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Abstract
In continuous casting, molten steel is fed from the tundish into the mold through an im-

mersion nozzle (submerged entry nozzle, SEN). Alumina-based inclusions in the molten 
steel can adhere to and accumulate in the immersion nozzle, thereby limiting continuous 
casting operation. To prevent nozzle clogging, argon (Ar) gas is injected into the immersion 
nozzle. However, Ar bubbles can enter the mold with the molten steel and become trapped in 
the solidifying shell, causing bubble-related defects in the slab. To suppress such defects, it 
is effective either to keep Ar bubbles away from the solidification interface or to wash away 
bubbles adhering to the solidification interface by molten steel flow. The molten steel flow in 
the mold is strongly affected by the immersion nozzle geometry. In this paper, we investigate 
shape optimization of the immersion nozzle to reduce Ar bubbles trapped in the solidifying 
shell. A numerical model of molten steel flow and heat-transfer solidification in the mold is 
combined with an optimization method. During the optimization process, the amount of Ar 
bubbles trapped in the solidifying shell is evaluated using a neural network to improve com-
putational efficiency. We also report an application of this method to immersion nozzle 
shape exploration and discuss the effectiveness of the obtained nozzle shape in reducing 
trapped Ar bubbles.

*	 Researcher, Mathematical Science & Technology Research Lab., Advanced Technology Research Laboratories 
20-1 Shintomi, Futtsu City, Chiba Pref. 293-8511

1.	 Introduction
In continuous casting, molten steel is supplied from the tundish 

into the mold through the immersion nozzle (submerged entry noz-
zle, SEN). Alumina-based inclusions in the molten steel can adhere 
to and accumulate in the immersion nozzle, thereby limiting contin-
uous casting operation. To suppress nozzle clogging, argon (Ar) gas 
is injected into the immersion nozzle. While Ar injection helps 
maintain casting, Ar bubbles entering the mold with the molten steel 
may become trapped in the slab, causing bubble-related defects. 
These defects can lead to plating defects, posing a particular prob-
lem for IF steel used in automotive exterior materials. Ar bubbles 
trapped near the surface region of the slab are referred to as pinhole 
defects. After rolling, they can appear as elongated surface scratch-
es. In addition, Ar bubbles trapped a few millimeters below the slab 
surface can cause blistering, i.e., bulges on the surface of rolled steel 
sheets. Such subsurface bubble defects causing bulge defects are re-
ferred to as blowhole defects in the slab. To prevent these bubble 

defects, it is effective either to prevent Ar bubbles from approaching 
the solidification interface or to remove bubbles adhering to the so-
lidification interface by molten steel flow. Therefore, controlling 
molten steel flow within the mold is crucial.

Technologies have been developed to control molten steel flow 
and prevent the trapping of Ar bubbles within the solidifying shell. 
Electromagnetic stirring (EMS) and electromagnetic brake (EMBr), 
both utilizing electromagnetic forces, are representative examples. 
To suppress bubble-related defects near the slab surface, EMS is in-
stalled at the top of the mold to stir the region near the molten steel 
surface. EMBr, on the other hand, is installed in the central part of 
the mold and near the tip of the immersion nozzle. It applies braking 
to the downward molten steel flow. By suppressing the downward 
flow of the discharge stream from the immersion nozzle, it promotes 
flotation and separation of inclusions and Ar bubbles.

Because molten steel flow within the mold is significantly influ-
enced by the immersion nozzle shape, studies on immersion nozzles 
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have also been conducted. 1–4) However, considering the overall bal-
ance of factors such as nozzle clogging, refractory strength, and 
cost, traditional two-hole nozzles with a pair of discharge holes on 
each side are frequently used in slab casting. Consequently, discus-
sions on this topic have become less common in recent years. On 
the other hand, the introduction of thin slab continuous casting ma-
chines, which handle the entire process from casting to hot rolling, 
has been increasing in recent years. In thin slab continuous casting 
machines, because of the high casting speed, research on immersion 
nozzle shape and mold flow has been reported. 5–9) These reports 
suggest that there remains room for improvement in immersion noz-
zles even for conventional slab continuous casting machines. There-
fore, this paper addresses the determination of an immersion nozzle 
shape that reduces Ar bubbles trapped in the solidifying shell in 
conventional continuous casting machines. Specifically, Ar bubbles 
trapped within the top 2 mm of the slab are termed pinholes, while 
those trapped between 2 mm and 15 mm below the surface are 
termed blowholes; the objective is to reduce both.

