MITAEIRAZEI FTE ANE AL

*BE IR

http://zdzheng.xyz



http://zdzheng.xyz

About Me

Present

-  Final-year PhD student

- Advised by Prof. Yi Yang and Dr. Liang Zheng

- Published 4 first-author conference papers and 5 first-author journal papers
- GoogleScholar 3000+ citations; Github 5000+ stars

- First-place winner in AlCity Challenge CVPR 2020

- Looking for the post-doc position

Research Interests

Image Retrieval, Person Re-identification, Image-text Understanding

Image Generation, Domain Adaptation, Adversarial Samples

Zhedong.Zheng@student.uts.edu.au



mailto:Zhedong.Zheng@student.uts.edu.au

(%] &% -Deep-RelD: TARIRIINREFRDFGE

TAEIMRNY - 1OWE  2017-09-28 22:29:40

-
N\ /

Deep-Reid : XFTAEIRA -
RRES ITTR '

Zhedong Zheng

Centra for Artifiaal Intelligensae (CAl)
Uneversity of Technology Sydney

S ——

=R P
2016 Matlab https://github.com/layumi/2016 person re-1D

2017Python https://github.com/layumi/Person _relD baseline pytorch



https://github.com/layumi/2016_person_re-ID
https://github.com/layumi/Person_reID_baseline_pytorch

Outlines

(it

1. T AEIRBI—LESLH (17 A5, cameran))

2. FHREIRS CVPR2020 EEIMEIEFRRE (45, camera/ o))

(I&n

3. TANSE
ZS5))

IRBIEHIE S Hkex ACM Multimedia2020 (cameran)], 257



Qutlines

(it

1. T AEIRBIN—LESL K, (17 A5, camerad~n))

]

2. ZiREEIN% CVPR2020 & Ei L ET

7

e

(I&n

3. TANSE

IRBIHIHE S Bk sk ACM Multimedia2020



Background

« Person re-identification (re-id) is to find the person of interest from different
camera views.

« The emergence of this task can be attributed to 1) the increasing demand of
public safety and 2) the widespread large camera networks in public space.




Background

e Person re-identification is challenging in the learning one discriminative and
robust visual representation against the viewpoint changes.

All people love yellow shirt
and short pants?




Evolution in State-of-the-art Performance
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1. R. R. Varior, M. Haloi, and G. Wang. Gated Siamese convolutional neural network architecture for human reidentification. In ECCV, 2016.

2.Z.Zheng, L. Zheng, and Y. Yang. Unlabeled samples generated by gan improve the person re-identification baseline in vitro. In ICCV, 2017.
3.Y.Sun, L. Zheng, W. Deng, and S.Wang. SVDNet for pedestrian retrieval. In ICCV, 2017.

4. Suh et al., Part-Aligned Bilinear Representations for Person Re-identification, In ECCV 2018.

5. Sun et al., Beyond Part Models: Person Retrieval with Refined Part Pooling (and a Strong Convolutional Baseline). In ECCV 2018
6. Quan et al., Auto-RelD: Searching for a Part-Aware ConvNet for Person Re-ldentification. In ICCV 2019.

7. Zheng et al. Joint discriminative and generative learning for person re-identification. In CVPR 2019




Datasets

« Image-based Datasets:

Market-1501 (ICCV 2015)
CUHKO3 (CVPR 2014)
DukeMTMC-relD (ICCV 2017)
DG-Market (CVPR 2019)

MSMT-17 (CVPR 2019)

e Tracklet-based Datasets:

iLIDS (BMVC 2009)
MARS (ECCV 2016)
DukeMTMC-video (CVPR 2018)

e Scene-based Datasets:

PRW (CVPR 2017)
CUHK-SYSU (CVPR 2017)

Raw video frames Detection result
P o

Syl ey

https://github.com/NEU-Gou/awesome-reid-dataset



https://github.com/NEU-Gou/awesome-reid-dataset

Large-scale Datasets are needed.

