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Abstract

Aiming at the problem that the traditional image matching algorithm has long matching time and
high mismatch, this paper proposes a three-step feature extraction and matching algorithm
(BRISK + FREAK + BF): Firstly, the feature points of the image are detected by the AGAST feature
detection algorithm; then using the FREAK descriptor to describe the feature point neighborhood,
assigning the main direction and recording gradient feature to the feature point; finally, using the
BF algorithm to match the feature points of the image, and at the same time, using the GPU to
speed up the algorithm. The improved algorithm is compared with the traditional BRISK algo-
rithm and FREAK algorithm. It is found that the number of feature matching and the correct
matching rate of image feature points are improved, and have the good robustness to scale differ-
ence and brightness difference of image, and running speed is increased by 35% - 40% compared
to the faster BRISK algorithm.
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(BRISK + FREAK + BF): 45, | fAGASTHHER IS th EUR MHRHE s; 4R)5 FIFREAKHE A F5¢
RAE R ARIBHEAT IR, SR R4 HE 3 05 T FIE SRbh BEARPAE s 585 8 P BF S50 U BV 4P AE A HE AT L ARG
FRf, fEHGPURNZEEHATINEALRE. BN EELLR 5144 K BRISKEVE SFREAKHVE LB
JERE, EERBIRHMELES B & EEESLREEHRE LA T —eRiEs, MEGNREEREEE
ZR A RIFHEEN, BETEEMETERRIBRISKEZE R IR T 35%~40%4LF .
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1. 5|8
TE UG ERATIR MG ICIE R — AN FFR R, S LA S T HARRSIS BREE 1] B At
B[] 455,

PG ICECIE 2 N = A T BRMBAFAE A AR REE A B3R B A 5 A VLT o [ P Ah 2 20 T
BUZUCEC A VR 2 R ERIRT 7T, F10 2004 4F David G. Lowe BB 583 Fii i SIFT 55[3], &xF Tk
2. MR A AR B R BB . 2006 4E Herbert Bay 5 A 7 SURF HE[4], ZHELI SAE
T AT REAE LA RS 4 et (AR, HAHE T SIFT 5ok, 153 E /43 %) 742 ; Calander
2 N3 BRIEF 523[5]F0 Stefan #2 H i) BRISK SE[6]3 02 A2 s — i EHIBERD R 7T, ELAR ik 74540
VLRI AE, {H2 BRIEF AR T et JEw Uk, & 7 HEA — @M RRTE; 1 BRISK Hi%EAH
XTI & BONARE, A IR SE IR, FLUE BRI SRS R A 7 1715 L BRIEF (138 /5 22
PR— MR Alahi 28 AT 2012 42 H T FREAK 53%[7], %5252 MR IR B R 1) SR BE rp 45 31 )i
RHT, BRI N R (R 1 SR AT SR A e, IR ECETA, (R REIEA RS R,
FEPMG R BE R AR AR BB T, RFAIE A AR DG C HE Aff 28 2 ORI

AW EZETAEA: 1) 8 BRISK Hxf BRI RE SOZEATAI: 2) H FREAK $3R 10 RFIE 5
BEATHREIA ; 3) {3 H BF UCHEC S MR ARRAE s AT UL L s 4) B FEXT LA S BT 2 ) BRISK + FREAK +
BF J7i:5164i1 BRISK 5155 FREAK 53%, LLEo T 5 15 RIS SO H 1 J5 VR RS AE s 15 B R T
BCHIER 2 BYA T —Emitm, BEARFRRESARELE T EG RGFHIEHEME. FF, [/ GPU AT
TS A S BV 1 S PR

2. BRISK &%
2.1. BRISK 3%

BRISK HyEET 2011 F3EH RESRIUEE, & BH RIFIEHEABYE RS M R0 &
BEPESE . SRR BEAARYE, BRISK SE T S B iy 0 22 7 DB S AR S A i N 4 S R sl 22 7
DOG (Difference of Gaussian)& F¥5[8], W& 1 fin. i ZE 0 & 7% & H i S WiER s, e
SF Rl —AN J\BE R PR AR 48 1) UG M = S B R, )\ X i E R S, (R T s

