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Local feature descriptor based on mean normalized contrast

Yan Xuejun, Zhao Chunxia, Yuan Xia, Xu Dan, Liu Fan
School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing 210094, China

Abstract: Objective Because the contrast value and the two-bin contrast histogram are used, contrast context histogram
(CCH) has the characteristics of low dimension and efficient computation. The CCH contrast value is calculated between
every pixel in a local region and the center pixel of the region making the CCH contrast values be sensitive to the intensity
changing of the center pixel. Usually, the stability of the center intensity depends on the accuracy of the local feature detec-
tor position, which is susceptible to noise, image transformation and distortion, scale space discretization, and other fac-
tors. Furthermore contrast values in CCH are not constant illumination invariant because the intensity of the center point is
not the mean intensity of the whole local region in most instances. As a result, CCH descriptors cannot get competitive per-
formance when compared to the standard SIFT ( scale invariant feature transform) descriptor. In addition, the SIFT descrip-
tor has the characteristics of high dimension and low computational efficiency. In order to solve these problems, a fast and
low-dimensional local descriptor is proposed, which is called mean normalized contrast context histogram ( MN-CCH) .
Method MN-CCH firstly calculates the Gaussian weighted mean of the whole local region. The core of the Gaussian kernel
coincides with the center of the local region. The local region is normalized by its weighted mean to obtain the region’s nor-
malized contrast values. Then, the local region is divided into 32 sub-regions in the log-polar coordinate system, and a two-
bin positive-negative contrast histogram is built for each sub-region. To overcome the linear light changes, the 64-dimension

MN-CCH vector is normalized to a unit vector. As the Gaussian weighted mean is used, MN-CCH contrast values are more
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stable for the feature location error when compared to the center point intensity used in CCH. In addition, the normalized
contrast values are constant illumination invariant, which helps to improve the MN-CCH’s performance. Result The image
matching experiment in the Mikolajczyk image transformation dataset shows the proposed MN-CCH outperforms the CCH de-
scriptor in most image transformations, especially in natural images and texture images. The image matching result also
shows that the MN-CCH overcomes the low Recall in lower 1-Precision and noise-sensitive problems exist in the CCH de-
scriptor. The proposed 64-dimension MN-CCH gets competitive performance when compared to 128-dimension SIFT de-
scriptor in the image matching experiment. The retrieval test on the PCA-SIFT’s retrieval dataset shows that MN-CCH gets
the same retrieval accuracy as SIFT does, which is higher than the CCH descriptor. MN-CCH’s descriptor building and
matching time is indentical to the CCH as these two methods have the same dimension and complexity, which is more effi-
cient than the SIFT descriptor as SIFT’s tangential calculation in descriptor building is time-consuming and SIFT uses a
higher descriptor dimension.  Conclusion MN-CCH outperforms the CCH descriptor in both image matching and retrieval
tests as it overcomes CCH’s feature location error sensitive and contrast values are not constant illumination invariant, draw-
backs. The proposed method has higher descriptor building speed and lower descriptor dimension, but it still gets competi-

tive performance when compared to the SIFT descriptor. As a result, MN-CCH is more suitable in applications requiring

high computing and large storages resources, such as mobile robot real-time navigation, visual SLAM and so on.

Key words: local descriptor; contrast context histogram; image matching; image retrieval
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C SR ) e R — 2 Rl 2 A A T Y
O3 BOMEVEAT 3 Rl A T R PERE, DR TR IR R
R B SRR A 3R A DL FC D . 181 6 (a) g 3 A
R TAERAS KGR P A PERE 2L, CCH ik 119
PEREWI .55 T SIFT FIA 377 % MN-CCH, MN-CCH
55 SIFT PERE M2 HEAAH A . 7E18] 6 (b) A SCH K15
Hr, CCH Hifiids 7 il A A1, i 2y T S0 R i K
ARG BAT TR , s A iR 22 5 R A DR R IR
ARAE X I 1 B PR RE S ALK, 28 5 51 ATRIERL
SIFT ifi i 7 H1 T H I BRGE T 14 72 AH 4R 15 3% 18] 1Y K
FEARAG (RBEE) , DN g SR B B iy P B . MN-CCH
¥ CCH Hiid v W i Pk R4 71, 5 SIFT filiik ¥
PERERCN IR