One Million Training
Images for ImageNet

Dataset CUHKO1 VIPeR PRID CAVIAR Market DukeMTMC MSMT-17
BBoxes 3,884 1,264 1,134 610 32,668 36,411 126,441
Identities 971 632 934 72 1,501 1,812 4,104
Cameras 10 2 2 2 6 8 15
Detector hand hand hand hand DPM hand FasterRCNN
. : indoor/
Scene indoor outdoor outdoor indoor outdoor outdoor
outdoor

« Due to the annotation cost and privacy concerns, large-scale datasets are not easy to obtain.

« Although recent re-id datasets contain more images, they are still far from the real-world application.




Current Challenges

1. Limited Training Data £X3&

Effectiveness 4 8E
Efficiency %

Domain Gap L

A S

Unconstrained Environment

(e.g., Occlusion) SEFH

Potential Solutions

Synthetic Pedestrian Images
Parts/Losses

Auto-ML / Pruning

Domain Adaptation
Alignment / 3D Model
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Limited Training Data




3D Game Engine
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Sun X, Zheng L. Dissecting person re-identification from the viewpoint of viewpoint In CVPR 2019.



Generative Adversarial Network (GAN)
EI?ﬂzﬂ]’@‘]LM@%GANH‘EH,{UII?#*&?E D, [BEIGANEREIR, FlERE TEIRESE

HEHBRAY(E)

N, iIMEREBINESHA, BRI —ENEEFE, FAIMICCVITEICVPRIONFHTIIE, B TE

EJZ)E%, 1R B A] DAim Bl imAY 2 A S reI DFFALE

“What | cannot create, | do not understand.”

appeaavie e icde [
J-J - ey rirg modue

Lmr » decader

grrasmar | v ;\‘] ¢ </ :"’_'
y - a | -}:::\ e
LSRO (zheng et al., ICCV 2017 pR— A
eng e a o) f_ \‘. — ~— ,// ' “
E)rut«cm ' b '_1(\ L“
| |== AN
gul il Ol cubion hput Lol Davdiution " p \
S aneerance wooe M—— \
N ptls ) : r ol F J .l Y .l
N9 wean ‘l"hnxua l = [ .; ,,
W e Ll
* .Ell'lé R R R R R R R R R RO R RO RO
8 . ‘.
I @ Qi re” O e nel Y Ty
1LY, @ Lcas l\ \*\1";‘(// [\ f\ \:._T'\ ,//
1% @ Hoah N ) i \,’(/
WY 8 M § . == AN
i L P — \‘,—. .‘.J \ ///-t' 14 \\. ) 2
Real Image Generated Image B LA
{ b N M A

(= ») (o #* ¥)

[b) self-identity generation (c) Cross-identity ganerasion

\
.~
-~

DGNet (Zheng et al., CVPR 2019)

/% O e searrace =v|i..]

[a) DG-Net

A ..
T — o [ i
]_. ..
"_ . o
\ r
.

S Ln.

(d, Discriminative re-id l2armirg

Zheng, Z., Yang, X., Yu, Z., Zheng, L., Yang, Y., & Kautz, J. (2019). Joint discriminative and generative learning for person re-identification. In CVPR 2019.



Generative Adversarial Network (GAN)
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SPGAN (Deng et al., CVPR 2018) PTGAN (Wei et al., CVPR 2018)
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Effectiveness




Part Alignment in the Pixel Level
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Part Alignment in the Feature Level
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Yifan Sun, Liang Zheng, Yi Yang, Qi Tian, Shengjin Wang. Beyond Part Models: Person Retrieval with Refined Part Pooling (and A Strong Convolutional Baseline). In ECCV, 2018.



Discriminative Losses
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Zhedong Zheng, Liang Zheng, and Yi Yang. A discriminatively learned CNN embedding for person reidentification. ACM TOMM, 14(1):13, 2017.
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Model Pruning for Image Retrieval
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Wang, X., Zheng, Z., He, Y., Yan, F.,, Zeng, Z., & Yang, Y. (2020). Progressive local filter pruning for image retrieval acceleration. in arXiv.



