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Abstract: A direct adaptive dynamic neural network control (DADNNC) method is proposed to control the dissolved
oxygen concentration in the wastewater treatment process. The established control system mainly includes a neural con-
troller and a compensate controller. The neural controller fulfills the mapping between the system states and control variable
using the fuzzy neural network, which can adjust the structure and parameters simultaneously. A novel pruning algorithm
is presented based on the useless rate of the rules, and the convergence while adding and pruning neurons is guaranteed
theoretically. Further, the compensation controller is designed for decreasing the approximating error introduced by the
neural network, and the parameter update law is deduced by the Lyapunov theorem. Finally, the simulation results, based
on the international benchmark simulation platform, show that the proposed method can achieve better control accuracy and
superior adaptive ability compared with neural network controller with fixed structure, PID controller and model predictive
control method.

Key words: dynamic neural network controller; dissolved oxygen; useless rate; wastewater treatment process

1 ÚÚÚóóó(Introduction)
M)�(dissolved oxygen, DO)ßÝ´ÀY)z?

nL§¥�����ëê,Ð�«�íØvÚLþ
Ñ¬é�)Ô�)��¸�5Ø|K�.�íØv�,
��¡��Ð�³¥jGÿ�þ��,�ª�)ÀY
)ä;,��¡duÐ�ÿ�)��Çü$,ÚåÑ
YY�eü. �íLþK¬Úå]2�N�ü5C
�,Ó���UÑLp[1–2]. l�±�)ÔûÐ)��
¸,UõL§5UÚü$UÑ�Ý�Ä,I�éM)
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<÷¿����J.

�.ýÿ��(model predictive control, MPC)ä
k3�EÄ`zÚýÿ�`:,3ÀY?nXÚ¥¼
�2�A^[5–6]. Holenda�<[5]ÄuÀY?n3�{
z�.3�ó¹e¢yDO��l��.���°
ÝÉ�u¤ïá�XÚ�.. �,ÀY?nXÚ´
��E,���5�CXÚ,Äu��.éJ3�
���¥��Ð��J.ò�UEâA^uÀY?n
L§��,®²Úå
éõÆö�'5[6–9]. Ù¥,�
�61�Eâ´ ²�äÚ�
Eâ. TraorW�<[7]

ïÄ
ÍíL§�M)��
��,ò¢SDOßÝ
��½��Ø�!Ø�Cz±9\OØ����


��ì�Ñ\,�í6þ9ÙCz����ì�ÑÑ.
(JL²,�~5�m'���',!�ÑU�40%.
M)��
���{;m
ÀY)z�.�ïá¯

K,�´,ín5KI��þ�;[�£,���XÚ
"ygÆSUå,��°ÝØp. Han�<[8]A^ ²

�äEâ3�ïáÀYXÚ���5ÄåÆ�.,3
dÄ:þA^MPCÚS��g5y�{,¢yDO�
�l��,���Ð��J,���°ÝEIJp. ¸
�<[6]JÑ|^ü�(��½�c"BP�ä©O¢
yï�Ú��?Ö� ²�äï����{

(feedforward neural network modeling and control, FN-
NMC),mÐM)����ïÄ.�´,A^ ²�ä
ïáXÚ�.,��þáuXÚE£�Æ,�¦¯k
(½�.�gÚÜnÀJÑ\Cþ. ��<[9]Äu£

(G��ä(echo state network, ESN),3Ä�5y�
{µee¢yM)���l��,ØI�ïáXÚê
Æ�.,æ^µd!J,�Ì�|¢�ª%C�`�
�üÑ,´�«êâ°Ä����{,�ÀYXÚ�
��¯KJø
�«#�)ûg´. �´,�3O�
þ�Ú½5�J�y�¯K.

