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The UASB reactor is a popular but complex anaerobic treatment mostly used to treat
wastewater loaded with high organic matter. Hence, it is subjected to many complexities due
to inconsistent quality and quantity of wastewater and therefore lots of uncertainties are
incorporated. Thus, a fuzzy model was developed incorporating five input parameters to
predict biogas production in UASBR treating distillery wastewater. A parametric sensitivity
analysis of a fuzzy model has been carried out to effectively analyze the influence of input
parameters on output. Effect of input parameters on the output parameter has been analyzed
through scatter plots. Also, importance based ranking of various input parameters was
conducted with the help of the sensitivity index. It was discovered that an increase in biogas
production would be achieved if the temperature, COD reduction, COD load and alkalinity to
acidity ratio is maintained as 35°C-42°C, 60,000-70,000 mg/L, 55,000-65,000 Kg/Day and
0.1-5 respectively. Moreover, the sensitivity indices of various parameters revealed that COD
load and COD reduction had more importance on predicting biogas production. The results of
the present study allow gaining important insights into key parameters which are responsible

for affecting the performance of the UASBR under various input conditions.

1. INTRODUCTION

Anaerobic treatment is a complex kind of biological process
in which microorganisms promote stable and self-regulating
fermentation and numerous continuous, independent and
parallel reactions to convert organic matter into carbon dioxide
and methane gases [1]. At present, the anaerobic treatment is
becoming more popular amongst environmental engineers and
decision-makers as it provides a suitable and sustainable
wastewater treatment system in developing countries [2] and
also facilitates various advantages over conventional
alternatives such as other anaerobic processes like anaerobic
lagoons, anaerobic filter reactors etc. and aerobic wastewater
treatments [2, 3]. Upflow Anaerobic Sludge Blanket Reactor
was first introduced by Lettinga [4] and is now one of the most
widely used high rate anaerobic wastewater treatment systems
due to its effectiveness to treat varieties of industrial
wastewaters including wineries [5], abattoirs [6], distilleries
[7] and pharmaceuticals [8] as well as municipal wastewater
[9].

UASBR is commonly known for its high metabolic activity
and great bioorganic stability [3]. The design and construction
of this system is also simple which leads to less initial cost and
energy consumption and hence, low operating costs [2, 3, 8,
10-12]. Moreover, it also facilitates biogas production [13],
less amount of sludge production [2] and less requirement of
land [11] compared to aerobic wastewater treatments. The
performance of UASBR fluctuates with many parameters like
flow rate, composition, organic loading rate, pH, Hydraulic
retention time, Volatile Fatty Acids and temperature [10]. This
also causes fluctuation in the biogas production [13] and
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effluent composition. However, based on the understanding of
the process dynamics obtained over the past few decades,
several efforts have been done to develop mathematical
models for quantifying the performance of a UASB reactor
under various operating conditions. Mathematical modeling of
wastewater treatment helps taking decisions while designing
treatment plants. It can also facilitate the most favorable sizing
of wastewater treatment plants, prediction of the composition
of the effluent and the impact of the plant on the environment.
Miliquez-Sanabria [14] developed the fast linear predictive
model of the UASB reactor for onion waste for biofuel
production. Dutta [3] evolved the modeling of a pilot-scale
UASB reactor to indicate the usability of the Anaerobic
Digestion Model (ADM) in the anaerobic process. Different
kinetic model equations and mass balance equations have been
developed to predict the dynamic response of the anaerobic
digester concerning the concentration of methane and total
biogas generation rate under different concentrations of
carbonaceous substances [15]. Based on the scenario
described above, the systems whose explanation would
involve a great amount of effort or computational burdens then
use of Artificial Intelligence (Al) technology seems to be a
very good option because of its ease of use, high-speed
operation and accuracy without the need to understand
physical issues [16]. Many researchers have used various tools
of Al to solve complex problems in a variety of fields [17].
The UASB reactor treating distillery wastewater is a
complex process because of several reasons such as variations
in pollutant concentrations, influent properties and other
physical, chemical, biological factors [18]. Additionally, the
stochastic deviations and variability in influent properties
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enforce operators to have proper operational control on the
system [19, 20]. Many uncertainties in the UASB system are
caused due to the complexity of anthropogenous activities,
treatment process and natural phenomena. Also, the
uncertainties arbitrarily keep on fluctuating depending upon
the quantity, quality and removal efficiencies of wastewater
[18]. Moreover, an increase in strict emission restrictions,
regulatory norms for disposal of wastewater into water body,
energy efficiency and recycling regulations force to maintain
an appropriate efficiency of the wastewater treatment plants
[21-23]. Therefore, various Al tools have been used by
researchers to conquer these problems. A neural network
model has been developed to predict the performance of
UASB reactor [24] and also an adaptive neural-fuzzy
inference system (ANFIS) has been used to predict the
performance of anaerobic digestion treating palm oil effluent
[25] but Tu [26] recorded that neural networks are “black box”
and require great computational resources as well as they have

