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[IJCAI 22] Motivation
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Rain (Real) - ACDC
(a) Input (b) Prediction (c) mloU
Dataset Resolution Label/Total Real Scenario Intensity
Occlusion  Blur  Droplet  Reflection  Wiper  Light  Moderate  Heavy

Cityscapes [Cordts et al., 2016] 2,048 1,024 0/0 X X X X X X X X x
Raincouver [Tung etal., 2017] 1.280 %720 285/326 v b4 N e v e v b4 x
KITTI [Alhaija ef al., 2018] 1,382x512 0/0 X b * X X X x x X
RID [Li er al., 2019] Variable 0/2,495 v v v v v X v X X
Apolloscape [Huang et al., 2020]  3,384x2,710 0/0 X x x x X X x x x
nulmages [Caesar er al., 2020] 1.600 %900 58/1,300 v * v X v ® v b4 x
BDD [Yu et al., 20201 1,280 720 253/5,808 v v v v v X v X X
ACDC [Sakaridis et al., 2021] 1.920% 1,080 1,000/1,000 v v v X v v v X X
RainCityscapes [Hu et al., 2021] 2,048 1,024 1.760/10,620 X X v v X X v v v
RaidaR [Jin er al., 2021] 1.9201,080  5,000/58,542 v v v X v X v X X
Rainy Weity (Ours) 1,920 1,080 500/24,335 v v v v v v v v v

Rainy WCity: A Real Rainfall Dataset with Diverse Conditions for Semantic Driving Scene Understanding, IJICAI, 2022




[IJCAI 22] Method
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Rainy WCity: A Real Rainfall Dataset with Diverse Conditions for Semantic Driving Scene Understanding, IJICAI, 2022



[IJCAI 22] Results

g ; g g e 3
o - o = = 8 o k= = o 2 2 5} 3 = 2
o - = = —_ =11} b =y - ey w
S Method g 5 2 B 8 g & 7 ) T ¥ g B 8 g 2 g 2 mloU
5 DeeplabVi+ 735 75 474 74 115 246 69 465 470 0 781 51 02 436 15 0 01 15 212
2 MPRNet 586 19 442 124 105 257 60 447 459 0 88 43 05 312 15 02 08 24 198
£ DualGCN 738 81 505 63 73 233 69 466 463 0 83 54 07 418 10 05 01 13 211
S2R2 (Ours) 918 69 583 32 388 181 392 523 752 05 888 332 40 81§ 242 170 144 321 317
_ DeeplabV3+ 638 05 474 63 0 219 0 258 428 0 86 0 0 289 0 38 0 0 17.2
S MPRNet 541 0 473 96 0 209 0 257 407 0 84 0 0 243 0 34 0 0 16.4
£ DualGCN 663 26 487 34 0 158 0 288 408 0 85 0 0 324 0 50 0 0 17.3
SJR2 (Ours) 949 26 587 47 0 276 0 583 756 0 929 0 0 89 0 400 500 0 329
£ DeeplabV3+ 735 48 462 98 260 200 145 387 570 0 8.0 79 0 457 11 60 0O 0 23.0
£ MPRNet 67.1 33 449 132 229 207 177 352 562 0 8.4 59 0 399 11 35 01 0 22.1
=  DualGCN 722 46 455 90 112 202 146 393 541 0 86 92 0 435 19 40 0 0 22.0
& S2R2(Ours) 871 115 604 90 602 201 360 222 798 0 916 281 61 8.5 773 83 19 0 378

Qualitative
comparison with
DeepLabV3+

(a) Input (b) Derain (ours) (c) V3+ (d) V3+ (derain) (e) DualGCN  (fy MPRNet  (g) Our (derain) (h) Ours (i) Ground Truth

Rainy WCity: A Real Rainfall Dataset with Diverse Conditions for Semantic Driving Scene Understanding, IJICAI, 2022



[CVPR 22] Motivation

The problem and

our main idea

+ X label X label

s: Clear Cityscapes m: Clear Zurich t: Foggy Zurich
“~ style gap o “~_ fog gap A

Train | Test | MVV
s |0.018 dual gap

S m |0.107

t |0.139

JIE: :
style gap (0.089) (0.033)fog Bap—
fog gap remains unchanged

the motivation
| § |o0.012 _ style gap(0.067) ,lﬂhf!%?l_f!q:asﬁp+|~//

s¥M | m |0.079
]

Both Style and Fog Matter: Cumulative Domain Adaptation for Semantic Foggy Scene Understanding, CVPR, 2022

