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1. Introduction
In the continuous casting of aluminium the
molten aluminium is fed from a furnace into an
open mold. For the correct functioning of the
process it is important to guarantee a continu-
ous metal flow from the furnace. To ensure this
it is necessary to provide measurements of the
aluminium level inside the furnace. The accu-
rate measurement of molten aluminium level in
the continuous casting processes is a major issue
which affects the final product quality and pro-
cess efficiency [1]. The most common method
used to determine metal level has been the use
of sounding bars. In this method, a rod is pe-
riodically immersed into the molten metal bath.
The metal level is determined visually by the
operator observing the location of color change
along the bar. Another traditional method con-
sists in weighting the solid metal to predict the
level once melted. Both methods provide lim-
ited accuracy and repeatability. Various alterna-
tive non contact techniques for metal level mea-
surement inside a furnace or other metallurgical
vessels like tundish and molds have been inves-
tigated and tested lately. These techniques in-
clude γ-rays transmission, thermal conduction,

Eddy current, induction, capacitance and com-
puter vision based methods. However γ-rays
method uses radiations which are dangerous for
human body. Thermal conduction and Eddy-
current methods require installation precautions
which limit accuracy. Induction and capacitance
techniques used for molds are unsuitable for in-
stallation inside a furnace since the harsh condi-
tions would disable the sensors. Computer vi-
sion based methods found in literature aren’t
completely non-contact since they still need in-
teraction with the melt. This work presents an
alternative method for the measurement of alu-
minium level inside a furnace, which makes ex-
clusive use of a camera vision system. The ob-
jective is to measure the level by detecting the
interface formed by the molten aluminium sur-
face with the furnace’s refractory walls. The
method makes use of well known machine vision
techniques for edge and line detection known
as Canny detector [2] and Hough transform [3].
Different alternatives have been investigated re-
garding pre-processing and edge detection tech-
niques for a total of 4 approaches of the method.
Here are presented the two which gave the best
results. The set objectives are a robust on-line
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level detection in different illumination circum-
stances and the ability to provide reliable mea-
surements of the molten aluminium level with
uncertainty in the order of ±5 mm. The system
is expected to perform well for good illumination
conditions.

2. Proposed Method
For the proposed method a camera is used to
capture the internal situation in the furnace.
The algorithm uses Hough transform [3] to de-
tect the line in correspondence of the melt sur-
face/wall interface. Once the line is identified,
the known dimensional relations between fur-
nace features is used to derive a measure of the
height of the level.

2.1. Setup of the system
The vision system is composed of a camera
specifically designed for high temperature envi-
ronments which is installed in a refractory wall
of the furnace. The camera is provided with
a 8 MP optical sensor (3840x2160 pixel) and
lens with 49° x 65° view angles. The position-
ing study for the installation of the camera was
performed through MATLAB simulations. The
original AutoCAD drawings of the furnaces were
used in order to identify the optimal position.
The installation setup is shown in Figure 1. The
camera is rotated of 30° towards the right refrac-
tory wall. The camera is placed at an height of
1400 mm as a safety measure in order to avoid
molten aluminium splashes. In this configura-
tion the camera is able to obtain an optimal view
of the whole level excursion while also framing
known features of the furnace. Before installa-
tion the camera was calibrated to estimate radial
and tangential distortion.

Figure 1: The camera setup inside the furnace.

2.2. Algorithm
The algorithm for level identification was devel-
oped using Python programming language. Af-
ter installation in the furnace it was possible
to connect to the camera’s live stream. Sam-
ple videos of different working conditions were
collected.

Pre-Processing

A pre-processing strategy was developed to pre-
pare the images for edge detection. The level
excursion occurs only in a restricted area of the
frames so as a first step the images are cropped
to size in order to reduce processing time. The
final dimension is 600x750 pixel. Grayscale con-
version is performed on the cropped frames.
From testing it resulted that the images have
very low contrast. Therefore the contrast is en-
hanced using a custom histogram modification
technique which stretches the pixel intensities
on a wider range. Edge detection techniques are
easily affected by noise, so reducing the noise
component in an image is fundamental. Tests
were carried out with different classical noise fil-
tering techniques [4][5]. From testing two tech-
niques performed better, which are Gaussian fil-
ter and Bilateral filter.

Edge Detection

After the pre-processing stage the image is fur-
ther processed to detect the edges. Edge detec-
tion is necessary to be able to apply the algo-
rithm for line recognition. In order to obtain
good quality edges Canny detector is applied to
the pre-processed frames. Canny detector com-
putes the gradient of the image and selects those
pixels which correspond to gradient peaks. The
output is a binary edge map where the white pix-
els correspond to the edges. It was observed that
Canny detector was able to detect even weak
edges in the images. The two thresholds used
by the method were tuned with a process of trial
and error.

