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Modeling of acetic acid content in
purified terephthalic acid solvent column using principal

component analysis based improved extreme learning machine
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(College of Information Science & Technology, Beijing University of Chemical Technology, Beijing 100029, China)

Abstract: Currently, chemical production processes are more and more complex, and there are more and more opration
variables in chemical plants. Therefore, some important process variables can not be measured directly because of the
limitations in practical conditions. A soft-sensing based method is adopted to realize that the production is measured
accurately online, based on which the chemical company can enhance the production amount. To solve the problem, a
principal component analysis (PCA) based improved extreme learning machine (IELM) soft-sensing model was proposed
in this paper. On one hand, IELM method is combined with PCA to let the input values be analyzed by PCA for improving
the generalization performance. On the other hand, the correlation coefficient was used to calculate the positive or negative
relationship between the components and the outputs. Then the network strcture can be determined according to the poaitive
components and the negative components. This structure has an advantage: the input components have the same effection
on the outputs, which can enhance the performance of ELM. Finally, PCA--IELM model was built, and the Triazines dataset
from UCI standard database was selected to verify the effectiveness of this model. Then the PCA--IELM was used as a soft
sensor for modeling purified terephthalic acid (PTA) solvent column acetic acid content. The experimental results show
that when dealing with high-dimensional data the PCA--IELM has better and higher precision modeling than the ELM. The
PCA--IELM model provides a new idea for neural networks applying to complex chemical processes.
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1 ÚÚÚóóó(Introduction)
Cc5,�Xzó)�L§FÃE,z,é�¬�

þIOÚ�¸À/�iÿ®²FÃÚåïÄ<
�

2�'5. �
¢yù�8I,I�æ�k����
üÑ5¢y�¬��þ��Ú�A��¸�I��.
ddw5,ézó)�6§¥��L§Cþ?1O
(i�w��5��.�´du�*^����,
�
�©��ëêÃ{��ÿþ,yk�ÿþ¤
L¤�[B��3�m�A¢��"�Ø|u`z

���¢y. ^ÿþï�EâÏL�Ezóé��ÿ
þ�'�Cþ��¬�þm�¼ê'X,±L§ö�
êâ�Ä:¼��¬�þ��O�,´)û,
ëê
J±ÿþ�k�Ãã[1].
^ÿþ�{[2]¥Äuêâ°Ä�ï��{��


�þ�¤õA^,Ù¥ ²�ä�Eâ���«ï�
�{®�2�A^uzóL§ï�Ú`z¥[2–4]. �
©æ^� ²�ä�.´#CJÑ��«¯���

z5UÐ�ÄuüÛ¹�c" ²�ä–4�ÆS
Å(extreme learning machine, ELM)[5]. �éuDÚ�
 ²�ä�., ELMäk�.{ü!O��Ý¯!°
Ýp�A:,'�·Ü^ÿþ�.�ïá,®²¤õ
A^�éõ+�[6–11].
��Xzó)�C�5��5��,Ùÿþëê

õ�ÍÜ5�r,�D(�p�Ñ\êâÏ~J±÷
vELMÛ¹�ÑÑÝ
H�÷���¦[12]. �
?
�ÚJpELM�.�°Ý,ïá°Ý�p�^ÿþ�
.,�©éELM?1
U?. Äk,�öò4�ÆSÅ
�{ÓÌ¤©©Û�{ (principal component analysis,
PCA)�(Ü,~��ä�.�Ñ\Cþ�ê,l
ELM�.Ò¬I����Û¹�!:,���Û¹�
!:¿�XÝ
H��ê��,lk|u�yÝ

H�÷�,ù��y
ELMÑÑ���β)��3,
¿�PCA���Ø
y|êâp�D(,Jpï��
°Ý.,�|^�'Xê�äü���Ñ\êâ�Ñ
Ñêâm��K�''X,l©Ñ��'Ñ\ÚK
�'Ñ\,�âd(Jïá
�«Äu�K�'5�
#.ELM�.,dd,�©JÑ
�«ÄuPCA�U
?ELM�.(PCA based improved ELM, PCA--IELM).
��æ^UCIIOêâ8Triazinesé�.?1ÿÁ,
,�A^uPTAMJøY©©ºp�¹þ�^ÿþ.
¢�(J�y
PCA--IELM�.^uPTA^ÿþ�
�15Úk�5,Uk��è��Ñ�'��.

