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% PR A S BRI JR AR 5 SR I 7 190 2% ) J22 o P 72 0 ML ] 412 R B0 R AL 5 o J oK O ol 3 i 0 1
H F PG AR 1 T3 vk 2y RO P b 5 AT R SR R B 2R . 58 R eI s SRR e AR A i S
B b RRAE Rl 75 3k T A 2 P 45 32K B R 2 BT 2 R0 2% R 0R AR R A L T 42 JR R il (mean average preci-
sion, mAP) {2 TH 2 1% . LY RUITEMZ M L AL EICH FEIMASRE A S e o SR 7E T 2 5 1R
HA SRS UG TRON SRR . 8k AR ] ArcFace 18 HEAT I 5 HLOEZ R IEA LRSS R AT A
RCELAN B TH TR AE S B L S 5 P TP RE

SCSRA] M BRIRU 5 1 A PR SRR R BB TE R AL s ZHRHIE R 5 s AR R 45 (CNN)

Landmark recognition based on ArcFace loss and multiple feature fusion

Mao Xueyu', Peng Yanbing’
1. Wuhan Research Institute of Posts and Telecommunications, Wuhan 430074, China;

2. Nanjing FiberHome World Communication Technology Co. , Lid. , Nanjing 210019, China

Abstract: Objective Landmark recognition, which is a new application in computer vision, has been increasing investiga-
ted in the past several years and has been widely used to implement landmark image recognition function in image retrieval.
However, this application has many problems unsolved, such as the global features are sensitive to view change, and the
local features are sensitive to light change. Most existing methods based on convolutional neural network (CNN) are used to
extract image features for replacing traditional feature extraction methods, such as scale-invariant feature transform ( SIFT)
or speeded up robust feature (SURF) . At present, the best model is deep local feature (DeLF), but its retrieval needs

the combination of product quantization (PQ) and K-dimensional (KD) trees. The process is complex and consumes

W Fm B EA:2019-08-11;1&[E] HEF:2019-12-13 ; FEN A< H #8:2019-12-20
E&WE : HEKE AU IHRIBE (2017 YFB1400704)
Supported by : National Key Research and Development Plan for China(2017YFB1400704 )
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approximately 6 GB of display memory, which is unsuitable for rapid deployment and use, and the most time-consuming
process is random sample consensus. Method A multiple feature fusion method is needed when focusing on the problems of
a single feature, and multiple features can be horizontally connected to create a single vector for improving the performance
of CNN global features. For large-scale landmark data, manual labeling of images is time consuming and laborious, and
artificial cognitive bias exists in labeling. To minimize human work in labeling images, weakly supervised loss, such as the
additive angular margin loss function ( ArcFace loss function) , which is improved from standard cross-entry loss and chan-
ges the Euclidean distances to angular domain, is used to train the model in image-level annotations. The ArcFace loss
function performs well in facial recognition and image classification and is easy to use in other deep learning applications.
This paper provides the values of the parameters in ArcFace loss function and the proof process. Thus, a weakly supervised
recognition model based on ArcFace loss and multiple feature fusion is proposed for landmark recognition. The proposed
model uses ResNet50 as its trunk and has two steps in model training, including the trunk’ s finetuning and attention layer’
s training. Finetuning uses the Google landmark image dataset, and the trunk is finetuned on the weights pretrained on the
ImageNet dataset. The average pooling layer is replaced by a generalized mean (GeM) pooling layer because it is proven
useful in image retrieval. The attention mechanism is built using two convolutional layers that use 1 x 1 kernel to train the
features focusing on the local features needed. Image preprocessing is required before training. The preprocessing consists
of three stages, including center crop/resize and random crop. People usually prefer to place buildings and themselves in
the center of images. Thus, a center crop method is suitable to ignore the problems occurring in padding or resizing. The
proposed model uses classification training to complete the image retrieval task. The final input image size is set to 448,
This value is a compromise value because the input image size in image retrieval is usually 800 x 800 ~1 500 x 1 500 pix-
els and the classification size is 224 x 224 ~ 300 x 300 pixels. The image is center cropped first, and then its size is
resized to 500 x 500 pixels because it is a useful method to enhance the data through random cropping. For inference, the
image is center cropped and directly resized to 448 x 448 pixels because it only needs to be processed twice. The inference
of this model is divided into three parts, namely, extracting global features, obtaining local features, and feature fusion.
For the inputted query image, the global feature is first extracted from the embedding layer of CNN fine-tuned by ArcFace
loss function; Second, the attention mechanism is used to obtain local features in the middle layer of the network, and the
useful local features must be larger than the threshold; finally, two features are fused, and the results that are the most sim-
ilar with the current query image in the database are obtained through image retrieval. Result We compared the proposed
model with several state-of-the-art models, including the traditional approaches and deep learmning methods on two public
reviewed datasets, namely, Oxford and Paris building datasets. The two datasets are reconstructed in 2018 and are classi-
fied into three levels, namely, easy, medium, and hard. Three groups of comparisons are used in the experiment, and
they are all compared on the reviewed Oxford and Paris datasets. The first group is to compare the proposed model’ s per-
formance with other models, such as HesAff-rSIFT-VLAD and VggNet-NetVLAD. The second group is designed to com-
pare the performance of single global feature with the performance of fused features. The last group compares the results
obtained from the whiting of the extracted features at different layers of the proposed model. Results show that the feature
fusion method can make the shallow network achieve the effect of deep pretrained network,, and the mean average preci-
sion (mAP) increases by approximately 1% compared with the global features on the two previously mentioned datasets.
The proposed model achieves satisfactory results in urban street view images. Conclusion In this study, we proposed a
composite model that contains a CNN, an attention model, and a fusion algorithm to fuse two types of features. Experi-
mental results show that the proposed model performs well, the fusion algorithm improves its performance, and the per-
formance in urban street datasets ensures the practical application value of the proposed model.

