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Corrosion Prediction of Carbon Sed in
Concentrated L ithium Bromide Solutions at
High Temperature Using BP Neural Network

HUANG Nai-bao, LIANG Chenghao *
('School of Chemical Engineering, Dalian U niversity of Technology, Dalian 116012, China)

Abstract :Neutra network model has been developed for the computation of corroson
rate of carbon sted in LiBr solutions. The resultsindicate that the mode iscgable of re-
producing the effectsof changesin akalinity ,temperatures,LiBr and NaaMoO, concen-
trationson the ratesof general corrson and good agreement between calculated and ex-
perimenta corroson rate isobtained. The model can be used to satisactorily predict the
corroson rate of carbon sted in different concentrationsof LiBr slutions containing dif-
ferent inhibitors at different temperatures. It al provides a novel method for corroson
monitoring of metals used in LiBr absorption chiller.
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1 Introduction

Because of a growing concern to environment welfare,Lithium bromide absorption chiller ,
which uses concentrated lithium bromide as the absrption fluid and water as the refrigerant ,is
gradualy substituted for ref rigerator making use of fluorohydrocarbon as refrigerant and gpplied in
the whole world owing to their high hydration heat ,high slubility of slid phase ,appropriate vis
costy and good therma sability. However lithium bromide solution is very corrosve toward the
structura materials,generdly carbon sted ,used for the solution containment partsin the machine.
In industry ,the most effective and economic method is to add different inhibitors to the system,
such asLiOH ,LizM00Q4 ,Li>CrO4 ,NazM0O4 ,LiNO3; ,PMA/ Sb ,etc. Corroson protection proper-
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tiesof these inhibitors have been reported in the literature by severd authors* °!. Inour previous
paper ,the corrodon behavior of carbon steds and stainless stedl's have been studied in different
LiBr solutions ,which contain different concentrationsof LiOH and NaaMoQO, at different tempera
tures under static conditions through weight-loss tests and electrochemica measurements® 1.

In these days,neura network is a rapidly growing field of artificia inteligence and has been
found many applicationsin the modeling of nonlinear systems because of its characteristic of gp-
proximating any nonlinear continuous arbitrarily well on a compact set. The most widely used
neural network is back propagation (BP) network ,which accountsfor most neura network gopli-
cations for its smplicity and its power to extract usgful information from sanples’® . BP neural
network has al been applied to the study of corrosion behavior!® *2 such as forecasting corro-
gon forms ,corrosveness ,service life of equipment ,etc.

A literature research shows no works describing the effect of factors such as temperature,
concentrationsof LiBr and inhibitors pH etc on corroson rate of carbon sted in lithium bromide
aboorption chiller by usng neura network. This paper is a continuation of the previous work.
Jecifically ,the study isexpanded to develop the model of corroson rate of carbon stedl relating to
LiBr concentrations ,inhibitor concentrations and temperatures usng BP neurd network based on
these data we have obtained.

2 Experimental

Rectangular sheet specimen (30mm x 20mm x 2mm) was used for corroson loss measure-
ment and its chemica composgtion is shown in Tab. 1. The gecimens were ground with 1000-grit
SC paper ,rinsed with deionized water ,and finaly degreased with acetone. Test slutions were
prepared from a reagent grade LiBr and deionized water. Two gpecimens and 90cm? of the test so-
lution in a polytetrafluoroethylene (PTFE) cylinder bush (50mm inner diameter ,65mm length) ,
which was tranderred into a stainless sted autoclave ,and the lution was deoxygenated for 1
hour with nitrogen. The autoclave was then held at predetermined temperature for 200 hoursin a
thermostat (Kosumosu A T-S13) . The corroson rate was determined from the weight changes of
the gpecimen ater the gpecimen was cleaned by 3 mol/ L HC1 containing 1 % hexa methylenetera
mineat 50 for 5min. The results have been previoudy reported!® 8!