limited ability to identify the possible practicable relationships.

Hence, an attempt has been made to develop a fuzzy rule-
based model to predict biogas production in a UASB reactor
treating distillery wastewater. A tool like fuzzy logic can
frequently be used for understanding complex systems having
diverse types of uncertainties [27] Moreover, Fuzzy logic has
the capability to converse, reason and make rational decisions
in an environment of imprecision, uncertainty, incomplete
information, conflicting information, partiality of truth and
partiality of possibility [28].

Furthermore, the sizing of the treatment plant is normally
done on the basis of various design criteria. However, the
change in parametric values of the influent may result in
variation of treatment efficiency and therefore, considering the
above-described scenario, the parametric sensitivity analysis
has also been carried for the developed fuzzy rule-based model
to study the robustness of the model.

Parametric sensitivity analysis is the study of how a change
in the input variable of a model affects the output of the model
[29]. There is always a need to obtain simple models,
measurements of errors, validation of the optimal set of
variables and understanding the correlation between input and
output parameters to study complex conditions and situations
present in different systems and hence to attain these
objectives, a sensitivity analysis seems to be the most
popularly and commonly used approach. The change in the
output due to the variations in the input shows how sensitive
the system is to these changes. Sensitivity analysis is a
powerful tool that verifies how the uncertainties of the
parameters are correlated with uncertainties of the output of
the system. Tian [30] amalgamated the classic methods of
sensitivity analysis, categorizing them into three classes. i)
Operating only one variable at a time ii) Generating input
matrix and output vector iii) separating specific input vector
depending on the output vector. Nevertheless, these methods
are meant for the systems which involve high complexity and
hence their applications impart more computational burden.
Kumar [31] proposed a new method, named as Mehar’s
method to conduct sensitivity analysis for Fuzzy Linear
Programming (FLP) problems. Also, an innovative tabular
method has been proposed to deal with the sensitivity analysis
of fully FLP problems by Singh [32] involving a detailed study
of different SA methods for building energy models
considering the small residential building. A novel method of
sensitivity analysis has been evolved by Keita [33] to identify
and confirm the main parameters which influence the
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groundwater vulnerability to pollution with fuzzy optimization
for the case of the Senegal River basin in Mali. From the
literature, it is observed that the local and global sensitivity
analysis methods are still applied in evaluating the robustness
of a model.

The present paper addresses the One At a Time (OAT)
concept to analyze the rate of change in a model output with
respect to the values given through a set of model inputs,
especially model parameters. The sensitivity analysis has been
carried out for the fuzzy rule-based model which incorporates
five input variables and one output variable. Local sensitivity
analysis (LSA) methods allow examining the sensitivity of
output under the variation in the model parameters, with
respect to some selected nominal values. The performance of
the model has been assessed by observing the change in the
output that results from a change in a single input parameter
while all other input parameters are kept fixed to their nominal
values.

