2
2
s.t. yi (w · (xi ) + b) 1,

min
w,b

maximized [27]. By using kernel functions, a SVM, which
is formulated as a linear discriminant function, can also
be applied to non-linear separable problems. In this case,
the discriminant function will be determined by the kernel
function.
To avoid overﬁtting the data, in case of noise data, “slack
variables” indicated as i 0 and a penalty term C are introduced in the hyperplane formulation (Eq. (4)) to relax the
margin constraints to
min
w,b

s.t.

where b is an offset parameter, which can be treated as being incorporated into w by augmenting the feature space
vector to (x) → ((x), 1). (·) are called kernel functions
which are used to implicitly map the input vectors xi into
a high-dimensional feature space where the probability of
learning a hyperplane with maximum margin of separation is

i

yi (w · (xi ) + b) 1 − i .

(5)

This new formulation trades off two important goals: (a)
to ﬁnd a hyperplane with maximum margin of separation
between classes (i.e., minimizing w) and (b) to ﬁnd a
hyperplane that separates the data well, or with minimum
error, (i.e., minimizing i ). For a practical solution, the
problem in Eq. (5) is rewritten by using Lagrange multipliers
i as
min

(4)


1
i
w2 + C
2

w,b

s.t.

m
1 
yi yj
2
i,j =1
m


yi i ,

i j K(xi , xj ) −

m

i
i=1

(6)

i=1

where 0  i C and K(xi , xj ) are the elements of the Gram
matrix K, obtained by evaluating the kernel K(xi , xj ) =
(xi )·(xj ) for all pairs of training inputs. i > 0 are called
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support vectors and are the only Lagrange multipliers that
contribute in the hyperplane formulation.
Advantageously, the separating maximum-margin hyperplane depends only upon a subset of the original feature
vectors known as “support vectors”. Therefore, to enhance
the performance of a SVM classiﬁer, one should either reduce the set of input features, or ﬁnd an appropriate kernel
and its parameters such that the number of support vectors
would be minimized.
3.5. Post-processing using spatial constraints
A reasonable assumption that can be made, regarding
the presence of steam in oil sand images, is the spatialcontinuity behavior of this texture pattern. In other words,
small regions surrounded by opaque steam in an image are
also likely to contain steam. By using this simple observation, a simple post-processing algorithm was developed
to avoid the presence of unnatural holes in the steam texture, caused by false-negatives from the SVM classiﬁcation. For the purpose of steam detection, each image frame
was subdivided into small regions of 48 × 48 pixels as illustrated in Fig. 5. Each small region, deﬁned in this paper as a region of interest (ROI), is individually classiﬁed
as “steam” or “not steam” by using a binary SVM classiﬁer specially tailored for this purpose. Fig. 5(c) illustrates
a resulting classiﬁed image with two evident holes-falsenegative signs. In order to ﬁll the holes, each ROI classiﬁed
as “not steam” by the SVM classiﬁer is iteratively evaluated
and the ROI is reclassiﬁed as “steam” if at least three of
the four neighbor regions, indicated by the white regions in
Fig. 5(b), have been previously classiﬁed as steam. Fig. 5(d)
shows the image frame in Fig. 5(c) after applying the spatial
constraints.
3.6. Image acquisition and database

Fig. 6. Example of a frame image with steam used to assess the performance of the algorithm for detection of steam. (a) Original image. (b)
Square-grid used to label the image overlayed on the original image. (c)
Result of the visual classiﬁcation.

Table 1
SVM classiﬁers used in this work and its respective parameters
Kernel

Mathematical expression K(xi , xj )

Parameters

Linear
RBF
Polynomial

xi , xj 
2
e− xi −xj 
( xi , xj  + r)d

C
C,
C, , d = 2, r = 0

A recorded 30 min video stream (corresponding to a
54,000 frames) captured by a CCD video camera installed
in a Syncrude mine located in Fort McMurray, Alberta,
Canada, was used in the present work. The interlaced resolution of the images is 640 × 480 pixels with 256 gray
levels. During the video record time, the camera was moved
to three different positions. Video frames were collected
with the camera being stationary.
A total of 1000 ROIs (equivalent to 10 frames) for
each class—background and steam—were randomly selected from the entire video stream. Only the effective
area of the reject chute, deﬁned as the 9 × 9 centered
ROIs, were considered by the classiﬁcation algorithm (see
Fig. 5).
A group of 20 video frames containing steam/non-steam
regions (81 ROIs per frame) were manually labelled for the
sake of comparison to human performance in detecting the
presence of steam. For each frame, the three previous and
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Table 2
The best two average results obtained using a ﬁve-fold cross-validation procedure for the linear, RBF and polynomial SVM kernels with features derived
from the tied and non-tied DWT/HMT model
Features

