_ecture 12: Object detection

Contains slides from S. Lazebnik, R. Girshick, B. Hariharan, P. Isola



Announcements

e PS1 grades out
e Next two problem sets:
- PS6: image generation
- PS7: representation learning



Before we talk about objects:
What does it mean to understand a scene?



Image contains Photoshopped sign 4 Source: Antonio Torralba



Source: Antonio Torralba



Source: Antonio Torralba



Source: Antonio Torralba
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A view of a park on a nice spring day

38 Source: Antonio Torralba
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Source: Antonio Torralba



What makes this challenging?



Why do we care about recognition”

We can perceive the 3D shape, texture, material properties, without
knowing about objects. But, the concept of category encapsulates
also information about what can we do with those objects.

12 Source: Torralba, Freeman, Isola



Object categories aren’t everything
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http://people.w3.org/rishida/photos/html/slides/0311-beijing1_031111_035240+8_beijing_e031124.jpg.html

Object categories aren’t everything

A picture is worth a 1000 words...
Or just 107

sky

LS vl

m Source: A. Efros



What labels? Recognizing exact instances?

A Beljing City Transit Bus #17, serial number 432537

15 Source: A. Efros


http://people.w3.org/rishida/photos/html/slides/0311-beijing1_031111_035240+8_beijing_e031124.jpg.html

Need more general (useful) information

What can we say the very
first time we see this thing?

Functional:

® A large vehicle that may be moving fast, prolbably to the right, and
will hurt you If you stand In its way.

® However, at specified places, it will allow you to enter it and
transport you quickly over large distances.

Communicational:
® bus, autobus, Aewdopeio, Onibus, aBTOdYC, Z2FEJF ZE, etc.

16 Source: A. Efros


http://people.w3.org/rishida/photos/html/slides/0311-beijing1_031111_035240+8_beijing_e031124.jpg.html

Visual challenges with categories

Chair

A lot of categories are
functional

» Categories are 3D, but
Images are 2D

» World is highly varied

train Source: A. Efros
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Importance of context

Source: Antonio Torralba
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INtroduction to scene understanding
Object detection models

—valuating object detectors

-uture challenges
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- Evaluating object detectors
e [uture challenges
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Previously: object recognition

‘Birds”

Source: Torralba, Freeman, Isola



Previously: semantic segmentation

“A bunch of bird stuft”

Source: Torralba, Freeman, Isola



Object detection

Classification and localization

—ach bounding box Is:
[X,y,w,N]

Challenge: unbounded number of detections, possibly multiple detections per pixel

» Source: Torralba, Freeman, Isola



|dea #1: regress bounding DOX

25



|dea #1: regress bounding DOX

ground truth: dog

prediction: cat

'W —

- H >

Outputs
1. Class label

pc|D)

dog
duck
cat

0 1

2. Box coords.

(x,y,w, h)

Losses

1. Cross entropy loss

Lcls — = lOg(p(y — dOg))

2. Squared distance

2
X Aei
y Vgt
Lbox — wl | We
h _hgt_

Doesn’t scale well to multiple objects.
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|dea #2: sliding window

p(c|I)

dog
duck
No object

0

Bounding box
(x,y,w, h)
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|dea #2: sliding window
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p(c|1)
dog
aduck
NO object

0

Bounding box
(x,y,w, h)




Example: histograms of oriented gradients (HOG)

Normalize Compute Weighted vote Contrast normalize
—»| gamma & [—» aradients »| into spatial &  |[—>| over overlapping

colour orientation cells spatial blocks
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N. Dalal and B. Triggs, Histograms of Oriented Gradients for Human Detection, CVPR 2005 Source: S. Lazebnik


http://lear.inrialpes.fr/pubs/2005/DT05

Example: pedestrian detection with HOG

ITrain a pedestrian template using a linear classifier. Represent each window
using HOG.

positive training examples
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N. Dalal and B. Triggs, Histograms of Oriented Gradients for Human Detection, CVPR 2005 Source: S. Lazebnik


http://lear.inrialpes.fr/pubs/2005/DT05

Pedestrian detection with HOG

For multi-scale detection, repeat over multiple levels of a HOG pyramid

HOG feature map Template Detector response map
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l[dea #3: selective search

Person

Object

Search Recognition

Original- Image Candidate Boxes Final Detections

* Problem: evaluating a detector IS very expensive

. An image with 7 pixels has O(n?) windows

* Only generate and evaluate a few hundred region proposals
for regions that are “likely” to bbe an object of interest.

