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a b s t r a c t
Response surface methodology (RSM) and multi-objective genetic algorithm was employed to optimize
the process parameters for catalytic conversion of glycerol, a byproduct from biodiesel production, to
light oleﬁns using Cu/ZSM-5 catalyst. The effects of operating temperature, weight hourly space velocity
(WHSV) and glycerol concentration on light oleﬁns selectivity and yield were observed. Experimental
results revealed the data adequately ﬁtted into a second-order polynomial model. The linear temperature
and quadratic WHSV terms gave signiﬁcant effect on both responses. Optimization of both the responses
indicated that temperature favouring high light oleﬁn formation lied beyond the experimental design
range. The trend in the temperature proﬁle concurred commensurately with the thermodynamic
analysis. Multi-objective genetic algorithm was performed to attain a single set of processing parameters
that could produce both the highest light oleﬁn selectivity and yield. The turn-over-frequency (TOF) of
the optimized responses demonstrated a slightly higher value than the one which was not optimized.
Combination of RSM, multi-objective response and thermodynamic is useful to determine the process
optimal operating conditions for industrial applications.
Ó 2014 Elsevier Ltd. All rights reserved.

1. Introduction
Biodiesel is an alternative bioenergy produced from renewable
resources such as palm, canola, soya bean and rape seed oil [1]. It
can be produced via transesteriﬁcation reaction of fatty acids and
alcohols. Approximately 10 wt.% of glycerol, an alcohol with three
hydroxyl groups is produced as a byproduct in this reaction [2–4].
The crude glycerol obtained is 50% pure with huge potential as a
raw material to produce valuable products [5] including gas phase
[6]. With more crude glycerol being generated from biodiesel production as a by-product, continuous efforts are inherently seeked
to manage and convert glycerol to useful chemicals economically
which can indirectly minimize the cost of biodiesel production.
Glycerol can be converted to various precious products such as
fuel additives [7], acrolein [5,8–10], propane [11] 1-hydroxyacetone [12], formaldehyde [5], acetol [5], alkyl aromatics [13], and
hydrogen [14,15]. In several reports involving glycerol dehydration
[8,11,16–18], light oleﬁns have been detected as side product of the
reaction. Corma [8] obtained some light oleﬁns while catalytically
testing glycerol to acrolein with zeolite ZSM-5. In a separate study,
Murata and co-workers found propylene when testing glycerol to
⇑ Corresponding author. Tel.: +60 7 5535553; fax: +60 7 55881463.
E-mail address: noraishah@cheme.utm.my (N.A.S. Amin).
http://dx.doi.org/10.1016/j.enconman.2014.06.040
0196-8904/Ó 2014 Elsevier Ltd. All rights reserved.

propane using ZSM-5 zeolite catalyst [11]. Recently, Zakaria [19]
compared several metal-loaded ZSM-5 catalysts to convert glycerol
to light oleﬁn with Cu/ZSM-5 exhibited the best performance. It is
worthy to note that dedicated research on glycerol conversion to
oleﬁn is relatively new and very much at its infancy stage.
The impact for light oleﬁns research is huge since the chemicals
have such high commercial value and industrial importance.
Literatures concerning glycerol transformation to light oleﬁns are
limited. However, studies involving methanol and ethanol to light
oleﬁns over zeolite catalysts [20–23] are abundant inferring that
glycerol, being in the same alcohol group as methanol and ethanol,
has the potential to be converted to light oleﬁns. In another development, the utilization of biomass such as rice husk, sawdust and
sugarcane bagasse to produce light oleﬁn has also progressively
gain attention [24].
Oleﬁn is basically a petrochemical derivative conventionally
produced by thermal cracking of natural gas and crude oil in
reﬁneries worldwide. Ethylene is the simplest oleﬁn with only
two carbon atoms. Major oleﬁn products like ethylene, propylene,
butadiene and C4 derivatives, better known as light oleﬁns are used
to produce plastics, chemical intermediates, and industrial
solvents [25]. The exorbitant price of light oleﬁn can be reduced
[26] by utilizing glycerol, as a feed, and establishing a
commercially and economically viable process. In addition, the
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overall process is environmentally friendly since the feed stock to
produce light oleﬁn is from a renewable source.
The main objective of this paper is to determine the optimal
process parameters for conversion of glycerol to light oleﬁns using
response surface methodology (RSM). The RSM technique attempts
to optimize light oleﬁn selectivity and yield individually at the
corresponding process parameters. A central composite rotatable
design is used for design of experiment. The empirical mathematical models for oleﬁn selectivity and yield are also generated. The
statistical analysis is also implemented to testify the adequacy of
the models. Imperatively, multi-objective genetic algorithm is
employed to determine the maximum light oleﬁn selectivity and
yield simultaneously at the corresponding optimal independent
variables. The turn-over-frequency (TOF) of the catalyst at the optimized process is also evaluated. The RSM, multi-objective genetic
algorithm and TOF analysis for the conversion of glycerol to light
oleﬁn have not been presented and discussed previously by other
researchers. In order to provide better comprehension of the
optimum operating condition results, the discussion is correlated
with thermodynamic analysis for ethylene, which represents light
oleﬁns. Finally, a view on the available technologies and the cost of
corresponding feedstock to produce light oleﬁn is presented,
providing insight on the economic cost conjecture.