Parameter

Average

C

Accuracy (%)

#FP

#FN

#SV

TPT (s)

Linear kernel
Tied
Tied
Non-tied
Non-tied

0.01
0.1
1
0.1

86.9 ± 0.58
86.7 ± 0.54
95.6 ± 0.49
96.6 ± 0.68

19.6
20.6
5.6
4.8

33
32.6
12
12.8

524.2
497.8
187.4
208

0.26
0.74
4.72
0.98

RBF kernel
Tied
Tied
Non-tied
Non-tied

10
1
10
10

1
1
0.01
0.1

95.75 ± 0.63
95.5 ± 0.16
97.5 ± 0.38
95.9 ± 0.18

4
2.6
2.4
8.8

13
15.4
7.6
7.6

288.8
362.8
210.2
750.4

2.39
1.75
0.69
3.36

Polynomial
Tied
Tied
Non-tied
Non-tied

1
1
10
1

0.01
0.01
0.01
0.01

95.75 ± 0.91
95.7 ± 0.54
97.75 ± 0.34
97.5 ± 0.63

2.6
2.8
2.8
2.8

14.4
14.4
6.2
7.2

177.8
167.6
97.2
114.2

7.29
52.72
65.76
7.93

FP and FN indicate, respectively, the number of false-positives and false-negatives steam detection. SV is the number of support vectors and TTP stands
for the training and processing time measured in seconds.

Table 3
The best two average results obtained using a ﬁve-fold cross-validation procedure for the linear, RBF and polynomial SVM kernels with features derived
from the tied and non-tied DT-CWT/HMT model
Features

Parameter

Average

C

Accuracy (%)

#FP

#FN

Linear kernel
Tied
Tied
Non-tied
Non-tied

100
0.1
0.35
8

98.5 ± 0.44
98.55 ± 0.36
98.65 ± 0.58
98.65 ± 0.33

2.2
1.2
1.4
1.8

3.8
4.6
4
3.6

55.2
76.8
58
49.8

4.24
0.065
0.66
4.33

RBF kernel
Tied
Tied
Non-tied
Non-tied

2
2
2
1

0.25
8
0.1
0.01

98.55 ± 0.42
99.05 ± 0.13
98.45 ± 0.67
98.1 ± 0.52

4
2.6
3
2.4

3.4
1
3.2
5.2

211.8
667.4
822.2
601.6

0.94
3.56
4.9
2.73

Polynomial
Tied
Tied
Non-tied
Non-tied

1
1
1
1

0.25
0.5
0.01
0.05

98.65 ± 0.33
99.55 ± 0.17
98.15 ± 0.11
98.05 ± 0.2

1.6
2.6
1.6
2.4

3.8
3.2
5.8
5.4

57.2
48.6
66.4
55

2.17
10.22
87
6

#SV

TPT (s)

FP and FN indicate, respectively, the number of false-positives and false-negatives signs. SV is the number of support vectors and TTP stands for the
training and processing time.

the three posterior frames were also used to give the sense of
motion, so that the presence of steam could be better visually
assessed by a human. The three authors of this paper assessed
together each individual frame on a 14 computer screen
and also on a large projector screen. The steam and nonsteam classiﬁcation was conducted by overlaying a squaregrid image on the top of the original image as illustrated in
Fig. 6.

4. Experimental results and discussion
4.1. Design of the SVM classiﬁer
Although the optimal selection of the SVM kernel and
its respective parameters for a given application is a very
active area of research, so far there is no conclusive study.
Therefore, in general, the tuning of a SVM is done by using
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Table 4
Average results of the classiﬁcation of the 20 labelled images (total of
1620 ROIs) using a linear-SVM classiﬁer with features derived from
the DT-CWT/HMT tied model with and without using spatial-context
constraints
Experiment

Without spatial-context constraint
With spatial-context constraint

Average
Accuracy (%)