Empirical finding of




[CVPR 22] Method
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Both Style and Fog Matter: Cumulative Domain Adaptation for Semantic Foggy Scene Understanding, CVPR, 2022



[CVPR 22] Results

Performance comparison

Experiment

Method

Backbone |

FZ

Backbone

DeepLab-v2
RefineNet

259
346

Defogging

RefineNet
RefineNet
RefineNet
DeepLab-v2
DeepLab-v2

344
31.2
27.6
275
28.7

Domain
Adaptation

Multi-task [1]
AdSegNet [34]
ADVENT [35]

DISE [4]
CCM [19]
SAC [2]
ProDA [39]
DMLC [13]
DACS [32]

DeepLab-v2
DeepLab-v2
DeepLab-v2
DeepLab-v2
DeepLab-v2
DeepLab-v2
DeepLab-v2
DeepLab-v2

26.1
26.1
245
40.7
35.8
37.0
37.8
335
28.7

Defogging+DA

MSCNN [24]+DISE [4]

DeepLab-v2 |

38.6

Ours

CuDA-Net

DeepLab-v2 |

48.2

Synthesist

SESU [28]

CMAda2 [27]
CycleGAN [43]
MUNIT [16]
AnalogicalGAMN 12!
CMAC

Synthesis+DA

SFSU [28]4L

RefineNet
RefineNet
RefineNet
RefineNet

D onden ATk

357
429
40.5
39.1

A 2

focus on the degradation factors in harsh environments

Olurs

CuDA-Net+ DeepLab-v2 | 49.1 535

CMAda3+ CuDA-Net (ours)
Qualitative results of ablation study

e B e B e
S O et v
SR

Input DeepLab-v2 +Fs sm +Fs sm+Fm_se

Ground Truth

g P oy CuDA-Net Ground Truth

+F34>t

" LB g
% I|’ T
Tha ~Alkilito,

Input GFN Ours (1)

Both Style and Fog Matter: Cumulative Domain Adaptation for Semantic Foggy Scene Understanding, CVPR, 2022



[TIP 22] Motivation

Source Domain

lTraining

Segmentation Model

B llnferring Re-training

Pseudo Labels

Spatial Diffusion

| Selecting |
Temporal Diffusion

Target Domain

(a) Proposed TDo-Dif Scheme for Domain Adaptation

(b) Spatial Diffusion

Far-view Near-view

(c) Temporal Diffusion

Unsupervised Foggy Scene Understanding via Self Spatial-Temporal Label Diffusion, IEEE Trans. Image Processing, 2022



[TIP 22] Method

Predicted Segmentation Map J;

Foggy Image

Initial Pseudo Labels 7,

Diffused Pseudo Labels 77
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lllustration of the optical flow-
based temporal diffusion

Optical flow F &
Confidence Map 5,

TLD

Target image x,
(Far-view)

Pseudo Labels 3, Diffused Pseudo Labels 7,4

(a) Process of Temporal Diffusion by using Near-view Image as Reference

Unsupervised Foggy Scene Understanding via Self Spatial-Temporal Label Diffusion, IEEE Trans. Image Processing, 2022
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[TIP 22] Results

Foggy Driving

Method Road SW Build Wall Fence Pole TL TS  Veg. Terrain Sky PR Rider Car Truck Bus Train Motor Bike [ mloU
SFSU [17] 90.26 28.83 72.13 2523 1341 42.84 52.03 5897 64.27 578 76.71 57.26 44.02 7041 1342 27.73 5848 1929 4648 | 45.60
CMAda [19] 91.51 29.24 7477 2837 1510 4936 51.35 5926 7476 7.82 9229 62.63 4767 7290 19.38 3248 5205 2462 52.81|49.39
AdSegNet [56] 45.82 13.52 4334 0.63 894 2597 37.57 3592 54.12 053 80.70 30.73 27.08 56.74 073 1258 040 11.19 2647 |27.00
CBST [21] 91.68 31.35 68.63 25.61 1598 48.14 4948 60.02 67.85 1037 82.18 62.22 41.62 7330 3696 1569 31.69 2990 4695 |46.82
CRST [27] 91.82 36.34 7059 2393 1633 46.02 49.60 5692 7084 12.68 8636 0425 42.17 7507 3072 1324 3132 3506 4570|4732
CuDA-Net [57] 90.14 45.52 7147 43.63 4423 4383 4630 5224 7263 3618 91.19 5990 4790 72.04 48.58 40.96 3281 3347 4409 | 53.50