2 444���ÆÆÆSSSÅÅÅ���{{{(Extreme learning machine
algorithm)
ã1�DÚELM�.[5]�(�«¿ã,e¡éÙ�

{?10�: éuN�ØÓ��äÆS��U =
(xi, ti) ∈ [Rm × Rn](i = 1, 2, · · · , N),äkK�Û

¹� ²��ELMÑÑL�ª�

Θ(xi) =
K∑

k=1

βkg(Ak · xi + bk), (1)

Ù¥: Ak = (ak1, ak2, · · · , akm)T�Ñ\� ²��
1k�Û¹� ²��ë����þ, bk�1k�Û¹

� ²��K�, βk = (βk1, βk2, · · · , βkn)T�1k�

Û¹� ²��ÑÑ ²��ë����þ, Ak · xi

L«Ak�xi�SÈ, g(·)�Û¹��-¹¼ê.

ã 1 DÚELM�.

Fig. 1 Traditional ELM model

3ELM�{¥,éu�½�K�Û¹� ²�Ú

-¹¼ê,�3βk, AkÚbk,¦�TüÛ¹�c" ²
�äU
±�C"Ø�%C���Ï"�tn. dª
(1)����¹k��§��5�§|:

Hβ = t, (2)

Ù¥:

H =




g(A1x1+b1) · · · g(AKx1+bK)
...

. . .
...

g(A1xN +b1) · · · g(AKxN +bK)




N×K

,

β = (βT
1 , βT

2 , · · · , βT
K)TK×n,

t = (tT1 , tT2 , · · · , tTN)TN×n.

dd,Û¹� ²��ÑÑ� ²��ë��
�β�±dª(2)�4�2–�ê���¦)�

β̂ = H+t, (3)

Ù¥H+�H�2Â_Ý
. ¤±,�½Ôö��8
U ,Û¹�-¹¼êg(·)±9Û¹� ²��êK�

�, ELMÆS�{�Ú½�V)�
1) �ÅÀ�Ñ\��AkÚbk(k = 1, 2, · · · ,K);
2) O��äÛ¹�ÑÑÝ
H ;
3) O�ÑÑ��β: β = H+t, H+�H�2Â_

Ý
.

��, ELM´�«�~{ü¿�¯�� ²�ä
ÆS�{. �´,òELMÆS�{��^uzóL§
ï�¥,E�3�
¯K:

Äk,zó)�L§FÃE,z��æ8�êâ
¥yp�!pÍÜÚP{&Eõ�A:,lI��
õ�Û¹�!:,ù�Ø|uHÝ
÷v�÷�,Ï
d¬ü$�ä�ï�°Ý;Ùg,zóL§�ó��¸
��,ÿþêâ¥�3l+:,¦�ELM�ä�5U
Ú°�5ü$.
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3 UUU???���444���ÆÆÆSSSÅÅÅ���{{{(Improved ELM
method)
�
�ÑELMÆS�{3?np�êâ��3�

¯K,Jpï�°Ý,��¡éêâ?1
Ì�©Û
?n,rp��êâò��$���m��Ø
êâ
m��5'XÚP{&E;,��¡éDÚ�4�Æ
SÅ�{?1
U?,ïá��.�â�Ñ\ÑÑ�
�K'X,ù�ïáå5��.¦�Ñ\éÑÑk�
Ó��^�J,kÏu�ä�ÆS,?�ÚJp�ä
��z5U.

