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Abstract

Membrane solute mass transfer is affected by physical-chemical properties of membrane films, solvent (water) and solutes. Existin
mechanistic or empirical models that predict finished water quality from a diffusion controlled membrane can be significantly improved.
Modelling membrane solute mass transfer by diffusion solution model is generally restricted to developing specific solute mass transfer
coefficients that are site and stage specific. A modified solution diffusion model and two artificial neural network models have been developec
for modelling diffusion controlled membrane mass transfer using stage specific solute MTCs. These models compensate for the effects c
system flux, recovery and feed water quality on solute MTC and predict more accurately than existing models.
© 2005 Elsevier B.V. All rights reserved.
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1. Introduction integration of recovery into linear and film theory mod-
els [1-4]. However, since the effects of solute—solvent,
Utilization of reverse osmosis (RO) and nanofiltration solute—solute and solute—film interactions on solute mass
(NF) is increasing exponentially in drinking water treatment. transfer are essentially unknown, no mechanistic models have
Modelling of RO and NF performance is beneficial to pre- been developed that can compensate for these interactions.
design studies, design and operation of membrane plants. The previous investigation on pesticide removal by reverse o0s-
diffusion solution models are widely used to predict RO and mosis found that the solute mass transfer coefficients could
NF performance. Solute mass transfer coefficients (MTC or relate to system operation using flux and recovery. Hence,
Ks) are typically assumed to be constant in solution diffusion the solution diffusion model was modified by incorporat-
models, but are known to vary with influent water quality, ing flux and recovery into solute mass transfer coefficient.
operating conditions and intrinsic physical-chemical mem- The modified model predicted solute mass transfer (perme-
brane properties which also vary with operation, quality and ate concentrations) more accurately than the Solution Diffu-
time. Solute specificss vary by site and stage and limit sion Model (SDM) for flat sheet, bench and pilot scale tests
modelling of membrane mass transfer. [5,6]. Ksis constantin the SDM and can be assumed constant
Recent model developments include a non-linear descrip-in any model development; however, modificatiorkgffor
tion of the pressure differential and concentration differential varying flux and recovery produced a model that more ac-
across and through the membrane as well as the mathematicaturately predicted permeate concentration in these instances.
The flux, normalized MTC for wateK(,) andKs are almost
always larger for stage 1 than for stage 2. Typically the stage 1
* Corresponding author. Tel.: +1 407 823 2785: fax: +1 407 8233315, driving force exceeds the stage 2 driving force because of en-
E-mail addresstaylor@mail.ucf.edu (J.S. Taylor). ergy losses associated with osmotic pressure and hydraulics.
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Recovery can also be related to energy losses associated witr}e _ Op

osmotic pressure and hydraulics. Ot ®)
Artificial neural network (ANN) models have been used

to improve modelling mass transfer in RO or NF membrane Q1= 0c+ Cp (4)

processes. Most of ANN applications have modelled foul- Ct = 0Ce+ 0C 5

ing [7-11]. Fewer ANN models have been developed for QCt = Qoo+ OpCp ®)

modelling membrane water quality. Historically the mass CiKs

(6)

transfer of water has been described much more accurately P —
than solute mass transfer in RO and NF processes. Niemi et

al. [12] reported prediction of solute water quality using an Specific developments of mass transfer models have in-

ANN model was nearly the same as that obtained by using ¢, ded non-linear modification of pressure and concentration

a diffusion controlled model for the separation of aqueous gifterentials across and through the membrane as well as in-
ethanol and acetic acid in a laboratory investigation. Bowen tegration of recovery and incorporation of film theory into

et al. [13] established an ANN model that accurately pre- ,54els predicting permeate concentrafibrs,14,15]

_dicted salt rejection from salt solutions using nanofiltration The film theory model describes mass transfer through the
in laboratory tests. Recently, Shetty and Chelfd@11]re-  memprane using films on the feed and permeate sides of the
ported development of a more universal membrane-specific memprane, which results in increased solute concentration