S
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Figure 1. Gaussian difference pyramid
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2.2. AGAST $5{E#M

BRISK 3% o BT R IR AE AT U 50925 2 AGAST 59, B AT DA iy OB 25 () R AERf 7, AGAST Sk
(9172 F Mair 25 AN$2 H A —Fh bttt FAST S9K[10], R EIERN 2 5 P/ S keI 5795 AGAST (Adap-
tive Generic Accelerated Segment Test)o %5 VEAE REEARIE RN, A% &SRR R RIS M.

AGAST BEME T E NG R 2 0 &7, BH n > octave 2, M n AHIEE d, 45k
(i=0,1-,n=1)[11]o ¢, RIEITXS JRUEEUE ¢, B — KRR, B2 d) 25 e, 1 1.5 f5 RS R,
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Figure 2. AGAST algorithm scale spatial feature point detection
& 2. AGAST BIAR B == [B4FE = A2

DOI: 10.12677/c5a.2019.91018 150 TR 5 R H


https://doi.org/10.12677/csa.2019.91018

AGAST FHE SR EIE EE N ML I AR B, A8 - EMRESHEHBRMER T 1
FAST9-16, B 16 MEZ S EDATIES: 9 MER AL MR 3R 5 705 52l 7o o B AE N HEI, Sk fd
R 7R 0 T A0 P s s 58, A R A 1) P X TR A B I 5 AN R AT AR K AR 0 i 5
AGAST FHEREIN VLA T R N B 22 SLARFAE 25, X BTG IN H (4 4 — AN AR KA A1 AT 3 8 R Ak
WARERKIE12].

3. FREAK &%
3.1. FREAK R

VTR, AR R BN B DX S, RS2 D' 4 PR 4 L 10 2% R R AN [ 1 o AR R J ' 4 L 1 5
B NER AL IR 43 T 4 AN[X3: foveola. fovea. parafoveal. perifoveal [13]. 1, foveola [X 1% 3= %
X PER I EMG AT A B, perifoveal 32 B EXMIK ) HER FIEMG AT 0B, WilE 3 Fron. IER&ET A
FALME R 25, Alahi 55 A A $2H T FREAK Hik.

Figure 3. FREAK sampling mode
B 3. FREAK RAHEFE

FREAK (Fast REtinA Keypoint), RIS BERFAE sl S IR, BRI 1 B0 N IR R 58
PGS B RFERE R A DURRAE s by, 7 2 RO SRR, &2 R STE 6 AN KA .
UM SFRAE s BRI AU PR BRI, SRR S B AR RN, RAFE SUBR AR BOARAE SO PR S i, SR
R AROR,  RAE SBR[ 14]. FREAK SEVEXTREASKAE ST 7 s g 2, A e 1 2
BRI T o AR AE 22
3.2. FREAK $¥{E = #iiR F

FREAK 1A B R AFF sT 5 (58 FE L e 5 SRR i, TR T it AR iR 1 [14], H F Ror, W
TAR 1. 2 Fior:

=%, T(R) m
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1 1(P)-1(P*)>0
T(R)= (22)=1(22)> @
0 I(P)-1(P?)<0
Kodr, PR MR AR E, (P ) FORREE A P, PR ASREE SRR, 1(Pr) FRE A
RAE R R F A

BRI E T M AR S, WRR R R ), 44, ERGHEE I AEHE BRI
Mt IX s i op, A Se gk R TUAR ), FREAK Hy5N 13210 BN R T, Wi 2R 1
BTG, REEEREKMYEE.