To evaluate pinholes and blowholes, we use numerical analysis 
models of molten steel flow and heat-transfer solidification within 
the mold, which have been developed and refined over time. 10, 11) 
This study combines the numerical model with an optimization 
framework using machine learning to optimize the immersion noz-
zle shape, aiming to minimize pinholes and blowholes. Shape opti-
mization techniques combining computational fluid dynamics (CFD) 
and optimization have been developed and applied to aircraft wing 
design, 12) ship design, 13) and structural design of tall buildings, 14) but 
have rarely been applied to steelmaking processes. A key challenge 
in CFD-based shape optimization is its high computational cost, 
which limits practicality. Typically, the optimization process re-
quires thousands to tens of thousands of simulations. Because CFD 
calculations demand significant computational time, direct applica-
tion of optimization techniques is difficult. To reduce computational 
costs and improve optimization efficiency, research on surrogate 
models has been actively pursued in recent years. A surrogate model 
is an approximation model that replaces complex and time-consum-
ing calculations during optimization. Application cases of machine 
learning models such as kriging, 14) radial basis functions, 15) and 
(deep) neural networks 16) have been reported. 17)

In this paper, because pinholes and blowholes arise from com-
plex coupled phenomena involving molten steel flow and heat-
transfer solidification, we evaluate pinholes and blowholes using a 
neural network model in place of CFD during the optimization loop. 
Specifically, the neural network is trained using a dataset compris-
ing pinhole and blowhole values obtained from a feasible number of 
CFD calculations, along with their calculation conditions. The 
trained model is then used to predict pinholes and blowholes for 
given nozzle conditions. Using this prediction, an objective function 
is evaluated and an optimization algorithm is applied to find the 
nozzle shape that minimizes pinholes and blowholes. Predictions 
using the neural network take only a few seconds, enabling rapid 
optimization.

The optimization framework employs sequential approximation 
optimization, 18, 19) which iteratively performs optimization to find an 
optimal solution. In this framework, data consisting of calculation 
conditions and pinhole/blowhole values obtained during the iterative 
process are progressively added to the dataset, updating the neural 
network model. The prediction accuracy of the neural network 
strongly depends on the dataset. With insufficient data, prediction 
accuracy may be inadequate, leading to discrepancies with CFD re-

sults; thus, the optimal solution is not necessarily obtained in a sin-
gle optimization run. By contrast, sequential approximation optimi-
zation improves prediction accuracy as the dataset expands, en-
abling iterative updates to the optimal solution to reduce pinholes 
and blowholes.

The optimization algorithm employed is particle swarm optimi-
zation (PSO). 20) This method uses multiple particles (search points) 
that move through the search space according to defined rules to 
find an optimal solution. It is characterized by resistance to local op-
tima and strong global search capability even for complex multi-
modal objective functions.

In addition, we incorporate a method for adding data points us-
ing a density function based on a radial basis function network 
(RBFN). 21) During sequential approximation optimization, if only 
optimal nozzle conditions are added to the dataset, the neural net-
work accuracy improves near the current optimum but remains in-
sufficient in regions without data points. Re-optimizing under such 
biased sampling tends to yield new optimal solutions only around 
the initial optimum, potentially missing better solutions in regions 
that were originally sparse. Therefore, it is effective to identify re-
gions with low data density and add data points there. An RBFN 
places basis functions at existing data points and sums them over the 
space to measure data density; this paper uses Gaussian functions as 
the basis functions. Adding the minimum point of the RBFN-based 
density function to the dataset helps the neural network learn the 
overall landscape of the search space.

The following sections describe the mathematical model, the nu-
merical analysis model for molten steel flow and heat-transfer solid-
ification within the mold, and the method for optimizing the immer-
sion nozzle shape. An implementation example of immersion nozzle 
shape optimization is then presented.

2.	 Mathematical Model
2.1	Governing equations

For numerical analysis of molten steel flow and heat-transfer so-
lidification within the mold, the mathematical model developed by 
Takatani et al. 10, 11) is employed. The governing equations are the 
large eddy simulation (LES) model for fluid flow and the unsteady 
energy equation for heat-transfer solidification. The assumptions in 
this model are as follows.

(1)	The fluid is incompressible, and the densities and specific heats 
of the liquid and solid phases are assumed to be constant.

(2)	Darcy’s law is applied as the fluid resistance in the solid-liquid 
coexisting phase.

(3)	The solid phase is treated as a rigid body (its velocity is equal 
to the casting pulling speed), and regions where the solid phase 
volume fraction exceeds 0.8 are considered rigid bodies.