�éÀY?nXÚJ±ïá��5Ä��.ÚØ

(½Z6î�J:¯K,JÑ�«��g·AÄ�
 ²�ä���{. ¤J�{ØI�ïá°(�ÀY
?nL§ÄåÆ�.,´æ^ ²�ä%C��n
���Ç.�ï���XÚ�¹g|� ²�ä��
ìÚ^uÖ��ä%CØ��Ö���ì.  ²�ä
��ì(��O¥,JÑ�«Äu5KÃ^Ç�?}
�{,¿�Ä
Û(:N���ëêÖ�¯K,ln
Øþ�y
(�N����äÂñ. ��,ÄuIS
ÄO�ý�.?1
¢�ïÄ.

2 ¯̄̄KKK£££ããã(Problem description)
�Ä���n�SISO��5�©�§£ã[10]:{

x(n) = f(x, t) + g(x, t)u(t) + d,

y = x(t),
(1)

Ù¥: f(x, t)Úg(x, t)´��ëY¼ê, u(t)∈R, y(t)

∈R©O�XÚ���þÚXÚÑÑ, d�XÚZ

6, x=(x1, x2, · · ·, xn)T =(x, ẋ, · · ·, x(n−1))T∈Rn.

½ÂXÚØ�eÚÈÅØ�s:

e(t) = yd(t)− y(t), (2)

s = e(n−1)+k1e
(n−2)+· · ·+kn

w t

0
e(τ)d(τ). (3)

eXÚ�Ä�A5®�,��n���Ç[11]

u∗ =
1

g(x, t)
[−f(x, t) + yd

(n) + kTe− d], (4)

Ù¥: k=[k1, k2, · · · , kn]T, yd�XÚÏ"ÑÑ,òª
(4)�\ª(1),Ó��Äª(2)–(3),��e(n) + k1e

(n−1)

+ · · ·+ kne = 0,K�k��Hurwitzõ�ªXê�,
�±�yXÚØ�Âñ�"[11],= lim

t→∞
e(t) = 0. �

�XÚ�.®��,æ^��Çu∗�±�yXÚ¼�

½��l��.,,ÀY?nXÚ���5Ä�
�.J±ïá,=f(x)Úg(x)��,Ïdn���
Çu∗Ã{¢y.

3 DADNNC������ììì���OOO(Controller design)
3.1 ������XXXÚÚÚ(((���(Structure of the control system)
ã1�M)�ßÝ���g·AÄ� ²�ä

�� (direct adaptive dynamic neural network control,
DADNNC)��N(�.

ã 1 ��XÚµã

Fig. 1 Scheme of the control system

��8I´ÏL¦�Ü·���þu(�í=�X
êKLa5),¦�ÑÑy(M)�ßÝSo)U
�l�½�
ÑÑ�½�yd. �ï���XÚ�) ²�ä��ì
ÚÖ���ìüÜ©.  ²�ä��ì|^TS�
 
²�ä(TS–fuzzy neural network, TS–FNN)%Cn�
��Çu∗.  ²�ä��ì3�ÆS�)(�ÆSÚ
ëêÆS,(�ÆSæ^O�–?}�{(½Û(:
�ê(�
5Kê),ëêÆSdFÝeü�{�Ñ.Ö
���ìusc^5Ö��ä%CØ�.

3.2 TS���


   ²²²���äää(TS–FNN)
TS–FNNKÜ
�
Ü6Ú ²�ä�`:,ä

k`����5¼ê%CÚ3�ÆSUå§O\
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�äß²5,Ó�´u<a²��£�K\Ú5KJ
�. A^uM)����TS–FNNæ^ã2¤«�4�
c"�ä(�[12]. �äÑ\�ÈÅØ�s,ÑÑ���
þunn,¿F"unnC�U%Cn���Çu∗.

ã 2 TS–FNN��ä(�

Fig. 2 Network structure of the TS–FNN

11��Ñ\�,�å&ED4�^.

12��äáÝ¼ê�(Û¹�). À^pd¼ê�
�äáÝ¼ê,K1i�Û(:ÑÑL«�

hi(ci, σi, s)=exp(−(s− ci)2

σi
2

), i=1, 2, · · ·, n, (5)

Ù¥ci, σi©O�éAäáÝ¼ê�¥%Ú°Ý.