Tab.1 Chemical compostion of the carbon sted/ %

C g Mn P S Fe

0.12 0.01 0.35 0.02 0.02 Ba

3 BPnetwork algorithm

3.1 Principle of BP network algorithm
BP neural network is badcaly a gradient decent agorithm desgned to minimize the error
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function in the weights ace. A typica
threelayer BP neura network is shown
in Fig. 1. Commonly used activation func
tion is the Sgmoid function. During
training of the neural network ,weights
and threshold values are adjusted to de
creasxe the tota error ,which is defined by
the following equation ,2 as to make the
calculated output data as close to the giv-
en output data as posdble.

_ 4 2
Where P indexesthe patternsin the training set , K indexes the output units, T isthe actud
value of output layer , Y isthe caculated value of output layer.

Fg.1 Sructure diagram of athreelayer BP neurad network

Based on the input of the input layer ,modification formulas of weights can be obtained by
adopting gradient descent methods.
AVic=-N(0E 0Vj) =N-0 by
AW;;=-n(0E/ 0Vj) =N- g X
Where X;jistheinput of input layer ,b;istheoutput of the hidden layer ,e isthe error of the
hidden layer O is the error of the output layer N isthe step sze of the study A W;; and AV, are
the weight changes.
In order to accelerating convergence rate and avoiding oillating, Hoskine'™*! gave momen-
tum strategy methods by adding momentum strategy to weights updating rule. The new equations

are given by :
AV (n+1) = -N(0E/ 0Vy) +a-AV(n)
AWij(n+1) =-N (aE/ ank) +G-AWij(n)

Wherea isthe momentum codficient , n is the cycle index.

In the BP agorithm ,training is carried out by repeatedy presenting the entire st of training
patterns until the error functionsover al the trainings are minimized and within the preset train-
ing precison.

3.2 Training BP neural networ k

3.2.1 Datainitidization of BP neural network

Lithium bromide concentrations between 55 % and 65 % are commonly used in absorption
chiller. This range provides maximum efficiency for absorption of the flash-evgporated water.
Working temperature varies between 145 and 173 dnce LiBr concentration ranges from
55%to 65 % in the absorption system. Recently ,the triple effect absorption cycle has attracted
much interest to replace the conventiona machine as the more efficient one. In high generator ,the
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temperature of lithium bromide slution israised to 200 . In industry ,LiOH and Na;MoO, are
the popular inhibitors.

In principle ,it has been proved that any continuous function can be uniformly goproximated
by a neura network model with only one hidden layer. So athree layer BP network isemployed in
our study. It iseasy to determine the number of neuronsin the input layer and the output layer
during applications. There are four neuronsin the input layer denoting temperature and the con
tent of LiBr ,LiOH ,NaMoOy in absorption chiller ,respectively. However it is not easy to choose
the appropriate number of neuronsin the hidden layer for thereis currently no definite rule to de-
termineit. Udng too many neurons impedes generalization and increases training time. Usng too
few neuronsimpairs the neura network and prevents the correct magpping of input to output. In
this study ,the number of neuronsin the hidden layer is determined acoording an empirical formu
lal**and iseight. Thereisonly one neuron in the output layer representing the corroson rate.

Dataof 79 typica corroson rate samples are gathered for use in training and testing the BP
network. The number of corrodon rate in 55 % LiBr lution is 20. 30 patterns are the data in
60 % LiBr slution. The rest patterns are the data in 65 % LiBr solution. The database is divided
into two data sets:training sets and test sets,containing 88 % and 12 % data of database ,regpec
tively. Preprocesing of the data is usually required before presenting the patterns to BP neura
network. It is necessary because the Sgmoid activation function modulates the output of each neu-
ron to values between 0 and 1. The following normalization procedure is commonly adopted and is
used in our work.

oL X X
! 2 Xmax' Xmin

Where Xmax and Xpin are the maximum and minimum vaues of a variable, X; is the normal-
ized value of the variable.

