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AbstractThe conventional PID control (linear) is popular 

control scheme that is used in almost pH control at waste 

water treatment process. pH model with respect to titration 

liquid flow rate has been known to be intrinsically difficult 

and nonlinear, especially when the process is conducted to 

non-linear range pH reference (pH 4-8), the settling time 

reach a long time.  Therefore in this paper the nonlinear 

controller with self-tuning PID scheme is performed handle 

pH by training a neural-network based on backpropagation 

error signals. The pH process model is combination between 

CSTR (Continuous Stirred Tank Reactor) linear dynamic 

with H3PO4, HF, HCl, H2S flow rate and nonlinear static 

electro neutrality (wiener process model). The simulation 

result has a good and suitable performance under several 

tests (set-point and load change). The simulation result show 

the pH control system can follow the change of pH set-point 

and load with the average steady state error 0.00034. The 

settling time achieved at 50 second faster than conventional 

PID controller scheme. 
 

Keywords pH Neutralization, PID Controller, Backpro-

pagation training, Neural Network 

I.  INTRODUCTION 

H neutralization plays an important part in several 

chemical processes, pharmaceutical, wastewater treat-

ment and biotechnology. The pH process exhibits severe 

nonlinear and time varying behavior and therefore cannot 

be controlled with a controller based a linear control algo-

rithm like PID controller [1]. So far, many different app-

roaches to dealing controlling pH with control algorithm 

were presented. [2] devised a neural PID controller me-

thod in which a neural network is trained on the basis of 

control errors and tuning parameter of the PID controller 

can obtain. [3], [4], [5], [6] used self-tuning technique to 

adjust PID parameters on-line. However this was based on 

the assumption that process to be controlled is linear. The 

application to control the real pH plant is done by [7], [8], 

but the result is proper in just fixed pH and performance 

degradation occur if the pH change given. [9] were mo-

deled based on the reaction between a strong basic soluti-

on and strong acid and a digital PI control algorithm was 

used as the controller with no dead time. On this model, 

and indirect adaptive backstepping controller is designed 

by combining a backsteppping controller and the recursive 

prediction error method. According to several control 

scheme which studied by any researcher above, the Neural 

Network is one of compromising and popular technique to 
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handle and reached a good performance in modeling 

and pH control. Among them have the same difficulti-

es, more sensitive to error action, so the actuator con-

trol valve based mechanical component must respond 

more often than before. It caused much component 

process for long period will have a little bit lifetimes. 

On the other hand, the programming code more com-

plicated including many algorithm identification (with 

neural network or adaptive), parameter estimation, re-

cursive least square and controller structure design 

[10]. In this paper, the objective is to control and ma-

intain the pH in neutralization and various pH referen-

ce change by manipulating a strong base stream flow 

rate using direct backpropagation neural networks al-

gorithm. The identification is not required the inverse 

modeling. The neural only just training of error and 

control signal to determine the best PID controller 

parameters automatically that will system more robust 

and stable and the computer calculation program is 

simpler too, because the time consumption for lear-

ning or neural network training algorithm need just lit-

tle time.  

II.  THE NONLINEAR PH NEUTRALIZATION PROCESS 

The data models are based on process at PT. Petro-

kimia Gresik [11]. It has effluent waste process unit to 

neutralize of the waste product before flowing into 

river. The schematic pH neutralization process control 

block diagram based on P&ID SA unit contain pH 

adjusting Tank 1 or reactor tank (TK661), the lime 

tank (TK 6622) that is used to control the pH value 

and coagulation tank (TK 6612) presented below: 

The pH closed control system that is used in this pa-

per consist of pH sensor, controller and control valve 

to flow the limestone fluid according the control signal 

u from controller. Actually, the pH control is done 

manually by open and closes the valve from lime tank 

under pH sample observation (laboratories). Therefore 

it require a long time (about 2 days), while waste and 

process which thrown remain to walk or take place. As 

mentioned above, this is a reason to design a pH 

control system. There are five pipe (waste fluid) flow 

in the reactor tank from the unit plant before waste 

product treatment unit, SA Plant and Aux Boiler 

Blow-Down, Gypsum Plant Waste Water, Run off and 

Permeated Water and ALF3 Plant Waste Water. A 

dynamic model of the pH neutralization process is ob-

tained from component material balance (see appen-

dix) and the equilibrium relationship under assumption 
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of perfect mixing, constant vessel volume V, and so on are 

proposed by [12] and related as follows: 

xaqbqaqaCa
dt

dxa
V )( +−=        (1) 

xbqbqaqbCb
dt

dxb
V )( +−=       (2) 