3.1 ELM���...���EEEUUU???(ELM model construction
improvements, IELM)
Ñ\ÑÑêâmkXØ���K�'X,k�Ñ

\êâéÑÑäk����Ú��^,¡ùaêâ�
��'Ñ\êâ;,	�Ü©Ñ\êâ�UéÑÑä
k����Ú��^,¡ùaÑ\êâ�K�'Ñ\
êâ. �©^�'Xê5L�Ñ\êâ�ÑÑêâm
�'X,éu�½�n|Ñ\ÑÑêâ(x, y), x ∈ Rd,

y ∈ Re�'Xê�deªO���:

rj =

n∑
i=1

(xij − x̄j)(yki − ȳk)
√

n∑
i=1

(xij − x̄j)2
n∑

i=1

(yki − ȳk)2
, (4)

Ù¥: i=1, 2, · · ·, n; j =1, 2, · · ·, d; k=1, 2, · · ·, e; rj

�LÑ\Cþp�1j�Ñ\á5�1k�ÑÑ��

'Xê. erj���u",`²TÑ\á5�ÑÑ´
��',=��'Ñ\;erj���u",`²TÑ\
á5�ÑÑ´K�',=K�'Ñ\. ddrÑ\ê
âp�¤k��'êâ��å,K�'êâ��å,
ddïáELM�.. ã2Ð«
T�.�ïáng.

ã 2 #.ELM�.�E

Fig. 2 Construction of ELM model

ã2pU?�ELM�.dÑ\�ØÓ©�üÜ©,
©O���'Ñ\Ü©ÚK�'Ñ\Ü©,�éu
ã1pDÚ�ELM�.,TU?��.kXe`::

1) DÚELM�.¿vk©ÛÑ\êâ�ÑÑê
â�m�'X,U?��.òÑ\êâ�ÑÑêâ

�m�'X©��'XÚK'XüÜ©,¿�âùü
Ü©Ñ\©OïáÛÜ�Ñ\ü�,¢yz�ü��
Ñ\êâéÑÑ��^´�Ó�,Ø�DÚELM�
.pÑ\êâ´,ÏÃÙ�. ù��(�k|u�ä
�Ôö,lJp�ä�5U;

2) �éuã1DÚ�ELM�.(�,T(�éÑ
\ü�?1
©¬,��!KüÑ\ü��m¿vk
&E�p,=�ü��Ñ\�¬�Kü�Ñ\�¬�
Û¹��mvkë�'X,Ó�Kü��Ñ\�¬�
�ü�Ñ\�¬�Û¹��m�vkë�'X,ù�
��
éÑÑ�^ØÓ�Ñ\�¬�mp�Õá,
��±��ÓÛ¹�!:ê8��¹e,U?���
.'DÚ�ELM�.Ñ\���ë��ê���(
Ø.ü�Ñ\ü���pÕá5ÚÑ\��ê8�é
���A:Ñk|u�ä�.�O�,lO\�ä
�5U.

3.2 PCA--IELM���äää���...(PCA based IELM neu-
ral network model)
Ì¤©©Û(principal component analysis, PCA)´

�«^uêâØ ÚA�J��²;�{,®²¤õ
A^uêâ©Û!�ª£OÚ&E?n�+�[13–16].
PCAÌ��õU´òp��êâÝ��$��m!�
ØCþm��5'X±9P{&E.

�©¤æ8�êâ���guy|�)�êâ,
ù��êâØ�;�/�k�½�D(,ù
D(
Ny3@
Ø��Ì¤©,¤±�±æ^PCA�Ø
ù
)ºD(�Ì¤©,��¡¢y
éD(�LÈ,
,��¡�ü$
Ñ\êâ��ê[17–20]. �ä�.
é$�ê�Ñ\  I����Û¹�!:ê8,ù
¿�X4�ÆSÅÛ¹�ÑÑÝ
��ê��,�N
´÷v�÷���¦,l�y
2Â_)��3,
?�ÚJp
�ä�5U.dd�©ÄuPCAÚU
?ELM�ï
PCA--IELM�.,Ù(�Xã3¤«.