32 Source: S. Lazebnik



Selective search

e Example: edge boxes [Zitnick &
Dollar, 2014]

| * Heuristic: detect edges, group them
[ P = RN T B s T INto contours

I
[ -
)

A7 V) S A
. | (AR TR
i &\ s (L (=
o RN NPISE= | G AN = e %) N
A - TR YR LSS | ST P N

l-_\f: “nd 7-: : - (;‘; .'\\' l - V2 T oy v } \
.j\.-:'f"3-.~-(- [:50 S\~.-‘(-‘f- t“T\.r- ’?__ﬁé — -,{f(—_[ "‘\-\TC%:-'%./ k)r——}‘; ‘j_- -,,\;," /
4"
\
\

= 2 ) b =2 b f = AN NI :
7 &R == . /LG e Rank each window based on

oy = A AL == 7 1] number of contours in window
. | "‘,W Y = N /i d‘,_"\‘ - ’ A A S | S /X( ‘W/ \

|
L 4. < ) /,—’ 5 /1 ) { ’ | -/ Ay ( /{.
AR o = = ) 4 ) 1 ~d i) / = , J
o [ TR X IS Tl = o\ )7
' 1 ’ i 17 = /| , ”//

* [hese are the only windows our

e RESID RN (= d N 1\; detector will see
\ J L = UL 71 ‘ £ (AR 80\ \ - ‘ g |
Y

) 1\ - .:. “ NS | »‘ ;:;*4 /P E { - . Um — T\,\ |
/ l" J \}— L-\») U \']) L | N j q"}‘\/—_" i LN ;' | | “ _‘ ( /‘2 }.;
\ - - M—‘: == : Q )J R //

(L)




Recall: I0ea #3: selective search

Person

Object

Search Recognition

Original- Image Candidate Boxes Final Detections

* Problem: evaluating a detector IS very expensive

. An image with 7 pixels has O(n?) windows

* Only generate and evaluate a few hundred region proposals
for regions that are “likely” to bbe an object of interest.

34 Source: S. Lazebnik



Selective search

e Example: edge boxes [Zitnick &
Dollar, 2014]

| * Heuristic: detect edges, group them
[ P = RN T B s T INto contours

I
[ -
)

A7 V) S A
. | (AR TR
i &\ s (L (=
o RN NPISE= | G AN = e %) N
A - TR YR LSS | ST P N

l-_\f: “nd 7-: : - (;‘; .'\\' l - V2 T oy v } \
.j\.-:'f"3-.~-(- [:50 S\~.-‘(-‘f- t“T\.r- ’?__ﬁé — -,{f(—_[ "‘\-\TC%:-'%./ k)r——}‘; ‘j_- -,,\;," /
4"
\
\

= 2 ) b =2 b f = AN NI :
7 &R == . /LG e Rank each window based on

oy = A AL == 7 1] number of contours in window
. | "‘,W Y = N /i d‘,_"\‘ - ’ A A S | S /X( ‘W/ \

|
L 4. < ) /,—’ 5 /1 ) { ’ | -/ Ay ( /{.
AR o = = ) 4 ) 1 ~d i) / = , J
o [ TR X IS Tl = o\ )7
' 1 ’ i 17 = /| , ”//

* [hese are the only windows our

e RESID RN (= d N 1\; detector will see
\ J L = UL 71 ‘ £ (AR 80\ \ - ‘ g |
Y

) 1\ - .:. “ NS | »‘ ;:;*4 /P E { - . Um — T\,\ |
/ l" J \}— L-\») U \']) L | N j q"}‘\/—_" i LN ;' | | “ _‘ ( /‘2 }.;
\ - - M—‘: == : Q )J R //

uJ




R-CNN: Region proposals + CNN features

Linear Classify regions with linear

_ classifier
Linear " Forward each region

" ConvNet through a CNN

ConvNet

ConvNet | |
Warped image regions

Region proposals from selective
search (~2K rectangles that are
likely to contain objects)

Input image

R. Girshick, J. Donahue, T. Darrell, and J. Malik, Rich Feature Hierarchies for Accurate Object Detection and

Semantic Segmentation, CVPR 2014.

