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Appl ica tion of Back Propagation Artif ic ia l Neura l Networks
on D ynam ic Com pen sation of M easurem en t System s

Ξ T IAN She2p ing, W E I Hong2yu, W AN G Zh i2w u, YAN Guo2zheng
(D ep t. of Info rm ation M easurem ent T echno logy and Instrum ents, Shanghai J iao tong U niversity, Shanghai 200030, Ch ina)

Abstract:　N on linear dynam ic compen sat ion of m easu rem en t system s is an impo rtan t aspect in the field

of in st rum en t techn ique. T he back p ropagat ion (BP) neu ra l netw o rk is p ropo sed fo r non linear dynam ic

compen sat ion of m easu rem en t system s, as its arch itectu re is determ ined on ly by the num ber of nodes in

the inpu t, h idden and ou tpu t layers. W ith the non linear m app ing behavio r, the BP neu ra l netw o rk can

catch up w ith the dynam ic respon se of the system. A recu rsive p redict ion erro r a lgo rithm w h ich

converges fast is app lied to tra in the BP neu ra l netw o rk. Experim en ta l resu lts show that the

perfo rm ance of the BP neu ra l netw o rk model confo rm s to the m easu rem en t system to be compen sated,

p roving the m ethod is no t on ly effect ive bu t of h igh p recision.
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B P 神经网络在测试系统动态补偿中的应用
田社平, 韦红雨, 王志武, 颜国正

(上海交通大学 信息检测技术与仪器系,上海 200030)

摘　要:　测试系统的非线性动态补偿是仪器技术的一个重要方面. 采用BP 神经网络对测试系统进行动态

补偿. BP 神经网络的结果决定于网络输入、隐层和输出节点. 由于其非线性映射特性, BP 神经网络完全能

够反映测试系统的动态响应特性. 采用了收敛速度较快的递推预报误差算法训练神经网络. 试验结果表明,

BP 神经网络的特性完全能够满足测试系统的动态补偿要求, 表明本文的方法是有效的.
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W hen the m easu rand varies w ith t im e, the rela t ion sh ip betw een the inpu t and ou tpu t of a

m easu rem en t system also show s dynam ic p ropert ies. Ideal dynam ic perfo rm ance of a m easu rem en t

system m eets the non2disto rt ion dem and, that is[1 ]

y ( t) = kx ( t - Σ0) , (1)

w here: x ( t) , y ( t) is the inpu t and ou tpu t of the m easu rem en t system respect ively; k is the m easu rem en t

system gain, con stan t; Σ0 is the t im e2delay, con stan t.

To find a non2disto rted m easu rem en t system in a p ract ica l circum stance is very diff icu lt. Fo r a

con siderab ly good one, its amp litude2frequency perfo rm ance is f la t, nam ely k keep s stab le on ly w ith in a

lim ited frequency scope, o therw ise it w ill decline. A s to the phase frequency perfo rm ance, the linear

scope even narrow er than the bandpass. So , the dynam ic erro r is inevitab le in p ract ica l m easu rem en t.

In addit ion, to avo id the comp lex ity b rough t ou t by non linear modeling of m easu rem en t system ,

the tran sfer p ropert ies of the m easu rem en t system are alw ays expected to be linear, steady and non2t im e
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varying. Bu t in p ract ica l cases, th is ideal system doesn’t ex ist. T herefo re, m eet ing certa in p recision,

m easu rem en t system is regarded as linear and non2t im e varying system and resu lt ing in the dynam ic

m easu rem en t erro rs.

N eu ra l netw o rk s, as genera l too ls fo r imp lem en t ing non linear m app ing betw een inpu ts and

ou tpu ts, can p lay an impo rtan t ro le in m easu rem en t system s[2 ]. M any researches have p resen ted

successfu l resu lts on modeling m easu rem en ts o r sen so rs[3～ 5 ]. L it t le has been done on co rrect ing

dynam ical erro rs of m easu rem en t system s by neu ra l netw o rk s. A rpaia et a l have p ropo sed an art if icia l

neu ra l netw o rk2based so lu t ion fo r the compen sat ion of d ifferen t ia l act ive tran sducers sub ject to severa l

erro r sou rces, bu t tw o sen so rs shou ld be u sed in the co rrect ing structu re [6 ].

