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Table 1 Statistical results of the variables in the original process parameters dataset

Variable Mean Std Min Max Category
Raw meal hoist current 1# 126.26 5.29 74.99 147.75 Input
Raw meal hoist current 2# 129.64 5.60 79.22 152.29 Input
High-temperature fan current 224.77 12.00 0.26 268.67 Input
Head coal 11.91 0.66 0.01 13.86 Input
Tailing coal 19.60 237 0.00 35.19 Input
Rotation speed of the kiln 412 0.18 0.00 4.39 Input
CO; content of C1 1677.44 585.41 0.00 23702.98 Input
C5A temperature 886.81 1391 0.00 1142.97 Input
C5B temperature 842.37 31.16 0.00 1057.03 Input
Tertiary air temperature 1013.78 79.38 0.00 1292.42 Input
Secondary air temperature 1085.99 76.61 0.00 1422.18 Input
Precalciner outlet temperature 888.68 22.36 663.31 1205.90 Input
Clinker temperature 117.28 47.46 0.26 531.53 Input
flue chamber temperature 1090.70 49.25 0.00 1341.38 Input
O, content of C1 3.74 4.43 0.00 26.36 Input
NO; content of C1 60.92 58.43 0.00 3070.31 Input
f-CaO content 1.27 0.77 0.05 13.00 Output
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Fig. 1 Overall flowchart of data enhancement model based on SSGAN

&G BELE A A5 SR, AT
TCE ST A g Y X D R KSR T E S
HOBAEFE PR AT RRAESR I, I LA N 2R AR
A ol 7 D) 308 T X I R R 2 3T SR RS 2 AT ) T
FERFAE, FFA AR BRC I T2 S8 2 oS B
PREEAE N T 780 SRR R 4 I R AE AT IR 1) RUBEARR:
fit, fwtdassitift s 7 22651138 oo
(GRU), FFAEA R LS S N ERERAE, MM
B A 2 Bl R I 4R B R ORHK . A
P 2% 1 ERE T EON R AR 55 O R Bk
PREE S A AR BEAT X 7, 4R AR AR A WL
FA AN o BEAE X HUN GRIIEACHEAT, A e
i 1 R 5 S B A TR e BEARABLI) B bR 25 B
S ) WU 25 ) USRI 0 AT 5 bR 28 R 1Ly T 47 468

Tt
FESEROR BT INZR)E A e IR R SRR AHs
SHESAEAME G, W@ E RS AGRIER

WEREHRLR, FFRZEE S5 A\ BIGRU TR Y i
([T GEB Ol b L i N S0 e L NS Bt e

PRI, BEARHEAUAMY BE S MR bR i B AN 2
(R IR) L, B REAE T 205k A 43 i 5 kR R T o
15 50 FRORE P S T S
13 BHKRE

SSGAN %y 4 15 58 A% B4 (1) - & 5 Sk B 2 7E
Python3.9¥ 53 N k4T 1), #KFtT-Pandas. Numpy.
torch.nn LA % He At JE TPy Torch HE 42 (1) AH 5% 0 Fy 2 A2
AL Gnbd 2% & Joilt i 1 )2 AR 2% (40 1) R FH 3241164
ANIBIE, HBRZ KNS 3 HR A 78 L) B R
fiE, B J5 I F GRUNSRFAE B 4E 22324k A= i U &
T B BRGSO T 2R AT B, AR O . 1)
ﬁ%hﬁﬁ T ) 30 45 T T S A B 5 S B 245
PR, S R K =S 3EAT A,
NI AR OB AT PPl . AERR IR AR, A
A5 s A S A R AL ES . $5°R A Adam AL
#%, Batch sizei¥ B N32. %%>1%0.000 015, L&A
0.5, f250.999. 7EHIHZR IRt A2 F, R T 1
PEAESTHLH], AV E N0.3, LA AL LipschitziE £ 14
W, FEIE IS RES AN R T B — KA A () SR, B IR