Auto-ML to Learn a Network for Re-id
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Quan, R., Dong, X., Wu, Y., Zhu, L., & Yang, Y. (2019). Auto-RelD: Searching for a Part-Aware ConvNet for Person Re-ldentification. In ICCV 2019.
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Domain Gap
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Domain Adaptatlon
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Domain Adaptation
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Tracklet Association
(Li et al., ECCV 2018)

Tracklat feature spoce in camera 1

—

m
“.'.I“..
N
-
T
\
0 w
S G o~ L

laya
. . " Tracklet feature spnce- in camera 2
(2 (1))
Sparse Spaca. Time —
Imeklet sampling | 5' | Trackle: umages in esmera t | ¥ ’ Trecklet labals in camerm ¢
andd annoistng
Cress-Entropy loss m Gamers ¢ IS TE Cross-Camera Trachlet Associstivn loss

Generalizing A Person Retrieval Model Hetero- and Homogeneously. ECCV 2018
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Domain Adaptation
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Unconstrained Environment
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Occlusion

QXpriz R, BETEETTEER, SEURMAER TR, Z0RRER0ZHRE

Failure Cases When the Target Person is Occluded
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Leverage Person Structure
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Miao J, Wu Y, Liu P, Ding Y, Yang Y . Pose-Guided Feature Alignment for Occluded Person Re-ldentification. ICCV, 2019.




Person Re-identification in the 3D Space
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(Zheng et al., arXiv 2020)

Build ENN-Gragh

« Location » -{ Local Graph * Selected Loaton * * Local Sraph
nx3 7683
- v n . )
[ ] Jrin-scae Appeanince Umnescale
“ RGE Dawa | - - *
L J Module feature Nodule
mvd
168x54
112
I""’ Comoressad - FC+BN Selected Locstior &
' o fFearure : L - .
[ - 1 : Appc;rmcc v Appesrsnce
dentity = i 4
i Chaiifer Feamuse pedtLre
I 141024 AvgPoolng v 964512

Macrooling

Buld KNN-Graph

/B

1=F

» Selezted Locition

&3

Appearznce

Featu'e

384x128

Build ¥NN-3rach _
! Selected Location ™

vocdl Graph p

Omri-scele N
wodJle

Y
\

.
\

3

* Local Graph |

- .
. Omni-scale
Madule

192x3

Appraran<e
Féalure

1925256

Zhedong Zheng, Yi Yang . Person Re-identification in the 3D Space. ArXiv, 2020.



Multi-mnodal Inputs
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Improving reid via Pedestrian Attribute
(Lin et al., Pattern Recognition 2019)
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Instance Loss (Zheng et al., TOMM 2020)
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Future Research for Person Re-id

Millions of Distractor Images (Is the model robust? )

2. Efficient Training from Millions of Data (Which data is important?
Long-tail )

3. Fast Domain Adaptation / Online Learning (Update model itself)

Unconstrained Environment (e.g., Occlusion and lllumination)
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Going Beyond Real Data:
A Robust Visual Representation
for Vehicle Re-identification

Al City Challenge 2020

Zhedong Zheng'2", Minyue Jiang'’, Zhigang Wang,
Jian Wang', Zechen Bali', Xuanmeng Zhang':3,
Xin Yu2, Xiao Tan', Yi Yang? , Shilei Wen? , Errui Ding"

T Baidu Inc.
2 University of Technology Sydney

BBI&?EE 2?6 U TS 38 Zhejiang University q




What is Vehicle Re-identification?

Re-identification




Main Challenge




What should we care about?



What should we care about?

e | imited Training Data.

e Representation Learning.

e How to use Meta Data/ Attributes”?



What should we care about?

* More Training Data

We explore three different data generation approaches.
e A Strong Baseline

e Post-processing Methods



Style Transfer

Real Data Synthetic Data

T




Style Transfer

a.l source domain a.2 target domain
(synthetic) (real world)



Content Manipulation

b.1 source id b.2 target appcarance b.3 new id



Copy & Paste

b

background input background mask background generated background

poisson image editing
foreground input foreground mask foreground new image

|

inpainting




What should we care about?

e More Training Data

- A Strong Baseline
We adopt two widely-used baseline.
e Post-processing Methods



Cross-entropy Loss Definition
N
[08S e = — Zp.ilog(ﬁi),
=1

Ranking Loss Definition

lOSS?'a.nMng — [Da.p — Dan T TTL]+,



Re-ID Baseline

Learned Classifier

Adaptive Avg e
Pooling = g
< E’*__, - ‘?’3 Cross-entropy
< | Loss
®
-
[
Backbone . 5 I 'New Classifier Module
Network f=Fx|6) 1 W

— SVDNet for Pedestrian Retrieval
— In Defense of the Triplet Loss for Person Re-Identification



Re-ID Baseline




What should we care about?

e More Training Data
e A Strong Baseline

- Post-processing Methods
Meta-data also plays an important role.