Line Detection

The edge map obtained is the input for the al-
gorithm that performs Hough transform. The
Hough transform is the most widely adopted
technique for line detection in machine vision.
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A line in the xy image plane can be described
in different ways. Hough Transform uses a
parametrization of the line known as normal
form:

ρ = x · cos(θ) + y · sin(θ) -90° ≤ θ ≤ 90° (1)

The geometrical interpretation of ρ and θ pa-
rameters is illustrated in Figure 2a. Notice in
Figure 2b that a point (xi, yi) in the xy image
plane is transformed in a linear combination of
two sinusoids in the so called parameter space.

(a) xy image plane. Three
aligned points on a line in
the image.

(b) Parameter space.
Transforms of points 1,
2, 3 intersect in a point
which correspond to the
parameters of the line in
common.

(c) Discrete parameter space.

Figure 2: The principle of Hough Transform.

The parameter space is discretized in the prac-
tical implementation of the algorithm so more
lines in image plane correspond to a single cell
(Figure 2c). The resolution of the cells is set to
1 pixel for ρ and 1° for θ. The algorithm returns
a vector which stores the detected lines. Each
line is given in the form of its relative ρ and θ
parameters.

Level Measurement

The proposed measurement reference system is
based on the knowledge about dimensions and
poses in 3D space of the furnace’s features which
are framed in the camera view. Perspective pro-
jection of parallel furnace’s features is used to

map the dimensions in the image plane. The ob-
tained reference system is depicted in Figure 3a.
With reference to Figure 3b the formula to com-
pute the height from a detected line is a propor-
tion:

H [mm] =
a

a+ b
· 2400 [mm] (2)

where a and b are measured in pixel.

(a) The reference system in the image.

(b) Level measurement principle.

Figure 3: The measurement reference system.

In general the Hough algorithm does not find a
single line in the edge map but detects a few
in correspondence of the level. A procedure for
the selection of a single line has been developed.
The melt level in the furnace is known to change
with slow dynamics with respect to the acquisi-
tion rate. The algorithm keeps in memory the
heights computed in 10 previous frames and de-
termines the mean value. Then the height is
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computed for all the lines detected for the cur-
rent frame. The line with height closer to the
mean value is selected.

Testing

As explained in the introduction, 4 approaches
were evaluated. Here we discuss the two which
gave the best results. The two approaches only
differ in the pre-processing technique used for
noise reduction: First approach uses Gaussian
filter while second approach makes use of Bi-
lateral filter. The tests were performed on
videos ranging different illumination conditions
and evaluated measurement accuracy, robust-
ness to light conditions and execution time. The
type A measurement uncertainty for the two ap-
proaches was evaluated on a video in which the
melt level is assumed to be constant. A sec-
ond video has been used to evaluate the dy-
namic performances in terms of robustness to
illumination changes and tracking of the level
variation. In this video the level is rising and
different light conditions are present. The light
conditions change approximately between 75 s
and 105 s. Moreover the front panel of the fur-
nace starts opening at 203 s, which implies the
shutdown of the burners. The mean execution
time for the analysis of a frame was computed
as the mean of the execution times of the whole
frames data-set.

3. Results
The results of the experimental tests performed
during the course of the research are presented
in this section.

3.1. Image Processing Results
Figure 4 shows the result from application of the
algorithm to a frame. Figure 4a shows a full size
RGB capture from the camera. The green rect-
angle indicates the portion of the image which
is processed. Figure 4b shows the frame after
it has been cropped and converted to grayscale.
In Figure 4c the frame after contrast enhance-
ment and de-noising is shown (Bilateral filter is
used in this case). Figure 4d depicts the edge
map obtained from application of Canny detec-
tor. Figure 4e shows the result from application
of Hough algorithm. The detected line is high-
lighted in red.

(a) (b)

(c) (d)

(e)

Figure 4: The processing sequence performed by
the algorithm. (a) Full size RGB frame (green
rectangle indicates the part for processing), (b)
Cropped grayscale frame, (c) Frame after con-
trast enhancement and noise reduction (Bilat-
eral filter is shown here), (d) Canny edge map,
(d) Lines detected with Hough transform.

3.2. Measurement Uncertainty Re-
sults

The results of the measurements performed on
first video for the two approaches are plotted
in Figure 5. Table 1 contains measured mean
value and measurement uncertainty. Two Gaus-
sian distributions with the obtained mean val-
ues and standard deviations are plotted in red
dashed line over the measurement distributions
in Figure 6.
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(a) Plot of level measured with approach 1.

(b) Plot of level measured with approach 2.

Figure 5: Plots of the level measured for the
2 approaches. (a) Approach 1: De-noising with
Gaussian filter, (b) Approach 2: De-noising with
Bilateral filter.

(a) Approach 1 distribu-
tion.

(b) Approach 2 distribu-
tion.

Figure 6: The two measurement distributions.

