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SYNOPSIS

           The aim of the project is “Prediction Of  Missing Values For Anaerobic Waste Water Reactor Using SOM”(Self-organizing map).Prediction of missing value is an important and challenging task for monitoring the waste water treatment plant. However, there are many limitations of the available data for model identification, calibration, and verification, such as the presence of missing values . For analyzing , these gaps in the  data cannot be discarded but must be replaced by more reasonable estimates.

Self organizing map (SOM)-based methods are applied to missing data reconstruction for an  anaerobic waste water reactor. The SOM is a special kind of artificial neural networks that can be used for analysis and visualization of large high-dimensional data sets. It performs both in a nonlinear mapping from a high-dimensional data space to a low-dimensional space aiming to preserve the most important topological and metric relationships of the original data elements and, thus, inherently clusters the data.

 Hence self-organizing map SOM, unsupervised neural networks, is used for predicting the missing values and compares the results with those of multiple regression and back propagation network. This task is the first step in modeling the WWTP using intelligent techniques such as artificial neural networks.
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1. INTRODUCTION

Wastewater means water, which has been spent or wasted in any form of its use. Every community produced both liquid and solid waste. Wastewater may be defined as a combination of the liquid or water-carried wastes removed from residences, institutions, and commercial and industrial establishments, together with such groundwater, surface water and storm water as may be present. The disposal of large quantity of wastewaters without adequate treatment results in significant environmental pollution. The increased concern about environmental issues has encouraged specialists to focus their attention on the proper operation and control of wastewater treatment systems. However, serious environmental and public health  problems may result from improper operation of a wastewater treatment system (WWTS), as discharging contaminated effluent to a receiving water body can cause or spread various diseases to human beings .Any of the mechanical or chemical processes used to modify the quality of wastewater in order to make it more compatible or acceptable to humans. The principal objective of wastewater treatment is generally to allow human and industrial effluents to be disposed of without danger to human health or unacceptable damage to the natural environment

Anaerobic digestion techniques are becoming increasingly popular for the treatment of various types of wastewaters because of their low initial and operational costs, smaller space requirements, high organic removal efficiency and low sludge production, combined with a net energy benefit through the production of biogas. Anaerobic digestion provides an effective way of degrading organic material in wastewater . Anaerobic wastewater treatment is the  biological treatment of wastewater without the use of air or elemental oxygen. The organic pollutants are converted by anaerobic microorganisms to a gas containing methane and carbon dioxide, known as "biogas".Various anaerobic reactor design have been developed over the past two decades namely anaerobic filter, upflow anaerobic sludge blanket, anaerobic fluidised bed reactor etc.

A sensor that does not deliver a measurement value, which makes the sample incomplete, causes a missing value. Depending on the measuring equipment, missing values appears as blanks, zeros or negative values for entities limited to positive values.
1.1  PROBLEM DESCRIPTION

A method for exploratory analysis of a large data set from a Anaerobic wastewater reactor has been obtained. With properly designed data collection systems, the quality of the data is pretentious with the presence of discontinuity or gaps in the data record of which create severe handicaps in modeling and identification of the process. The main aim of this work is to analyze the data considering missing values taken by using the Self-Organizing Map (SOM).

SYSTEM  CONFIGURATION
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2. SYSTEM CONFIGURATION

This section describes the hardware and software specification needed for both development and implementation phases of this project.

2.1 HARDWARE SPECIFICATION

Processor

:  Intel® Pentium®

RAM

:  512 MB

Monitor

:  14 Inch HCL Color Monitor

Keyboard

:  HCL 
Pointing device       : Optical Mouse
2.2 SOFTWARE SPECIFICATION
 Tool

:  MATLAB 
Operating System
:  Microsoft Windows XP 

2.3 ABOUT THE SOFTWARE
Introduction About Matlab

             MATLAB is a high-performance language for technical computing. It integrates computation, visualization, and programming in an easy-to-use environment where problems and solutions are expressed in familiar mathematical notation. 