Camera Verification

Query Images Rankl->Rank7
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Camera Verification

Query Images Rank1->Rank7




EXxperiment



AICity Competition

We achieve the 1st place in vehicle relD track of AlCity Challenge, CVPR 2020.

Rank Team D Team Name Score
1 73 Ba du UTS 0.8413 ¢ mAP Accuracy =] II:I:II
z iz Ruita-Al 0.7810 ; 6%
35 DMT 0.7322
4 3¢ I05B-VeR 0.0859
30 Bestimage D.6654
& 44 BeBetar D.0623
7 Te UMD_RC 0.6658
7 Ai~novation .0541
3 aé NMB 6206
10 81 Shahe L6121

Code is available at https://github.com/layumi/AlClty-relD-2020



https://github.com/layumi/AICIty-reID-2020
https://github.com/layumi/AICIty-reID-2020

Ablation Study: With/without Synthetic Data

Table 2. Ablation Study. The Rank@1(%) and mAP (%) accuracy
with / without synthetic training data.

Pcrformance
Rank@1(%) mAP(%)
without Synthetic Data 79.78 43.87
with Synthetic 80.86 46.90




Ablation Study: Post-processing Methods

Tablc 3. Ablaton Study. Effect of ditfcrent post-processing tech-
niques on the validation set.

Mcthod Pcrtormance

with Alignment? v v v v v
Query Expansion? v v v v
Camera Verification? v v v
Group Distance? v v
Re-ranking? v

mAP (%) 46.90 47.66 49.06 50.07 51.58 61.26




Explainable




Future Works for Vehicle Re-I1d



Possible Approaches

1) Investigate the feasibility of high-fidelity generated samples for
training. The generated samples could largely enrich the training set.
2) Mixture of Unsupervised Learning/ Semi-supervised Learning

3) Domain Adaptation



One last comment



Neural Networks are lazy

The models could easily overfit the datasets. Sometimes adding prior knowledge
and data augmentation are important to obtain a robust re-id system.

Training Neural Networks sometime is tricky, and models will find the short way to

overfit the objective. Therefore, generated data with proper pseudo labels
helps.

The code is available at —}
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Drone iIs coming!

University-1652: A Multi-view Multi-source Benchmark
for Drone-based Geo-localization

Zhedong Zheng, Yunchao Wei, Yi Yang
University of Technology Sydney
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Use Cases: What can Drones do? Why we study?

Drone is a new aerial platform.
* Accurate Delivery (e.g., send mask)
e Agriculture (e.g., pesticide)

* Event Detection (e.g. traffic jam)



https://www.youtube.com/watch?v=j65tqT-sQMo

e Task (Visual Gap)
e Dataset
e Baseline & Experiment



University-1652

 We consider one conventional task: cross-view Geo-localization.

Ground-view Images G a p Sate
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We notice that the drone can be a bridge.

Ground-view




 [ask
e Dataset (Missing in existing works)
e Baseline & Experiment



University-1652

* We collect the data from three platforms of 1652 buildings.

e More training images per class (instead of image pairs).

 More viewpoints -> More intra-class variants

Datasets University-1652 CVUSA [34] CVACT [16]
#training 701 x 71.64 355k x 2 35.5k x 2
Platform Drone, Ground, Satellite | Ground, Satellite | Ground, Satellite
#imgs./location 54 +16.64 + 1 1+ 1 1+1
Target Building User User
GeoTag v v v
Evaluation Recall@K & AP Recall@K Recall@K




e Me: | want to build one dataset.
e Supervisor: No! Too much cost.
e Me: We use free data from Internet.

*Supervisor: DO |[t!