(4)	Gas bubbles are treated as incompressible dispersed phases 
with spherical shapes and constant diameters.

(5)	The momentum equation for the gas phase is the Basset-
Boussinesq-Oseen-Tchen equation 22). However, the Basset 
term is assumed to be negligible.

(6)	In the energy balance, the enthalpy of the gas phase is assumed 
to be negligible.

(7)	The turbulence model applied is LES.
(8)	The turbulent Prandtl number is set to 1.
(9)	The solidification temperature is calculated using the lever 

rule. 23)

The governing equations are as follows.
	 fg + fl + fs = 1				    (1)
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Here, t is time, u is flow velocity, f is volume fraction, p is pressure, 
and T is temperature. ρ is density, μ is the dynamic viscosity, Cp is 
specific heat, α is thermal conductivity, β is thermal expansion coef-
ficient, g is gravitational acceleration, and Rv is the solidification rate 
of molten steel. ΔH is latent heat; ml represents the slope of the liq-
uidus line; and ms represents the slope of the solidus line. Subscripts 
l, s, and g denote the liquid phase, solid phase, and gas phase, re-
spectively. The coefficients Reg and CDg are given by Equations (9) 
and (10).

	 Reg = dg |ul − ug| —				    (9)

	 CDg = 0.4 + — + —			   (10)

Furthermore, μt and αt represent the turbulent viscosity and turbulent 
thermal conductivity, respectively. The turbulent viscosity is given 
by Equation (11).

	 μt = ρl (CsΔ
1/3)2 √2|S||S|			   (11)

Here, the coefficient Cs = 0.1, Δ is the cell volume, and S is the 
strain-rate tensor defined by Equation (12).

	 S = — (

Δ

ul + 

Δ

ul
T )				    (12)

The third term on the right-hand side of Equation (6) represents 
buoyancy due to temperature, where T0 is the average temperature 
of the liquid phase. The fourth term represents fluid resistance in the 
solid-liquid coexisting phase, with the coefficient γ given by Equa-
tion (13). Here, D2 is the second-order dendrite arm spacing.

	 γ = — —				    (13)
The fifth term represents momentum exchange between the liquid 
and gas phases, with Flg given by Equation (14).

	 Flg = fg — Reg CDg (ug − ul)			   (14)

2.2	Calculation conditions and method
The computational domain was defined as a rectangular prism 

with dimensions 250 mm × 1 500 mm × 3 000 mm (thickness × width 
× length), as shown in Fig. 1. The region extending 900 mm down-
ward from the molten steel surface was defined as the mold, with a 
heat transfer coefficient of 800 W/m2K. Below this region, second-
ary cooling was assumed, with a heat transfer coefficient of 400 W/
m2K. The immersion nozzle geometry is shown in Fig. 2. The im-
mersion depth d (mm), discharge-hole height h (mm), and nozzle 
angle θ (degree) were treated as continuous parameters to be opti-

mized. The number of computational grid cells was fixed at 36 × 
80 × 23 (thickness × width × length) for the region beyond 516 mm 
in the length direction. For the region up to 516 mm, the dimensions 
36 × 80 (thickness × width) were fixed. However, the number of 
subdivisions in the lengthwise direction was adjusted for regions (D) 
and (H) in Fig. 1 (b), respectively, based on the immersion depth and 
discharge-hole height values. For region (D), the minimum number 
of divisions was used such that the grid spacing was less than 25 
mm. For region (H), the minimum number of divisions was used 
such that the spacing was 25 mm or less. If the number of divisions 
for region (H) was less than 4, it was set to 4.

Discretization was performed on a staggered grid, and calcula-
tions were carried out using a solution method based on the SOLA 
method 24) for arbitrary shapes. A second-order central difference 
scheme was used for the advection and diffusion terms. The advec-
tion term was advanced in time using the Euler method, and the dif-
fusion term was calculated implicitly.

The casting pulling speed was 1.4 m/min. The amount of Ar 
bubbles flowing from the immersion nozzle into the mold was de-
termined based on Reference 25), with a bubble diameter of 0.5 mm 
at 2.668 Nl/min, 1.0 mm at 0.944 Nl/min, and 1.5 mm at 0.493 Nl/
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Fig. 1   Computational grid

Fig. 2	 Geometry of the immersion nozzle. All dimensions are in mm, 
except angle degree.
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min. Note that the optimization targets pinholes and blowholes, both 
of which are most prevalent at a bubble diameter of 0.5 mm.

