1506.02640v5 [cs.CV] 9 May 2016

arXiv

*_Santosh Divvala*', Ross Girshick¥, Ali Farhadi*f
*_ Allen Institute for Al, _'“

http://pjreddie.com/yolo/

Abstract
We present YOO, a new approach to object detection.
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1. Resize image.

2. Run convolutional network.
Non-max suppression.

Figure1: The YOLO Detection System. Processing images
with YOLO is simple and straightforward. Our system (1) feSizes
the input image to 448 x 448, (2) runs a single convolutional net-
- and (3) thresholds the resulting detections by

YOLO is refreshingly simple: see Figtire .

This unified model has several benefits
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2. Unified Detection

1N

Each bounding box consists of 5 predictions: &, i

and CONAUEHCE

>

Pr(Class; |Object) * Pr(Object) * Ioug;gg = Pr(Class;) * Iougr“;c}f )

S x Sgrid on input Final detections

Class probability map

Figure2: The Model. Our system models detection as a regres-

sion problem. [Ediyides theimage intoaniS xS grid and for each
grid cell predicts B bounding boxes, confidence for those boxes,
nd

For evaluating YOLO on PASCAL VOC, we use -,
. PASCAL VOC has 20 labelled classes so €= 20.
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2.2. Training

=]
‘
g

[
72
o
-
£
o
]
5
5
<t
[¢]
]
2]
>
A
o
g
a
o
=3
=
>
S
=
o
o
(@)
Q
5
=)
j=o
22l
=
=
=
w1
z

We then convert the model to perform detection.

We use alinear activation function for the final layer and
all other layers use the following leaky rectified linear acti=

¢(x):{m, ifx>F) @

0.1z, otherwise

~

We optimize for Sim=squared error in the output of our During training we optimize the following,
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where

We train the network for about I357€pochs on the train-
ing and validation data sets from PASCAL VOC 2007 an

o
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Our learning rate schedule is as follows:

2.3. Inference
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robust features from input-images (Haar [25], SIFT [2:]
HOG [4], convolutional features [6]).
objects in the feature space. These classifiers or localizers
are run either in sliding window fashion over the whole im-
[35, 15, 39].

We compare the YOLO detection system to several top de-
tection frameworks,

Deformable parts models.
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R-CNN.



YOLO shares some similarities with R-CNN.

Other Fast Detectors
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4. Experiments

First we compare YOLO with

4.1. Comparison to Other Real-Time Systems
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Real-Time Detectors Train mAP FPS
100Hz DPM [31] 2007 16.0 100
30Hz DPM [31] 2007  26.1 30
Fast YOLO 2007+2012  52.7 155
YOLO 2007+2012 634 45
Less Than Real-Time

Fastest DPM [38] 2007 304 15
R-CNN Minus R [20] 2007 53.5 6

Fast R-CNN [14] 200742012 700 0.5
[28] 2007+2012 732
2007+2012  62.1 18

2007+2012  66.4 21

~

Faster R-CNN ZF [28]
YOLO VGG-16
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o Comect correct class and 10U > 5
o Localization: EoTECIEISS IOV
o Similar: SISOV

Fast R-CNN

Background: 13.6%

YOLO

Background: 4.75%
Other: 4.0%
Sim: 6.75%,

Other: 1.9%
Sim: 4.3%

Figure 4: Error Analysis: Fast R-CNN vs. YOLO [These
charts show the percentage of localization and background errors
in the top N detections for various categories (N = # objects in that
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mAP Combined Gain

Fast R-CNN 71.8 - -
Fast R-CNN (2007 data)  66.9 72.4 .6
Fast R-CNN (VGG-M) 59.2 72.4 .6
Fast R-CNN (CaffeNet) 57.1 72.1 3
YOLO 63.4 75.0 3.2

Table 2: Model combination experiments on VOC 2007. We
examine the effect of combining various models with the best ver-
sion of Fast R-CNN. i erSionsIo RSN IpToeny