Building names from Wikipedia

Building Names

BiblicthAlque Saint-Jean, University o7 Alkena
Foote Ficld
Nationz] [nstitute for Nenotechnelogy
Stollery Children’s Hospital
Urnversity of Alberta [[aspital
Decisicn Treater, University of Albarta
Hnmngtoniiﬂsulrchcn House
I sh Feld
Matthews Hall, University of Alberta
0ld Main {Arizonz Statec University)
Security Building (Phoen:ix, Arizcna)
Sun Devil Stadium, University of Albarta
Wells Fargo Arena (Tempe, Arizona)
Wheeler Hall, University of Albara
Malicky Center. University of Alberta
Kleist Center for A and Drama
Kamm Hall, University of Alberta
Telfer I1all, University of Alberta
Thomas Center for Innovztion and Growth (C1G)
Hossel Musical Arts Center, Baldwin Wallace University
Ridter Lobrary, Baldwin Wa'lece University
Presidenis House, Baléwin Wallace University
strasecker Hall (Umicn), Baldwin Wallace University
Nurst Welcome Center, Baldwin Walkee University
Tressel Field & Finnie Stadium, Baldwin Wallace University
Rudolph Ursprurig Cymnesium, Baldwin Wallace University
Balcwin-Wallace College North Campus Historic District
Hmghamton Universily Events Center. Binghamton Uriversity
Roston University Phatonics Center, Boston University
Boston University Track ard Tennis Center, Bostor University

Clare Drake Arena
Myer Horowitz Theatre
St Juseph's College, Edmonton
Un:versiade Paviiion, University of Alberta
Alberta B. Farrington Softball Stedium
Gammag2 Memor:al Avditorium
Industrnal Aris Buldirg
Fovise Lincaln Kar Foose @nild Stud o
Mona Flummer Aquatic Center
Packard Stadium, University of Alberta
Sur Devil Gym, University of Albertz
United Statas Post Office (Phoenix, Arizona)
Administration Building, Universty of Alherta
Marting Hall, University of Alberta
Burrcll Mcmorial Obscrvatory
Wilke: Hall, University o Alberta
Dieisen Hall, University of Alberta
Ward [1all, University of Albesta
Kulas Musizal Arts Building, Baldwin Wallace University
Memer-Pleiffer Hall, Baldwin Wallace Universaty
Lindsay-Crassman Chapel, Daldwin Wallace University
Stadent Activities Center (SAC), Baldwin Wallace University
Bonds Hall, Bekdwin Wallace University
Lou Higg ns Cenler, Balihwin Wallace Urniversity
Rutherford Library
Packard Athletic Center [formerly Bagley Hall), Baldwin Wellace University
Baldwin-Wallace College South Carnpus Historic District
Commonwea th Avenoe, Bostor: Uriversity
Boston University School of Law, Boston University
Boston Univarsity West Campus



Get latitude/longitude from GoogleMap

azcriBatoell|vaeXHID I U A

Value

name Grainger Engineering Library name Feellinger Auditorium
lengitude  -88.22691719995214 longitude  -88.22728640012006
latitude 40.1124S969950067 latitude 40.10594310015922

altitude 18.56522342850079 altitude 23.78598631063875



1. Drone-view Data

* Due to the privacy concerns and the cost, we deploy the simulated data via
Google Earth. We write scripts to drive the engine as drone camera.

O Snapshot Point






2. Ground-view Data from GoogleMap




3. Satellite-view Data from GoogleMap
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4. Noisy Ground-view Data from Googlelmage

Euildingz Names

BiblicthAlque Saim-Jean, University of Alkena
Footc Field
Nationz] [nstitute for Nenotechnelogy
Stollery Children’s Hospital
Uriversity of Alberta [laspital
Decisicn Treater, University of Albarta
Hnmngmniiﬁshimchcn House
I sh Fedd

Matthews Hall, University of Alberta

0Old Main {Arizonz State University)

Security Building (Phoen:x, Arizona)

Sun Devil Stadium, University of Alberta

Wells Fargo Arena (Tempe, Arizona)