2.3	Mechanism of bubble trapping
The mechanisms by which bubbles are trapped at the solidifica-

tion interface are considered to involve Saffman forces due to veloc-
ity gradients, 26) interfacial-tension differences caused by concentra-
tion gradients of surfactant elements, 27, 28) and electromagnetic forc-
es, 29) but the details remain unclear. For example, it has been report-
ed that pinholes are more likely to occur at higher sulfur concentra-
tions, 30) suggesting that interfacial-tension differences caused by 
sulfur concentration gradients can have a significant influence. 
Equation (15) shows the force FI acting on a bubble in molten steel 
due to interfacial-tension differences. 27)

	 FI = — πR2C0 — — (1 − Kε) exp (− —)	 (15)

Here, CL is the solute concentration in the boundary layer, C0 is the 
solute concentration in the liquid phase before solidification, R is 
bubble radius, σ is interfacial tension, Kε is the effective partition co-
efficient, Vs is the growth rate of the solidification interface, x is the 
distance from the solidification interface, δ is the thickness of the 
concentration boundary layer, and DL is the diffusion coefficient of 
the solute. The effective partition coefficient Kε is expressed by 
Equation (16), where K0 is the equilibrium distribution coefficient.

	 Kε = —			  (16)

To account for the force exerted on a bubble due to interfacial-
tension differences via Equation (16) in numerical analysis of a con-
tinuous caster, it is sufficient to compute sulfur concentration distri-
bution and segregation due to solidification. However, resolving a 
concentration boundary layer thickness on the order of approxi-
mately 0.01 to 1 mm is difficult with current computational capabili-
ties. On the other hand, this force becomes negligible if the concen-
tration boundary layer thickness is sufficiently smaller than the bub-
ble diameter. The concentration boundary layer thickness is given 
by the relationship reported by Burton et al. in Equation (17). 31)

	 δ = 0.285DL
1/3 ν1/6 ω−1/2			   (17)

Here, ν is the kinematic viscosity coefficient, and ω is the angular 
velocity due to liquid-phase rotation. Thus, the concentration bound-
ary layer thickness becomes a function solely of the flow velocity 
across the solidification interface: the higher the flow velocity, the 
thinner the boundary layer.

From the above, it is appropriate to model the number of bubbles 
trapped within the solidifying shell as a function of molten steel 
flow velocity when evaluating pinholes in numerical simulations of 
continuous casting. The rate ηε at which bubbles are trapped into the 
solidifying shell is assumed as shown in Equation (18).

	 ηε = nε Rs Pε (|u|)				    (18)
where nε is the bubble volume fraction, Rs is the solidification veloc-
ity, and Pε(|u|) is the bubble capture probability dependent on molten 
steel flow velocity. The volume fraction nε of bubbles trapped by the 
shell is transported by the shell withdrawal velocity us, as shown in 
Equation (19).

	 — + 

Δ

 ∙ (usnε) = −ηε				   (19)

Values such as 0.05 m/s 32) and 0.15 m/s 33) have been reported as 
threshold bubble capture velocities. However, due to differences in 
the definition of the solidification interface position and the location 
where velocity is evaluated, the exact value remains unclear. More-
over, a model where bubbles are captured at 0.05 m/s but not cap-

tured at all at 0.051 m/s is unrealistic. Therefore, the capture proba-
bility was modeled as an exponential function that decreases with 
increasing velocity, as shown in Equation (20).

	 Pε (|u|) = exp (−C0 |u|)			   (20)
In this exponential model, the constant C0 in Equation (20) was 
modified to 100, ensuring that the capture probability at 0.15 m/s 
approaches 1 × 10⁻⁸. In addition, because the flow velocity in ele-
ments where solidification begins and the solid fraction increases 
significantly decreases due to Darcy’s law, the flow velocity at a sol-
id phase fraction of 0.1 was used as the solidification-interface flow 
velocity.

2.4	Calculation method for pinhole and blowhole
Pinhole and blowhole values were evaluated by averaging over 

100 s after reaching steady-state conditions, i.e., 1 000 s after the 
start of the CFD calculation in real-time equivalent. Specifically, 
pinholes yP and blowholes yB were calculated using Equations (21) 
and (22).

	 yP = ( ∑  ∑  — δt) / ( Vc ∑ Vi, P)		  (21)

	 yB = ( ∑  ∑  — δt) /  ∑ Vi, B			   (22)

Here, N is the maximum number of time steps, δt is the time step 
width, MP and MB are the total numbers of cells within 2 mm from 
the surface and between 2 mm and 15 mm on the shell side, respec-
tively, and Vi,P and Vi,B are the volumes of the i-th cell in the respec-
tive regions. Ci,P

n and Ci,B
n represent the volume fraction of Ar bubbles 

trapped within the i-th cell in the respective region at time step n. 
Furthermore, Vc is the volume of a sphere with a diameter of 0.5 
mm, i.e., Vc = π (0.5 × 10−3)3/6. Therefore, pinholes are evaluated by 
number density, and blowholes by volume fraction.

