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KPLS Robust Reconstruction Error Based Monitoring and Anomaly Identification of

Fuel Ratio in Blast Furnace Ironmaking

ZHOU Ping" LIU Ji-Ping" LIANG Meng-Yuan' ZHANG Rui-Yao'

Abstract As the core process of steel metallurgy manufacturing, blast furnace ironmaking is a typical process with
high energy consumption, whose operating energy consumption accounts for more than 50% of the total energy consum-
ption of steel, 80% of which is fuel consumption such as coke and pulverized coal. Therefore, it is important for en-
ergy saving and consumption reduction of blast furnace ironmaking process to monitor the fuel ratio parameter
which characterizes the fuel consumption to identify the key factors that affect the abnormal fluctuation of fuel ra-
tio as early as possible. Aiming at the problem of monitoring and identification of blast furnace fuel ratio with little
knowledge of prior faults, this paper proposes a new fault identification method based on robust reconstruction er-
ror of kernel partial least squares (KPLS). Firstly, the KPLS-based monitoring model of process variables and mon-
itored variable is established. According to the relationship between the covariance matrix of nonlinear mapping
space and the Gram matrix of kernel space, the normal estimation of the original space variables is estimated inver-
sely. And the iterative denoising algorithm is used to reduce the influence of the anomaly data on the normal estimation
of the original space. The fault identification index is constructed by using the normal estimation and real value of
the original space, and the control limit of the fault identification index is given. The experimental results based on
actual industrial data show that the proposed method can not only monitor the potential factors affecting the ab-
normal change of fuel ratio under normal working conditions, but also identify the key factors affecting the abnor-
mal change of fuel ratio under abnormal working conditions, which has a good engineering application prospects.
Key words Kernel partial least squares (KPLS), robust reconstruction, fault identification, blast furnace ironmak-
ing, fuel ratio, process monitoring
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Schematic diagram of energy consumption in blast furnace ironmaking process
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VEARFRIERIER e ) IXH e ~ N(0,0.1). ZE LiZ AR
gea] T 1R

y = 10exp(z1®2) + 2023 + 1024 + 5x5 + e (27)
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Table 1  The value of the control limit is reduced to the value of the fault index for part process variables.
1A (1h)

A
T 290 T 291 T 292 T 293 T 294 T 295 T 296 T 297 T 298 T 299 T 300
FER A 4 0.618 0.692 0.692 0.692 0.095 -0.394  -0.306  -0.397  -18.397  —0.676 -5.217
2 3Ei| 0.847 0.847 0.847 0.880 -0.533 -0.577  —0.581 -0.245 -0.611 -1.366 —0.552
b= 1.025 1.025 1.024 1.024 -1.464 -1.545 -1.557 -1.556 -1.599 -1.508 -1.504
ERHEIEL 0.869 0.871 0.870 0.870 -0.730 -0.793 -0.798 -0.801 -0.837 -0.768 -0.758
ToUE R B 0.372 —0.744 —0.744 —0.744 -1.818 —2.467 -1.816 —0.286 —0.722 -3.198 —-0.731
Pk X 0.027 -0.654 -0.502 —0.654 0.861 0.790 0.861 0.909 0.909 0.184 0.068
R F e 0.087 -0.569 0.156 -0.217 0.906 0.901 0.906 0.902 0.906 0.638 0.673
I C =T 0.080 -0.771 -0.309 -0.771 0.933 0.929 0.933 0.864 0.932 0.694 0.690
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