13��¦È�. T�¥z� ²�þküÜ©Ñ
\: éA11Û� ²��ÑÑÚ�A5K���5
|Ü,ÑÑ�üö¦È,=1i� ²�ÑÑ�

hi(ci, σi, s) · (αT
i ξ)=hi(ci, σi, s) · (

[
αi0

αi1

]T

·
[

1
s

]
).

Ù¥: ξ = [1 s]T, αi = [αi0 αi1]T�1i^5K��

�ëê. ¦È��äáÝ�¥ ²��ê�Ó(éA
�
5Kê),�?1O\½íØ(:ö��,ü�¥
� ²�Cz��.

14��ÑÑ¦Ú�,�L«�

unn =
n∑

i=1

αT
i ξhi(ci, σi, s), (6)

Ù¥n�y�Û¹� ²��ê(�
5Kê).

3.3 TS--FNN333���ÆÆÆSSS(TS--FNN learning algorithm)

ÀY)z?n´E,!Ä����L§,äk��
5!�CÚZ6î�A�,(��½� ²�ä�
��JÉ�é��]Ô[13]. Ä�(�`z ²�äU

�â&E?n�I�,¢�N��äÿÀ(�,?
Jp ²�ä5U.Ïd, ²�ä��ì�3�
ÆS?Ö�)�ä(�ÆS(Û�(:ê(½,=�

5Kê)ÚëêÆS(äáÝ¼ê¥%Ú°Ý,±95
K��ëê). (�ÆSæ^O�–?}�{,ëêÆ
Sæ^FÝeü�{.

3.3.1 (((���OOO������{{{(Structure growing algorithm)
|^Û¹� ²�-¹rÝ[12]ÚXÚÑÑØ�

��(�O��äOK.�äáÝ¼ê� ²�ÑÑ
���,¿�X�cÑ\éTÛ�(:�-¹rÝØ

. Ïd,�Ñ\êâéäáÝ�¥¤k ²�-¹
rÝ����E�u,�K��,I�O\Û(:,
O\OK�dª(7)–(8)£ã:

hmax = max
16i6n

(hi(ci, σi, s)), (7)

hmax 6 Gth. (8)

Ó�,3ÀYL§��¥,�XÚÑÑØ���
�,`²�ä�%CUåØv,A�ÄO\Û(:. �
;�É~êâ�5K�,|^wÄIS�²þØ�
(9)���äOK,�÷vª(10)�,O\Û�(:.

error =

t∑
i=t−M+1

errori

M
, (9)

|error| > Eth, (10)

Ù¥: errori = y(i)− yd(i), M�wÄISêâ�ê,
Gth ∈ (0, 1)ÚEth�À½�Ü·K�.

b� t��,O�^�÷v,KO\��Û(:
(5K),Ð©ëê���

cn+1 = s, σn+1 = σ, αn+1 = 0, (11)

Û¹�(:�ê(5Kê)\1,=n(t + 1) = n(t) + 1.

3.3.2 (((���???}}}���{{{(Structure pruning algorithm)
�;�Û¹�(:�êLÝO�,Ó�,·AÀY

L§õó¹^�eN´Ñy(�P{�y�,�O�
ä3�?}�{. JÑ�«Äu5KÃ^Ç�í~�
{. �Og��,l,^5K(b�1j^)m©¦^å,
P¹5K3�äA^¥å��^ÚØ��^�

gê,¿O�y�z^5K�Ã^Ç,©Odª(12)–
(14)L�,�t��÷v^�(15)�,íØT^5K(Û
(:).

Rj(t + 1) =

{
Rj(t) + 1, h(j) < β,

Rj(t), h(j) > β,
(12)

Mj(t + 1) =

{
Mj(t) + 1, h(j) > β,

Mj(t), h(j) < β,
(13)

Rate uselessj =
Rj

Rj + Mj

, (14)

Rate uselessj > Rth, (15)

Ù¥: β ∈ (0, 1)�«©Û(:´Äå��^��
½�, Rth ∈ (0, 1)�íØK�,Ù��A�Äæ�±
Ï¯ú. ��,¤J(�í~�{,O�þ�,·Ü3
���.��y�äÑÑ½,~�íØ(:(5K)é
�ä�K�,é�äëê?1Ö�.b�t��1j�

Û(:÷víØ^�,éÑ�1j� ²�î¼ål
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�C�Û� ²�,P�j j,¿?1XeëêN�

c′j j = cj j, σ
′
j j = σj j, α

′
j j = αj j +

αjhj

hj j

,

(16)

Ù¥: cj j , σj j , αj j´(�N�c ²�j j�ëê,
c′j j , σ′j j , α′

j j´(�N�� ²�j j�ëê.