2. MATERIALS AND METHODS

2.1 Biogas production in UASBR

An Up-flow Anaerobic Sludge Blanket Reactor (UASBR)
system is well developed and progressive biological anaerobic
wastewater treatment in which wastewater is applied to the
UASB reactor from the bottom and it starts flowing in an
upward direction through activated sludge blanket which
contains granules of sludge. The wastewater gets filtered as it
passes through the activated sludge blanket and treated
because of anaerobic degradation which allows the production
of biogas by breaking down the organic content utilizing the
presence of the bacteria in the sludge. The internal mixing is
made possible due to the continuous flow of wastewater and
the movement of gas bubbles in the upward direction as shown
in Figure 1. In addition to this, at the top of the reactor, a gas-
liquid-solid separator (GLSS) is fixed to successfully separate
gas, liquid and granules. The biogas is produced as a valuable
source of energy through anaerobic digestion. This anaerobic
treatment primarily consists of four different processes in the
production of biogas in UASBR: Hydrolysis, acidogenesis,
acetogenesis and methanogenesis. Firstly, insoluble organic
polymers like proteins, carbohydrates are turned into amino
acids, sugars, etc. which are then converted into carbon
dioxide, ammonia, hydrogen and organic acids. After that,
acetic acids are formed from the organic acids finally followed
by the conversion into methane and carbon dioxide [24, 34].
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Figure 1. Schematic representation of the UASB reactor



2.2 Study area and data collection

The data has been collected from a wastewater treatment
plant of a distillery industry situated at Maharashtra, India. The
wastewater treatment plant consists of various units like
UASB reactors (4 numbers), buffer tank, biogas holder,
storage tank and pumps as shown in Figure 2. The UASB
reactor converts organic materials (COD, BOD) into a very
small amount of sludge and a large amount of biogas for
energy recovery. The UASBR is an anaerobic biological
process that reduces 60-70% COD and results in the
production of biogas having 65-70% of methane content. The
samples of influent and effluent were collected from UASB
reactor and different parameters like flow rate, temperature,

pH, COD, Volatile fatty acids, alkalinity of raw wastewater as
well as, temperature, pH, COD of treated effluent were
measured daily for the duration of one and a half year. The
characteristics of wastewater in influent and effluent are
presented in Table 1.

Other parameters like COD reduction and alkalinity to
acidity ratio obtained from the parameters which are
monitored daily to understand the working process of UASBR
and also to develop the fuzzy rule-based model. The total COD
reduction is a measure of treatment given to the wastewater
which is the difference between COD in influent and total
COD remaining untreated in the effluent [35]. The ratio of
total alkalinity to acidity in the reactor plays a very important
role to maintain stability in UASB operation [36].
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Figure 2. Layout of a wastewater treatment plant

Table 1. Summarized wastewater characteristics in Influent
& Effluent of UASBR

Parameter Unit Minimum Maximum Mean SD*
pH (in) - 3.29 4.15 3.6 0.18
Temp (in) °oC 27 44 37 3.42
COD (in) mg/L 58715 116069 92610 9806
COD (e) mg/L 16210 33850 25620 2939
pH (e) - 7.13 7.73 741 0.14
Temp (e) °oC 24 37 31 3.24
Flowrate  md%Day 40 852 541 170
Biogas m?/Day 10100 44330 24260 8230

*Standard Deviation
2.3 Fuzzy rule based model development

Fuzzy set theory was developed by Lotfi Zadeh in 1965 to
deal with the imprecision and uncertainty that is often present
in real-world applications [37]. In 1974, Mamdani [38]
successfully utilized the IF-THEN rules for the automatic
operating control of a steam generator using Zadeh’s theories
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of the linguistic approach and fuzzy inference system [39]. It
also provides methods for handling uncertainty and
information granularity [40]. Fuzzy modeling presents a
powerful tool to understand the behavior of complex nonlinear
systems like biological processes [41]. The biogas production
rate in UASB reactor treating distillery wastewater is regulated
by several factors such as influent characteristics, acclimation
of sludge, pH, nutrients, existence of toxic compounds,
loading rate, upflow velocity, hydraulic retention time (HRT),
liquid mixing, and reactor design that ultimately involve the
complexity and uncertainty in the UASB process [1]. Fuzzy
Logic System (FLS) consists of mainly four stages:
fuzzification, rule base, inference system and defuzzification
[42] as shown in Figure 3. Fuzzification involves the
conversion of crisp inputs and outputs into fuzzy values
employing the degree of membership of the one or more fuzzy
sets characterized by linguistic variables such as low, medium,
high, very high, etc. [43, 44]. Thereafter, the fuzzy IF-THEN
rules are generated and operated by the fuzzy inference system
followed by converting a set of fuzzy inputs into



