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ABSTRACT 

 
A laboratory scale anaerobic sludge blanket filter (ASBF) was operated for 217 days in two phases to 

investigate the effect of substrate concentration (2.53 – 13 g glucose/L) and hydraulic retention time (6 – 30 h 
HRT) at mesophilic temperature (32 ± 2˚C) and constant pH 5.5 for hydrogen production. At the optimized 
condition of 11 g glucose/L at 24 h HRT, 99.9% glucose degradation with 2.25 mol H2/mol glucose was 
achieved. The obtained data were modeled by an artificial neural network (ANN). The performance function -
determination coefficient (R2 = 0.9981) value obtained between experimental and simulated hydrogen 
production rate revealed that ANN model could reliably be used as a simulation model in ASBF. 
 
Keywords: Anaerobic sludge blanket filter; ANN model; Hydrogen production rate; Hydraulic retention time 
(HRT) 
 
1. INTRODUCTION 

Search for alternative renewable energy have 
gained utmost importance, in particular for upcoming 
world stability. Worldwide, 13 terrawatts (1 
TW=1012 W=3.2 EJ/year) of energy was utilized 
from burning fossil fuels (Goldemberg and 
Johansson, 2004). This in turn, adds about 6 gigatons 
per year of C (as CO2) to the atmosphere. The 
reserve of fossil fuel will be exhausted sooner or 
later.  In the present situation, world’s energy 
requirement will increase 6 folds by 2100 (Dunn, 
2002).  In India, the demand for energy is also 
increasing day by day and it ranks fifth in the world 
in terms of energy consumption. The consumption of 
various energy sources in India is oil (32.3%), 
natural gas (7.7%), coal (54.4%), nuclear (1.2%), and 
hydro (4.5%). Approximately 96 % of hydrogen 
produced from fossil fuels is highly energy-intensive 
and not environmental friendly. So, there comes a 

circumstance to recognise a cost-effective, 
sustainable, environmental friendly and renewable 
resource. The rapid decline of energy reserves can be 
offset by making use of hydrogen, the sustainable, 
alternative source for fossil fuels (Kothari et al., 
2010; Mullai et al., 2013).  

 
Hydrogen is clean, non-polluting, carbon-free, 

inexhaustible, recyclable and environmental friendly 
fuel that produces water instead of green house gas 
emissions when combusted. It is light and generates 
2.75 fold greater energy yield (122 KJ/g) than 
hydrocarbons (Ren et al., 2006). Hydrogen 
production by biological method gains more 
consideration than the conventional methods due to 
their low energy requirement and investment. 
Amongst, dark fermentation is more feasible method 
which has more commercial values and offers an 
excellent provision for practical application of 
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hydrogen in various fields (Levin et al., 2004; 
Kothari et al., 2010). Many studies on biohydrogen 
production using various bioreactors have been 
carried out including batch reactor (Logan et al., 
2002; Mullai et al., 2013), fed-batch reactor (Chin et 
al., 2003), continuous stirred tank reactor (Lara et al., 
2010), packed-bed reactor (Chang et al., 2002), 
fluidized-bed reactor (Wu et al., 2003), membrane 
bioreactor (Lee et al., 2009), and up-flow anaerobic 
sludge blanket reactor (Yu et al., 2002).  

 
Artificial neural network (ANN) has been used to 

predict hydrogen production since it has many 
favorable features such as efficiency, generalization, 
and simplicity. ANN can be considered as non-linear 
statistical model and a very powerful tool to 
represent complex non-linear systems (Prakasham et 
al., 2011).  Principally, ANN is a black box (hidden 
layers) consisting of a sequence of complicated 
equations for the computation of outputs based on a 
given series of input values (Jorjani et al., 2008). 
These layers include an input layer, one or more 
hidden layers, and an output layer (Figure 1). The use 
of ANN could be seen in number of modeling 
studies, such as, modeling of submerged bioreactor 
treating cheese whey wastewater (Cinar et al., 2006), 
prediction of chemical desulfurisation of tabas coal 
(Jorjani et al., 2008), immobilised cell biofilter 
treating hydrogen sulphide vapors (Rene et al., 
2008), estimation of hydrogen production in 
genetically modified E. coli fermentation (Colunga et 
al., 2010), electrocoagulation of copper from 
simulated wastewater (Bhatti et al., 2011), membrane 
bioreactor treating hypersaline oily wastewater 
(Pendashteh et al., 2011), optimization of key 
fermentation parameters for hydrogen  production 
(Prakasham et al., 2011), and determination of gold 
by atomic absorption spectroscopy in industrial 
wastewater samples (Ebrahimzadeh et al., 2012).  