N¹�Ñ
O~Û(:c�,�äÂñ5ØC�
nØy².

3.3.3 ëëëêêêÆÆÆSSS(Parameter learning)
�¦XÚ¼��¯�Âñ�Ý,�� ²�ä�

�ìëêÆS5U¼ê[12]

J = s
.
s. (17)

dã1¤«,XÚ��þ�) ²�ä��ìÑÑ
ÚÖ���ìÑÑüÜ©,=

u = unn + usc. (18)

òª(18)�\ª(1),¿�Äª(3),XÚ�Ø��§�
L«�

.
s = g(x)(u∗ − unn − usc). (19)

æ^FÝeü�{[2, 12],�í�



∆ci = −ηc

∂J

∂ci

= ηcsα
T
i ξ

(s− ci)
σ2

i

hi,

∆σi = −ησ

∂J

∂σi

= ησsαT
i ξ

(s− ci)2

σ3
i

hi,

∆αi = −ηα

∂J

∂αi

= ηαsξhi.

(20)

-θ = [cT σT αT],Këê��#úª�

θ(t + 1) = θ(t) + ∆θ(t), (21)

Ù¥:

c = [c1 c2 · · · cn]T, σ = [σ1 σ2 · · · σn]T,

α = [α1 α2 · · · αn]T,

ηc ∈ (0, 1), ησ ∈ (0, 1), ηα ∈ (0, 1)©O�¥%!°Ý
Ú��ëê�ÆSÇ.

3.4 ½½½555©©©ÛÛÛ999ÖÖÖ���������ììì���OOO (Stability
analysis and compensation controller design)
 ²�ä��XÚ�O�Ì�?Ö´ ²�ä�

�ì�3�ÆS±9�y��XÚ½. duÀY?
n3���¥, ²�äØ�U"Ø�/%Cn��
�Ç,�3%CØ�

ε = u∗ − unn. (22)

��yXÚ½,�OÖ���ì5Ö�%CØ
�ε. du¢S%CØ�Ø´¼�,|^%CØ��O
�,�OXeÖ���ì:

usc = ε̂ + ks, (23)

Ù¥: ε̂�%CØ��O�, k�ê�����~ê. %
CØ�CzÇ�

˙̂ε = ηεs. (24)

½½½nnn 1 �æ^ª(18)���Ç, ²�ä��ì
ÚÖ���ì©Oæ^ª(6)(23),%CØ�CzÇæ
^ª(24), ²�äëêdFÝeü�{(20)N�,�
±�yDADNNCXÚLyapunov½.

yyy òª(23)–(24)�\ª(19),�

ṡ = g(x)(ε− ε̂− ks) = g(x)(ε̃− ks), (25)

Ù¥ε̃ = ε− ε̂.

À�ûÀoäÊìÅ¼ê

V (t) =
1
2
s2 +

1
2ηε

ε̃2, (26)

Ù¥ηε ∈ (0, 1)� ˙̂ε�ÆSÇ.éª(26)ü>��©

V̇ = s
.
s +

1
ηε

ε̃ ˙̃ε = sg(x)(ε̃− ks) +
1
ηε

ε̃ ˙̃ε =

ε̃(s +
1
ηε

˙̃ε)− ks2 = ε̃(s− 1
ηε

˙̂ε)− ks2. (27)

òª(24)�\ª(27)

V̇ = −ks2 6 0. (28)

dª(28)��V̇ (t)K�½,=V (t) 6 V (0),¿�
Xs(t)Úε̃´k.�. -W (t) ≡ ks2 6−V̇ (t),¿�ü
>È©,��w t

0
W (t)dt 6 V (0)− V (t), (29)

V (0)k., V (t)k.��O�¼ê,Kk

lim
t→∞

w t

0
W (t)dt < ∞. (30)

qduẆ (t)k.,KdBarbalatÚn[14]�, lim
t→∞

W (t)

= 0,L² t →∞�,k s(t) → 0,Ïd,�±�y
DADNNCXÚ½. y..