before entering the reactor. The processing parameters were temperatures 511.8–688.2 °C, WHSV 25.6–184.4 h1 and glycerol concentration of 12.4–47.6% at atmospheric pressure. The gaseous
products were then analyzed with an on-line HP 6890N GC-TCD/
FID gas chromatography equipped with both thermal conductive
detector (TCD) and ﬂame ionization detector (FID). The columns
used were HP plot/Q, HP-Mole sieve, GP-Gaspro and Hayasep-Q
for the main product analysis. The ﬁnal amount of gaseous products as well as liquid was recorded for the overall mass balance calculation to provide the amount of coke. The liquid was analyzed to
determine unreacted glycerol for glycerol conversion calculation. A
detail liquid analysis was not performed in this study since light
oleﬁns production was the main focus. The schematic experimental set-up is shown in Fig. 1. The glycerol conversion, selectivity
and yield of products are each deﬁned by Eqs. (1)–(3):

Glycerol conversion ð%Þ ¼

Amount of glycerol converted ðmolÞ
Total amount of glycerol in the feed ðmolÞ
 100
ð1Þ

Olefin selectivity ð%Þ; S ¼

Amount of olefins ðmolÞ
Amount of all products ðmolÞ
 100

ð2Þ

2. Materials and method

Amount of olefins ðmolÞ
 100
Amount of glycerol feed ðmolÞ

2.1. Materials

Olefin yield ð%; YÞ ¼

The main reagents were HZSM-5 (SiO2/nAl2O3 = 30; Zeolyst,
USA), and glycerol (87.5% purity; Merck, USA). Copper nitrate from
Emory Laboratory Reagents was used to impregnate HZSM-5.

Only selectivity and yield of gaseous products, speciﬁcally light
oleﬁns, are discussed in this study in view of their commercial
importance.

2.2. Catalyst preparation

2.5. Experimental design

Cu/ZSM-5 catalyst was prepared according to the wet-impregnation method. Initially, the parent HZSM-5 zeolite was added into
100 ml of distilled water before 30 wt% of copper nitrate salt was
added into the solution, mixed and stirred at 60–70 °C temperature
for an hour. The solution was then dried at 100 °C for 12 h and
ﬁnally calcined at 550 °C for 5 h. The calcined catalyst was then
crushed and sieved between 40 and 50 mesh to obtain uniform catalyst size for the catalytic cracking of glycerol with steam.

Investigating a ﬁve level three factor Central Composite Design
(CCD) using Statistika version 7.0 required 16 experiments in this
study. Eight star points (a = ±1), six axial points (a = ±2) and two
replicates at the center point (a = 0) were chosen as experimental
points. Central points were used to check the reproducibility and
stability of results. The runs were conducted in randomized manner to guard against systematic bias. The performance of the process was evaluated by analyzing the (1) selectivity and (2) yield
as the responses. Each run was performed in duplicate.
For experimental design of the catalytic steam reforming of
glycerol; temperature, WHSV and glycerol concentration were chosen as the parameters that would most likely inﬂuence the performance of the system. The low, middle and high levels of all the
independent variables were based on prior screening of the literatures and designed for future economic pilot scale operation, as
listed in Table 1.
The substitution of the chosen parameters into the resulting
model enabled the calculation of the predicted response as shown
in Eq. (4),

2.3. Catalyst characterization
Cu/ZSM-5 was characterized by XRD, FTIR, BET, TPD-ammonia
and TPR. It has comparatively larger surface area and higher acidity
than other metal ZSM-5 studied earlier [19]. Detail characterization methods as well as chemical and physical properties of Cu/
ZSM-5 have been discussed elsewhere [19]. The characterization
results reveal that the physico-chemical properties of Cu/ZSM-5
is suitable for the catalytic conversion of glycerol to oleﬁns, as signiﬁcantly shown from the higher distribution of strong acid sites.
2.4. Catalytic performance test
Catalyst testing was performed in a ﬁxed-bed quartz reactor,
with outside diameter = 13 mm and length = 35 cm, positioned
inside a vertical Carbolite tubular furnace. Prior to testing, the catalyst was activated in helium gas ﬂow for 1 h at 500 °C. After the
catalyst has been reduced, glycerol solution was vaporized and
fed at temperature between 300 and 310 °C. A set of thermocouples attached to a temperature data logger was ﬁxed along the line
to monitor the temperature reading at various locations. The
purpose was mainly to ensure that glycerol did not condense

g ¼ b0 þ

3
3
3
X
X
XX
bi xi þ
bii x2i þ
bii xi xj þ e
i¼1

i¼1

ð3Þ

ð4Þ

i¼1 j¼iþ1

where g is the response, b0 is constant coefﬁcient, bi, bii, and bij are
linear, quadratic and second order interaction coefﬁcient, respectively. xi and xj are independent variables where e is the error.
The R-square was determined by Eq. (5),

R2 ¼ 1 

SSResidual
SSmodel þ SSResidual

ð5Þ

where SS is the sum of square and degree of freedom, respectively.
R-Square is the most important factor in examining the variability of
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Fig. 1. Schematic experimental set up.

Table 1
Experimental level coded and range of independent parameters.
Independent process
parameters
Temperature (°C)
WHSV (h1)
Glycerol concentration (%)

equilibrium for steam reforming of glycerol has also veriﬁed this
[27,28]. Light oleﬁn selectivity and yield are calculated according
to Eqs. (2) and (3).

