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ABSTRACT

This paper focuses on the problem of instance-level image retrieval. Compared with the
traditional object retrieval, instance-level image retrieval has a series of difficulties, such as:
the difference between the same categories (for example, lighting, rotation, occlusion,
cropping, etc.), the difference between categories and categories is not great (Coca Cola bottle
and Sprite bottle ), the image contains a large amount of interference information (such as
background images) and a large number of unlabeled interference images. Recent
developments have shown that Convolutional Neural Networks (CNN) can provide an image
feature representation that is superior to traditional methods. However, the features extracted
from the entire image by the convolutional neural network contain a large amount of
interference information, which may cause the retrieval performance to be less than expected.
In order to solve this problem, this paper proposes two solutions.

The first is a method based on Faster R-CNN detection for instance-level image retrieval.
It has two stages, namely Faster R-CNN offline training and online instance retrieval. First, the
Faster R-CNN model is trained to locate the area where the object is located. Then, CNN
features of the region where the object is located are extracted and integrated into the overall
features of the image. Finally, the Euclidean distance between the overall features is calculated
to obtain the search result. This paper carries out experiments on Instre and Oxford datasets
respectively. The experimental results verify the effectiveness of the proposed method.

The second is a new instance-level image retrieval framework. The framework consists of
two phases. First, this paper uses the Regional Proposal Network (RPN) to detect the image,
and its detection result is input into the Dual Regularized Triple Network (DLRTN). Second,
by calculating the loss function of the ranking subnetwork and the classification subnetwork,
and using the calculation results to optimize the network. Then, this paper introduces the
regional generalized mean pooling (RGMP) layer, pools the feature maps from the output of
the dual regularized triplets network and generates the regional generalized convolution

activation (R-GAC) as the global image representation. Finally, experiments on image
11
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retrieval datasets demonstrate the effectiveness of the proposed image retrieval framework.

Keywords: Deep learning; Instance-level object retrieval; Triplet network; Regional

generalized-mean pooling
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)Xo 52 2
221350 Faster R-CNN 2 J& , | U ZR G (AR Sk i B UG 13 FHAE DA S BN 57

MERIR N8, B 3.2 BoR 7 — 286, WG 2P EdEgE (a) Oxford A1 (b)
Instre [RIRT 5 AN FHE S ARG 700 45K, AT CNN LAY AR 21 3 5 X 3
SRR LI A

(a) Ouford {b) Instre

3.2 (a) Oxford Al (b) Instre FIASINEIHIRT 5 4G FHERE AT R 11573
Fig 3.2 (a) The first 5 bounding boxes detected by Oxford and (b) Instre and their

corresponding scores
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3.2.3 ELBE GRS

2 e ASEBIEME, MRS Faster R-CNN SEHUX 8T CNN $2 B X S8k A0 58 R AL
A A LR B R AR . — RO, BB BB s i ARy H
PRIXHE, N Ja SR B 2R AR CNN RRIE. (H2, 1570 d5 e AR D DX A A 5 e B sk
B RIXEAE . Bred, Baiff XA AT RS R L — A AMER. B32 8R7T
— L. 3T oldman ANl parchis X AN, AT 20 R (V) IX S 2 7 B R 1
X, M FEER T 25, BEWRE DG ="alai R, af UKL
X GBI K 73 B X8, PRI R Tk 28 5 B A I DX 3K 3R] e b o A 1Y
R MANER - EHEENLFHEZ Ja, KA LT = SR & A S BB K T
K XIRHPRAE, 7002 (1) B4R () PR (3) skibfb. X T HEZEE,
A i B AT N 4096 4ERFEKRR G K B AN F X RAIE . I8 R TE, N
AN A ST R SR IBOR S 4 2R 45 2R . 183 Faster R-CNN,  BeA 20t /b 1 RS 5
T AN, JEIE CNN J5EAe 2 1 il X e = 78 SCHME B fm, I E$F top-K
A FHETF R AT REM Or B B A5 I, DAl vl RS0 (e I 45 SR 22 s R VE REA 2K
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3.3.1 HiEEE
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3.32 SEWRE
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B K EEHLIE R 75 D EUGKTE BN ZREE, DUEREIT B Faster R-CNN K. 7£ Faster
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Fig 3.3 Comparison of different methods in Oxford 105k
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Fig 3.4 Comparison of different methods in Instre
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Query image

K 3.7MK=1, 2 /38, EE/KZRE.

