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Abstract. Recently, Twin Support Vector Regression (TSVR), which determines a pair
of ε-insensitive lower and upper bound functions by solving two related SVR-type prob-
lems, has become a new hot topic in machine learning field. However, at least four
parameters should be appropriately specified in TSVR. In this paper, in order to obtain
the optimal parameters of TSVR, we proposed a twin support vector regression based on
fruit fly optimization algorithm. First, we represented the parameters to be optimized in
TSVR by the locations of the fruit flies. Then, we used fitting regression precision as
fitness function, and let fruit flies fly randomly to avoid trapping into local minimum.
Finally, we could find the highest regression accuracy corresponding to the final position
of the fruit flies within finite iterations. The experimental results on benchmark datasets
and glutamic acid fed-batch fermentation process show that the proposed algorithm can
be used to find suitable parameters for TSVR. Furthermore, our algorithm costs less op-
timization time than other state-of-the-art algorithms.
Keywords: Twin support vector regression, Fruit fly optimization algorithm, Fitness
function, Parameter selection

1. Introduction. Support Vector Machine (SVM) is a classical machine learning method
based on statistical learning theory, and it has been successfully used to solve the prob-
lem of local maximum and dimensionality curse in classification and regression [1-5]. In
general, the training time of SVM will increase rapidly with the scale of datasets. In
order to shorten the training time and keep the generalization ability of SVM as much
as possible, Mangasarian and Wild proposed a proximal support vector machine based
on generalized eigenvalues, which optimized each hyper-plane as close as possible to its
own class of samples and as far as possible from other class of samples [6]. Based on
the work of Mangasarian and Wild, Jayadeva et al. proposed a Twin Support Vector
Machine (TSVM), which converted the primal problems into small-scale dual problems.
The training time of TSVM was only a quarter of corresponding SVM, and TSVM had
shown strong generalization ability in classification [7-11]. Then, Peng proposed Twin
Support Vector Regression (TSVR), which generalized the idea of TSVM to regression.
Compared with the traditional support vector regression, TSVR not only had better fit-
ting regression results but also cost less training time [12]. Based on the work of Peng,
many researchers proposed related variants of TSVR [13-16]. They also obtained better
results than TSVR in UCI datasets.

However, we should select several parameters first before training. The fitting regres-
sion results will deteriorate if the parameters are inappropriately selected. Therefore, the

DOI: 10.24507/ijicic.15.05.1851

1851



1852 J. FANG, F. PAN AND B. GU

parameter selection is very important for obtaining precise and stable regression model.
In SVM, we should appropriately select the penalty parameter C and the insensitive loss
function parameter ε. If the penalty parameter C is small, the penalty for the training
samples exceeding ε will weaken, and the training error will become large. Conversely, if
the penalty parameter C is large, the learning precision will improve, while the general-
ization capability will worsen. If the insensitive loss function parameter ε is small, the
fitting regression precision will improve, while the model will become more complicated.
On the contrary, if the insensitive loss function parameter ε is large, the number of sup-
port vectors will decline, which will cause lower learning precision. In TSVR, we should
also appropriately select the penalty parameters C1, C2 and the insensitive loss function
parameters ε1, ε2, respectively. If the penalty parameter C1 or C2 is small, the distance
between the fitting curve and training samples will be short, so that the two hyper-planes
are too close to each other, which will lead to bad fitting regression results. Conversely, if
the penalty parameter C1 or C2 is large, the distance between training samples and their
corresponding hyper-planes will be ignored by the fitting curve, which will also lead to
bad fitting regression results. The effect of insensitive loss function parameters ε1 and ε2
are similar to those of the penalty parameters C1 and C2. In summary, the parameters of
SVM and TSVR should not neither be too small nor too large, and they can be selected
in a limited range.
At present, there are still no general guidelines for selecting the parameters of an SVM