corresponding outputs [42]. Most commonly used operators
such as "AND" (minimum) and " OR™ (maximum) have been
applied at this stage. Finally, the fuzzy output established as a
result of the fuzzy inference system is then converted into a
crisp value during the stage of defuzzification [42, 43]. There
are many methods like center of gravity (COG or centroid),
bisector of area, mean of maxima, left most maximum, right
most maximum, etc. available to conduct defuzzification but
the center of gravity (COG or centroid) method has been used
in the present study as the same method has been preferred by
many researchers [42].

The centroid method [43] may be expressed as given below
in Eq. (2):

S by
(Xi)y =5 (1)
> ulxi)

i-1

where, (Xi)q is the crisp output, xi is the output value (or the
centroidal distance from the origin) in the i subset, and z(xi)
is the membership function of the output value in the i subset.
A stepwise structure of the fuzzy rule-based model developed
in the current study is shown in Figure 4.
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Figure 4. Structure of the fuzzy rule-based model used in the present study



2.3.1 Selection of input variables in the fuzzy rule-based
model

Selection of the most suitable input variables which signify
the performance of the upflow anaerobic sludge blanket
reactor (UASBR) could make it easy to identify possible
technical faults and to minimize the operational and
maintenance costs at the stage of planning. Several
combinations have been found in the literature for the selection
of an appropriate set of input variables for the fuzzy model
[45-47]. Although the model inputs are chosen based on the
data which have been monitored daily from a real scale plant.
Therefore, temperature, COD reduction, pH(influent), COD
load and alkalinity to acidity ratio have been selected as input
parameters to develop a fuzzy rule-based model for the
prediction of biogas production in UASB reactor treating
distillery wastewater.

2.3.2 Fuzzification

In fuzzy logic, the membership functions (MFs) are defined
to express the possibilities of uncertainties present in the real
situation. The belongingness of each element in the set varies
from 0 to 1 [42, 43]. Several types of membership functions
such as triangular, trapezoidal, bell-shaped, sigmoidal etc. [42,
43] can be adopted depending upon the type of the problem
being studied. However, triangular and trapezoidal
membership functions are employed in this study due to their
quality of being easy to understand and implement for the
fuzzy information [42]. The ordinates of triangular and
trapezoidal membership functions are adjusted until the
satisfactory results of the output are achieved for defined fuzzy
rules [42, 43]

A triangular MF [43] is expressed using three parameters {a,
b, c} as given below in Eq. (2):

triangle(x;a,b.c)=

’ 2

A trapezoidal MF [43] is defined by four parameters {a, b,
¢, d} as shown in Eq. (3):

0,x<a
X a,a<x<b
b-a
trapezoid (x;a,b.c,d)=11Lb<x<c : 3)
d=X c<x<d
d-c
0,d <x

The fuzzy rule-based model has been developed using the
Fuzzy Logic Toolbox in MATLAB. Several fuzzy sets are
assigned to characterize the various levels of numerical data
for five input variables and the output variable using Eq. (2) &
(3). Fuzzy sets are defined by selecting different linguistic
variables such as Low (VL), Medium Low (ML), Low (L),
Medium (M), Medium High (MH), High (H), Very High (VH),
Extremely High (EH). Based on the range of the data for each
input and output variable, different number of membership

functions have been chosen. In addition to that, minimum and
maximum values for each input and output have been
considered to increase the performance and flexibility of the
model to predict biogas production in UASBR. The
membership functions for different variables temperature,
COD Reduction, pH(influent), COD Load, alkalinity to acidity
ratio and biogas production are shown in Figures 5, 6, 7, 8, 9
and 10 respectively.
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2.3.3 Fuzzy inference engine