Initial weights and threshold val ues are randomly initialised with a uniform distribution over
[-1,1]. Step 9ze and momentum coefficient are chosen to bo 0.1 and 0. 9 ,repectively. During
the training of the BP network ,the error function for al training patternsis monitored. The train-
ing course is stopped when the error function reduces within a given tolerance. And then the fixed
structure of BP network isobtained.

3.2.2 Vdidating BP neura network

Of the tota training patterns,10 are randomly chosen and are used to validate whether the
trained BP network has mapped the nonlinear relationship of these factors. The tested results are
shownin Tab. 2. As shown ,the reative errors of predicted vaues of corroson rate are within
10 % ,and the maximum abslute error is 8. The predicted results agree with the actua data to
within reasonable experimental error. Thus,the resultsindicate that the trained BP network esti-
mates corroson rate with and accuracy dmilar to that in the experimenta measurement and can be
used to predict the corroson behavior of carbon sted.
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Tab. 2 Resultsof vaidating BP network usng training samples

LiBr Temperature LiOH Concn. NaMoO, Conen.  Experimenta Predicted Abslute Relative

Concn./ % i [mol-L "t mgl % dataumy " vauemy Terrorumy ' error/ %
55 145 0 150 536. 4366 535. 0343 1.4023 0.26
55 145 0.07 150 36. 6015 34.0258 2.5757 7.04
55 175 0.07 150 49. 0591 49.6773 0.6182 1.26
60 145 0.07 150 39. 5889 39. 6806 0.0917 0.23
60 150 0.02 200 364. 7655 372.6786 7.9131 2.17
60 150 0.10 150 40. 6374 37.0702 3.5672 8.78
60 200 0.07 150 121. 7986 125. 8548 4. 0562 3.33
65 173 0.07 1000 51.3772 50. 5059 0.8713 1.70
65 173 0.10 0 406. 4175 407. 2542 0.8367 0.21
65 240 0.10 300 373.5200 368. 5536 4.9663 1.33

3.3 Predicted results of BP networ k and discussion

The predicted vauesof the test sets,which are obtained with trained BP network ,are shown
in Tab. 3. The relative errorsof the othersare within 5 % except that one pattern haslarger rda
tive errorsin 55 %_iBr slution ,which is 18. 30 %. The reaonisthat the amount of corroson data
in 55 %LiBr ininput patternsisless than that in other cases,resulting in higher relative errorsin
less concentrated LiBr solutions. S far as absolute errors are concerned ,the absolute error of the
pattern having large relative error islessthan 7. The accuracy till meetsthe requirement. The re-
sultsindicate that trained BP network can be used to predict the corroson behavior of carbon sted
in different concentrationsof LiBr solutions with variousinhibitors at different tenperatures.

Tab.3 Predicted resultsof trained BP network

LiBr Temperature LiOH Concn. NaMoO, Conen.  Experimentd  Predicted Abglute Reative

Conen./ % / [mol-L -t mgl-'  datalimy ' vaueumy ‘errorimy ' error/ %
55 145 0 150 36.6100 29.9105 6. 6995 18.03
55 160 0.07 150 41.0428 39. 6497 1.3931 3.39
55 200 0.07 150 84.8376 81. 0565 3.7811 4. 46
60 150 0.02 200 364. 7655 372.6786 7.9131 2.17
60 150 0.07 150 42.3084 44,4279 2.1195 5.01
60 240 0.07 150 242.5900 240. 2126 2.3774 0.98
65 173 0.10 300 74. 6300 72.7456 1.8844 2.53
65 173 0.15 150 302.0973 291.4716 10. 6257 3.52
65 220 0.07 150 444, 4600 466. 5221 22.0621 4.96
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4 Conclusions

BP neura network wastrained usng obtained corrodon data and was tested with the remain-

ing patterns. The predicted val ues agree with experimental data. The trained BP network can be
used to predict corroson rate of carbon sted in LiBr slutions having different concentrations with
different inhibitors at different temperatures. Predicted accuracy of neura network relates to the
slection and the number of training patterns. The model provides a novel method for studying the
corrosgon of metallic materials and field monitoring in LiBr absrption chiller. .
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