Object DetectionVrapup



Things to remember

A Sliding window for search

A Features based on differences of
Intensity (gradient, wavelet, etc.)

I Excellent results require careful feature
design

A Boosting for feature selection

A Integral images, cascade for speed.ﬁ)

A Bootstrapping to deal with many, =
many negative examples




Discriminative part-based models

Root Part  Deformation
filter filters weights

P. Felzenszwalb, R. Girshick, D. McAllester, D. Ramanan, Object Detection
with Discriminatively Trained Part Based Models, PAMI 32(9), 2010



http://people.cs.uchicago.edu/~pff/papers/lsvm-pami.pdf

Car model

Component 1




Person model
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Bottle model
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More detections
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The PASCAL Visual Object Classes
Challenge 2009 (VOC2009)

A Twenty object categories (aeroplane to
TV/monitor)

A Three challenges:
I Classification challenge (is there an X in this image”
I Detection challenge (draw a box around every X)
I Segmentation challenge

Image

Object:
EAT) 5 9 - .
7

Slides from
Noah Snavely




Dataset: Collection
" Images downloaded from flickr

500,000 images downloaded and random subset
selected for annotation



Dataset: Annotation

= Complete annotation of all objects

= Annotated over web with written guidelines
High quality (?)



Examples

Aeroplane




Examples

Dining Table

TV /Monitor
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Classification Challenge

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

IS there a cat?



Participation

= 48 Methods, 20 Groups



Results: AP by Method and Class

aero dining motor potted tv/
plane bicycle  bird boat  bottle bus car cett person plant sheep sofa  train  monitor

85.3 57.8 66.0 66.1 36.2 84.8 37.4 44.1 479 819 67.5

CVC_FLAT
CVC_FLAT-HOGEss | 003 - B 653 81.8 68.6
CVC_PLUS 86.6 58.4 66.7 67.3 82.1 67.0
FIRSTNIKON_AVGSRKD A 83.3 59.3 627 653 83.4 655
FIRSTNIKON_AVGSVM 83.8 58.2 626 65.2 81.6 65.3
FIRSTNIKON_BOOSTSRKDA 83.0 59.2 61.4 646 33.2 71.1 57.5 61.0 548 40.7 48.3 65.5 63.4 828 328 47.0 47.1 833 64.6
83.5 56.8 61.8 655 33.2 69.7 57.3 60.5 546 43.1 48.3 64.3 62.4 823 329 469 484 820 64.2

FIRSTNIKON_BOOSTSVMS

LEAR_CHI-SVM-MULT-LOC 79.5 555 545 63.9 437 703 66.4 56.5 54.4 388 44.1 46.2 58.5 64.2 82.2- 41.3 39.8 73.6 66.2

NEcUC cocy 881 680 680 725 410 789 70.4 70.4 58.1 534 557 593 73.0 71.3 845 323 533 567 860

NECUIUC_CLS-DTCT 88.0 68.6 67.9 729 442 795 725 708 595 536 575 590 726 723 853 36.6 56.9 57.9 85.9-

NECUIUC_LL-CDCV 87.1 67.4 658 723 40.9 783 69.7 697 585 50.1 551 563 71.8 70.8 84.1 31.4 51.5 551 847

NECUIUC_LN-CDCV 67.8 68.1 71.1 39.1 785 7046 70.7 574 51.7 533 592 71.6 70.6 84.0 30.9 51.7 559 859 667

ERREY, BESELNE 592 627 654 357 706 59.8 61.3| 567 453 524 506 66.1 66.6 837 348 472 477 80.8 659

R — 63.9 379 741 63.2| 640 57.1 462 547 535 68.1 70.6 852 38.5 47.2| 49.3 68.1
UVASURREY_TUNECOLORKERNELSEL 62.8 37.6| 735 621 620 574 451 545 525 677 698 848 39.1 468 499 68.1
62.4 39.4) 740 63.4 628 567 43.8 547 527 67.3 706 850 388 469 500 66.2

UVASURREY_TUNECOLORSPECKD A

= Only methodsin or 3rd place by group shown
= Groups: CVC, FIRST/Nikon, NEC/UIUC, UVA /Surrey



O Max
B Median

E B Chance

= Max AP: 88.1% (aeroplane) ... 40.8% (potted plant)
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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)

—o— 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-SYM-MULT (79.7)

—#— LEAR_CHI-SYM-MULT-LOC (79.5)
LEOBEN_SCC-CLS (79.5)
CASIA_SVM-MULTIFEAT (78.2)

—+— LIP6_HB-SPK-SVM (77.9)

—— LEOBEN_DENSESIFT (77.0)

—— RITSU_WSF (76.9)

——— MPI_STRUCT (75.9)

—— 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_SVM-SEG-HOG (32.7)

FIRST_L2MKL (6.8)
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Potted plant (Top 10 by AP)

Top 10 results by AP
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Precision/Recall

recall



Ranked Images: Aeroplane

= Class images:
Highest ranked




Ranked Images: Chair

= Class images:
Highest ranked




Detection Challenge

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

T




Evaluation

= Average Precision [TREC] averages precision over
the entire range of recall

Curve interpolated to reduce influence of “outliers”

5 ; 5 A good score requires
08~ ) la i Interpolated.-———_. both high recall and high
: 5 precision

Application-independent
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= Penalizes methods giving
high precision but low
recall

0 0.2 0.4 0.6
recall



Evaluating Bounding Boxes

= Area of Overlap (AO) Measure

Ground truth Bgf

A~ 7 |Bn+men|

AO(Bgyt, Bp) = 75175
~ B \ gt p) |BgtUBp|

gt p

Predicted B 0

*= Need to define a threshold t such that
AO(B,B,) implies a correct detection: 50%

gt



Chance essentially 0