Coded levels of parameters

X1
X2
X3

a

1

0

+1

+a

511.8
25.6
12.4

550.0
60.0
20.0

600.0
105.0
30.0

650.0
150.0
40.0

688.2
184.4
47.6

independent variables. Meanwhile, the F-test is for checking the
statistical signiﬁcance of the model. The number of experiments,
experimental conditions and results are summarized in Table 2.
3. Results and discussion
Glycerol was completely converted in all runs as no trace of glycerol was detected in the liquid product. Analysis on thermodynamic

3.1. Single response optimization for light oleﬁn selectivity and yield
The responses, oleﬁn selectivity (S) and oleﬁn yield (Y), are correlated with the three variables studied by using multiple regression analysis, employing a second order polynomial as presented
by Eq. (4). Regression analysis was carried out using STATISTICA
software, which was later also utilized to determine the signiﬁcance of each factor investigated. A regression equation for S and
Y as a function of temperature (X1), WHSV (X2) and glycerol concentration (X3) and their interaction using linear and quadratic
regression coefﬁcient of main factors and linear-by-linear regression coefﬁcients of interaction are derived, as presented in Eqs.
(6) and (7):

Table 2
Central composite design of three independent parameters with experimental and RSM response values.
Run

Location

Coded values (actual values)
Temp. (°C)

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
R2 values

Star
Star
Star
Star
Star
Star
Star
Star
Center
Axial
Axial
Axial
Axial
Axial
Axial
Center

1
1
1
1
+1
+1
+1
+1
0
a
+a
0
0
0
0
0

(550.0)
(550.0)
(550.0)
(550.0)
(650.0)
(650.0)
(650.0)
(650.0)
(600.0)
(511.8)
(688.2)
(600.0)
(600.0)
(600.0)
(600.0)
(600.0)

Response 1:% oleﬁn selectivity

Response 2:% oleﬁn yield

WHSV (h1)

Gly. Dil. (%)

Observed

RSM

Observed

RSM

1 (60)
1 (60)
+1 (150)
+1 (150)
1 (60)
1 (60)
+1 (150)
+1 (150)
0 (105)
0 (105)
0 (105)
a (25.6)
+a (184.4)
0 (105)
0 (105)
0 (105)

1 (20)
+1 (40)
1 (20)
+1 (40)
1 (20)
+1 (40)
1 (20)
+1 (40)
0 (30)
0 (30)
0 (30)
0 (30)
0 (30)
a (12.4)
+a (47.6)
0 (30)

19.4
20.9
20.1
21.3
20.8
21.9
21.9
22.4
21.7
19.6
22.9
20.4
19.9
20.9
21.2
21.9

19.5
20.7
19.9
20.6
21.2
21.9
21.8
22.0
21.8
20.0
22.7
20.0
20.5
20.6
21.8
21.8
0.8643

14.8
15.3
13.9
15.1
15.9
16.1
15.7
16.4
16.7
14.6
18.4
15.5
14.9
16.0
16.2
16.9

14.9
15.3
14.1
15.0
16.5
16.5
16.2
16.7
16.7
14.7
17.6
15.1
14.6
15.4
16.1
16.7
0.8802
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S ¼ 0:0001X 21  0:0002X 22  0:0020X 23 þ 0:0916X 1

(a)

þ 0:0459X 2 þ 3:387X 3 þ 0:0001X 1 X 2 þ 0:0003X 1 X 3

23.0

ð6Þ

þ 0:0157X 2 þ 0:2942X 3 þ 0:0001X 1 X 2  0:0002X 1 X 3
þ 0:0003X 2 X 3  24:2426

ð7Þ

The coefﬁcients with one factor represent the effect of the particular factor, while the coefﬁcients with two factors signify interaction between the two terms. Coefﬁcients with second order
terms denote the quadratic effect of the factor. The positive and
negative signs in front of each coded variables indicate parallel
and adverse effect of the factors to the responses respectively.
The models were selected based on the highest order of polynomials where the models were signiﬁcant and not aliased.
The main effects model indicated that the quadratic term for
glycerol concentration has the highest negative effect on light oleﬁn selectivity as observed through beta regression coefﬁcient,
whereas, glycerol concentration linear term has highest positive
effect on light oleﬁn selectivity. On the other hand, the interaction
between temperature and glycerol concentration as well as the
quadratic term for WHSV and glycerol concentration showed
negative effect toward light oleﬁn yield. The linear temperature
term has the highest positive contribution as observed from the
regression term compared to others for light oleﬁn yield. Generally,
it is evident that all interaction terms showed positive effect for
both responses except for the interaction between temperature
and glycerol concentration for light oleﬁn yield.
Having generated the regression model equation to represent
the effect of each variable including their interactions with each
other on the S and Y values, analysis to evaluate the adequacy of
the model was performed. The ﬁrst criteria evaluated to determine
the model adequacy is by judging the appropriateness of the model
from the determination coefﬁcient, the R-squared value, which
reveals the total variation of the observed values of activity about
its mean [29].
The R2 for the regression model relating all three effects are
0.86428 and 0.88024 for S and Y, respectively, which is considered
good in describing the validity of the models generated. According
to the R2 for S, 86.4% of the sample variation could be attributed to
the variable and only 13.6% of the total variance could not be
explained by the models. Similarly for Y, 88.0% of the samples
are ascribed by the measured variable and 12.0% are not. Using
the regression model generated, a predicted value for the response
in each run according to the experimental design was obtained, as
listed in Table 2.
Fig. 2 depicts the variation of the experimental data against the
predicted value for both S and Y. From Fig. 2(a), it could clearly be
observed that the linear red line plotted using points calculated
according to the regression model deviates very slightly from Sexp
where Sexp = Sp, and Sexp and Sp are selectivity from experimental
and predicted data, respectively, showing appropriateness of the
model generated. The predicted values calculated from the regression model also in majority falls very near to the line plotted as
expected from the reasonably good value of R-squared. Fig. 2(b)
shows similar scenario as depicted by Fig. 2(a). Generally, it can
be stated that Yexp = Yp, where Yexp and Yp are yields from experimental and predicted Y, respectively, showing appropriateness of
the model generated.
The adequacy of the generated regression models were also
evaluated using ANOVA method, which is very useful to determine
signiﬁcant effects of process variables to the response and to ﬁt the
second order polynomial models to the experimental data [29].

