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Ren, Shaoqing, et al. "Faster r-cnn: Towards real-time object detection with region proposal networks." IEEE transactions on pattern analysis and machine intelligence (2016)
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1. Resize image.
2. Run convolutional network.
3. Non-max suppression.

A Redmon, Joseph, et al. "You only look once: Unified, real-time object detection.” Proceedings of the IEEE conference on computer vision and pattern recognition. (2016).
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image:
templ:

method:

mask:

result:

matchTemplate (image,

Optional mask.
as a binary mask, for data type CV_32F, the mask values are used as weights
Map of comparison results. It must be single-channel 32-bit floating-point (W —-w+1)X(H—-h+ 1))

dg.wso omu‘d.awu).ag@

templ, method[, mask])

Image where the search is running. It must be 8-bit or 32-bit floating-point (W X H)
Searched template. It must be not greater than the source image and have the same data type (wXh)
Parameter specifying the comparison method (cv2.TM SQDIFF, ..., cv2.TM CCOEFF NORMED)

It must have the same size as templ. If the data type is CV _8U, the mask is interpreted
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YOLO: You Only Look Once
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Final detections

S x Srid on input

Class probability map

) Redmon, Joseph, et al. "You only look once: Unified, real-time object detection.” Proceedings of the IEEE conference on computer vision and pattern recognition. (2016).
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YOLO
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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 200742012 527 155
YOLO 200742012 634 45
Less Than Real-Time

Fastest DPM [3%] 2007 304 15
R-CNN Minus R [20] 2007 535 6
Fast R-CNN [14] 2007+2012  70.0 0.5
Faster R-CNN VGG-16[228] 2007+2012  73.2 7
Faster R-CNN ZF [2¥] 200742012  62.1 18
YOLO VGG-16 200742012 664 21

YOLO
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SSD: Single Shot MultiBox Detector
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Y. Liu, W., et al. "Ssd: Single shot multibox detector”, European conference on computer vision, (2016).
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VGG-16

Extra Feature Layers
A

i

Classifier : Conv: 3x3x(4x(Classes+4))

SSD vs YOLO
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http://cvmldlcnns.blogspot.com/2017/05/ssd-single-shot-multibox-detector.html
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https://medium.com/@jonathan hui/map-mean-average-precision-for-object-detection-45¢121a31173
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Method data |mAP |aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv
Fast R-CNN [5] [07++12| 68.4 |82.3 78.4 70.8 52.3 38.7 77.8 71.6 89.3 44.2 73.0 55.0 87.5 80.5 80.8 72.0 35.1 68.3 65.7 80.4 64.2
Faster R-CNN [15](07++12]70.4 |84.9 79.8 74.3 53.9 49.8 77.5 75.9 88.5 45.6 77.1 55.3 86.9 81.7 809 79.6 40.1 72.6 60.9 81.2 61.5

YOLO [14] 07++12| 57.9 |77.0 67.2 57.7 38.3 22.7 68.3 55.9 814 36.2 60.8 48.5 77.2 723 713 635 289 522 54.8 73.9 50.8
SSD300 [ 1] 07++12|72.4 |85.6 80.1 70.5 57.6 46.2 79.4 76.1 89.2 53.0 77.0 60.8 87.0 83.1 823 794 459 759 69.5 819 67.5
SSD512 [11] 07++12|74.9 [87.4 82.3 75.8 59.0 52.6 81.7 81.5 90.0 55.4 79.0 59.8 88.4 84.3 84.7 833 50.2 78.0 66.3 86.3 72.0
ResNet [0] 07++12|73.8 [86.5 81.6 77.2 58.0 51.0 78.6 76.6 93.2 48.6 80.4 59.0 92.1 85.3 84.8 80.7 48.1 77.3 66.5 84.7 65.6

YOLOv2 544 07++12|73.4 [86.3 82.0 74.8 59.2 51.8 79.8 76.5 90.6 52.1 78.2 58.5 89.3 825 834 813 49.1 77.2 62.4 83.8 68.7

") Redmon, J., and Farhadi, A., "YOLO9000: better, faster, stronger”, Proceedings of the IEEE conference on computer vision and pattern recognition, (2017).
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