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Weather Understanding

 Weather affects our daily life.
 Camera is cheap weather monitor.



Smart Grid (Exa6Esm)

Tomorrow’'s Grid
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Satellite i1s time-delay!



Driving Assistance

(@) Input image (b) Detection result

X.Yan, Y. Luo, and X. Zheng.
Weather recognition based on images captured by vision system in vehicle.



Weather Monitor

* |n big data era: image is everywhere and anytime!

Motivation: weather real-time monitor



Weather Monitor

Real-time
Geometry dense




Weather Monitor

e Real-time
* Geometry dense

Smog visibility monitor (55 5 i 1%

)
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Weather Monltor

* Real-time fi. o ,
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Weather Understanding

* Industry value (& 5F1/ME)
KA NAERE, PAMLes AR E 2!
G SR EUIR {8 H !

e Academic value(==ARYME)
Nee B R, HiHEVLRE?



Why is it difficult?

* Scene Understanding + illumination Understanding + ??

e — i

Training data



Why is it difficult?

* Scene Understanding + illumination Understanding + ??

e — i

Cloudy

Training data

Fix scene



Why is it difficult?

* Scene Understanding + illumination Understanding + ??
2 251

Training data




Why is it difficult?

* Scene Understanding + illumination Understanding

e — i

Rainy day



Why is it difficult?

* Scene Understanding + illumination Understanding + ??

Traditional scene understanding considers
structure pattern only!



Weather Understanding

 Two-class weather classification [CVPR 2014]

o
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* Visibility (B JI.JE) Estimation submitted to
[PAMI 2015]
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Two-class Weather Classification

Cewu Lu Di Lin Jiaya Jia Chi-Keung Tang

Abstract

Given a single outdoor image this paper proposes a collaborative learning approach for labeling the image as either sunny or cloudy. Never adequately
addressed, this two-class labeling problem is by no means trivial given the great variety of outdoor images. Our weather feature combines everyday
weather cues after properly encoding them into feature vectors. These encoded cues then work collaboratively in synergy under a unified optimization
framework that is aware of the presence (or absence) of a given weather cue during learning and classification. Extensive experiments and
comparisons are performed to verify our method. The other contribution consists of a new weather image dataset consisting of 10K sunny and cloudy
images which is freely available with the executable of our implementation.

Downloads

"Two-class Weather Classification"
Cewu Lu, Di Lin, Jiaya Jia, Chi-Keung Tang
IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2014

I@ [Paper (pdf, 4MB)]

‘ ' [Matlab Executable (real-time classification)]
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Two-Class Weather Classification



Sunny or Cloudy?
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mean lightness 32.41



Sunny or Cloudy?
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Sunny or Cloudy?

mean lightness 32.41 mean lightness 58.23



intensity distribution of
5K sunny and 5K cloudy images

0.03

m— SUNNY
= Cloudly||

0.025}

0.02¢

0.015}

Distribution

0.01¢

0.005}

0

0 20 40 60 80 100
Lightness level of Lab space



How human recognize the weather?

Weather Cue!



How human recognize the weather?

SR

Weather Cue!



ow human recognize the weather?

Weather Cue!



Weather Cue Feature

e 621-D feature vector
| sky; shadow; reflection; contrast; haze ]

[fsﬁ:: ten: fre: feo: tha ]

e Existence vector

[ L] 1 5 1 T
- Ugk Ugh Ure Uha }






How to set sky?

Evidence Score:

o | if A > 0.5
sk — min { Zﬂ%he rwise

Sky size/ image size




Shadow (10)

Only works on sunny day!

Shadow detector [Lalonde et al, 1JCV 2012]



Shadow (10)

Testing 5 Nearest Neighbors

Matching in Sunny Training dataset



Shadow (10)

Shadow feature:

Top 10 matching errors.
Evidence score

Matching errors in sunny shadow dataset.



Reflection (100)
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Shadow (10)

Evidence Score: Ugp,

1 if white pixels are present in the image
O otherwise.