Predicted Values

Y ¼ 0:0001X 21  0:0003X 22  0:2942X 23 þ 0:1023X 1

Sexp (Selectivity from experimental results)
SP (Selectivity from predicted modeling results)

22.5
22.0
21.5
21.0
20.5
20.0
19.5
19.0
18.5

19.0

19.5

20.0

20.5

21.0

21.5

22.0

22.5

23.0

23.5

Observed Values

(b)

18.0
17.5

Yexp (Yield from experimental results)
YP (Yield from predicted modeling results)

17.0

Predicted Values

þ 0:0003X 2 X 3  18:50

23.5

16.5
16.0
15.5
15.0
14.5
14.0
13.5
13.0 13.5 14.0 14.5 15.0 15.5 16.0 16.5 17.0 17.5 18.0 18.5 19.0

Observed Values
Fig. 2. Observed versus predicted value for (a) C2H4 Selectivity and (b) C2H4 Yield.

Table 3 lists the outcome of such analysis. In order to evaluate
the adequacy or accuracy of the model using ANOVA, the important value to be observed is the F-value, which is the ratio of mean
square due to regression to the mean square due to residual error.
In general the F-value calculated from ANOVA should be greater
than the tabulated value for the model to be considered appropriate. F-value calculated for the S model is 4.3, which exceeded the
tabulated F-value for 95% conﬁdence (F0.05,9,6) (4.1) while the calculated F-value for Y is 4.9, which also exceeded the tabulated F
value.
Once the validity and adequacy of the regression model has
been assessed, it is very useful to identify the variables that would
affect the process signiﬁcantly. The factor with the lowest p-value
and the highest F-value is considered the most signiﬁcant. From
Fig. 3(a), it is evident that the linear temperature term, X1, has
the most effect on S with p-value of 0.014918 at F-value 4.967.
The next factor rated as signiﬁcant is quadratic WHSV. The limiting
value for p is 0.05, which is based on the conﬁdence level ﬁxed for
the ANOVA analysis carried out; hence all factors with p-value
lower than 5% are judged signiﬁcant. Other factors not mentioned
are all rated as insigniﬁcant to affect the value of S in the process.
As for Y, the most signiﬁcant factor is also the linear term of temperature, X1, with p-value = 0.010454 and F-value = 5.3294, followed by the quadratic term of WHSV, as shown in Fig. 3(b). The
p-values were obtained form the regression analysis tool in the
software. This information concluded that both temperature and
WHSV signiﬁcantly affected the selectivity and yield, respectively.
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Table 3
The results for ANOVA test for% oleﬁn selectivity and% oleﬁn yield.
Sources

Sum of square

Degree of freedom

Mean square

F value

F tabulated

% Oleﬁn selectivity

Regression
Residual
Total

13.3547
2.09710
15.45181

9
6
15

1.483856
0.349517

4.245446

4.1

% Oleﬁn yield

Regression
Residual
Total

14.7437
2.00585
16.74951

9
6
15

1.638185
0.334308

4.90023

4.1

(a)

200

(1)Temp(L)

4.96786

WHSV(Q)

Temp(Q)
1Lby3L
2Lby3L
1Lby2L

140

WHSV (h-1)

2.168855

Gly Conc(Q)

180
160

-2.66184

(3)Gly Conc(L)

(2)WHSV(L)

(a)

-1.10749
.8554028

120
100
22

80

-.807858

60

21
20

40

-.619065

19

20

-.569572

18

0
500

.2790455

520

540

560

580

600

620

640

660

680

700

640

660

680

700

140

160

180

200

Temperature (ºC)
p=.05

Standardized Effect Estimate (Absolute Value)

50

(b)

(b)
(1)Temp(L)

5.32948

WHSV(Q)

-3.36033

Gly Conc(Q)

-1.77685

(3)Gly Conc(L)

1.374774

Temp(Q)

-1.0041

(2)WHSV(L)

-.923303

Glycerol Concentration (%)

45
40
35
30
25

22

20

21
20

15
2Lby3L

.669377

1Lby2L

.6306072

19

18
10
500

520

540

560

580

600

620

Temperature (ºC)
1Lby3L

-.465655

p=.05

(c)

45

3.2. Response surface contour plots
Contour plots of the response toward variation of two factors at
a time could be obtained to see their effect and interaction on the
response at the center point of the other variable. Figs. 4 and 5
illustrates the contour plots for all possible combinations of two
variables. The effects of any two independent variables on the
response could be observed by plotting a 3D surface plot of the
response against the other independent variables, as the third variable kept at the center of their range.
The contour plots presented in Fig. 4(a) for value of S as a function of temperature and WHSV with glycerol concentration kept at
30%, indicates that the selectivity, S increases with temperature. S

Glycerol Concentration (%)

Standardized Effect Estimate (Absolute Value)
Fig. 3. Pareto Chart for (a) C2H4 selectivity and (b) C2H4 yield.