+ 3130 - CREBR R 24410

J Chin Ceram Soc, 2025, 53(11): 3127-3135

2025 4

W E
1.4 N ERR

B WEAE T2 SH80R4E FiT, IR EdE
428 : 200 LRI 43 A IR B DI SR AR R AE, DA
Tff A 2R P i 0 B 1 R 2 . (6 P s ot
RZE(MAE). ¥177 1% % (MSE). 75 1R% % (RMSE)
VENFRBR VPSR R (0 TS 1, A= X
=)~ E) 7~

1o

PER AR SR A 1) o

MAE:HZJT—Y) @)
MSE_1§]T -Y) (2)

RMSE_JMSE_/ (T-Y) 3)

A TARIY 2 AR SERRSE AT S o A PR
FERY SRS B (46 HR, W MAE. MSE. RMSE;k
BEIET0, TN R

2 HXR53®

2.1 1RBNGSME A

7t SSGAN it e, BRI S & v
i ot BE AN A B S KOG ER TR bR . A T AR L
BB I AR f-CaO hrZH Bdm h o i
XU SR Y R GRS, A5 Fie) g 1 e
W E/E WGAN-GP HEZE N kAT 80, Wil 2 B
i #s K H LS T CNN 5 GRU MR G450, B4
Wit 2 R B K LeakyReLU Mo 2 R EERHE,

—_—— e — e — e —— —

>
/ Output | Latent space e N/ g

Output(  f-CaO (generated) A N/ -

X TESHR G R RN ARRIERAE: WS,
LRI SEF RN GRU AR, FIH 1ML
R HR A 7 (8 H: 3 75 B8 1 2R E Bk S
e, I A R B E A ], S
BYE L2 HIPRYER IS . Az A I 28 M2 US by
PR S (0] ) &, B 2 R B REREIR)Z
WE T ESHEAR 2 M3, MMEAR R R
R TSP I EA B AR A, RS
SRS IS 2 = B AR AL f-CaO FRZEEids . H%H0 &
W 2%t 22 2 B AR R AR i) 1, I A e 2 2 A
LIRZ R T Z S50 Jm I SRR S f-CaO Fr%
HIRMIRI N KR, LAX 4l f-CaO b2 fl
552 f-CaO AR H ¥ -

i8I W g2 I S oo #E A A A R Ok R AR
D_Loss Fl4: i ge4515 G_Loss IAfbi#a%s, TTLLA
R W T WGAN-GP HEZE RIS Sl A . K 3
BRI R SR 2R . M ERWII, R e VR
R SR B S ZSRRAE, P g Xt T B SR S
A R LEAT A ALK 4y, PRE AT, 2k
WK BAFERALIG B I ZRMiEE1T, D_loss
A G_loss HIEEZ# kN, 2iE k% #] 10 000
UAEATI RSN E O BT FF AR Frfa e . XK
A R AN AR AA TP, R TCTE A
X or ELSEREAR A e A, AR s vt — 4
EAERRFEARN . R T, O
BT L2 BRI ARE, BRI AR
AR EMZ A I A RS 2E e AS
ATPERETIOIN, BT 3R A7S 58 AR A A SE 1K 45

—_——— — — — — — — —

Output [ Scores (real or fake) ] h \

I
Transpose
convolution layer

Convolution
layer

N 7

Ve

Transpose

\convolution layerLeakyReLU

w—*

(&

Ve

layer

— l],w — y —» x2
Convolution eakyReLU

Transpose

convolution layerLeakyReLU

—1f-

L latent space f-CaO Linear

u}'—» —

[

o R
|

‘ t1 tZ tn
|

|

|

|

|

|

|
|
|
|
|
|
|
|
|
|
|
|
|

[
\
\
\
\
\
\
\
\
\
\

[ |
| |
| |
| |
| ‘ |
| | — llll —> |
: Co%%lrunon LeakyReL.U :
| |
| |
| |
| |
| |

