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Abstract: In developing countries like India, common effluent treatment plants (CETPs) are often suggested as 
cost-effective options for centralized treatment of effluents emerging from separate waste-streams. The treatment/
operation cost of CETPs is met by individual waste generators in proportion to the strength of the waste generated 
by them. This necessitates the regular determination of parameters such as BOD, which often is cost intensive, 
requires specialized lab personnel, and is time consuming (3-5 days minimum). Approximation of BOD, therefore, 
presents a relevant strategy which can save upon cost, effort and time. This paper presents a framework that 
employs Artificial Neural Network (ANN) technique to approximate influent and effluent BOD for common 
effluent treatment process. The framework is applied to the case of a CETP at Bhopal city, India. In the present 
work, a three-layered feed forward ANN that compares two different learning algorithms has been applied, and 
suitable architecture of the neural network models has been ascertained after several steps of training and testing 
of the models. The results indicate accuracy above 90%, thereby ANN proves to be a promising tool in the field 
of modelling.
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Introduction

Small-scale industries (SSIs) have a very important role 
in overall industrial development in India and growth of 
SSI units has been actively promoted by Government 
of India to induce balanced economic growth and to 
distribute the benefits of industrial development in 
an equitable manner. It is difficult for each industrial 
unit to provide and operate individual wastewater 
treatment plant because of the scale of operations or 
lack of space or technical manpower (Common Effluent 
Treatment Plant: A Solution or a Problem in itself, 
Toxics Link, November, 2000). However, the quantum 
of pollutants emitted by SSI clusters may be more than 
an equivalent large scale industry, since the specific rate 
of generation of pollutants is generally higher because 
of the inefficient production technologies adopted by 

SSIs. Thus concept of CETP was adopted as a way to 
achieve end-of-pipe treatment of combined wastewater 
at lower unit cost than could be achieved by individual 
industries. Wastewater treatment processes, consisting 
of a sequence of complex physical, chemical and 
biochemical processes, and their dynamics are non-
linear and usually time-varying (Raha, 2007). Thus 
it is very important to control its dynamic behaviour. 
With these objectives, there has been a shift of focus 
from plant design and plant operation to mathematical 
modelling. Modelling is a valuable tool in both design 
and operation, and can be used for process optimization 
and testing of control strategies in order to meet 
effluent quality requirements at a reasonable cost. In 
addition, modelling helps researchers to develop a better 
understanding of the process and provides a significant 
potential for solving operational problems (Yetilmezsoy, 
2007).
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Modelling of CETP is important for predicting plant 
performance and operation. In addition some important 
process variables cannot be measured on-line, e.g. 
BOD5 requires 5-day incubation, and this makes it 
difficult to find and solve the problematic situation in 
time (Al-Asheh, 2007). Therefore, modelling of CETP 
is a difficult task and most of the available models 
are just approximate ones based on, probably severe, 
assumptions (Lee, 1999; Hamoda, 1999). Operational 
control of a biological wastewater treatment plant 
is often complicated because of variation in raw 
wastewater compositions, strengths and flow rates 
owing to the changing and complex nature of the 
treatment process (Hamoda, 1999). But thanks to 
the recent developments in automation technology, 
nowadays instruments, control elements can be used 
to implement strategies and policies to handle most 
processes and problems in treatment plants (WWTPs). 
The intelligent control systems use artificial intelligence 
(AI) inspired tools to better control complex processes 
(Luccarini, 2010).

In recent years, artificial neural networks (ANNs) 
have shown some promise for modelling water 
treatment processes. The main advantage ANNs have 
over physically based models is that they are data-driven 
and underlying relationships using examples of the 
desired input-output mapping (Maier, 2001).

In present work, ANN models were developed for the 
approximation of BOD at the inlet and at outlet. The 
models were applied to the influent and final effluent 
streams of CETP at Govindpura industrial area in the 
Bhopal (M.P.), India. The objective of present work is 
to achieve the best effluent forecasting with minimum 
number of inputs.