4 ���ýýý¢¢¢���(Simulations)
4.1 BSM1(Benchmark simulation model No.1)

BSM1[15]´ISY�¬(international water associ-
ation, IWA)JÑ���^uÿÁÀY?nL§��ü
Ñ�IO�.(Xã3¤«). �â¢SÀY?nXÚ�
$1êâ, BSM1©O�Ñ
�!Ò�Ú��3«Uí
�¹e,ëY2±�\YZ6êâ©�,æ�±Ï
15 min. �©À�Ò�Ú��ó¹eêâ?1�ý.
Ò�UíØ
�)c7U��ÐUíêâ	,18U
�11UÑy����m�±Yü�L§;��Uíe
�êâKØ
c7U�ÐUíêâ	,319UÚ
111UO\
�Ndu��Ñy�)\Y6þ�
ÌÝO\y�.Ó�,ü«ó¹eÑ�N
±¥(±�
�±Ê)Ú±"�YþCz�É.ÀY?nL§\Y6
þÌ�Czé�,��Ú��ê����6�.
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ã 3 BSM1ÙÛ«¿ã

Fig. 3 Layout of the BSM1

4.2 MMM)))���ßßßÝÝÝ������999(((JJJ©©©ÛÛÛ(DO concentra-
tion control and result analysis)
Äk,�OM)��lð½�(2 mg/l)¢�. A

^¤JDADNNC�{3Ò�Uíó¹e,é)z³
15©«M)�ßÝ?1��,¿�PID[4], MPC[5]

ÚFMNNC[8]�{?1'�,����{Äu�Ó
��ý�¸. �©�{¥ëê��Xe: ηc =0.01,
ησ = 0.01, ηα = 0.1, ηε = 1.0, k = 1, Gth = 0.6382,
β =0.3218, Eth =0.1, Rth =0.85, σ =0.2, M =20.
dã4�±�*wÑDADNNC�{���°Ý²
wpuPID�{.

ã 4 M)����J

Fig. 4 Do concentration control

L1�Ñ
Ä�g·A ²�ä���{�Ù
¦���{�5Uëêé'.

L 1 ØÓ��ìe5U�Ié'
Table 1 Comparisons of the performance indexs

IAE ISE DEVmax

DADNNC 0.032 3.95× 10−4 0.0606

FNNMC[7] 0.0035* 4.37× 10−4* 0.0912*
PID[4] 0.218* 3.11× 10−3* 0.1623

MPC[5] 0.089* 2.60× 10−3* 0.1254

5µ*L«�©¥®k(J. IAE�ýéÈ©Ø�, ISE�²�È©Ø�,

DEVmax���Ø� �,æ^BSM1¥½Â�5U�I[15]O�.

ÏL5U�Ié',M)�ßÝ3DADNNC�{
e�IAE, ISEÚDEVmax5U²w`uPIDÚMPC

�{,Ù¥, ISE�I~�
��êþ?;�FNNMC
�', ISE�DEVmax�I~�, IAE�Ik¤O�.�
I�`²�´, FNNMC�{I�¯k(½�ä(�,
�©Û� ²��ê�±�â	.�¸CzÄ�

N�,¿�±��°{��ä(�. ã5�Ñ
¤J�
{Û(:�Cz�.ÛÜãÐ«
$1�ÐÛ(:
�Cz�¹.