            Typical uses include Math and computation Algorithm development Data acquisition Modeling, simulation, and prototyping Data analysis, exploration, and visualization Scientific and engineering graphics Application development, including graphical user interface building MATLAB is an interactive system whose basic data element is an array that does not require dimensioning. This helps to solve many technical computing problems, especially those with matrix and vector formulations, in a fraction of the time it would take to write a program in a scalar non interactive language such as C or Fortran. 

            The name MATLAB stands for matrix laboratory. MATLAB was originally written to provide easy access to matrix software developed by the LINPACK and EISPACK projects In university environments, it is the standard instructional tool for introductory and advanced courses in mathematics, engineering, and science.        

            Toolboxes are comprehensive collections of MATLAB functions that extend the MATLAB environment to solve particular classes of problems. Areas in which toolboxes are available include signal processing, control systems, neural networks, fuzzy logic, wavelets, simulation, and many others.

     

MATLAB has extensive facilities for displaying vectors and matrices as graphs, as well as annotating and printing these graphs. It includes high-level functions for two-dimensional and three-dimensional data visualization, image processing, animation, and presentation graphics. It also includes low-level functions that allow you to fully customize the appearance of graphics as well as to build complete graphical user interfaces on your MATLAB applications. 

           The MATLAB API.   This is a library that allows you to write C and Fortran programs that interact with MATLAB. It includes facilities for calling routines from MATLAB (dynamic linking), calling MATLAB as a computational engine, and for reading and writing MAT-files.
Key Features
· High-level language for technical computing

· Development environment for managing code, files, and data

· Interactive tools for iterative exploration, design, and problem solving

· Mathematical functions for linear algebra, statistics, Fourier analysis, filtering,     optimization, and numerical integration

· 2-D and 3-D graphics functions for visualizing data

· Tools for building custom graphical user interfaces

· Functions for integrating MATLAB based algorithms with external applications and languages, such as C, C++, Fortran, Java™, COM, and Microsoft® Excel®
Syntax
The MATLAB application is built around the MATLAB language. The simplest way to execute MATLAB code is to type it in the Command Window, which is one of the elements of the MATLAB Desktop. When code is entered in the Command Window, MATLAB can be used as an interactive mathematical shell. Sequences of commands can be saved in a text file, typically using the MATLAB Editor, as a script or encapsulated into a function, extending the commands available
Structures

MATLAB supports structure data types. Since all variables in MATLAB are arrays, a more adequate name is "structure array", where each element of the array has the same field names. In addition, MATLAB supports dynamic field names (field look-ups by name, field manipulations etc). Unfortunately, MATLAB JIT does not support MATLAB structures, therefore just a simple bundling of various variables into a structure will come at a cost MATLAB can call functions and subroutines written in the C programming language or Fortran. A wrapper function is created allowing MATLAB data types to be passed and returned. The dynamically loadable object files created by compiling such functions are termed "MEX-files" (for MATLAB executable).
Interfacing with other languages

Libraries written in Java, ActiveX or .NET can be directly called from MATLAB and many MATLAB libraries (for example XML or SQL support) are implemented as wrappers around Java or ActiveX libraries. Calling MATLAB from Java is more complicated, but can be done with MATLAB extension, which is sold separately by MathWorks, or using an undocumented mechanism called JMI (Java-to-Matlab Interface),Java Metadata Interface which should not be confused with the unrelated  that is also called JMI.

As alternatives to the MuPAD based Symbolic Math Toolbox available from MathWorks, MATLAB can be connected to Maple or Mathematica. 

MATLAB has a direct node with modeFRONTIER, a multidisciplinary and multi-objective optimization and design environment, written to allow coupling to almost any computer aided engineering (CAE) tool. Once obtained a certain result using Matlab, data can be transferred and stored in a modeFRONTIER.