Source: R. Girshick


http://www.cs.berkeley.edu/~rbg/papers/r-cnn-cvpr.pdf
http://www.cs.berkeley.edu/~rbg/papers/r-cnn-cvpr.pdf
http://www.cs.berkeley.edu/~rbg/papers/r-cnn-cvpr.pdf

R-CNN at test time

Input —xtract region Compute CNN
image  proposals (~2k / image) features

37 Source: R. Girshick



R-CNN at test time

Input —xtract region Compute CNN
image  proposals (~2k / image) features

Source: R. Girshick



R-CNN at test time

Input —xtract region Compute CNN
image  proposals (~2k / image) features

C. Forward propagate
Quitput: “fc7” features

Source: R. Girshick
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g - . ﬂl aeropla}ne? no.
= ' e :
S N -'l>| person? yes.
CNNN :
................... 41 tvmonitor? no
—xtract region Compute CNN Classify
proposals (~2k / image) features regions

4096-dimensional
fc7 feature vector

horse”? -0.3

Inear classifier

40

Source: R. Girshick



Proposal refinement

Linear regression

on CNN features

Original Predicted
proposal object bounding box

Bounding-box regression

41 Source: R. Girshick



Bounding-box regression

(AX x W + X,
Ay x h + h)

Ah x h+h

original

oredicted

42 Source: R. Girshick



Problems with R-CNN

Linear

Linear "
Linear
2. Hang-cratted mechanism

ConvNet
ConvNet
ﬁ
for region proposal might

ey pbe suboptimal.

1. Slow! Have to run CNN per
window

43



‘Fast” R-CNN: reuse features between proposals

Softmax classifier .
Bounding-box regressors

Fully-connected layers

Rol Pooling layer

Region
proposals

Conv5 feature map of image

Forward whole image through ConvNet

ConvNet

Source: R. Girshick | | 44 R. Girshick, Fast R-CNN, ICCV 2015



http://arxiv.org/pdf/1504.08083.pdf

ROI Pooling

® How do we crop from a feature map?

® Step 1: Resize boxes to account for subsampling

Layer 1

Layer 2

1

Layer 3

45

Source: B. Hariharan



ROI Pooling

e How do we crop from a feature map”

® Step 2: Snap to feature map grid

46 Source: B. Hariharan



ROI Pooling

® How do we crop from a feature map?

e Step 3: Overlay a new grid of fixed size

47 Source: B. Hariharan



ROI Pooling

e How do we crop from a feature map”
o Step 4: Take max in each cell

e Can improve with bilinear sampling

Classification

—

See more here: https://deepsense.ai/region-of-interest-pooling-explained/ |
Z4S Source: B. Hariharan


https://deepsense.ai/region-of-interest-pooling-explained/

“Faster” R-CNN: learn region proposals

detector

y 4

Region
proposals &

Y/

feature map

Region Proposal

Network feature map

S. Ren, K. He, R. Girshick, and J. Sun, Faster R-CNN: Towards Real-Time Object Detection with
Reqgion Proposal N&tworks, NIPS 2015



http://arxiv.org/pdf/1506.01497.pdf
http://arxiv.org/pdf/1506.01497.pdf
http://arxiv.org/pdf/1506.01497.pdf

RPN: Region Proposal Network

"""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""

___________________________________________________________________________________________________________________________________

-------------------------------------------------------------------------------------------------------------------------------------

________________________________________________________________________________________________________________________

______________________________________________________________________________________________

________________________________________________________________

_____________________________________________________________________________________________________________________

----------------------------------------------------------------------------------------------------------------

UMW Convfeature map o
e B0 Source: R. Girshick



RPN: Region Proposal Network

""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""
1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1
_____________________________________________________________________________________________________________________________________
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1

1 1 1 1 1 1

1 1 1 1 1 1

1 1 1 1 1 1

1 1 1 1 1 1

""""""""""""""""""""""

—————————————————————————————————————————————————————————

______________________________________________________________________________________________________________________

3x3 “sliding window”
Scans the feature map o B
looking for objects .............. |

___________________________________________________________________________________

---------------------------------------------------------------------------------------------------------------------
---------------------------------------------------------------------------------------------------------------

-------------------------------------------------------------------------------------------------------------------------------------------------------------------

~ #e _ Convfeature ma
R st R p Source: R. Girshick



RPN: Anchor Box

Anchor box: predictions are
w.r.t. this box, not the 3x3
sliding window

""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""

————————————————————————————————————————————————————————

______________________________________________________

3x3 “sliding window”
Scans the feature map
looking for objects

_____________________________________________________

""""""""""""""""""""

~ #e _ Convfeature ma
R T R p Source: R. Girshick



RPN: Anchor Box

Anchor box: predictions are
w.r.t. this box, not the 3x3
sl/d/ng window

""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""

