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IMAGE CLASSIFICATION VS. OBJECT DETECTION

cl Madagascar cat
_“h Tmon
mushroom spider monkey
Jelly fungus i | p)
gill

indri
| dead-man's-fingers i howler monkey




OBJECT DETECTION PIPELINE

Input image



OBJECT DETECTION PIPELINE

Input image Localization

Sliding window



OBJECT DETECTION PIPELINE

Input image Localization Feature extraction

Sliding window HOG/SIFT/BoW



OBJECT DETECTION PIPELINE

Input image Localization Feature extraction Classification
Sliding window HOG/SIFT/BoW SVM
Limitations Slow Shallow n-classifiers

~ 1M of evaluations



R-CNN (GIRSHICK ET AL.)

Input image Localization Feature extraction Classification
Sliding window CNN SVM
Limitations Slow Deep n-classifiers

~ 1M of evaluations



R-CNN (GIRSHICK ET AL.)

Input image Localization Feature extraction Classification

Region proposal CNN SVM

Limitations 2000 evluations Deep n-classifiers



R-CNN (GIRSHICK ET AL.)
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OBJECTNESS (SELECTIVE SEARCH~UIJLINGS ET AL.)

» Merging regions from over-segmentation
 (Objectness classification via BoW on merged regions



OBJECTNESS (SELECTIVE SEARCH~UIJLINGS ET AL.)




R-CNN (GIRSHICK ET AL.)
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R-CNN (GIRSHICK ET AL.)
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Mean Average Precision (mAP)
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[LSVRC2013 detection test set mAP

*R-CNN BB 31.4% |

*OverFeat (2) 24.3% i
UvA-Euvision X |
*NEC-MU | 20.9% i
*OverFeat (1) . | .

Toronto A
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GPU_UCLA .
Delta : : 4
B competition result
UIUC-IFP : : I post competition result]
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mean average precision (mAP) in %



VOC 2007 test aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv | mAP
R-CNN pool, 51.8 60.2 364 27.8 232 528 60.6 49.2 183 478 443 408 566 587 424 234 46.1 36.7 51.3 557 44.2
R-CNN fcg 59.3 61.8 43.1 34.0 25.1 53.1 60.6 52.8 21.7 47.8 427 478 525 585 446 256 483 34.0 53.1 58.0| 46.2
R-CNN fc7 57.6 57.9 38.5 31.8 237 51.2 389 514 20.0 50.5 409 46.0 51.6 559 433 233 48.1 353 51.0 574|447
R-CNN FT pool; 582 63.3 379 27.6 26.1 341 669 514 267 555 434 43.1 577 3590 458 281 508 40.6 53.1 564|473
R-CNN FT fcg 63.5 66.0 479 377 299 625 70.2 60.2 320 579 47.0 535 60.1 642 522 313 550 50.0 57.7 63.0] 53.1
R-CNN FT fer 642 69.7 50.0 419 32.0 626 71.0 60.7 327 585 465 56.1 606 66.8 542 315 528 489 579 647 54.2
R-CNN FT fc; BB | 68.1 72.8 56.8 43.0 36.8 663 74.2 67.6 344 635 545 61.2 69.1 68.6 587 334 629 51.1 62.5 64.8| 58.5
DPM v5 [20)] 332 603 102 16,1 27.3 543 582 23.0 200 241 26.7 127 58.1 482 432 120 21.1 36.1 46.0 43.5|33.7
DPM ST [25] 23.8 582 105 85 27.1 504 520 7.3 192 228 181 80 559 448 324 133 159 228 46.2 449| 29.1
DPM HSC [31] 322 583 11.5 163 30.6 499 548 23.5 21.5 27.7 340 137 381 51.6 399 124 235 344 474 452) 343

Table 2: Detection average precision (%) on VOC 2007 test. Rows 1-3 show R-CNN performance without fine-tuning.

Rows 4-6 show

results for the CNN pre-trained on ILSVRC 2012 and then fine-tuned (FT) on VOC 2007 trainval. Row 7 includes a simple bounding-box
regression (BB) stage that reduces localization errors (Section C). Rows 8-10 present DPM methods as a strong baseline. The first uses
only HOG,. while the next two use different feature learning approaches to augment or replace HOG.
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Figure 4: Top regions for six pool; units. Receptive fields and activation values are drawn in white. Some units are aligned to concepts,
such as people (row 1) or text (4). Other units capture texture and material properties, such as dot arrays (2) and specular reflections (6).
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OBJECT DETECTION PIPELINE

Input image Localization Feature extraction Classification
Region proposal CNN SVM
Limitations 2000 evluations Deep n-classifiers

Too slow in testing time Post-hoc optimization
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FEATURE MAP RECYCLING

7
d 77 ‘ ‘ ] Region classification
person?

