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Chloride attack is one of the major causes of deterioration of reinforced concrete structures. In order to
evaluate the chloride behavior in concrete, a reasonable prediction for the diffusion coefficient of chloride
ion, which governs mechanism of chloride diffusion inside concrete, is basically required. However, it is
difficult to obtain chloride diffusion coefficients from experiments due to time and cost limitations.
In this study, a numerical technique for chloride diffusion in high performance concrete (HPC) using a neural
network algorithm is proposed. In order to collect comparative data on diffusion coefficients in concrete with
various mineral admixtures such as ground granulated blast-furnace slag (GGBFS), fly ash (FA), and silica
fume (SF), a series of electrically driven chloride penetration tests was performed. Seven material
components in various mix designs and duration time are selected as neurons in a back-propagation
algorithm, and associated learning of the neural network is carried out. An evaluation technique for chloride
behavior in HPC using the obtained diffusion coefficients from the neural network algorithm is developed
based on, so-called, Multi-Component Hydration Heat Model (MCHHM) and Micro Pore Structure Formation
Model (MPSFM). The applicability of the developed technique is verified by comparing the analytical
simulation results and the experimental results obtained in this study. Furthermore, this proposed technique
using the neural network algorithm and micro modeling is applied to available experimental data for
verification of its applicability.
© 2009 Elsevier Ltd. All rights reserved.
1. Introduction

Even concrete is considered as an economical and durable
construction material, concrete structures show degradation of
durability as well as structural performance in severe environmental
condition. Quantitative data on chloride penetration is essential to
predict the residual service life of concrete structures due to chloride
attack, because chloride ion directly affects degradation of durability
performance and further the structural safety of concrete structures
due to chloride induced reinforcement corrosion. The research field on
evaluation of chloride diffusion in concrete is growing with con-
sideration for diffusion, permeation [1] and binding capacity of
chloride ions [2,3]. Recently, numerical techniques covering chloride
diffusion in partially saturated condition [4], chloride behavior in
concrete with early-age cracking [5], and micro structures formation
modeling in high performance concrete [6,7] are proposed based on
behavior in early-age concrete considering hydration and micro pore
structure. Among parameters such as diffusion coefficient, humidity,
ll rights reserved.
temperature, and mixture proportions, the diffusion coefficient of
chloride ion is the most significant parameter to be derived for
prediction of service life or residual life of concrete structures. Several
simple equations for apparent diffusion coefficient obtained from
regression analysis with water to cement ratio (W/C) or replacement
ratio of mineral admixtures are generally used for the prediction of
service life in the Standard Specification [8,9] and conventional
analysis tools [10]. However, they have a limited applicability, e.g.,
which cannot consider various characteristics in mix design. Recently,
some researches on neural network in data processing are introduced
in the field of durability and they are very efficient compared with
simple regression method obtained from experimental data. In area of
research on concrete, a neural network technique is mainly applied to
mixture design [11–14], strength evaluation [15,16], and reaction of
hydration [17,18]. In this study, a neural network technique, which is
mainly utilized in mixture design and strength evaluation, is applied
for estimation of chloride diffusion coefficient. The estimation of
diffusion coefficient through neural network considering various
components in mixture design and the development of analysis
technique with the estimated diffusion coefficient are meaningful for
quantitative evaluation for chloride behavior in concrete.

In this paper, electrically driven chloride penetration tests for
diffusion coefficient are performed for the concretes with various
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Fig. 1. Flowchart of this study.
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parameters such as W/C ratios (37%, 42% and 47%), mineral
admixtures like ground granulated blast-furnace slag (GGBS), fly ash
(FA), silica fume (SF) with different replacement ratios. Secondly, 120
diffusion coefficients obtained from experiment are analyzed through
neural network algorithm and diffusion coefficients are also esti-
mated. Then, the estimated coefficients are applied to numerical
modeling for chloride penetration based on Multi-Component
Hydration Heat Model(MCHHM) and Micro Pore Structure Formation
Model(MPSFM) [4,7,18]. Finally, the numerical simulation results of
chloride diffusion from the proposed model with neural networks are
compared with experimental results. A reasonable agreement with
obtained results confirms the applicability of the proposed model. The
flowchart of this study is shown in Fig. 1.
2. Estimation from neural network algorithm

2.1. Background of neural network

An overview study on neural network algorithms is provided by
McCulloch and Pitt [19]. A neuron as a unit with process of stimulus and
reaction is generalized in this system. The training for learning a set of data
is performed with weight (connection strength), transfer function, and
biases. The error between calculated results and expected results is
decreased with increasing epochs and training for learning is finished
within a target convergence.