The fuzzy IF-THEN rules have been generated in the FIS
rule editor considering all possible combinations of
membership functions of inputs (antecedent- IF) and output
(consequent- THEN) with the help of experience and the
numerical data in the present study. Two fuzzy inference
systems namely Mamdani FIS [42] and Takagi-Sugeno FIS
[42] can be used for a variety of control and prediction
applications. However, Mamdani FIS is the most commonly
adopted system by many researchers [48-50] for a range of
applications than the Takagi-Sugeno FIS because of its ease of
composition and interpretation [51]. Hence, Mamdani FIS has
been employed in the present study.

2.3.4 Defuzzification

At this stage, the fuzzy results of the fuzzy inference system
are defuzzified and converted into real values using the
centroid as described in section 2.3.

2.4 Validation of the model

The validation of the fuzzy rule-based model has been
carried out by testing data that were not utilized at the time of
development of the model. Additionally, evaluation of the
fuzzy rule-based model has been conducted by determining a
root mean square error (RMSE) as a performance measure [52-
55] using Eq. (4).

RMSE = \/M

n

(4)

where, X, are observed values and Xy are predicted values and
n is a number of samples.
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2.5 A simplified method to evaluate fuzzy rule based model

Sensitivity Analysis (SA) is a tool used to map the
relationship between model output and its input parameters
and also to evaluate the robustness of the model. Also, it
facilitates to recognize and rank the input variables with the
maximum impact on the output [56].

2.5.1 Sensitivity Analysis (SA)

One-at-a-time (OAT) or one-factor-at-a-time (OFAT) is the
most commonly used method to conduct local SA. In this
method, sensitivity indices are determined when only one
input parameter is varied and all other variables are kept fixed
[56]. This seems a logical approach as any change occurred in
the output will be due to the variation in the input. This method
has numerous advantages over global SA methods. This
method is very easy to apply and interpret in comparison with
global methods. Also, it is less time consuming as it requires
fewer simulation runs compared to global sensitivity analysis.
The calculation of the sensitivity index [56, 57] for every input
parameter can be done by assessing the partial derivatives of
output (y) with each input parameter (xi) as expressed in Eq.

(5).

OAT _
SO =

)

where, S;is the input variable index, y is a single output, and x;
is the i" input variable. However, in most cases, it is very
difficult to find analytical solutions of these partial derivatives
particularly when the output is determined by complex or
nonlinear formulas. Hence, sensitivity indices can be obtained
using Eqg. (6) in a numerical form with the help of finite
difference in this type of cases [57].

OAT
S

_ Y Y

= i=1,2,3...n
Xi — Xio

(6)

where, y'is the output determined at the perturbed input x;’and
Yo and Xip are the nominal values (base values) for the output
and the i"" input variable, respectively. The sensitivity index is
normalized using Eq. (7) to establish its dimensionless form as
follows [57]:

(yl_yoj
goar _\ Yo J i=123.n

i,norm — '
X—Xio
X.

10

()

It is a general method to use SPAT

inorm fOr obtaining
importance based ranking of the parameters to separate their

unit from affecting the ranking [57].

2.5.2 Steps involved in a parametric sensitivity analysis of a
fuzzy rule-based model

One At a Time (OAT) methodology has been used to
conduct the parametric sensitivity analysis in fuzzy modeling
incorporating five input parameters temperature, COD
reduction, pH(influent), COD load and alkalinity to acidity
ratio and one output parameter biogas production.



(1). The frequency distribution diagrams have been
developed to determine the nominal values (base values) of
input parameters temperature, COD reduction, pH(influent),
COD load and alkalinity to acidity ratio as shown in Figures
12, 14, 16, 18 and 20 respectively. The real data observations
have been classified into different sets and further, the nominal
value [57, 58] of each input parameter has been decided
considering the most frequently occurred set of observations.