Key words: landmark recognition; additive angular margin loss function ( ArcFace loss function) ; attention mechanism;

multiple features fusion; convolutional neural network (CNN)
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HitA max(W;W,) = 1/(1 -n) ,liF y =
arccos(x) SE LB IWM K EL, TRA 0<sm<
min(y,;), min(y,;) = arccos(max(W,W})) il
arccos(max(W,TVVj)) < arccos(1/(1 -=n)) . 24H

n(n = 1)max(WW,)

WY —A WW(i # ) HO, -ZIWi =0 H
n<d + LN 555 1T, 2555 i I 45 P AL TR o)
A BE RO S5 o AR SIIE ff JBE PR, ANAE
2 YR A BN B SR I = AT L S AR
R [ O NEECo 1 R 45 18] 3 /S THs A [] £, S £
120° 5 7E3 443 6] v, # FSEBR A0 K T P 5 1E DY T
AL R o) 18 53 A R] LA [] 7 FR BE 23 7R,
BREHEIEAA ] 109.47° o fEn > d + 1 I AR MEER
KA m 1 EFRRAE, T2AE n > d W RIZREOE KT
FrE4EEE R , A AR 0 <m<carccos(1/(1 =n) ),
UEEE

2 HEIGWRITSSEHEME

ResNet50 {45 (He 45,2016 ) 2 4 A B A &
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Fig.2 Model structure in training process
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Table 1 Parameters of attention layer
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Fig.3 Model structure in inference process

PR Ak B A 5 I oaed e v A Ak B 5 50O
2R Sl W S UL R ) G B L G R LSRR E
AT R 448 x 448 83 . FESRHURFIER , R4 F Ak
LRRER)R B SIHUE L BRI SR 7 oh i F- 2
WAL= 5 ArcFace 4514, MM BIfEEHUZ . 42 )R FF

© b [H F G KR AR



$25%F/558H1 /2020 F£8 A

EEF, PitE / BEREEIRLHSIHIRMSHIITRS

fiIE M ArcFace 25 F4 H AR AE R A Z R I, JR d R AR
HE T2 SR I, PR I 1R e e BB B g XS
JRy RS AEFEA T O 1

ARSI A e B A T PR A9 ReLU (rec-
tified linear unit) i e& BCF QR 5 P A4 48 B (BT 126 5
U5 HERSAE GPU Hh 8 TR f) i ik il BBOS JBE , - £ BT
A VB Sy R R AL 1 2 T 8], LS (A &, eleak
ReLU s % & 4, I8 th }y BI{E

VA

y=x x=th
y=0 x<th

=V

0 th

Bl 4 itk ReLU %K
Fig.4 Modified ReLU function
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A 70 MR EG U TR R AL ) . A SO RDRE (B
Ja BV R SR AT I, B L S St st
ARG B R S, T A 2 AR TERE R 5 19
RHEX A

AR it Arandjelovic 55 A (2016) 23
T B s DA sl ] o e Ao rp R AT R 4R IN A
1441 ML 5 GPS X Bz, Hodie A7 49 056 1 1]
1%, AR T 186 i, Forh [Al— > i £ 35 2Bl ]
TRHIEMR B — U B — D T G S R AR
RIS R R A DT 22 AR Ik T R 4R 5 FLA B ,