ã 5 Û(:Cz

Fig. 5 Number variation of the hidden nodes

A^~5 ²�ä(ùp��½(� ²�ä)�
��,Û� ²�(�
5K)�êL�,XÚ��°Ý
�$,��ä(�À�L��,K´ÑyP{y�.
²�ý�y,æ^¤J�{(½�6�Û� ²��
�ä(�,´�y�Ó°ÝcJe�±¼���°{
�ä5�. d	,~5 ²�äÛ� ²��ê�(
½I�ÏLÁn½²���{��,=¦U
���
Ð����J,(½ ²�ê�ó��´¤��,
�du�ä(��½�U��XÚg·AUå��.

�?�Úu�¤J�{�g·AUå,�½M)
�ßÝ31.8 mg / l∼2.3 mg / l��S��Cz,�	
DADNNC�{3��ó¹e�lM)�ßÝ���
5U,¿?1ØÓÐ©Û(:e�DADNNC�Y!�
½Û(:(~5)�Y�PID��'�. PÐ©�ä(
��1–2–1Ú1–9–1�DADNNC�Y©O��YAÚ
�YB,�YC��½(�(1–9–1)TS–FNNg·A�
��Y. 3«�¹e����Jdã6�Ñ.dã6�±
wÑ,�YAÚ�YBü«�¹e,XÚ����J²
w`u�YC,`²(�Ä�N�� ²�ä��ì
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g·AUå`u�½(���ì. du19U\Y6
þÚÀYÔßÝu)�ÌÝCz,Ñy
��Ø�,
� ²�ä��ìÏLÆS,��¯�/¢y
p°
Ý�l��.

ã 6 DO�½�Cz�����

Fig. 6 Tacking curves of variable DO set-values

L2�Ñ�YA!�YB!�YC�PID��e�ä
N5U�I.

L 2 ØÓ���{e5U�Ié'
Table 2 Performance comparisons under

different controllers

IAE ISE DEVmax

�YA 0.04981 0.00295 0.1635

�YB 0.04731 0.00294 0.1636

PID 0.13426 0.00646 0.1971

�YC 0.08973 0.00495 0.1805

ÏL5U�I'�uy,ØÓÐ©Û(:�ê
eDADNNC�IAE, ISE, DEVmax5U�I��,
�½(�(�YC)�¹e�3�5U�I²wC�,
IAEÚISEê��´DADNNC�{�2�. duPID�
�vkg·AN!Uå,5U�IIAE(0.13426)Ú
ISE(0.00646)�Øn�.�ý¢�L², DADNNCÏ
L(��Ä�N��±·AÚ?nÀY)zXÚE

,�$1�¸,�,3ØÓÐ©Û(:�ê��e,
þU¼��Ð���5U,äk�r�(�Úëêg
·AUå. À½Ð©9�Û(:��ä(����
YB,Ì�Äuìèkc�ïÄ¤J��ë�[6, 8]. �
l{z¯KÚ;�ýk(½�ä(��Ý�Ä,À�
��Û(:��Ð©(�K��{B.

ã7�Ñ
ÀYL§��¥,Ð©2�Û(:(�
YA)ÚÐ©9�Û(:(�YB)ü«�Y¥Û�(:
�ê(éA�
5Kê)Cz. dã7��,�X	Ü�
¸Cz, ²�ä��ì�Û�(:�ê(�
5K
ê)Ä�N�,±·AØÓó¹. ÛÜãÐ«
$1�
ÐÛ(:�Cz�¹.

ã8�Ñ
�YA�¹e,M)�ßÝ��þ(�í
=�XêKLa5)�Cz�.lã8�±wÑ,���

�L§¥��þCz²,XÚvkÏ��ä(�N
�Úå��þ��Cz. Ä�N��¼���
5K,
ÙéA�äá¼ê¥%!°Ý±95K��ëê�±

ÏLif-then5K£ã. �YA�¹e�ª���7^
5K3��L§¥åØ�Ú��^�gê�

[1, 16, 37, 461, 167, 0, 0],

[1342, 1325, 1303, 877, 311, 477, 476],

Ã^Ç�I©O�[0.0007, 0.0119, 0.0276, 0.3445,

0.3494, 0, 0].3¢S)Ô ²�ä¥, ²�¿Øo
´?u¹�G�,��Ø¹�� ²��ªò¬P�,
Ïd,ÄuÃ^Ç�í~Å�äk�½�)ÔÆÄ:.