Neural Network Toolbar

Neural networks are composed of simple elements operating in parallel. These elements are inspired by biological nervous systems. As in nature, the network function is determined largely by the connections between elements. Neural network can train  to perform a particular function by adjusting the values of the connections (weights) between elements. Commonly neural networks are adjusted, or trained, so that a particular input leads to a specific target output. The network is adjusted, based on a comparison of the output and the target, until the network output matches the target. Typically many such input/target pairs are needed to train a network. 

Neural networks have been trained to perform complex functions in various fields, including pattern recognition, identification, classification, speech, vision, and control systems. Today neural networks can be trained to solve problems that are difficult for conventional computers or human beings. Throughout the toolbox emphasis is placed on neural network paradigms that build up to or are themselves used in engineering, financial, and other practical applications.
Key Features

· Neural network design, training, and simulation

· Pattern recognition, clustering, and data-fitting tools

· Supervised networks including feedforward, radial basis, LVQ, time delay, nonlinear  autoregressive (NARX), and layer-recurrent

· Unsupervised networks including self-organizing maps and competitive layers

· Preprocessing and postprocessing for improving the efficiency of network training and assessing network performance

· Modular network representation for managing and visualizing networks of arbitrary size
· Routines for improving generalization to prevent overfitting

· Simulink® blocks for building and evaluating neural networks, and advanced blocks for control systems applications

SYSTEM  analysis
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3. SYSTEM  ANALYSIS

System analysis is the general term that refers to an orderly and structured procedure for identifying and solving problems. It involves the study of existing system to understand how they function. This knowledge will helps to identify what the new system should include.
3.1 EXISTING SYSTEM:
Fuzzy C Means Clustering (FCM) and K-Means Clustering are the main existing system for this work. With Fuzzy C-Means, each data point has the degree of belonging in a cluster to depend on other centers producing impractical results. Due to the influence of the entire data member the cluster center tend to move towards the center of all the data points.

Hence FCM has long computational time than K-means on iterative updating the cluster center and the membership grades for each data point. But they provide good results if the clusters are compact.

Difficulty in comparing quality of the clusters produced (e.g. for different initial partitions or values of K affect outcome). Fixed number of clusters can make it difficult to predict what K should be. Does not work well with non-globular clusters.
3.2 PROPOSED SYSTEM
The main aim of this work is to analyze the data considering missing values taken by using the Self-Organizing Map (SOM).The SOM also called feature map and different from other artificial neural networks in the sense that they use a neighborhood function to preserve the topological properties of the input space.
SOM algorithm is based on unsupervised, competitive learning and its for predicting the missing values and result is compare with those of multiple regression and back propagation neural network. 

                          SYSTEM  DEsign                                      

[image: image7.png]



4. SYSTEM DESIGN

System design is the process of planning a new system to complement or altogether replace the old system. The purpose of the design phase is the first step in moving from the problem domain to the solution domain. The design of the system is the critical aspect that affects the quality of the software. System design is also called top-level design. The design phase translates the logical aspects of the system into physical aspects of the system.
4.1 INPUT DESIGN
As the project is concentrated fully on prediction of missing values for anaerobic waste water reactor so the input parameters  which is consider for the process are CODt, Flow Rate,HRT.
Chemical Oxygen Demand (COD)

Chemical oxygen demand (COD) is the amount of oxygen required to oxidize the organic carbon completely to carbon dioxide (CO2), water (H2O) and ammonia. COD is therefore a measure of the oxygen equivalent of the organic matter as well as microorganisms in the wastewater The carbonaceous material representation in the terms of the chemical oxygen demand (COD). The total COD (CODt ) is divided into COD soluble (CODs ) , COD particulate (CODp ). 

   Flow Rate:
A fluid power variable that describes how much fluid is being moved and how much work is being performed. Flow rate is usually measured in gallons per minute (gpm) or liters per minute (lpm).
Hydraulic Retention Time
The hydraulic retention time (HRT) is the time that the influent spends in the aeration tank .It is expressed as 
HRT =1 /D = Va  / Q

where Va is the volume of aeration tank, Q  is the flow rate of the influent into the aeration tank and  D  is the dilution rate.
4.3 OUTPUT DESIGN
    
 Output design generally refers to the results and information that are generated by the system.