Foggy image

FIFO [58] - - - - - - - - - - - - - - - - - - - | 5070
CMDIT [59] ) ) ] . . . . . . ] - ) ) . ) - - . ~ |asass
FogAdapt+ [60] - - - - - - - - - - - - - - - - - - - 52.40

3
TDo-Dif 9212 31.84 7482 2844 1791 4372 5245 5612 7140 1286 8671 6431 47.98 7311 3840 23.19 5534 2743 53.46 | 50.08
(SD—TD+SL+TL)

TDo-Dif! 9200 31.80 74.87 27.72 17.93 4501 5277 5792 7133 1373 86.63 64.62 48.09 73.69 38.69 2459 60.25 28.11 5245 |50.65
(TD—SD+SL+TL)

TDo-Dif* (SD+SL) | 93.03 39.26 76.72 33.35 18.77 4835 50.17 6441 79.99 232 92.66 61.87 4664 7831 44.63 2822 70.78 41.58 S51.58|53.84

TDo-DifT and TDo-Dif* denote the results from the model trained on Foggy Zurich and Foggy Driving, respectively.
Note that the images in Foggy Driving dataset are non-sequential images, thus we only use the spatial diffusion and spatial loss.

(b) Adaptive model after (c) Adaptive model after (d) Adaptive model after (e) Adaptive model after

\apibre frainedimedel round 1 round 2 round 3 round 4

CulDA-Net | 17]

]
E
)

E
g

g

Unsupervised Foggy Scene Understanding via Self Spatial-Temporal Label Diffusion, IEEE Trans. Image Processing, 2022
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[IJCAI 20] Motivation
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When Pedestrian Detection Meets Nighttime Surveillance: A New Benchmark, IJCAI, 2020
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[IJCAI 20] Method

The number of frames and pedestrian annotations in datasets.

Comparison of the annotation attributes.

Train Test All
Dataset
#images/#bboxes #images/#fbboxes #images #pedestrian/frame T

KITTI [Geiger et al., 2012] Tkidk — 7k 0.6
Daimler [Enzweiler and Gavrila, 2009] 22k/14k - 22k 0.65
. INRIA [Dalal and Triggs, 2005] 2k/1k 288/589 2k 0.86
Daytime Caltech [Dollar et al., 2012] 128k/153k 121k/132k 250k 1.14
TUD [Wojek et al., 2009] 508/1k - 508 2.95

CityPersons [Zhang er al., 20171 3k/TE 1.5k/14k 5k 7
ETH [Ess et al., 2008] 2k/14k - 2k 7.85
o NightOwls [Neumann ef al., 2018] 128k/38k 103k/8k 231k 0.20
Nighttime KAIST [Hwang et al., 2015] 17k/1TE 16k/12F 33k 0.86
NightSurveillance 19k/26k 19k/26k 38k 2.46

The proportion of pedestrians with different settings in NightSurveillance dataset

Data Diversity

Dataset ImageSize é &0

2 8 . F E

: 5 5 &

S & m & 3

KITTI 1392x512 v

Caltech 640480 v o
CityPersons 2048x1024 vV
KAIST 640480 v

NightOwls 1024x640 v v

NightSurveillance  1920x1080 v v v v

Setting #Occlusion el FLaghhog 4Bl #Rai #All
#Small  #Medium  #Large #Low  #Medium  #High ar iy

Train  12k(25%) 22k(47%) 12k(26%) 13k(28%) 9k(20%) 30k(63%) 8k(17%) 1k(Q%) 2k(4%) 47Tk

Test  12k(26%) 21k(46%) 12k(26%) 13k(28%) 8k(17%) 30k(65%) 8k(18%) 1k(2%) 2k(4%) 46k

93k

All 24k(26%) 43k(46%) 24k(26%) 26k(28%) 17k(18%) 60k(65%) 16k(17%) 2k(2%) 4k(4%)

When Pedestrian Detection Meets Nighttime Surveillance: A New Benchmark, IJCAI, 2020



[IJCAI 20] Results

[ 1 True Positive ~ [____]False Negative [___|False Positive

Small Scale L

Hich Light Occ. Hfamothdr peddsiridn
; - i i | A
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Rainy Weather

" aw
¥

small Scale

-
Occlusion Rainy&Blur
Methods KITTI Caltech  CityPersons  NightOwls  NightSurveillance
mAP (%) Average Miss Rate (%)