3.	 Method for Optimizing Immersion Nozzle Shape
3.1	Problem setting

In the immersion nozzle shape optimization considered in this 
paper, the immersion depth d, discharge-hole height h, and nozzle 
angle θ are design variables. Therefore, the search space is set as in 
Equation (23).
    S = {(d, h, θ)T ∈ ℝ3 : dlb ≤ d ≤ dub, hlb ≤ h ≤ hub, θlb ≤ θ ≤ θub}	 (23)

Due to design constraints, lower bounds dlb, hlb, θlb and upper 
bounds dub, hub, θub were established for the search space. The upper 
and lower bounds used in this study are shown in Table 1.

Once these three variables are determined, pinholes and blow-
holes can be calculated using CFD. This process is expressed as a 
function F, as shown in Equation (24).

	 (yP, yB)T = F (d, h, θ)				    (24)
The immersion nozzle shape optimization problem for reducing 

pinholes and blowholes can then be formulated as in Equation (25).

	 Find (d*, h*, θ*)T = argmin L (F (d, h, θ))		  (25)

where L = L (yP, yB) represents the objective function. Because the 
objective is to simultaneously minimize pinholes and blowholes, the 
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Table 1   Upper and lower bounds of the search space

dlb (mm) hlb (mm) θlb (degree)
125 60 15

dub (mm) hub (mm) θub (degree)
225 120 40
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problem is classified as multi-objective optimization. To simplify, 
this paper reduces the two objectives into a single objective function 
defined by their average, as shown in Equation (26), converting it 
into a single-objective optimization problem.

	 L (yP, yB) = — | yP | + — | yB |			   (26)

In general, optimization requires repeated evaluations of the 
model F to compute the objective function. Solving the problem de-
fined by Equation (26) directly is impractical from the standpoint of 
computational cost. Therefore, this paper uses a neural network as a 
low-cost model F̃ that approximates F, without using F itself. In this 
case, the optimization problem becomes the approximation problem 
expressed by Equation (27).

               Find (d̃*, h̃*, θ̃* )T = argmin L (F̃ (d, h, θ))		  (27)

Furthermore, to improve the reliability of the optimal solution, we 
adopt the framework of sequential approximation optimization, 18, 19) 
which iteratively updates the surrogate model and the optimal solu-
tion while adding data points. Ultimately, we solve the problem ex-
pressed by Equation (28).

               Find (d̃k, h̃k, θ̃k )T = argmin L (F̃k (d, h, θ)),  k = 1, 2, …	(28)

3.2	Prediction of pinhole and blowhole using neural networks
The neural network model takes the immersion nozzle design 

variables (h, d, θ) as inputs and outputs the predicted pinhole and 
blowhole values (yP, yB). The model was constructed by supervised 
learning. Given a dataset Ω = {(xj, yj) = (hj, dj, θj, yP,j, yB,j) | j = 1, …, m}, 
the dataset Ω is first split into a training dataset Ωtrain and a test data-
set Ωtest in a 7:3 ratio. Subsequently, a dataset Ω′train is created by 
standardizing the input and output variables of Ωtrain using Equation 
(29).
	 x' = —					    (29)
where x′ is the standardized value of x, and μ and σ are the mean 
and variance of each variable, respectively. Using the corresponding 
means and variances, Ω′test is created by transforming the input and 
output variables of Ωtest using Equation (29).

The neural network F̃ is a function composed of multiple nested 
(layered) functions F̂i, as shown in Equation (30). 

	 F̃ (x) = F̂N (F̂N−1 (… (F̂1 (x))))			   (30)

The function F̂i is more specifically expressed by Equation (31). 
	 f̂i (ŷ 'i−1) = a (Wi ŷ 'i−1)				    (31)
Here, Wi is the weight matrix, and ŷ′i−1 is the vector obtained by in-
serting 1 into the first row of the output vector ŷ i−1 of layer i − 1, de-
fined in Equation (32).

