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Optimal Classifier Ensemble Design for Vehicle Detection Using GAVaPS
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Abstract: This paper proposes novel genetic design of optimal classifier ensemble for vehicle detection using Genetic Algorithm
with Varying Population Size (GAVaPS). Recently, many classifiers are used in classifier ensemble to deal with tremendous
amounts of data. However the problem has a exponential large search space due to the increasing the number of classifier pool.
To solve this problem, we employ the GAVaPS which outperforms comparison with simple genetic algorithm (SGA).
Experiments are performed to demonstrate the efficiency of the proposed method.
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1. Genetic Algorithm (GA)
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2. Genetic Algorithm with Varying Population Size

(GAVaPS)
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PopSize(t+1) = PopSize(t) + AuxPopSize(t) — D(t) (1)
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1) proportional allocation:

fitnessli]

min(MinLT+n AvgFit

Moz LT) Q)

2) linear allocation:

fitness[i] — Abs Fit Min
MinL T 20 ot Mot — Abs FitMin 3

3) bi-linear allocation:

fitness[i] — MinFit
MinLT+n AvgFit — MinFit
AvgFit > fitness|i] @
n fitness[i)— Avg Fit
n Mazx Fit — Avg Fit
AvgFit < fitnessgfi]

05(MinL T+ MaxLT)
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Fig. 1. Structure of chromosome.
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Table 1. Performance of single classifiers.

Parameter Value
Original feature number 2000
Used feature number 100~2000
Average recognition rate 0.82
Maximum recognition rate 0.87
Minimum recogpition rate 0.80
E 2. AME-¥ databaseE.
Table 2. Used databases.
Data set Number of data
Training data 60
Tuning data 30
Test data 30
Total 120
3 AR dayEd derEE
Table 3. Parameters for genetic algorithm.
Parameter Value
Max. generation number 500
Crossover rate 0.65
Mutation rate 0.05
Classifier number . 100
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Table 4. Results of the proposed method.

Methods SGA GAVaPS
Average fitness value 28.56 28.75
Validation| Maximum fitness value 28.80 29.40
Minimum fitness value 28.30 28.20
Average trial 50090.10 | 4819.70
Trial Maximum trial 50096 5438
Minimum trial 50086 4055
Average recognition rate 0.90 0.91
Test | Maximum recognition rate 0.93 0.93
Minimum recognition rate 0.83 0.87
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Fig. 4. Performance of the proposed method.
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Table 5. Comparison of training time.

Methods Training time (min/100 generations)
SGA 69112.60
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