 

 
Figure 1 ANN model used in the study 

 
This study proposed to use an anaerobic sludge 

blanket filter (ASBF), which is a conglomeration of 
the positive features of the most versatile anaerobic 
high-rate reactors, anaerobic filter (AF) and the 

upflow anaerobic sludge blanket (UASB) reactor for 
biohydrogen production. The experiments, and the 
application of ANN modeling for hydrogen 
production using ASBF are investigated and 
discussed. 
 
2. MATERIALS AND METHODS 
ANAEROBIC SLUDGE BLANKET FILTER 
(ASBF)  

A laboratory-scale anaerobic sludge blanket 
filter (ASBF), made of perspex tube (Lark Innovative 
Fine Teknowledge, Chennai, India) was used.  

 
It had a total volume of 5.097 L with an 

internal diameter of 104 mm and a height of 600 mm 
and the active liquid volume was 4.502 L. The 
reactor consisted of three sections: (i) upflow 
anaerobic sludge blanket (UASB) reactor at the 
bottom (350 mm in height), (ii) anaerobic filter (AF) 
at the middle (180 mm height) and (iii) a headspace 
of 70 mm at the top.  At the bottom of the first 
section, the UASB, an inlet pipe of 8 mm (internal 
diameter) was attached. A peristaltic pump was used 
to pump the feed into the reactor through silicon tube 
which was connected with the inlet pipe. This pipe 
size was quite enough in avoiding choking by the 
biomass.  

 
A distributor was attached to the inlet pipe 

for homogeneous distribution of the influent. A brass 
check valve of ¼ inch size was fixed at the bottom of 
the reactor to facilitate the sludge withdrawl. The 
second section, AF was packed with Fujino spirals 
(Fujino Spirals India Private Limited, Chennai, 
India). This packed section retains the suspended 
sludge within the reactor. At the upper end of the 
second section, an outlet was provided for the 
discharge.  In the head-space, a provision was made 
at the topmost part of the reactor for flow of gas.  
This outlet was connected to a wet gas flow meter.  
 
Seed Sludge  

The municipal sewage sludge collected 
from a pumping station at Chidambaram, Tamil 
Nadu, India and cow dung slurry were mixed and 
sieved with a mesh of 1mm was used as seed sludge.  
 
Start-up Process 

Initially, at 24 h hydraulic retention time 
(HRT), the reactor was fed with the sewage and cow-
dung slurry in the ratio of 1:9 (by volume) for one 
week. This retention time favored the growth of 
microbes on the packing section and at the bottom. 
The sewage content was then increased in steps of 
10% by volume until it attained 100% by volume 
over 10-week duration with one week for each step 
rise. Thereafter, the fermentation solution as per 
recommendations of Venkatamohan et al. (2008) was 
fed into the reactor. One litre of the fermentation 
solution contained the following nutrients: NH4Cl - 
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0.5 g,  K2HPO4 - 0.25 g, MgCl2·6H2O - 0.3 g, NiSO4 - 
0.016 g, CoCl2-0.025 g, ZnCl2-0.0115 g, CuCl2-
0.0105 g, CaCl2-0.005 g,  MnCl2 - 0.015 g, and FeCl3 
-  0.025.  
 
 
Substrate 

Glucose was used as substrate. The 
substrate along with fermentation solution was 
maintained at the pH of 5.5. The feed was adjusted to 
5.5 ± 0.05 with 1 N NaOH or 1 N HCl as 
methanogenic bacteria were either killed or 
suppressed at that pH (Yu et al., 2002).  
 