Fig 3.7 Image retrieval example when K = 1, 2 and 3, respectively.
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2, XEHE AR MAAE V. E3R5Th, 2 K>2 8, B K MM, &)
D FHER LS T 2 e . R, SBOUHEREE T . A SZERNE, ELRp,
W3 T VGG16 P28 KA B B AE , 17 AN f2 18 Faster R-CNN [ ZF (4% . K0 VGG16
M JZH L ZF 2, HEAGHEIF 52K ERE. 7F Faster R-CNN WSR2 J5, fi 12
HEZ ) VGGL6 MELZIE L ZF ML T LF, v LABR & T Sepil ke RN ERe . AT T
By, R ZF MR R A RN 26.9%, TRHM VGG16 MR RE RN 28.6% . 5
ZF MZEFLE, R 2% s, seah, ik 7 —Fhorik, R DX o AR AR A T

hallf

=

14



AR B R S BE  ri 3 LT IR X B U s IS 5
FANFFAEAN G & H B RFAE 1 735, JFRRZ I BRI AT R, RN 32.2%, 5
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=
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RITE, AHZIX PP IR BT & X331 77 2 BEINIE & 0 PGB AR Bk, AS— e i& FH T 52451
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=IERE.
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Fig 4.1 The framework of system

17




L AR AR A A 226 18 5 HI T BEHEAG R A PIBT Be — 3R I 2%

4.2 F3IRHESR

4.2.1 FRKENL = E AR

LA J7 i A T =08 M 2 1 G = n i HE i k. ERRLE, 4
EBMAPE LT, ERFE—A I B A — A7 EAS, T E — ik b 67 i S i
ARWEBREGR. 21 NRERR g EREIR, I OVRERAT " ARIEIE, 17 it
WRFd- AR R EIE . fEadikE L

LI, 1", 17) = max(0,m+|q—d*

Hhm REHLENZH. S - NRAIERHRM=J0H, BT =R M 2% 1) =
AN 3R AR A

SO HEZ R AT 2R ] e A 2 AN ZR I th 5 2 1) =SB AR Al N 4% . PRIk, sk Ft
I3 BT LRI IX AN IEA ) IR R M 2% o 4 2R A1 IERE AR R E SR IUZ 1 4 —
MG T, ©H—H2IEE R EM AR Softmax #7145 L, ) Concat JZZHRL (4.1 .

“g-a 4.1

XFF Softmax ik, 2B j R i NEGEXT [g,d7 ] A4S A] LS T
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c , 4.2
> exp(0, [4.d"1)
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Hrb g, d" 1 FoRa T Mgt g Md" ZRIBRE RS, Q,([g,d"]) ZFRAE j2-F, Hil
BGERT g, d" ] TR 0 A, C R AT REM SR I HUE
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N C

1 -
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Horb N R B WA S L IR AR B UG 3
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it 2 B B DORE RRR R, SR W x Hx K, Hd K2R
BRI E . FH—4H 2D sk ERER 3D TkE. y={x}.i=1,...K, HH y & 2D kEX
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ASCAERI AR g K X3 L i (RGMP) % B ARRIA (Rt A 7 12 -

1
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B[ fE e [ e ﬁﬂﬁ%ﬁaimw, (4.7)
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TETI B, 10 T ZRAF 9 DLRTN &% — MR, 3385 BUIZREF 79 DLRTN M
ZENE PR BUCG R Z I RHE S . SR 518 RGMP A6k B BN E X I8 R A Bl aft
RIG, sralidd PCA 5 L H— A RIR AR ES &5k B AN E X SR RHE, DRI 24 EE
For, B SCEREE (R-GAC) . i@ id SRRk 5 s 55 h UG 2 1)
FROAEBLE 45 2 B (R R 45
4.3 SRR
4.3.1 ¥iEsE

BT DU A BUG A R B R Sk 30 UE 7 A Bk, £ OxfordSk, Paris6ki,
Oxford105k, Paris106k, Instre-S il Instre-S + Flickr1M.  Fif PUAN 35 45 2 bt B (546 K
HARAE, TR 5 P AN B SR B HE S B R B, B RS &R H R = T
Wik, WEIRMEEA ZFAEER, GIAFE ] e s . A eyik L EoR
—/NEGY, AEE AT BB