1) ERME— D, DR —AT7RR — MHER — B3R T, F17FH C, 51

2) VEHERE D R FIIME, BT D T RBE 0/1 AR, HON TS B P RRE, BT
BRI T ZENAZER, BT EABSIS54E N 0.5;

3) BT LA B AR S 7 ZE AT HOR BN TR

4) IR EAT 512 FIVE a4 IR R, Hr] LGSR 256, 1024 55, (HEKILRAAGH 512 4
FERHIR I, FE I FHoor 85 R IR R E

FRTEE T G, FREAK AR & 12 (0 RAE DX $uk Az s 7 AR AE 2 (G R [ o, 17 vsi 48 P8 () 43 1) &2 )
AL RAE FREAK IR TF O REREE X S o FHERATAT DS 2, FREAK IR 555 8 120 i RAE X 3] DL H AR
FUG R HEAAS B R R, 1M H AR BRI 407515 B 2B FREAK FEIR T H O RRASE DX S AT Hi R

3.3. ABERSBELSE

A FREAK SHEREAT FEMGRFIE VL S 2 1, 34 75 B0 T S B PR AR 23S 3 7 1) O SRB LR AE o
U TRAE U B 43 ASREER, A7 AE 43%(43-1)/2 =903 AR si4f, FREAK SUEIEHUHL AT 45 MK
RIS REFR BRR A R SRARIURFE /I 7 10, 40N B 4 s

Figure 4. Sampling point pair
B 4. RiESTS

HRFE R [ R 508

1 1 7 F:)rl _POVZ
0=, 1(Br)-1 (R ))ﬁ ©

Hrb, 0 RREGHRMBEEEER, M IR AN, G RRRESNIIES, PR X
AL .
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3.4. S ITHE

AR BIRFE A VS HC 7458 BF 83k, RIE:71(Brute Force)BiZE[15], ‘B2 — Rt i ki zCUC i
ik, BB EEARE S N R EEAE T W — N FRETICH . #5HS, W48t S
P2 AN FREA T BIEE ZASFRF s BAMSE, WAL S BIEE AN FRFAN T S — N7 4F, IIRELECT 25,
HRI43 5 VT ER S S

BF S8 T EHGRFE s DT EC Ak, 8 S8 28 — I8 B e B — NRHE AU S KRS 28 iR MR
(RN B R AT R BN, A J5 R BT BE B8 i RRFAIE i . BF BARCN B, R —FhaR 15, B &
HFES OM*N), HARPE 1IN [AME R i BRI R TE, BT DUARSCR AT 7

4. GPU jimi&E

GPU (Graphics Processing Unit) [16]BJEJEAERES, NFRERZ O bR, B8, Bl
TAEFZ R E, Bl N BRI B FEBRMTH RN B A AR A ok iR B 2, BT AR
B AL TR B A OB 8, X E GPU {# Son B TERE, GPU AT LLEAT 47T
B, RERS T ERAAEM SR R ER R O, MR HTERAEK CPU, TERIEG
AERATIS e L R R, e I TR R EiE T CPU.

NVIDIA #£4t 7 GPU () CUDA #0148 H, CUDA £ — N IATiHH2EH), &N GPU FH1T# 4t
T—/FG, R EREARU H FAT BRI, T DME KRR A feig AT %15 = TR . GPU
EABRMBRIEAE I E, ML CPU ki, RERRAEMIZATHIN, FEmSER . BTUAARSEINTE Visual
Studio2015 [AERS [ 22%% 7 CUDA9.0 JFECE 75 &, HifR 1 SL5 MR 21T o

5. KBRER

AL F G 2 HE T windows7 + Visual Studio2015 + Opencv3.3.1 + CUDA9.0, FT % (il 1% N
anne. michel, HAZZE TN 720 x 288, 320 x 240, EUZULHCL: F4n FHR. ASCIRL ¥ 4/l BRISK
R A G T G ) S PR P D e, FLVR A P FREAK S0 B P R AE A, % J5 A ) BF DL G 530925
X TSR BB AR RFAE A ATUCAD, 73 2 R I VT RC S 5

5.1. REARE*ELs0LE
ST R B gk, i E{E anne, FRERIM EAZICECSS a0 T & 5 Fis:

FREAK #i%:
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A
Figure 5. Matching image for each algorithm of anne