	
ŷ i−1 = { F̂i−1 (F̂i−2 (… (F̂1 (x))))	 if  i ≥ 2		

(32)
	            x,			   if  i = 1
The function a is an activation function; various types have been 
proposed, including the hyperbolic tangent function and the rectified 
linear unit (ReLU). 34) 

Because weights cannot be predetermined, the neural network 
updates its weights (learns) by minimizing a predefined error func-
tion so that the model outputs match the training data Ω′train. Sto-
chastic gradient descent 35) was employed for learning. The adopted 
error function consisted of the mean squared error plus a regulariza-
tion term, as defined in Equation (33).

     E (y,  ỹ; W) = —  ∑ {(yP, j − ỹP, j)
2 + (yB, j − ỹB, j)

2} + λ ( ∑ |wi, j|
p) 

1–p
	 (33)

where y and ỹ represent the given output data and the predicted val-
ue, respectively; wi, j denotes components of the weight matrices; 
and λ is a parameter representing the degree of regularization. The 
sum of the regularization terms is taken over all weights in the neu-
ral network, and p ≥ 1.

While the regularization term aims to prevent overfitting, drop-
out was also employed. Dropout randomly removes a fixed propor-
tion of components from the output vector of each layer, thereby re-
ducing the dimension of the inputs to the next layer. 36) This helps 
prevent stochastic gradient descent from getting stuck in local opti-
ma. To accelerate convergence, initial weights were set following 
Reference 37). The neural network was implemented using the Py-
thon library TensorFlow. 38)

The parameters determining the neural network structure include 
the number of layers N, the number of units nunit in each layer, the 
dropout rate r, the type of activation function, the parameters p and 
λ in the regularization term, and the learning rate η in stochastic gra-
dient descent. These must be determined before training. This paper 
employs Bayesian optimization to tune these parameters. Table 2 
shows the parameters to be adjusted and their search ranges. For im-
plementation, the Python library Optuna 39) was used. The process of 
selecting candidate parameter values, training the network, and 
evaluating predictions on Ω′test was repeated. The model with the 
best prediction accuracy on the test data was selected as the final 
model. The number of Bayesian optimization trials was set to 1 000, 
and prediction accuracy on the test data was measured using the co-
efficient of determination R2.

3.3	Particle swarm optimization
Particle swarm optimization (PSO) 20, 40) is a method in which 

multiple particles (search points) move through the search space ac-
cording to defined rules to find an optimal solution. Here, we de-
scribe PSO combined with neural-network prediction of pinholes 
and blowholes.

The position of particle i is represented by the vector xi = (di, hi, 
θi)

T within the search space defined by the immersion nozzle design 
variables. Here, i is the particle index. Each particle also has a ve-
locity vector vi = (vi1, vi2, vi3)

T. Furthermore, each particle stores the 
best position found so far, lbesti = (lbesti1, lbesti2, lbesti3)

T, and the 
corresponding objective value L (F ̃(lbesti)). The swarm stores the 
best position found among all particles, gbest = (gbest1, gbest2, 
gbest3)

T.
Figure 3 shows the computational flowchart. First, particle posi-

tions xi
(0) and velocities vi

(0) are generated randomly within the search 
space for the specified number of particles. Next, the objective value 
L (F̃(xi

(0))) is computed for each particle using the neural network, 
and lbesti is updated. Subsequent processing is repeated until the 
maximum number of iterations is reached or convergence is 
achieved. Let t denote the iteration count. From the current position 
xi

(t), the vectors pointing toward lbesti
(t) − xi

(t) and gbest (t) − xi
(t), togeth-

er with the previous velocity vi
(t), are used to update the velocity ac-

cording to Equation (34).
	 vi

(t) = wvi
(t) + c1r1 (lbesti

(t) − xi
(t)) + c2r2 (gbest (t) − xi

(t))	 (34)

1
2

1
2

(d, h, θ)T∈S

(d, h, θ)T∈S

x − μ
σ

1
m

m

j = 1 i, j

Table 2   Parameters of neural network structure and search range

N nunit r
2 to 7 1 to 100 0.0 to 0.9

p λ η
1 or 2 100 to 10−3 100 to 10−4
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Here, r1 and r2 are uniform random numbers distributed between 0 
and 1, while w, c1, and c2 are pre-set weight parameters. The particle 
position is then updated by Equation (35). 

	 xi
(t+1) =  xi

(t) + vi
(t)				    (35)

If the j-th component xij
(t+1) falls below the lower bound, it is set to 

the lower bound; if it exceeds the upper bound, it is set to the upper 
bound.

In this paper, the maximum iteration count was used as the ter-
mination condition, and optimization was performed under the con-
ditions listed in Table 3.