In this study, a back-propagation algorithm is used for the neural
network. Fig. 2 shows anoutline of a simple neural network architecture
[20].

In this network, each element of input value is connected to each
neuron input through the weight matrix. Neurons (Nj) and activated
Fig. 2. Outline of simple neural
values (Hj) in the hidden layer are formulated as Eqs. (1) and (2).

Nj =
X

WjiIi ð1Þ

Hj = f Nj + Bj

� �
ð2Þ

where Ii is input value, Wji is the weight or the connection strength, f
is the transfer function, Bj is bias. Activated value (Ok) can be written
as Eq. (3).

Ok = f
X

WkjHj + Bk

� �
ð3Þ

In the back-propagation algorithm, error (E) is formulated as Eq. (4)
concerning target value (Tk).

E =
1
2

X
k=1

Ok−Tk

 !2

ð4Þ

To minimize this error, weights or connection strength are modified
backward fromneurons in output layer and theweights aremodified as
per Eqs. (5) and (6), respectively.

ΔWkj = ηδkHj; ΔBk = ηδk; δk = Tk − Okð Þf VNkð Þ ð5Þ

ΔWji = ηδjHi; ΔBj = ηδj; δj = Wkjδk
� �

f V Nj

� �
ð6Þ

where δj and δk are gradients of the total error, and η is the learning
rate.
network architecture [20].



Table 3
Mixture proportions for the tests.

Code:
names of mixture

W/B
(%)

S/a
(%)

Unit weight (kg/m3) % of binder
used

W Binding materials S G Admixture

C GGBS FA SF SP AE

NPC100-37 37 45 168 454 – – – 767 952 1.0 0.017
NPC100-42 42 45 168 400 – – – 787 976 0.9 0.015
NPC100-47 47 47 168 357 – – – 838 960 0.85 0.017
G30N70-37 37 45 168 318 136 – – 762 946 0.8 0.018
G30N70-42 42 45 168 280 120 – – 783 972 0.75 0.013
G30N70-47 47 47 168 250 107 – – 835 956 0.65 0.015
G50N50-37 37 45 168 227 227 – – 760 943 0.75 0.017
G50N50-42 42 45 168 200 200 – – 780 969 0.7 0.0135
G50N50-47 47 47 168 178 179 – – 832 953 0.6 0.015
F10N90-37 37 45 168 409 – 45 – 760 943 0.75 0.018
F10N90-42 42 45 168 360 – 40 – 780 969 0.9 0.021
F10N90-47 47 47 168 321 – 36 – 832 952 0.75 0.017
F20N80-37 37 45 168 363 – 91 – 752 934 0.75 0.018
F20N80-42 42 45 168 320 – 80 – 774 961 0.85 0.025
F20N80-47 47 47 168 286 – 71 – 826 946 0.7 0.017
F30N70-37 37 45 168 318 – 136 – 745 952 0.75 0.2
F30N70-42 42 45 168 280 – 120 – 768 953 0.75 0.015
F30N70-47 47 47 168 250 – 107 – 820 939 0.65 0.019
F10S05-37 37 45 168 386 – 45 23 756 938 1.0 0.023
F10S05-42 42 45 168 340 – 40 20 777 965 0.9 0.021
F10S05-47 47 47 168 303 – 36 18 829 950 0.9 0.021
F20S05-37 37 45 168 340 – 91 23 749 929 0.9 0.023
F20S05-42 42 45 168 300 – 80 20 771 957 0.85 0.025
F20S05-47 47 47 168 268 – 71 18 810 927 0.9 0.025
G30S05-37 37 45 168 295 136 – 23 759 942 0.75 0.015
G30S05-42 42 45 168 260 120 – 20 765 949 0.75 0.015
G30S05-47 47 47 168 232 107 – 18 832 952 0.8 0.015
G35F15-37 37 45 168 227 159 68 – 751 932 0.65 0.014
G35F15-42 42 45 168 200 140 60 – 773 959 0.65 0.014
G35F15-47 47 47 168 178 125 54 – 804 921 0.7 0.014

Table 4
Test results for chloride diffusion coefficient with different curing period.

