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Research on Calorific Value Prediction of Incoming Waste Based

on Generative Adversarial Network
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Abstract: Waste incineration serves as the primary method for urban solid waste treatment, where the waste calorific
value provides critical guidance for incinerator retrofitting design and combustion condition adjustment. In order to ac-
curately predict the waste calorific value, a calorific value prediction model based on a generative adversarial network is
proposed. Firstly, the true value of waste calorific value is calculated by using the heat balance principle in the waste
incinerator. Then, the influencing factors of waste calorific value are analyzed and the main feature variables for the in-
put of the generative adversarial network are determined. After the adversarial training of the generator and the discrimi-
nator, simulation data similar to the characteristics of the real data is generated. After verifying the reliability of the
simulation data, it is combined with the original data to form an enriched dataset and inputted into the least squares
support vector machine model for training and testing. Experiment results show that after enriching the dataset with the
generated simulation data, the prediction accuracy of the waste calorific value is improved, and the prediction perform-
ance is better than that of other prediction models.
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Tab. 1 Mean for each type of data
WERR e/ mm AHXPRIE/ % i/ °C #H/ (kI kg)

HEAEVIRA 0.59 64. 34 22.45 8 488.06
HEERH 0.43 65. 64 21.04  8988.99
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HEVRA 11.01 67.07 28.97  7957.12
AR A 5.51 61.59 23.28 8 650.55
BENIRA 3.28 60. 94 23.75  9092. 14
AR R H 0.26 56. 64 16.92 8 065.40
A ZETRA 0.13 54.76 17.23  8528.47
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Fig. 1 Comparison chart of non-holiday data characteristics

in different seasons
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Fig.2 Comparison of holiday and non-holiday data characteristics by season
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Fig. 3  Structure of generative adversarial network
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Fig.5 Comparison of original data of non-holidays in each season with characteristics of generated

data

HEFRH R

o HFEVRHEGLHE
HEF R H A R

£ BEWRHEREERE +

o AZFWRHEBEE

O RSB B R G EE
o RKETRE A REEE A B H AR
2 > o
I ~ 5
0o e
®
o
4
4
2 ) 4 2
~ 0 R
%\$§ 2 4 2 ’ - T 4 2 &
e 5

B6 ARREEVHEBREHKIEL L RBIBIIESTIL

Fig. 6 Comparison of original data of each season and holidays with characteristics of generated data



156 LRI NE - 2026 4F
F2 FEIREIESEREIESERTE
Tab.2 Comparison of raw data with mean of generated data
Sl 2 TR £/ mm AHXS MR/ % i/ B/ (KI/kg)

yGES A AR JEyGES HE AR S bRk He sk EyGE S A iR
HRIETRA 0.59 0. 66 64. 34 63. 19 22.45 20. 89 8 488. 06 8 247. 60
BFENEA 0.43 0.57 65. 64 63.52 21.04 21.23 8 988.99 9 034. 57
HRIERH 8. 00 8.32 67. 10 64.28 29.95 28.48 7 593. 85 7 648. 63
e Y 11.01 9.75 67.07 68.43 28.97 29.79 7 957. 12 8 139. 21
BEAEIRA 5.51 7.15 61.59 58.78 23.28 21.54 8 650. 55 8 398. 45
TR H 3.28 6. 90 60. 94 59.72 23.75 24.16 9392, 14 9 307. 50
£ RA 0.26 0.38 56. 64 56.99 16. 92 16. 47 8 065. 40 7 993. 81
AR H 0.13 0.48 54.76 55. 47 17.23 15.39 8 528. 47 8 641.97
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Fig.7 Prediction error plots of simulated data at different

scales
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Tab.3 Comparison table of evaluation indicators of different

prediction models
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Fig. 8 Comparison chart of prediction performance of differ-

ent models
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