Methodology 

Artificial Neural Network (ANN)
ANN consists of an information-processing paradigm 
and a pattern recognition tool inspired by how the 
biological nervous systems process information. The 
artificial model of the brain is known as Artificial Neural 
Network (ANN) or simply Neural Networks (NN). ANN 
uses input-output response patterns to map a function 
approximation to the underlying governing rules of the 
output responses corresponding to specific inputs in a 
convoluted physical space. Neurons usually operate in 
parallel and are configured in regular architectures. They 
are often organized in layers. The first is the input layer 
that receives the input and processes it to the hidden 
layer. The nodes of the hidden layer enhance the ability 

of ANN to model complex relationships. The number 
of hidden nodes depends on the number of training 
patterns, the amount of data noise, and the complexity 
of the function that ANN is approximating. The output 
layer presents ANN predicted output.

The artificial model of neuron consists of three 
elements: (1) A set of synapses or connection links, 
each of which is characterized by a weight or strength 
of its own. Specially, a signal xj at the input of synapse 
j connected to neuron k is multiplied by the synaptic 
weight wkj. Unlike a synapse in the brain, the synaptic 
weight of an artificial neuron may lie in a range that 
includes negative as well as positive values. (2) An 
adder for summing the input signals, weighted by the 
respective synapses of the neuron. (3) An activation 
function or transfer functions for limiting the amplitude 
of the output of a neuron (Ulku, 2005). 

The neuron model can also include an externally 
applied bias, denoted by bk. The bias bk has the effect 
of increasing or lowering the net input of the activation 
function depending on whether it is positive or negative, 
respectively (Ulku, 2005) as per Figure 1.

Figure 1: Structure of three-layer ANN.

Mathematically, the neuron k will be described by 
the following equation: 

	 uk =	 w xkj j
j

m

∑ 	 (1)

where {x1,…, xm} are the input signals and {wk,1,…., 
wk,m} are the synaptic weights of neuron k. The 
activation function, denoted by f(net), defines the output 
of a neuron which considerably influences the behaviour 
of the network,

	 net =	uk + bk	 (2)

	 yk =	f (net),	 (3)
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where bk is threshold value and f is activation function 
in ANN. 

Work Area Details 

General Description of Plant, CETP Govindpura 
(Bhopal)

For treatment of combined industrial wastewater 
from Govindpura Industrial Area, an agency known 
as Govindpura Audhyogik Kshetra Pradushan Nivaran 
Pvt. Ltd. (GAKPNPL) had installed a Common Effluent 
Treatment Plant (CETP). Designed capacity of CETP is 
900 m3/day. The designed removal efficiency of COD 
and BOD is 89% and 95% respectively. The treatment 
system consists of equalization tank, holding tanks, 
buffer tank, anaerobic treatment unit (Upflow Anaerobic 
Sludge Blanket, UASB) and flash aeration tank. 
For evaluating the performance of CETP, composite 
sampling was done for 24 hours. Grab samples were 
also collected. V-notch was provided for measuring 
the flow.

At present, six industries are participating in the 
Govindpura treatment plant for the wastewater treatment. 
Lilasons Breweries and Ramani Ice-cream industries 
are major contributors whereas the other industries 
which include EEI capsules, Rajsons dairy, Bhopal 
incinerators and Specialty organics are the minor ones 
(Table 1). After entering the treatment plant, wastewater 
is allowed to homogenize in equalization tank. This sets 
up the standard for treating the waste from variety of 
industries simultaneously. Waste from the equalization 
tank moves to the holding tank where it is held for 
about one hour. This facilitates settling and separation 

of heavy particles in the wastewater. Thereafter waste 
water is transferred to the neutralization tank where the 
pH of the wastewater is maintained by suitable alkali 
and acid dosing whichever is required. The effluent from 
the equalization tank is transferred to buffer tank where 
it is retained for a small period of one hour. The buffer 
tank accepts re-circulation flow from the UASB reactor 
along with raw wastewater. The buffer tank is provided 
to trigger the acitogenesis phase in the anaerobic 
treatment and pre-conditioning of the effluent before 
entering into the UASB (Figure 2). The effluent from 
buffer tank is then pumped to UASB reactor through 
a series of distribution pipes. This ensures a uniform 
flow of liquid throughout the sludge blanket making 
maximum use of available high bacterial population. 
The liquid rises to the top of UASB reactor along with 
biogas generated and also some sludge particles. The 
BOD of treated effluent is reduced by about 80%. The 
effluent from UASB reactor is subjected to flash aeration 
to increase the DO level in the effluent before discharge 
(Cicon Environment Technologies Ltd., Operation and 
Maintenance Manual, 2009). 

