CS4670/5670: Computer Vision

Kavita Bala

Lecture 34: Datasets

Visual Object Classes Challenge 2009 (VOC2009)

Sy PASCALZ




Data Sets

* Critical to the success of deep learning
— Object classification and segmentation
— Scene classification
— Materials

e Examples
— PASCAL VOC
* Not Crowdsourced, bounding boxes, 20 categories

— ImageNet
* Huge, Crowdsourced, Hierarchical, Iconic objects

— SUN Scene Database
* Not Crowdsourced, 397 (or 720) scene categories

— Microsoft COCO

e Crowdsourced, large
— Material Database: OpenSurfaces



The PASCAL Visual Object Classes
Challenge 2009 (VOC2009)

* Twenty object categories (aeroplane to TV/
monitor)

* Three challenges:
— Classification challenge (is there an X in this image?)
— Detection challenge (draw a box around every X)
— Segmentation challenge (which class is each pixel?)
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Dataset: Collection

" Images downloaded from flickr

500,000 images downloaded and random subset
selected for annotation



Examples

Aeroplane




Examples

Dining Table




Classification Challenge

= Predict whether at least one object of a given
class is present in an image

is there a cat?



relevant elements

false negatives true negatives
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true positives false positives

selected elements

"Precisionrecall" by Walber - Own work. Licensed under CC BY-SA 4.0 via Wikimedia
Commons - http://commons.wikimedia.org/wiki/
File:Precisionrecall.svgtmediaviewer/File:Precisionrecall.svg

How many selected
items are relevant?

Precision =

How many relevant
items are selected?

Recall =



Classified as

False Negative Positive

Really is

I True Negative Negative

—  Precision in red, recall in yellow

https://uberpython.wordpress.com/2012/01/01/precision-recall-sensitivity-and-specificity/



Precision Recall curves

e Related to but different from ROC curves
* Start at (O, 1), higher curves are better
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* Average Precision (AP) = area under the curve



Precision /Recall: Aeropl

precision

All results

0 0.1 02 03 04 05 06 07 0.8 09
recall

—+— NECUIUC_CDCV (88.1)

—+— NECUIUC_CLS-DTCT (88.0)

—+— NECUIUC_LN-CDCV (87.7)

——+— NECUIUC_LL-CDCV (87.1)

—+— CVC_PLUS (86.6)
CVC_FLAT-HOG-ESS (86.3)
CVC_FLAT (85.3)

—&— UVASURREY _TUNECOLORKERNELSEL (85.0)

—o— UVASURREY_MKFDA+BOW (84.7)

—&— UVASURREY _TUNECOLORSPECKDA (84 6)

—&— UVASURREY_BASELINE (84.1)

—&— FIRSTNIKON_AVGSVM (83.8)
FIRSTNIKON_BOOSTSYMS (83.5)
FIRSTNIKON_AVGSRKDA (83.3)

—— FIRSTNIKON_BOOSTSRKDA (83.0)

—— LIP6_SS-SPK-SVM (80.9)

—+— LEOBEN_SCC-200 (80.4)

——— LEAR_CHI-SVM-MULT (79.7)

—#— LEAR_CHI-SYM-MULT-LOC (79.5)
LEOBEN_SCCCLS (79.5)
CASIA_SYM-MULTIFEAT (78.2)

—+— LIP6_HB-SPK-SVM (77.9)

—— LEOBEN_DENSESIFT (77.0)

—— RITSU_WSF (76.9)

——— MPI_STRUCT (75.9)

—s— RITSU_AKF (75.9)

RITSU_ASF (75.4)
IIR_SVM-ROIIC (74.6)

—B— KERLE_SVYM-DENSESIFT (74.2)

—B— LIRIS_EER (74.1)

—E— LIRIS_BASELINE (73.5)

—5— LIG_MRIM-FUSION (71.6)

—E— ALCALA_AVW (70.9)
ALCALA_LAVW (70.4)
LIRIS_SOFT-EER (70.3)

—&6— LIRIS_SOFT-BASELINE (70.0)

—6— UC3M_GEN-DIS (69.9)