T A S FRIBOGE BE K, A S S AT 2 A TFY
AR T SR A R B UEAS S S R RAL R
3.3 BRMFEHIEEIHNLER

A IS 3 AN, B 1 AR AR SCRR AR
SMARERE I RIETHORX L, 5 R 3k 2 s,
55 2 AR A R REAE 5 R AE RS P ROR, 45 R a0
3 Pin, g — 4R 2R RHIE T 5 B R ET G
PSS ARXT L, W3R 4 Wios o FERE 3 40X Ee v AR
TEEM R LA A gn 4 E kR B IR R
AR R K (mAP) #5455 5 mAP@ 10 547,

2 FHEE mAP 5 mAP@10 HEXTEL
Table 2 Comparison of mAP and mAP@10 in different models
/%
M H
Vikrs roxford rparis roxford rparis
mAP mAP@ 10 mAP mAP@ 10 mAP mAP@ 10 mAP mAP@ 10
HesAff-rSIFT-VLAD ( Radenovi¢Z£,2018b)  33.9 54.9 43.6 90.9 13.2 18. 1 17.5 50.7
VeggNet-NetVLAD ( Radenovic4s,2018b) 37.1 56.5 59.8 94.0 13.8 23.3 35.0 73.7
Res101-0-GeM ( RadenovicZs,2018b) 45.0 66. 2 70.7 97.0 17.7 32.6 48.7 88.0
Res101-0-MAC (RadenovicZ:,2018b) 41.7 65.0 66.2 96. 4 18.0 32.9 44. 1 86.3
A3 (fused features, golbal512 + attention) — 50. 9 70.0 68.1 94.6 19.2 32.5 43.4 77.7
T LR S B9 S ARAE, MR H 43331 3R 7R H 4838 43 (Medium ) FIEIMEHRR 43 ( Hard) .
*3 2REFEEMEHFENBRREITE
Table 3 Comparison of global features and fusion features

/%

Blisk FHAIE E E10 M M10 H H10

42 R FHIE 78.7 89.4 68 94.7 43.5 76.7

rparis
AlAREAE 79.5 90. 2 68.1 94.6 43. 4 71.7
AR FHIE 70. 1 76.6 48.8 67. 1 16.2 27.6
roxford
AA RE 71.5 78.2 50.9 70.0 19.2 32.5

CE L O BB B LA, E M A H 235278 (7] 8 ( Easy ) (28 FIAIMERR 23, E10 \M10 I H10 7351|278 4873 1) mAP@ 10,
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KRS, VeeNet-NetVLAD fif il F9 & Ve Tl 2 )
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0-GeM,Res101 7R~ ResNet101 FEfifi 452544 ;0 3=
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%3 A RHIE 42 R FFIE A attention AL Fl
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Table 4 Comparison of whitening on different features

/%

M H
I7 ik roxford rparis roxford rparis
mAP  mAP@10 mAP mAP@10 mAP mAP@10 mAP  mAP@ 10
global512 48.8 67.1 68.0 94,7 16.2 27.6 43.5 76.7
global512 + whitening 19.4 45.7 25.7 79.0 4.8 11.4 12.4 46.0
GeM + whitening 52.9 71.2 65.7 92. 1 25.0 38.1 42.3 75.4

TE PRI A R 8 e {8, M H 3R p 4538 20 F0 R DR

M 1%,

F 4, global512 J& 45 4 JRy FEAE, RIS ]
LR AR A Z SR (19 512 4k 12 H—AkJ5 SR
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AEEEA_EIARHIE AL B2, Rk A B s AR K AR
JERHH PR EE S . GeM + whitening J& 5 X 4 3L
BEAI GeM 3t Ak 2 FEAE i AR AE 1 4 2 72 5 1
£ P
3.3.2 5o
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YIRS AT (258 o A TR Sl ) 2 A3 il
F 50 2B FUZ AT LAk E] 101 )2 B 2546 B
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PR T BRI /Nt R 5 xE DU R T 0

MF 3 il LA I RHIERL A AR IE T2 R
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FAFRFIE RS T 2 iR e 245 0 2 2 AR U135 5
JRIERFAE AR 3 B9 SR AN  ZAERA] LA Ry e —
Fh 2R AE 2L R F5000 1) 75 3, SR R R I 5 ATE 2 Ry
SFAEAH IR A3 (St b ok T s B A LA 5
g, T4 s TR R AOR

MR 4 ATDAS ) FRE R A2 Z S5 AN G
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WIS 25 5 o IRARHIE th 0 2 iy, 2 32
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Fig.7 Retrieval results on Tokyo dataset( (a) input images; (b) retrieval results)
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