(a) Encoder structure

Input Latent space

Generator

(b) Generator structure

K2 GAN s 4t &
Fig. 2 GAN structure diagram

(e, Oo<rated
; \ Input S{Latent space + f-Ca0] Real

Discriminator

(c) Discriminator structure



O3 LM GREKIH e TR U B AR ORI 4% ) 2K R B I 2 A0 B B v v R + 3131 -
.01 C
oom —— G_Loss L7 — D_Loss
0.012 | a 1.40 |
% 0.009 - é 1.05 |
Q S
i 0.006 & 070 F
aoB 035 | |
0.000 - i i | , OOO L . Ll‘A i 1 1| ;
0 5000 10 000 15 000 20 000 0 5000 10 000 15 000 20 000
Loss Loss

(a) Generator loss curve

(b) Discriminator loss curve

K3 SSGAN HEL45: 2k ik i ith £k
Fig. 3 Loss function curve of SSGAN model

22 HIEERER S

9T VAL TR ) SSGAN 7 B 14 5 7 TH 1)
BRNE, R A A AR SE S S bR B 3t
TTXE. B 4a FTA 4b 43 B AE AR e I 474
FPREE AR b A ) At oL, B 5 AREE
THINER AT 2R, For i O IR R R A bR 2 55
W, B EAIRER AR EE .

FHE 4 AR S Al L, fEIZREE L, BERBERIA
FRIRIRR 2 AH 73 A0 5 3 SR A8 AE 43 A 16 K8 4 [X 8] Y
BB, JUHAE 0~1 MIXIA PN, P 1) A AL
B AEHRBON—E, R\ 2 T
i) R BRE. AT, SRURSE AR AR S

1o A 5 BT U O SRR, XA —
JERERE b TR 2 AL RE ) B SR A B 1) 22
k. WRIREHRE, HIhRBELE 05 A4 H
LB VAR, AR R A Vg S 2 AR, H
£ 1.0~2.0 XA EIE —ERERWE. 286
&, PriEhi) SSGAN Al HIFRREAE Al 5 H KR
ZA AT KA 2B AU o A ke S, AT A 3 5
PREZVE IR A BATRGR I S SARE YT, ARk
Pa HA SR

FEBLIERS b, ASHIEFURE 20 51N B A 5 O
SRS S X R ARZE ) T 2 S RO M AT AR R AR il
A3 A N TR P 91 4 LB R kAT sh A ) A A E 1

100
Test predicted value
80 L Test real value
z
5 60
=
g
= 40 +
20
0 I 1 1 [] 1 - 1
0.0 0.5 1.0 1.5 2.0 2.5 3.0
f-CaO value
(b) Test set

K4 bR i E7

Fig. 4 Distribution histogram of label values

250 | Train predicted value
200 - Train real value
oy
5 150 -
=
g
& 100 -
50 +
O 1 1 [ 1 1 1
0 1 2 3 4 5
f-CaO value
(a) Training set
1.0
[ Train predicted value
0.8 f Train real value
206 |
B
S 04f | \
- A
0.0 1/ Il Il ﬁ\‘i\\: 1
0 1 2 3 4 5
Value

(a) Training set

15k [0 Test predicted value
) Test real value
12+ -\
2 /\
Z 09F !
2 [
0.6 - \

S

0.0 ot 1

Value
(b) Test set

KI5 ARBEAE R0 E
Fig. 5 Probability distribution of label values



« 3132 - CREBR R 24410

J Chin Ceram Soc, 2025, 53(11): 3127-3135

2025 4

THE, BN AE SEARL I 2 AR 1) L2 54
RN AR S THE . B 6 4t T AERNREME S
FSEARREAE IR A LB 1, e 7t
JRIS RE AR B RIRR S A D0 S He 5 ELSEhR 28 1) —
Btk BRI, AR AR R A AR 2
W 3T, VA EEAEAE 0~1 XA, HLEEAE R4S
EHIEK, HAEHw, B2 ERErA
e . MHZT, JFSARZEAEA [FX E At 23
AN AL, VAR 7 B ARG 2 H A B
— 8. XSS, TR HBONRRE
SEHE A BRI & LIRS RERY
WL B ] % 15 SSGAN AHZE & 1777, BEfS
BAF I T 2 SRS hRRE 2 R B T AL RIRAFAE
SEHUR SR ARZE ) A BRAL T, R SR TN A 52
G VSE SRR Sk CER TR