or TSVM model. The most commonly used method for parameter selection is grid search
algorithm, which is based on empirical rules. However, the grid search algorithm is always
time-consuming, and it costs rather long time to obtain the optimal parameters. Recent-
ly, many researchers attempt to use swarm intelligent algorithms to replace grid search
algorithm. The swarm intelligent algorithms are all inspired by the foraging behaviour of
natural phenomena, including Genetic Algorithm (GA) [17], Particle Swarm Optimization
algorithm (PSO) [18], and Fruit fly Optimization Algorithm (FOA) [19]. The population
size and the number of iterations are two important parameters associated with all swar-
m intelligent optimization algorithms. In addition, there are some adjustable parameters
that should also be properly selected. GA requires to select six adjustable parameters,
i.e., the mutation probability, the mutation mechanism, the cross-over probability, the
cross-over mechanism, the selection mechanism, and the replacement mechanism. PSO
requires to select four adjustable parameters, i.e., the individual learning factor, the so-
cial learning factors, the inertial weight, and the initial velocity. However, FOA only
requires to select one adjustable parameter, i.e., the initial position of fruit fly popula-
tion. Moreover, compared with GA and PSO, on the one hand, FOA has the advantages
of being easily understood and implemented due to its shorter program code, and on the
other hand, FOA can reach the global optimal solution more quickly. Therefore, FOA
has gained much attention and successfully been applied to optimizing the parameters of
SVM and TSVM model.
Shen et al. developed a novel SVM parameter tuning scheme based on FOA, termed

as FOA-SVM [20]. The empirical results demonstrate that the proposed FOA-SVM can
obtain much more appropriate model parameters as well as significantly reduce the com-
putational time compared with grid search technique-based SVM (Grid-SVM), GA-based
SVM (GA-SVM), and PSO-based SVM (PSO-SVM). Wang et al. proposed a fault di-
agnosis method using improved pattern spectrum and FOA-SVM [21]. FOA-SVM can
help seek optimal parameters of SVR that is employed for pattern recognition. The clas-
sification accuracy of the proposed approach shows an acceptable diagnosis effect. Wu
and Cao utilized FOA to optimize the parameters of Support Vector Regression (SVR)
model [22,23]. They proposed a novel approach, namely FOA-SVR. The results show
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that the FOA-SVR approach is a viable option for tourist flow forecasting and electricity
consumption forecasting applications. Fan et al. designed a novel prediction model for
the number of vacant parking spaces after a specific period of time based on SVR with
FOA [24]. FOA is utilized to search the optimal parameters of SVR. The experimental
results show that the proposed FOA-SVR method has higher accuracy and stability than
other state-of-the-art methods in all the prediction scenarios. Li et al. employed FOA to
solve the problem of steel casting. The results of testing on actual production process
showed that, compared with Artificial Bee Colony (ABC) algorithm and modified GA,
the control parameters optimized by FOA can address actual scheduling problem more
effectively under static environment [25]. Ding et al. adopted different swarm intelligence
algorithms to optimize TSVM. They discovered that the parameters optimized by swarm
intelligent algorithms can improve classification precision compared with traditional grid
search algorithm. The FOA can obtain better classification results than other swarm
intelligent algorithms, such as GA and PSO [26].

Unfortunately, to our knowledge, there is still no relevant report on the parameter
selection problem for TSVR. Considering the FOA has the above-mentioned advantages
over other swarm intelligent algorithms, we combine FOA with TSVR. FOA is utilized to
optimize the penalty parameters C1, C2 and the insensitive loss function parameters ε1,
ε2 of TSVR, simultaneously. We proposed a Twin Support Vector Regression based on
Fruit fly Optimization Algorithm, termed as FOA-TSVR. In FOA-TSVR, the locations
of fruit flies represent the four parameters to be optimized in TSVR. We can find the fruit
fly with minimal smell concentration in the fruit fly swarm within finite iterations. The
final locations of the fruit fly with minimal smell concentration correspond to the four
optimal parameters.

The rest of this paper is organized as follows. Section 2 briefly presents the twin support
vector regression. Section 3 elaborates our FOA-TSVR. Section 4 presents experimental
results and analysis. Section 5 gives the conclusions of this paper.