ACF [Dollar et al., 2014] 47.29 27.63 33.10 51.68 89.34
RPN+BF [Zhang et al., 2016a] 61.29 9.58 7.31 23.26 86.34
Vanilla Faster [Ren ef al., 2017] R-CNN 65.91 20.98 23.46 20.00 26.55
Adapted Faster R-CNN [Zhang et al., 2017] 66.72 10.27 12.81 18.81 24.84
SDS R-CNN [Brazil et al., 2017] 63.05 7.36 13.26 17.80 23.62
S3D [Wang et al., 2019] 65.60 9.28 11.24 14.32 21.73

When Pedestrian Detection Meets Nighttime Surveillance: A New Benchmark, IJCAI, 2020



[ACM MM 21] Motivation
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Consistency-Constancy Bi-Knowledge Learning for Pedestrian Detection in Night Surveillance, ACM MM, 2021



[ACM MM 21] Method
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Consistency-Constancy Bi-Knowledge Learning for Pedestrian Detection in Night Surveillance, ACM MM, 2021



[ACM MM 21] Results

E'ﬁuc Positive : Fake Negative : False Positive True Positive —/1 Fase Negative ‘ False Positive | MissAnnol:ation

-

v - MF

ACF RPN-BF SDS R-CNN S3D CCBL GT
| Scale Light
. Methods | Larger Medium Small High Medium Low Occlusion Rain  Blur Mean
k ACEF [33] 82.00 89.94 8994 87.19 80.52 84.84 88.64 89.37 89.90 86.93
‘ 7 RPN-BF [43] 76.78 82.69 73.69 78.63 69.69 82.95 87.19 85.82 84.94 80.26

Vanilla Faster R-CNN [37] 21.36 43.54 68.16  40.57 47.02 49.79 50.78 62.28 6293 49.60

Adapted Faster R-CNN [25] 9.02 41.12 62.10  46.02 15.92 34.56 30.11 51.19  50.18  37.80
QN& R_CNIN [5A] 2 94 22 21 4110 2502 11,04 20 20 2554 3494 4505 27.33

winno - Use the consistency between excellent and harsh environments ..

2.19 2891 38.43 2242

Consistency-Constancy Bi-Knowledge Learning for Pedestrian Detection in Night Surveillance, ACM MM, 2021
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[TMM 20] Motivation

Duke-MTMC Market-1501 Duke-MTMC Market-1501
0.05p
0.02F 0.04 F
z 2003 F
E z
A 001} Koo}
0.01F
e ~ 0 0 a A A A
0 05 1 15 2 25 0 50 100 150 200
(a) Times [h] [Hlumination
b ResNet50 DenseNet121 PCB 6000 5642.02 17072
5170.
0.8 cMmc-1 I mAP 3
’ & 3000 2560.11
C
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[llumination-Adaptive Person Re-identification, IEEE Trans. Multimedia, 2020




[TMM 20] Method

Original flow Original flow
lllumination. | ﬁ -
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[Nlumination-Adaptive Person Re-identification, IEEE Trans. Multimedia, 2020



[TMM 20] Method

Method Market-1501++ DukeMTMC-relD++

CMC-1 CMC-5 CMC-10 mAP CMC-1 CMC-5 CMC-10 mAP
DenseNet121 [44] 0.74 2.29 3:53 0.73 1.21 2.74 4,13 0.80
DenseNet121 w/ Train 70.60 85.36 89.66 49.79 64.45 77.82 82.45 45.12
PCB [45] 0.56 1.69 291 0.54 0.72 2:15 3,23 0.49
PCB w/ Train 72.55 85.22 90.08 53.11 65.98 77.93 82.21 45.15
ResNet50 [46] 0.42 1.16 2.05 0.39 0.54 1.97 3.14 0.50
ResNet50 w/ Train (Baseline) 66.18 81.97 87.02 47.71 62.07 75.54 88.08 42.63
1D 73.37 86.55 91.01 56.22 68.11 79.75 91.27 49.20
Improvement over baseline 7.191 4,581 3.991 8.511 6.041 4211 3.191 6.571

FesangiS B Cerseho! IIFCE IO urs FanaiS0 W Dan ool B PCE I Ours Fissrst5l) N Cervaubil I PCE N Curs