SRR, A 3C MN-CCH 5 35 8¢ J5UAS 1) CCH
filid TYEREA IR iR , X 32 208 i T MN-CCH
ik T Fr gt X R A W DI CCH
filiid 132 B AR R IE RS E PER R DL A B
DGR PR RN, 7 5 5| ATRILES, L rERE
S TASCO k. (HARER RS, CCH ik 1 BIR AT
FEX SR 2 (HIAE JPEG i B AR b ik 2 5%
BHAFE R PERE . CCH Hifi & 71155 B X L B A
IRAEA B RO A, (HSEPR B —EA IR
Z[a] R 2 A R A G B A2, O HLRRAE KR
R B IR AR AN K, BT LA — 6 UG e rh 3R 30
HAEEROYERE . 5 IRl AR [R) B0 ) RO IR AL
T TR AN 532 090 5 (5K 138 A BRI DX S
JRBEAE AR XA R A4 CCH #5778 [ Sk = &
& (Trees) FIZLHL AR (Walls) i 25| ABZZ 1R IEHE
(A . ARSC MN-CCH fifiid 1 5efi T CCH fiih 147
TERIAN R e 2 M s s rp R BLL T CCH ik 1
fPERE. 64 ZEAY MN-CCH ik 17£15 128 ZEfY SIFT
iR XF R BRI SIFT fA A A PERE o
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2.3 EfBKRELR

TE—AN/NRBE EE (http 2/ /www. cs. emu. edu/~
yke/peasift) il i MN-CCH 7i {5k 28 O TERE
IZBEEA 30 IRIEMR, 1% 10 MR B TR
L5 R — AR 3 AR SRR . X BT 4
SR SIFT . CCH il MN-CCH FRAEH 8 , SR )5 iF
Fr EUR B Jay B RFAE DL IC o el DT BC R Ay T 1R 1)
ARARIE B B B o U], ARRE DG TRC SR FH I (DT IE 1Y 7
A HARAE A FE RS /N T BRI, WA A & — X DL
FET BI{ELRY DU ACAB P A R T R, 24 4 31— X DT i
I T DR R [ 45 2R AN sk Py i 2 A R o
R, PBR B MER 3R I SCHR [ 16 ] 9 ZETH R,
B 1 e PR A D B ARG R TR, A TR A S il 1
18, A DE L AS SRR o] B B A ALY 2 18 P55 ik
FEAE R — s b AR 2 73 o A 1 RS S #
SR EGAEF — 5 rh, WS 1ok B0, A 53
ARG ST N 60 J K R UERG O SRS 23 B
PLEH 55,

iR TV R BB B DL/ R DL TE 1) XU, $
KGRI EM R . % 1 451 T SIFT ,CCH MN-CCH
3 MiA TR R PRI TERE . 128 4k SIFT HifiiA
THIATL 64 4 MN-CCH #fiiA 72355 T 58. 3%
AR MERR 38 . CCH 838 1~ 1 Aty 3 5 HL A 9 b 07
AR S% o XAEURE EBRR I A 45 R e —
[, MN-CCH il i 7 A B PERE S SIFT BN 23, 1
CCH 75— {5 4 vh MERE B 1255 T H At b 5
2 EEURKE R T A5 5| ASE BRI UL ECRAAE , SR 7
AR IR R AR

Table 1 Percentage of images correctly retrieved in

retrieval application

FRAER AR 7 ik (FRIE4E%D) T R LR/ %
SIFT(128) 58.3
CCH(64) 53.3
MN-CCH (64) 58.3

2.4 ZfTHEER

SR IR GG 28 55 6 v BT A PRI i S B8 BURAAIE
FEVCELRY J7 ZORA T 3 Bl iR T a8 17 B ), AU
IR /0 55 R 28 X6 58 ik hA T I [ 38 g 1) 52 el
2 450 TIH—4LF] 1 000 YARHEAE AT 1 000 000
UHFIEVCELSS 3 PR A T s T e] o 76 A il
=, CCH 1 MN-CCH B g Pt SIFT f#fiif+, X & H

T CCH il MN-CCH iRk 1 SIFT i 7
] il TH 4R A SR FH B SRy PR Y X L R B O 5
MN-CCH %4 i 1 000 /MR#E L CCH 122 13 ms,3X
JEfF MN-CCH 75 B4 AT 5 s e 88, DAAS
SH R o =9 A RIS Y MN-CCH Sy f3i] , Az it —
A~ MN-CCH #iiA 72 . CCH Hifi ik 2 #E47 A% 1 000
YA 600 YR afeikiz 5, i MN-CCH 1) 5 /2
K F AR A HLTE AL Y (A SR s, T DL e kis B
KR R 11 A R X 540 45 A R 2 (8 79 MN-
CCH W&AI%F R F 04 /55 97 B 5 W 1) MN-CCH, {H 43¢
CCH #iR AR BRI et . [RIES, 45 1 000 AMFEAE
13 ms (4[] 25 R AR R 225500 F T DL 22
TEFFIEVEBC 64 4EfYy CCH A1 MN-CCH 18
TR VLR B I S PRT 128 4EfY SIFT k1