Reactor Operation 

The reactor was operated continuously for 
217 days to study the effect of substrate 
concentration at eight initial substrate concentrations 
(2.53 – 13 g glucose/L) in phase I and to study the 
effect of hydraulic retention time at six different 
HRTs of 30, 24, 18, 12, 9, and 6 h in phase II. When 
the substrate degradation efficiency was found to 
remain constant for three consecutive days, the 
steady-state conditions were assumed to have set-in. 
Changes in the loading were made only after “stable 
state” conditions of effluent glucose concentration 
persisted. The mesophilic temperature (32 ± 2˚C) 
was maintained throughout the study. 
 
Monitoring and Analysis 

Volatile fatty acid (VFA), pH, and biomass 
concentration in terms of volatile suspended solids 
(VSS) were measured according to the standard 
methods of APHA (1995). Glucose concentration 
was measured by DNS method using 
spectrophotometer (Elico, India) at a λmax of 550 nm. 
Biogas released from the headspace of the reactor 
was measured by a wet gas flow meter (Toshniwal, 
India).  Hydrogen in the biogas was determined by a 
gas chromatograph (Shimadzu, 221-70026-34, 
Japan) equipped with a thermal conductivity detector 
(TCD) and was packed with porapak Q column. 
Nitrogen was used as the carrier gas. The operating 

temperature of the column and detector were 100ºC 
and 120ºC, respectively. 
 
3. ARTIFICIAL NEURAL NETWORK 
MODELING APPROACH  

An artificial neural network using the feed 
forward algorithm is the most widely used neural 
network for prediction purposes. Neural networks 
acquire their name from the simple processing units 
in the brain called neurons which are interconnected 
by a network that transmits signals between them. 
These can be thought of as a black box device that 
accepts inputs and produces a desired output. Figure 
1 illustrates a feed-forward ANN with four input 
layers, two hidden layers where 1st hidden layer has 
12 neurons and 2nd hidden layer has 4 neurons with 
one output.  

 
Each layer consists of neurons which are 

connected to the neurons in the previous and 
following layers by connection weights (Wij). These 
weights are adjusted according to the mapping 
capability of the trained network. An additional bias 
term (θj) is provided to introduce a threshold for the 
activation of neurons. The input data (Xi) is 
presented to the network through the input layer, 
which is then passed to the hidden layer along with 
the weights. The weighted output (Xi Wij) is then 
summed and added to a threshold to produce the 
neuron input (Ij) in the output layer. This is given by 
Equation (1).  

 

jiijj XWI                     (1) 
This neuron input through an activation function f 

(Ij) to produce the desired output Yj. The most 
commonly used activation function is the logistic 
sigmoid function which takes the form of Equation 
(2). 

jIj e


1
1)(I f

                   (2)

 
The neural network toolbox of MATLAB was 

used to develop various artificial neural networks and 
allowed the user to quantitatively and graphically 
monitor the network training and prediction 
processes (Mullai and Rene, 2008). The model was 
trained using different combinations of parameters 
like influent glucose concentration, pH, acidity, and 
biogas production rate so as to achieve maximum 
determination coefficient values. This was achieved 
by vigorous trial and error method by keeping some 
training parameters constantly and slowly moving 
the other parameters over a wide range of values.  
Determination Coefficient  
The closeness of prediction between the 
experimental and simulated outputs was evaluated by 

computing the determination coefficient values as 
shown in Equation (3) (Rene et al., 2008). 
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         (3)      
where, Ysimualtedi = Simulated values made by the 
model 

    Yexperimental i = Experimental values  
                  N = Number of cases analyzed 

                  Y  = Average value  
                 SY = Standard deviation 

 
Average Percentage Error 
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The average percentage error (APE) used to make 
quantitative analysis on the simulated results were 
defined in Equation (4).                                 
                                                                                              
 
 

(4) 
where X1 and X2 = Experimental and simulated 
result sets                                                                                                             
                    n = Number of observations 
 