VOC 2012 test mAP | aero bike bird boat bottle bus  car

chair cow table dog horse mbike personplant sheep sofa train tv

MR_CNN_MORE_DATA [11]| 739 | 85.5 829 76.6 578 62.7 794 772

HyperNet_-VGG 714 | 842 785 736 556 537 787 79.8
HyperNet_SP 713 | 84.1 783 733 555 53.6 78.6 79.6
Fast R-CNN + YOLO 70.7 | 834 785 73.5 558 434 79.1 73.1
MR_CNN_S_CNN [11] 70.7 | 85.0 79.6 715 553 5777 76.0 739
Faster R-CNN [28] 70.4 | 849 798 743 539 498 775 759
DEEP_ENS_COCO 70.1 | 84.0 794 716 519 511 741 721
NoC [29] 68.8 | 82.8 79.0 71.6 523 537 741 69.0
Fast R-CNN [14] 684 | 823 784 708 523 387 778 71.6
UMICH_FGS_STRUCT 66.4 | 829 76.1 641 446 494 703 712
NUS_NIN_C2000 [7] 63.8 | 80.2 738 619 437 43.0 703 67.6
BabyLearning [7] 632|780 742 613 457 427 682 66.8
NUS_NIN 624 | 779 731 626 395 433 69.1 664
R-CNN VGG BB [13] 624 179.6 727 619 412 419 659 66.4
R-CNN VGG [13] 59.2 1 76.8 709 56.6 375 369 629 63.6
YOLO 579 | 770 672 577 383 227 683 559
Feature Edit [33] 563 | 746 69.1 544 39.1 331 652 627

R-CNN BB [13] 533 | 71.8 658 52.0 34.1 326 59.6 60.0
SDS [16] 50.7 | 69.7 584 485 283 288 613 575
R-CNN [13] 49.6 | 68.1 63.8 46.1 294 279 56.6 57.0

: PASCAL VOC 2012 Leaderboard.

86.6 55.0 79.1 622 87.0 834 847 789 453 734 658 803 740
87.7 49.6 749 521 860 81.7 833 818 48.6 735 594 799 657
875 495 749 521 856 816 832 8l.6 484 732 593 79.7 65.6
894 494 755 57.0 87.5 809 81.0 747 418 715 685 821 672
84.6 505 743 61.7 855 799 817 764 410 69.0 612 77.7 72.1
885 456 77.1 553 869 817 809 79.6 40.1 726 609 812 615
88.6 483 734 57.8 86.1 80.0 80.7 704 466 69.6 688 759 714
849 469 743 531 850 813 795 722 389 724 595 76.7 68.1
803 442 730 550 87.5 805 808 72.0 351 683 657 804 642
84.6 427 68.6 558 827 771 799 687 414 69.0 60.0 72.0 66.2
80.7 419 69.7 51.7 782 752 769 651 386 683 58.0 687 633
80.2 40.6 70.0 49.8 79.0 745 779 640 353 679 557 687 62.6
789 39.1 68.1 500 772 713 76.1 647 384 669 562 669 62.7
84.6 385 672 467 820 748 760 652 356 654 542 674 603

357 643 439 804 716 740 600 308 634 520 635 587

814 362 60.8 485 772 723 713 635 289 522 548 739 508
69.7 30.8 56.0 446 700 644 71.1 602 333 613 464 61.7 57.8
69.8 27.6 520 417 69.6 613 683 578 29.6 578 409 593 54.1
708 24.1 50.7 359 649 59.1 658 57.1 260 588 38.6 589 50.7
659 265 487 395 662 573 654 532 262 545 381 50.6 51.6

4.4. VOC 2012 Results
On the VOC 2012 test set, YOLO scores 57:9% mAP.
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R-CNN has high AP on VOC 2007. However,
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Figure 6: Qualitative Results. YOO fuiiifigon sample artwork and matural images from the iteriet.

... PPMM &
Poselets
pr — T
0.2 0.4 0.6 0.8
Recall
(a) Picasso Dataset precision-recall curves.
Figure 5:

1.0

6. Conclusion

VOC 2007 Picasso People-Art

AP | AP Best Fy AP

YOLO 59.2 | 53.3 0.590 45

R-CNN 542 | 104 0.226 26

DPM 43.2 | 37.8 0.458 32
Poselets [2] 36.5 | 17.8 0.271
D&T [4] -1 19 0.051

Acknowledgements:



http://pjreddie.com/yolo/

References

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

(10]

(1]

[12]

(13]

(14]

[15]