3.4	Adding sample points using density functions via radial ba-
sis function networks
A radial basis function network (RBFN) is a neural network con-

sisting of three layers: an input layer, one hidden layer, and an out-
put layer. Let the existing sample points consisting of design vari-
ables be {xj}j=1, …, m, with no duplicates. The output of the RBFN is 
given by Equation (36). 

	 z (x; α) = ∑ αi K (x, xi)			   (36)

where K (x, xi) is the basis function for the i-th unit and α  = (α1, …, αₘ) 
is the vector of weights for the basis functions. This paper uses the 
Gaussian function defined in Equation (37) as the basis function.

	 K (x, xi) = exp ( − — )		  (37)

Here, ri is the radius of the i-th data point. Various definitions of the 
radius have been proposed, 21, 41, 42) but this paper follows Reference 
42) and uses Equation (38). 

	 ri = —				    (38)

where n is the dimension of the search space and di,max is the maxi-
mum distance between the i-th data point and other data points. The 
Euclidean distance is adopted, as shown in Equation (39).

     di,max =  max || xj − xi || =  max  √ |dj − di |2 + |hj − hi |2 + |θj − θi |2	 (39)

The density function is a function that generates local minima in 
sparse regions of the sample points using an RBFN. The method for 
determining additional sample points using the density function is 
as follows.

(1)	Prepare a column vector with all components set to 1.
	 y = (1, …, 1)T

m×1				    (40)
(2)	Determine the coefficients α* = (α1

*, …, αm
*) using Equation (41).

	 α* = (KTK + ε)−1KTy				    (41)
Here, K and ε are matrices defined by Equations (42) and (43), 
respectively. The ε in Equation (43) is a weight parameter, 
which was set to ε = 1.0 × 10−2 in this paper.

K = 

K(x1, x1) K(x1, x2) ... K(x1, xm)

(42)K(x2, x1) K(x2, x2) ... K(x2, xm)

K(xm, x1) K(xm, x2) ... K(xm, xm)

ε = 

ε 0 ... 0

(43)0 ε ... 0

0 0 ... ε

(3)	Solve the following minimization problem (44), and use the 
obtained minimum solution as an additional sample point. 
Note that the density function refers to the objective function 
in this problem.

	 Find x* = argmin ∑ αi
* K (x, xi)			  (44)

3.5	Implementation method
Figure 4 shows the overall calculation flowchart. At the start of 

optimization, there are no data available for training the neural net-

m

i = 1

(x − xi)
T (x − xi)
ri

2

di,max

√nn √m − 1

j =1, …, m j =1, …, m

x∈S

m

i = 1

Fig. 3   Neural network-based particle swarm optimization process

Fig. 4   Sequential approximate optimization process

Table 3   Particle swarm optimization parameters

Number of particles w c1 c2 Max iteration
100 0.5 0.14 0.14 500
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work. Therefore, CFD is used to calculate pinholes and blowholes, 
creating an initial dataset corresponding to the nozzle conditions. 
Because the extrapolation performance of the neural network is lim-
ited, the initial dataset consists of a small number of points selected 
mainly around conditions corresponding to the boundaries of the 
search range. Specifically, CFD calculations were performed for the 
following combined conditions: immersion depth (mm) of 60, 100, 
120; discharge-hole height (mm) of 125, 155, 175, 195, 225; and 
nozzle angle (degrees) of 15, 20, 25, 30, 35, 40.

Subsequently, using this dataset, we searched for an optimal 
neural network structure, performed training, and then executed 
PSO using the obtained model. PSO yielded candidate nozzle condi-
tions with potential for improvement. In parallel, additional nozzle 
conditions were derived from sparse regions using the RBFN-based 
density function to create new data points. For nozzle conditions 
obtained via PSO and the density function, CFD calculations were 
performed to obtain accurate pinhole and blowhole values. All noz-
zle conditions and the corresponding pinhole and blowhole values 
obtained up to this point were compiled and added to the dataset. To 
obtain as many candidate solutions as possible and expand the data-
set—thereby improving surrogate prediction accuracy within a short 
timeframe—the addition of sample points via PSO and the density 
function was repeated three times each. This process was iterated, 
and all processing was terminated upon reaching the predetermined 
number of iterations.