ã 3 PCA--IELM�.

Fig. 3 PCA--IELM model

dã3��ïáPCA--IELM�.�6§�k3Ú:
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Äk,é�êâ?1Ì�©Û,��Ün�Ì��ê;
Ùg,é���Ì�^úª(4)?1�'©Û,l�
���'Ñ\Ì�ÚK�'Ñ\Ì�;��,�â�
���!K�'Ñ\Ì��E�ä�..
�
ÐÚ�y�ä�.�k�5,|^�©À�

UCIêâ¥p�Triazinesêâ8?1ÿÁ,����
PTAøY©©ºp�¹þ�^ÿþ�.?1
�y.

4 Triazines¢¢¢���ÿÿÿÁÁÁ (Experimental test on
Triazines data set)
�ÐÚ�y�©ïá�PCA--IELM�.�k�

5,À�UCIêâ¥¥�Triazinesêâ8éÙ?1ÿ
Á, Triazinesêâ8k60�Ñ\á5Ú1�ÑÑá5,
�k186|êâ,�Å©�Ôöêâ(oêâ�n©�
�)Ú�zêâ(oêâ�n©��),¢�L§9(J
©ÛXe:
?1PCA?n��K´�y��\È�zÇ��

��0.9�Ä:þÀ��êâ�ê����Ì���
ê. �éuTriazinesêâ8,²L¢�À�Ì��ê
�30�,d���\È�zÇ®��0.9±þ. ,�ò
ù30�Ì��gIÒ�1, 2, · · · , 30,éù30�Ì�?
1�'Xê©Û�,��15���'�Ì�,¦��
IÒ�: 2, 3, 5, 8, 11, 13, 15, 17, 18, 21, 22, 23, 25, 27,
28,�e�15�Ì��K�'Ì�. ,�?1�äÔ
öÚÿÁ,¤���.��z(JXL1¤«.

L 1 Triazinesêâ8ÿÁ(Jé'
Table 1 Testing results comparison of Triazines dataset

Triazines PCA--IELM ELM ELM
Û¹�!:ê 6 6 20

²þ�éØ� 0.1792 0.1996 0.1801

þ��Ø� 0.1294 0.1419 0.1299

lL1�wÑ,3Triazinesêâ8�y¥,�Û¹
� ²���ê�6�(�Ì�Ñ\�¬Û¹�!:ê
�3,KÌ�Ñ\�¬Û¹�!:ê�3), PCA--IELM
�ä��zþ��Ø�=���0.1294,²þ�éØ
��0.1792. DÚ�ELM�ä,æ^�Ó�Û¹�
 ²��ê�,Ù�zþ��Ø��0.1419,²þ�
éØ��0.1996. e����PCA--IELM�C�°
Ý, ELMI��Û¹� ²��ê�20�.lþã©
Û��,3Û¹�!:ê8����ÿ, PCA--IELM
�äU���Ð��z°Ý.dd`²
PCA--IELM
�ä3(��é{ü�äk�p�ï��°Ý,�y

T�.�k�5. e�!ò0�PCA--IELM^ÿþ
�.3PTA�A^.

5 PTA^̂̂ÿÿÿþþþ���...PCA--IELM������yyy(PCA--
IELM experimental test on PTA process)

5.1 PTA{{{000(Introduction of PTA)
°é��`�(purified terephthalic acid, PTA)´

zóè�)�à|�����,�´��ó��c
��¬. C
c5�
r?PTA1��)��þÚE
â,�I��')�è��åuØä/*�)�C�
Ú5�±9Øä/ü$C�ÔÑUÑü�¡�ïÄ.
�XC��FÃ*�,ïþC�´Ääk¿�å��
���IB´C�ÔÑUÑY²�p$. é�`�
(para-xylene, PX)�í�z�é��`�(terephthalic
acid, TA)´3p�(AcOH)�MJ,p�}!p���
xzJ,o�¯��r?��Ó�^e?1�zÆ�
A.T�AL§p,p�Ì���£90�,��¿Ø
ë�PX�z�A.3éPTAC��Ø�����I
´p�(AcOH)üÑ.p�üÑ�õ��´ïþó²
Eâ´Ä�`�Ì��I��.ddw5,ü$p�
üÑ´è�ü$)�¤�!Jp²L�Ã��8I

