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A Method for Cigarette Sensory Quality Evaluation Based on Cost-sensitive
Learning
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Abstract: Arming at the cost-sensitive problems in cigarette sensory evaluation, Cost-Sensitive Back-Propagation Neural Networks
(CSBPNN) was employed in this paper to deal with the problems derived from cigarette sensory evaluation. In order to verify the
effectiveness of our methodology, the cost matrix was obtained based on production practice and the comparative experimental study
was carried out by using dataset from a tobacco company. The experimental results indicated that our methods have a significant
advantage on total misclassification cost, high cost label recognition rate and average classification accuracy when compared with the
cost-insensitive methods.
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The distribution of the values of sensory evaluation indices
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Table 2 Description of discretization of cigarette sensory index

[0,2.75] 1,(2.75,325] 2,(3.25,3.75] 3,(3.75,4.25] 4, (4.25,4.75]

5,(4.75,5.00] 6

[0,23.75] 1,(23.75,24.25] 2,(24.25,24.75] 3,(24.75,25.25] 4,(25.25,25.75] 5,(25.75,26.25] 6,(26.25,26.75] 7(26.75,
27.25] 8,(27.25,27.75] 9, (27.75,28.25] 10, (28.25,28.75] 11, (28.75,29.25] 12, (29.25,29.75] 13, (29.75, 30.25] 14,

(30.25,30.75] 15, (30.75,31.25] 16, (31.25,31.75] 17, (31.75, 32.00]
[0,3.75] 1,(3.75,425] 2,(4.25,4.75] 3,(4.75,525] 4,(5.25,5.75]
[0,7.75] 1,(7.75,8.25] 2,(8.25,8.75] 3,(8.75,9.25] 4,(9.25,9.75]

8,(11.25,11.75] 8, (11.75,12.00] 8

5,(5.75,6.00] 6
5,(9.75,10.25] 6, (10.25,10.75] 7, (10.75, 11.25]

[0, 14.75] 1, (1475, 15.25] 2, (15.25, 15.75] 3, (15.75, 16.25] 4, (1625, 16.75] 5, (16.75, 17.25] 6, (17.25, 17.75] 17,

(17.75,18.25] 8,(18.25,18.75] 9,(18.75,19.25] 10, (19.25, 19.75]

11,(19.75,20.00] 12

[0,19.75] 1(19.75,20.25] 2,(20.25,20.75] 3,(20.75,21.25] 4,(21.25,21.75] 5,(21.75,22.25] 6,(22.25,22.75] 7,(22.75,
2325] 8,(23.25,23.75] 9,(23.75,24.25] 10,(24.25,24.75] 11, (24.75,25.00] 12
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Information of sensory evaluation datasets
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Table 4 Results of misclassification cost
BPNN Over-sampling Under-sampling Threshold-moving
(= 1.5) 14.95+1.32 18.734+5.90 17.93+5.81 15.91+0.20
(= 1.6) 45.92+14.33 168.72+46.86 155.92+68.47 56.70+1.20
(a=1.1) 2.98+0.45 4.82+2.17 5.154£3.18 3.23+0.34
(a=1.8) 17.94+0.69 27.64+18.93 33.64+20.26 16.71+0.07
(a=1.2) 22.09+0.26 56.36+2.31 56.29+2.03 47.84£1.76
(a=1.15) 30.20+2.59 79.02+15.47 82.02+13.57 38.31+1.79
22.3543.27 59.21+15.27 58.49+18.89 29.78+0.89
5
Table 5 Classification accuracy on classes with the highest cost
BPNN Over-sampling Under-sampling Threshold-moving
99.62+0.22 96.534+4.13 97.1244.53 99.96+0.12
0.40+0.84 15.80+10.73 39.80+13.55 81.20+3.43
98.9240.29 94.1943.19 94.11+4.76 99.05+0.31
99.7540.13 96.024+6.91 93.5346.97 99.98+0.06
0.00+0.00 75.85+8.07 82.69+7.80 86.11+£3.48
0.18+0.38 65.14+10.60 62.55+11.02 57.31+5.88
49.81+£0.31 73.92+7.27 78.30+8.10 87.27+2.21
6
Table 6 Results of average classification accuracy
BPNN Over-sampling Under-sampling Threshold-moving
46.32+4.40 57.70+3.60 56.80+1.97 33.66+0.52
20.22+2.65 15.41+1.86 15.62+2.90 14.91+0.66
82.2243.78 90.52+2.55 88.36+2.95 79.62+3.05
36.49+2.86 40.31+£2.30 35.33+3.00 25.03+0.10
37.04+1.66 50.814£3.25 50.82+1.76 36.39+1.56
23.92+1.87 26.91+3.98 25.28+2.86 23.474£0.92
41.04+2.87 46.94+2.92 45.37£2.57 35.51+1.14




81

(1]

King E S, Dunn R L, Heymann H. The influence of alcohol
on the sensory perception of red wines [J]. Food Quality
and Preference, 2013, 28(1): 235-243.

Feng T J, Ma L T, Ding X Q, et al. Intelligent techniques
for cigarette formula design[J]. Mathematics and
Computers in Simulation, 2008, 77(5-6): 476-486.

Borém F M, Ribeiro F C, Figueiredo L P, et al. Fortunato
V A, Isquierdo E P, Evaluation of the sensory and color
quality of coffee beans stored in hermetic packaging[J].
Journal of Stored Products Research, 2013, 52: 1-6.
Ghasemi-Varnamkhasti M, Mohtasebi S S, Rodriguez-

[5]

[10]

[11]

[12]

Mendez M L, et al. Classification of non-alcoholic beer
based on aftertaste sensory evaluation by chemometric
tools[J]. Expert Systems with Applications, 2012, 39(4):
4315-4327.

Zeng X 'Y, Ruan D, Koehl L. Intelligent sensory evaluation:
Concepts, implementations, and applications [J].
Mathematics and Computers in Simulation, 2008, 77(5-6):
443-452.

[7]. 1999 30 1  58-62.
BP
[7]. 2011 17
1 1925
[7]. 2006 15 5 475-478.
. SVM 0.
2010 10 236-238.

Zhou Z H, Liu X Y. Training cost-sensitive neural
networks with methods addressing the class imbalance
problem[J]. IEEE Transactions on Knowledge and Data
Engineering, 2006, 18(1): 63-77.

Tomek 1. of CNNI[J]. IEEE
Transactions on Systems, Man and Cybernetics, 1976, 6:
769-772.

J G Moreno-Torres, J A Séez, F Herrera. Study on the
Impact of Partition-Induced Dataset Shift on-Fold Cross-
Validation, IEEE[J]. Transactions on Neural Networks and
Learning Systems, 23 (2012) 1304-1312.

Two modifications