(2). The prediction of biogas production in the fuzzy rule-
based model has been monitored while the value of one input
parameter changed to any value between the minimum and
maximum data of that specific input parameter keeping all
other inputs fixed to their nominal values.

(3). The results of sensitivity analysis can be represented in
different ways like scatter plot, Tornado plot, box plot, spider
plot etc. However, scatter plots are a good preparative way to
understand the relationship between inputs and outputs [58].
Hence, all input parameters and their effects on biogas
production have been comprehensively analyzed using scatter
plots.

(4). The normalized sensitivity index of various input
parameters was determined using Eqg. (7) to study the relative
importance of the parameters to predict biogas production in a
fuzzy rule-based model.

3. RESULTS AND DISCUSSIONS

3.1 Prediction of biogas production rate
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Figure 11. Scatter plot between observed and modeled
values of biogas production (m%/Day)

In the present work, the developed fuzzy rule-based model
incorporating five input variables such as temperature, COD
Reduction, COD Load, pH(influent) and Alkalinity to acidity
ratio has been used to predict biogas production rate in upflow
anaerobic sludge blanket reactor (UASBR) treating distillery
wastewater. Thereafter, the performance of the fuzzy rule-
based model with five inputs has been evaluated by plotting
scatter plot between modeled and observed values of biogas
production as shown in Figure 11 which clearly indicates the
finer predictive ability of the fuzzy model as nearly all the
points are found to be very closer to the best fit line. Moreover,
coefficient of determination (R?) [43, 59] and root mean
square error (RMSE) [52-55] were determined to be 0.96 and
1596 m3/Day respectively which also shows a significantly
stronger performance of the fuzzy rule-based model. In
addition to this, Ndobeni et al. 2019 [60] developed quadratic
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models with R? value 0.65 which also justified the better
performance of the fuzzy model for the prediction of biogas in
UASB reactor. The R? value of optimum ANFIS models for
methane yield was found to be 0.9 which proved the
remarkable performance of the fuzzy model [61].

3.2 Evaluation of fuzzy rule based model

The parametric sensitivity analysis in fuzzy modeling has
been carried out using OAT methodology to assess the
robustness of the fuzzy rule-based model and to evaluate the
influence of the input parameters on biogas production in the
UASB reactor. Also, the normalized sensitivity indices (Eq.
(7)) of input parameters temperature, COD Reduction,
pH(influent), COD Load and alkalinity to acidity ratio are
found to be 0.56, 2.25, 0.36, 1.92 and 0.71 respectively as
shown in Table 2. A higher value of sensitivity index indicates
the high impact of that input parameter on biogas production
[56]. Hence, based on the values given in Table 2, it has been
noted that COD reduction and COD load are relatively more
sensitive than other parameters.

Table 2. Sensitivity indices for different fuzzy input

parameters
Sr. No. Input parameter Sensitivity Index (SI)
1 Temperature 0.56
2 COD Reduction (mg/L) 2.25
3 pH(influent) 0.36
4 COD Load 1.92
5 Alkalinity to Acidity Ratio 0.71

3.2.1 Effect of varying temperature

The temperature varies from 26°C to 46°C as shown in
Figure 12. The result of sensitivity analysis for temperature is
represented by plotting scatter diagram as shown in Figure 13.
It has been observed from Figure 13 that the biogas production
increases with the increase in temperature between the range
of 35°C to 42°C. Furthermore, it has been noticed from the
frequency distribution diagram (Figure 12) that the maximum
temperature data also fall in the same range of 38.5°C to
42.4°C. Hence, from these observations, it is concluded that
the maximum biogas is produced if the temperature is
maintained between 35°C to 42°C which indicates the
stabilized performance of the UASB reactor. In addition to this,
the result of the coefficient of determination (R?) has been
found to be 0.87 which specifies remarkable nonlinear
correlation between temperature and biogas production. The
value of sensitivity index (SI =0.56) revealed that temperature
is a more sensitive input parameter in fuzzy modeling to
predict biogas production in UASB reactor in comparison to
pH(influent) (S1=0.36) and less sensitive than alkalinity to
acidity Ratio (S1=0.71), COD Load (SI=1.92), COD
Reduction (SI1=2.25).