‘ ‘ I Bounding box regression
Rol pooling (x,y,W,H)

Conv. layers

Groun truth region

Input; image/Rol



BACK-PROPAGATION

/] ‘ ‘ ] Region classification
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T — HI Bounding box regression
Rol pooling (x,y,W,H)
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Input: image/Rol



Fast R-CNN R-CNN SPPnet

S M Ll S M L "L
train time (h) 1.2 2.0 95| 22 28 84 25
train speedup |18.3x 14.0x 88x | Ix 1x 1x| 3.4x
test rate (s/im) | 0.10 0.15 0.32| 9.8 12.1 47.0 2.3
> with SVD 0.06 0.08 0.22 - - - -
test speedup 98x  80x 146x | Ix 1Ix 1x 20x
> with SVD | 169x  150x 213X - - - -
VOCO7 mAP 57.1  59.2 66.9|58.5 60.2 66.0 63.1
> with SVD 56.5 38.7 66.6 - - - -




method train set | aero bike bird boat bottle bus car cat chair cow table dog horse mbike persn plant sheep sofa train tv | mAP
BabyLearning Prop. 78.0 742 613 457 427 682 66.8 80.2 406 70.0 49.8 79.0 745 779 640 353 679 557 68.7 626|632
NUS_NIN_c2000 | Unk. 80.2 73.8 619 437 43.0 703 676 80.7 419 69.7 51.7 782 752 769 65.1 38.6 683 58.0 68.7 633|638

R-CNN BB [10] |12 79.6 727 619 412 419 659 664 84.6 385 672 467 820 748 760 652 356 654 542 674 603|624
FRCN [ours] 12 80.3 747 669 469 377 739 686 87.7 41.7 71.1 51.1 860 778 798 698 321 655 638 76.4 61.7|65.7
FRCN [ours] 07++12 |82.3 784 70.8 52.3 387 77.8 71.6 89.3 442 73.0 550 875 805 80.8 720 351 683 657 804 64.2| 684

Table 3. VOC 2012 test detection average precision (%). BabyLearning and NUS_NIN_c2000 use networks based on [17]. All other
methods use VGG16. Training set key: see Table 2, Unk.: unknown.



method classifier S M L

R-CNN [9, 10] | SVM 58.5 | 60.2 | 66.0

FRCN |[ours] SVM 56.3 | 58.7 | 66.8
FRCN [ours] softmax 57.1 | 59.2 | 66.9




FASTER RCNN (REN ET AL.)

Input image Localization Feature extraction Classification

Region proposal CNN SVM

One network



REGION PROPOSAL NETWORK




REGION PROPOSAL NETWORK

Proposed regions
3 scales



REGION PROPOSAL NETWORK

Proposed regions

3scales 9 proposals per anchor
3 aspect ratio



REGION PROPOSAL NETWORK
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FASTER RCNN
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Object proposal per pixel
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Table 2: Detection results on PASCAL VOC 2007 test set. The detector is Fast R-CNN and VGG-
16. Training data: 077 VOC 2007 trainval, “07+12": union set of VOC 2007 trainval and VOC
2012 trainval. For RPN, the train-time proposals for Fast R-CNN are 2k. T: this was reported in [5];
using the repository provided by this paper, this number is higher (68.0£0.3 in six runs).

method # proposals | data ‘ mAP (%) ‘ time (ms)
SS 2k 07 66.97 1830
SS 2k 07+12 70.0 1830
RPN+VGG, unshared 300 07 68.5 342
RPN+V GG, shared 300 07 69.9 198
RPN+VGG, shared 300 07+12 73.2 198



OBJECT DETECTION PIPELINE

Input image Localization Feature extraction Classification

Region proposal CNN SVM

Per grid classification



YOLO (You OnLy Look ONCE, REDMON ET AL.)
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YOLO (You OnLy Look ONCE, REDMON ET AL.)
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Real-Time Detectors Traim mAP FPS

100Hz DPM [ 1] 2007 16.0 100
30Hz DPM [ 1] 2007  26.1 30
Fast YOLO 200742012 527 155
YOLO 200742012 63.4 45
Less Than Real-Time

Fastest DPM [ 35] 2007 304 15
R-CNN Minus R [ 0] 2007  33.5 6
Fast R-CNN [ 4] 200742012 70.0 0.5
Faster R-CNN VGG-16[25] 2007+2012  73.2 7
Faster R-CNN ZF [ 5] 2007+2012  62.1 18
YOLO VGG-16 200742012 664 21






https://www.youtube.com/watch?time continue=10&v=V0C3hugHrss
https://www.youtube.com/watch?time continue=164&v=MPUZ2Histivl



https://www.youtube.com/watch?time_continue=10&v=VOC3huqHrss
https://www.youtube.com/watch?time_continue=164&v=MPU2HistivI
https://www.youtube.com/watch?time_continue=164&v=MPU2HistivI
https://www.youtube.com/watch?time_continue=164&v=MPU2HistivI