Code:
names of mixture

Diffusion coefficient ×10−11 (m2/s)

28 days 91 days 180 days 270 days

NPC100-37 1.3 1.1 0.8 0.7
NPC100-42 1.5 1.4 1.1 0.94
NPC100-47 1.8 1.6 1.5 1.2
G30N70-37 0.93 0.71 0.67 0.43
G30N70-42 1.1 0.76 0.76 0.54
G30N70-47 1.2 0.84 0.80 0.64
G50N50-37 6.3 0.37 0.25 0.24
G50N50-42 0.86 0.53 0.47 0.32
G50N50-47 1.1 0.72 0.65 0.43
F10N90-37 1.4 0.91 0.77 0.63
F10N90-42 1.5 1.0 0.94 0.76
F10N90-47 1.7 1.2 1.1 1.0
F20N80-37 1.3 0.66 0.57 0.45
F20N80-42 1.6 1.0 0.69 0.58

Table 1
Condition of accelerated test.
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After the finishing modification, the neural network algorithm
repeats the calculation and modification process until error decreases
within the target convergence. Each input and output value has
boundary limits from 0.0 to 1.0 so it is necessary to perform data
processing. Data processing for input and output is described as Eq. (7).

Pn =
Pacutal − Pmin

Pmax − Pmin
ð7Þ

where Pn is input value for trainingof learning, Pacutal is actual input data,
Pmax and Pmin are maximum and minimum value of a set of input data.

2.2. Estimation for chloride diffusion coefficient through rapid chloride
penetration test

2.2.1. Experiment program for acquisition of diffusion coefficient
It is difficult to assume the reasonable diffusion coefficient in concrete

with various mineral admixtures without conducting experiment. The
diffusioncell andexperimental set up is provided inASTMC1202 [21] and
the calculation of the diffusion coefficient is performed by an electrical
method (non-steady state migration diffusion coefficient) proposed by
previous researches [22,23]. Silver nitrate solution (0.1 N, AgNO3) is used
as an indicator [24]. The diffusion coefficient in non-steady state
conditions is calculated through Eqs. (8) and (9).

Dcpd =
RTL
zFU

·
xd − α

ffiffiffiffiffi
xd

p
t

ð8Þ

α = 2

ffiffiffiffiffiffiffiffiffi
RTL
zFU

r
· erf −1 1− 2Cd

C0

� �
ð9Þ

where Dcpd is diffusion coefficient in non-steady state condition from
RCPT (m2/s), R is universal gas constant (8.314 J/mol K), T is absolute
temperature (K), L is thickness of specimen (m), z is ionic valence (=1.0),
F is Faraday constant (=96,500 J/V mol), U is applied potential (V), t is
test duration time (s), Cd is the chloride concentration at which the color
changes when using a colorimetric method to measure xd based on the
reference [22,24], C0 is chloride concentration in the upstream solution
(mol/l),α is an experimental constant, erf−1 is the inverse function of the
error function. According to the previous research [22], erf−1(1−(2Cd/
C0)) is calculated as 0.764 and zFU/RTL is 23,600 (m−1) in this study. The
F20N80-47 1.9 1.1 0.93 0.70
F30N70-37 1.3 0.72 0.50 0.47
F30N70-42 1.6 0.81 0.54 0.52
F30N70-47 2.2 0.95 0.74 0.62
F10S05-37 0.69 0.42 0.31 0.24
F10S05-42 0.78 0.54 0.41 0.33
F10S05-47 0.89 0.67 0.48 0.36
F20S05-37 0.60 0.41 0.35 0.29
F20S05-42 0.71 0.64 0.48 0.45
F20S05-47 0.88 0.73 0.64 0.61
G30S05-37 0.53 0.33 0.23 0.22
G30S05-42 0.58 0.41 0.28 0.25
G30S05-47 0.61 0.48 0.31 0.29
G35F15-37 0.50 0.38 0.31 0.27
G35F15-42 0.65 0.40 0.36 0.29
G35F15-47 0.88 0.54 0.45 0.43

Table 2
Chemical composition of cement and physical properties of mineral admixtures used.

