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Abstract. During the metallurgical process of steelmaking, conformity is achieved in the processes of primary and
secondary refining. One of the types of secondary refining takes place in the RH degasser, where the molten steel
from primary refining is fed into a ladle below RH. RH and the ladle are connected by two tubes called "up leg"
and "down leg". The steel is encouraged to circulate in the up leg, while the molten bath flows back into the ladle
through the down leg. The edges of the refractory bricks of both legs, also called "throats," are subject to wear.
This observation is made by an operator who goes to the top of the degassing ladle and uses a cell phone to take a
picture of the condition of the throats on the lower vessel of RH. The image is evaluated to check for throat wear
and to ensure the integrity of the process to avoid perforations and unavailability of RH. To provide a more
meaningful measurement, YOLACT, a neural architecture designed for real-time image segmentation, is used to
extract the coordinates describing the segmentation of the throats in the images, which are later processed to
estimate the actual wear.
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1 Introduction

The process of obtaining molten steel can be summarized in two stages: pig iron production and molten
production. is obtained. First, it is obtaining the pig iron a metallic material that is produced in the blast furnace
and consists of iron and a high proportion of carbon and impurities. The pretreatment of the pig iron consists in
ensuring that the composition of the material is appropriate and that silicon (Si), phosphorus (P) and sulfur (S) are
removed. The pig iron is then subjected to the steel refining process (primary refining), which is carried out by the
controlled oxidation of impurities in the pig iron and in the scrap, which is also fed to the process, as Torres [1]
states. Although sulfur is reduced during pig iron pretreatment, additional desulfurization (de-S) is required for
some grades of steel (S < 10ppm) used, for example, in the marine and aerospace markets. In order to achieve low
sulfur content, lower carbon content and reduction of gasses (hydrogen, nitrogen and oxygen), this treatment is
carried out in secondary refining, usually using the RH vacuum degasser, which is widely used in steel treatment
according to Silveira [2] and Silva et al [3]. In this process sequence, the molten steel from the primary refining is
placed in a ladle located under the degassing vessel. In the work of [2] , it is highlighted that the vessel has at its
bottom two refractory tubes, called up leg and down leg, respectively, which serve to promote the circulation of
the steel between the vessel and the ladle and, consequently, the decarburization and degassing of the steel. Among
the possible wear phenomena of the RH vessel refractory, the erosion caused by the increase in the circulation
velocity of the molten steel is the most aggressive for the life of the refractory, especially at the upper edges of the
up leg and down leg, the so-called throats, as presented by Melo et al [4]. Wear is monitored by an operator who
goes to the top of the vessel and records the condition of the throats with a photo camera through the tube into
which the oxygen lance, used in the decarburization process, is lowered. The image is analyzed to estimate the life
of the refractory, focusing on the integrity of the vessel, which can be perforated. When the wear reaches the
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specified limit, the RH process is interrupted to replace new refractory bricks. This method exposes the operator
to high nozzle temperatures, which jeopardizes his operational safety. In addition, wear analysis is not performed
online, which means that a time interval after image acquisition is required so that the techniques currently used
for estimation can be used by the responsible personnel.

In this way, this work presents a method not mentioned in other works that uses a convolutional model for
the segmentation of images in real time, with the proposal to help in the monitoring of wearing, to help reduce the
operator's exposure to the high temperatures, and, when embedded in a monitoring system, to be able to process
and provide estimates online. This model is YOLACT, the output of which (images showing the segmented wear
area) is processed to delineate the segmentation contour. The coordinates of the contour in pixels are known and
are used to calculate the largest distance between pixels in this set. Then, this result is related to the actual distance
measurements to obtain an estimate of the maximum wear of the throats.

2 RH Degasser

The Ruhrstahl-Heraeus degassing process (RH) is used to remove gaseous impurities such as hydrogen and
nitrogen, which have a detrimental effect on steel mechanics at the end of the production line. In addition, reactions
between carbon and oxygen are accelerated at low pressures, so that a high decarburization rate can be achieved.
In this process, it is possible to remove part of the inclusions contained in the liquid steel and promote the
homogenization of the chemical composition and temperature, as Vieira [5] points out.