Table 1: BOD contribution from various industries

Industries              BOD (mg/l)    Remarks
Lilasons breweries 1400-1950 Regular
Ramani ice-cream 1700-2000 Regular
EEI capsules 1800-2200 Regular
Rajsons dairy 1700-2000 Regular
Bhopal incinerators 500-750 Regular
Speciality organics 6000-9000 Regular

Figure 2: Flow diagram of Common Effluent Treatment Plant, Industrial Area, 
Govindpura, Bhopal, MP, India.
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ANN Based BOD Models

Biological Oxygen Demand (BOD) Models
In an industry, the BOD test is used to measure waste 
loads to treatment plants, determine plant efficiency (in 
terms of BOD removal), and control plant processes. 
It is also used to determine the effects of discharges 
on receiving waters. But the analysis of BOD is time 
consuming. It requires 5-day incubation, and this makes 
it difficult to find and solve the problematic situation 
in time (Hamoda, 1999). In this study two artificial 
neural-networks (ANN) models were developed for the 
prediction of BOD, i.e. BOD at equalization and BOD 
at outlet, as shown in Figure 3. Model 1 predicts the 
BOD at equalization tank and model 2 predicts the BOD 
at the outlet of the plant. Data is collected from CETP, 
Govindpura over a period of five years from 01/04/2005 
to 30/08/2010. In ANN modelling, it is important to 
determine the dominant model inputs, as this reduces the 
size of the network, avoid unwanted noise, makes rule 
extraction easier, reduces training time and increases 
processing speed and the generalization ability of 
the network for a given data set (Lawrence, 1996; 
Castellano, 1997). This also reduces the requirement for 
quantity of training records to efficiently estimate the 
model parameters e.g. the connection weights (Cheng, 
1994; Lachtermacher, 1994). 

For larger networks, computational costs are high 
and might overfit the training data with too many 
nodes, and they generally require a large number of 
training samples to achieve good generalization ability 
(Bebis, 1994). For ANN-based modelling, single output 
is preferred, as they are generally more accurate than 
multiple-output models (Baxter, 1999). Inputs that are 
linearly correlated are avoided (Boger, 1997). The ANN 
input and output variables for present case study has 
been chosen based on engineering judgment on which 
input and may have a significant effect in predicting 
effluent BOD (see Table 2). The performance of one- 
hidden layer ANN is found to be better than two hidden 
layers ANN (Hamoda, 1999; Maier, 1998). Nodes in the 
hidden layers, although are very important for feature 
extraction from the patterns of input time series (Lee, 

1991; Maier, 1995), they normally have a very small 
weight changes and learn very slowly (Gallant, 1993); 
too many of them results in learning the noise present in 
the training database (El-Din, 2002). Here single hidden 
layer is used to create feed-forward fully-connected 
neural network (multi-layer perceptron). For both 
hidden and output layers hyperbolic tangent activation 
function is employed. 

 Results and Discussion

It is very important to clearly define the criteria by 
which the performance of model will be judged. 
In present application, performance criteria include 
network architecture in terms of node optimization in 
the hidden layer; also each network model is evaluated 
in terms of mean absolute error, training speed and 
correlation coefficient (R). Also performances of these 
models are compared on the basis of learning algorithm,

For Model 1, the architecture having six nodes in 
hidden layer proves to be the best network from the list 
of various networks (see Table 3). Similarly for Model 
2, best architecture is [7-8-1], as chosen on the basis of 
fitness criteria (see Table 4). The fitness is calculated as 
inversed mean absolute network error on the test set. It 
is evident that increasing the number of nodes does not 
increase the performance. To search the best architecture 
is purely trial and error process.