4. RESULTS AND DISCUSSION 
Phase I – Effect of Substrate Concentration 

During the initial period, the reactor was fed 
with 2.53 g glucose/L at 24 h HRT with consistent 
initial pH of 5.5. After 32 days, the steady state 
glucose degradation of 53.54 % and hydrogen 
production rate of 110 mL/d were attained. Minimal 
glucose consumption and hydrogen yield of 0.65 mol 
of hydrogen/mol of glucose might be due to 
inadequate time available for the biomass for 
acclimatization. On 32nd day, the effluent pH and 
volatile fatty acid (VFA) were 4.95, and 750 mg/L, 
respectively. For the various glucose concentrations 
of 3.60, 4.56, 4.89, 6.85, 9.00, 11.00, and 13.00 g/L, 
the steady state glucose degradation efficiency were 
61.06, 73.24, 91.76, 97.18, 99, 99.9, and 96.14% 
respectively on days, 55, 98, 139, 148, 158, 165, 176 
(Figure 2). The corresponding hydrogen production 
rates were 225, 366, 642, 906, 2184, 3080, and 2976 
mL/d (Figure 3) and hydrogen yields were 0.82, 
0.88, 1.09, 1.15, 1.97, 2.25, and 1.91 mol of 
hydrogen/mol of glucose. 
 

It was observed that biohydrogen 
production rate increased with an increase in glucose 
concentration from 3.60 to 11.00 g/L. Similar trend 
was reported by Amorim et al. (2012) in their work 
on hydrogen production using glucose as substrate. A 
maximum of 99.9 % glucose degradation efficiency 
was attained using 11 g/L with hydrogen production 
rate of 3080 mL/d. Further increase of glucose 
concentration to 13 g/L, the glucose degradation 
efficiency and hydrogen production rate decreased to 
96.14 %, and 2976 mL/d, respectively (Table I). A 
substantial decrease in the hydrogen production 
might be due to higher substrate concentration. This 
could be attributed to deficient fermentation with 
substrate or product inhibition during the hydrogen 
production process (Kyazze et al., 2006; Zhang et al., 
2007; Mullai et al., 2011a). Final pH was decreased 
from 4.48 to 3.3 (Figure 4) but the VFA was 
increased from 865 to 1980 mg/L on 176th day. The 
observed pH drop was considered as favorable for 
the effective functioning of the anaerobic bacteria 
with the inhibition of methanogenic bacteria (Yu et 
al., 2002).  The higher VFA values indicated the 
arresting of organic acid accumulation within the 
reactor to enable hydrogen production coupled with 

substrate degradation (Lo et al., 2008; 
Venkatamohan et al., 2008). 

 

 
Figure 2 Glucose degradation efficiency for 217 

days 
 

 
Figure 3 Hydrogen production rate for 217 days 

 

 
 

Figure 4 Profile of final pH for 217 days 
 
Phase II – Effect of HRT 

In this phase (177- 217 days), the HRT was 
gradually varied from 30 to 6 h at initial glucose 
concentration of around 11g/L and constant pH of 
5.5. For the six different HRTs of 30, 24, 18, 12, 9, 
and 6 h, the steady state glucose degradation 
efficiency were 92.7, 99.9, 93, 92, 94, and 89.9 %, 
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respectively on 183, 190, 197, 205, 211, and 217 
days. The corresponding hydrogen production rates 
were 2280, 3083, 2666, 2395, 1956, and 1769 mL/d. 
Hydrogen yield of 1.80 mol of hydrogen/mol of 
glucose was obtained at 30 h HRT. Longer HRT of 
30 h favored the growth of biomass (4.05 g VSS/L) 
rather than the hydrogen yield (Reyes et al., 2012). It 
might be also due to deficient fermentation processes 
or accumulation of fermentation products. When the 
HRT was shortened to 24 h, hydrogen yield 
increased to 2.25 mol of hydrogen/mol of glucose. 
When the HRT was further brought  down  to 18, 12, 
9, and 6 h,  on 197, 205, 211, and 217 days, 
obviously a clear fall in the hydrogen yield of 2.17, 
1.91, 1.53, and 1.46 mol of hydrogen/mol of glucose 

