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Abstract: In modern interstitial-free (IF) steel continuous casting processes, the stability of the mold level plays a critical
role in determining slab quality. Excessive fluctuations may cause slag entrapment into molten steel, resulting in inclusion
defects that degrade the purity and final mechanical properties of the steel. While traditional process monitoring primarily
depends on physical experiments and finite element simulations, the advancement of industrial data acquisition technologies
has enabled data-driven approaches to demonstrate significant potential for process optimization. Industrial IF steel casting
operations involving the collection of mold level fluctuation data, slag entrapment records, and associated process
parameters were investigated. Through integrated statistical analysis, time series characterization and machine learning
techniques, the intrinsic relationship between mold-level fluctuation patterns and slag entrapment mechanisms was
systematically explored, and corresponding control strategies were proposed. The results demonstrate significant correlations
between the characteristic parameters of level fluctuations and slag entrapment defects. The implementation of optimized
control strategies effectively reduces the probability of inclusion formation.
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Fig.1 SEM analysis results of defects in IF steel sheets produced by a certain plant: (a) macrograph of the defect; (b) micrograph of the
defect and EDS detection location; (¢) EDS spectrum results
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Tab.1 Basic statistical characteristics
No. Characteristic Definition Calculation formula
Mean value: Measures the average level of the sequence 1 il
1 %/m , _ _ =YX 0
over the entire sampling period N 5
Standard deviation: Describes the degree of data
2 o/m S )
dispersion around the mean
. Minimum value: The smallest value in the sequence over .
3 min/m o ) min(x,), =1, -, N 3)
the entire time period
Maximum value: The largest value in the sequence over
4 max/m o . max(x;), =1, -=-, N 4)
the entire time period
Fluctuation range: The difference between the maximum .
5 Range/m o Range=max(x;)-min(x;) (5)
and minimum values
) Median: The value at the middle position after sorting the )
6 median/m ) median(xy, 1, *+, xy) (6)
data by magnitude
Coefficient of variation: Ratio of standard deviation to the o
7 cv . . . . . cv=— @
mean, measuring relative fluctuation (dimensionless) x
Root mean square: Reflects the overall energy or TV 2
8 RMS/m ‘ RMS=1/ -3 x, ®)
amplitude level of the data N
Mean adjacent difference: Average of differences between
N
9 MAD/m adjacent sampling points, measuring the average rate of MAD:Nleizz (1) ©)
change
Skewness: Indicator of distribution symmetry; a positive ,
10 S value indicates right skewness, while a negative value (10)
indicates left skewness (dimensionless)
Kurtosis: Indicates the degree of peakedness or flatness of .
11 K the distribution; a larger value implies a sharper peak or K:]I\TEZ.\: . ( X=X ) -3 (11)
=1l o

heavier tails (dimensionless)
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Tab.2 Dynamic and time—series characteristics
No. Characteristic Definition Calculation formula
First-order derivative mean: Measures the overall upward or 1 N
12 Ax/(m-s") o Ax=v—xmean(Ax)y=——-3 ) Ay, (12)
downward trend of liquid level/pull speed N-1
Standard deviation of first-order derivative: Measures the i —
13 Std(Ax)/(m-s™) ) ) o o Std(Ax)=1/ —3(Ax—Ax )? (13)
fluctuation amplitude of the derivative (speed variation) N
Range of first-order derivative: The difference between the )
14 Range(Ax)/(m-s™) Range(Ax)=max(Ax;)—-min(Ax;) (14)
maximum and minimum values of the first-order derivative
Second-order derivative mean: The average of second-order 1 N
15 A%/(m-s?) A’x=Ax—Ax;y, mean(A%)=——73, 5 A%; (15)
derivatives, representing overall acceleration N-2
N N Standard deviation of second-order derivative: The fluctuation 1 p—
16 Std(A%)/(m-s?) ) ) Std(A%)=1\/ ——Z(dx;- A% )? (16)
degree of acceleration over time N-2
Range of second-order derivative: The difference between the o
17 Range(A%)/(m+s?) ) o o Range(A%)=max(A%;)-min(A%,) (17)
maximum and minimum values of the second-order derivative
Variation range of 3-second window mean: Calculate the mean
18 Range(x,, )/m within a 3-second sliding window, then statistically find the Range(x,, )=max(v,, )-min(x,, ) (18)
difference between the maximum and minimum of these means
Variation range of 3-second window standard deviation:
Calculate the standard deviation within a 3-second sliding .
19 Range(o3,)/m . o . Range(o3,)=max(o3)-min(os,) (19)
window, then statistically find the difference between the
maximum and minimum of these standard deviations
Liquid level recovery time: The time needed for the liquid level )
. Lrecovery=MIN {2:2(2) TECOVETS tO the
20 Frecovery/S to return to the set mean after exceeding the steady-state .
steady-state interval} (20)
threshold
Number of abnormal fluctuations: Count the times when the
21 NAF/times instantaneous change (or derivative) exceeds a threshold NAF:E?;Q (i[> os) 21
(e.g., 30).
3
Tab.3 Frequency—-response characteristics
No. Characteristic Definition Calculation formula
Liquid level overshoot magnitude: The maximum
22 Overshoot/m deviation of the liquid level from the steady-state value Overshoot=max(x,—x) (22)
or mean
Liquid level overshoot times: Count of times the liquid
23 NO/times level exceeds the steady-state interval (e.g., +6 from the NOZE?=2 (lvi—x[>6) (23)
mean)
Liquid level fluctuation magnitude (normalized standard
24 Normalized Std deviation): o/x or similar to the coefficient of variation Normalized Std=mean(x)/Std(x) ~ (24)
(but normalized for specific intervals, dimensionless)
Dominant frequency: The frequency component with the
25 Jan/Hz ) o . Jun=arg fu[PSD(f)] 25
maximum energy, identified via FFT or Welch’s method
Fluctuation period: Reciprocal of the dominant
26 Tion/S frequency, representing the periodic length of the main Tooo=1/faom (26)
oscillations (liquid level or pull speed)
Fluctuation energy: Integrate the power spectral density
27 Fluctuation energy, £/m? (PSD) over the dominant frequency band to quantify E=%cadPSD(HAf 27)

fluctuation intensity
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Fig.2 Pearson correlation heatmaps of feature sets: (a) original feature set; (b) optimized feature set
N N N 3s
o , t Mann-Whitney U ,
’ P o] 4
> s , 25% 75%
2.2 - 7 p=0.003 6
, « " p=0.0083,“3
738 " p=0.0091,* " p=0.038 3,
, 3 . , , " p=0.099 2,
, : 005 01 . :
( N .
. ) ( ) “ ” “ ”
L "( 0.115 1)
“ ” 3
0.113 1) ,
“3 g "(0.1072)  “
’7(0.088 3) , “ ’7(0.082 6) “ , “ AN ” “3 S
”(0'072 9) . , ” “ ”
3 :(a) ;(b)

Fig.3 Feature importance analysis via the random forest model: (a) original feature set; (b) optimized feature set
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Fig.4 Statistical significance testing of features via the t test and Mann-Whitney U test: (a) standard deviation; (b) liquid level overshoot
magnitude; (c) variation range of standard deviation within a 3-second window; (d) mean adjacent difference; (e) liquid level overshoot
times; (f) liquid level recovery time, t,ecowery
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Fig.5 Optimal threshold determination for feature values: (a) standard deviation; (b) liquid level overshoot magnitude; (c) variation
range of standard deviation within a 3-second window; (d) mean adjacent difference
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