Wheeler Hall, University of Albarta

Malicky Center. University of Alberta

Kleist Center for A and Drama
Kamm Hall, University of Alberta
Telfer [all, University of Alberta
Thomas Center for Innovetion @nd Growth (C1G)
Hoesel Musical Arts Center, Baldwin Wallace University
Ritter Library, Baldwin Wa'lece University
Presidents House, Balcwin Wallzce University
Strasecker Hall (Unmicn), Baldwin Wallace University
Nurst Welcome Center, Baldwin Walkee University
Tressel Field & Finnie Stadium, Baldwin \Wallace University
Rudelph Ursprurig Cymnesium, Baldwin Wallace University
Balcwin-Wallace College Nocth Campus Historic District
Bmghamton University Events Center. Binghamton Uriversity
Roston University Phatonics Center, Bostoe University

Boston University Track ard Tennis Center, Bostor. University

Clare Drake Arena
Mycer Horowitz Theatre
St Juseph's College, Edmonton
Un:versiade Pavilion, University of Alberta
Alberta D. Farrington Softball Stedium
Gammag2 Memor.al Auditorium
Industnal Aris Bulldirg
Fouvise Lincoln Kene Foose and Stud o
Mona Flummer Aquatic Center
Packard Stadium, University of Alberta
Sur Devil Gym, University of Albertz
United States Post Office (Phoenix, Arizona)
Administration Building, Univessity of Alherta
Marting Hall, University of Alberta
Burrcll Mcmorial Observatory
Wilke Hall, University of Alberta
Diesch Hall, University of Alberta
Ward [1a’], University of Albesta
Kulas Musizal Arts Building, Baldwin Wallace University
Memer-Peiffer Hall, Baldwin Wallace Universaty
Lindsay-Crassman Chapel, Baldw:n Wallace University
Svadent Activities Center (SAC), Baldwin Wallace University
Bonds Hall, Beldwm Wallace University
Lou Higg ns Cenler, Baldwin Wallace University
Rutherford Library
Packard Athletic Center [formerly Bagley Hall), Baldwin Wallace University
Baldwin-Wallace College South Campus Historic Disurict
Commonwea th Avenue, Bostor: Uriversity
Boston University School of Law, Boston University

Boswon Univarsity West Campus

We search the building
name and download
images from Googlelmage

We then remove the
indoor images and
duplicate images.

Krause J, Sapp B, Howard A, et al. The unreasonable effectiveness of noisy data for fine-grained
recognition[C]//European Conference on Computer Vision. Springer, Cham, 2016: 301-320.



 [ask
e Dataset (Now we have data.)
e Baseline & Experiment



Baseline

Flexible and Strong Baseline
- Objective: Instance Loss (Share Classifier)
- Structure: Generally, the backbone
- network do not share low-level patterns

New data -> ﬁ

add one branch!
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Zheng Z, Zheng L, Garrett M, et al. Dual-Path Convolutional Image-Text Embeddings with Instance Loss[J]. ACM Transactions on Multimedia Computing,

Communications, and Applications (TOMM), 2020, 16(2): 1-23.



Baseline

CVUSA
Methods R@]1 R@5 R@10  R@Ilopl%
Workman |31] ICCV 2015 - - 34.40
Zhai [3d] CVPR 2017 - : - 43.20
Vo [29] ECCV 2016 - - - 63.70
CVM-NetGVAR 2018 18.80  44.42 57.47 91.54
Orientatiog (HR 20f 9 27 15 54.66 67.54 93.91
Ours 4391  66.38 74.58 91.78

Table 9: Comparison of results on the two-view dataset
CVUSA [34]. T+ The method utilizes extra orientation informa-

tion as input.

Oxford and Paris

Method | Oxford | Paris  ROxt (M) RPar (M) | ROxf (H) RPar (H)
ImageNet  3.30 | 6.77 4.17 3.20 208 424
7 924 |13.74 583 13.79 2.08 6.40
Ta 2580 (28797 1552 24.24 3.69 10.29

Table 10: Transfer learning from University-1652 to small-scale

datasets, We show the AP (%) accuracy on Oxford [19], Paris
[20], ROxford and RParis [21]. For ROxford and RPuris, we
report results in both medium (M) and hard (H) settings.



Ground-view query vs. drone-view query.