was noticed. This decrease of the hydrogen yield and 
glucose degradation efficiency (Table I) might be 
due to washout of greater amount of biomass from 
the reactor (Mullai, 2002; Yang et al., 2006). As the 
HRT was decreased, the final pH also decreased and 
found to be 3.71, 3.55, 3.6, 3.69, 3.4, and 3.5 at 
steady state conditions. This might be attributed to 
acid production leading to product inhibition. 
Generation of acid products caused changes in the 
metabolic pathways of the biomass might be also 
reason for drop in pH (Feng et al., 2008; Amorim et 
al., 2012). This phase conclusively demonstrated that 
the HRT of 24 h is the best suited for achieving a 
greater reactor performance.  

 
Table I. Performance of ASBF under steady state conditions for 217 days 

 
Time  
(d) 

Substrate 
concentration 
(g glucose /l) 

HRT 
(h) 

Glucose 
degradation 
efficiency 

(%) 

Final pH VFA 
(mg/l) 

Hydrogen 
production 
rate (ml/d) 

Hydrogen 
yield (mol 

H2/ mol 
glucose) 

0-32 2.53 24 53.54 4.95 750 110 0.65 
33-55 3.60 24 61.06 4.48 865 

225 0.82 
56-98 4.56 24 73.24 4.31 915 

366 0.88 
99-139 4.89 24 91.76 4.0 1057 

642 1.09 
140-148 6.85 24 97.18 3.7 1250 

906 1.15 
149-158 9.00 24 98.2 3.6 1345 

2184 1.97 
159-165 11.00 24 99.9 3.4 1500 

3080 2.25 
166-176 13.00 24 96.14 3.3 1980 

2976 1.91 
177-183 10.97 30 92.7 3.71 2400 

2280 1.80 
184-190 11.00 24 99.9 3.55 1500 

3083 2.25 
191-197 10.80 18 93 3.6 1270 

2666 2.17 
198-205 10.97 12 92 3.69 1200 

2395 1.91 
206-211 10.95 9 94 3.4 1185 

1956 1.53 
212-217 10.90 6 89.9 3.5 1130 

1769 1.46 
 
 
5. 
IMPLEMENTATION OF ANN MODEL 

A total of 217 days raw data were used for the 
ANN model. From 217 data, alternate data of about 
109 data were used for training, and the rest for 
testing the data on hydrogen production rate. The 
network understands the trend contained in the data 
and correlates the inputs and outputs by finding the 
optimum set of weight that minimizes the differences 
between the simulated value and the actual output 
value (Statsoft, 1998). Hydrogen production rate was 

predicted using the influent glucose concentration, 
pH, acidity, and biogas production rate, as the input 
values. It was observed that all the data were 
simulated accurately using the ANN model (Figure 
5) with R2 value of 0.9981. The model was trained 
using the different combinations of input values to 
attain maximum determination R2 values. The result 
of the test data for hydrogen production rate was very 
successful. Similarly, Cinar et al. (2006) and 
Pendashteh et al. (2011) had got satisfactory results 
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on training and testing data and had a good 
correlation between the measured and predicted 
values when treating the cheese whey wastewater 
and hyper saline oily wastewater respectively. The 
calculated value of average percentage error is 4.005. 
The closer the average value of APE is to zero, the 
model fits well (Mullai et al., 2011b). As the APE 
values were high, more experimental data are 
required to increase the validity of the proposed 
model.  

 

 
 

Figure 5 Comparison between experimental and 
simulated hydrogen production rate for ANN 

modeling  
 
 
6. CONCLUSIONS 

An initial glucose concentration of 11g/L 
and HRT of 24 h were found to be the best 
combination of conditions, within the ranges studied, 
for maximum hydrogen yield and glucose 
degradation efficiency. The present investigation 
revealed that the presence of twelve neurons in the 
first hidden layer was effective for ANN model for 
biohydrogen production rate with four input 
variables. The simulated hydrogen production rate 
was in good agreement with the experimental values. 
This study also indicated the robustness of the ANN 
model for predicting performance of ASBF. 
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