432 SR E

X =AML, SRR = Ju I TR R PG SO R EE MR . B,
EHHEE TR =T0H (9.m(q), N(9)) » HF ¢ FmEREE, m(q) UL E R K& IE

fil, N(q) & —H5ERAVLEK A EHR . X2 =JoHH TR EIER, KT,
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m(q)=| /(@ -i(q)|

(4.8)

eM(q)

Horh M(q) REMFE D SERRAMAFERFENEGES, f(@) Milg) i(q) Fm BB

fiE.
[FIFE, EFER A A RSN R S IRE B, B A RS I B 5 B R E R
B /N B

min

m (9)=|/ (@)~ (@) (4.9)

eN(g) ’
Hort N(q) RBUEE T IGIRESERAF N EGRES, f(9) M j(q) FomBEIRFFLE.
AR =R AR TS, BEHLER NG R, REIRE A
AR, BARYE 2 3 4.9 AR RIRF 3k £ 50451 BR - Re il 2 5t Oxford
A Paris Frdfadl, A BT RMEWEE, FFAERSENIEFEM— RIS EEEE TN
FAEWIEPE LS, 5 MRS DRI T FE A0 8T 5 AT R AT
NP LEEL, AE Instre-S B A B G v & ER . TR0 1 EHER AR
AL, R AR = n I, WA S e — AN R B O = s I &
TR EW, WEEIEG], FREIAR 199 DA B — 5Kk A v 1
A ERT5E, FTPERSAIIR G = c R &, HR, 1R AN, N
MRIESEPRE LS R . SRUTF SCHR[30], MBI I ZRif UM 2Ae & — e, &36& 5 %
e E, RITHROXS = e ARHE Rk, JREFR A ARE IR =il
HEZRAE Caffe 75 ESCHL. A CEFHRATHIZMN VGG16, 1ZZH1E Imagenet 2546

WS UIZRETE, B adam BVERIIGMLE . WIMHF TR AL =1x107°, FHH R ECEW
Nl exp ™ BIEAHIN], FHER 0.9, FRMBENS5x10™ . Fra R EBEI RN HE N
256 X256, —JuHMIHEKR/INA S, & E margin=0.75 1 1=1.5.

4.4 V& HEER

xiF BT A 2 AR HEVPAS 48 b5 /2 mAP.  IEWNFE Oxford Al Paris MIARHEMLE —FE,
R AR A B R (0 B SRS, 1 T Instre, A8 A0 BUR S oAb AR E 4SS
RAEAT 2T B
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Learned R-MAC (W& Z5 ) EATH it LKEAE ZE b () R A etk 5 R[22 4T T EL.
K41 BoR TR, H L-R-MAC -5 R-MAC. WSEIREE Rl LA H (D
DLRTN f%RELL L-R-MAC 4. X /2K N5 L-R-MAC AL, DLRTN #—2 5| N T 4328
M. DLRTN [ FhAS [RS8 (1451 2% ok ion] DLSE[RIAE B T CNN DA m A RE T . (2)
5\ RGMP it —542 % 7 DLRTN [1EfE. J0IE T AT 5 A8 R A UG A AR TR X3
SCEEIBAG A R . BT RGMP IR IIZE, AT LA ZREdE &% S ka4 5
Ho R E AR DX B B0 1 S L IR il 2 79 21 5 BAT XOPE I RHER R . £/
HEHHRAE S, DLRTN F3¥dgm 7 1.5% Ati.  (3) XK IENAS RGMP AH4HAH &,
LR m T EGR RN, WK 41 TTUEH, EREANARSEERE LriE—H
b L-R-MAC WTEREE M P E, ANABEREA KL 2.5% TEReE . 7ish, B 4.2
2 R B 45 R — 2545

i 09586 08938 0.8573 D.5u12 0.9863 DoE31 0SB0 0a7E2 08732
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Fig 4.2 Example of the top search image between our method (DLRTN + RGMP) and
L-R-MAC
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Tab 4.1 Performance (mAP) Comparison of Adding Different Branching Methods (%)

Method Dim. Oxford5k Oxford105k Paris6k Paris106k INSTRE-S INSTRE-S+1M
L-R-MAC[12] 512 83.1 78.6 80.1 79.7 75.6 32.8
DLRTN 512 84.2 79.8 90.8 80.7 772 33.6
DLRTN+RGMP 512 85.3 814 91.6 82.4 79.6 34.2