Total data set is divided into training set (68%), 
validation set (16%), and test set (16%). Minimization 
of the error function is the main objective of neural 
network training as shown in Tables 5 and 6. The 
simplest and the most commonly used condition is to 
stop training to fix the maximum number of iterations 
(500) so that network should not over-train (i.e. to 
memorize data instead of generalizing and encoding 

Table 2: Input/output parameters for BOD Model

Variable Input (I) or 
Output (O) Symbol

BOD of Lilason breweries
	 industry

I L

BOD of Ramani ice cream I R
BOD of E.E.I. capsules I E
BOD of Bhopal incinerators I B
BOD of Rajsons dairy I Rs
BOD of SP organics I SP
BOD of equalization tank I/O Eq
BOD of outlet point O O

Figure 3: Model 1 and Model 2.
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Table 7: Testing results for Model 1

AREAEOutputTarget
0.053101.981831.501855.09Mean
0.03159.98241.49271.36Std. 

  deviation
0.00011.6361341.731148.00Min
0.202398.922444.292666.00Max

R 0.912Correlation
0.84R-Squared

Table 3: Verified architecture for Model 1

[6-1-1] fitness: 0.010948
[6-15-1] fitness: 0.011149
[6-9-1] fitness: 0.010977
[6-5-1] fitness: 0.011208
[6-7-1] fitness: 0.010875
[6-3-1] fitness: 0.010433
[6-6-1] fitness: 0.011725

[6-6-1] architecture had the best fitness

Table 5: Summary of training for Model 1

Parameters Training Validation
Absolute error 102.97 104.21
Network error 0.02 0
Iteration 501                     501
Training speed (iter/sec) 357.85                 388
Architecture (6-6-1)
Training  algorithm Back propagation
Training stop  reason All iteration done

Table 4: Verified architecture for Model 2

[7-1-1] fitness: 1.046393
[7-18-1] fitness: 1.105153
[7-11-1] fitness: 0.963219
[7-7-1] fitness: 0.999775
[7-4-1] fitness: 0.960999
[7-9-1] fitness: 0.973048
[7-5-1] fitness: 0.981003
[7-8-1] fitness: 1.118431

[7-8-1] architecture had the best fitness

Table 6: Summary of training for Model 2

ValidationTrainingParameters
1.5321.178Absolute error

00.003Network error
501501Iteration

297.56227.72Training speed (iter/sec)
(7-3-1)Architecture
Back propagationTraining algorithm
All iteration doneTraining stop reason

Table 8: Testing results for Model 2

AREAEOutputTarget
0.0141.21684.09684.653Mean
0.0281.96413.8814.39Std. 

  deviation
0.0000.000346.2638Min
0.37619.41120.78129Max

R 0.988Correlation
0.972R-Squared

data relationships). After the completion of training test, 
testing operation starts and testing results are shown as 
Tables 7 and 8.

Performance is measured in terms of average absolute 
error and correlation between actual and predicted BOD 
“R”. For model 1, R is 0.912 and for model 2 value of 
R is 0.988. Model 2 shows quite good results.

ANN BOD Model 2 which predicts results at 
the outlet indicates a standard value of 100 mg/l of 
BOD for the CETP. But the effluent 15 times (Fig. 5) 
exceeds the standard value, stretched over a period of 
five years. For such periods wherein excessive BOD 
effluent is likely to be discharged, the operator needs 

to keep vigil, and precautionary measures should be 
taken. The evolved models were then used to prepare 
input importance tables, to delineate the contribution of 
load of individual industries into the CETP for possibly 
evolving a sustainable financial mechanism for charging 
individual industries as per their respective loads. From 
input importance tables (Figures 6 and 7), it is clear that 
Lilason brewery, Rajsons dairy and Bhopal incinerators 
are the prime contributors of BOD to the CETP.

Performance is also compared on the basis of 
two neural network (NN) algorithms, online back-
propagation and Levenberg-Marquardt algorithm, 
using mean absolute error and correlation factor as 
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Figure 4: Graph between Actual versus Predicted BOD for Model 1.

Figure 5: Graph between Actual versus Predicted BOD for Model 2.
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performance indicators as shown in Tables 9 and 10. 
The correlation coefficient for model 1 using online 
back propagation is 0.912 and by using LM is 0.903 and 
for model 2 it is 0.988 using online back propagation 
and 0.974 for LM. Also the mean absolute error (Test 
Set) is slightly more in case of LM than BPN. Thus, for 
this study results obtained by online back propagation 
are better than LM. 