To elim inate o r reduce dynam ic erro rs of a m easu rem en t system , it is necessary to model the

system based on its actual p ropert ies and compen sate it dynam ically. A rt if icia l neu ra l netw o rk s are

app lied in modeling of m easu rem en t system. A n inverse art if icia l netw o rk model is u sed to dynam ically

compen sate the m easu rem en t erro rs. Experim en t resu lts show that the m easu rem en t system after

dynam ic compen sat ion m eets non2disto rt ion dem and and po ssesses ideal p ropert ies.

1 　D ynam ic Com pen sa tion of M easurem en t System Based on Artif ic ia l

Neura l Networks
A discrete t im e non linear system can be rep resen ted by NA RM A X (N on linear A u toR egressive

M oving A verage models w ith eXogeneou s inpu ts ) [7 ]. T h is model describes the non linear p rocess,

depending on the fact tha t the ou tpu t a t a certa in t im e is a non linear funct ion of the inpu t, the ou tpu t

and the lag. A m easu rem en t system model can be rep resen ted as the NA RM A X model below.

y ( t + 1) = f (y ( t) ,⋯, y ( t - n + 1) , x ( t) ,⋯, x ( t - m + 1) ) , (2)

w here: y ( t) , x ( t) is the ou tpu t and the inpu t of the system respect ively; n ,m is the m ax im um lag of the

ou tpu t and the inpu t; f (. ) is a non linear funct ion.

T h is type of non linearity in Eq. (2) is too comp lex to be rep resen ted by a un ifo rm model. A s

show n in fig. 1, if the inpu t of the m easu rem en t system is x ( t) , dynam ic m easu rem en t erro r w ill ex ist

betw een y ( t) and x ( t). To compen sate fo r the dynam ic erro rs, it can be deduced from equat ion (2) as

x ( t) = g (y ( t + 1) ,⋯, y ( t - n + 1) , x ( t - 1) ,⋯, x ( t - m + 1) ) , (3)

w here: g (. ) is som e k ind of non linear funct ion w h ich is relevan t to f (. )

F ig. 1　M esaurem ent system model

图 1　测试系统模型

F ig. 2　M esaurem ent system after dynam ic compensatipn

图 2　动态补偿后的测试系统

L ink the system w h ich is rep resen ted by equat ion (3) to the m easu rem en t system and realize the

dynam ic compen sat ion, as show n in fig. 2. It is obviou s that the inpu t and ou tpu t rela t ion sh ip of the

m easu rem en t system after compen sat ion is
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y′( t) = x ( t - 1) , (4)

w here: y′( t) is the ou tpu t of the m easu rem en t system after compen sat ion.

Comparing Eq. (4) w ith Eq. (1) , w e can conclude that if g (. ) is know n, the m easu rem en t system

after dynam ic compen sat ion m eets non2disto rt ion dem and and po ssesses ideal inpu t and ou tpu t

p ropert ies.

To compen sate dynam ic erro rs of m easu rem en t system , it is necessary to u se som e k ind of model

to app roach g (. ). Fo rtunately, the em ergence of neu ra l netw o rk s p rovides a sa t isfacto ry so lu t ion to

model fo r th is type of comp lex system. It has been p roven that any con t inuou s funct ion in a clo sed

in terval can be app roached by one h idden layer BP netw o rk model. T herefo re, a th ree layer BP netw o rk

model is competen t fo r m app ing an arb it rary funct ion from one m u lt i2dim en sion space to ano ther m u lt i2
dim en sion space freely.