4.	 Optimization Results and Discussion
Figure 5 shows the CFD results for the initial immersion nozzle 

conditions prepared before optimization (black circles; base condi-
tions), the neural network predictions for immersion nozzle condi-
tions obtained after 10 iterations of sequential approximation opti-
mization (black triangles), and the CFD results for candidate opti-
mal immersion nozzle conditions obtained using the RBFN-based 
density function under the same framework (white circles). Because 

the ideal minimum values of both pinholes and blowholes are as-
sumed to be zero, conditions toward the lower-left of the figure are 
better. The neural network predictions (black triangles) indicate im-
proved conditions compared with the initial conditions (black cir-
cles). While the CFD results (white circles) do not always coincide 
with the neural network predictions (black triangles), they show 
similar overall trends. Therefore, by repeatedly performing neural 
network-based search and CFD-based verification, improved condi-
tions can be identified efficiently.

Condition A in Fig. 5 is the optimal point obtained manually 
(black circle), while Condition B is the optimal point confirmed by 
CFD calculation (white circle). Hereafter, these are referred to as the 
basic condition and the improved condition, respectively. Table 4 
shows pinholes and blowholes for the basic and improved condi-
tions. Both values are smaller under the improved condition, corre-
sponding to reductions of approximately 56% for pinholes and ap-
proximately 10% for blowholes.

Figure 6 shows the corresponding nozzle shapes. Under the ba-
sic condition, because the discharge-hole height and nozzle angle 
are close to the lower limits of the explored range, a nearly horizon-
tal, high-velocity discharge flow tends to reduce pinholes and blow-
holes. Figure 7 (a) shows the flow field under the basic condition: 
the discharge jet impinging on the narrow face splits into upward 
and downward branches. This flow pattern is known as the double-
roll flow pattern. 43) The upward flow reaches the molten steel sur-
face and agitates the surface, which suppresses trapping of Ar bub-
bles at the solidification interface and can reduce pinholes. In addi-

Fig. 5   Scatter plot for pinhole and blowhole

Table 4   Pinholes and blowholes by condition

Base condition Improved condition
Pinhole 2 322 1 002

Blowhole 13.8 12.3
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tion, the recirculating flow associated with the discharge jet and the 
double-roll pattern produces a cleaning effect on bubbles adhering 
to the solidification interface, which can reduce blowholes.

The improved condition enhances these effects. In terms of im-
mersion nozzle geometry, while the discharge-hole height is compa-
rable to that of the basic condition, the smaller nozzle angle results 
in a more horizontally directed discharge jet. As shown in Fig. 7 (b), 
this promotes a stronger upward flow, increasing flow velocity near 
the molten steel surface and likely contributing to pinhole reduction. 
The increased immersion depth is considered to induce flow over a 
wider region of the mold, thereby helping to wash bubbles trapped 
in the solidifying shell and reduce blowholes. Figure 8 shows the 
magnitude of flow velocity. Compared with the basic condition, the 
improved condition yields higher flow velocities overall. Further-
more, if flow reaching the molten steel surface turns downward near 
the mold center where the immersion nozzle is located, Ar bubbles 
are transported together with the flow, which can worsen blowholes. 

Therefore, increasing the immersion depth is considered to prevent 
excessively strong flow toward the center of the molten steel sur-
face.

5.	 Conclusion
This paper reported an immersion nozzle shape optimization 

method that combines CFD calculations of molten steel flow and 
heat-transfer solidification in a continuous casting mold with a neu-
ral-network-based optimization approach, together with an imple-
mentation example. The proposed method integrates a mathematical 
model for CFD calculations, sequential approximation optimization 
as the optimization framework, a neural network surrogate model to 
replace CFD evaluations during optimization, and particle swarm 
optimization as the search algorithm. Applying this method to the 
exploration of immersion nozzle shapes aimed at reducing pinholes 
and blowholes resulted in reductions of approximately 56% in pin-
holes and approximately 10% in blowholes compared with the basic 
condition obtained by prior CFD-based investigation. In addition, 
nozzle shapes with deeper immersion depth, lower discharge-hole 
height, and a smaller nozzle angle showed favorable trends. These 
trends are likely associated with a nearly horizontal, high-velocity 
discharge jet and the resulting strong upward flow that agitates the 
molten steel surface and reduces pinholes. Furthermore, enhanced 
flow over a wider region of the mold is considered to wash away 
bubbles adhering to the solidification interface, contributing to 
blowhole reduction.

Future challenges include optimizing nozzle shape while consid-
ering EMS and EMBr. Moreover, although this paper converted the 
multi-objective problem into a single-objective one by averaging the 
evaluation values for pinholes and blowholes, it is necessary to in-
vestigate multi-objective optimization in future work.

Fig. 7   Comparison of velocity in the mold

Fig. 8   Comparison of velocity magnitude in the mold

Fig. 6   Comparison of immersion nozzle shapes
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