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A Survey on Unsupervised Image Retrieval Using Deep Features
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Abstract Content-based image retrieval (CBIR) is a challenging task in computer vision. Its goal is to
find images among the database images which contain the same instance as the query image. A typical
image retrieval approach contains two steps: extract a proper representation vector from each raw
image, and then retrieve via nearest neighbor search on those representations. The quality of the
image representation vector extracted from raw image is the key factor to determine the overall
performance of an image retrieval approach. Image retrieval have witnessed two developing stages,
namely hand-craft feature based approaches and deep feature based approaches. Furthermore, there
are two phases in each stage, i.e., one phase of using global feature and another phase of using local
feature based approaches. Due to the limited representation power of hand-craft features, nowadays,
the research focus of image retrieval has shifted to how to make the full utility of deep features. In this
study, we give a brief review of the development progress of unsupervised image retrieval based on
different ways to extract image representations. Several representative unsupervised image retrieval
approaches are then introduced and compared on benchmark image retrieval datasets. At last, we

discuss a few future research perspectives.
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Fig. 1 Four developing stages of unsupervised image

retrieval and representative approaches
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Fig. 2 Pipeline of image retrieval using deep global features
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Fig. 3 Pipeline of image retrieval using deep local representation aggregation
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Fig. 4 Pipeline of image retrieval using aggregation of deep convolutional feature
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Fig. 5 Pipeline of image retrieval using multi-layer fusion
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SCDA [EBH#i T VGG-16 14 relu5-2 F pool5
FEAE. SCDA 235l #2 B T relu5-2 il pool5 (1) EIME 3%
718 o) g I 3K PR N AL IR A Sy e 2 3R [ . HE
1 pool5 TR FIALEE N 1,100 relu5-2 BIFLE R 0. 5.
SCDA % ¥, relud-2 $1F #)15 X A5 E AU poold %
fIE &, 5 relu5-2 F¢AE XS H #5094 3 b pool5 B
E. Bl HIRZ 19 )2, 40 poold, 23 X BB A LL 1 Y
k. Ak SCDA [R] 4 A 1 5L 14 g A AT L B 7K
B I 00 Ak 32 JBCTR B2 RE AR O S5 hy B A TR
IR,

MS-RMACH %} VGG-16 19 relul-2, relu2-2,
relu3-3,relud-3 il relu5-3 43 2 B R-MAC $:14E,
FER 45 SN AL IR i e 2 G R . Horpr , & R AL
JEH S hedge FEL A, B T4 2K R K
JE AT & 4% 2 A . MS-RMAC 78 52 5 v & 3R,
relul-2 Fl relu2-2 Xt W AL~ 0, relu3-3 Xt W A
AF]0.05,relud-3 ¥R AL FE4Z T 0. 2,711 relu5-3 Xt
AL E 42T 0. 8.
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SELVE Ui PR AE SR A A K R A 20— SE S LA Y. Gl
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B4 CroWw? , Class weightied® , PWA® 25 ) K [6] 7%
FERFAT 9 RSz aign .

1) fifi i ImageNet % 5 947 1 1)l Z%. ImageNet
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ImageNet F ] AMT ARl sR , HoAd 5 120 J7 5kl
ZRIEME R 5 T3 sk B UE R LA B 1000 A2,

2) VGGNet*™ SR F Il A Rl i — A 5 il b 7.

@ CroW :https://github. com/yahoo/crow/
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B9z Ak E , Ho7F ImageNet [ [y F I 25 455 080 4 1
A B HAAT 55 48 BURR R . AR I N 45 TR B 1
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Bl 43 B & 16 F1 19 AN 22 2] 800 2 (DG FLZ
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@ Class-weighted convolutional features;https://github. com/imatge-upc/retrieval-2017-cam/

® PWA  https://github. com/XJhaoren/PWA/
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1%, 2% 2 PCA S8 1 0065 AU B g o Rl 52
o IO FH P e 8 5 — S A B0 ERdlE 4 4 > L PCA
8. 18 WO = i Oxford %04 4R 27 ) Paris
1 PCA 4, ) Z IR 8K . JF (i ] Flickr100k %+ >J
Holidays B2 %K.

8) AR T A I S R T R AL
PR B 02y T e PR b B R R T B
DLk T3k S o RS 27 MO A5 T AR S

y=sign(x) v [x] .

ZIE XSy e, AL,

9) XK A BN A HE R HEAT b B 7E A i KR
F RN B P MR R AT Bl AR R 2 KA
B A0k B 128 PO Jie AR UL 3 B AN AH BL Y HE
FRATTAT LAAEAT J5 Ab B, X6 HE e 45 SR AT I 9] T A

W IT (query expansion) ™ 2l HE & A 69 JLA
Chn 10 A &5 31 27 ] oK AN A I ¢ ik,
K HAE SR A A 9 ) B R AT R R X W A
B 2% ~3%1 mAP $2F;. Ak, 23 8] F HE (spatial re-
ranking) 8 s B H MY 5 AL R E R, H B X B &
Jry ¥ AT S A0 Y DL .

7 BEEMREILR

AN E AR R & B % 7E OxfordSk, Paris6k,
Oxford105k. Paris106k Fl Holidays % 4% 4 - 74
RE LR LR 1. A F LB X Be 55 S B A S
b BREE AR T Ukbench 04 52 U1 47 S 8 AR X 3¢
DCTUAER 1 IR .