Moreover, from the literature, it has been said that the
growth, metabolism, and survival of microorganisms in the
UASB reactor are greatly affected by the change in the
temperature. The efficiency of anaerobic digestion can
accomplish the best outcomes within the optimal range of
temperatures. The anaerobic process can be carried out at three
possible ranges of temperatures i.e. psychrophilic 15-25<C,
mesophilic 35-45<C and thermophilic 50-60<C [62]. The
nucleic acids, proteins, and other cellular components will get
affected badly if the temperature is kept higher than the
optimal range and also the UASB system will get collapse



since microorganisms fail to get suitable conditions [63]
Hence, Nowadays most of the UASB systems are mesophilic
(35C -45<C) because the thermophilic (> 50 <C) use too much
energy while psychrophilic (15-25<C) meet up many obstacles
[34].
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3.2.2 Effect of varying COD reduction

From Figure 15, it is perceived that the slope of the best fit
line and R? as 0.91 indicate a stable and strong correlation
between COD reduction and biogas production. Also, it is seen
that biogas production increases extensively when the COD
reduction has been achieved between 60000-70000 mg/L
which is also the most frequently occurred range of the data
(Figure 14). Therefore, it can be said that high biogas
production would be obtained if the COD reduction in the
UASBR is achieved within 60000-70000 mg/L. Also, the
sensitivity index as 2.25 revealed that COD reduction is a
highly sensitive input parameter to predict biogas production
in a fuzzy model compared to other input parameters.

Additionally, literature also stated that the COD reduction
is the difference between substrate concentrations of influent
and effluent. It is a measure of substrate utilization efficiency
and microbial metabolic activity which plays a very important
role in any biological process. It can also be very well
understood from the literature that high COD removal has
been obtained in the treatment of wastewaters containing very
high organic matter such as distillery wastewater [64], textile
wastewater [65], dairy wastewater [66] etc. with the use of
anaerobic biological processes.
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3.2.3 Effect of varying pH(influent)

The Sensitivity Index (SI) of pH(influent) has found to be
0.36 (Table 2) which represents the lowest sensitive input
parameter of the fuzzy model in comparison with other
parameters. Moreover, the coefficient of determination R? of
0.83 shows the moderately important negative correlation
between pH(influent) and biogas production (Figure 17). The
sensitivity of pH(influent) on Biogas production rate is
represented in Figure 17. It has been observed that biogas
production decreases with the increase in pH(influent)
between the range of 3.5 to 3.8 which is also the most
frequently occurred range of the data (Figure 16). The possible
reasons for the reduction in biogas production when the pH
ranges from 3.4 to 3.8 are discussed here. The data of
pH(influent) varies between 3.2 to 4.2 (Figure 16) which
seems highly acidic. It is very clear from the literature that the
most favorable pH for the anaerobic treatment ranges between
5.5-6.5 [67]. Methane producing bacteria are highly sensitive
to pH value and the suitable range of pH for these bacteria is
6.5-7.8 while acid-producing bacteria work efficiently
between the pH range of 5 to 6 [43]. Moreover, alkalinity plays
a very important role in regulating pH in the reactor and also
acts as a pool for CO- in biogas production [67].

3.2.4 Effect of varying pH(influent)

It is seen from Figure 19 that the biogas production
increases greatly when the COD load varies between 55000 -
65000 Kg/Day which is also the most frequently occurred
range of the data (Figure 18) and biogas production
moderately increases when COD load ranges from 8000-
54000 Kg/Day and for more than 65000 Kg/Day. Therefore, it
can be said that high biogas production would be achieved if
the COD load in the UASBR is varied between 55000-65000
Kg/Day. Also, the Sensitivity Index value of 1.92 revealed that
COD load has a strong impact on biogas production in a fuzzy
rule-based model.

