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Abstract The extraction of ancient costume line drawings aims to precisely obtain contour and shape informa-
tion to aid in re-creation and traditional preservation. However, existing methods increase network depth to im-
prove generalization, leading to a significant increase in the number of model parameters. Therefore, this pa-
per proposes a two-stage edge detection method based on Transformer, aiming to solve the problems of local in-
formation loss in images and large model parameter sizes. The first stage divides the image into 16 X 16 coarse-
grained patches and uses an encoder to perform global self-attention calculations to capture dependencies be-
tween patches; the second stage covers the image with an 8 x 8 fine-grained non-overlapping sliding window
and calculates the attention within the window through a local encoder to effectively capture subtle edges and

reduce costs. A lightweight feature fusion module is designed to support efficient integration of global and local
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features. Experimental results show that this method outperforms existing methods in extracting edge contour

information on ancient costume and public datasets, with an average improvement of 15.9% in the ODS met-

ric. Although OIS and AP does not surpass Informative Drawing, this method shows obvious advantages in

model size and time consumption.

Keywords edge detection; Transformer; lightweight feature fusion module
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Fig.1 Schematic diagram of two stage feature extraction and fusion
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MangaLine

Informative pix2pix Ours

Drawing

B3 SRR A vy {0 Kl P e L ]

s WP N 7 N

) /\ v N

| BN LA

o e —

al 75 S 1] 4 =

.8 = ,,,@!.unqal =)

%. STl o e
W5 B 5 Canny DexiNed LDC

Fig. 3

Qualitative comparison with the baseline model in the ancient clothing dataset
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Tab.1 Quality assessment form for experimental results
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Method
ODS OIS AP ODS OIS AP
Canny 0.610 0.630 0.575 0. 600 0. 650 0. 560
DexiNed 0.729 0. 745 0. 583 0.719 0.735 0. 580
LDC 0.788 0. 808 0. 840 0. 813 0.813 0. 866
MangalLine 0.753 0.772 0. 807 0. 620 0. 632 0.550
Informative Drawing 0.815 0.833 0.889 0.828 0.844 0.850
Ours 0.828 0.821 0.880 0.832 0.825 0.836
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Fig.4 Comparison of model parameters and training time
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Fig.5 Comparison of ablation experimental results

FERAERNGE 2 froR, R 3 DM R AR
ODS OIS (AP T3 1 AR Fry AN [7] 1 il 52 38 1) 5
AR (EAHE R AR, B 0 o8 AR LA 3

T9T P AL PR B AR RE R LR AT 48 b b X 1K 3]
T IR, 3 AT SR A 2 A T 3k 1A Rk
Fft T S

K2 HRSRE R PR, R

Tab.2  Ablation experiment result quality assessment form

PASCAL VOC NYUDv2
Ablation
ODS OIS AP 0DS OIS AP
I 0. 810 0. 820 0. 860 0. 815 0. 821 0. 816
I 0. 815 0.817 0. 830 0. 812 0. 815 0. 806
I 0. 820 0. 818 0. 875 0. 822 0. 810 0. 817
v 0. 823 0. 809 0. 860 0. 819 0. 815 0. 817
\Y 0. 821 0.795 0.788 0.790 0. 807 0. 803
Ours 0. 828 0. 821 0. 880 0. 832 0. 825 0. 836
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