—&— LIG_MRIM-COLORSIFT (69.5)

& CNRS_FUSE-KNN-CTS (66.8)

—&— LIG_MIRIM-VPH (62.0)
CNRS_KNN-OSHL (61.5)
CNRS_KNN-CT (57.6)

—+— CNRS_KNN-GABOR (51.8)

—+— HAS_FISHSIFT-FISHSEG (51.0)

—+— TSINGHUA_ALL-SVM-BOOST (45.5)

——+— CNRS_KNN-HRGB (42.1)

—+— TSINGHUA_SVYM-SEG-HOG (32.7)

FIRST_L2MKL (6.8)




AP by Class

O Max
B Median

E B Chance

= Max AP: 88.1% (aeroplane) ... 40.8% (potted plant)
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Pascal VOC 2012 Average Precision
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Ranked Images: Aeroplane

= Class images:
Highest ranked

= Class images:
Lowest ranked

= Non-class images:
Highest ranked

= Context?




Detection Challenge

’ fa
= Predict the bounding boxes of all objects o
given class in an image (if any)
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Evaluating Bounding Boxes

= Area of Overlap (AO) Measure

Ground truth B ot
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AP by Class

O Max
B Median
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PASCAL VOC 2005-2012

20 object classes 22,591 images

Classification: person, motorcycle

Segmentation

Action: riding bicycle

Everingham, Van Gool, Williams, Winn and Zisserman.
The PASCAL Visual Object Classes (VOC) Challenge. 1JCV 2010.



IMAGENET Large Scale Visual

Recognition Challenge (ILSVRC) 2010-2012

20 obi | 22 591 ]
1000 object classes 1,431,167 images

http://image-net.org/challenges/LSVRC/{2010,2011,2012}



bottles birds

cars

Variety of object classes in ILSVRC

PASCAL ILSVRC
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birds

cats

dogs

PASCAL
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Variety of object classes in ILSVRC

Hatchet
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Screwdriver Ladybug Honeycomb
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How do we cIaSS|fy scenes?

Ceiling
Light
Door

Door

Wall Door

Floor

Door
Wall

Door

Ceiling
Lamp

) Painting
mirror
wall

mirror

_ Fireplace
armchair armchair

Coffee table

painting

wall

Bed

wall

Lamp

phone
alarm

Side-table

carpet

Different objects, different spatial layout




Which are the important elements?

cabinets  ceiling

window window

seat

seat
seat

seat

cabinets

window

seat

seat

seat
seat

. ceiling .
cabinets cabinets
window seat seat ~ window

seat
ot seat
seat
seat seat

ceiling
wall
column screen
seat seat
sea seat
seat seat seat seat
seat seat (oot seat
seat seat seat  seat

Similar objects, and similar spatial layout

Different lighting, different materials, different “stuff”




Scene Categorization

Oliva and orralba, 2001
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Inside Mountain Open Street Tall

City Country Building

Fei Fei and Perona, 2005
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Y,
Bedroom Kitchen Living Room Office Suburb

15 Scene
Database




SUN Database: Large-scale Scene
Categorization and Detection

Jianxiong Xiao, James Hays", Krista A. Ehinger,
Aude Oliva, Antonio Torralba

Massachusetts Institute of Technology
"Brown University
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397 Well-sampled Categorles
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pathroom(100%) beauty salon(100%)

pedroom(100%)
, ‘

bulinng(LU0Y%)
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tennis court outdoor(100%) wind farm(100%)



Scene category

Most confusing categories

Inn (0%)

Restaurant patio (44%) Chalet (19%)
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Now it’s the era of Big Data and Deep Learning

* Places Database

- ~7 million images from 476 scene categories
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ImageNet-CNN and Places-CNN

« Same structure as AlexNet, but trained on different databases.