4.4.2 DLRTN B9YEIHE 554

BN 53 B R AT B T4 iR BE 8 R H B8 7, T HLIE 2 5 o 58 R i e S50
B N TIRZRFTHEHE) DLRTN U st , EE 43 55145 W T HETE =AM S &%
OxfordSk, Paris6k Al Instre-S - [fI i 80 4811125/ DLRTN £ % Al L-R-MAC [l 24k
i, MEH A LA 2] DLRTN MY S8 H L-R-MAC B4k, 7EH R FERIREC T,
DLRTN (¥4 2k Lt L-R-MAC 7).
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500 6.00 400
450 —#— L-R-MAC g-gg —#— L-R-MAC 350 |g —o— L-R-MAC
400 -
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w 350 i w (%} \
-] | G4m0 | .
- 1 - ] i
3.00 L 350 \ )
E 250 3 E 300 I\ E 200
= '\ = =
£2m £ 250 = £
= = 2.00 . =
= 150 5 . =
N 150 e 1.00 \
100 e 100 by g o iniee 29.9.6.50689000000
050 Ll *eesss0 0008 050 e U e e s 050 SoSSSasanssS
b gt Al -ty o i
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4.3 3T = A BAERA B AR 95125

Fig 4.3 Loss for different number of iterations for three data sets

4.4.3 RGMP H ¢ B98N

LT SCHR[31], 7E CNN 5 RGMP — 2 i 3 i #2 Fh AN [F] 22 ) S 80 & 5P it AL Al

RRIBAEEAT T HEL. B 4.4 thagth TSRS R, WEIABIEH, RGMP EE=14
Ptk EIRZAR ARG T BB AL AT S AL, R i) 2 72 ] RGMP 3o =44 WY 2% 1HEAT K5

WHE 2 J5, Oxford HI2E XS0 E J92.72, Pairs 221 SH0E )9 2.65, 1M Instre-S 22215

B EH2.85.

23



L AR AR A A 226 18 5 HI T BEHEAG R A PIBT Be — 3R I 2%

mAP
095 |
0.914

09 |

0.871p gg4
085 | 0.831
08 |

ums”ﬂ

075 |
07 L— S — i

OwfordSk Paris6k INSTRE-S
B mean-pooling B max-pooling  WRGMP

&l 4.4 RGMP 5 Hofihith A6 77 VA B EL A
Fig 4.4 Comparison of RGMP and other pooling methods

4.4.4 SMBFHENLEE

FEARTT, WA B IR AR L S R A RATSS Bl VAT T T i b, &
Sl SR 45 S M T A H R PR R AT LU . 3R 4.2 BoR TIE DA FRE S AR 2R3
P P B seIn 25 RO A 7 R fe it T — 28079, 40 UFT-MAC [34], L-R-MAC M
Mask-MAC B3, 5K 4.2 FTLAE R, BT Pairs106K 454 ¥ Mask-MAC Hi%2Z 4,
ARE PITEAE A AR HE SR B FSRI T merEvERE, [FIRF, AN 17k B L A
IRAVFIELENE . K 4.3 IR T Instre-S MISLIRLE R, WTLLE R, ATMTEHBLEWTE
XEETTk,

W, KA RITTASEIN T iy E(QE) It ikt AT i, b QE & —Fh
FERT T BRI SR, RS R S A AR R . S OCHER[11]28 8L, P QE BOTHEAT SR4R,
FCs AR T DLZBE AN THET 10 AN IR FISE R H), £ 4.4 1R 4.5 B TsEgmai . W&
44 T AEH, AR ER TR Z BHAR . AR5 7R RE LL B0 52 1) X3k & 7
AR SR BT OxfordSk 1 Oxford105k L #mithfAe . HAh Py Eds 42 i B P e ok B
SN AE I RFAE . BRI AE S IR AE 2 BE I IO P RE B e, (X BRI VE A K, A
AT B E AR . £ 4.5 B8R Instre BIEE FAISLIGEE I, LK E 5 Instre
HAREMAR . AREUEH Instre-S i 2E

7 4.2 7 Oxford 1 Paris £ e+ 5 & gt 19777524 T mAP B ELEN(%)
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Tab 4.2 Based mAP comparison with state-of-the-art methods in the Oxford and Paris

databases (%)

