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Can CNN improve s.0.0. object detection resultse

Yes, it helps by learning rich representations which can then be
combined with computer vision techniques.

1d what does a CNN learne
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APPROACH

R-CNN: Regions with CNN features
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MABO # windows

Mool [l [WABD
REGION PROPOSALS  |vessEs 0942011 | 155

Harzallah er al. [16] - 200 per class

Carreira and Sminchisescu [4] 0.770 £0.084 | 517

Endres and Hoiem [9] 0.791 +0.082 | 790

Felzenszwalb er al. [12] 0.829 £0.052 | 100,352 per class

Vedaldi er al. [34] - 10,000 per class
> Single Strategy . 0.690£0.171| 289

Selective search “Fast™ 0.804 £0.046|2,134
> Selective search “Quality™ 0.879+0.039

> Diversification
Yersion | Strategies MABO # strategies

Single H5Y
Strategy | C+T+5+F 0.693 362
= 100

5
! 1
k
| 2 Selective | HSY,
Search C+T+5+F, T+5+F 0.799 2147

Selective | HSV, Lab, rgl. H, 1
Search C+T+5+F T+5+F F, 5 | 0.878 20
> Quality | & = 30,100, 150, 300

R-CNN: Regions with CNN features
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CNN PRE-TRAINING
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R-CNN: Regions with CNN features
P = Warpef region .

e person? yes.

1. Input 2. Extract region 3. Compute 4. Classify
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lower learning rate (1/100)

only pascal image regions

Sr image







raining SVM for all classes on a single core takes 1.5 hours

indow on GPU takes 5 ms



DETECTION RESULTS

aero bike bird boat bottle bus car cat chair cow

DPM HOG [ 19] 45.6 49.0 11.0 11.6 27.2 505 43.1 23.6 17.2 23.2
SegDPM [ | &] 56.4 48.0 24.3 21.8 31.3 513 47.3 482 16.1 294
56.2 424 15.3 12.6 21.8 493 36.8 46.1 129 32.1

45.1 28.5 24.0 50.1 49.1 58.3 20.6 38.5

horse mbike person plant sheep sofa train tv
40.0 34.5
48.9 39.1
47.0 44.8
48.0 46.5
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pools feature: (3,3,129) (top 1 — 96)
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poolS feature: (2,3.210) (top | - 96)
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ABLATION STUDY

VOC 2007 test
R-CNN pool,
R-CNN fcg
R-CNN fc-
R-CNN FT pool,
R-CNN FT fcg
R-CNN FT fc-
DPM HOG [ Y]
DPM ST [ V]
DPM HSC [ ]

bottle bus

car

dog horse mbike person plant

26.7 12.7
18.1 8.0
34.0 137




R-CHMH fch: animals R—CHMM FT fc7: animals OFM voc—releases: animals
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DETECTION ERROR ANALYSIS

R-CHNN fci: sensitivity and impact R-CHNN FT fc7: sensitivity and impact DPM voc-releaseh: sensitivity and impact
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SEGMENTATION

Jull R-CNN | fg R-CNN | full+fg R-CNN

VOC 2011 test : bottle bus car cat chairr cow table dog horse mbike person

R&P [] 36.6 31.2 427 573 474 441 81 394 361 363 495 22,1 42.0 43.2( 408
04P [7] .4 | 6. 45.2 444 469 o667 578 562 135 46.1 313 41.2 359.1 278 469 4.6 47.6
ours (full+fg R-CNN fcg) | 84.2 | 66.9 583 374 554 733 587 565 07 455 295 493 401 578 227 47.1 413







LEARNING AND TRANSFERRING MID-LEVEL
IMAGE REPRESENTATIONS USING
CONVOLUTIONAL NEURAL NETWORKS

Taiing images

Convolutional layers Fully-connected layers

1: Feature
learning

B&144-dim
J vector

2 : Feature
transfer

3 : Classifier
learning

6144-dim
9216-dim 4096 or vectar
vector  6144-dim

vector  New adaptation

Training images Sliding patches ai
g 24 gp Target task layers tralrfed
. on target task

Source task labels

i African elephant
Wall clock
- Green snake
ﬂ Yorkshire terrier

. Chair
m Background

-
Parson
u TV/monitor

Target task labels




APPROACH

>
Annotated
> : : .B
input image :
> Multi-scale
overlapping
tiling
>

~ Person(@
St @& Sheep (O too small

person

Person() truncated
Sheep (J too small
background

Person

2 Sheep

2 labels : delete

Person(Q truncated
Sheep

sheep

Person(J truncated

| Sheep

sheep
Person(] truncated
Sheep

sheep
Person(J no overlap
Sheep (J truncated

background
Person(J no overlap
Sheep (O truncated

background




plane bike bird boat btl bus car cat chair cow table dog horse moto pers plant sheep sofa train tv | mAP

INRIA [ ] 77.5 63.6 56.1 719 33.1 60.6 78.0 58.8 535 42.6 549 458 775 640 859 363 447 50.6 79.2 53.2| 594
NUS-PSL[+4]| 82.5 79.6 64.8 734 542 75.0 775 79.2 462 6277 414 746 850 76.8 91.1 539 61.0 67.5 836 70.6| 70.5

Pre-1000C | 88.5 81.5 87.9 82.0 47.5 755 90.1 87.2 ol.6 757 67.3 855 835 80.0 956 60.8 768 58.0 904 779|777

Table 1: Per-class results for object classification on the VOC2007 test set (average precision %).

| plane bike bird boat btl bus car cat chair cow table dog horse moto pers plant sheep sofa train tv | mAP
NUS-PSL[] 97.3 84.2 80.8 853 60.8 89.9 868 89.3 754 778 751 83.0 875 90.1 950 578 792 734 945 80.7| 822
No PRETRAIN | 85.2 75.0 69.4 66.2 488 82.1 795 79.8 624 619 498 759 714 827 93.1 59.1 69.7 49.3 80.0 76.7| 70.9
Pre-1000C 935 784 &7.7 809 57.3 B85.0 8l6 894 669 738 620 895 832 B16 958 614 790 543 B8RO 783|787
PRe-1000R | 93.2 77.9 83.8 80.0 55.8 827 79.0 84.3 66.2 71.7 59.5 834 B8l1.4 848 952 59.8 749 529 838 75.7| 76.3

PrE-1512 946 829 882 841 60.3 89.0 844 90.7 72.1 86.8 69.0 92.1 934 886 96.1 64.3 86.6 62.3

|Action jump phon instr read bike horse run photcompwalk|mAP
STANFORD [ ]|75.7 44.8 66.6 44.4 93.2 94.2 87.6 384 70.6 75.6 69.1
|OxForD[1] |77.0 50.4 65.3 39.5 94.1 95.9 87.7 42.7 68.6 74.5| 69.6
NoPRETRAIN|43.2 30.6 50.2 25.0 76.8 80.7 75.2 22.2 37.9 55.6 49.7
|PRE-1512 734 44.8 74.8 43.2 92.1 94.3 83.4 45.7 65.5 66.8| 68.4
PrRE-1512U |74.8 46.0 75.6 45.3 93.5 95.0 86.5 49.3 66.7 69.5 70.2

Table 3: Pascal VOC 2012 action classification results (AP %).

Table 2: Per-class results for object classification on the VOC2012 test set (average precision %).




(a) Representative true positives (b) Top ranking false positives
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