SUN397 MIT Indoor67 Scenel5 SUN Attribute
Places-CNN feature 54.32+0.14 68.24 90.19+0.34 91.29
ImageNet-CNN feature 42.6140.16 56.79 84.23+0.37 89.85
Caltech101 Caltech256 Action40 Event8
Places-CNN feature 65.18+0.88 45.59+0.31 42.86+0.25 94.121+0.99
ImageNet-CNN feature 87.221+0.92  67.23+0.27 54921033  94.42+0.76




Microsoft COCO

We present a new dataset with the goal of advancing the state-of-the-art in object recognition by
placing the question of object recognition in the context of the broader question of scene
understanding. This is achieved by gathering images of complex everyday scenes containing common
objects in their natural context. Objects are labeled using per-instance segmentations to aid in precise
object localization. Our dataset contains photos of 91 objects types that would be easily recognizable
by a 4 year old. With a total of 2.5 million labeled instances in 328k images, the creation of our dataset
drew upon extensive crowd worker involvement via novel user interfaces for cateaorv detection.
instance spotting “Berson, sheep. do B ; - e s g ‘

comparison to PA!

bounding box anc |

Ll

(a) Image classification

(c) Semantic segmentation (d) This work

v Instance segmentation
v Non-iconic Images



(b) Iconic scene images (c) Non-iconic images

Fig. 2: Example of (a) iconic object images, (b) iconic scene images, and (c) non-iconic images.



Annotation Pipeline

A - " \M
N o

: £ 9 S
(a) Category labeling (b) Instance spotting (c) Instance segmentation

Fig. 3: Our annotation pipeline is split into 3 primary tasks: (a) labeling the categories present in the image (§4.1),
(b) locating and marking all instances of the labeled categories (§4.2), and (c) segmenting each object instance (§4.3).



Material Database

* Different domain
— Most of the focus has been on objects
— Our focus on materials

e Sean Bell, Paul Upchurch, Noah Snavely, Kavita Bala
— OpenSurfaces [2013]
— Segmentation interface used by Microsoft COCO



OpenSurfaces

Get novice workers to accurately describe material appearance
in [scalable, verifiable, and economical] way

S~
S —

material: “eranite” A surface
g

' diffuse,
scene: “kitchen” specular,
object: “countertop” roughness

Context Material Texture

normal

e Open Surfaces:




Pipeline Preview

1. Material segmentation: Draw boundaries
2.Name material
3.Reflectance

4 Texture
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Data

* Moreis more....



Classification

(assume given set of discrete labels)
{dog, cat, truck, plane, ...}
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Localization

Model must output:

- class (integer)
- x1,y1,x2,y2 bounding
box coordinates




Very Deep Convolutional Networks for Large-Scale Image Recognition,

Simonyan et al., 2014

OverFeat: Integrated Recognition, Localization and Detection using Convolutional Networks,

Sermanet et al., 2014

Idea: train a Localization net
Take out Softmax loss, swap in L2
(regression) loss, fine-tune the
classification network.

L

image

conv-64
conv-64

maxpool

conv-128
conv-128
maxpool

conv-256
conv-256
maxpool

conv-512
conv-512

maxpool

conv-512
conv-512

maxpool

FC-4096

FC-4096
EC.1000

softmax

swap the Softmax
layer at the end with
L2 loss



Very Deep Convolutional Networks for Large-Scale Image Recognition,

Simonyan et al., 2014
OverFeat: Integrated Recognition, Localization and Detection using Convolutional Networks,

Sermanet et al., 2014

[ image

conv-64
conv-64
maxpool

Idea: train a Localization net conv-128
Take out Softmax loss, swap in L2 p—
(regression) loss, fine-tune the @2 | gwan the Softmax

. . conv-256 .
classification network. mamoo | layer at the end with
predictions: instead of class ::“":3 L2 loss
scores, now interpreted as ———
the 4 bounding box coords targets: true bounding box conv-512
(also 4D vector from net) / 4D vector of [x1,y1,x2,y2] conv-512

\ ’ ’ ’ maxpool

) , 2 FC-4096
L; = | f — %ll5 foos

softmax




Very Deep Convolutional Networks for Large-Scale Image Recognition,

Simonyan et al., 2014
OverFeat: Integrated Recognition, Localization and Detection using Convolutional Networks,