Table 1 Comparisons of Different Image Retrieval Approaches

F1 AEAEGKEREEERELER
Method Model Dimension  Oxford5k/ % Paris6k/%  Oxford105k/%  Paris106k/%  Holidays/ %
Triangulation Embedding** SIFT 8192 67.6 61.1 77.1
FAemb!36] SIFT 16 384 70.9 78.7
RVD-WL37] SIFT 16 384 68.9 66. 0 78. 8
Neural codel!'7 AlexNet 512 43.5 39.2
CNN-SL.[3¢ AlexNet 4096 41.7 58.1
MOP-CNNL8] AlexNet 2048 80.2
Off-the-shel {39 Overfeat Not fixed 68.0 79.5 84.3
Patch-CK N2 Patch-CKN ~65000 56.5 79.3
OLDFPL) AlexNet 512 59.0 63.0 80. 1
ccslel Googl.eNet 512 67.3 72.2
SPoCH? VGG-19 256 53.1 50.1 80. 2
R-MAC20] VGG-16 512 66.9 83.0 61.6 75.7
CroWtz1) VGG-16 512 70. 8 79.7 65.3 72.2 85.1
uCroWwtzt! VGG-16 512 69. 7 78.6 64.1 71.0 83.9
OnA of Ref [22] VGG-16 512 73.6 85.5
OfA of Ref [22] VGG-16 512 71.2 80. 5 67.2 73.3
PWA23] VGG-16 4096 79.1 86. 1 73.6 80. 4
Visual instancel?] VGG-19 512 46. 2 67.4 74.6
VLAD-CNN52) GooglLeNet 128 55.8 58. 3 83.6
BLCFL3] VGG-16 ~25000 73.8 82.0 59.3 64. 8
SCDAL] VGG-16 512 67.7 92.1
SWFVLss] VGG-16 512 68.5 82.2
TSWEVLse) VGG-16 512 68. 8 83.0
Good practicel®!! VGG-16 9664 71.3 84.2
MS-RMACE63] VGG-16 1472 68.9 77.6 86.7

Note: The state-of-the-art results are indicated in boldface.
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BT TR JBE A BRVRRAIE v ey S A 250 ) G 28 %
B FURFAE 45 1N R R AT 5 1) — R R M A

2) ZJZ R R AT B 42 R e Ak R 1A 5
RS | A A R L R BORS EE L A PE EL
F—J7 . TR IEA A E GRS 2 R/ER A
I o R T R AR AR A ) A6 2% K T RE AR (7] SR 9 AH AL Y TE
KIEMR.

o FH e Jag e i 410 2 Jg 30 AR A AN IS e ) O
F. TR R A M AN R JZ R AR B AT JZ R
AR JE A AE A 38 SCAS R AT AAR B AR ST B Ah . 2 2 il
FAR T PUR AR R — R R oA o). I HOR28 i) 22 A
T 7 VR R LE & 3l A 780 R A 0 2% i 45— UL

SR+ 70 TR B AR 22 )2 Rl 5 T ) F 50 50
B e — A SRR X 22 2 Rl IO 0 e P A R
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3) REE N7 5 T BB R A SO 4 1Y
SR ) T R A R ik BBk AT A&
FI B 14 A2 A0 Tl 8 B 8. 55 — 5 1 FRAT T ml LA
PG b H AR AP 5 LSBT BT 0 4 5 I 53 Y
PR R B 1 ) 4 22 i RIS AG R0 T R T
AR R R (B2 CT EUSRA R AL B &
Kot R R AT AR R VR R
FIbRRE R R AR R R R 4

it P P A5G 28 50 A R Y B B (R T
A RTINS € BT 1 PGS 2R BF S 7 3 AN
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AR 45 BT R A R

4) KR AR T ARG R T i TE e KA
s B EG HH BHR RS R ROR X Z L RS
SR 2 0C T L IX A 2 IR R OR 1 ROR
Xif A i R AT R R I R0%.

B HT . 5 TR B IE R A 1 T ik L B TR
PRRR RGN IEA TN Hor— A J ] R
ETHREGPRHER G EE &R 55 —Jrm,
I FL 4 1k (product quantization) ™ 1 Hash®* J& &
ETURFS U ae S X7

BRI TAEX KR P RE A &, 3
SR RCRAT SRS 20 25 . BT R R
R 7 15 AT A DR RS 1 5 H a0 R AR T L TR R A o) AR T
T 25 K R SIS BE IR, D itk B w2
2] ST — A SR BE R AZ R R B 2 )

5) B R T Ry Jo S GE H A A fE e A B AT
PR R W 5T v 3 Ul P A b v B 4R L A T Ik
PR HAS /N ARESAFAE — A L[] 1R 2 22 Ak - A
W RN KRN A R — (IR R FE @ 5
05N k7 L2 N DI TTRESE X ivae S TR B ST g |
2 U AH O IR ATF 5 40 3, 7 RELAEE TR AR A 2R 7 S B 3 55
RS R Z T AN A B R A0 O IR RO | I
PRI PR AT 55 5 A 5 T B MR AR K )
RO DRI R T R B R SO S A v O 4R
TR T A R R A 2R — )

9 B &

PG AL R T B AL 5 U — > 5T
T o T O B I ) £ B0 A R R T T 1) i R AL AR
SO LT 28 W T TRRAE B PTG G R T vk AT 22 (]
JBI . 5 DT R 4 JRy R AE R OR JBE Sy B AR A 2 4> A EE L X
AT AF S T TR AR 1) (R R ARG R O AR T A3
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