ã 7 Û(:�êCz

Fig. 7 Number variation of the hidden nodes

ã 8 ��þCz

Fig. 8 Curve of the manipulated variable

5 (((ØØØ(Conclusions)
©ÛÀY?nL§M)�ßÝ���3�J:¯

K,JÑ�«ØI�°(ïáL§�.�M)�ßÝ
��g·AÄ� ²�ä���{(DADNNC).�Ñ
�Ì�(ØXe: 1)�O
(�Úëê�±3�ÆS
�g|� ²�ä��ì. JÑ�«Äu5KÃ^Ç
�I�(�í~�{,O�þ�,·Ü3���.�'
2�æ^�Äu�c��æ�&E?1í~��

{[2, 15],nØþäk�Ð�½5. �,l¢�5�
Ý,�Uá�í~/P{0(:,��Ð/�y
XÚ
½5Úü$/Øí0�Û(:(5K)��U5.
2)��yXÚ½,�OÖ���ì,¿�Ä
O~
(:��ëêÖ�¯K,�Ñ
(�N���äÂñ
�nØy². 3)ÄuISÄO�ý�.BSM1,A^
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¤J�{?1M)�ßÝ��l¢�,¼�
-<÷
¿���5U.�yk�'���{'�,3��°
ÝÚg·AUå�¡äk`�5.

d	,¤J�{��a��5ú�C!�.J±ï
á�õó¹E,XÚ��l��¯KJø
�«#

�)ûg´.

ëëë���©©©zzz(References):

[1] Ü²,�²ó,�÷.ÄuISµdÄO�M)����{ïÄ [J].
&E���, 2007, 36(2): 199 – 203.
(ZHANG Ping, YUAN Mingzhe, WANG Hong. Study on dissolved
oxygen control method based on international evaluation bench-
mark [J]. Information and Control, 2007, 36(2): 199 – 203.)

[2] HAN H G, QIAO J F. Adaptive dissolved oxygen control based on
dynamic structure neural network [J]. Applied Soft Computing, 2011,
11(4): 3812 – 3820.

[3] CARLSSON B, REHNSTRM A. Control of an activated sludge pro-
cess with nitrogen removal — a benchmark study [J]. Water Science
and Technology, 2002, 45(4/5): 135 – 142.

[4] AYESA E, SOTA A, GRAU P, et al. Supervisory control strategies for
the new WWTP of Galindo-Bilbao: the long run from the conceptual
design to the full-scale experimental validation [J]. Water Science and
Technology, 2006, 53(4): 193 – 201.

[5] HOLENDA B, DOMOKOS E. Dissolved oxygen control of the ac-
tivated sludge wastewater treatment process using model predictive
control [J]. Computers and Chemical Engineering, 2008, 32(6): 1270
– 1278.

[6] HAN H G, QIAO J F, CHEN Q L. Model predictive control of dis-
solved oxygen concentration based on a self-organizing RBF neural
network [J]. Control Engineering Practice, 2012, 20(4): 465 – 476.

[7] TRAORE A, GRIEU S, PUIG S, et al. Fuzzy control of dissolved
oxygen in a sequencing batch reactor pilot plant [J]. Chemical Engi-
neering Journal, 2005, 111(1): 13 – 19.

[8] ¸2,zd�,�HS.M)�ßÝ�c" ²�äï����
{ [J].��nØ�A^, 2013, 30(5): 585 – 591.
(HAN Guang, QIAO Junfei, BO Yingchun. Research on feedforward
neural network modeling and controlling method for dissolved oxy-
gen concentration [J]. Control Theory & Applications, 2013, 30(5):
585 – 591.)

[9] �HS,zd�.éuªÄ�5y3ÀY?nL§��¥�A^ [J].
��nØ�A^, 2013, 30(7): 828 – 833.
(BO Yingchun, QIAO Junfei. Application of heuristic dynamic pro-
gramming to wastewater treatment process control [J]. Control The-
ory & Applications, 2013, 30(7): 828 – 833.)