————————————————————————————————————————————————————————

______________________________________________________

3x3 “sliding window”
> Objectness classifier [0, 1] -----------------------------------------------------
> BoxX regressor

predicting (dx, dy, dh, dw)

~ #e _ Convfeature ma
R B R p Source: R. Girshick



RPN: Prediction (on object)

Objectness score
\P(object) = (0.94

| 4

3x3 “sliding window”
> QObjectness classifier [0, 1]

> BoxX regressor
predicting (dx, dy, dh, dw)

54 Source: R. Girshick



RPN: Prediction (on object)

Anchor box: transformed by

/ box regressor
P(object) = 0.94 .

| 4

/

3x3 “sliding window”
> QObjectness classifier [0, 1]

> BoxX regressor
predicting (dx, dy, dh, dw)

55 Source: R. Girshick



RPN: Prediction (off object)

Anchor box: transformed by

Objectness score box regressor

3x3 “sliding window”
> (Objectness classifier

> BoxX regressor
predicting (dx, dy, dh, dw)

Source: R. Girshick



RPN: Multiple Anchors

Anchor boxes: K anchors
per location with different

i ﬁ scales and aspect ratios

|
[ 7, = FCNw)

_____________________________________________________

3x3 “sliding window”
> K objectness classifiers

____________________________________________________

> K box regressors

~ BW™ _ Convfeature ma
R s R p Source: R. Girshick



One network, four losses

Classification Bounding-box
loss regression loss

Classification Bounding-box
loss regression loss Rol pooling
proposal/ : ';

Region Proposal

Network
feature map

s Source: R. Girshick, K. He, S. Lazebnik



Faster R-CNN results

R-CNN ~50s 66.0
Fast R-CNN ~2s 66.9 70.0
Faster R-CNN 198ms 69.9 73.2

detection mAP on PASCAL VOC 2007, with VGG-16 pre-trained on ImageNet

59 Source: S. Lazebnik



How do we deal with scale?
ldea #1: Gaussian pyramid

Gaussian image pyramid Feature pyramid

» predict

predict

[Lin et al., “Feature Pyramid Networks for Object Detection”, 2017]
60 Source: Torralba, Freeman, Isola



Image and features pyramids

CNN architectures build:
5?22@?2?29 reduces the resolution by  Multiscale feature hierarchies, but
* each layer builds a different representation
 first layers are low level, while
» |ast layers are high level.

D=04 Poo

A feature pyramid requires a uniform
. representations across scales.
/ D=512
D=409% D=409 D=1000
: | | | ( | ]
224x224 112x112 o x50 28x28 14x74 FC FC FC + Softmax
NN \ \ \

61 Source: Torralba, Freeman, Isola




ldea #2: Feature pyramid network

Image pyramid

Encoder-decoder architecture (U-Net)

L
// T // oredict Feature pyramid
> predict
/ predict
i
/ ) // > predict

62 Source: Torralba, Freeman, Isola




mean Average Precision (mAP)

Object detection progress

30%

70%

60%

50%

40%

30%

20%

10%

0%

2006

Before CNNs

Faster R-CNN
Fast R-CNN @

®

2007

2008

2009

2010

2011
year

R-CNNv1 2
@
A

After CNNs

2012 2013 2014 2015 2016
Performance on PASCAL VOC

Source: S. Lazebnik



Streamlined detection architectures

 The Faster R-CNN pipeline separates
proposal generation and region classification:

Region Classification +
@ Proposals g Regression
Conv feature Rol Ro|
map of the pooling | features > Detections
entire image >

* |[s it possible do detection in one shot?

Classification +

Conv feature Regression
map of the > Detections
entire image

64 Source: S. Lazebnik




65

Single-stage object detector

 Divide the Image into a coarse grid using a fully convolutional net

 Directly predict class label, confidence, and a few candidate boxes for each

grid cell

mf-_:.-z-_ullr
Bounding boxes + confidence

Lm,__ﬂIIIF L ,1_=g __ERaIN
S X S grid on input “! yz. Final detections

IS'E
|

Class probability map

J. Redmon, S. Divvala, R. Girshick, and A. Farhadi, You Only Look Once: Unified, Real-Time Object Detection, CVPR 2016

Source: S. Lazebnik


https://pjreddie.com/media/files/papers/yolo_1.pdf

YOLOQO detector

1. Take convolutional feature maps at 7x7 resolution

2. Predict, at each location, a score for each class and 2 bounding boxes (w/
confidence)
o [.g.for 20 classes, output is 7x/x30 (30 = 20 + 2*(4+1))

e /X speedup over Faster R-CNN (45-155 FPS vs. 7-18 FPS) but
less accurate (e.g. 65% vs. 72 mMAP%)

s
S
‘)

e [Extension: use anchor boxes in last layer
to try a few possible aspect ratios

-
—
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25
T3
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Boundlng boxes + confidence Class probability map