F ig. 3 p resen ts the p rincip les of dynam ic compen sat ion of m easu rem en t system based on art if icia l

neu ra l netw o rk s. N f is u sed to app roach the p ropert ies of the m easu rem en t system w h ile N g is u sed to

compen sate the dynam ic p ropert ies of the m easu rem en t system. A s the inpu t of N g is the ou tpu t of the

m easu rem en t system , and the ou tpu t of the m easu rem en t system is up to its inpu t and can’t be cho sen

random ly, the inpu t signal of N g can’t be cho sen random ly w hen N g is being tra ined. In p ract ica l

app lica t ion, N f is u sed to tra in N g. A s N f is a m athem atica l model, any tra in ing signal can be cho sen

w hen N f is u sed to tra in N g. T hen app rop ria te N g model can be ob ta ined.

F ig. 4 illu st ra tes the st ructu re of a neu ra l netw o rk w ith single h idden layer, w h ich describes the

non linear system w ith single inpu t and ou tpu t [7, 8 ]. T he model st ructu re of N g can be rep resen ted by the

equat ion below

y
δ = ∑

n1

j = 1
w 2

j x
1
f j ( t) = ∑

n1

j = 1
w 2

j g ∑
n0

k= 1
w 1

jkx f k ( t) + b1
j , (5)

w here: yδ is ou tpu t of the neu ra l netw o rk; x
1
f j ,w

2
j ( j = 1, 2,⋯, n1) is ou tpu ts of the h idden layer neu ron s

and the w eigh ts fo r connect ion betw een neu ron s in h idden layer and ou tpu t layer respect ivelyl; w
1
jk , b

1
j ( j

= 1, 2,⋯, n; k = 1, 2,⋯, n0) is w eigh ts fo r connect ion betw een the ou tpu t of the k th neu ron s and the jth

neu ron s in the h idden layer and th resho ld values of neu ron s in h idden layer respect ively; x f k (k= 1, 2,⋯,

n0) is inpu ts of the neu ra l netw o rk N g.

F ig. 3　D ynam ic compensation of m easurem en t system by neural netwo rk s

图 3　基于神经网络的测试系统动态补偿

F ig. 4　A neural netwo rk w ith one h idden layer

图 4　单隐层神经网络

A s fo r neu ron s in h idden layer, the excita t ion funct ion is defined as

g (z ) = 1ö[ 1 + exp (- z ) ]. (6)

　　Sim ilarly, T he exp ression of N g is

y
δ′( t) = ∑

nζ1

j= 1
w
�2

j x
1
g j ( t) = ∑

nζ1

j= 1
w
�2

j g ∑
nζ0

k= 1
w
�1

j kx gk ( t) + bυ1
j , (7)
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w here: w
�2

j , w
�1

jk , bυ1
j is the w eigh t and th resho ld of N g , respect ively; nζ0, nζ1 is the num ber of the inpu t

nodes and h idden nodes of N g , respect ively.

In o rder to model the system u sing neu ra l netw o rk s, it is necessary to tra in the neu ra l netw o rk

model and assign app rop ria te values to w eigh ts and th resho lds. T h is paper adop ts the recu rsive

p redict ion erro r (R PE) algo rithm to tra in the neu ra l netw o rk [9 ]. Compared w ith BP algo rithm , the R PE

algo rithm has such characterist ics as simp le st ructu re, h igh convergence speed and avo id ing being

trapped in the cho ice of learn ing ra te and inert ia facto rs.

F irst, define the p redict ion erro r as

Ε( t, Η) = x ( t - 1) - y′( t, Η) , (8)

w here: x ( t - 1) , y′( t, Η) is delayed inpu t of m easu rem en t system and ou tpu t of the neu ra l netw o rk

model respect ively; Ηis vecto r of w eigh ts and th resho lds.