2. Twin Support Vector Regression. Given a training sample set T = {(x1, y1), . . .,
(xm, ym)} (m is the size of the training sample set) such that xi ∈ Rd (d is the dimension
of the training sample set) is an input and yi ∈ R is a target output. The training
sample is represented by m row vector Ai, i = 1, 2, . . . ,m. And the training sample Ai =
(Ai1,Ai2, . . . ,Aid) is in the d-dimensional real space R, where A = (A1;A2; . . . ;Am)
and Y = (y1; y2; . . . ; ym). In linear case, the Twin Support Vector Regression (TSVR)
determines the primal problems by the ε1 insensitive lower bound f1(x) = wT

1 x+ b1 and
the ε2 insensitive upper bound f2(x) = wT

2 x+ b2 as follows:

min
w1,b1,ξ

1

2
∥Y − eε1 − (Aw1 + eb1)∥2 + C1e

Tξ

s.t. Y − (Aw1 + eb1) ≥ eε1 − ξ, ξ ≥ 0
(1)

min
w2,b2,η

1

2
∥Y + eε2 − (Aw2 + eb2)∥2 + C2e

Tη

s.t. (Aw2 + eb2)− Y ≥ eε2 − η, η ≥ 0
(2)

where C1 and C2 are penalty parameters, ε1, ε2 > 0 are constants, w1,w2 ⊆ Rd, b1, b2 ⊆
R. ξ and η are slack vectors, and e is a unit column vector of dimension d× 1.

By introducing the Lagrange multiplier vectors α and γ, we can obtain the following
dual problems of Equations (1) and (2):

max
α

−1

2
αTG

(
GTG

)−1
GTα+ fTG

(
GTG

)−1
GTα− fTα

s.t. 0 ≤ α ≤ C1e
(3)
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max
γ

−1

2
γTG

(
GTG

)−1
GTγ − hTG

(
GTG

)−1
GTγ + hTγ

s.t. 0 ≤ γ ≤ C2e
(4)

where G = [A e], f = Y − ε1e and h = Y + ε2e.
Solving Equations (3) and (4), we can obtain the following regression function:

f(x) =
1

2
[f1(x) + f2(x)] =

1

2
(w1 +w2)

Tx+
1

2
(b1 + b2) (5)

where
[
wT

1 b1
]T

=
(
GTG

)−1
GT(f −α) and

[
wT

2 b2
]T

=
(
GTG

)−1
GT(h+ γ).

By introducing kernel function K(·, ·), we can easily extend the linear case to the
non-linear case.
The non-linear TSVR determines the primal problems by the ε1 insensitive lower bound

f1(x) = K
(
xT,AT

)
w1+ b1 and the ε2 insensitive upper bound f2(x) = K

(
xT,AT

)
w2+

b2, which determines the final regression function.
Let H =

[
K

(
A AT

)
e
]
, the final regression function of non-linear TSVR can be

expressed as follows:

f(x) =
1

2
K

(
xT,AT

)
(w1 +w2) +

1

2
(b1 + b2) (6)

where
[
wT

1 b1
]T

=
(
HTH

)−1
HT(f −α) and

[
wT

2 b2
]T

=
(
HTH

)−1
HT(h+ γ).

3. FOA-TSVR. In this section, we first give a brief overview of FOA, and then we
present the procedure of FOA-TSVR and discuss its parameter setting.

3.1. Brief overview of the FOA. The FOA is first proposed by Pan, and it is a new
swarm intelligent algorithm which simulates the food searching behaviours of the fruit fly
[19]. The sensing and vision abilities of the fruit fly are far superior to other species. The
fruit flies can recognize various smells floating in the air, which is originated from the food
as far away as 40 kilometres. After approaching the actual location of the food, the fruit
flies can lock the food by their acute visions. FOA has strong global optimization ability,
and the smell mechanisms can ensure to avoid trapping into local minimal locations.
Moreover, with the aid of vision, the fruit fly population can gradually update current
optimal locations. The illustration of the FOA is shown in Figure 1.

Figure 1. The illustration of the FOA
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Due to the fact that FOA is much easier to be implemented and has faster convergence
speed than other swarm intelligent algorithms, we attempt to optimize the four parameters
of TSVR using FOA.

3.2. The procedure of FOA-TSVR. The FOA is utilized to tune the four parameters
of TSVR dynamically. The idea of the proposed FOA-TSVR is originated from the
existing FOA-SVR, and the key difference of our FOA-TSVR from the existing FOA-
SVR is that FOA-SVR can only optimize two parameters while FOA-TSVR can optimize
four parameters simultaneously.