Items Chemical composition (mass %) Physical properties

Types SiO2 Al2O3 Fe2O3 CaO MgO SO3 Ig. loss Specific gravity
(g/cm3)

Blaine
(cm2/g)

NPC 21.96 5.27 3.44 63.41 2.13 1.96 0.79 3.16 3,214
GGBS 32.74 13.23 0.41 44.14 5.62 1.84 0.2 2.89 4,340
FA 55.66 27.76 7.04 2.70 1.14 0.49 4.3 2.19 3,621
SF 93.3 0.5 1.21 0.27 1.03 0.02 1.1 2.21 190,620



Fig. 3. Flow chart for application of neural network algorithm—input and output.

Fig. 4. Decrease in error with repeated training of learning.
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condition of the accelerated test, properties of cement compounds and
mineral admixtures, and mixture proportions are summarized in
Tables 1–3, respectively. In Table 1, the types of electrolyte are selected
according to the previous work [23] and information on cement and
aggregates are listed in Table 2.

In Table 3, NPC100-A denotes concrete with only OPC and W/C (A%)
ratio. GANB-Cdenotes concretewithGGBFSA% replacement ratio, OPCB%
replacement ratio, W/B (C%) ratio. In using fly ash, FANB-C denotes fly
ashA% replacement ratio, OPCB% replacement ratio,W/B (C%) ratio and S
means the replacement ratio of silica fume. In Table 4, the test results for
diffusion coefficientwithdifferent curingperiodare listed,which are used
for training the output values in neural network algorithm.

2.2.2. Estimation of diffusion coefficient with neural network algorithm
For using neural network with back-propagation, 8 input values are

set up as neurons involvingW/B ratio, unit weight of OPC, GGBS, fly ash,
silica fume, sand, coarse aggregate, and duration time in submerged
condition. Output value is determined as diffusion coefficient of chloride
ion. In data processing for input values, Pmax and Pmin are assumed as
1000 and 0.0, respectively, and for output values, Pmax and Pmin are
assumed as 20.0×10−12 (m2/s) and 0.0 (m2/s). In order to consider
effective material components and decrease in diffusion coefficient with
duration time, 7 components in mixture design and duration time
(28 days, 91 days, 180 days, and 270 days) in submerged condition are
selected as neurons. Tansig function is used as transfer function. Target
epochs and mean square error are assumed as 1000 and 0.001,
respectively. Flowchart for input/output value is shown in Fig. 3 and
decrease in errorwith training is plotted in Fig. 4 showing the 519 epochs.

The comparison with the results of estimated diffusion coefficient
and experimental data with 10% error bars is shown in Fig. 5. The lines
are the simulated results (diffusion coefficient) through neural
network algorithm. Generally, the estimated results represent the
decrease in diffusion coefficient with increasing replacement ratio of
GGBS, fly ash, silica fume, and duration time reasonably. The
difference varies from 0.06% to 26% and average between experi-
mental data and simulated data is evaluated to be 7.5% for 120 data-
set. If the test results show better correlation, the difference between
experimental and simulated data can be significantly reduced. The
minimum chloride diffusion coefficient is measured in the case of high
replacement ratio of GGBS with silica fume (OPC 65%, GGBS 30%, and
silica fume 5%).

In FEM analysis, time-dependent effect on diffusion [25,26] is
considered through regression analysis as Eq. (10). Each diffusion
coefficient obtained from neural network and its respective time-
parameter (m) is applied to FEM analysis.

Dneural tð Þ = Dneural28 ·
t28

Tduration

� �m

ð10Þ

where Dneural(t) is time-dependent diffusion coefficient, Dneural28 is
estimated diffusion coefficient obtained from neural network at 28 days,
t28 is reference time (=28 days), Tduration is duration time of chloride
penetration. The time-parameter (m) is estimated to be 0.13–0.24 in
concrete of OPC 100% and the higher values over 0.20 are estimated in
concrete with mineral admixtures. The difference of time parameter
mainly dependson increases in CSHgel anddecreases inporosity through
pozzolanic reaction, which is closely related with binder type of mixture.

3. Analysis for chloride penetration based on micro pore structure

3.1. Free and bound chloride content

The main route for transport of chloride ion is dependent on pore
waterwhich exists in the pores of concrete. So the relationship between



Fig. 5. Results of experiment and estimation.
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chloride ion, CCl and free chloride content, Cfree is determined by the
pore water in concrete. In this paper, the free chloride content (kg/m3)
in unit volume of concrete can be obtained as Eq. (11).