The first process is to load the dataset –data collected from an  Anaerobic waste water reactor. It has to be preprocessed for identifying the missing values by calculating  the mean and standard deviation. For training the dataset, learning process takes place. Then the dataset is tested for validation, filling in the missing data and finding the error rate for the better performance on the basis of quantization error, topological error, test error and mean square error for the process.

SYSTEM DEVELOPMENT                                
[image: image8.png]



5. SYSTEM DEVELOPMENT
5.1 MISSING VALUE
A missing value is caused by a sensor that does not deliver a measurement value, or by a fault in the measurement tools, or even by human mistakes. Depending on the measurement equipment, missing values can appear in the record as, for instance, blanks, zeros, or negative values for entities limited to positive values. Therefore, missing values are often simple to detect in data a record.

Missing values are a serious problem as they distort the dynamic properties of the signal. In order to perform a dynamic analysis, the missing values must be estimated, especially when multivariate analysis is considered, as failure to estimate them makes the complete sample difficult to be used. They may lead to severe problems in model identification process, particularly when tools such as artificial neural networks model is used. As these tools require long periods of good and reliable data, it is important that the number of missing values is kept at a minimum.
5.2 REPLACING MISSING VALUES
If there are relatively few missing points, there are some models, which can be used to estimate values to complete the series, such as replacing missing values with the mean or median of the data. Simple linear regression can also be used to estimate missing values. Multiple regression will work best if the number of  parameters having missing values in their records is small; otherwise developing different predictive regression equations for a large number of  parameters will be time wasting. Backpropagation neural network  modeling is used.

In calculations of a mean, a fixed percentage of data is dropped from each end of an ordered data. The mean is then calculated using the remaining data. However, using these types of models to predict missing values in a long time series is difficult and often unreliable, particularly if the number of values to be in-filled is relatively high in comparison with the total record length. The accuracy of the estimate depends on how good and representative the model is and how long the period of missing values extends.

The Anaerobic Waste Water Reactor is a dynamic process, so any variable is dependent, not just on the historical time series of the same variable but also on several other variables or parameters of the process. In other words, the problem is an exercise in multivariate analysis rather than the univariate approach of most of the traditional methods of estimating missing values. A multivariate model will therefore be more representative than the univariate one for predicting missing values. The SOM offers a simple and robust multivariate model for data analysis, thus providing good possibilities to estimate missing values, taking into account its relationship or correlation with other pertinent variables in the data record.

5.3 DATA VALIDATION AND DATA RECONSTRUCTION USING SELF-  ORGANIZING MAPS
5.3.1 General considerations in SOM

The self-organizing feature maps draw some inspiration from the way we believe the human brain works. Research has shown that the cerebral cortex of the human brain is divided into functional subdivisions and that the neuron activity decreases as the distance to the region of initial activation increases .There are several public domain implementations of SOM, of which we would like to highlight the SOM_PAK and Matlab SOM Toolbox, both developed by Kohonen’s research group. The Kohonen’s SOM is trained using unsupervised learning to produce low-dimensional representation of the training samples while preserving the topological properties of the input space. It performs a topology preserving mapping from high-dimensional space onto map units so that relative distances between data points are preserved. The map units, or neurons, form usually a two-dimensional regular lattice. The SOM  can thus serve as a clustering tool of high-dimensional data. It also has capability to generalize, i.e. the network can interpolate between previously encountered inputs. Each neuron i of the SOM is represented by an N-dimensional weight where n is the dimensional of the input vectors. The weight vectors of the SOM form a codebook also called prototype vectors or referent vectors. The neurons of the map are connected to adjacent neurons by a neighborhood relation, which dictates the topology of the map. Usually rectangular or hexagonal topology is used. Immediate neighbors (adjacent neurons) belong to neighborhood Ni of the neuron i. In the basic SOM algorithm, the topological relations and the number of neurons are fixed from the beginning. The number of neurons determines the granularity of the mapping, witch affects accuracy and generalization capability of the SOM. 