The detailed steps of FOA-TSVR are presented as follows.
Step 1: Initialize the size of the fruit fly population (sizepop), the maximum number

of generation (genmax), the optimal fitness function value (fitopt), and the optimal co-
ordinates (U j, V j) = (0, 0), j = 1, 2, 3, 4, where U j and V j represent the horizontal and
vertical locations of the four fruit flies within a group, respectively. To give a stochastic
characteristic to our algorithm, we set the initial coordinates U j

0 and V j
0 of each fruit fly

as follows: {
U j
0 = rand j

V j
0 = rand j

(7)

where rand j is a random number in the closed interval [0, 1].
Step 2: Set the initial generation of the fruit fly population as gen = 1.
Step 3: Set the initial group of fruit fly population as i = 1.
Step 4: Calculate the locations of the ith fruit fly group as follows:{

U j
i = U j

0 + random value

V j
i = V j

0 + random value
(8)

where random value is a random number in the closed interval [−50, 50].
Step 5: Calculate the distance Distji and the value of taste concentration judgment

Sj
i as follows:  Distji =

√(
U j
i

)2
+
(
V j
i

)2
Sj
i = 1

/
Distji

(9)

where Distji represents the distance between the ith fruit fly group and the origin, and

Sj
i is the reciprocal of Distji .
Step 6: Let C1 = S1

i , C2 = S2
i , ε1 = S3

i , ε2 = S4
i . Substitute the four parameters

C1, C2, ε1, ε2 into TSVR to train the model. Then, we can calculate the fitness function
value smell i.

Step 7: If i < sizepop, let i = i+ 1, go back to Step 4; otherwise, implement Step 8.
Step 8: Find out the fruit fly group with minimum fitness function value from the fruit

fly population, i.e., best smellp = min(smell1, . . . , smellpop size), where p is the group with
minimum fitness function value.

Step 9: If best smellp > fitopt, update locations
(
U j
0 , V

j
0

)
=

(
U j
p , V

j
p

)
, j = 1, 2, 3, 4;

otherwise fitopt = best smellp, update locations (U j, V j) =
(
U j
p , V

j
p

)
,
(
U j
0 , V

j
0

)
=

(
U j
p ,

V j
p

)
, j = 1, 2, 3, 4.

Step 10: Let gen = gen+1. If gen < genmax, go back to Step 3; otherwise implement
Step 11.

Step 11: Obtain the optimal parameters C1 = S1, C2 = S2, ε1 = S3 and ε2 = S4,
where Sj = 1

/√
U j + V j, j = 1, 2, 3, 4.

Step 12: Substitute the optimal parameters into TSVR to test the samples.
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In order to better understand the process of the proposed algorithm, we present the
flowchart of FOA-TSVR in Figure 2.

Figure 2. The flowchart of FOA-TSVR
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3.3. The parameter setting of FOA-TSVR. It is very important to set suitable
parameters for FOA-TSVR. In FOA-TSVR, the initial size of the fruit fly population
(sizepop) determines the exploration ability and the computation efficiency of FOA. If the
sizepop is small, the exploration ability of FOA will weaken. Conversely, if the sizepop
is large, the computation efficiency of FOA will also decrease. In general, the sizepop is
selected in the range of 10 to 50 [19,26]. Therefore, in our FOA-TSVR, the sizepop is set
as 20. In addition, the genmax is set as 100, the initial positions of fruit fly population are
set within the closed interval [0, 10], and the random direction and the distance of fruit
flies are set within the closed interval [−50, 50]. The C1 and C2 are selected from the set
{2i|i = −6, . . . , 0, . . . , 6}, and ε1 and ε2 are selected from the set {0.01, 0.03, . . . , 0.20}.

4. Experiments.

4.1. Experimental design. In order to show the prediction performance of FOA-TSVR,
and to distinguish the strengths of FOA-TSVR in terms of optimization time, we conduct
a detailed experimental research on benchmark datasets and glutamic acid fed-batch
fermentation process, respectively.

To show the prediction performance of FOA-TSVR, the Root Mean Square Error
(RMSE) and the Absolute Average Error (AAE) are used as fitness functions. We calcu-
late the RMSE and AAE respectively, in 20 independent trials, using different state-of-
the-art algorithms like Grid-SVR (i.e., Support Vector Regression based on Grid search
algorithm), Grid-TSVR (i.e., Twin Support Vector Regression based on Grid search al-
gorithm), PSO-TSVR (i.e., Twin Support Vector Regression based on Particle Swarm
Optimization algorithm), and CS-TSVR (i.e., Twin Support Vector Regression based on
Cuckoo Search algorithm). And the results of RMSE and AAE are averaged. The RMSE
and AAE can be calculated by Equations (10) and (11), respectively.