ANN model using data from the information collection rule  o|ative to the bulk on the feed side and is known as concen-
(ICR) database for different source waters and operating con-yation polarization. The steady state HSDM as modified by
ditions using data from laboratory, pilot scale and full scale theory (HSDM-FT) is shown in E(7):

processes. This work significantly expanded the use of neu-

ral networks from laboratory treatment of a controlled solu- _ CrKsefw/ko

tion to practical applications. Disadvantages of ANN models P Kw(AP — A7) (272R) + K<eFu/k
. . . w 2-R s

are the lack of information the model provides on mech-

anisms of mass transfer, the need for extensive data (lim- The solute mass transfer coefficient is assumed constant

its the feasibility for general application), and all present jn poth the HSDM (Eq(6)) and the HSDM-FT (Eq(7)).

ANN applications only use the multi-layer perceptron (MLP) - However, in tradition linear and film theory models, all solute

modgl. _ mass transfer coefficient are assumed constant and do not
This paper compares actual and predicted permeate strearghange during integration.

TDS using a conventional, modified conventional and two  The linear approximation of the non-linear concentration

ANN models. The conventional and modified conventional prof"e of the membrane feed stream incorporated a known
models are the solution diffusion models and a modified so- error into the HSDM and HSDM-FT. Mulford et gB] de-
lution diffusion based model (hybrld mOdel) that modifigs Ve|0ped an integrated HSDM (|HSD|\/|) by deve|oping, in-
using flux, recovery and net driving force (NDF). One ANN  tegrating and incorporating a differential equation relating
model uses MPL perceptron and the other ANN model usesinstantaneous feed stream concentration into the HSDM and

Kw(AP — An) (%) + Ks

()

a normal radial basis function for model development. HSDM-FT. The IHSDM and IHSDM-FM are as presented in
Eqgs.(8) and(9):
KsC RF,
2. Theory Cp = _;Ff n (1_ . JrWK ) ®)
w w S
2.1. Solution diffusion model K<Ci RE,
The first model developed for a high recovery system was —RFy efw/ko Fw + Ks€w/

the_ linear homogenous _solu_tion diffusion model _(HSDM), The HSDM and IHSDM do not compensate for any varia-
which was developed with six fundamental equations (EQS. tions in pressure, osmotic pressure or flux through the mem-

(1)—(5) that considered a mass balance around the mem-p ane elements or arrays. The recently developed incremen-
brane e!ement, pressure driven solvent and concentrati.on 9raga| diffusion model (IDM), and integrated osmotic pressure
dientdriven solute mass and recovgiry5,14] The HSDMis 64l (IMOP) mode]16] do consider changes in flux, pres-
shown in Eq(6). All solute mass transfer coefficientsds)  syre and osmotic pressure through the membrane elements
in these models are overdlls's, which incorporate solute  4nq arrays. Those models without and with incorporation of

diffusivity and membrane thickness film theory are shown in Eq$6)—(9) The IDM and IMOP
Op are shown in Eqg10)and(11). The IDM-FT and IMOP-FT
Fw = Kw (AP — All) = A ) are shown in Eqq12) and(13):

OpCp

Ji=KsAC = =5

(2) Cp= %[1 -(1- R)Ks/(Fw+Ks)] (10)
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Ct AP — Aoy Ks/(KwiPtKs) 2.3. ANN models
Co=—11—|[—"")@2-R)
R AP — Al . . o
(11) Neural networks can predict any continuous relationship
between inputs and the target. Similar to linear or non-linear
Co— Ct, 1 (1— R)Fu(1—€™/50) 1 Ke)/(FutKs) 12 regression, artificial neural networks develop a gain term that
P T[ —(1-R) ] (12) allows prediction of target variables for a given set of in-
putvariables. Physical-chemical relationships between input
Cs AP — Aoy Ks/(KstKwAP) variables and target variables may or may not built into the
Cp=—711- _ : association of target and input variables.
R AP — Allin