Cfree = CClMCl/totalSVSol ð11Þ

where CCl (mol/l)is chloride ion concentration,MCl (kg/mol) is molar
weight of chloride, ϕtotal is total porosity of concrete, S is saturation
ratio, VSol is volume parameter of pore water in unit concrete volume
(1000 l/m3). Chloride ion in concrete can be divided into free chloride
content which affects steel corrosion directly and bound chloride content
which exists as chemically stable salts such as Friedel's salt. The bound
chloride content is reported to be independent of W/C ratio or cement
content but dependent on the type of binder, so long as not exposed to
chemically unstable condition like carbonation [27,28]. In this study, a
Freundlich isotherm [2] is used for the relationship between bound
chloride content and chloride ion. For produced hydrates, porosity and
system dynamics for describing their interactions including chloride ion
transfer arebasedonMulti-ComponentHydrationHeatModel (MCHHM)
and Micro Pore Structure Formation Model (MPSFM). These models can



Fig. 5 (continued).

Table 5
Constants for FEM analysis in this study.

Mixture type Cbound=C(1−ϕTotal)·WCONC·CClB

C×103 B

OPC 100% 3.57a 0.38a

Slag 30% replacement 3.82a 0.37a

Slag 50% replacement 5.87a 0.29a

Fly ash 10% replacement 3.78b 0.29b

Fly ash 20% replacement 3.78b 0.29b

Fly ash 30% replacement 3.78b 0.29b

Slag 35%+Fly ash 15% replacement 4.85b 0.33b

a Ref. [2].
b Assumed data.
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be found in previous reports [4,5,7,18,29–32]. Bound chloride content can
be assumed as Eq. (12).

Cbound = A · βCSH · WCONC · CB
Cl = C 1− /Totalð Þ · WCONC · CB

Cl ð12Þ

where A, B and C are material constants, βCSH is weight ratio (weight of
CSH gel/weight of concrete), WCONC (kg/m3) is weight of concrete, the
constant, B is referred as previous work [2]. Silica fume (5%) effect on
formation of CSH is not so significant that only decrease in porosity and
diffusion coefficient is considered for simplicity of the analysis. Constants
for FEManalysis of bound chloride content are shown inTable 5. The note
for constants in Table 5 is adopted from previous work [2] and the other
constants are assumed for the fitting the chloride profiles in this study.

3.2. FEM analysis for chloride penetration with neural network and system
dynamics in early-age concrete

In order to simulate chloride behavior in concrete, porosity and
saturation in early-age concrete shouldbeprovided ingoverningequation
for mass and energy conservation in porous media given by Eq. (13)

αi
AXi

At
+ divJi Xi;jXið Þ− Qi = 0 ð13Þ
where the first term is potential term, the second term is flux term and
the last term is sink term of [Xi] in Eq. (13). The details of [Xi] and
composition terms are explained in Table 6.

From Table 6, ρC is specific heat capacity, KH is thermal conductivity,
QH is heat generation rate, Kl and Kv are liquid and vapor conductivities,
Qhyd is combinedwaterdue tohydration. In this study, diffusioncoefficient
from neural network with time, Dneural(t), is used in governing equation.



Table 6
Terms used in governing equation for mass and energy conservation.

Variables [Xi] Potential term Flux term Sink term

T [Temperature] ρC [kcal/K m3] −KH∇T [kcal/m2 s] QH [kcal/m3 s]
-Constant -Constant -Multi-Component Hydration Heat Model of cement

P [Pore pressure] /ρ AS
AP [kg/Pa m3] −Kl+Kv∇P [kg/m2 s] −Qhyd − A ρS/ð Þ

At [kg/m3 s]

-Path dependent moisture isotherms -Random geometry of pores and Knudsen vapor diffusion -Water combined due to hydration; bulk porosity change effect

CCl [Chloride ion−

concentration]
ϕS [mol l/mol m3]

−Dneural28
t28

Tduration

� �m
jCCl + qsCCl [mol/m2 s] QCl[mol/m3s]

-Path dependent chloride ion transport -Chloride diffusion obtained from neural network -Bound chloride content along with Freundlich isotherm in unit time
-Moisture diffusion and convection (qs)
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Sink term (QCl, bound chloride ion in unit time) in analysis of chloride
penetration is considered as Eq. (14) [4,5].