RMSE =

√√√√ 1

m

m∑
i=1

(ŷi − yi)
2 (10)

AAE =
1

m

m∑
i=1

|(ŷi − yi)| (11)

where m is the number of samples, yi is the actual output of the ith input, and ŷi is the
predicted value of the ith input.

Furthermore, to distinguish the superiority that FOA-TSVR costs less optimization
time, we compared our algorithm with Grid-TSVR, PSO-TSVR, and CS-TSVR.

All experiments are implemented in MATLAB 2014a platform. We use LIBSVM and
QUADPROG function in the quadratic programming toolbox to solve SVR and TSVR,
respectively. The seven benchmark datasets used in our experiments are presented in
Table 1, whose sizes vary from 102 to 5375. They can be downloaded from UCI machine
learning repository. For each dataset, half samples are randomly selected for training and
the remaining samples are selected for testing.

4.2. Parameter setting. In Grid-SVR, C and ε are selected from the same set as in
FOA-TSVR. In Grid-TSVR, C1 and C2 are selected from the same set as in FOA-TSVR.
Due to the fact that the setting of ε1 and ε2 cannot greatly influence the fitting regression
precision [9-16], and to make the comparison fair with Grid-SVR, we set ε1 = 0.2 and
ε2 = 0.2. In PSO-TSVR, we use default settings, i.e., c1 = 0.6, c2 = 0.6 and w = 0.6.
The genmax is set as 100, the initial population size is set as 20, and the search space
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Table 1. The seven benchmark datasets used in our experiments

Dataset
Maximum number
of training samples

Attributions

Concrete Slump 102 10
Auto-Mpg 398 7

Boston-Housing 506 13
Energy Efficiency 768 8

Airfoil-Noise 1500 6
Abalone 4376 8

Page Blocks 5375 10

Table 2. The results of average RMSE and AAE on benchmark datasets
in linear case

Datasets Algorithms Average RMSE Average AAE

Concrete Slump

Grid-SVR 4.5041 3.0158
Grid-TSVR 2.8580 2.2315
PSO-TSVR 2.7287 2.1853
CS-TSVR 2.7009 2.1620
FOA-TSVR 2.6837 2.1883

Auto-Mpg

Grid-SVR 0.6799 0.4869
Grid-TSVR 0.6306 0.4697
PSO-TSVR 0.5953 0.4597
CS-TSVR 0.5868 0.4459
FOA-TSVR 0.5897 0.4548

Boston-Housing

Grid-SVR 5.9186 4.1822
Grid-TSVR 5.1376 3.6715
PSO-TSVR 5.0454 3.4480
CS-TSVR 4.7511 3.3746
FOA-TSVR 4.9611 3.4227

Energy Efficiency

Grid-SVR 2.3593 1.5264
Grid-TSVR 1.9968 1.4744
PSO-TSVR 2.0419 1.4878
CS-TSVR 1.9811 1.4677
FOA-TSVR 1.9772 1.4708

Airfoil-Noise

Grid-SVR 5.0829 4.1056
Grid-TSVR 4.8282 3.7678
PSO-TSVR 4.8473 3.7970
CS-TSVR 4.8473 3.8112
FOA-TSVR 4.8337 3.8043

Abalone

Grid-SVR 2.1283 0.7365
Grid-TSVR 2.2967 0.7653
PSO-TSVR 2.3107 0.7608
CS-TSVR 2.2640 0.7586
FOA-TSVR 2.2546 0.7618

Page Blocks

Grid-SVR 0.7672 0.2768
Grid-TSVR 0.9331 0.3116
PSO-TSVR 0.8243 0.2756
CS-TSVR 0.7517 0.2779
FOA-TSVR 0.6895 0.2678
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dimension is set as 4. The C1 and C2, ε1 and ε2 are selected from the set as in FOA-
TSVR. In CS-TSVR, the nests are set as 20, the probability of being found is set as 0.2,
the upper and lower bounds are set within the closed interval [0, 100], and the genmax is
set as 100. The C1 and C2, ε1 and ε2 are selected from the same set as in FOA-TSVR.