  

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

Fig. 1. pH Neutralization Process 

 

where Ca, Cb is the concentration of effluent stream and 

acid solution (CaOH), qa, qb is the flow rate of the influ-

ent stream, and V is the volume of the mixture in the 

CSTR (continuous stirred tank reactor). The answer or so-

lution of equation 1 and 2 are not achieving the pH values 

directly, and this is a problem how to determine the con-

centration of H
+
. Based on process schematic figure 1 the 

reaction between influent stream and titrating stream can 

be represented as, 

 
3

)(4)()(43 3 aqaqaq POHPOH +→ +                 (3.a) 

−+ +→ )()()( aqaqaq CLHHCL                 (3.b) 

−+ +→ )()()( aqaqaq FHHF                 (3.c) 

−+ +→ 2

)()()(2 2 aqaqaq SHSH                 (3.d) 

−+ +→ )(

3

)()(3 3)( aqaqaq OHAlOHAl                 (3.e) 

2+ -

2(aq) (aq) (aq)Ca(OH) Ca +2OH→                  (3.f) 

−+ +→ )()()(2 aqaqaq OHHOH      (3.g) 

 

The equilibrium constants for the reaction are calculated 

based on equation 3.a to 3.g are determined as follow, 
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where Ka1 is dissociation constant of H3PO4, Ka2 is the 

dissociation constant of HF, Ka3 is dissociation constant of 

H2S and Kw is the dissociation of water at 25
0
C. The 

influent of HCl (strong acid) and Ca(OH)2 as strong 

base which fully dissociates and hence the dissociation 

constant are equal to zero. The chemical equilibrium is 

modeled using the concept of reaction invariant pro-

posed by reference [13]. For this system, two reactions 

invariant are involved for each stream. Based on the 

electroneutrality condition, the sum of the ionic charge 

in the solution must be zero. Therefore we have, 
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2

442 OHClHSFPOHPOPOH

]][[ 2 ++ HCa              (8) 

From the equation 1 and d 2, xa is a charge-related 

quantity and xb is the concentration of the calcium ion 

can be defined as, 

]][][[ 2
44243
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4
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][ += Caxb               (10) 

These invariants are independent of the extent of the 

reaction. A relation between hydrogen ion concentrati-

on and reaction invariant can be rewritten using equa-

tion 4 through 10 to give equation below,  
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Actually, the pH value is not defined as a hydrogen 

ion concentration but as ion activity. However, it can 

be assumed that the ion activity is same as the ion con-

centration for the infinitely diluted solution. Hence, 

the pH value can be logarithm of the hydrogen ion 

concentration determined using the above equations 

and the negative if xa and xb are known. The equation 

11 is called static nonlinear equation (equation without 

derivative component) and can be rewritten, 

  

-[H
+
]
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4
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3
+ 

          + a3[H
+
]

2
+a4[H

+
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where, 

a1= xb-xa-ka1-ka2-ka3 

a2= [2*(-xa)*(ka1+ka2+ka3)]+ 

       +[xb*(ka1+ka2+ka3)]-kw  

        -[ka1*ka2+ka2*ka3+ka1*ka3]    

a3=[-3*xa*(ka1*ka2+ka2*ka3+ka1*ka3)] 

       +[xb*(ka1*ka2+ka2*ka3+ka1*ka3)]    

        -[kw*(ka1+ka2+ka3)-ka1*ka2*ka3]   

a4= [4*(-xa)*ka1*ka2*ka3]+ 

       +[xb*ka1*ka2*ka3] 

        -[kw*(ka1*ka2+ka2*ka3+ka1*ka3)]   

a5= kw*ka1*ka2*ka3 

 

The H
+
 determined using the equation 12 for xa and xb 

given, than relation can find the pH value (pH= - log 

([H
+
]). The difficulty to solve static equation 12 is 
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caused the variable of H
+
 is polynomial in order 5. Much 

software in recent today can helpful to determine this root, 

for example Matcad or Matlab. The pH values can be 

found directly after the H
+
 is achieved. 