#FP

#FN

89.88 ± 5.17
90.99 ± 4.78

2.4
2.65

5.8
4.65

either an exhaustive- or a grid-search approach [28]. In both
situations, cross-validation is usually applied.
In the present work, three SVM kernels (linear, RBF1 and
second-order polynomial—Table 1) were evaluated by following the methodology proposed in Ref. [28]. The parameter of the RBF kernel denotes the width of the Gaussian
function. For the polynomial kernel, d, and r represent,
respectively, the degree, the coefﬁcient and the co-additive
constant of the polynomial function. In this work, the order
of the polynomial function was set to d = 2 to avoid overﬁtting the data by giving high ﬂexibility to the function. The
co-additive constant was set to r = 0 (the default value in the
libsvm library [29]). In each case, the regularization parameter C and the parameter were ﬁrst varied using a coarse grid
from 2−5 to 215 with steps of 22 . After ﬁnding the best grid
range, the best SVM kernel parameters were assessed again
using a ﬁner grid. For each combination of C and parameters in the search grid, the SVM algorithm was considered
not to converge and was stopped if the training time exceeds
30 min. A Pentium IV 2.66 GHz, 512 MB machine was
used for this task. Mean and standard deviation values for
the classiﬁcation accuracy were obtained by using the heldout test data for a 5-fold cross-validation ([30, Chapter 9,
p. 483]).
4.2. Classiﬁcation results
The cross-validation assessment of the SVM algorithm
was performed by using all the ROIs from steam and background regions composing the image database. Table 2
presents the best two average results of the classiﬁcation
obtained for the tied and non-tied DWT/HMT models. Except for the tied model using the linear SVM kernel, the
average accuracy for the evaluated kernels is very similar.
The non-tied model using the polynomial kernel performed
slightly better in both the average accuracy and in the
number of support vectors.
The best average results of the classiﬁcation obtained for
the tied and non-tied DT-CWT/HMT models are presented in
Table 3. Different from the DWT, the tied models performed
slightly better than the non-tied ones in the case of the RBF

1 RBF stands for radial basis function.

(

)

–

and polynomial kernels. The number of support vectors were
lower in the case of the linear and polynomial kernels.
As can be noticed in Tables 2 and 3, the average accuracy results obtained by using the DT-CWT were always higher than the DWT. The feature plots in Figs. 4(a)
and (b) also show that the distribution of the DT-CWT
parameters presents lower overlapping between the steam
and background classes comparing to the DTW parameters.
These results conﬁrm the advantages of using this transform in the characterization of texture pattern as argued in
Section 3.2.
A group of 20 frames manually labelled containing steam
and non-steam regions (81 ROIs per frame—only the effective region of the reject chute) was used to quantitatively assess the proposed algorithm. The results presented in
Table 4 indicate a good agreement (about 90% of correct
classiﬁcation) between the computer classiﬁcation and the
operators opinion. The results also show that, for this group
of images, the spatial-context constraint did not improve the
average accuracy of the classiﬁcation.
Figs. 7 and 8 show the results of the steam detection
in a sequence of image frames for two different positions
of the video camera. For reduction in the computational
time, only the effective region of the chute is processed
for the steam detection. The area covered by the steam
in each frame image can be trivially computed by multiplying the number of ROIs detected as steam regions by
the area of each ROI represented by 48 × 48 pixels in an
image.

5. Conclusions
In this paper, we proposed a real-time image processing algorithm for detection of steam in oil sand video images. The
algorithm, which works on an individual frame basis, uses
the parameters of HMT technique, modelling the marginal
distribution of the wavelet coefﬁcients of small square regions of an image, as features to characterize the steam
texture pattern. The algorithm was trained and tested using a cross-validation procedure and also compared against
a labelled image data set. The results obtained with the
proposed algorithm (cross-validation average accuracy of
90% with FP and FN less than 5%) are very promising
considering the small number of features used in the classiﬁcation. For a future study, measures of changes in the
chrominance values of the pixels and information about the
dynamics of the steam maybe used to improve the current
algorithm.
Although, the proposed method performs only binary
classiﬁcation of the steam, the authors intend to extend
the method by including an evaluation of the degree of
opacity. By determining the steam opacity, a computerized
image processing algorithm for ore-size analysis could automatically decide either to recover the original information
in the areas covered by steam or simply to discard the
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Fig. 7. Sequence of frames from a reject chute in a Syncrude mine—view 1. Left: original images. Right: results of the steam classiﬁcation using the
proposed algorithm.

Fig. 8. Sequence of frames from a reject chute in a Syncrude mine—view 2. Left: original images. Right: results of the steam classiﬁcation using the
proposed algorithm.

current video frame during the analysis. A preliminary attempt using probability values provided by an SVM probability mapping method (available in the libsvm library) as an
indication of the degree of steam opacity did not produce
satisfactory results.
In addition to the importance of detecting steam in oil
sand video images, the proposed algorithm may also be
adapted to other industrial applications such as ﬁre alarms,
cargo smoke detection and other video smoke detection
systems.
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