R2 FHERIRERSLERE
Table 2 Performance of descriptors

representation and matching

FEAER AT 5 (R OEAER) ARt /s DRRECHE)/s
SIFT(128) 1.014 1.335
CCH(64) 0. 585 0.813
MN-CCH(64) 0.598 0.813

2.5 MN-CCH & # ik

T Y S g 4 SR R B, 4 3¢ MN-CCH $3A& It
e RE I AL T AH [R) 4E 20 CCH #iiA ¥, X2 i
T CCH $3R 7 iy % e BE 1181 BEAR A b g
JREE BRasE Mk, I B, CCH JIr % FH B4 % e B 3
ARG IHAEA F ECIEAA M 4 MN-CCH #f
R 6 R TR AR E , O B i TR E A A
FRAEMAS AT 20 BT H R B B IR AR M (IR
HEE MN-CCH #iiA TRESIA 5 SIFT ik 7A4H 411
PERE. MERIE MN-CCH #iA 1 iy & ek, Xf B A
B A AR T 0 SR R E R B g i MN-
CCH 3R FAEA RIS KT A VCFC I RE

FERL T (a) S 56 A, X6 I 5 (O 2 15 1)
(0,255 ]) B IAS[R] 2 0k 1 e B 1 e (o = 20,40,
80) , SR )5 43 B % B 5 $ B CCH il MN-CCH §1E
FEIX AN SEBG v W7 AN AN 52 M) d5g 2RI X3 1 K
ARAY 5 M R A D B33 0 6 K B VRR AR 3207
ARG EE . B 7 (a) BYSEIRZS SRR W], 75 [ 45 1
FEACETT (HARTR B35 SRR ARIR) , MN-CCH #fi iR
T (ML) LT CCH #iik 7 (5L4R) . [FIAf &,
TER I T o =20 2 W 1 M5 B8 # MN-CCH
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DI, H R FH AR [R] A9 8 A AG: I 3332 A R AH ] B4 ]
%, itk CCH 1 MN-CCH i34 77 3 B R B A
JETE A — B X R AR XA R B (R S
[0,2551) GIHNAS R K- B9 2 20 o3 A1 BEAILIGE A, SR )
o3l CCH Al MN-CCH %54k, 4nf&l 7 (b) fr,
TEX RPN T [ - 16,16 1 FEHLME A 2 J5 ) MN-
CCH PEBEVIIE TR U IR A 1y CCH $#ik ¥, CCH
3R TR RE X W A 52 M AR AEUR, T MIN-CCH 4t &
TR A T PR RE RO AR AE

MIE T WS8Rl LA Y, CCH i FPERES) 32
WP B R, 315 R AR 2K 52 W 7 3 0 118 7 7 R 22
al MR P BT | B ) K AR AL AR O . MN-CCH. $
TR P LI AR B, B AR R B
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AR SCH Y — R A, DR A fE 4 B8R R R AE
iR J5 i——MN-CCH, %5 ¥ 41 %t CCH ik T
FEAER SN HCEEAS ELA ' BRSSP RS 0o
TR EERGE PR ) B, SR FHIAS i) B3 Ak 35 (8 Sk T
SRR DX LU BE RS 3 A K B X b LA
HEOCHRARE , $ e Al R T A D PR RE . SR
SEF I, A SC MN-CCH 34 T4 5 CCH ik 7
DERCPEREA I A3 U s il T CCH #iR 17
IR B3 T R A%, H AR s UG AN S B 5 1
REAS AR, %o Mt 552 i A0/ 5 ) JE . 64 24 ) MIN-CCH
R T AE BUG AR S R MGG R S g h R B 5 128
Y SIFT #5378 140 24 fPERE , 1T ELAH EL T SIFT #5348
T, MN-CCH EA 4e BB RCR I, 7ExF 1t
SRRVt 9 R SR 5 w8 19 L , MIN-CCHL J2: SIFT
R T RS R Bo FEARN TAE D, 7584
4 MN-CCH 38 F 17 6% T B RO sk
MN-CCH Ji7 FH #I#L#5 A58 T 00, #0950 SLAM %65
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