III.  PID SEL-FTUNING CONTROLLER  WITH NEURAL 

NETWORK (PIDNNC) 

Overall structure of the Neural PID controller is given 

in figure 2 proposed in this paper used multilayer feed for-

ward network in which set-point, past plant outputs and 

past controller commands are introduced as input patterns 

as see below : 

 

Fig. 2. The structure of Neural Network PID Self Tuning Control 

(PIDNNC) 

At first, the output layer produces values of P(Kp), I(KI) 

and D(KD) by arbitrarily initialized weights. Those values 

are used as tuning parameters of the PID controller and the 

controller gives control command u based on the differen-

ce between the set point and the plant output. The control 

error defined by the difference between the actual plant 

output y and the set point is back-propagated by the 

learning rules and the networks is trained to generate ap-

propriate tuning parameters in order to reduce the control 

error. The velocity form of a PID controller is given by, 

u(n) = u(n-1)+ Kp(e(n)-e(n-1))+  

          KI e(n)+ KD(e(n)-2e(n-1)+e(n-2))      (13) 

The velocity form does not need a nominal value of 

controller output u as that in the position form. The con-

troller output is given by control errors e(n), e(n-1) and 

e(n-2) and values of Kp, KI and KD from a learned neural 

network. In the present neural network values of r(n+1), 

y(n), y(n-1) … and u(n-1)…, bias are fed into the layer 

and tuning parameters P(Kp), I(KI) and D(KD) are obtained 

from output layer in figure 3. The structure of neural 

network is, 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.3. The neural network structure 

According to figure 3 for neural network in this paper 

the definition each layer is,  

netj=Σwji.  ini  , outj = f1(netj)             (14) 

netk=Σwkj.outj , outk = f2(netk)            (15) 

With one hidden layer bias (-1) is introduced into the 

last node and bipolar sigmoid function (equation 21) is 

used as activation function. The better [14] proposed 

and optimal form of sigmoid function so that conver-

gence during the learning procedure is guaranteed ac-

cording to systems dynamics and formulated below, 

1
)exp(1

2
)(1 −

−+
=

j

j
net

netf            (16) 

The function for the output layer is denoted by sub-

script k is f2(netk)=Ck.netk,   with Ck=constant and the 

same activation function as in equation 16. In the be-

ginning of learning it’s cannot know trained values of 

tuning parameters in advance and so we introduced a 

linear-type activation function which different from 

sigmoid function. In an error-back-propagation algo-

rithm the cost function J (denoted by E) is defined as 

the squared sum of the difference between the desired 

output (Targetk) and the output obtained from the 

output layer (outk), 

∑ −= k kk yetTE
2)arg(

2

1
           (17) 

The weight correction method to minimize the cost 

function is based the error in equation 17 propagate to 

input layer if the error target can’t meet the goal. The 

equation to weight output update (∆wjl) as write 

below, 
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Using chain-rule method [15] the equation 18 is proposed 

to weight update is given by, 
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To faster the training computation for neural training is 

used by modification of equation 19 as see below,  
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The learning rate (η) and the momentum (α) are the para-

meters that can take to avoid the local minimum in trai-

ning phase. Its value is determined by trial error, but any 

researcher proposed takes between 0 and 1. The controller 

training is also used the error-back-propagation algorithm, 

by take the definition r(n) is the set-point or reference 

value and y(n) is the plant output, the error for controller is 

)()()( nynrne −=  and from equation 17 the perfor-

mance index is written by 2)(
2

1
neE = .  The term 

∂E/∂wjk in equation 19 can be rewritten as transformed 

equation by the chain rule to updated the weight and bias 

as follow, 
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The ∂yk(n-1)/ ∂wkj (n-1) term in equation 23 is 

determined and given by equation below, 
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where )1(1 −∂ ny  = Kp, )1(2 −∂ ny  = KI, and 

)1(3 −∂ ny  = KD (Kp, KI and KD are proportional, integral 

and derivative gain). The PID controller is also update 

(tuning) to feed the proper signal control by change the 

best parameter controller in the form 
)1(

)1(

−∂

−∂

ny

nu

k

 

term. Begin the chain rule method is used to train and 

update the controller for self-tuning term, it describe by 

equation below, 
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The term of
)1(

)(

−∂

∂

nu

ny  can be obtained from input 

and output plant. The weight initialization is not used 

random number as usual researches do to train a neural 

network. The reason is caused that the error between 

set-point and controlled signal must lie in –1 to 1 ra-

nge or 100% to –100%, so for suppressing the error 

signal this paper take a half value. The computer code 

simulation program is also based on equation 17, 26 

and 27 to create the proper parameter of PID con-

troller. 