The SOM consists of two layers: The multidimensional input layer and the competitive or output layer, both of these layers are fully interconnected as illustrated in Fig. 1. The output layer consists of M neurons arranged in a two-dimensional grid of nodes. Each node or neuron I (i=1,2, . . . ,M)  is represented by an n-dimensional weight or reference vector Wi= [wi1, . . . . ,win], where n=dimension of the input vector, i.e., the number of variables in the input vector. Garcia and Gonzalez 2004 offer guidance on determining the optimum number of neurons, which is
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where N=total number of data samples. Once M is known, the number of rows and columns in the KSOM can be  determined. A guideline by Garcia and Gonzalez (2004), which also seems to work well is
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where l1 and l2=number of rows and columns respectively; e1 =biggest eigen value of the training data set; and e2=second biggest eigen value.

5.3.2 Training the SOM

The multidimensional input data are first standardized by deducting the mean and then dividing the result by the standard deviation. A standardized input vector is chosen at random and presented to each of the individual neurons for comparison with their code vectors in order to identify the code vector most similar to the presented input vector. The identification uses the Euclidian distance, which is defined as
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where Di=Euclidian distance between the input vector and the weight vector i; xj= jth element of the current input vector; wij = jth element of the weight vector i; and n=dimensional of the input vector. The neuron whose vector most closely matches the input data vector i.e., for which Di is minimum is chosen as a winning node or the best matching unit BMU. The weighing factor is given as
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where t denotes time; 
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=learning rate at t;  hci (t) =neighbourhood function centered in the winner unit c at time t; and all the other variables are as defined previously. The number of iteration can be increased by
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where 
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=initial learning rate and T=training length. The quantization error is calculated by
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where qe=quantization error; Xi =ith data sample or vector; Wc  =prototype vector of the best matching unit for Xi; and 
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 denotes the Euclidian distance. The topological error is calculated by,
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Fig 1 Prediction of missing components of the input vector using the self-organizing map (BMU=Best Matching Unit)

5.4 BACKPROPAGATION
Backpropagation was created by generalizing the Widrow-Hoff learning rule to multiple-layer networks and nonlinear differentiable transfer functions. Input vectors and the corresponding target vectors are used to train a network until it can approximate a function, associate input vectors with specific output vectors, or classify input vectors in an appropriate way as defined. Networks with biases, a sigmoid layer, and a linear output layer are capable of approximating any function with a finite number of discontinuities.

Standard backpropagation is a gradient descent algorithm, as is the Widrow-Hoff learning rule, in which the network weights are moved along the negative of the gradient of the performance function. The term backpropagation refers to the manner in which the gradient is computed for nonlinear multilayer networks. There are a number of variations on the basic algorithm that are based on other standard optimization techniques, such as conjugate gradient and Newton methods. The Neural Network Toolbox implements a number of these variations.

The backpropagation algorithm could be summarized as follows:

· A set of training inputs and corresponding target outputs are supplied to the network;

· The network calculates the error signals, and this is used to adjust the weights;

· After many forward and backward passes, the network error reaches a minimum on the training data;

· The network is tested on test data it has not seen before to measure the generalization ability of the network.