50

40
35
30
25
21
20
20
19

15
18
10

0

20

40

60

80

100

120

WHSV (h-1)
Fig. 4. Contour plots manifesting interactions between factors affecting S (a) graph
of temperature versus WHSV for S when glycerol concentration is 30% (b) graph of
temperature versus glycerol concentration for S when WHSV is 105 h1 (c) graph of
glycerol concentration versus WHSV for S when temperature is 600 °C.
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(a)

S with respect to temperature lies beyond the parameter decided
earlier in this study.
The surface temperature plot against glycerol concentration
presented the interaction between both independent variables
toward S while maintaining WHSV at 1051, in Fig. 4(b). It could
be seen that S also increases and does not show sign of decreasing
when temperature increases. This shows that the optimum
temperature is situated beyond 700 °C. On the other hand, the
effect of glycerol concentration toward S is identical to that
explained earlier in Fig. 4(a). This demonstrated that the optimum
glycerol concentration is between the 25% and 36% plateau.
The effects and interactions of glycerol concentration and
WHSV were also investigated via a surface plot, presented in
Fig. 4(c). As WHSV was increased, S increases. However, as the
WHSV increased beyond 130 h1, S decreased. The plot reveals that
the range of WHSV producing the highest possible S is between 70
and 130 h1 at glycerol concentration between 24% and 42%.
Evident from Fig. 5(a), temperature and WHSV gave almost similar effects on Y; in concurrence to what was revealed for S. The
effects and interactions of temperature and glycerol concentration
on Y are illustrated in Fig. 5(b), while Fig. 5(c) depicts the effect and
interaction of WHSV and glycerol concentration on the yield, Y.
Both resemble almost the same pattern. For Fig. 5(a) and (b), the
temperature exceeded the maximum range set for the design of
experiment. It is probable the optimum temperature for both S
and Y lied beyond 700 °C. Hence, it can be deduced that in general,
the process parameters interaction in this study followed the same
trend toward S and Y. It can be assumed that the formation of other
gases, liquid, oxygenates and solid (coke), have negligible effect on
S and Y for the light oleﬁns.

200
180

12
13
14

160

15

WHSV (h-1)

140

16

120
17

100
80
60
40
20
0
500

520

540

560

580

600

620

640

660

680

700

660

680

700

Temperature (ºC)

(b)

50

Glycerol Concentration (%)

45
40
35
30
25
17
20

16
15

15
10
500

14

13
520

540

560

580

600

620

640

3.3. Optimum operating conditions

Temperature (ºC)

(c)

50

Glycerol Concentration (%)

45
40
35
30
25
16

20

15
15

14
13

10

0

20

40

60

80

100

120

140

160

180

200

WHSV (h-1)
Fig. 5. Contour plots manifesting interactions between factors affecting Y (a) graph
of temperature versus WHSV for Y when glycerol concentration is 30% (b) graph of
temperature versus glycerol concentration for Y when WHSV is 105 h1 (c) graph of
glycerol concentration versus WHSV for Y when temperature is 600 °C.

also increases with WHSV, but decreases after 120 h1. The elliptical contour obtained portrays a perfect interaction between the
independent variables [30]. It can be observed that the maximum

The statistical software used is fully capable of generating a
regression model to predict an appropriate value of the response,
and also investigating the effect of each operating condition as well
as their interaction with each other. The ultimate goal however, is
to achieve or obtain a speciﬁc value for each variable involved in
this investigation to ﬁnally determine the most efﬁcient catalytic
glycerol steam reforming process, provided by S and Y values.
Table 4 tabulates the predicted results for S and Y. It can be seen
that the values for WHSV and glycerol concentration are within
the experimental range. However, the temperature value is high
and beyond the maximum range. This implies that the light oleﬁn
selectivity and yield require higher temperature, more than the initial ceiling temperature value set in Table 1, which is 650 °C and
even more than the alpha or extreme temperature value, 688 °C.
Thermodynamic analysis of glycerol steam reforming illustrated
in Fig. 6 reveals that ethylene production reached a maximum peak
[31]. Generally, without catalyst, ethylene formation peaks
between 600 and 800 °C depending on the glycerol to water
(GWR) ratio [31]. Although the thermodynamic analysis gave good
general indication of the optimum temperature range, the GWR
1:12 ratio employed in this study gave ethylene peak around
600 °C, which is the center value of temperature for RSM. It is
however unfair to equate both conditions since the thermodynamic analysis was conducted without catalyst. However, the
thermodynamic analysis reveals that if we compare the average

Table 4
Predicted responses for oleﬁn selectivity (S) and yield (Y).
% Oleﬁn Selectivity

Predicted

% Oleﬁn Yield

Temp. (°C)