5. Anne BB E AT E 1%

Table 1. Match results of each algorithm of anne

# 1. Anne IR EER LA LA R

anne VCAcE H EHIA4L RN EHiER HRE BT [H] (ms)
BRISK 16 9 7 56.25% 43.75% 18
FREAK 58 22 36 37.93% 62.07% 31
A SCEE 165 150 15 90.91% 9.09% 11

21 IR [ERBE R L RS 285 SR 3E 47 0, FRATTR I BRISK 5325 FREAK HE i i i)
RHIE AU FLULEC Y IE#f2 ANm, BH T FREAK BVEAR R & REEARNE, W RLK I FREAK 597 B3R EE]
(RFAE A BRISK SR Ui 2 H BRI 2R 20 P K. A SO EE I8 3] T BRISK FrRAEAT I i U
A, 5 FREAK i 7T 45 & iR 2T RS R BA — @ M REATM . ACH %S FREAK Bk
FIECKWE, VCEEE A 70 3 53R TF, SUCHC A IERI %4 5 1 BRISK SEkAH LR Ui, A SCHRVE A I/
RWIEE RN T 90.91%, W LLE HASCEIEAEXN S — 2 1 RE Z R E S T A RIFIEHEE. W
FHEATI SR A, ASCHIEMH T GPU FFATAE, FrAEEILL BRISK Al FREAK MFEE#AD, I
HARECT BB R ) BRISK BE R, ASCHEIERIS TR T 38.88%.

5.2. =EARRIXECECIE
SoF TG B AL BEE SR, 94 B4 Michel, P8 R B ICER 4 Rin R K 6 Fros:

FREAK i3
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Figure 6. Matching image for each algorithm of Michel
6. Michel B B AR ILACE (&

Table 2. Match results of each algorithm of Michel
= 2. Michel Y& BIARIMLECLE R

Michel [UNIREgE] IERIANEL RN B R i@ 47} 8] (ms)
BRISK 35 21 14 60% 40% 23
FREAK 85 29 56 34.12% 65.88% 31
AR 407 376 31 92.38% 7.62% 14

42 I XA R A HR A A R VL EL &5 SR T 0 b, ARt LUK B, BRISK Sk Are BRI

RRAE p /b, BUCHEL IEAf A1 Lk FREAK Hi% R ; FREAK ST HEEUARRIE S5 2B IE M R 214 Fr b4
fiX, XEHT FREAK HEAEACHAAR M, ASCEREHR P INERGRHEILEC S H K OEZ1)
A BT s AR U FREAK BEAR HE R UL, ILECE H A T 3T 5 A5 R4, BA SCRE I IR %45 BRISK
KU R T 92.38%, FrLAASCEHEEAEN BUEH — & MG ZE R 0L T AR RIFHI &, [FR,
225t GPU HIhnigE, A SCHEVERIZ AT ECA 14 ms, AL BRISK SHiE K52 R T 39.13%.

6. &it

AR FRFER, FAIK L T BRISK &9 FREAK &y UL % A2 1 ff) BRISK + FREAK + BF &%,
HHBEFL T AR SCEVEEAF R EE KA FEEIR A T RERILECEE R, AR RERM, ACEELIRRE
JREEANAS PR R B AN AR I R AR T X PR A% . BRISK B0RAR S 7E T Hag A BEAR B, fH [A) i 4505
TP B FHRAE sS4 D FREAK B H T AR & REAAR M S5, B DL VTR #Eaf 22 K,
DCHC 25 RARILAC R % o 1A S I AR AR AP b 4 & 7 X PR SRR RO 05, AR SO R EL T s A
REEEGER, (A2 KERSLREGEIEERY, A CEEMRHEILE % H % FREAK Hikil
PEm T 3~5 i, ULFEC I IE A 8 BRISK LR UM 50%~60%FE = 2] T 90% 4 47, BA L H %3217 T GPU
& b, A BRISK SHyok U, MRS T 35%~40%75 47 . ] DAIE B AR SR B 0 R 22 57
KOt ZE R BA RIFremt, HSm s TERMRE. RN, RSCHAAEAR SRR, g —5
i v B 1) DU e, 4 i 2SI B P S SR B A 5 77 1)
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