A fter N data have been reco rded, a criterion funct ion can be exp ressed by the fo llow ing sum of

squared p redict ion erro rs

J (Η) =
1

2N∑
N

i= 1
ΕT ( t, Η) Ε( t, Η). (9)

T he unknow n vecto r Ηare updated along the Gau ss2N ew ton search direct ion of J (Η) to m ake

J→m in. T he basic equat ion is

Η( t) = Η( t - 1) + s ( t) Λ(Η( t - 1) ) , (10)

w here: s ( t) is step size; Λ(Η) is gau ss2N ew ton search direct ion.

Λ(Η) = - [H (Η) ]- 1¨ J (Η) , (11)

w here the gradien t of J (Η) tow ards Η is deno ted as J (Η) , H (Η) is the second o rder derivat ive of J (Η) ,

nam ely the H essian m atrix of J (Η).

It can be easily derived ou t that

¨ J (Η) =
5J (Η)

5Η = -
1

N ∑
N

t= 1
7 ( t, Η) Ε( t, Η) , (12)

7 ( t, Η) =
dy′( t, Η)

dΗ

T

. (13)

T he R PE algo rithm fo r t ra in ing N g is described by fo llow ing equat ion s[3, 4 ]

Ε( t) = x ( t - 1) - y′( t) , (14a)

p ( t) =
1

Κ( t)
p ( t - 1) - p ( t - 1) 7 ( t) [Κ( t) I + 7 T ( t) p ( t - 1) 7 ( t) ]- 17 T ( t) p ( t - 1) , (14b)

Η( t) = Η( t - 1) + p ( t) 7 ( t) Ε( t) , (14c)

w here: Η( t) is vecto r est im at ion of the w eigh ts and th resho lds of N g w hen the t im e is a t t.

p ( t) is ca lled the m iddle m atrix, rep resen t ing the covariance m atrix of param eters w hen t→∞,

w ho se in it ia l va lue p (0) is u sually cho sen from the range of 104
I to 105

I , w here I is the iden t ity m atrix.

Κ( t) is ca lled the fo rget t ing facto r. It is desirab le to set Κ( t) < 1 at the in it ia l stage so that rap id

adap ta t ion takes p lace and then to let Κ( t ) → 1 as t→∞. Fo llow ing equat ion can m eet the above

requ irem en ts

Κ( t) = Κ0Κ( t - 1) + (1 - Κ0). (15)

　　T he R PE algo rithm fo r t ra in ing N f are sim ilar to Eq. s (14).

2　Exper im en t Results

F rom the analysis above, the p rocess of app lying art if icia l neu ra l netw o rk s to dynam ic

compen sat ion of a m easu rem en t system can be summ arized as fo llow s. ① Based on the p ropert ies of

m easu rem en t system , determ ine the num ber of inpu t nodes and h idden nodes of N f and N g. A nd
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determ ine relevan t in it ia l va lues. ② A cqu ire relevan t experim en ta l data, app ly R PE algo rithm to tra in

the model N f. ③ Choo se app rop ria te t ra in ing signal and inpu t it in to N f. A pp ly the ou tpu t of N f as the

inpu t of N g. E rro r signals can be ob ta ined by the comparison of the ou tpu t of N g and tra in ing signal.

A pp ly Eq. s ( 14 ) in tra in ing N g. ④ L ink N g to the m easu rem en t system to realize its dynam ic

compen sat ion.

Fo r examp le, compen sate the m easu rem en t system below.

y ( t + 1) =
0. 8

1 + exp [ - 0. 5x ( t) - 0. 6y ( t) - 0. 9 ]
.

　　D eterm ine the st ructu re of the model N f and N g by set t ing n0 = 2, n1 = 1 and nζ0 = 2, nζ1 = 5,

respect ively.

