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An Unsupervised Feature Point Detection Network Based on
Difference Response Graph

Lin Jing-yi, Li Dong, Hu Xiao-rui
(School of Automation, Guangdong University of Technology, Guangzhou 510006, China)
Abstract: In order to break through the performance limitations of hand-craft feature point detectors, a new data-
driven unsupervised feature point detection network based on differential feature response graphs is proposed. The
network calculates the differential output using convolution kernels of different scales, uses the absolute value of
the differential response map to select a large number of feature points and judges the importance of these feature
points. The detector is trained by using various image transformations such as rotation, illumination, and blur to
obtain corresponding feature invariance, making the network more suitable for small-scale data set training.
Through experiments on three commonly used data sets, and qualitative and quantitative comparison analysis with
existing classic algorithms, the experimental results show that the proposed unsupervised feature point detection
network based on the differential response graph can complete the feature point detection well. The network locates
object edges more accurately, requires less training time, and has less dependency on dataset size. The network has

optimized and improved feature point detection performance.
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Fig.1 The proposed network architecture
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Fig.2 The original image and its three transformed images

(d) JPEG JE 4575 ¥

(brightness, blur, JPEG compress)

B 5 R AR e TR AR 0 55 i R HE A R
RIVAHRALE, B —4E EUR BB ER O B ) = 4
A B AE B2 [ A AT, HF B 2 BB S
Jir P P 222 S T P Sk I R A5E 2 SR A5 A B B ARRAIE AN A
P o AR X (] — 37 55 B AN (] PR %) i J8%7 4 A1 7 AH
I, )i B I e R 2 T, B R AR 4 O RN AR
UG P 2 1 T P05 Bk /)N, ARG X L8 R AR
()6 W B o TS 2R A (1) 5 AR AR HE A 2 2 i
BIE M, T2 B 1 (a) s BRI PR I 22 53 W] [
Bl [ H A7 EAE B2 — U, RIFE I ZRad #2 3k
37 0 NI LSRRV, ZARE S BB H T &
R 284 i it ) 453 2K R B i

FH T AR S /N RS ) Al SR AT U 5, 75 22
AT BRI AR iU ol 005 o A SO 5 Atk
A7 BEHLAZ 46 I 1R BEUG R B ATL I 175 A8 46 o 56 1]
BIAT U7 5 A8 4, AH 4 T BUE TP AR R R AR AR ofe
PA— A5 S AR AR B, B30 3) i o 17 S AR e A4 —
S UL IR AR 8, 51 Gn -~ A% e s A 0 . Tl 1 B
KRR 2 8 an Bap RIS & A& . :(4) 520
(5) 7 AR e e 5 A R AR, Horbo R Ie L A L
axay, AREAE A A bRl b () A8 TEOREE o A8 A7 5
AR WSERE AT IE ST, TR AR I 38 34 4 P2 (4
A4k, A4S 247 5 A2 8 J (R AR AR EL (') o

T AE R — YN ZRAtt e b 077 S AR i RE R 2 S0
1), ] e Tk T DX % S 2R L R e . P A 4 AR
e DLASEA 38 1 e S P 45 PR ) A7 BB 2 A o AR A
PAT I L IRRE X RS A SZ R

x’ air arz ap [ x
[y'}:[am a» azaH}’} 3)
1 o 0 1 Il1



66 | N = =

37 %

x cosd sing O X
[ Y ]=[ —sin@ cosf 0O H y ] 4)
1 0 o 111
x a 0 O X
[y’ =[O ay OHY} (%)
1 o 0 111

122 EpkHiz

55 DL A F SR 2 P SRR AR AR 28 11 75 7%
ANTR] s AR SCATEFH P A AN 5] RUE 1) A6 AR B H 1) 22 4
et 515 2w B, W3 FTR AN R 38 R
TR B2 B K NR [ . 3 (a) MR 3 (b) 5
B3 (c) 7 A i 1 28 3 A /N RO R K R B PR 5 7
RigEfa i g R, R BRI S HR
MNTF]— 2345 o PE1Z AT AR AL 530 o] 7 AR 8K 1) 2 B
TR  7E 1 3(b) b AT R I %0k E BB
ot SISO 55 0 B e A A KA ], I L
5 FHRONIEI o T 3 () B T A 5
P B D e AR () AS [, EL T 25 11 4 S B
P13 (b) A3 () 3 B 2R 1t B RS X Tk X SO P
BN RRRE o X P T e SO P A T HE RS A R AR, B
M) 1. P BT 4K 25 5 4 s B 5 T I o0 A7, TR
Hk7 24125, 5 3 E3(d). W E3(d)Fis, B
SCHR [ 60 5 0 B X S8 P 0 E AR T, SR T T
MW S AEL K /N AR o 17 ZE WA 10 253508 4048 3R w1 e
B 8 R B B/ IS A 34 A (Cn g SR 47 55 4 B 1)
3 5 DX I B AR K, BB 5 R 3 1 43 S IX ek
NEAE AR /N) o 3K S8 BT ROR A BUZ G WA 1 2%
AN, AEHEAT 22 4y Ie A, AL T IO A B 1B &R

s ARG AB A R B2 ) 25 5 L AR E,

T ASE A HL 22 5 W 4200 5 5 T % o BRIV A 2
Kb 4 RV B N R OK St /N R 93 o IR, AT

£
() KRG
3 RERERZIEME

Fig.3 The original image and response maps
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Table1 Repetition rate of feature points

Bt e SRS FAE A B
400 700 1000
DoG 0.581 0.680 0.747
LEUVEN Quad-Network 0.477 0.579 0.628
Ours 0.499 0.589 0.651
DoG 0.227 0.324 0.403
TREES Quad-Network 0.287 0.356 0.420
Ours 0.310 0.410 0.500
DoG 0.912 0.935 0.947
UBC Quad-Network 0.980 0.990 0.988
Ours 0.934 0.955 0.948
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Fig.8 The relationship between the number of feature points

detected and the time consumed
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