Contrast (170)

pi as the ith percentile in the input image
in the saturation map. The set of all saturation
percentile ratios is given by {r/r = pi/pj, Vi >j},



Haze (84)

* Cloudy weather is often hazy
* Haze priors [He et al CVPR’09]

Feature:

Spatial Pyramid max-pooling feather on dark prior

Evidence Score: U q

Median value of dark channel



Input dark channel Dehaze



Weather Cue Feature

e 621-D feature vector
| sky; shadow; reflection; contrast; haze ]

[fsﬁ:: ten: fre: feo: tha ]

e Existence vector

[ L] 1 5 1 T
- Ugk Ugh Ure Uha }



Weather Cue Feature

e 621-D feature vector
| sky; shadow; reflection; contrast; haze ]

[fsﬁc: ten: fre: feo: tha ]

+ Bxistence pegigf 1y S\/M on it?
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Collaborative Learning
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No Sky No Shadow No Reflection

Weather cues in images in NOT homogeneous



Collaborative Learning

Evidence v]T

Sky Shadow Reflection Haze

Weather cues in images in NOT homogeneous



Collaborative Learning

M subsets
{Qq,....Qn}

“sky + shadow”™ {0.90,0.87,0.26,0.11}
M cluster centers

{ey,...,em}

R e

“sky + haze” {0.94,0.24, 0.27,0.84}

Cluster based on evidence vectors



Collaborative Learning

Weight and bias

71 = sign( ij iX(J
/ J=1 '\
of cluster feature

For single cluster
(weather pattern)



Collaborative Learning

Ci,k: >0, VEk e,

standard SVM



Collaborative Learning

h(x,e) = Sign[z/s(a, e)hi(x)],
|e:—ell3
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Collaborative Learning
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Collaborative Learning
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Results

Sky Shadow Reflection | Contrast Haze
normalized accuracy || 39.3+£2.1 | 2824+24 | 23.04+2.6 | 35.56+£2.2 | 30.2+ 1.7
Table 1. Classification results (mean = variance) using individual weather cues.
SVM Adaboost | LLC [19] | ScSPM [22] Ours
Normalized accuracy || 41.24+2.2 | 36.4+23 | 0.3+0.1 0.24+0.1 53.1+2.2

Table 2. Classification statistics (mean =+ variance) of different classification methods.

Lalonde et al. [9]

Yan et al. [21]

Roser and Moosmann [16]

QOurs

normalized accuracy

39.0 £2.3

246 2.6

26.21+ 2.3

531+22

Table 3. Classification statistics (mean + variance) of different methods.

Normalized accuracy: max{ (a - 0.5)/(1 - 0.5),0 }
where a is the accuracy obtained traditionally.
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Multi-class weather classification (7 classes)




Visibility Estimation
RE AT



Smoggy Beljing

* Extremely low visibility
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Smog in Beljing

The European Front ‘ "31 Selma: The Making of =
€ |
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Beijing Is Choking Under Another
Nightmare Smog

Meet the Plaintiffs in the Supreme
Court’s Gay Marriage Case

Here’s What 5 Supreme Court
Justices Have Said About Gay
Marriage

Duke’s Head of Divinity School Defends
Decision to Halt Muslim Call to Prayer

The True Story Behind American
Sniper

WORLD CHINA

Beijing Is Choking Under Another
Nightmare Smog

Emily Rauhala / Beijing @emilyrauhala Jan. 15, 2015

(= J ¢ Qe f s Jin |

Readings are off the charts

Deep down, Beijing knew it
was coming. But against all
odds, the 21 million residents
of China’s capital hoped that

PR I R 20 PO ue, R

* Smog is serious problem.



EUROPE NEWS

Smog shrouds Athens as Greeks w2 ]in]=
choke on fuel bills |

Nefeli Agkyridou, Associate producer
Monday, 6 Jan 2014 | 9:17 AMET

SLcnBC

Lot

COMMENT join the Discussion

As night falls, thick clouds of black smoke cover Greece's sky, making it hard
to breathe outside. The familiar winter smell of wood burning in fireplaces has
turned into a public health threat, with cash-strapped Greek households
turning to firewood for heat .

FEATURED

Putin risks upstaging talks on calming
Ukraine crisis

Foreign ministers will try to defuse the Ukraine
crisis on Thursday but will risk being upstaged
by Russian President Vladimir Putin.

Smog has long plagued Athens. But the problems reported in the 1990s
were largely the consequence of an economic boom, when an average family
in the capital owned more than one car and industrial production was at its

peak. But time around, it is a consequence of the financial crisis. ™R Russian economy hurting

. First quarter economic growth in Russia
slowed and Moscow’s economy minister is
attributing it to uncertainty over the Ukraine
crisis.

- What's next for Ukraine?

As Russia warns that Ukraine is on the verge of
a civil war, here’s a look at what could be in
store for Ukraine - and what it means for the
rest of the world.

Starbucks to relocate European HQ) to
UK: Report

Starbucks said it decided to move its European
headquarters to the U.K. from the Netherlands
following criticism over its low tax payments,
The Times reported.

Eco Images | Universal Images Group | Getty Images



Burning season in Indonesia




Weather Monitor

* Real-time
* Geometry dense

095 0.74 0.32 0.08




We already have haze-removing methods!



