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Abstract: [Objective] Carbon emissions from coal-fired power plants vary with combustion organization, flue-
gas conditions, and operating-load disturbances. Conventional inventory methods cannot represent these hourly
variations in a timely manner, whereas purely data-driven soft sensors may produce estimates that conflict with
available process knowledge. This study aims to improve the accuracy and physical consistency of hourly carbon-
emission soft sensing and to coordinate the selection of physical regularization and residual-correction parameters
under a limited search budget. [Methods] The dataset contained 8,760 hourly records from a large coal-fired unit in

Y 5 B HA: xxxx-xx-xX & Bl H HI: XXXX-XX-XX 3 Z H HP: XXXX-XX-XX  WEE L BB : XXXX-XX-XX
A & W B: EFRHSE T RBOOEE I A BAL S SR AT A R M) - (521001250037-257-YYGG)

Supported by: State Grid Science and Technology Project {Research and Application on Key Technologies of Carbon Accounting and Carbon
Footprint of Electric Power for Carbon Dual Control) (521001250037-257-YYGG )

F—1EEBET: Vs, 1987.04, T, Bit, WETRN, BABEHATIR, xupc09@163.com.

BIEEEEN: v, 198111, B, WL, @& LR, B EEAMR, 479157663@q0.com.



2026 F

2 kA%

eastern coastal China, covering 1 January to 31 December 2025. The records underwent temporal-consistency
checks, screening of missing and physically invalid values, standardization using training-period statistics, and
sliding-window construction. Data from January to October were used for training, November data were used for
calibration, and 744 observations from December were reserved for testing. Flue-gas oxygen content, velocity,
temperature, humidity, and pressure were used to construct proxy features for oxygen dilution, standard dry flue-
gas flow, and combustion intensity. A long short-term memory (LSTM) network extracted current and historical
operating information. Flow-direction, oxygen-direction, and temporal-smoothness regularization were
incorporated into network training. Ridge regression then learned a mapping of the calibration residuals from 15
physics-related features, forming a physics-guided residual correction LSTM (PGRC-LSTM). An improved heart
rate optimizer (IHRO) coupled heart-rate amplitude with fitness feedback, reused known fitness values, and
performed a final boundary check in the favorable search interval. IHRO jointly selected one of three pretrained
physical-weight models and the ridge regularization coefficient. All compared optimizers used the same candidate
set, forward temporal-validation objective, search range, and budget of 90 evaluations. Twenty search seeds were
used. Performance was evaluated using mean absolute error (MAE), root mean square error (RMSE), mean
absolute percentage error (MAPE), and the coefficient of determination (R2). [Results] Under the fixed
configurations used for basic-model screening, LSTM achieved the lowest mean MAPE of 6.9833% among the 11
compared models. Incorporating physical regularization reduced the mean MAPE to 6.792 3%, and residual
correction further reduced it to 5.5528%. The PGRC-LSTM therefore lowered MAPE by 1.4305 and 1.2395
percentage points relative to LSTM and the physics-guided regularized LSTM, respectively. In the conditional
direction-consistency analysis, its average combined violation rate was 22.33%, compared with 24.91% for LSTM,;
this statistic was interpreted together with prediction error rather than as independent proof of engineering
improvement. After optimization, IHRO-PGRC-LSTM obtained an MAE of 34,176.5604 kg, an RMSE of
46,830.4620 kg, a MAPE of 4.4631%, and an R2 of 0.9511 on the December test set. All four mean metrics were
the best among the models listed in Table 5. The mean MAPE was 1.0897, 0.8342, and 0.3197 percentage points
lower than those of unoptimized PGRC-LSTM, Bayesian optimization, and the baseline heart rate optimizer,
respectively. Its MAPE standard deviation was higher than that of Bayesian optimization, indicating that the
observed advantage primarily concerned mean accuracy rather than the lowest search variability. [Conclusion] The
proposed method combines weak physical priors, residual correction, and constrained parameter search to improve
hourly carbon-emission soft sensing when the required flue-gas inputs are synchronously available. Because online
coal quality, total fuel and air flow, and flue-gas carbon dioxide concentration were unavailable, the imposed
relationships are directional constraints rather than a strict carbon balance. The findings are limited to the historical
unit data and search space examined. Independent-period, cross-season, and cross-unit validation is required before
broader deployment.

Key words: Coal-fired power plant; Carbon emission soft sensing; Improved Heart Rate Optimizer (IHRO);
Physics-guided residual correction; LSTM model
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Fig. 2Flowchart of data preprocessing and sample
construction
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Table 3 Comparison results of basic soft-sensing models

CNN-BIiLSTM-Attention  61359.2943

R MAE RMSE MAPE/% R?

LSTM 523721900  65274.7137  6.9833  0.9158
Transformer 730125834  88323.7768  8.0340  0.8455

TCN 77008.4653  91241.4213 83039  0.8352

72020.5790 7.2067 0.8973

GRU 59298.9664 74178.9623 8.0995 0.8911
TCN-LSTM 72212.1162 86234.8357 8.5573 0.8527
TCN-LSTM-Attention ~ 90476.1669 105304.4698  10.4306  0.7794
LSTM-Attention 71402.9281 90542.1037 10.2842  0.8372
TCN-Attention 91086.1770 106650.7520  10.0610  0.7748
MLP 76326.0803 97564.2419 10.8549  0.8084
MSTCN 137647.0118 163666.2815  18.6667  0.4668
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Table 4 Comparison results of different physical mechanisms

A B MAE RMSE MAPE/% R?
PGRC-LSTM WIS SIRERIE 38802.6422 51602.4714 5.5528 0.9473
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MPI-PI-LSTM E2/E DI IEDER 53043.2608 66476.1298 7.2690 0.9123
PC-LSTM Y —BUELR 53496.9744 66902.4550 7.2599 0.9110
PI-LSTM J5 e R - - T A TR 56135.3518 68900.5415 7.2268 0.9059
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Table 5 Comparison results of optimization algorithms

MAPE/% (33

" MAE/kg RMSE/kg B R?
EHrEE)
PGRC %
388026422 51602.4714 55528403877  0.9473
ek
BO 37450.0725  50630.2516  5.297320.5034  0.9491
WOA 38636.3080  51836.6013  5.484840.4916  0.9466
PSO 38551.2276  51608.8732  5.472740.4105  0.9471
ISA 38658.1344 517452294  5.486540.4222  0.9469
GWO 38729.8797  51848.6655  5.493240.3881  0.9467
HRO 36235.8892  48501.0578  4.782840.4916  0.9505
IHRO 341765604  46830.4620 44631205614  0.9511
— Actual BO = PSO GWO - [HRO

“- PGRC WOA -~ ISA -+ HRO

ﬂ 1 /‘\ P —
‘ " m,n Actua
\ 7
/
‘
|

N

R

CO: (10" kg)
o
£
-

2

12-11 12-13 12-15 10:00 15:00

(a) December (b) Zoom

13 FEMALE % PGRC-LSTM & B &1+ thik B BB
KE

http://rifd.cbpt.cnki.net

Fig. 13 Estimation curves and local zoom of PGRC-LSTM
models optimized by different algorithms
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