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Study on the Prediction Model of Reheat Gas Turbine Inlet Temperature
using Deep Neural Network Technique

Young-Bok Han' - Sung-Ho Kim' - Byon-Gon Kim™
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ABSTRACT

Gas turbines, which are used as generators for frequency regulation of the domestic power system, are increasing in
use due to the carbon—neutral policy, quick startup and shutdown, and high thermal efficiency. Since the gas turbine
rotates the turbine using high-temperature flame, the turbine inlet temperature is acting as a key factor determining the
performance and lifespan of the device. However, since the inlet temperature cannot be directly measured, the temperature
calculated by the manufacturer is used or the temperature predicted based on field experience is applied, which makes it
difficult to operate and maintain the gas turbine in a stable manner. In this study, we present a model that can predict
the inlet temperature of a reheat gas turbine based on Deep Neural Network (DNN), which is widely used in artificial
neural networks, and verify the performance of the proposed DNN based on actual data.
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Table 1. Gas turbine high and low pressure inlet
temperature prediction model signal items

Equipment | Control elements related to termp. control
TAT), Comb. vib., Inner casing temp.
TIT, Ir}let temp., TBN air temp. Cooling
dements | A temp., Comb. 1, 2, 3P Metal temp.,
Heat exh. Cooling flow, Heat exh. aft
(HP TBN) STM temp., Heater STM pr. STM
pr., Cooling air flow, HP NG flow
TBN inlet pr., TBN aft. pr. LP aft. pr,
TBN aft. temp, TBN band comb.
T vib.(3Point), TBN1, 2 cooling tenp,
elements | Comb. pr., Comb. Delta pr., Cooling air
(IPTBN) |to feed flow, Heater before temp,
Heater aft. temp., NG flow, Cooling air
flow, TBN total NG flow, NG supply pr.
Amb. temp., Amb. pr, Humidity,
Comp. filter temp., VGV 1, 2, 3 position,
Common | Comp. atf. pr, Comp. aft. temp,
elements | Cooling air to feed temp., Cooling air
(T, Ty | feed pr., Total NG, Heater STM flow,
Heater STM pr., NOx ppm, Exh. gas
O, flow, Exh. gas flow.
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