 
IV.  RESULT AND DISCUSSION 

The first simulation is determined the best neural 

network architectures. As mentioned above the pH 

control and learning procedure run in the same time, 

its mean the control action is directly forced to final 

control element during learning. The experiment is 

separated in two ways, the pH control without load 

change and disturbances absent, the second test is pH 

control with load (disturbance) change. All the simula-

tion was compared with PID scheme only [11]. 

A.  The Initialization Tuning of PID Controller 

 The PID tuning that was used in this paper 

proposed by Ziegler-Nichols (ZN). The step input 

(open valve 5% to 10%) is injected to the pH process, 

the tuning scheme is given by figure below, 
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Fig. 4. The ZN Tuning procedure with open-loop or reaction curve 

method 

 

The parameters PID controller are calculated based 

the figure 4 with proportional gain KP (
1.2

*Sθ
) = 0.2, 

Integral Time TI ( 2θ ) = 0.02  and Time Derivative TD 

( 0.5θ ) = 0.005. This parameter is used to run and the 

first parameter PID for neural networks training and 

testing in the controlling pH neutralization. The para-

meter combinations for the best neural network lear-

ning are 10 nodes in the input layer, 30, 3 nodes in the 

hidden and input layers, its parameters will make the 

neural reach the desired error. A learning rate (η) 0.5 

and momentum (λ) 0.9 were used and the sampling 

time is 1 second in all simulation. 

 

B. Fixed pH set-point without load (base flow rate) 

change  

The pH control simulation comes into two ways, 

with or without load present or change. The load 

(disturbance) qa is flow of acid stream from disposal. 
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In Figure 5, the regulated qb started at 15 m
3
/hr, but 

upon passing the neutralization pH 6 (dot line), 7 and 8 

(dash line) dropped slowly to the value that stoichio-

metrically neutralized the wastewater stream. A decrease 

in qb results in faster neutralization time and lesser qb. Ini-

tially, as shown in figure 5(b), oscillation occurs because 

of in appropriate PID tuning parameters. The proportional 

gain (Kp) increase to close by slowly the control valve fed 

the base flow faster but at the end pH reach the reference 

the flow have constant value (look figure 5(b) dash line 

for pH 8 and dot line for 6), this indicate the better (stable) 

performance occur in all pH control and also for integral 

(KI) and derivative (KD) term. 

The pH control design is measured by qualitative 

parameters in time and percentage. The rise time (tr) is the 

time required for the response to come within the ± 5% 

the ultimate value (reference or set-point). The settling ti-

me (ts) is required for the response to come 2-5% from the 

reference point (steady state error, Ess). Table 1 shows the 

fixed set-point qualitative performance, as can see the all 

parameter PIDNNC better than PID.  
 

 

TABLE  1 

PERFORMANCE INDEX FIXED PH 6, 7, AND 8 

 

Control 

Type 

Settling 

time ts 

(s) 

Rise 

time tr 

(s) 

Mp 

(%) 
Ess 

pH set-point 6 

PID 46 266 2.49 8.7.10
-5

 

PIDNNC 5 90 2.49 7.7. 10
-5

 

pH set-point 7 

PID 90 1,873 4.12 6.9.10
-5

 

PIDNNC 53 1,523 0.96 7.7. 10
-5

 

pH set-point 8 

PID 721 3,610 0.97 7.3. 10
-5

 

PIDNNC 708 1,107 0.17 5.5.10
-5

 

PID (linear PID), PIDNNC (Self-tuning Neural Network PID Controller 

 

 

C. Fixed pH set-point with disturbance 

The PID controllers were tested using the feed distur-

bance sequence of acid flow (qa) as regulators at fixed set 

points 

PID control with parameter (Kp, KI and KD) did fine self 

tuning (figure 6c) and reduce the overshoot or oscillation 

(figure 6a) for any fixed set-point given with the mani-

pulated variable alternating between zero and full range 

(figure 6b). The oscillation occurs at the beginning figure 

6 and reduces at the end. Figure 6d is the load or distur-

bance from acid flow. Figure 7 is simulation result with 

the load present in sequence form. Figure 7a. looks the pH 

output have small oscillation (compare with figure 6a). 
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Figure 5. The fixed pH set-point 6, 7 and 8 without load change (a). 

pH output (b). Base Flow (c). PID parameter with PIDNNC 

 

It because the load or disturbance acid flow in 

figure 7d has a closer period time than 6d, so the con-

trol signal by flowing the base flow is not different in 

each iteration (Figure 7b). It also followed by three 

parameters of PID control, the value is not slightly dif-

ferent than the fixed set-point in pH control. The per-

formance pH control with PIDNNC is performing a 

good output. The significant oscillation at the first co-

me load occur but reduced in the steady state area, and 

the pH 7 or neutral condition achieve. 