A single pass of the first two steps above is known as an epoch. Training usually lasts in some cases thousands of epochs until the network error is below a certain threshold.
This network is formed in three layers, called the input layer, hidden layer, and output layer. Each layer consists of one or more nodes. The lines between the nodes indicate the flow of information from one node to the next. In this particular type of network, the information flows only from the input to the output (that is, from left-to-right). The nodes of the input layer are passive, meaning they do not modify the data. They receive a single value on their input, and duplicate the value to their multiple outputs. In comparison, the nodes of the hidden and output layer are active. The variables will  hold the data for evaluation process . Each value from the input layer is duplicated and sent to all of the hidden nodes. This is called a fully interconnected structure. The values entering a hidden node are multiplied by weights, a set of predetermined numbers stored in the program. The weighted inputs are then added to produce a single number. Hence it refered by the symbol is  ∑. Before leaving the node, this number is passed through a nonlinear mathematical function called a sigmoid. This is an "s" shaped curve that limits the node's output. That is, the input to the sigmoid is a value between -∞ and +∞, while its output can only be between 0 and 1. 
This networks can have any number of layers, and any number of nodes per layer. In this applications , the three layer structure with a maximum of a eighty seven  input nodes. The hidden layer is usually about 10% the size of the input layer, hence here it comprises of 29 nodes. In the case of target detection, the output layer only needs a single node. The output of this node is thresholded to provide a positive or negative indication of the target's presence or absence in the input data.

5.5 MULTIPLE REGRESSION
A statistical measure that attempts to determine the strength of the relationship between one dependent variable (usually denoted by Y) and a series of other changing variables (known as independent variables) is called regression.

The two basic types of regression are linear regression and multiple regressions. Linear regression uses one independent variable to explain and/or predict the outcome of Y, while multiple regression uses two or more independent variables to predict the outcome. The general form of each type of regression is: 
Linear Regression:Y= a + bX + u 
Multiple Regression: Y = a + b1X1 +  b2X2 + B3X3 + ... + BtXt + u

Where:
Y= the variable that we are trying to predict
X= the variable that we are using to predict Y 
a= the intercept 
b= the slope 
u= the regression residual. 
             Multiple Regression is a statistical technique for estimating the relationship between a continuous dependent variable and two or more continuous or discrete independent, or predictor variables. The value of the multiple regression approach lies in its capacity to estimate the relative importance of several hypothesized predictors and its ability to assess the contribution of the combined variables to change in the dependent variable. Indices are often constructed so that a group of ordinal variables can be treated as single Interval-Ratio variable. 
            In multiple regression the separate variables are differentiated by using subscripted numbers. Regression takes a group of random variables, thought to be predicting Y, and tries to find a mathematical relationship between them. This relationship is typically in the form of a straight line (linear regression) that best approximates all the individual data points. Hence the purpose of multiple regression is to analyze the relationship between metric independent variables and a metric dependent variable. If there is a relationship, using the information in the independent variables will improve our accuracy in predicting values for the dependent variable.
APPLICATION
The invalid data have always been considered like a source of information distortion gotten from raw data. It is therefore necessary to highlight the diversity of available methods to interpret or to characterize these abnormal values, either while rejecting them in order to restore the data initial properties or while adopting methods that decrease their impact during the statistical analysis. The SOM was used to predict the missing values and identified  treated as missing values in data records obtained from a large wastewater treatment plant.

           Experimental analysis            
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6. EXPERIMENTAL ANALYSIS

As shown in Table, there are large numbers of missing values which cannot be thrown away. In addition, the missing values occur randomly within the data array.
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The above table the main focus on the parameter value is influent CODt, Flow Rate and HRT.

SOM ANALYSIS

The SOM Toolbox for MATLAB 5 is used in this project . The toolbox was developed by the SOM team at the Helsinki University of technology. Initial preparation of the data provided by Thames Water was carried out using Microsoft EXCEL. The computation for training and searching for the BMUs was done starting with the default values for the learning rate 
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=max(l1 , l2)/4) in the SOM Toolbox, where l1 and l2=dimensions of the map as presented in Eq. (3). In computing the size (and dimensions)  of the map, the Toolbox uses Eq. (2) but adjusts the final map units M such that it is equal to the product of l1 and l2 exactly. In making this final adjustment, the estimated number of map units may be slightly different from that obtainable with Eq. (2).