Mean S.D. σ uA k=3

Approach 1 756.5 mm 2.1 mm 6.3 mm

Approach 2 756.0 mm 2.0 mm 6.0 mm

Table 1: Mean value, standard deviation and
measurement uncertainty. Approach 1: Gaus-
sian filter. Approach 2: Bilateral filter.

The mean values computed for the two ap-

proaches differ by 0.5 mm. Type A uncertainty
is given with confidence level k=3

3.3. Dynamic Performances Results
The measurement results from the tests per-
formed on the video with rising level and changes
in the illumination conditions are shown in Fig-
ure 7. The time window where the light condi-
tions change in the video is highlighted by two
dashed lines (in purple). The instant when the
front door starts opening is highlighted with the
dashed line in light blue. The measured heights
for the 2 approaches show a rising trend. In
the purple window the measurement points are
sparse as well as after the opening of the door.

(a) Plot of level measured with approach 1.

(b) Plot of level measured with approach 2.

Figure 7: Measurements of rising level for the
two approaches.

3.4. Execution Time Results
The algorithm’s mean execution time for a frame
was computed averaging the execution time of
898 frames. The results are collected in Table 2.
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Mean Execution Time

Approach 1 325 ms

Approach 2 369 ms

Table 2: Mean execution times.

4. Discussion
4.1. Image Processing
With reference to the results in 3.1 it is pointed
out that for the purpose of line detection it isn’t
necessary to use the whole image. As shown in
Figure 4a the level excursion can be observed in
a reduced area. This makes it possible to reduce
the elaboration time since the number of pixel in
the green rectangle is approximately 1/18 of the
total. Figure 4b shows the cropped frame after
grayscale conversion. It is evident that the con-
trast is poor. The level edge is barely visible.
This motivates the need for contrast enhance-
ment. In the frame in Figure 4c after contrast
enhancement and noise reduction (Bilateral fil-
ter in the example) the level edge is more visible.
with Canny detector it was possible to obtain
thin edges as shown in Figure 4d. The edges
however aren’t continuous. Still, this is an ac-
ceptable edge map considering that in the image
in Figure 4c there isn’t a steep change of intensi-
ties in correspondence of the level. In Figure 4e
it is noticed that however the edge map is suffi-
cient for the Hough algorithm to detect lines.

4.2. Measurement Uncertainty
In the video used to estimate measurement un-
certainty for the two approaches the level is as-
sumed to be constant. Reference is made to
the graphs in Figure 5. It is noticed that the
graphs of both approaches appear coherent with
the analysed video. The measured heights in
fact follow a trend which is constant (with small
fluctuations). In confirmation of this the distri-
butions of the measurements from approaches 1
and 2 shown in Figure 6a and 6b are well de-
scribed by Gaussian distributions. In both dis-
tributions it can be observed that there are gaps
of approximately 1 mm between the columns.
This effect has to be attributed to the discretiza-
tion of the parameters space performed in the
Hough algorithm. With regards to the effect of

the pre-processing choice it is noticed that ap-
proach 1 which uses Gaussian blur has a slightly
higher standard deviation with respect to ap-
proach 2 which uses Bilateral filter. The results
reported in Table 1 show that minimum value
for uncertainty is 6.0 mm and is obtained with
approach 2.

4.3. Dynamic Performances
The results from approaches 3 and 4 show some
sensitivity to the change of illumination from 75
s to 103 s (Figures 7a and 7b). However the
measured heights in that window seem coherent
with the trend of the measurements in the other
intervals. It is noticed from comparison that ro-
bustness to light conditions has very small cor-
relation with the choice of the pre-processing fil-
ter (Gaussian or Bilateral). In the last part of
the video at 203 s the front panel of the fur-
nace opens which implies the shutdown of the
burners. The light intensity levels become very
low. As would be expected both approaches are
no more able to detect borders. Overall the dy-
namic performances of the two approaches are
similar.

4.4. Execution time
Mean execution times for the two approaches are
comparable (Table 2). The slightly higher time
of approach 2 with respect to 1 is due to the
extra time required by the Bilateral filter.

5. Conclusions
The proposed method has been proven to be ca-
pable of detecting aluminium level in different
operating conditions. The two presented ap-
proaches resulted to meet expectations. Canny
detector resulted to be robust enough to mod-
erate changes of lighting condition. The set ob-
jective to obtain measurements with uncertainty
in the order of 5 mm was reached by both ap-
proaches 1 and 2 with uncertainty of respectively
6.3 mm and 6.0 mm at k=3. Both approaches
have been considered suitable for on-line moni-
toring of the aluminium level inside the casting
furnace. As expected the methods performed
well when the illumination conditions were met.
A future improvement could be the implemen-
tation of an algorithm for the adaptive adjust-
ment of shutter speed based on illumination con-
ditions.
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