%42 %% 9 T RRFFR Vol. 42 No. 9
2019 4 9 A Journal of Chongqing University Sep. 2019

doi:10.11835/j.issn.1000-582X.2019.09.010

KT IR BEIE RS 7 2T 18 Il 55 w7 HR B AR DL il K&

KR E h L ?
(1.ZBEFRF URE B A TRFR, S8 408 230601;2.0F% T2 8585 T4 2,24 40e 230601)

FE Ao EZRERLG AR RET —FATREIBF IO EZRBERILY R
Bl fe it H 7k, 4, KM O HRACR F 69 HuH M S RAP 2 M %69 2 # (ASCNN, adaptive
structure convolutional neural networks) , & 2 K ¥ B A B 2| B3 LA 2 sk X 2 9 E 4
Wosh AR W), ok, A T A AE T K A PE ) B 35 47 A AR AL 4R TR b, AAZ B H0 A JE AR R
BAABEEHT O TROBYREH . 2 ARNKFREEA OB EZRBER LN ERZEL Z
Go, 3G BB R OLAR S AL R 29 °T o AR R R 6 FT AR, B R M B 77 By i@ A Ak ) 09 R AL B
H M % 5 % % (SCN, stochastic configuration networks) , %,L KK B AR IR Bk D0 o K ROE T

J& » M5 SR £ B RN 8 AR, HT/’J"‘Izk}a@@iﬁk}%/l}w}t?}\é‘ﬂ Ry R A M ER TR

N Jm 2 R M A ARAR L R 0GB A F T AL, 9—%%%’“%%%E:b’(fifr%i’f%ﬁ’il*ﬂ]iﬁ—%\ﬁiﬁ
ey B FHRAT T, KL ﬁ‘%fxﬂfl T MR TIRE TS I 6 KIEBBIRER I 42

%&ﬂ&&ﬁﬁ%ﬁ%%@%%%%k%%%w%%ﬁﬁﬁ%ﬁﬁﬁo
KR R IR DL IR R A T B ALE] B LR 2R
FESZES . TP391 XHktFRER A X EHE:1000-582X(2019)09-084-08

Intelligent cognition of rotary Kkiln burning
state based on deep transfer learning
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Abstract; Aiming at the cognition problem of rotary kiln burning state, an intelligent cognition method
based on deep transfer learning for rotary kiln burning state is explored. Firstly, based on the adaptive
structure-based convolutional neural networks ( ASCNN), the unstructured dynamic feature space is
established with the determined mapping relationship of the flame image from global to local. Secondly,
based on the feature discriminability measure and the variable precision rough set theory, under the

uncertain condition of the finite field, the burning state cognitive intelligent decision information system
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with the discriminable and the unstructured dynamic feature representation is established from the
perspective of information theory, to enhance the interpretability of the feature space of the burning
states. Thirdly, a stochastic configuration networks (SCN) with universal approximation capability is built
to establish a classified criterion for flame image burning states with stronger generalization ability. Finally,
based on the generalized error and entropy theory, the entropy measure index of the uncertain cognition
results of the flame image burning state is established, to evaluate the cognitive results of the burning state
in real time. The dynamic transfer learning mechanism is constructed to realize the self-optimization
adjustment and reconstruction of the multi-level differentiated feature space and its classified criteria for the
burning state. The experimental results show that the intelligent cognitive model of flame image burning
state based on deep transfer learning constructed in this paper is more feasible and superior to the existing
method for the burning state recognition of cement rotary kiln.

Keywords: burning state; deep transfer learning; teedback mechanism; semantic error entropy
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Fig.1 Construction of intelligent cognitive model of burning state based on deep transfer learning
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