WHSV (h1)

Glycerol conc. (%)

Optimum S

Temp. (°C)

WHSV (h1)

Glycerol conc. (%)

Optimum Y

737.80

119.36

28.7

22.9

715.88

110.95

30.1

17.7
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Fig. 6. Thermodynamic equilibrium of light oleﬁn produced from glycerol.

of all GWR, the optimum temperature will be around 700 °C.
Hence, the thermodynamic explanation supports the reason why
the optimum temperature for both S and Y lied beyond 688 °C.
A total of 13 possible chemical reactions that could take place in
glycerol steam reforming process are represented in equations R1–
R13. Glycerol steam reforming (R1) and decomposition of glycerol
(R2) are spontaneous reactions leading to a complete glycerol conversion. Series of reactions (R3–R7) which include hydrogenation
took place before ethylene is formed via oxidative coupling of
methane reactions (R8 and R9). Since the overall reaction is complex, ethylene, in this case, represents the total light oleﬁn production. The inevitable coking process is represented by reactions
R10–R13 where carbon (solid) is formed.

R1
R2
R3
R4
R5
R6
R7
R8
R9
R10
R11
R12
R13

Glycerol steam reforming
Decomposition of glycerol
Water gas shift reaction
Methanation
Methanation
CO2 reforming of methane
Oxidative coupling of methane
Oxidative coupling of methane
Dehydrogenation of ethane
Methane decomposition
Disproportionation
Hydrogenation of CO2
Hydrogenation of CO

was assigned to follow the initial processing parameters (as
in Table 1) in the MATLAB optimization tool interface. After obtaining the best network, the genetic algorithm tool (gatool) available
in MATLAB was launched, and the solver option for multi-objective
optimization was selected (gamultiobj). At the end of the run,
MATLAB produced several optimal conditions for optimum
responses of S and Y. This then lead to the Pareto-optimal solutions
for simultaneous optimization corresponding to S and Y as illustrated in Fig. 7. The choice of the ﬁnal solution (optimal point)
was based on the combination of S and Y producing the highest
value. From there, a solution on the Pareto front that fulﬁlled this
requirement was identiﬁed, as presented in Table 5.
As explained earlier, the result produced only a single optimized set of process parameters to optimize both S and Y. As
desired, simulation results provided temperature, WHSV and glycerol concentration are within the range. The temperature value
simulated is the maximum temperature, 650 °C, due to the maximum or ceiling value set earlier which would not allow it to go
beyond the range. From the conﬁrmatory experiments, an average
was taken and compared with the simulated results. The percentage differences between the simulated and experimental values
are below 2%. It can be inferred that the multi-objective genetic
algorithm optimization successfully provide a single set of process
parameter for optimum S and Y. Fig. 7 illustrates the Pareto front
obtained during the multi-objective genetic algorithm optimization to attain the best dependent and independent responses. From
this ﬁnding, it can be concluded that the optimum S (22.1%) and Y
(17.8%) can be attained at 650 °C, 116.54 h1 and 26.9% glycerol
concentration.
Table 6 compares non-optimized and optimized values for the
dependant and independent responses. It can be observed that
the optimized process parameters produced slighly better light

C3H8O3(g) + 3H2O(g) M 3CO2(g) + 7H2(g)
C3H8O3(g) M 4H2(g) + 3CO(g)
CO(g) + H2O(g) M H2(g) + CO2(g)
CO(g) + 3H2(g) M CH4(g) + H2O(g)
CO2(g) + 4H2(g) M CH4(g) + 2H2O(g)
CO2(g) + CH4(g) M 2H2(g) + 2CO(g)
2CH4(g) + CO2(g) M C2H6(g) + CO(g) + H2O(g)
2CH4(g) + 2CO2(g) M C2H4(g) + 2CO(g) + 2H2O(g)
C2H6(g) M C2H4(g) + H2(g)
CH4(g) M 2H2(g) + C(s)
2CO(g) M CO2(g) + C(s)
CO2(g) + 2H2(g) M 2H2O(g) + C(s)
H2(g) + CO(g) M H2O(g) + C(s)

3.4. Multi-objective genetic algorithm optimization
The previous section utilizes design of experiment and only provides operating condition for a single response. When there are
more than two responses, the optimum operating conditions will
provide two or more sets. In order to optimize a process having
two or more responses, a single set of operating parameter that
is capable to optimize two or more responses is required. For this
purpose, multi-objective genetic algorithm optimization using
MATLAB was carried out. The multi-objective optimization provides a set of independent variables that maximizes two or more
responses simultaneously, in this case to optimize S and Y concurrently. Prior to the optimization part, the experimental data was
used for training of the network, where Levenberg–Marquardt
algorithm was applied [32]. The minimum and maximum boundary
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DH298 = 122.89 kJ/mol
DH298 = 246.31 kJ/mol
DH298 = 41.14 kJ/mol
DH298 = 206.11 kJ/mol
DH298 = 164.94 kJ/mol
DH298 = 247.28 kJ/mol
DH298 = 106.00 kJ/mol
DH298 = 284.00 kJ/mol
DH298 = 136.33 kJ/mol
DH298 = 74.52 kJ/mol
DH298 = 172.44 kJ/mol
DH298 = 90.16 kJ/mol
DH298 = 131.3 kJ/mol

oleﬁn selectivity and yield. This information is crucial for the optimization of glycerol steam reforming to light oleﬁns and provides
how the process parameters should be set in order to optimize the
reaction.
3.5. Turnover frequency
The turnover frequency (TOF) for the optimized Cu/ZSM-5 to
attain light oleﬁn components, namely ethylene, propylene and
butylene taken between 5 and 15 min was compared with that
of the non-optimized conducted earlier [19], as exempliﬁed in
Fig. 8. The TOF in this case is deﬁned as equal to the rate of oleﬁn
molecule produced per second per surface area of the catalyst. As
expected, the TOF of the optimized reaction is slightly higher than
the non-optimized reaction. Although the difference seems to be
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Table 6
Comparison between non-optimized and optimized dependent and independent
responses using multi-objective genetic algorithm optimization.