Conclusions

This paper approximates the BOD removal efficiency 
of a CETP using ANN by applying two different 
models. The developed BOD models predict the BOD at 
equalization tank and at outlet of the CETP. Following 
are the conclusions of the analysis:
	1.	 Both ANN models have learnt very quickly and the 

training speed is quite high (> 200), which implies 
that the models are able to learn and map the 
relationships between inputs and output (effluent 
BOD) efficiently.

	2.	 The major contributors in predicting BOD at 
equalization and at outlet have been identified 
using a sensitivity analysis or input importance 

table. This implies that the industry which has the 
largest contribution (Lilason Brewery) needs to 
be regulated to a greater extent by the authorities 
such as the Pollution Control Board, India which 
facilitate in implementing the “polluter pays 
principle (PPP)” through load-based licensing 
(LBL) to protect, maintain and improve the quality 
of water environment.

	3.	 Here single hidden layer is fixed and then the 
number of nodes in each of these layers has been 
chosen according to fitness criteria, to create 
parsimonious ANN structure. It is evident that 
increasing the number of nodes does not increase 
the performance. Moreover smaller networks 
usually have better generalization ability, have 
higher processing speed, and can be implemented 
on hardware more easily. On the other hand, larger 
network over fits the training data with too many 
nodes.

	4.	 In recent years, there has been a major focus 
in ANN research on the development of more 
efficient training algorithms. In the present study, 
two neural network (NN) algorithms—online back-
propagation and Levenberg-Marquardt algorithm—

Table 9: Comparison of performance of 
Model 1 by Levenberg-Marquardt 
and back propagation algorithms

R-
squared

CorrelationAvg.
test
error

Training
algorithm

Architecture

0.840.91297.58Online-back
propagation

(6-6-1)

0.820.90398.54Levenberg-
Marquardt

(6-6-1)

Table 10: Comparison of performance of Model 2 
by Levenberg-Marquardt and back 

propagation algorithms

R-
squared

CorrelationAvg.
test
error

Training
algorithm

Architecture

0.9720.9881.681Online-back
propagation

(7-3-1)

0.9450.9742.695Levenberg-
Marquardt

(7-3-1)

Figure 6: Input importance table for Model 1. Figure 7: Input importance table for Model 2.

S.P. Organics

Ramani

Rajsons dairy

Bhopal incinerators

E.E.I. Cap

Lilasons

B.O. D/eq

S.P. Organics

Ramani

Rajsons dairy

Bhopal incinerators

E.E.I. Cap

Lilasons
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are compared according to their mean absolute 
error and correlation factor. LM have the ability to 
escape local minima in the error surface and thus 
produce optimal or near-optimal solutions but with 
a slow convergence rate. The training speed for 
model 1 using BPN is 357.85 itr/sec and by using 
LM, it is 52.5 itr/sec. Similarly for model 2 using 
BPN, training speed is 227.72 itr/sec and by using 
LM, it is 48.6 itr/sec. Thus if training speed is a 
major concern, there is no reason why the back 
propagation algorithm cannot be used successfully. 
It is also worth noting that feed forward networks 
trained with the back-propagation algorithm 
have already been used satisfactorily in many 
applications in water and waste water modelling. 

Both models approximate BOD proficiently (R > 
0.9) at equalization tank and at outlet of the CETP. 
Although at certain points effluent BOD exceeds the 
standard limit (Fig. 5), the incidents are predicted by 
the graph and timing of their occurrence can also be 
easily identified. For such periods wherein excessive 
BOD (above standard limit) is likely to be discharged, 
operator may take following precautionary measures:
	1.	 Buffering in the equalization tank.
	2.	 Asking the most polluting industry to discharge its 

effluent after a delay, if possible, and intermittently.
	3.	 Making appropriate dilutions by mixing temporarily 

with water available in the plant.
The operation acting on any of these is likely to 

control the CETP performance to the desired levels 
needed as per the requisite standards. Thus neural 
network do not perform miracles. But if used sensibly 
they produce some amazing results which can be 
effectively used by policy makers, planners and plant 
operators.
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