Set Η= [Η1, Η2,⋯, Η20 ]T = [w�1
11,w�1

12,⋯,w�2
5 ]T , then

7 =
dy

δ′

dΗ =

x 1
gk if Ηi = w�2

k , 1 Φ k Φ 5

x 1
gk (1 - x 1

gk )w�2
k if Ηi = bυ1

k , 1 Φ k Φ 5

x 1
gk (1 - x 1

gk )w�2
k x gm if Ηi = w�1

km , 1 Φ k Φ 5, 1 Φ m Φ 2

　.

P seudo random b inary sequences (PRBS) w ho se amp litude is ±1 and length is 64 is u t ilized to

tra in N f fo r 800 itera t ion s. In o rder to ob ta in co rrect model, PRBS w ho se amp litude is ±0. 1, ±0. 2,

⋯, ±1 and and length is 64 is u t ilized to tra in N g fo r 3 200 itera t ion s. T ab le 1 p resen ts the w eigh ts and

th resho lds of N g. L ink N g to the m easu rem en t system to realize dynam ic compen sat ion. F ig. 5 show s the

experim en t resu lts, w ho se inpu t signal is

x ( t) = sin (Πtö32) + sin (Πtö16) + e ( t).

w here: e ( t) is irrevelan t no ise w ith m ean value of 0 and standard variance of 0. 05.
Tab. 1　W eigh ts and th resho lds of the model N g

表 1　模型 N g的权值和阈值

w� 1
11 w�1

12 bυ1
1 w�1

21 w�1
22 bυ2

1 w�1
31 w�1

32 bυ3
1 w�1

41

27. 374692 1. 243797 2. 762024 217. 709556 0. 339096 13. 274070 211. 992602 24. 498916 9. 083950 4. 471686

w�1
42 bυ4

1 w�1
51 w�1

52 bυ5
1 w�2

1 w�2
2 w�2

3 w�2
4 w�2

5

20. 826207 22. 607716 4. 149208 20. 243093 21. 275178 22. 202395 24. 253382 20. 056839 1. 941558 4. 803375

In fig. 5 , x ( t) is show n by cu rve 1. Cu rve 2 rep resen ts the ou tpu ts w ithou t compen sat ion w h ile

cu rve 3 show s the ou tpu ts after compen sat ion. It is obviou s that the m easu rem en t system after

compen sat ion m eets the non2disto rt ion dem and and po ssesses very good p ropert ies.

F ig. 5　D ynam ic compensation resu lts

图 5　动态补偿结果

F ig. 6　D ynam ic compensation of m echan ical senso r

图 6　力传感器的动态补偿

F ig. 6 gives the compen sat ion resu lts of a m echan ica l sen so r w h ich can be regarded as a

m easu rem en t system. Cu rve one rep resen ts the step respon se. T he model of the sen so r is draw n by

m ean s of system iden t if ica t ion. W hen the o rder of the model is set seven, the resu lt is sa t isfacto ry.
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Becau se of the h igh o rder, it’s no t easy to realize dynam ic compen sat ion of the system. In o rder to

compen sate the sen so r, determ ine the st ructu re of the model N f and N g by set t ing n0= 14, n1= 20 and

nζ0= 14, nζ1= 20, respect ively. Cu rve 2 in fig. 5 illu st ra tes the compen sat ion resu lt. T he steady sta te t im e

after compen sat ion becom es less than 5 m s. It show s that the dynam ic perfo rm ance has been imp roved

great ly.

It is a common p rob lem to choo se su itab le st ructu re of the neu ra l netw o rk s. A feasib le w ay is to

select d ifferen t nodes of inpu t and h idden layers. A op t im al netw o rk can be acqu ired by comparing the

perfo rm ances of d ifferen t neu ra l netw o rk s.

3　Concusion s

① T h is paper d iscu sses app lica t ion of art if icia l neu ra l netw o rk s in dynam ic compen sat ion of

m easu rem en t system. F rom the experim en ta l resu lts, w e learn that the perfo rm ance of m easu rem en t

system after compen sat ion m eets the non2disto rt ion dem and, p roving the m ethod is effect ive. ② Based

on the analysis above, the model N g undertakes the funct ion of reversib le m app ing of the m easu rem en t

system. T herefo re, in o rder to get reliab le N g , the m easu rem en t system is requested to be reversib le.