Sermanet et al., 2014

[ image
conv-64

conv-64
maxpool

In practice: conv-128
—
maxpool
- It works better to predict a 4D vector @256 | g\uan the Softmax
for every class (e.g. 4000D vector for mges | layer at the end with
1000 ImageNet classes). During convsiz | L2 0SS
training only backprop the loss for the ——
correct class g
- apply at multiple locations and maxpool

FC-4096

scales redose

EC.1000

softmax




* Heavily-modified Caffe C++ toolbox

 Multiple GPU support
* 4 x NVIDIA Titan, off-the-shelf workstation
* data parallelism for training and testing
e ~3.75 times speed-up, 2-3 weeks for training

image batch




Summary of VGG

* Localisation task
— 1%t place, 25.3% error

e Classification task

— 2" place, 7.3% error

* Deep: 19 weight layers
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Top-5 Localisation Error (Test Set)




Detection

Needs to find all instances of the various classes

Model must output:

A set of detections

Each detection has:
- confidence
- class (integer)
- x1,y1,x2,y2
bounding box
helmet coordinates

motorcycle

person

!person




Rich feature hierarchies for accurate object detection and semantic segmentation
[Ross Girshick, Jeff Donahue, Trevor Darrell, Jitendra Malik]

N
S

Idea: Turn a Detection Problem into an Image Classification problem
(but over image regions).

nerson Content of every labeled
/ bounding box for is a positive
example for a class.

flower pot

b power dril Every other bounding box in the
image is a special negative
class.

-



Rich feature hierarchies for accurate object detection and semantic segmentation
[Ross Girshick, Jeff Donahue, Trevor Darrell, Jitendra Malik]

N\
S -

Idea: Turn a Detection Problem into an Image Classification problem
(but over image regions).

R-CNN: Regions with CNN features
ﬂ‘aeroplane" no. |

= '>{ person" yes. |
¢

CNNN
4{ tvmomtor" no. l

person

7 warped region

o power drill

1. Input 2. Extract region 3. Compute 4. Classify
image proposals (~2k) CNN features regions




Rich feature hierarchies for accurate object detection and semantic segmentation
[Ross Girshick, Jeff Donahue, Trevor Darrell, Jitendra Malik]
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Video Classification

Spatial stream ConvNet

- _Vlsual InPc_.ut
1

Visual Features
R | bt et B rattdal
1

Sequence Learning

Predictions

convi || conv2 || conv3 || conv4 || conv5 || fullé full7 ft
Tx7x96 || 5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 || 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
norm. norm. pool 2x2
pool 2x2 || pool 2x2 class
~, A score
Temporal stream ConvNet sion
convi || conv2 |[ conv3 |[ convd |[ convs |[ fullé || ful7 |[soft
Tx7x96 || 5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 || 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
nom. || pool 2x2 pool 2x2
pool 2x2

Long-term Recurrent Convolutional Networks for
Visual Recognition and Description
[Donahue et al.], 2014

Two-Stream Convolutional Networks for Action
Recognition in Videos [Simonyan et al.], 2014

.| & ] C ] C ]
[ [ ] [ )

% % % % é% Large-scale Video Classification with
= — = C =111 Convolutional Neural Networks
M G o o Kemathy ot all, 2014




CNN Features off-the-shelf: an Astounding Baseline for Recognition

Ali Sharif Razavian Hossein Azizpour Josephine Sullivan Stefan Carlsson
CVAP, KTH (Royal Institute of Technology)
Stockholm, Sweden

4 3

CNN

—

| Representation |
Learn Extract Features
Part Strong . .
@- Annotations DPM Normalized RGB, gradient, ‘
=0 FiEE —

|Uﬂ Best state of the art 00 CNN off-the-shelf 08 CNN off-the-shelf + augmentation 00 Specialized CNN |
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Image Captioning

-~

"man in black shirt is playing ‘construction worker in orange "two young girls are playing with "boy is doing backflip on
guitar.” safety vest is working on road.” lego toy." wakeboard."

“‘man in blue wetsuit is surfing on

"girl in pink dress is jumping in "black and white dog jumps over "young girl in pink shirt is I

air" bar.” swinaina on swina."