Based on the work of Morais et al [6] and Maranhao [7], the process of vacuum degassing is described below,
which is visually represented in Fig. 1 adapted from Marchesi [8]:

The ladle filled with molten steel is lifted and positioned under the vessel; the up and down legs are introduced
into the metal bath; pressure reduction is promoted in the upper vessel by the vacuum chamber, causing the molten
steel to rise about 1.40 m above the original surface level due to the pressure difference in the vessel and ladle;
when the gas (typically argon) comes into contact with the metal bath, it experiences a large increase in volume
due to the increase in temperature and the decrease in pressure, so that the molten steel inside the vessel experiences
a difference in height that depends on the argon flow. The gas causes a decrease in the apparent density of the steel
in the up leg, while in the down leg the apparent density remains unchanged; the difference in density between the
legs promotes the circulation of the molten steel; the steel flow, containing gas bubbles, is moved at high speed
into the vessel, dispersing the steel droplets and releasing the gases dissolved in the metal bath; in this way, the
circulation of the steel and the subsequent continuous degassing take place; at the end of the process, the chemical
composition, temperature and oxygen content are measured. After the measurements and considering the
previously established limits, the molten steel is sent to continuous casting.

3 YOLACT

In the field of computer vision, there are notable applications related to image and video processing. Of these,
three stand out: image classification, object detection, and image segmentation, which can be divided into semantic
segmentation and instance segmentation in the context of convolutional neural networks. The works of Gonzalez
[9], Kutyonen [10] and Tabares [11] define these applications as follows, exemplified in Fig. 2 from Liu et al. [12].

e Image classification: this is one of the essential problems of modern computer vision, where the
goal is to create a model that can classify one or more images into a set of predefined classes, i.e.,
the classification determines which objects are present in the images.

e Object detection: the next task combines classification and localization to determine which class is
recognized and in which region of the image the object is located, delineated by a bounding box.

e Semantic segmentation: semantic segmentation is described as the process of classifying the pixels
of an image into a particular class, dividing the image into regions with the shape and edge of the
objects present; it is important to note that different instances of the same class are not separated
here, as shown

e Instance segmentation: the result of this process is a group of regions covering the shapes of each
object. Instance segmentation distinguishes instances of the same class.

The proposed architectures for instance segmentation applications, run into an obstacle when it comes to the
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real-time performance that is sometimes required for devices that require minimal response times and decision
making. In this context, the Mask-R CNN (Gkioxari, Dollar and Girshik [13]), the FCIS (Li et al [14]), the
RetinaMask (Fu, Shvets and Berg [15]) and PA-Net (Liu et al [16]) are examples that have relatively good
performance, but their inferences cannot be used in "real time" due to the high computational complexity involved
in creating such systems; the large number of parameters makes it impossible for these networks to run on
machines with lower computational power. The task therefore requires a different architecture capable of
performing the computations in "real time", as Kanjee notes [17]. YOLACT, developed by Bolya [18], is an
optimized version for instance segmentation and has gained a reputation for its speed and accuracy advantages,
being able to achieve 29.8 mAP (mean Average Precison) on MS COCO at 33 frames per second, which is much
faster than other competing frameworks due to its one-stage instance segmentation model.
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Figure 1. RH vacuum degassing process

CILAMCE-2022
Proceedings of the joint XLIII Ibero-Latin-American Congress on Computational Methods in Engineering, ABMEC
Foz do lguagu, Brazil, November 21-25, 2022



Template file for CILAMCE-2022 full-length paper (double-click here to enter the short title of your paper)

person, sheep

- .

1 — Object Classification

sheepl sheep sheep® sheep sheep

dog

3 — Semantic Segmentation 4 — Instance Segmentation

Figure 2. Computer vision tasks

In the scenario of this work, YOLACT has been chosen because of the points discussed above, highlighting
its speed, superior to other structures, and suitable for the approach presented here, which is to present a model
that can be embedded in a system for online estimations.