Pareto front
-17.2
-17.3

Temperature (°C)
WHSV (h1)
Glycerol concentration (%)
Selectivity (%)
Yield (%)

-17.5

Optimized

600.00
105.00
30.00
20.2
16.3

650.00
116.54
26.91
22.1
17.8

-17.6
-17.7

7

-17.8

6

-22.8

-22.6

-22.4

-22.2

-22

Objective 1
Fig. 7. Pareto front using genetic algorithm multiple objective.

small, such tiny improvement will signiﬁcantly affect the overall
production cost in a pilot or commercial scale process.
Since the chemical and physical properties of Cu/ZSM-5 were
more favorable for light oleﬁns formation compared to other catalysts screened earlier [19], the optimized condition is however, not
related to the catalytic properties. The temperature program
desorption ammonia (TPD-NH3) and temperature program reduction (TPR) do not show any effect when temperature is increased
from 500 to 700 °C. This indicates that the combination effect of
the process parameters (temperature, WHSV and glycerol concentration) gives optimum performance over the Cu/ZSM-5 catalyst.
The TOF for optimum and non-optimum conditions have almost
similar distribution of ethylene, propylene and butylene, with
ethylene as the major component. The TOF for propylene for all
catalysts were below 1 mol m2 s1 while for butylene, it is almost
negligible. The TOF of CuZSM-5 for optimized condition increases
when temperature is increased to 650 °C. Operating the process
at about 600 °C will also yield light oleﬁn but not as optimum as
at 650 °C. This can be related to the light oleﬁns thermodynamic
equilibrium proﬁle. Consequently, it is expected that the TOF of
optimized Cu/ZSM-5 will decrease when tested beyond 700 °C.
At optimum WHSV, a higher TOF compared to the nonoptimized one was observed. This is true since more glycerol
vapor was adsorped onto the catalyst surface and reacted via dehydration, dehydrogenation and deoxygenation to produce lighter
compounds. However, since the surface and micropore area of
Cu/ZSM-5 is limited, it could not accommodate more glycerol
vapor (with 30% concentration) above 116.54 h1. Performing the
experiment at WHSV = 105 h1 has proven that the amount of
glycerol vapor is insufﬁcient to fully utilize the surface and micropore area available for Cu/ZSM-5. Unfortunately, beyond
116.54 h1, the formation of light oleﬁn decreased. This is mainly
due to the fact that the light oleﬁns competes heavily with the formation toward hydrogen and CO. It is tough to explain the reason
why glycerol with concentration lower than the non-optimized
produced more light oleﬁns. Ideally, higher glycerol concentration,

Non optimized
Optimized

5

-1

-23

-2

-17.9
-23.2

TOF (mol.m .s )

Objective 2

-17.4

Non-optimized

4
3
2
1
0
C2H4

C3H6

C4H8

Fig. 8. Turnover frequency for the optimized function.

i.e. more carbon atoms, will tend to increase the production of
other carbon related compound such as CO and CO2. In actual
effect, as glycerol initially reacted, the earliest important reactions
that may possibly take place are the glycerol steam reforming
reaction (Eq. (8)) and decomposition of glycerol (Eq. (9)). Both reactions are highly reactive and take place spontaneously, with
increasing temperature [28]. Hence, it can be assumed that higher
glycerol concentration may trigger the inclination toward reactions in Eqs. (8) and (9) to take place strongly. Perhaps subsequent
reactions may not at all favor the formation of light oleﬁns with
such higher glycerol concentration. Thus, glycerol concentration
lower than 30% may be more desirable for the formation of light
oleﬁns via methanation reaction route [31]. Hence, in this case,
the optimum glycerol concentration should be around 26.9%. Any
value more or less than that will reduce the S and Y, as well as
TOF. One plus point for this is that lower glycerol concentration
will reduce the cost of the raw material for this process.

C3 H8 O3ðgÞ þ 3H2 OðgÞ $ 3CO2ðgÞ þ 7H2ðgÞ

DH298

¼ 122:89 kJ=mol
C3 H8 O3ðgÞ $ 4H2ðgÞ þ 3COðgÞ

ð8Þ

DH298 ¼ 246:31 kJ=mol

ð9Þ

3.6. Economic overview
Oleﬁns demand is speculated to rise in future [33]. Since
oleﬁn is such an important chemical, various technologies from

Table 5
Multi-objective genetic algorithm optimization using Matlab.