Material Segmentation[CVPR15]

brick food painted tile
carpet .glass paper stone
ceramic | hair " plastic water
fabric l leather [l polishedstone [fjwood
foliage metal skin




CNNs + CRFs

. Dense CRF
[Krahenbuhl 2013]




ConvNets breakthroughs for visual tasks

Dataset Performance
[Sermanet et al 2014]: OverFeat (fine-tuned features for each task)
(tasks are ordered by increasing difficulty)
e image classification ImageNet LSVRC 2013 competitive
. Dogs vs Cats Kaggle challenge 2014 state of the art
e object localization . ImageNet LSVRC 2013 state of the art
e object detection ImageNet LSVRC 2013 competitive
[Razavian et al, 2014]: public OverFeat library (no retraining) + SVM
(simplest approach possible on purpose, no attempt at more complex classifiers)
(tasks are ordered by “distance” from classification task on which OverFeat was trained)
image classification Pascal VOC 2007 competitive
scene recognition : MIT-67 . state of the art
fine grained recognition . Caltech-UCSD Birds 200-2011 . competitive

: Oxford 102 Flowers

. UIUC 64 object attributes
. H3D Human Attributes

. Oxford 5k buildings

. Paris 6k buildings

. state of the art
. state of the art
. competitive

. state of the art
. state of the art

e attribute detection

e image retrieval
(search by image similarity)

. Sculp6k . competitive
. Holidays . state of the art
: UKBench . state of the art

13.6 % error
98.9%
29.9% error
24.3% mAP

....................................

77.2% mAP
69% mAP
61.8% mAP
86.8% mAP
91.4% mAUC
73% mAP
68% MAP?
79.5% mAP?
42.3% mAP?
84.3% mAP?
91.1% mAP?

e |

Pierre Sermanet, David Eigen, Xiang Zhang, Michael Mathieu, Rob Fergus, Yann LeCun, OverFeat: Integrated Recognition, Localization

and Detection using Convolutional Networks, http://arxiv.org/abs/1312.6229, ICLR 2014

Ali Sharif Razavian, Hossein Azizpour, Josephine Sullivan, Stefan Carlsson, CNN Features off-the-shelf: an Astounding Baseline for

Recognition, http://arxiv.org/abs/1403.6382, DeepVision CVPR 2014 workshop




ConvNets breakthroughs for visual tasks

[Zeiler et al 2013]
e image classification

[Donahue et al, 2014]: DeCAF+SVM
image classification

domain adaptation

fine grained recognition

scene recognition

[Girshick et al, 2013]
e image detection

e image segmentation

[Oquab et al, 2013]
e image classification

. ImageNet LSVRC 2013

Caltech-101 (15, 30 samples per class)
. Caltech-256 (15, 60 samples per class)
. Pascal VOC 2012

. Caltech-101 (30 classes)

. Amazon -> Webcam, DSLR -> Webcam
. Caltech-UCSD Birds 200-2011

' SUN-397

..................................................................................................................................................................................................................................................

. Pascal VOC 2007

. Pascal VOC 2010 (comp4)
. ImageNet LSVRC 2013

. Pascal VOC 2011 (comp6)

.................................................................................................................................................................................................................................................

. Pascal VOC 2007
. Pascal VOC 2012
. Pascal VOC 2012 (action classification)

state of the art
competitive

state of the art
competitive

state of the art

state of the art

state of the art
competitive

state of the art
state of the art
state of the art
state of the art

state of the art
state of the art
state of the art

M.D. Zeiler, R. Fergus, Visualizing and Understanding Convolutional Networks, Arxiv 1311.2901 http://arxiv.org/abs/1311.2901
J. Donahue, Y. Jia, O. Vinyals, J. Hoffman, N. Zhang, E. Tzeng, and T. Darrell. Decaf: A deep convolutional activation feature for generic visual recognition.