4.3. Experimental results and analysis.

4.3.1. The linear test. We conduct experiment on benchmark datasets. The average
RMSE and AAE in 20 independent trials on seven benchmark datasets are presented
in Table 2.

We employ standard 5-fold cross-validation technique. The minimum average RMSE
and AAE on each dataset are marked with bold font. From Table 2, we can find that
FOA-TSVR achieves one best prediction pair on Page Blocks datasets. However, the
prediction performances of FOA-TSVR, PSO-TSVR, and CS-TSVR on the remaining
six datasets are very close. This means that FOA-TSVR can be used to find suitable
parameters for TSVR.

Figure 3 presents the average optimization time of Grid-SVR, Grid-TSVR, PSO-TSVR,
CS-TSVR, and FOA-TSVR on seven benchmark datasets. From this figure, we can
find that FOA-TSVR costs the shortest optimization time on five benchmark datasets.
Unfortunately, on Airfoil-Noise and Abalone datasets, the average optimization time cost
by FOA-TSVR is slightly longer than CS-TSVR. This might be explained by the fact that
TSVR has reached saturation for Airfoil-Noise and Abalone datasets. Therefore, FOA-
TSVR can finish parameter optimization within the shortest time especially for large-scale
datasets.

4.3.2. The non-linear test. We use radial basis function, i.e., K(xi,xj) = exp(−(xi,xj)
2/

σ) in nonlinear case, where the kernel width parameter is set as σ = 2. The average RMSE
and AAE in 20 independent trials on seven benchmark datasets are presented in Table 3.

Figure 3. Comparison of average optimization time for different algo-
rithms on benchmark datasets in linear case
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Table 3. The results of average RMSE and AAE on benchmark datasets
in nonlinear case

Datasets Algorithms Average RMSE Average AAE

Concrete Slump

Grid-SVR 2.9837 3.5677
Grid-TSVR 1.3697 1.0123
PSO-TSVR 1.3040 1.0008
CS-TSVR 1.3483 0.9002
FOA-TSVR 1.2919 0.8996

Auto-Mpg

Grid-SVR 0.6574 0.6861
Grid-TSVR 0.5826 0.4471
PSO-TSVR 0.5868 0.4401
CS-TSVR 0.5614 0.4220
FOA-TSVR 0.5614 0.4160

Boston-Housing

Grid-SVR 4.9324 3.3155
Grid-TSVR 4.9611 3.4961
PSO-TSVR 5.0788 3.2604
CS-TSVR 4.7670 3.2918
FOA-TSVR 4.6111 3.1408

Energy Efficiency

Grid-SVR 2.0693 1.4338
Grid-TSVR 2.0360 1.5002
PSO-TSVR 2.0027 1.4548
CS-TSVR 1.9537 1.4400
FOA-TSVR 1.9380 1.4100

Airfoil-Noise

Grid-SVR 5.9729 4.9558
Grid-TSVR 6.2796 5.4257
PSO-TSVR 5.8908 5.2898
CS-TSVR 5.5019 4.8976
FOA-TSVR 5.9948 5.2953

Abalone

Grid-SVR 1.9459 0.6036
Grid-TSVR 2.3201 0.7713
PSO-TSVR 2.1330 0.7489
CS-TSVR 2.0956 0.7539
FOA-TSVR 2.1611 0.7802

Page Blocks

Grid-SVR 0.8191 0.2667
Grid-TSVR 0.8606 0.2812
PSO-TSVR 0.7672 0.2589
CS-TSVR 0.7880 0.2588
FOA-TSVR 0.6325 0.2368

The minimum average RMSE and AAE on each dataset are also marked with bold font.
Figure 4 presents the average optimization time of Grid-SVR, Grid-TSVR, PSO-TSVR,
CS-TSVR, and FOA-TSVR on seven benchmark datasets.
As can be seen from Table 3, FOA-TSVR achieves five best prediction pairs on seven

benchmark datasets. The prediction performances of FOA-TSVR and CS-TSVR on the
Airfoil-Noise and Page Blocks datasets are very close. Moreover, from Tables 2 and 3,
we can find that the fitting regression precision in the nonlinear case is smaller than the
linear case. This further implies that our FOA-TSVR can be used to find most suitable
parameters of TSVR. From Figure 4, we can see that our FOA-TSVR almost costs the
shortest optimization time compared with other state-of-the-art algorithms.
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Figure 4. Comparison of average optimization time for different algo-
rithms on benchmark datasets in nonlinear case