Two types of ANN models foKg are described in this
x (1— R)l—(eFW/kbKWAP)/(KS+KWAP)} (13) work. The models use the same input parameters as the the-
oretical solution diffusion models and the hybrid mod&s
developed by regression and ANN can be compared, or can
be inserted in existing solute mass transfer models and accu-
2.2. Modified solution diffusion model racy of the predicted permeate solute concentrations can be

easily compared.
NF and RO membranes were shown to remove pesticides

in a field study supported by Taylor et §]. Pesticide con-
centration in the permeate stream was diffusion controlled
but the error for pesticide prediction using the HDSM model
was systematically related to flux and recovery. Prediction of
pesticides in the permeate stream were improved by modify-

Ing Ks Wh'.Ch Is a hybrid model wherKs' was ”T‘Od'f'ed by activation function, i.e. the hyperbolic tangent. The following
Incorporation .Of flux and recovery. _Th's hybrid model is a is a simple MLP model with one hidden layer containing two
_solutlon diffusion based model that mcorporated_ factors that hidden neurons. The general form of a feed-forward neural
|mpactesz.. Th_ere are numerous model equations can be ooy expresses a transformation of the expected target
developed in this manner. (hereCyp) as a linear combination of non-linear functions of

A good hy_brid mode| must meet specifiq requirements linear combinations of the inputs (here feed water quéljty
even though it may be partly or totally empirical. A good system flux E,,) and recoveryR))
hybrid model should be sensitive to factors that chaige W '

such as flux and recovery. A good hybrid model should have go_l(E(Cp)) = wo + wi1H1 + waH>
physical meaning for ranges of independent variables that
are not uncommon to normal operation, but may be beyond
the range of the original data. Mathematically correct models
will converge at all mathematically feasible operational envi-
ronments. The close-to-linear and non-linear model was usedH2 = tanhwoz + w12 Ct + wa2Fw + w32R)
to ensure model convergence for screening model equations

[17]. The new hybrid model equations are based on solu- ef — g

tion diffusion model and compensate for flux, recovery and tanh) = e ter

net driving force parameters that are common to membrane

2.3.1. Multilayer perceptron model

Multilayer perceptron (MLP) is the most common type of
neural network used for supervised prediction. Most of the
previous literature describing membrane models used MLPs.
A MLP is a feed-forward neural network that uses a sigmoid

Hi = tanh@o1 + w11 Cs + w21Fw + w31R)

plant operation. wherego~?! (E(Cp)) is the transformation of the expected tar-
A hybrid model forKs is shown in Eq(14). TheKs model get as the inverse of output activation function, and equals

was developed from the IDM by trial and error, and empha- combination functions (here linear combinations) for the ar-

sizes the effect of flux more than recoverykn This model ~ guments of activation functions. Thei, w11, w12 repre-

is diffusion based and has only one unknown model coef- sents weights ando, wo1, woz are bias which are estimated

ficient and one unknown model exponent. Etd) can be by fitting model to data.

substituted in any model that utilizes a solute mass transfer

coefficient to predict permeate stream solute concentrationin2.3.2. NRBFEQ model

a diffusion controlled membrane process. To avoid unreason- A normalized radial basis function (NRBF) network is

able model predictions, model validation also was checked a feed-forward network with a single hidden layer using the

at extended boundaries, suctkas> 0 at 0 and 90% recovery  softmax activation function, which is applied to a radial com-

and flux>0. bination of inputs. In contrast to MLP, each basis function is
FA In(1 - BR) theratioofa beII-shqpec_;l Gaussian surfaceto sum ofGaussian

= In(L— R) — In(1— BR) (14) surfaces. The following is a NR_BF model containing two hid-

den neurons. The transformation of the expected ta@gt (
whereA>0,B<1. is a linear combination of softmax functions of non-linear

S
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combinations of the input<, Fy andR).