High dimensional Large database are required for the   application to perform the classification correctly. In this system a sample of  87  samples  are collected waste water treatment plant. Influent COD, Flow rate,HRT  are taken for analysis.  The  61  samples  are taken as training  and remaining 26 samples are taken as testing. The computation complexity and error rate is calculated. For comparison multiple regression method and backpropagation method is used.

Generally, no matter how much we train the network, there will always be some difference between any given input pattern and the neuron it is mapped to. This is a situation identical to vector quantization, where there is some difference between a pattern and its code-book vector representation. Thus, this  type of difference as the quantization error, and use it as a measure of how well our neurons represent the input patterns. In other words the quantization error in calculated by summing all the distances between each input pattern and the neuron to which is mapped, giving a notion of the quality of the representation achieved by the SOM.

               In order to evaluate the complexity of the output space the topological error is computed. The topological error measures the average number of times the second closest neighbor to a given ED is not mapped to a neighbor of the first. The highest the topological error the more complex the output space is. A high topological error may indicate that the classification problem is complex and preserving the topology is difficult, or it may suggest that the training was not adequate and the network is folded. 

                  The mean squared error (MSE) of an estimator is one of many ways to quantify the difference between values implied by an estimator and the true values of the quantity being estimated. MSE is a risk function, corresponding to the expected value of the squared error loss or quadratic loss. MSE measures the average of the squares of the "errors." The error is the amount by which the value implied by the estimator differs from the quantity to be estimated. The difference occurs because of randomness or because the estimator doesn't account for information that could produce a more accurate estimate. 
Table display:
[image: image23.png]Modeling | Quantization | Topological | Test Exror | MSE
Method Error Error

SOM 0.479 0.046 104286 | 0.124
Regression | 0.486 0.062 14525 | 0.762
BPNN 0.532 0.054 16012 | 0.467





From above table, the SOM method gives better performance on the basis of quantization error, topological error, test error and mean square error

.

CONCLUSION
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7. CONCLUSION

Water is one of the useful natural resources and it is facing several problems with the fast development of large number of industries. Almost all the industries discharge the wastewater into any pure water bodies without treating it. This is turned out to be a biggest threat to human lives and many other aquatic organisms. Hence it is necessary to treat or purify the water before discharging it into other water bodies. COD is an essential test for evaluating the quality of effluents and wastewaters prior to discharge. 
In this project, SOM(Self-organizing map)method is applied for prediction of missing  values for anaerobic waste water reactor. The results demonstrated that the SOM is an excellent tool for predicting missing values from a high-dimensional data set. A comparison of the SOM with multiple regression analysis and back-propagation neural networks showed that the SOM is superior in performance in the error rate to either of the two latter approaches. 

              Future enhanCEment           
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8. SCOPE FOR FUTURE ENHANCEMENT

The proposed system proved successful in finding out the missing values  for the Anaerobic waste water reactor dataset, is filled and verified. This system can be further implemented for finding out the outliers – the value which is smaller or larger than most of the other values of the data set .Finding out the missing values and outliers for a particular dataset improve the processing and produces accurate results.  The implementation can be applied for the system where higher level of accuracy is needed.
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APPENDIX 

SYSTEM FLOW DIAGRAM
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DATASET USED
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INFLUENT COD DATA DISTRIBUTION WITH MISSING VALUE
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INFLUENT COD DATA DISTRIBUTION WITH PREDICTED MISSING VALUE
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COMPARED RESULT FOR INFLUENT COD DATA
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FLOW RATE DATA DISTRIBUTION WITH MISSING VALUE
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FLOW RATE DATA DISTRIBUTION WITH PREDICTED MISSING VALUE
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COMPARED RESULT FOR FLOW RATE DATA
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HRT DATA DISTRIBUTION WITH MISSING VALUE
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HRT DATA DISTRIBUTION WITH PREDICTED MISSING VALUE

[image: image37.png]Filled Value in HRT

- - Predicted

anjea LK

oF

90

80

70

60

50

0

30

20

10

Noof sarmple




COMPARED RESULT FOR HRT DATA
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FINAL DATASET
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