Query — Gallery R@1 R@5 R@10 AP
Ground — Satellite 1.20 4.61 7.56 2.52
Drone — Satellite 58.49 78.67 83.23 63.13
mGround — Satellite 1.71 6.56 10.98 3.33
mDrone — Satellite 69.33 86.73 01.16 73.14

Table 4: Ground-view query vs. drone-view query. m denotes
multiple-query setting. The result suggests that drone-view
images are superior to ground-view images when retrieving

satellite-view images.



Apply the model trained on University-1652 to real drone videos.

Real Drone-view Query | Synthetic Drone-view Images: Rankl =» Rank5
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The model haven’t seen any data of UIUC.


https://www.youtube.com/watch?v=jOC-WJW7GAg

Apply the model trained on University-1652 to real drone videos.

The model haven’t seen any data of UIUC.

Scalability



Ablation Studies

Different Loss Functions

I oss Drone — Sarellite|Satellite — Drong
R@ 1 AP R@] AP
Contrastive Loss 5239 5744 |6391 5224
Triplet Loss (margin=0.3) 5518 5997 (6362 5385
Triplet Loss (margin=0.5) 5358 5860 (6248  53.15
Weighted Soft Margin Triplet Loss (5321 53.03  |65.62 54.47
Instance Loss 5823 6291 7247 5945

Table 5: Ablation study of different loss terms. To [airly com-
pare the five loss terms, we trained the five models on satellite-
view and drone-view data, and hold out the ground-view data.
For contrastive loss, triplet loss and weighted soft margin triplet
loss, we also apply the hard-negative sampling policy.

Whether Share Weights
Drone — Satellite Satellite — Drone
Method R@1 AP R@1 AP
Nol sharing weights | 39.84 4591 50.36 40.71
Sharing weights 58.49 6331 7118 S58.74

Table 6: Ablation study. With/without sharing CNN weights on
University-1652. The result suggests that sharing weights could
help to regularize the CNN model.

Different Input Sizes

Image Size Drone — Satellite Satellite — Drone
R@| AP R@] AP
256 5849 63.31 71.18 58.74
384 6299 67.6Y 75.75 62.09
512 5969 64.80 73.18 5940

Table 7: Ablation study of different input sizes on the
University-1652 dataset.



Future Works - Boost Performance

We run a leaderboard.
You are welcomed to push the state-of-the-art performance.

Awesome Geo-localization

University-1652

Methods R@1 AP R@1 AP Reference
Contrastive Loss 5239 5744 6391 5224
Triplet Loss (margin=0.3) 66.18 5997 63.862 5385
Triplet Loss (margin=0.5) 5368 5860 6448 5315

Weighted Soft Margin Triplet Loss  5§3.21 5803 6&52 5447

Instance Loss 658.23 62.91 74.47 5945



Future Works - LBP

I "_,o ‘o\.
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Local binary patterns (LBP) descriptor L PN

Tingyu W, Zhedong Z, Chenggang Y, and Yi, Y. Each Part Matters: Local Patterns Facilitate Cross-view Geo-localization. arXiv 2020.



Future Works - Keypoint Matching

SIFT does not work very well. Deeply-learned Methods are needed.
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Thanks a lot!

University-1652: A Multi-view Multi-source Benchmark
for Drone-based Geo-localization

Zhedong Zheng, Yunchao Wei, Yi Yang Dataset & Code LR Bl
University of Technology Sydney ﬁ T
Have been downloaded

By 300+ times.




Data License

» We carefully check the data license from Google. There are two main points.

* First, the data of Google Map and Google Earth could be used based on fair
usage. We follow the guideline on this official website 3 .

e Second, several existing datasets have utilized the Google data. In practice,
we adopt a similar policy of existing datasets 4, 5 to release the dataset based
on the academic request.

3. https://www.google.com/permissions/geoguidelines/
4. http://www.ok.ctrl.titech.ac.jp/~torii/project/247/
5. http://mvrl.cs.uky.edu/datasets/cvusa/



https://www.google.com/permissions/geoguidelines/
http://www.ok.ctrl.titech.ac.jp/~torii/project/247/
http://mvrl.cs.uky.edu/datasets/cvusa/