QCl = − Cn + 1
bound − Cn

bound

tn + 1 − tn
ð14Þ

A computational scheme of FEM analysis, based on framework of FEM
program-DuCom developed by the University of Tokyo [4,17,18,31,32], for
chloride penetrationwith neural network and system dynamics in early-
age concrete is shown in Fig. 6.
Fig. 6. Scheme of FEM analysis for chloride penetrat
4. Verification of test results for chloride penetration

Comparison with experimental and numerical results using
diffusion coefficient from neural network is performed. Concrete
specimens with various mineral admixtures as shown in Table 3 are
prepared and they are cured in submerged condition for 28 days. After
curing, they are submerged in 3.5% NaCl solution for 6 months. The
specimens were coated with resin except for upside surface for 1-D
intrusion of chloride ion. For evaluation of chloride profiles, acid-
soluble chloride contents are measured based on the reference [33].
Total chloride content with 2.0 mm depth was obtained. Fig. 7 shows
ion with neural network and system dynamics.



Fig. 7. Boundary condition and mesh generation for FEM analysis.
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boundary condition and mesh generation for FEM analysis and Fig. 8
shows the results from experiment and FEM analysis with time-
parameter (m) in Eq. (10).
Fig. 8. Comparison with experim
Generally, the numerical results are in good agreement with
experimental data. Some numerical data show more chloride
intrusion than experimental data and it is expected that slightly
higher diffusion coefficient is obtained in accelerated test and it causes
the differences. The diffusion coefficient from this study is obtained
from the electrically accelerated method and the data may be not
enough to explain the pure diffusion of chloride ion in pore water
which has various ions like potassium and calcic compound. However,
these diffusion coefficients are obtained from convenient and relevant
method [22,23]. For more idealized data-set, apparent coefficient from
the specimens under long time submerged condition can be applied to
this technique.

The calculated results of chloride behavior in concrete with same
water to binder ratio are shown in Fig. 9. It is evaluated that chloride
penetration in concrete with more mineral admixture is decreased in
spite of higher surface chloride content. The reduced diffusion
ental and numerical results.



Fig. 8 (continued).
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coefficient and magnified binding capacity due to mineral admixture
make chloride-penetrated depth shorter and surface chloride con-
tents higher, respectively.

This developed technique has the advantage of applicability to
different mix design. Twomix designs where this technique is applied
and estimated results of chloride diffusion coefficient are shown in
Table 7. The comparisons of numerical and experimental results are
shown in Figs. 10 and 11, where free chloride content in each case is
simulated one. Reasonably this proposed technique is shown to
predict the chloride behavior without experimentally obtained
diffusion coefficient. The constants for binding capacity of chloride
ion are described in Table 5.

5. Conclusions

The conclusions of this study on evaluation technique for chloride
penetration in high performance concrete using neural network
algorithm and micro pore structures are as follows.

1) The evaluation technique for chloride penetration behavior with
time-dependent diffusion coefficient obtained from neural network
algorithm and micro models considering behaviors in early-age
concrete is developed. Through the comparison of experimental data
and numerical simulation results, the developed technique is shown
to have rational applicability to different mixture designs of HPC.

2) It is shown that diffusion coefficients can be estimated successfully
through neural network algorithm having 8 neurons, which are 7
components in mixture design and duration time in submerged
condition. For 120 data-set of diffusion coefficients, average of
difference between estimated results from neural network and
from experimental data is evaluated to be 7.5%.

3) By utilizing more extensive and quantitative data-set considering
mineral admixtures, time duration, and a large number of test
specimens, this proposed technique on neural network algorithm can
be more effective for evaluation of chloride penetration.
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Fig. 9. Calculated chloride content with same water to binder ratio.

Table 7
Mix proportions [34] and estimated results of chloride diffusion coefficient.

Water to
binder (%)
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(kg/m3)

Water
(kg/m3)

Sand
(kg/m3)

Gravel
(kg/m3)

Obtained from this study

Diffusion coefficient
(×10−11 m2/s)

m

38 449 – 171 616 1050 0.48234 0.20
38 359 90 171 616 1050 0.46973 0.40

Fig. 10. Comparison of experimental and numerical results (OPC 100%).
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