4 Methodology

4,1 Dataset

The dataset used to train the YOLACT model consists of one hundred images, 90% used for training and
10% for validation. This dataset was formed after selecting four frames from a video provided by a steel company,
taken perpendicular to the throats. The 11-second video, with a frame rate of 30 frames per second, was taken with
a cell phone camera whose model is unknown. Only these four images captured the two throats of the lower vessel
of the RH degasser, and through them artificially altered images of the original ones were created. For this purpose,
we used the Python library Augmentor, presented by Bloice [19], which provides refined control over the
automation of image augmentation and implements the main real-world techniques for generating artificial images.
The user selects the desired operations to modify the original set and generate new images, specifying a probability
to decide whether to apply an operation to an image as it passes through the augmentation pipeline. The settings
of the applied operations are accessible in the code implemented in Notebook Colab, which can be viewed in the
Mantuan repository [20].

Figure 3 shows four examples from the set of one hundred generated images, all with the same resolution of
960 x 1280 pixels and different properties of brightness, distortion, and orientation randomly determined by the
user at predefined intervals.
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4.2 Extracting Segmentation Results

Figure 4 shows the steps applied to extract the distance (in pixels) of the validation images from the dataset.
The first stage includes the evaluation of the model trained with 100 epochs and a batch size of 1. The mAP metrics
of the trained model are in Tab. 1. In this stage, the ten images go through this process with a confidence threshold
of 0.3 and the result is the delineation of the pixels (masks) of the instances identified by the model. Since this is
an instance segmentation, the instances of the throat class are distinguished. In the example of Fig. 4, the mask of
the first instance is blue and that of the second is red, and the labels have an identifier index and a score relating
the predicted mask to the ground truth. If the score is equal to 1, both masks overlap. In the second stage, the masks
are binarized, i.e., the pixels that mark the region of interest in the image become white. The other pixels are black
by default. In the third stage, the binarized images are subjected to the edge detection method, which provides the
coordinates (x,y) in pixels for each point of the mask contour, shown in a magenta tone in Fig. 4. All coordinates
are stored so that later the largest Euclidean distance between the elements of the set can be calculated. After the
calculation, the line between the farthest contour pixels is drawn. In the fourth stage, the lines are plotted on the
masks resulting from the first stage, with dimensions 333.53 pixels and 302.72 pixels for the first (throat 1) and
second (throat 2) instances, respectively, in the example in Fig. 4.

Table 1. Mask mAP results

Backbone mAP MAPs5 mAP75 mMAPg mMAPgs
Mask ResNet101 92.21 100 100 100 22.09
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Figure 4. Stages to extract maximum wear of the throats

4.3 Estimation of real wear

By determining the maximum wear in pixel units, it is possible to relate it to the real metric system, using Sl
units. The refractory bricks of the lower vessel of the RH degasser, when not wore, correspond to the original
diameter of the up-throat and down-throat, i.e., 0.572 m, according to the company. In Fig. 4, it was estimated that
this value corresponds to 188 pixels. Therefore, it is possible to mathematically relate these units and deduce that
the largest Euclidean distances for the first and second instances are 1.014 m and 0.921 m, respectively. With these
data, the relative wear is extracted with respect to the original refractory by subtracting 0.572 m from the calculated
distances, and with these parameters, operators can predict the number of heats before replacing the refractory.

5 Conclusions

The description of the method shown in this paper is a way to present the company with a computer vision
tool that eliminates the need for all the manual calculations and spreadsheets currently used to evaluate throat
images and is capable of assisting in monitoring refractory wear and reducing employee exposure to the operating
environment of the RH degasser. The trained model, based on a widely accepted structure in the state-of-art, can
be embedded in a refractory monitoring system to display indirectly taken measurements online. As an advantage,
the system can be developed to store these data useful for refractory life analysis and preventive maintenance
planning.

It should be noted that it is extremely important that the estimate is representative, since the postponement of
the refractory change can lead to a perforation in the vessel, causing process stops, production losses and possible
accidents. On the other hand, if the replacement is done in advance, the user will not have the total service life of
the refractory materials recommended by the supplier. Therefore, it is important to increase the generalizability of
the model by covering new refractory wear scenarios.
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