[10] BELCHIOR C A C, ARAUJO R A M, LANDECK J A C. Dissolved
oxygen control of the activated sludge wastewater treatment process
using stable adaptive fuzzy control [J]. Computers & Chemical Engi-
neering, 2012, 37(2): 152 – 162.

[11] SLOTINE J J E, LI W. Applied Nonlinear Control [M]. Englewood
Cliffs, NJ: Prentice-Hall, 1991: 207 – 246.

[12] HSU C F, LIN C M, YEH R G. Supervisory adaptive dynamic RBF-
based neural-fuzzy control system design for unknown nonlinear sys-
tems [J]. Applied Soft Computing, 2013, 13(4): 1620 – 1626.

[13] ¸ù?,þÆ,,zd�.Ä�(�`z ²�ä9Ù3M)���
¥�A^ [J].&E���, 2010, 39(3): 354 – 360.
(HAN Honggui, ZHEN Boran, QIAO Junfei. Dynamic structure op-
timization neural network and its applications to dissolved oxygenic
(DO) control [J]. Information and Control, 2010, 39(3): 354 – 360.)

[14] SASTRY S, BODSON M. Adaptive Control: Stability, Convergence
and Robustness [M]. Englewood Cliffs, NJ: Prentice Hall, 2011: 17
– 25.

[15] ALEX J, BETEAU J F, COPP J B, et al. The COST Simulation Bench-
mark Description and Simulator Manual [M]. Luxembourg: Office
for Publications of the European Community, 2002.

[16] MAN Z, WU H R, LIU S, et al. A new adaptive backpropagation al-
gorithm based on Lyapunov stability theory for neural networks [J].
IEEE Transactions on Neural Networks, 2006, 17(6): 1580 – 1591.

NNN¹¹¹    ²²²���äääÂÂÂñññ555©©©ÛÛÛ(Appendix Con-
vergence analysis of the neural network)
 ²�äÂñ5©Û©��ä(�N�(O�Úí~)�

ãÚ�ä(�ØC�ã,±e©O?1?Ø.
A1 ���äää(((���OOO���(Structure growing phase)
b�1t�æ���,�ä÷vO�^�.O�O�c�,

 ²�ä�ÑÑØ�Cz.

εn+1(t) = unn − u∗ =
n+1P
i=1

αT
i ξhi − u∗ =

nP
i=1

αT
i ξhi − u∗ + αT

n+1ξhn+1. (31)

�\ëê��úª(11),��

εn+1(t) =
nP

i=1
αT

i ξhi − u∗ = εn(t). (32)

ùL²O�(:,æ^ª(11)�ëê��úª�UC�ä�
Âñ5.

A2 ���äää(((���ííí~~~(Structure pruning phase)
b�1t�æ���,1j� ²�÷víØ^�.�	í

ØT ²�c�, ²�ä�ÑÑØ�Cz.

εn−1 = unn − u∗ =
n−1P
i=1

αT
i ξhi − u∗ =

nP
i=1

αT
i ξhi − u∗ −αT

j ξhj =

nP
i=1,i 6=j j

αT
i ξhi − u∗ −αT

j ξhj + α
′T
j jξhj j . (33)

�\ëêN�ª(16),��

εn+1(t) =
nP

i=1,i6=j j
αT

i ξhi − u∗ + αT
j jξhj j =

nP
i=1

αT
i ξhi − u∗ = εn(t). (34)

L²íØ(:,æ^ª(16)?1ëêÖ�,vkÚå�äÑÑ
Ø�UC,=�UC�ä�Âñ5.

A3 ���äää(((���ØØØCCC���ããã (Structure non-changing phase)
 ²�ä(�ØC�ã,ÙëêÆSæ^FÝeü�{

N�,©[16]®²�Ñ
����äÂñ5y².

nÜþã, ²�äæ^¤JO~(:�{?1ëêN

�,�±�y�ä(�ØCÚN��ã�Âñ5.
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