M. B. Blaschko and C. H. Lampert. Learning to localize ob-
jects with structured output regression. In Computer Vision—
ECCV 2008, pages 2—-15. Springer, 2008. 4

L. Bourdev and J. Malik. Poselets: Body part detectors
trained using 3d human pose annotations. In International
Conference on Computer Vision (ICCV), 2009. 8

H. Cai, Q. Wu, T. Corradi, and P. Hall. The cross-
depiction problem: Computer vision algorithms for recog-
nising objects in artwork and in photographs. arXiv preprint
arXiv:1505.00110, 2015. 7

N. Dalal and B. Triggs. Histograms of oriented gradients for
human detection. In Computer Vision and Pattern Recogni-
tion, 2005. CVPR 2005. IEEE Computer Society Conference
on, volume 1, pages 886—893. IEEE, 2005. 4, 8

T. Dean, M. Ruzon, M. Segal, J. Shlens, S. Vijaya-
narasimhan, J. Yagnik, et al. Fast, accurate detection of
100,000 object classes on a single machine. In Computer
Vision and Pattern Recognition (CVPR), 2013 IEEE Confer-
ence on, pages 1814-1821. IEEE, 2013. 5

J. Donahue, Y. Jia, O. Vinyals, J. Hoffman, N. Zhang,
E. Tzeng, and T. Darrell. Decaf: A deep convolutional acti-
vation feature for generic visual recognition. arXiv preprint
arXiv:1310.1531,2013. 4

J. Dong, Q. Chen, S. Yan, and A. Yuille. Towards unified
object detection and semantic segmentation. In Computer
Vision—-ECCV 2014, pages 299-314. Springer, 2014. 7

D. Erhan, C. Szegedy, A. Toshev, and D. Anguelov. Scalable
object detection using deep neural networks. In Computer
Vision and Pattern Recognition (CVPR), 2014 IEEE Confer-
ence on, pages 2155-2162. IEEE, 2014. 5, 6

M. Everingham, S. M. A. Eslami, L. Van Gool, C. K. L.
Williams, J. Winn, and A. Zisserman. The pascal visual ob-
jectclasses challenge: A retrospective. International Journal
of Computer Vision, 111(1):98-136, Jan. 2015. 2

P. F. Felzenszwalb, R. B. Girshick, D. McAllester, and D. Ra-
manan. Object detection with discriminatively trained part
based models. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 32(9):1627-1645, 2010. 1, 4

S. Gidaris and N. Komodakis. Object detection via a multi-
region & semantic segmentation-aware CNN model. CoRR,
abs/1505.01749, 2015. 7

S. Ginosar, D. Haas, T. Brown, and J. Malik. Detecting peo-
ple in cubist art. In Computer Vision-ECCV 2014 Workshops,
pages 101-116. Springer, 2014. 7

R. Girshick, J. Donahue, T. Darrell, and J. Malik. Rich fea-
ture hierarchies for accurate object detection and semantic
segmentation. In Computer Vision and Pattern Recognition
(CVPR), 2014 IEEE Conference on, pages 580-587. IEEE,
2014. 1,4,7

R. B. Girshick. Fast R-CNN. CoRR, abs/1504.08083, 2015.
2,5,6,7

S. Gould, T. Gao, and D. Koller. Region-based segmenta-
tion and object detection. In Advances in neural information
processing systems, pages 655-663, 2009. 4

(16]

(17]

(18]

[19]

(20]

(21]

(22]

(23]

(24]

(25]

[26]

(27]

(28]

[29]

(30]

(31]

(32]

B. Hariharan, P. Arbeldez, R. Girshick, and J. Malik. Simul-
taneous detection and segmentation. In Computer Vision—
ECCV 2014, pages 297-312. Springer, 2014. 7

K. He, X. Zhang, S. Ren, and J. Sun. Spatial pyramid pooling
in deep convolutional networks for visual recognition. arXiv
preprint arXiv:1406.4729, 2014. 5

G. E. Hinton, N. Srivastava, A. Krizhevsky, I. Sutskever, and
R. R. Salakhutdinov. Improving neural networks by pre-
venting co-adaptation of feature detectors. arXiv preprint
arXiv:1207.0580, 2012. 4

D. Hoiem, Y. Chodpathumwan, and Q. Dai. Diagnosing error
in object detectors. In Computer Vision—-ECCV 2012, pages
340-353. Springer, 2012. 6