4.3.3. Experiment on glutamic acid fed-batch fermentation process. To further highlight
the performance of our FOA-TSVR, we conduct experiment on actual glutamic acid fed-
batch fermentation process. The related data are offered by the Key Laboratory of In-
dustrial Biotechnology, Ministry of Education, Jiangnan University [27]. It is well-known
that the glutamic fed-batch fermentation process is a rather complicated nonlinear pro-
cess. There are three different kinds of variable in glutamic acid fed-batch fermentation
process: physical variable, chemical variable and biological variable. To maximize enter-
prise profits, the managers always care more about biological variable, such as biomass
concentration, glutamic acid concentration and substrate concentration. However, these
three variables cannot be measured online. Fortunately, with the help of soft sensor
modelling, such as FOA-TSVR, they can be easily measured and tuned online.

In this paper, we focus on glutamic acid concentration. Six batch experiments are
carried out under the condition of keeping 10%, 20%, 30% and 50% Dissolved Oxygen
(DO) concentration, respectively. Each batch of data can represent the whole fermentation
process. The data include offline analyzed data and online measured data, and they are
normalized to eliminate the influence of dimension. Five batches are used to train the
model and the remaining one batch is used to test the model. We use the same parameter
setting as in the nonlinear test.

The iterative RMSE trend of glutamic acid concentration using FOA-TSVR is shown in
Figure 5. Figure 6 presents the RMSE of glutamic acid concentration in 20 independent
trials. We can see from Figure 5 that the RMSE of glutamic acid concentration using our
FOA-TSVR will approximate 0 within finite iterations. This implies that FOA-TSVR
can quickly find the four optimal parameters of TSVR. Figure 6 further proves that our
FOA-TSVR is stable.

Table 4 lists the results of average RMSE, AAE of glutamic acid concentration and
optimization time in glutamic acid fed-batch fermentation process using different algo-
rithms. It can be seen that the average RMSE and AAE of glutamic acid concentration
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Figure 5. The iterative RMSE trend of glutamic acid concentration using
FOA-TSVR model

Figure 6. The RMSE of glutamic acid concentration in 20 independent trials

using FOA-TSVR are the smallest compared with other swarm intelligent optimization
algorithms. The optimization time using FOA-TSVR is almost half that of Grid-TSVR.
Moreover, the optimization time using FOA-TSVR is shorter than PSO-TSVR but slight-
ly longer than CS-TSVR. This means that PSO-TSVR, CS-TSVR and FOA-TSVR can
find the four optimal parameters of TSVR rapidly. In a word, we can conclude that our
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Table 4. The results of average RMSE, AAE of glutamic acid concentra-
tion and optimization time in glutamic acid fed-batch fermentation process
using different algorithms

Algorithms Average RMSE Average AAE Optimization time (s)

Grid-TSVR 1.03× 10−2 7.20× 10−3 205.87

PSO-TSVR 5.03× 10−3 2.88× 10−3 142.86

CS-TSVR 3.64× 10−4 5.09× 10−4 108.59

FOA-TSVR 2.64× 10−4 2.31× 10−4 121.25

FOA-TSVR can ensure to find most suitable parameters for TSVR within the shortest
optimization time.

5. Conclusions. This paper investigates the parameter selection problem of twin sup-
port vector regression. The main contribution of this paper is that we first attempt to
use a new swarm intelligent algorithm, named fruit fly optimization algorithm, to opti-
mize the penalty parameters and the insensitive loss function parameters of twin support
vector regression simultaneously. The results on benchmark datasets and glutamic acid
fed-batch fermentation process validate that our FOA-TSVR not only can greatly shorten
the optimization time but also can be used to find most suitable parameters for TSVR.
Therefore, the proposed FOA-TSVR can be used in scenarios which requires fast param-
eter selection.

However, it should be pointed out that the fruit fly optimization algorithm may trap
into local minimum like other swarm intelligent algorithms such as GA, PSO and CS.
Therefore, improving FOA algorithm by introducing other approaches with better global
searching capabilities may be a solution we need to focus. Furthermore, combining the
advantages of different swam intelligent algorithms to form new optimization algorithm is
also our future research directions. We hope these questions will be successfully addressed
in the near future.
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