In ICML, 2014, http://arxiv.org/abs/1310.1531

11.2% error
83.8%, 86.5%
65.7%, 74.2%

79% mAP

86.91%
82.1%, 94.8%
65.0%
40.9%

48.0% mAP
43.5% mAP
31.4% mAP
47.9% mAP

77.7% mAP
82.8% mAP
70.2% mAP

R. B. Girshick, J. Donahue, T. Darrell, and J. Malik. Rich feature hierarchies for accurate object detection and semantic segmentation. arxiv:1311.2524

[cs.CV], 2013, http://arxiv.org/abs/1311.2524

M. Oquab, L. Bottou, I. Laptev, and J. Sivic. Learning and transferring mid-level image representations using convolutional neural networks. Technical
Report HAL-00911179, INRIA, 2013. http://hal.inria.fr/hal-00911179




ConvNets breakthroughs for visual tasks

Dataset Performance Score
[Khan et al 2014] ; ; :
e shadow detection . UCF . state of the art 90.56%
- CMU . state of the art 88.79%
- UIUC . state of the art 93.16%
[Sander Dieleman, 2014] : : :
e image attributes : Kaggle Galaxy Zoo challenge . state of the art 0.07492

S. H. Khan, M. Bennamoun, F. Sohel, R. Togneri. Automatic Feature Learning for Robust Shadow Detection, CVPR 2014
Sander Dieleman, Kaggle Galaxy Zoo challenge 2014 http://benanne.qgithub.io/2014/04/05/galaxy-zoo.html




“It can be concluded that from now on, deep
learning with CNN has to be considered as the
primary candidate in essentially any visual
recognition task.”

[Razavian 2014]



CNNs at Google (as of 2014)

Google
Applications

Google Image Search

Google  cats @

Web Images Videos News Shopping More ~ Search tools

©

Search by Image

Image size:
450 x 338

Find other sizes of this image:
All sizes - Medium

Best guess for this image: cats and kittens

Funny Cats and Kittens Meowing Compilation 2013 - YouTube
www.youtube.com/watch?v=DXUAyRRkI6k ~

Nov 9, 2013 - Cats Meowing | Cat Meowing | Kittens Meowing | Kitten Meowing |
Meowing Cat | Funny Cats | Meowing Kittens | Cat Meowing Non Stop | Cats ...

mama cat comes to rescue her little kitten - YouTube
www.youtube.com/watch?v=S5-D0f6nHSQ ~

Jul 7, 2007 - Pets animals cats kittens fun. Subscribe! http://www.youtube.com/user/
Epikneverdies.

VisuaIIy similar images Report images




CNNs at Google (as of 2014)

Google
Applications - Photo Search

my photos of coffee my photos of cake my photos of waterfalls
Web Images News Shopping Videos More ~ Search tools Web Images Shopping Videos News More ~ Search tools Web Images Shopping Videos News More ~ Search tools
About 204,000,000 resuits (0.42 seconds econds)
@ Yourphotos @ Yourphotos @ Yourphotos
@ Only you can see these results @ Only you can see these results @ Only you can see these results

B View all Google results E View all Google+ results

E View all Google+ results

Learn more - Give feedback
Learn more - Give feedback




CNNs at Google (as of 2014)

Google
Google Photos - Auto Awesome




CNNs at Google (as of 2014)

Google

More Image Understanding at Google

(11| Tube:

YouTube

Much

StreetView / Maps Self-Driving Cars Robotics

more...



CNNs at Google (as of 2014)

Google

The Deep and now Deeper Hammer

\ ik HHIE =
13 13 13 ﬂ o
C_f) ) \5\ \ \ \ -'5
o) N T o
X - Deep Neural Network -
a 55 \ o | o I L — %
- Mak 4096 109 =
Max Max pooling 4096 4y}
Stride pooling pooling —

224 96

Deep learning infrastructure by the
Google Brain team

s

“ImageNet Classification with Deep Convolutional Neural Networks”,
Krizhevsky, Sutskever, Hinton, NIPS 2012



CNNs at Google (as of 2014)

Google

Personal Photos - Example Annotations

Christmas tree Crowd Hummingbird
Red Cheering Macro photography
Christmas decoration People Reflection
Christmas Stadium Red