1.25r 0 =1 Generated labels
2 1.00F - [ Real labels
2
3 075+
B
T’Sv 0.50 +
S
£ 025}
0.00 ) H]ﬁl.uﬁi , ,
0 1 2 3 4 5

Value

Bl6 AR F SRR IV R A 3 A 0 L BT
Fig. 6 Comparison of probability density distributions between
generated and real labels

2.3 TuMZERTH

N7t — A E B BT Y ) SSGAN L 1 1 g S
B 3, ASHIE FEAERT R R AR S AR AT A B 11 2
fih b, PEAL T SRRSO W TOAE S B s . B
WIS, ARG NSRS R EEE TR S, DA
TERCE N TE £ I s R I g5, FRELL
Fenlh b GRUAR A 47 25 3 Il 25 LA Tt 7K U 2Rk
i f-CaO & & . K7 DL K 3R 2%y I & B 76 R A
SSGSNE i 3 5 5 AN K FH2Fh 5k mE T, GRUBRAYLE
TR R 25 5 2L e MAE. MSE. RMSE45
FRXt L.

227 %0, 7E5] NSSGANHEAT HE 15 )i ,
GRUKEAIIMAE. MSE. RMSEXIH JilF T . X
AF e Tt 70 AR R PR bR A B AN, ARG B AR
B TR 2 S 25 kb« RIS, FMSEFIRMSE
FHE T MAESS T T (0 85 o5 B R UK, X
THUHE b 1 7] 255 o AR 3R B AR 28 0] S {1 A g B AR

FITGE I AR 2) T s RE B M ST, R AT B
NEafE.

o 3.0 | ——Real value

S5k Predicted value

<20t

g 15

S0t

~ 05

0 100 200 300 400
Index
(a) No-SSGAN

o 3.0 | ——Real value

S5k Predicted value

<20}

215}

S 10+

Z 05}

0 100 200 300 400
Index
(b) With-GAN

P70 b ke g i Ak P 5 R
Fig. 7 Data enhancement processes predictive results on test
set

F2 MdK ERIEEERLELER

Table 2 Data enhancement processing results on test set

Method MAE MSE RMSE
With-SSGAN 0.19 0.06 0.24
No-SSGAN 0.24 0.08 0.29

SSGAN is semi-supervised generative adversarial network; MAE is mean
absolute error; MSE is mean square error; RMSE is root mean square
error.
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Table 3 Ablation results of SSGAN model

Method MAE MSE RMSE
SSGAN 0.19 0.06 0.24
Random noise 0.55 0.65 0.81
No encoder 0.46 0.43 0.66
No GRU 0.40 0.33 0.57

GRU is gate recurrent unit.
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A Semi-Supervised Generative Adversarial Network-Based Data Augmentation Method for
Cement Clinker f-CaO and Its Effectiveness Evaluation

YAO Xinyue, REN Xuehong, YE Jiayuan, ZHAI Munan, CAO Fuli, ZHANG Wensheng, ZHANG Hongtao
(China Building Materials Academy, Beijing 100024, Chian)

