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Abstract

This paper aims to do a comparative study of local feature descriptor techniques and convolutional neural networks
(CNN) for retrieving Thai silk pattern images. Two feature descriptor techniques, the histogram of oriented gradients
and the scale-invariant feature transform, are compared to extract feature vectors from the silk pattern images. We
combined the feature vectors extracted from feature descriptor techniques with k-nearest neighbors (KNN) and support
vector machine. Then we modified CNN architectures: LeNet-5 and AlexNet. The LeNet-5 was modified by increasing
the number of neurons in each layer of the fully connected layers. The AlexNet architecture was modified by reducing
the neurons in each layer of the fully connected layers. Finally, we evaluated the local descriptor techniques, the
existing CNN architectures and our modified CNN architectures on Thai silk pattern dataset. The results of the study

showed that the local descriptor techniques combined with KNN algorithm significantly outperform the CNN methods.

Keywords: local descriptor technique, k-nearest neighbors algorithm, support vector machine, deep learning,

convolutional neural networks
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used in our experiments.
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a) b)

architecture presented in (8) and b) the

AlexNet architecture used in our experiments.

Figure 4 The architecture of AlexNet. a) The AlexNet



742 Nattawat Raksaard et al. J Sci Technol MSU

EEEEE " YY XX TLEr

RN LECEY A YAy

EEEEE " YIRS LERET

SRR L XAd).

Figure 5 Sample images from the Thai silk pattern

dataset. Note that, the images on each row Figure 6 Testimages random cropping from the whole

image. In these sample images, size of the
represent one class.

test image is 30 percent smaller than the

original image.
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Figure 7 Example of retrieve images. Each row shows
the retrieved results for each technique given

a test image (first column).
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Table 1 Accuracy results (accuracy and standard devia-
tion) using different LeNet-5 parameters for the

Thai silk pattern dataset.

Test Accuracy
Methods
Crop-30 Crop-40
Ori-Avg-pool (Top-1) (9) 50.19+£2.90 61.94+2.29
Ori-Max-pool (Top-1) (9) 49.07+4.62 55.06+3.40
Our-Avg-pool (Top-1) 63.18+1.41 71.44+2.08
Our-Max-pool (Top-1) 64.06x2.25 76.98x2.29

ANMIINARBINUT 1ATIRIIIUUY LeNet-5 el

u

A3uldeanuuy (Our-Max-pool) fidamnisdudugnngs
ﬁqﬂ WouBsueuiulassansuuy LeNet5 firiiane
1w lapfidasmidudu 64.06% uaz 76.98% ludaya
Crop-30 1§z Crop-40 aa&1aL %aﬁé’mwmsﬁuﬁugaﬂdw
Avtaualu® 11NN 10% lagnamIsuAnLEaIanIz
Top-1 Rt

lusuvaslassasouuy AlexNet 33 ldnasey
M IaA$1INVE9 Node Twiis Fully-Connected” 210
I 4,006 Taua 10u 1,024 nua 512 lnua Laz 256
Twue auEey

NANNINAREdIl Table 2 waadlkiAnINAITAA
mm@maﬂ%u@dawalﬁé’mwmsﬁuﬁumwgo%u uazLiie
nasaufivgadayamori lnanswuirdwiulnue 512
Tnua ﬁwamimaaagaﬁqﬂﬁ 44.70% uaz 55.58% u1a
T83a Crop-30 Lz Crop-40 AL wdiialSaufiay
329 1ATIENILUY LeNet-5 Laz AlexNet wuinlaseasns
LWUU LeNet-5 ﬁé’mwmiﬂ”uﬁugaﬂ’iﬂmaaﬁ”’mmu
AlexNet

Table 2 Test Accuracy comparison among different num-
bers of nodes in the AlexNet architecture on the

Thai silk pattern dataset.

Test Accuracy
Number of nodes
Crop-30 Crop-40
256 41.52+1.46 47.54+1.54
512 44.70x0.94 55.58+1.04
1024 34.71+2.07 40.44+1.12
4096 27.42+0.84 32.65+1.62

J Sci Technol MSU

Table 3 Performances of the 6 different techniques on

the Thai silk pattern dataset.

Test Accuracy
Methods
Crop-30 Crop-40
HOG+1NN 92.05+0.31 89.73x0.79
SIFT+1NN 23.03+0.46 57.99+0.33
HOG+SVM 74.92+1.94 82.68+4.67
SIFT+SVM 42.846.98 40.24+1.08
Our-LeNet-5 (Top-1) 64.06+2.25 76.98+2.29
AlexNet-512 (Top-1) 44.70+0.94 55.58+1.04
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mﬂﬂT’]vlmmT'sﬂ%%'mimqmé'ﬂﬁm:ﬁLﬂmawwﬁuﬁ i
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