��.
PTA)�C�Xã4¤«, PTA)�C�Ì�d3

Ü©�¤: MJøY©!2£ìÚ£6-. dC��¢
S)��¹,p���ÑÌ�d±eA��¡E¤:
p�3�zL§�-�;���uì�,��£Âp
�;£Â©©º¢Y��p�±9áÂ©W*Yþ.
du�zL§UÑÔÑ��'Eâ'�¤Ù,¤±M
JXÚ�`z´ü$PTA)�L§p��Ñ�Ì�Ã
ã. MJXÚü�d3Ü©�¤: MJøY©!���
uìÚpØáÂ©. MJøY©���Úp�EE
�',¤±MJøY©�Ð�ò��K��p��©
l�J,éC��p�üÑké��K�.3£Âp
�ßÝ÷vó²�¦Ú²�^�e,øY©º�Y
��ßÝ�$����Ý�p�Ú�£J�6�.3
¢Só�)�L§¥,©º�p�ßÝJ±3�ÿþ,
ÏØU¯���MJøY©�`zö�.Ïd,�
©�ÄéPTA)�C�¥�MJøY©©º�p�¹
þæ^^ÿþ��{¢yÙO(�ÿþ.

ã 4 PTA)�C�

Fig. 4 PTA process plant

5.2 ïïï���CCCþþþ���ÀÀÀJJJ(Choose modeling variables)
�
�O(/ïáPTAøY©©ºp�¹þ^ÿ
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þ�.,ÄkI�éK�p�þ�Ï�?1�\�©
Û,±;�ï�L§Cþ&EØ��ü$�.�°
Ý.du��é©ºp�¹þJ±��?1ÿþ,�
y|¿vk��uÿp�¹þ�ÑÑþ,¤±^�p
�¹þäk��éA'X�©º>�Ç�êâ5�

Np��¹þ.

duK�MJøY©©ºp�¹þ�Ï�kéõ,
¤±I�éCþ?1À�. �.Ñ\Cþ�(½Ì�
�âó²ÅnÚ²��£. MJøY©�6§X
ã4¤«,ÏLéMJøY©�ÅnÚö�A5?1
©Û,�ª(½17�Ñ\Cþ: ?�þFC1501,§
ÝTI1504,£6þFC1502, 1503, 1504;§ÝTI15010,
2£ì�ð6þFC1507,©S§ÝTI1511 ∼ TI1519,
TC1501;�.ÑÑ�©º�>�Çÿþ�.�æ�

260|)�êâ,�ÅÀ�174|êâ(oêâ�n
©��)��Ôöêâ,�e�86|êâ(oêâ�n
©��)���.�zêâ.

5.3 PTAMMMJJJøøøYYY©©©©©©ºººppp���¹¹¹þþþ^̂̂ÿÿÿþþþïïï���
(Soft measured modeling of PTA solvent col-
umn acetate content)
ÄuPCA--IELM�{�PTA©ºp�¹þï�Ú

½Xe:

Äk,Ñ\êâÌ¤©©Û±9�'©Û?n.

1) éæ8�260|êâ|¤�Ý
·¶�X .

2) ¦����
XTX�A��ÚA��þ.

3) ¦�\È�zÇ,3\È�zÇ��0.9�c
JeÀ�Ì���ê.

4) �â(½�Ì��ê,���A��.9ÏC
þÆS��.

5) éÌ�Cþ?1IÒ,,�ÏL�'5©Û�
��Ñ\Ì�ÚKÑ\Ì�.

Ùg,ïáPCA--IELM�ä�..