Method Dim. Oxford5k Oxford105k Paris6k Paris106k
MAC [39] 512 56.4 47.8 723 58.0
Patch-CKN [32] 256K 56.5 : s z
FM-VLAD[30] 128 59.3 59.0 - -
SPOC [3] 256 68.1 61.1 78.2 68.4
Crow [21] 512 70.8 65.3 79.7 72.2
R-MAC [48] 512 66.9 61.6 83.0 75.7
NetVLAD-Off-Shelf [1] 4096 66.6 - 774 -
NetVLAD-Finetune [1] 4096 71.6 - 79.7 -
Bow-CNN [29] n/a 73.9 59.3 82.0 64.8
SIAM-FV [31] 512 81.5 76.6 824 =
UFT-MAC [36] 512 79.7 73.9 83.8 76.4
L-R-MAC [12] 512 83.1 78.6 87.1 79.7
Mask-MAC [15] 4096 83.8 80.6 88.3 83.1
Ours 512 85.3 81.4 91.6 82.4

R 4.3 1£ Instre $dfe e 7 5 e et (U752 T mAP LR %)

Tab 4.3 Based mAP comparison with state-of-the-art methods in the Instre database (%)

Method Dim. INSTRE-S INSTRE-S+1M
Bow [46] n/a 48.1 2.1

RANSAC [28] n/a 46.5 7.7

SC [55] n/a 534 12.5

GC [54] n/a 58.6 19.7

COP [6] 2048 638 23.5

HE+WGC [18] 2048 67.2 26.8

L-R-MAC [12] 512 75.6 32.8

Ours 512 79.6 34.2

* 4.4: £ Oxford M1 Paris %4 e 5 e Se 2 (759225 T mAP [ HLE (M N & 3™
JE&)(%%)
Table 4.4:Based mAP comparison with state-of-the-art methods in the Oxford and Paris

databases (increasing query expansion) (%)

Method Dim. Oxford5k Oxford105k Paris6k Paris106k
BoW (1M)+QE [7] n/a 82.7 76.7 80.5 71.0
CroW+QE [21] 512 72.2 67.8 85.5 79.7
R-MAC+AML+QE [48] 512 713 73.2 86.5 79.8
UFT-MAC [36] 512 85.0 31.8 86.5 78.8
L-R-MAC+QE [12] 512 89.1 87.3 91.2 86.8
Global diffusion [17] 512 85.7 82.7 041 02.5
Region diffusion [17] 5x512 915 84.7 95.6 93.0
Ours+QE 512 91.8 85.7 95.5 80.8

K 4.5: {t Instre H¥f [ 5 R Se BRI JEIE T mAP (I HEE (N Y E)(%)
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Tab 4.5: Based mAP comparison with state-of-the-art methods in the Instre database

(increasing query expansion) (%)

Method Dim. INSTRE-S INSTRE-S+1M
L-R-MAC+QE[12] 512 79.8 35.8

Global diffusion [17] 512 70.3

Region diffusion [17] 5x512 77.5

Ours+QE 512 82.4 38.2

4.5 KB/

ARFEHR T AN SR T DA =3 A ) 4% 5k 2 = B 58 K 1 MGG R AL 50 3 R 1 52 o
FETAERT LUAGTR

(1) FEH T —FloB i SR ZRAELL, e AT DUCKE = 3% 44 ) 24 15 AN [ S8 2 19 45 2K R H0RY
DX OB T AR A, AR R UG 2R B

(2) FEH TR K IEMAL = FHIEARM L (DLRTN) , EBEEHL T M5
TMLE, T RS SH AT G R . PRI 4 2k ok B R Sl e Al 4

(3) TEANNEIGRREIREAT 72 mr) e, aiErtESdESE (Oxford 1 Paris)
AT 5] NI Instre 2R EE . SLIR &5 FLLRUETE H IHEZE 1A R8T,

A Ja, tHIK RGMP MIBUE R ES G E— A =B 2 b, I iz 2% Bt 21 i
%2107k 4k, ATLATEREREh 5] N T etk Ma A5 7735, Bl Deepbit PSR 524 —
BEI 281404, DLSCRERHUSE S 2 MG A 2R

W Ja, BT iRt BT EE SR [42) SR [43 R - B B A s & 458 (51140 ResNet
B4, B 2 R M R R AUET B 4 R 7R US464T) - DL 3N B 4 1) MG A R 1 e
PRI, AT ORI SRR N A T OAEZR,  DAaE— DR Tk RE
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