Extended Abstract

Introduction The free lime (f-CaO) content in cement clinker is a key indicator for evaluating calcination quality and process
stability, directly influencing cement soundness and mechanical performance. Efficient and accurate real-time prediction of f-CaO
content is essential for achieving stable cement quality control. In actual production, process parameter data are sampled at
approximately 1-second intervals, while f-CaO content is typically measured once per hour, resulting in a severe scarcity of labeled
data. This asynchronous sampling and data heterogeneity constrain both the scale and diversity of data available for supervised
learning models, thereby reducing prediction accuracy and generalization capability. To address this challenge, this study proposes a
method based on a semi-supervised generative adversarial network (SSGAN) to enhance the diversity and representativeness of the
training dataset. Through evaluating its impact on the downstream f-CaO prediction task and conducting ablation studies, the research
explores the feasibility of applying GANs to address the issue of asynchronous sampling between process parameters and offline
measurement data.

Methods This study proposes a data augmentation model based on a semi-supervised generative adversarial network (SSGAN),
which generates virtual data resembling the actual data distribution to expand the training dataset and effectively enhance the model’s
learning capability under conditions of limited labeled data. The model consists of three main components: an encoder, a generator



FE3 G W WREKIT S T MUEE RO B 4 R K e BORH B A B B I 0T i K - 3135 -

network, and a discriminator network. The encoder first extracts features from a small amount of process parameter data with real
labels, which are then used as conditional inputs. The generator learns the latent features of the true label distribution through
adversarial training and generates corresponding label values based on unlabeled process parameter data. The discriminator
distinguishes between real and generated labels, guiding the generator to continuously optimize its generation strategy. As adversarial
training progresses, the generator produces synthetic label data that closely resemble actual production data, while the discriminator
continuously improves its understanding of the true data distribution and label characteristics.

Results and discussion When the SSGAN model is trained to approximately 10 000 iterations, both the discriminator loss and the
generator loss converge to near zero and remain stable, indicating that a balance has been achieved between the generator and
discriminator, and the model has effectively learned the latent distribution features within the process parameters. Further analysis of
the distribution of generated label values shows that they exhibit a distribution trend generally similar to that of the real labels. The
model demonstrates strong learning and fitting capability within the primary range of label values, and the generated data are reliable.
After introducing SSGAN for data augmentation, the MAE, MSE, and RMSE of the downstream GRU (Gate Recurrent Unit) model
for f-CaO content prediction decreased from 0.24, 0.08, and 0.29 to 0.19, 0.06, and 0.24, respectively, indicating an improvement in
the model’s ability to predict outliers and extreme samples. Ablation studies revealed that removing the encoder, the GRU module, or
introducing random noise led to significantly higher prediction errors, highlighting the critical role of temporal information and deep
features embedded in the process parameters for generating high-quality label data. In particular, the encoder and its internal GRU
module are essential for capturing long-range temporal dependencies and dynamic variation patterns.

Conclusions To address the issue of label scarcity caused by the mismatch in sampling intervals between process parameters and
f-CaO content measurements, this study proposes a data augmentation method based on SSGAN. By using an encoder to extract
high-dimensional features and a generator to learn the latent distribution of true labels, the approach constructs a more diverse and
representative training dataset. Ablation experiments were conducted to evaluate the effectiveness of each key module. The main
conclusions are as follows: The introduction of the SSGAN-based data augmentation strategy effectively expanded the training
dataset. The distribution of the generated label values closely matched that of the true labels, verifying the reliability of the synthetic
data. The application of the SSGAN method significantly improved the accuracy of the downstream f-CaO content prediction task,
with MAE on the test set decreasing from 0.24 to 0.19, MSE from 0.08 to 0.06, and RMSE from 0.29 to 0.24. Ablation experiments
further revealed that introducing random noise, removing the encoder, or omitting the GRU module led to significantly increased
prediction errors. This highlights the critical role of temporal information and deep features embedded in process parameters for
generating high-quality label data. In particular, the encoder and its internal GRU module are essential for capturing long-range
temporal dependencies and dynamic variation patterns.

Keywords free lime; semi-supervised generative adversarial network; time series; data enhancement; regression forecasting;
ablation experiment