Table 1

General information of verification data source

g0 H(E(Cp)) = wiH1 + woHp

Membrane plant

Palm Beach County

Scale Full-scale
Array Two-stage array
e1 e Source Ground water
Hy = , Hp = Run time (h) 0-8856
e1te2 e1te2 Capacity 9.32 MGD (35,000 #day)

Manufacturer Koch
MwcC? 200

e = exp (f In(a;) + woiz((Ct — w1i)* + (Fuw — wai)? E:A;g'ﬂcﬁon PToFléam'de

+ (R — wz)?)

For the model NRBF given equal width and height
(NRBFEQ),a =1, the combination function becomes:

e = exp W ((Cr — w1)? + (Fw — w21)? + (R — wz)?)

a Molecular weight cut-off (Da).
b Thin film composite.

4. Model procedure

The following procedure was used for model develop-

ment:

where wg;, wy; andwsy; represents weights which are esti-

mated by fitting model to data. °

3. Data

Data from USEPA information collection rule (ICR)
databas¢18,19]was used for this study that was collected

from a nine MGD two-stage nanofiltration plant located in ®

Palm Beach County in Florida. Using data from a full-scale
membrane plant for model development and verification ben-

efits future model utilization by the water community. The e

general information for this full-scale membrane plant is
summarized ifable 1

Experimental data from 12 March 1998 to 16 March 1999
provided more than 8800 h observations of run time and

706 observations for stage 1 (354 observations) and stage 2

(352 observations) TDS. A summary of statistical operating

data for flux, recovery, net driving force, feed and permeate ®

stream TDS is shown iffable 2 The range and variation of

flux, recovery and NDF as shown Trable 2are typical of a .

nanofiltration plant operating at steady state on a groundwater
source.

Seventy percent of the stages 1 and 2 data were randomly
selected for model development. The remaining 30% of
the data were used for model verificatid€, values and
other unknown parameters for the HSDM, IHSDM, IDM,
IMOP and film theory models were determining by non-
linear regression of the development data set using Eq.
(6)—(13)

Outliers for target variabldss and flux, recovery and NDF
detected and discarded by the cook distance or Cove ratio
procedures.

The model fitting statistics includeestatistics for signif-
icant model parameters coefficientsests of paired sam-
ples demonstrate the significance between model predicted
and actual values and Pearson numbers for model fit of ac-
tual and predicted data.

Validation statistics: similar to the model fitting statistics
but uses data that were not used for model development.
Model extrapolation: check model predictions in the ex-
panded range of recovery and flux.

Neural network models are evaluated in the same manner
as regression models. The same data and parameter testing
is used for experimental and expanded data ranges.

Table 2
Summary of water quality and operating condition
Feed TDS (mg/L) Permeate TDS (mg/L) Flux (gsfd) Recovery NDF (psi)
Stagel
Mean 3415 504 136 552% 813
S.D. 152 6.9 0.4 0.1% 13
Min. 3013 420 125 540% 724
Max. 5870 710 149 56.5% 848
Stage2
Mean 7202 1150 132 66.5% 461
S.D. 97 71 04 0.3% 12
Min. 690.0 1040 121 652% 427
Max. 7470 1640 144 69.9% 490

1kPa=0.145 psi; 1L m? h—1=0.589 gsfd.
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e The neural network model developed in this paper was Table 3

based on software SAS Enterprise Miner. Solution diffusion model results
Model Ks (gsfd) ky (gsfd)
HSDM 1.249
5. Results and discussion IHSDM 1.520
IDM 1.483
.1. Solution diffusion model IMOP 1.548
5.1. Solutiond ode HSDM-FT 1.249 9.99¢ 1010
o ) IHSDM-FT 1.520 6.8% 10’
All mass transfer coefficients in all modelsy{, Ks and IDM-ET 1.483 1.76x 100
kp) were determined using non-linear regression. The valuesiIMOP-FT 1.548 1.15¢1¢°

for these models represent the statistical fit for each that pro-, | -2-1-¢ 589 gsfa.