1) ò�����'Ì�Cþ���ä��'Ñ
\��¬,Ó�òK�'Ì����äK�'Ñ\�
�¬.

2) �½�äÛ¹�-¹¼ê,�¢�^�´
üS.¼ê.

3) �Å�½Ñ\��Û¹�m�ë���ÚÛ
¹�!:�K�.

4) ©OO��!K�ä�¬Û¹��ÑÑ,¿ò
§�¿���Ý
,�©¡���äÛ¹�o�ÑÑ
Ý
H .

5) �â2Â_¦�ÑÛ¹��ÑÑ�m���.

��,�.u�.

|^ÿÁêâ�yPTA©ºp�¹þ�.,eÿ
ÁØ���K�£þãÚ½#ï�,eØ�3#N

�Ø����SKï�(å.

5.4 (((JJJ©©©ÛÛÛ(Results analysis)
éPTAÀ��Cþ?1Ì�©Û,(J3\È�

zÇ�L0.9�Ä:þ,À�Ì��ê�8,éÙ?1
IÒ�1, 2, · · · , 8,éù8�Ì�?1�'Xê©Û
�,��6���'�Ì�,¦��IÒ�1, 3, 4, 5, 6,

7,�e�2�Ì��K�'Ì�. ,�?1�äÔö
ÚÿÁ,¤���.��z(JXL2Úã5¤«.

L 2 PTAMJøY©©ºp�¹þ^ÿþ�.
5U'�

Table 2 Testing results comparison of PTA solvent
column acetic acid content

ï��{ PCA--IELM ELM ELM
Û¹�!:ê 20 20 55

²þ�éØ� 0.0086 0.0101 0.0087

þ��Ø� 0.507 0.5936 0.5115

ã 5 PCA--IELM�.�z5U

Fig. 5 Generalization performance of PCA--IELM model

lL2�±wÑ,3PTA©ºp�¹þ^ÿþ�.
¥,�Û¹� ²���ê�20�(�Ì�Ñ\�¬
Û¹�!:ê�15,KÌ�Ñ\�¬Û¹�!:ê
�5), PCA--IELM�ä��zþ��Ø��0.507,²
þ�éØ�´0.0086. DÚ�ELM�ä,æ^�Ó
�Û¹� ²��ê�,Ù�zþ��Ø��0.5936,
²þ�éØ��0.0101. e����PCA--IELM�C
�°Ý, ELMI��Û¹� ²��ê�55�.lþ
ã©Û��,3Û¹�!:ê8����ÿ, PCA--
IELM�äU���Ð��z5U.dd`²
Äu
PCA--IELM�{�PTA©ºp�¹þ^ÿþ�.3
(��é{ü�äk�Ð�°Ý,�PTA©ºp�¹
þ�ÿþJø
�«1�k���{.

6 (((ØØØ(Conclusions)
�éó�y|vkÿþPTAMJøY©©º�p

�¹þ,J±¢�iÿi�øY©�$1�¹,�©
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ÄuPCA--IELM��{ïá
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^ÿþ�.. �
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��¡ÏLÌ�©Û��{éÑ\Cþ?1Ø ,3
~�
Ñ\Cþ�ê�Ó�3��§ÝþÈØK


D(,l3Jp
�.�ý�°Ýþ�{z
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��'Ì�ÚK�
'Ì�,U?�ELM�âùüÜ©Ñ\©O�E
�
�'Ñ\�¬ÚK�'Ñ\�¬,��K�'�¬
�pÕá,�m¿vk���ë�,¦�3{z�.
O��Ä:þ¦��.�Ñ\�¬éÑÑäkÓ�

��K�,kÏu�.�ÔöJp�ä�°Ý.Ï
d�'uüX�ELM�{,�©JÑ�PCA--IELM3
~�
�.5�ÚO�þ�Ó�,Jp
�.��z
Uå,÷v
y|p°Ý�ÿþ�¦. Ïd,�©JÑ
�PCA--IELM�{·ÜA^�PTA©ºp�¹þï
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