T h is paper doesn’t d iscu ss the reversib ility of non linear system s. R eaders w ho are in terested in it can

refer to reference [10, 11 ]. ③ T he genera liza t ion of neu ra l netw o rk model shou ld be con sidered in the

tra in ing of the model N g. In o rder to secu re the dynam ic p ropert ies of the m easu rem en t system to be

compen sated co rrect ly, the tra in ing data m u st be rep resen ta t ive. In fact, w hen the model N g is being

tra ined, on ly u sing PRBS (p seudo random b inary sequences) w ith single amp litude u sually resu lts in

w rong resu lts. ④ It is assum ed that the st ructu re of m easu rem en t system (such as the o rder values m ,

n ) is know n. If the values m , n are unknow n, it is necessary to app ly differen t values of m and n in

modeling the m easu rem en t system , and choo se the values of m and n w ith rela t ively h igh p recision. ⑤

Increasing the num ber of nodes in the h idden layer is a lso help fu l to imp rove the p recision of dynam ic

compen sat ion, bu t w ill be at the co st of t ra in ing t im e.

References:

[1 ]　Doebelin E O. M easurem ent system s: app licat ion and design [M ]. N ew Yo rk: M cGraw 2H ill, 1975. 35- 37.

[2 ]　Gabo r Ho rvath. N eural N etw o rk s from the Perspective of M easurem ent System s[J ]. IM TC on Instrum entat ion and

M easurem ent, 2003, (10) : 1102- 1107.

[ 3 ]　BerCnyi P, Ho rvlth G, Patak i B , et a l. Strausz, H ybrid2N eural M odeling of a Comp lex Industria l P rocess [A ].

P roc. of the IEEE Instrum entat ion and M easurem ent T echno logy Conference[C ]. 2001, (111) : 1424- 1429.

[4 ]　D aponte P, Grim aldi D. A rtificia l neural netw o rk s in M easurem ent [J ]. M easurem ent, 1998, (23) : 93- 115.

[ 5 ]　Papoo lasingam S, R eeves C R , Steele N C. A pp licat ion of neural netw o rk s fo r senso r perfo rm ance imp rovem ent [A ].

P roc. IEEE W o rk shop on N eural N etw o rk fo r Signal P rocessing [C ]. 1994. 633- 640.

[6 ]　Pasquale A rpaia, Pasquale D aponte, Dom enico Grim aldi, et a l. ANN 2Based E rro r R eduction fo r Experim entally

M odeled Senso rs[J ]. IEEE T rans. on Instrum entat ion and M easurem ent, 2002, 51 (1) : 23- 30.

[7 ]　B illings S A , Jam aluddin H B. A comparison of the back p ropagation and recursive p redict ion erro r algo rithm fo r

tra in ing neural netw o rk s[J ]. M ech. Sys. and Signal P rocessing, 1991, 5 (3) : 233- 255.

[ 8 ]　N arendra K S, Parthasarathy K. Iden tificat ion and con tro l of dynam ical system s using neural netw o rk s[J ]. IEEE

T rans. N eural N etw o rk s, 1990, 1 (1) : 4- 27.

[9 ]　L jiung Lm Soderstrom T. T heo ry and P ractice of R ecursive Iden tificat ion [M ]. L ondon: T he M IT P ress, 1983.

[10 ]　李春文, 冯元琨. 多变量非线性控制的逆系统方法[M ]. 北京: 清华大学出版社, 1991.

[11 ]　T sin ias J , Kaloup tsidis N. Invert ib ility of non linear analytic single inpu t system [J ]. IEEE T rans. A uto. Contro l,

1983, 28 (9) : 273- 277.

854 测 试 技 术 学 报 2005年第 4期