[z 7] P
9 / 08 0s 1] o8
2 i } 22 . a
! nE as 06 LLd
- ' . 0.4 04 04 04
- . - oz 0z 0z az
-+
| ul 4 L} a o a
A r_' mAR rank-1 rank-5 rank-10 mAP rari-1 rank-5 rank-10

maR rank.-1 ks k-0 mAR rank-1 rank-5 rank-11}

() Patch Market

e the influence factor from harsh environments

[Nlumination-Adaptive Person Re-identification, IEEE Trans. Multimedia, 2020



[TMM 22] Motivation
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Drone View
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y

Geo-Localization via Ground-to-Satellite Cross-View Image Retrieval, IEEE Trans. Multimedia, 2022



[TMM 22] Method

Satellite-Drone Representation

E:) o — I A Satellite View Sample

O Drone View Sample
O Ground View Sample

welgzht

FIEHED

peer leaming

@c/’;ﬁ

Ground-Drone Representation

2

== Ground-Drone Space

Q:;ry (Ground) Cross Diffusion

“Ground View Images

Geo-Localization via Ground-to-Satellite Cross-View Image Retrieval, IEEE Trans. Multimedia, 2022



[TMM 22] Results

Query Ground — Drone (Topl — Top5)

University-Earth
Method CMC®1 CMC®@5 CMC@10 CMC@1% mAP
DELF [36] w/ie D 0.01 0.39 0.66 0.74 0.60
DELF [36] 0.12 0.50 0.93 0.93 0.87
R-MAC [41] wo D 1.09 3.61 6.59 6.94 2.19
R-MAC [41] 1.09 3.84 6.67 7.06 222
(a) cclusion Str-CNN [10] w/e D 0.74 279 4.85 3.66 1.70
s s NN IR T I
y ' CVM-Net [V] wio D 0.35 1.05 2.09 2.29 0.88
CVM-Net [Y] 1.78 4.69 8.61 942 3.18
Siam-FCANet50 [12] w/o D 0.39 2.02 3.84 4.23 1.34
: : S - Siam-FCANet50 [12] 1.20 4.07 7.25 7.68 2.46
i e Y =1 ¥ DR PN (6] we D 016 078 1.82 206 065
JE | : -\ L LPN [26] 0.74 3.10 4.69 5.04 1.70
o T e o 29 & Instance Loss [42] w/o D 0.62 - 5.51 - 1.60
MR Y otePe o AR et Instance Loss [42] 1.20 - 7.56 - 2.52
-- ) PLCD (Ours) | 9.15 27.66 38.83 40.87 14.16

‘ i

diffuse the rsults In harh envirnments from good to better

Geo-Localization via Ground-to-Satellite Cross-View Image Retrieval, IEEE Trans. Multimedia, 2022
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[CVPR 19] Method
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[CVPR 19] Results

Approach Constraints RegDB SYSU-MMO01

Feature-level Image-level CMC-1 CMC-10 CMC-20 mAP CMC-1 CMC-10 CMC-20 mAP
LOMO [8] X X 0.85 247 4.10 2.28 1.75 14.14 26.63 3.48
MLBP [9] X X 2.02 7.33 10.90 6.77 2.12 16.23 28.32 3.86
HOG [3] X X 13.49 33.22 43.66 10.31 2.76 18.25 31.91 424
GSM [10] X X 17.28 34.47 45.26 15.06 5.29 33.71 52.95 8.00
One-stream [21] v X 13.11 32.98 42.51 14.02 12.04 49.68 66.74 13.67
Two-stream [21] v X 12.43 30.36 40.96 13.42 11.65 47.99 65.50 12.85
Zero-Padding [21] v X 17.75 34.21 44.35 18.90 14.80 54.12 71.33 15.95
TONE [22] v X 16.87 34.03 44.10 14.92 12.52 50.72 68.60 14.42
HCML [22] v X 24.44 47.53 56.78 20.80 14.32 53.16 69.17 16.16
BDTR [23] v X 33.47 58.42 67.52 31.83 17.01 55.43 71.96 19.66
emGAN [2] v X - - - - 26.97 67.51 80.56 27.80
Proposed D?RL v v 434 66.1 76.3 44.1 28.9 70.6 824 29.2
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Summary

Construct Real Dataset
- rainy [IJCAI’22]
- low-light [IJCAI’20]

Use the consistent knowledge between source and target domains
- consistency [ACM MM’21]

Use the features of target domain
- diffusion [TMM’22]
- label [TIP’22]

Focus on the harsh factor in target domain
- fog factor [CVPR’22]
- light factor [TMM’20]

Unify the data status
- unify [CVPR’19]



Thank Youl!