 

D. Set-point tracking pH reference change 

The next simulation is set-point tracking performan-

ce. The results described here are for PIDNNC which 

tuned for tested at set-point 6 to 7 or 8 and these re-

sults are indicative of the results for controller tuned 

and tested at other set-point. Figure 8 the pH set-point 

change started at 7, 8, 7, 6, and 7 for the end of pH 

value. The better to reach for pH output with PIDNNC 

in the first time pH reference (figure 8a).  
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The maximum changes in the control output (it also 

flow from valve actuator) are ± 20 m
3
/hr. The control out-

put in the response to the rising pH change. Every set-po-

int change, the control signal in base flow in figure 8b is 

change to make a proper flow until the pH reach each set-

point. The proportional PIDNNC tuned to appropriate sig-

nal to come the valve with suitable action (figure 8c). Ac-

cording to PIDNN scheme, every set-point change the 

controller must change automatically (self-tuning) its 

parameter. The derivative term in figure 8d like another 

set-point simulation does not have the different value, it 

happen because the steady state error or offset is faster, so 

the integral and derivative term in PIDNNC is not near a 

big constant. Any researchers choose only PI term to con-

trol pH. This reason is the valve must open and closed to 

tracking the set-point change. The PIDNNC control work 

well due to controller tuning automatically. The all simu-

lation gives the 2-5% for steady state error. 
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Fig. 6. pH 7 response with PIDNNC and load step (disturbance) present 

(a). pH output (b). Base Flow (c) PID Parameter (d) Acid  load 

(disturbance) flow (qa) 
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 Fig.7. pH 7 response with PIDNNC and load sequence 

(disturbance) present (a). pH output (b). Base Flow (c) PID 

Parameter (d) Acid  load (disturbance) flow (qa) 

 

V. CONCLUSION 

In this paper a Neural Network Self-Tuning PID 

control is proposed to handle a unique nonlinear pH 

neutralization process. In this scheme, parameters fine 

PID tuning is automatically updating by back propa-

gation neural network method. The PIDNNC will 

choose the control action according to set-point and 

pH area. The simulation results satisfactory perfor-

ming to achieving the 2%-5% steady state error or the 

pH 7 (neutral) can be obtained. The test for load or 

disturbance present in several set-point are also well 

done. 
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Fig. 8. Tracking pH set-point change from 6 to 8 with PIDNNC (a). pH 

output (b). Base Flow (c) Proportional PID (d) Integral and derivative 

PID Controller 
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VII.  APPENDIX 

The parameter that is used in neutralization tank figure 

1 presented below. 

Reaction Tank (TK 661) 

Tank Volume   : 67,800 liter 

Number of input, output  pipe  : 4, 1 

Flow rate pipe 1(H3PO4)  : 119,800 kg/hr 

Flow rate pipe 2(HF)  : 2,400 kg/ hr 

Flow rate pipe 3 (HCl)  : 40,606 kg/ hr 

Flow rate pipe 4 (H2S)  : 8,000 kg/ hr 

Titration Flow rate  : Max 14.5m
3
/hr 

Fluid inputs   : H3PO4, HF, HCl, 

H2S, Solid 

Transmitter (pH Sensor) 

Type                   : Coaxial Cable 

Output signal   : 4–20 mA DC 

Scale range   : 0–14 pH 

Repeatability   : 0.05 pH 

Min. Source for driving  : 13 V DC 

Minimum Scale   : 0.2 pH    

 

Control Valve 

Scattering   : TEF/CARBON 

Back ring   : SUS 316 

Flow Liquid   : Max 14.5 m
3
/H 

Normally 11.8 

m
3
/H 

Pressure    : P1 1.2  kg/cm
2
  

P2 0.8 kg/cm
2
  (∆P 

0.4  kg/cm
2
) 

Fluid    : Lime Milk 

Temperature   : 50
o
C 

Visc      : 5 CP 

Potitioner   : Air to Open 

Function           : partial equal per-

centage 