duces the least error for prediction using the regression data

set. As previously noted, is present in the numerator and

denominator of the film theory models, which limits the im- tor of the film theory models, which is quickly determined
pact ofky. Ky, Ks andky mass transfer coefficients were ver- by statistical regression programs and shown in these results.
ified using independent data to predict solute concentration. Another reason for the difference, is the expected differences
The mass transfer coefficients that were developed by non-from laboratory and field investigation due to difference in
linear regression for the HSDM, IHSDM, IDM and IMOP  hydraulics, configuration and other performance related pa-
with and without film theory are shown ifable 3 The data rameters that differ in the field and laboratdg/can be deter-

set containing 70% of the total data was used for non-linear mined from the Sherwood numbet= a R& SA/3) givena,
regression and model development, the remaining 30% of thebandcare determined by regression or from the literature, but

data was used for verification. have been shown to inaccurately predict field performance of
The largek, values inTable 3mean the concentration po- membrane processgs-6].
larization effect represented ty in the film theory models The actual versus predicted permeate stream TDS is shown

is not significant. The large exponents reduce the film theory in Fig. 1 by stage for the HSDM, IHSDM, IDM and IMOP
concentration factor to one and the film theory models be- models using the independent verification dataset. The 45
come identical to the solution diffusion models that did not line in Fig. 1is the line that represents a plot of actual versus
incorporate film theory. Thigy's determined using fromlarge  predicted TDS if there were no error. The predicted versus ac-
and small scale investigations differed significantly. One rea- tual TDS is clustered into stages 1 and 2 groups. AlthdRfgh

son for this is the lack of impact thig has on the prediction  based on a combined stages 1 and 2 data set was greater than
of Cp, becauses, appears in the numerator and denomina- 0.9, R values based on individual stage data were negative

g 180 g 180
[=2} =)
é 150 é 150
& o
§ 120 - 5 120 L s
E ot} NP E a0 \_R=-061
o) )
o o
8 60 8 60
g 30 -y g 30 =
'OS r . R=-0.86 g \. R=-0.85
o 0 L L ! L ! o 0 L L L L i
0 30 60 90 120 150 180 0 30 60 90 120 180 180

)
G

Actual Permeate (mg/L) Actual Permeate (mg/L)

180 180

Ty o
D D
£ 150 £ 150
@ O] o
T 120 | % i s 120 | o ons
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- 60 - 60 |
2 azh 2 azh
S 30 R=-0.86 5 30t R=-0.85
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Fig. 1. Model predicted vs. actual permeate TDS concentration (mg/L) for the HSDM (a), IHSDM (b), IDM (c) and IMOP (d) models.
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Table 4 Table 5

Hybrid model results Summarizes statistics for ANNC, model and ANNKs model

Parameter  Estimate S.E. Lower (95% CI)  Upper (95% ClI) OverallR? Stage IR Stage R

A 2.59 0.149 2.30 2.88 MLP-C, 0.99 0.83 0.77

B 0.0026 0.00099 0.00061 0.0045 NRBSEQC, 0.99 0.8 0.85
MLP-Kg 0.99 0.77 0.78
NRBSEQKs 0.99 0.76 0.79

and are shown ifrig. 1 No significant difference was found
for the predicted and actual TDS for any of these models us-
ing a pairedt-test. The highR? indicates these models can
be used effectively for prediction, but a negatiRéor each
stage indicates the models could be improved. The modelsmodels usinds as target variableks model) in conjunction
over predicted the actual TDS for low TDS observations and with HSDM model was done. The predicted versus actual
under predicted actual TDS for high TDS observations, which permeate concentration by these two procedures showed the
is a common fault of predictive models for solute mass trans- ANN C, model is superior to the ANNKs model. Table 5

fer in RO or NF membranes. Certainly, these models can besummarizes the correlations for stages 1 and 2Rénghlue

Where MLPC, represents dire€@, MLP model, and MLPKs represents
directKs ANN model and so on.