J. Redmon, S. Divvala, R. Girshick, and A. Farhadi, You Only Look Oncef®nified, Real-Time Object Detection, CVPR 2016 Source: S. Lazebnik



https://pjreddie.com/media/files/papers/yolo_1.pdf
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- Evaluating object detectors
e [uture challenges




Cvaluating an object detector

e At test time, predict bounding boxes, class labels, and confidence scores

* [or each detection, determine whether it Is a true or false positive
Intersection over union (loU): Area(GT N Det) / Area(GT U Det) > 0.5

Ground truth (GT)

Source: S. Lazebnik



Cvaluating an object detector

o e

Intersection over union (also known as Jaccard similarity)

Source: B. Hari

haran



Cvaluating an object detector

 [or each class, plot Precision-Recall curve and compute Average Precision
(area under the curve)

 Jake mean of AP over classes to get mAFP

Precision:
true positive detections /
total detections
Recall:
true positive detections /
total positive test instances
R (¢ Source: S. Lazebnik




Average precision

true pos. /
total detections

Precision

Reca” true positive detections /
71 total positive test instances Source: B. Hariharan



Average precision

true pos. /
total detections

Precision

RecaH true positive detections / 1
75 total positive test instances

Source: B. Hariharan



Non-maximum Suppression

Image source: B. Hariharan

Subtlety: we predict a bounding box for every
sliding window. Which ones should we keep®
Keep only “peaks” in detector response.
Discard low-prob boxes near high-prolb ones
Often use a simple greedy algorithm

73



Non-maximum Suppression

Greedy algorithm, run on each class independently

et A be the set of all bounding boxes
et be the set of detections we’ll keep, D = &
while A # @&
remove X the box with highest probability from A
if x doesn’t significantly overlap with an existing box in D (e.g. loU > 0.5):
D =DuU {x}
return D

4
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e (Object detection models

e [valuating object detectors

»  Future challenges




Beyond bounding boxes: instance segmentation

4 ~

Predic segmentation mask o each objc
From COCO [Lin et al., 2014]

Source: B. Hariharan



Instance segmentation

Faster R-CNN

I'. r
’ 4 | %
P 4 ) -
’ 4 ’
’ P 4
P 4 Y o I n
3 L
’ 4 71
P
s
) F 4
) 4

’r’

1
‘conv conv

Extra *head” on network
oredicts binary mask

[He et al.,

“‘Mask R-CNN”, 2017]



Example Mask Iraining Targets

Image with training proposal

28x28 mask target

Source: R. Girshick



Example Mask Iraining Targets

Image with training proposal 28x28 mask target

Source: R. Girshick




Example Mask Iraining Targets

Image with training proposal 28x28 mask target Image with training proposal 28x28 mask target

Source: R. Girshick




Example Mask Iraining Targets

Image with training proposal 28x28 mask target Image with training proposal 28x28 mask target
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) nght knee 0.99 left ankle 0.91 right ankle 0.98

(Not shown: Head architecture is slightly different for keypok@)yPOintS 17 keypoint “mask”
predictions shown as

> Add keypoint head (28x28x17) : heatmaps with OKS
scores from argmax

positions

> Predict one "mask” for each keypoint

> Softmax over spatial locations (encodes one keypoint per mask “prior”)  source: R. Girshick
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We still need lots of labeled examples

Mask R-CNN on COCOQO with Different Training Set Sizes

40
3 - 23.7
5 20 IR
2 ol g
0 1k 3.5k 10k 35k 118k

Training set size 1n 1mages

87 Image source: R. Girshick



Handle the long tail of the distribution

Person, dog, table, ...

Teacup, wreath, birdfeeder, ...

Object categories —
38

Frequency —



Handle the “long tail” of the distribution

From COCOQO (80 categories
ILin et al., 2014]

)

LVIS dataset (1000+ categories)
“Few shot” (e.g. < 20 examples)
[Gupta et al., 2019]

83 Image source: R. Girshick



Next time: vigeo