Furthermore, the COD loading is the function of the influent
flow rate and organic load. The literature also indicated that
the COD loading directly affects microbial bionomics and
properties of anaerobic systems [68]. It also deals with the
operational features of the reactor, growth of microorganisms
and microbial activities take place in the reactor [69].
Moreover, it also reflects the capacity of the anaerobic
treatment system to convert organic matter into energy
resources [69] and hence, literature also proved the importance
of COD loading in evaluating the efficiency of anaerobic
treatment systems.
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Figure 18. Frequency distribution for COD load (Kg/Day)
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Additionally, the organic loading rate (OLR) is an important
parameter significantly affecting microbial ecology and the
characteristics of anaerobic systems. This parameter integrates
the operational characteristics of the reactor and bacterial mass
and activity into the volume of media [70]. Verma [71] has
reported that OLR is a measure of the biological conversion
capacity of the anaerobic treatment system. It depends on the
technology used and on the type of wastewater to be treated.

3.2.5 Effect of varying alkalinity to acidity ratio
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Figure 21 shows the sensitivity analysis of the input
parameter alkalinity to acidity ratio on the output biogas
production rate. The slope of the best fit line and R? value
(0.91) represents a significantly strong relationship between
the alkalinity to acidity ratio and biogas production as shown
in Figure 21. Also, it has been observed that biogas production
goes on increasing tremendously when the alkalinity to acidity



ratio lies between 0.1 to 5. The maximum data also fall in the
same range which can also be noticed from the frequency
distribution shown in Figure 20. Further, there is a moderate
amount of increase in biogas production when the alkalinity to
acidity ratio has been maintained beyond 7 (Figure 21).

Furthermore, the theoretical aspects also signified that
alkalinity is a very significant parameter because, in order to
neutralize the acids present in the solution, carbonates will
supply hydroxide ions which is known as the buffering
capacity of alkalinity [72]. This buffering capacity is more
helpful in assessing the imbalance in the reactor than direct pH
measurements because the buffering capacity gets reduced
remarkably with an accumulation of fatty acids before the pH
decreases [43]. Moreover, alkalinity also plays a very
important role in providing a pool for CO, in biogas
production.

4. CONCLUSIONS

In the present study, an artificial intelligence-based fuzzy
model was developed incorporating five input parameters
temperature, COD Reduction, pH(influent), COD Load and
alkalinity to acidity ratio to predict biogas production in
upflow anaerobic sludge blanket reactor treating distillery
wastewater. The coefficient of determination R? (0.96) and
root mean square error (1526 m3/day) indicated efficient and
precise predictions of biogas production with the proposed
fuzzy rule-based model. Further, the complex reactions and
their mathematical or biochemical equations involved in a
complex system like anaerobic treatment are not needed to be
established to develop the fuzzy logic model which makes it
very simple and easy to apply in various fields.

Additionally, an attempt has been made to carry out the
parametric sensitivity analysis of the fuzzy rule-based model
parameters to study the robustness of the model and the
relationship between input and output parameters using OAT
methodology. The results of coefficients of determination R?
and sensitivity indices showed that COD reduction and COD
load had more importance and sensitivity than other input
parameters in predicting biogas production. The OAT method
has been found to be a simple and reliable method to observe
the impact on the output variable with respect to the small
variation in the inputs. Also, it is discovered that this type of
sensitivity analysis will help the process control engineer to
assess biogas production rates in UASBR which are needed to
control the working and operation of the anaerobic process.
The results of the parametric sensitivity analysis allow gaining
important insights into key parameters which are responsible
for affecting the performance of the UASB reactor under
various input conditions. Furthermore, parametric sensitivity
analysis helps decision analysts to understand the uncertainties,
pros and cons with the limitations and scope of a decision
model. It provides an appropriate insight into the problems
associated with the model. Finally, the decision-maker can
have a decent idea about how sensitive is the optimum solution
to any changes in the input values of one or more parameters.

However, the OAT concept does not consider the
interactions between the input variables so other techniques
like global sensitivity analysis methods can also be used to get
the idea about the interactions between input variables
although the global methods are computationally intensive and
time-consuming.
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