used but clearly they can be improved. for combined stages between model predicted and aCjual
Clearly, althoughR? are all very high (0.99), the dire€ly
5.2. Hybrid and ANN model development model had betteR values than th&s model. The ANN MLP

and NRBSEQ model results are showrTable 6 Develop-

Estimates of the unknown parameters for the hybrid model ment of the ANN models was done by processing paired TDS
shown in Eq(14) were determined using non-linear regres- permeate stream concentrations, flux, recovery and TDS
sion and are presented Trable 4 Model verification was  feed stream concentrations using SAS Enterprise Miner to
determined by conducting a pairédest on the predicted develop the results shown Trable 5for development of the
and actual TDS using the independent data set. As shown byMLP and NRBSEQ models. The ANN MLP and NRBSEQ
the paired-tests andrig. 2 there was no difference between models describ€, as a function of flux, recovery and feed
predicted and actual TDS for the hybrid or ANN models. stream TDS. These models could be utilized manually by
The correlation coefficient for each stage data set is posi- calculatingH; andH», then usingH; andHa to determine
tive and indicates significant model predictabili& for the theCy inverse activation function, which allows direct calcu-
combined stages 1 and 2 data set was 0.98. lation of Cp. However, practical application of these models

A comparative study between the ANN models which would be best achieved by simply inputting the values shown
set target variabl€, directly (C, model) against the ANN  in Table 5in one of the several computer programs, which

Q180 Q 180
(=] (=]
E 150 £ 150
@ @
T 120 e T 120 - g 80
g R=0.78 GEJ
5 90 N R=07E T 90 . R=0.77
o a
B 60 = B 60
[&] (&)
3 30 3 30 -
E) . R=0.41 g N\, R=0.83
o . \ . . . o . . . . .
0 0
0 30 60 90 120 150 180 0 30 60 90 120 150 180
(a) Actual Permeate (mg/L) (b) Actual Permeate (mg/L)
180
3
150
=
2120 t # e
g
€ oo \_R=085
[0
a
< 60 f
2
o
§ 30 . R=0.80
D\: 0 L L 1 1 1

0 30 80 90 120 150 180
Actual Permeate (mg/L)

—_
2]
-

Fig. 2. Actual vs. predicted TDS using data not used for model development for the HHSDM (a), MLP (b) and NRBSEQ (c) models.
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Table 6

MLP and NRBFEQ model results

MLP weighted variables NRBSEQ weighted variables
Name Varl  Weight Name Varl Weight
Ci Hia w11 1.0997 C; _Hip w11 —0.11333
FlUX,H]_]_ w21 —0.9117 FlUXHll w21 —0.0767
Recovery ws; —1.3595 Recovery w31 —0.25441
CrHi  wi 22804  CiHiz w2 —0.14478
Flux_Hi2 w22 1.8891 FluxH1» w2 0.025737
Recovery wsp 9.7523 Recovery w32 0.27545
Biaan wo1 0.8581 BiasHll wo1, Wo2 1.1203
BiasHi2  wo2 —-1.3692 H11-Cp w1 20.534
H11-Cp w1 —12.153 H12-Cp w2 14676
H12-Cp wp 33.009

Bias Cp wo 89.155

300

250

Cp (mg/L)

()

Hecovery

are capable of processing ANN models such as SAS or
Matlab.

Actual and predicted TDS from the hybrid, MLP and
NRBSEQ model verification is shown iig. 2 Immediately
obvious is the improved grouping for the actual and predicted
TDS using the hybrid, MLQ and NORFEQ models. All cor-
relation coefficients were positive. The NORFEQ model had
the highesR2. Again, paired sampletests showed no signif-
icant differences between the predicted and actual permeate
concentrations using any of the models, and hence all models
were verified using the independent data set.