K. Lenc and A. Vedaldi. R-cnn minus r.
arXiv:1506.06981, 2015. 5, 6

R. Lienhart and J. Maydt. An extended set of haar-like fea-
tures for rapid object detection. In Image Processing. 2002.
Proceedings. 2002 International Conference on, volume 1,
pages 1-900. IEEE, 2002. 4

M. Lin, Q. Chen, and S. Yan. Network in network. CoRR,
abs/1312.4400, 2013. 2

D. G. Lowe. Object recognition from local scale-invariant
features. In Computer vision, 1999. The proceedings of the
seventh IEEFE international conference on, volume 2, pages
1150-1157. Ieee, 1999. 4

D. Mishkin. Models accuracy on imagenet 2012
val. https://github.com/BVLC/caffe/wiki/
Models-accuracy—-on-ImageNet-2012-val. Ac-
cessed: 2015-10-2. 3

C. P. Papageorgiou, M. Oren, and T. Poggio. A general
framework for object detection. In Computer vision, 1998.
sixth international conference on, pages 555-562. IEEE,
1998. 4

J. Redmon. Darknet: Open source neural networks in c.
http://pjreddie.com/darknet/, 2013-2016. 3
J.Redmon and A. Angelova. Real-time grasp detection using
convolutional neural networks. CoRR, abs/1412.3128, 2014.
5

S. Ren, K. He, R. Girshick, and J. Sun. Faster r-cnn: To-
wards real-time object detection with region proposal net-
works. arXiv preprint arXiv:1506.01497, 2015. 5, 6,7

S. Ren, K. He, R. B. Girshick, X. Zhang, and J. Sun. Object
detection networks on convolutional feature maps. CoRR,
abs/1504.06066, 2015. 3,7

O. Russakovsky, J. Deng, H. Su, J. Krause, S. Satheesh,
S. Ma, Z. Huang, A. Karpathy, A. Khosla, M. Bernstein,
A. C. Berg, and L. Fei-Fei. ImageNet Large Scale Visual
Recognition Challenge. International Journal of Computer
Vision (1JCV), 2015. 3

M. A. Sadeghi and D. Forsyth. 30hz object detection with
dpm v5. In Computer Vision—-ECCV 2014, pages 65-79.
Springer, 2014. 5, 6

P. Sermanet, D. Eigen, X. Zhang, M. Mathieu, R. Fergus,
and Y. LeCun. Overfeat: Integrated recognition, localiza-
tion and detection using convolutional networks. CoRR,
abs/1312.6229, 2013. 4, 5

arXiv preprint


https://github.com/BVLC/caffe/wiki/Models-accuracy-on-ImageNet-2012-val
https://github.com/BVLC/caffe/wiki/Models-accuracy-on-ImageNet-2012-val
http://pjreddie.com/darknet/

(33]

(34]

(35]

(36]

(37]

(38]

(39]

Z. Shen and X. Xue. Do more dropouts in pool5 feature maps
for better object detection. arXiv preprint arXiv:1409.6911,
2014. 7

C. Szegedy, W. Liu, Y. Jia, P. Sermanet, S. Reed,
D. Anguelov, D. Erhan, V. Vanhoucke, and A. Rabinovich.
Going deeper with convolutions. CoRR, abs/1409.4842,
2014. 2

J. R. Uijlings, K. E. van de Sande, T. Gevers, and A. W.
Smeulders. Selective search for object recognition. Inter-
national journal of computer vision, 104(2):154-171, 2013.
4

P. Viola and M. Jones. Robust real-time object detection.
International Journal of Computer Vision, 4:34-47, 2001. 4
P. Viola and M. J. Jones. Robust real-time face detection.
International journal of computer vision, 57(2):137-154,
2004. 5

J. Yan, Z. Lei, L. Wen, and S. Z. Li. The fastest deformable
part model for object detection. In Computer Vision and Pat-
tern Recognition (CVPR), 2014 IEEE Conference on, pages
2497-2504. IEEE, 2014. 5, 6

C. L. Zitnick and P. Dollar. Edge boxes: Locating object pro-
posals from edges. In Computer Vision—-ECCV 2014, pages
391-405. Springer, 2014. 4