Input dark channel Dehaze
[He et al. CVPR 2009]



Input dark channel Dehaze
[He et al. CVPR 2009]



Input dark channel Dehaze



Visibility Estimation

But, how to learn?

“ﬁ

Label the visibility for each image?



Visibility Estimation

Do you know the visibility (& IL/E)?

Visibility: measure of the distance at which an
object or light can be clearly discerned.

Ditficult to collect!



Visibility Estimation




Visibility Estimation

Do you know the visibility?

Ditficult to collect:
Visibility: measure of the distance at which an
object or light can be clearly discerned.



Visibility Estimation

Which one has larger visibility degree?



Visibility Estimation
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Visibility Database

Data-driven




A new CNN Framework

Input CNN Relative SVM












] 25 B [E]: Object Detection (deep learning)

Efficient Square Localization for Object Detection
Cewu Lu and Chi-Keung Tang
International Conference on Computer Vision (ICCV) 2015

Contour Box: Rejecting Object Proposals Without Explicit Closed Contours
Cewu Lu and Chi-Keung Tang
International Conference on Computer Vision (ICCV) 2015

Personal Objects Discovery in First-Person Perspective Video;
Cewu Lu, Renjie Liao and Jiaya Jia.
IEEE Transactions on Image Processing (TIP); 2015

Complexity-Adaptive Distance Metric for Object Proposals Generation;
Xiao Yao, Cewu Lu and Chi-Keung Tang
IEEE Conference on Computer Vision and Pattern Recognition (CVPR) 2015

Deep LAC: Deep Localization, Classification for Fine-grained Recognition;
Di Lin, Xiaoyong Shen, Cewu Lu and Jiaya Jia
IEEE Conference on Computer Vision and Pattern Recognition (CVPR) 2015



] 25 B [E]: Object Detection (deep learning)

Box Aggregation for Proposal Decimation: Last Mile of Object Detection

Shu Liu, Cewu Lu and Jiaya Jia
International Conference on Computer Vision (ICCV) 2015

Improving Object Recognition with the I-Channel,;
Cewu Lu, Efstratios Tsougenis and Chi-Keung Tang.,
Pattern Recognition (PR), 2015



I M A G E N E I 14,197,122 images, 21841 synsets indexed

Explore Download Challenges Publications CoolStuff About
Mot logged in. Login | Signup

% @ ZST Object Detection in ILSVRC 2014

Cewu Lu Hao Chen Qifeng Chen Hei Law Yao Xiao Chi-Keung Tang

Person

al Recognition Challenges (ILSVRC) is the one of the more important big data challenges in the world. We particit
ived the 4th place among the 38 teams. Our system involves a number of novel techniques on localization and re«
jenerated from selective search, and a novel technique on regressing bounding boxes using deep learning is used
candidate proposal, we adopted three features in our system, namely, RCNN features, IFV features and DPM featt
bination functions are learned to improve object recognition. Furthermore, background priors and object interacti



45 B E]: Activity Understanding

Range-Sample depth feature for Action Recognition;
Cewu Lu, Jiaya Jia and Chi-Keung Tang.
IEEE Conference on Computer Vision and Pattern Recognition (CVPR) 2014

Abnormal event detection at 150 FPS in MATLAB;
Cewu Lu, Jianping Shi and Jiaya Jia
IEEE International Conference on Computer Vision (ICCV) 2013

Scale Adaptive Dictionary Learning.
Cewu Lu, Jianping Shi and Jiaya Jia.
IEEE Transactions on Image Processing (TIP). 2014



Abnormal event detection at 150 FPS in MATLAB;
Cewu Lu, Jianping Shi and Jiaya Jia
|IEEE International Conference on Computer Vision (ICCV) 2013

Testing Data /;

7y

Combinations 1Sy 82 Sk
é 6 é
Min Operator
E: E: E-
"“"E""J' (a) events (b) maps (c) maps

Figure 1. Our testing architecture. X denotes testing da-
. {Siyeees Sx} are learmned combinations, with cach S, €
R7**(s « q). E, is the corresponding Jeast square reconstruction
crror. The final error is the minimum among all combinations.

Figure 2. Pyramid region architecture. A frame is resized into 3 | Figure 3. Two abnormal events and their corresponding abnormal
different scales. In cach scale the frame is partitioned into several | patches under two different scales in the Avenue dataset.
regions,

Downloads

"Abnormal Event Detection at 150 FPSin MATLAB"
Cewu Lu, Jianping Shi, Jiaya Jia
IEEE International Conference on Computer Vision (ICCV], 2013
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Paper]
' BibTeX]

= [Code] (upon request to Dr. Lu <lucewu06@gmail.com:=>)

Avenue Dataset]
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