Prediction ofCp versus flux and recovery is showrFig. 3
assuming 1000 mg/L TDS in the feed stream for the hybrid,
MLP and NRBFEQ models. THg, predicted plane using the
hybrid model is very smooth and has no strikiigchange
for varying flux and recovery. However, the hybrid model
provided the least accurate prediction@f. The MLP and

300

Cp (mg/L)

(b)

Fig. 3. Permeate TDS predicted by hybrid (a), MLP (b) and NRBFEQ (c) models. The shaded area represents the variation scope of original data.
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C=1000mglL

Cp (mglL)
&

14.0
Qe C,O\‘eﬂ

45

C=1000mg/L
C=500mg/L
C=300mg/L

Cp (mglL)

Hecovery
(b)

Fig. 4. Permeate TDS predicted MLP (a) and NRBFEQ (b) models at feed TDS 300, 500 and 1000 mg/L.

NRBFEQ are neural network models and produced predicted

Cps that changed dramatically at selected fluxes and recov-e

eries. The MLP model predictions f@ almost appear like
a step function at 60% recovery and 2 gsfd going from 50
to 100 mg/L. This trend can be clearly seenFig. 3(b).

Another similar change is seen in the back section of the e

predictedC, plane inFig. 3(b). The NRBFEQ model pre-
dicted aCp, dramatically but smoother changi than the
MLP model. NRBFEQ predictedps increased from 50 mg/L
at 80% recovery to 130 mg/L at 90% recovery. It is likely
that the ANN models would change if actual data from the

extended independent variable ranges were used in modeb

development.

Prediction ofCp at various feed TDS concentration is
shown inFig. 4for the MLP and NRBFEQ models. The three
layers from top to bottom ifrig. 4(a) and (b) represent pre-
diction at feed TDS 300, 500 and 1000 mg/L. Clearly, when
feed concentration is within the intermediate range of ac-
tual feed concentration (300—-800 mg/L, e.g. 500 mg/L), MLP
and NRBFEQ model predict in similar manner; however, the
prediction diverge at 300 and 1000 mg/L feed concentration,
MLP is a model weighed more @2, while NRBFEQ is more
weighted on operating conditions.

6. Conclusions

e Several diffusion based, hybrid and two ANN models
were developed for predicting permeate TDS using an ICR
database from a full-scale nanofiltration plant.

e All concentration polarization or film theory terms were
insignificant.

o All diffusion based models that did not consider concen-
tration polarization, hybrid and ANN models were verified
by comparing actual and predicted data usitgest.

e The diffusion based models over predicted TDS at low
TDS concentrations and under predicted TDS at high TDS

concentrations, which is typical of diffusion based models.
The hybrid and ANN models predicted permeate TDS
more accurately than any of the diffusion based models,
and did not over or under predict permeate TDS at low and
high permeate TDS.

Although ANN models are not mechanistically based,
these models did predict dramatic changes in permeate
TDS for certain combinations of flux and recovery. Such
phenomena can be investigated at extended ranges of flux
and recovery and could give new insight into mechanisms
affecting membrane mass transfer.

Numerous hybrid and ANN models can be developed and
could significantly improve prediction of membrane per-
formance.

Nomenclature

Cc concentrate concentration (MyL

AC concentration gradient (MA)

Ct feed concentration (MA)

Ct, feed stream solute concentration at membrane
inlet (M/L3)

ACs feed solute concentration (M)

Co permeate concentration (M)

Fw water flux through the membrane (L/t)

J solute flux (M/L? t)

ko back diffusion mass transfer coefficient from
the surface to the bulk

Ks solute mass transfer coefficient (L/t)

Kw solvent mass transfer coefficien2(i/M)

Pin static pressure at inlet (L)

Pout static pressure at outlet (L)

Pp static pressure in permeate stream (L)

AP pressure gradient (L)
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Laine, Modelling of ultrafiltration fouling by neural network, De-
Qc concentrate stream flow i)
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Qs feed stream flow (B/t) [8] C. Teodosiu, O. Pastravanu, M. Macoveanu, Neural network mod-
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r recycle rate (fraction) 4371-4380. ,
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recovery ( rac 'On) Bourlier, J.M. Laine, Neural networks: a tool to improve UF plant
G K lett productivity, Desalination 145 (2002) 223-231.
reek letters
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