(a) Predicted (multi-objective genetic algorithm optimization)
(b) Observed (experimental)
(c) Error

Temp. (°C)

WHSV (h1)

Glycerol conc. (%)

Optimum (S)

Optimum (Y)

650.00

116.54

26.91

22.1
20.5
1.54

17.8
16.4
1.41
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Table 7
Comparison of feedstock cost and technologies to obtain oleﬁn.

a
b
c

Technology

Feedstock

Feedstock cost, $ tonne1

Process

Refs.

Naphtha to oleﬁns
Methanol to oleﬁn (MTO)

Non renewable, secondary product
Non renewable, secondary product

600–860 [35]
310–420 [41]

[34]
[37,38]

Ethanol to oleﬁn (ETO)
Methane to oleﬁns
Coal to oleﬁn (CTO)
Glycerol to oleﬁn (GTO)

Non renewable, secondary product
Non renewable, secondary product
Non renewable, primary product
Renewable, By product from biodiesel

720–850 [40]
395–397 G Joulec [43]
65–300 [46]
500–520a
130–170b [47,48]

Cracking, dehydrogenation
Dehydration, demethanizer, depropanizer,
deethanizer, CO2 removal
Dehydration
Oxidative chlorination
Coal to syngas to DME
Dehydration, dehydrogenation

[39]
[42]
[45]
[18]

Reﬁned.
Crude.
Based on natural gas price in early September 2010 and measured in G Joule.

numerous sources are currently being pursued to produce oleﬁn.
Traditionally, oleﬁns are obtained from hydro-cracking of naphtha
[34] which is quite expensive due to overpriced raw material costs
[35]. There are also other chemical processes used to produce oleﬁns such as elimination reactions, synthesis from carbonyl compounds, oleﬁn metathesis and coupling reactions but all of them
still very much depend on petroleum as the main raw material
[36]. Table 7 compares feedstock cost and technologies to obtain
oleﬁn.
The most widely used process for producing oleﬁns is from
methane which proceeds via methanol-to-oleﬁns or Fischer–
Tropsch process [37] with synthesis gas as intermediate products.
Both processes are capital and energy-intensive [38]. Another process is the ethanol to oleﬁn technology which has already been
commercialized by Chematur Engineering Group from Sweden
[39]. The process utilizes Syndol based catalysts to react with ethanol to obtain light oleﬁn. Less is known about the actual costing of
this process. However, from Table 7, it is noticeable that ethanol
price [40] is double the price of methanol [41]. It can be deduced
that the utilization of ethanol as feedstock to produce oleﬁn may
not be economically attractive. Furthermore, both methanol and
ethanol are valuable chemicals, and therefore using it as a feedstock may not be favorable.
Lately, a new way to produce oleﬁns from underutilized methane via a process called oxidative chlorination was developed
where methane reacted with hydrogen chloride over lanthanum
trichloride (LaCl3) catalyst [42]. Although it is a good process, the
fact that methane from natural gas is not renewable undermined
the practicality. Nevertheless, the utilization of methane as oleﬁns
is a promising option as the feedstock is cleaner and cheaper [43].
Coal-to-oleﬁn (CTO) technology have recently emerged [44].
CTO seems to be the answer to the world oleﬁn supply in the near
future since the process is technologically sound [45] and coal
price is very cheap [46]. However, the main issue still lies in the
fact that coal is non renewable. Hence, there is serious need to
explore ways of producing oleﬁns from renewable sources.
The conversion of glycerol produced from biodiesel process to
oleﬁn maybe the answer for sustainable oleﬁn supply. Despite
the slightly higher reﬁned price [47,48], glycerol has the opportunity to breakthrough as the preferred feedstock due to the development of third generation biofuel that employs algae as a source for
producing biodiesel [49]. Lately, Exxon Mobil Corporation declares
that they will be testing the commercial viability of algae biofuel as
an alternative energy source [50]. The progress of biodiesel
production from algae is astounding and can possibly repeat the
successful trend of the ﬁrst generation biofuel. The earlier second
generation biofuel as in Jatropha curcas [51], waste frying oil [52]
and fatty acid distillate [53] has potential to be further developed
and cannot be ignored. Both second and third generation biofuel
triumphs will ensure continuous glycerol supply.

4. Conclusion
The optimization of catalytic glycerol steam reforming has been
investigated. RSM successfully determined the optimum values for
each single response. The optimum oleﬁn selectivity, S of 22.9% is
achieved at temperature = 737.8 °C, WHSV = 119.4 h1 and glycerol concentration = 28.7%. The optimum response obtained for Y
is 17.7% at temperature = 715.9 °C, WHSV = 111.0 h1 and glycerol
concentration = 30.1%. Thermodynamic analysis supported the fact
that the optimum temperature was established beyond the set
range since average optimum temperature formation of light oleﬁn
reached its peak at around 700 °C. Multi-objective response
genetic algorithm predicted S = 22.1% and Y = 17.8% at the
following optimum conditions; temperature = 650 °C, WHSV =
116.54 h1 and glycerol concentration = 26.9% with 2% error
between the experimental and predicted values. TOF of the optimized process was higher than the non-optimized, indicating that
the optimization effort successfully increase the productivity of the
process. Brief economic study revealed that sustainable and
cheaper light oleﬁn production can be realized when glycerol is
employed as feedstock. It is indeed proven that combination of
RSM, multi-objective response and thermodynamic is useful for
practical applications to industrial production of glycerol steam
reforming. The output of this study can also support the bioenergy
industry in managing and generating clean and sustainable energy.
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