
“bomb Celox” samples taken at the conclusion of the heat, as 
dictated by the charge model.

Figure 3a is a histogram of the error in carbon (measured as 
points of carbon, i.e. % × 100).  The average error is about 0.1 
points of carbon with a standard deviation of 0.8.  The measured 
carbon at first sample was, on average, lower than the aim.  This 
particular operation tends to over-blow its heats, with respect 
to carbon.  Figure 3b is a histogram of the error in temperature 
(measured in °Celcius).  As indicated in that figure, the average 
error in temperature is -20°C with a standard deviation of 25°.  
The temperature at first sample was, on average, higher than 
the aim; indicating that the heats are also over-blown with re-
spect to temperature.  Over-blowing impacts not only yield and 
productivity but also has a significant environmental impact.  

If too much carbon is removed from the bath it must be 
replaced in the ladle to meet cast specifications.  The extra 

carbon, first removed and then re-
placed, unnecessarily contributes 
to additional greenhouse gas emis-
sions.  Despite the tendency to over-
blow, approximately 7% of the heats 
were found to be more than 1 point 
of carbon above the aim; meaning 
that the operator had to re-blow the 
heat after the first sample.

EFSOP end-point detection
The EFSOP strategy for end-point 

detection uses real-time off-gas com-
position, along with measured pro-
cess variables, to determine more ac-
curately when the temperature and 
carbon end-points have been reached 
and signal the end of the heat.  The on-
line information is used in two ways: 
Advanced multivariate statistical 
modeling of the process; and dynamic 
state-space modeling of the process.

The statistical component, of the 
EFSOP end-point predictor, is based 
on the fact that the off-gas profile is 
fairly consistent, from heat to heat, 
with respect to shape.  It is well ac-
cepted that the kinetics of decarbur-
ization are driven by the rate of mass 
transfer of dissolved carbon to the re-
action interface between liquid metal 
and iron oxide.  At high carbon con-
centrations (approximately greater 
than 0.3% carbon), the mass transfer 
rate is sufficiently high that the rate of 
decarburization is controlled by the 
rate of oxygen supply to the steel bath.  
Below this concentration, the rate of 
decarburization is limited by the rate 
of carbon diffusion to the reaction in-

terface. This mechanism is evident in the off-gas profile where 
CO2 concentrations tend to remain fairly constant throughout 
the heat, and then to decrease sharply as carbon is depleted 
near the end of the blow.  This feature, along with other process 
inputs, was used to develop a statistical model of the profile of 
decreasing carbon consumption at the end of the blow.

An evaluation of the methodology was conducted to de-
termine the accuracy with which bath carbon is predicted.  
Over 200 heats were evaluated off-line.  Figure 4 plots the 
results and shows the cumulative percent of heats that fall 
within the error interval indicated.  The error is determined 
as the absolute difference between the predicted carbon and 
the measured carbon.  The figure shows that the statistical 
model for carbon end-point is able to predict within one 
point of carbon about 95% of the time.  This is a significant 
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Figure 3: Error distribution in end-point carbon and temperature, using the charge model.
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that carbon end-point can be identified with greater accuracy 
than is possible with the plant’s current charge-model approach.  
The EFSOP off-gas based statistical model is able to predict 
carbon within one point of the measured value, for 95% of cases.  
Based on these results, the plant has implemented the EFSOP 
off-gas system online for end-point carbon prediction.  Online 
trials have started and are on-going at this writing.

A dynamic model of the BOF process, based on real-time off-
gas measurements, has been developed and tuned.  The model 
is being validated off-line and initial results are promising.

In a subsequent phase of this project the EFSOP off-gas 
analysis system will be used to control post-combustion in 
the BOF vessel.  Building upon its successes in optimizing 
post-combustion in EAF steelmaking, Tenova Goodfellow 
aims to develop a system to control and optimize post-com-
bustion in the BOF.  The off-gas model provides a dynamic 
measure of the extent of post-combustion occurring natu-
rally in the process.  Intentions are to use this information, in 
a feedback approach, to control both oxygen flow (primary 
for decarburization, and secondary for post-combustion) 
and lance height, in a dual-flow oxygen lance.  It’s expected 
that energy recovered through the implementation of post-
combustion will allow an increase in the scrap to hot-metal 
ratio to increase productivity in this hot-metal short op-
eration.  A reduction in the hot-metal to scrap ratio also will 
provide environmental benefits by reducing greenhouse gas 
emissions (kilograms of CO2 per ton of steel produced) from 
the integrated blast furnace/BOF process, measured as total 
CO2 per ton of steel produced.

improvement over the plant’s histori-
cal operation, in which the carbon 
end-point was within one point of the 
aim for only 85% of the time.

The EFSOP dynamic model com-
ponent makes use of real-time off-gas 
composition to calculate a dynamic 
mass and energy balance over the 
course of the blow — unlike the static 
charge model approach, in which only 
initial and final conditions are taken 
into account.  The off-gas composition 
and temperature are used to calculate, 
in real-time, carbon, oxygen and en-
thalpy balances of the gas-phase of the 
process.  From the carbon balance, the 
rate of decarburization is determined 
over the course of the blow.  The oxy-
gen balance provides information not 
only of the total rate of oxidation, but 
also the extent of post-combustion (CO to CO2) and the relative 
fraction of oxygen reacting with either bath carbon or partici-
pating in slag-forming reactions.  An enthalpy balance of the gas 
phase makes it possible to calculate energy leaving the system 
with the off-gas.  Any remaining energy is either lost through the 
walls of the vessel or attributed to heating the bath/slag or melt-
ing and heating of scrap.

Predicting end-points accurately is improved with the use 
of dynamic off-gas information, which makes it possible to 
estimate the properties of the bath and slag over the course 
of the heat.  The EFSOP advantage over static charge mod-
els, where only initial and final conditions are taken into 
account, is that the off-gas information provides a measure 
of oxygen utilization over the course of the heat and allows 
a dynamic evaluation of the actual efficiency of the oxygen 
imparted to the process for both bath refining and post com-
bustion.  Variability in the efficiency with which oxygen is 
delivered to the bath is not unexpected and is affected by 
lance wear, variations in the height of the lance, variations in 
the lance rate, refractory wear, among other factors.

The greatest challenge encountered in the development of 
the dynamic model has been tuning the model to the process.  
The accuracy in the initial conditions (i.e. initial mass and com-
position of scrap and hot metal), as well as the accuracy in the 
measured final bath conditions (i.e. measured end-point carbon 
and temperature and slag analysis), will influence significantly 
the predictive ability of the model.  Uncertainties in the preci-
sion of the input data are common in steelmaking, however the 
current EFSOP installation confirms that efforts to improve 
input data precision will ensure a reliable 
tool for end-point prediction.

Future work
Off-line evaluation of the EFSOP ap-

proach to end-point prediction indicates 
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Figure 4: Cumulative distribution of the prediction interval using EFSOP end-point model.
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