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Review: YOLO
• Divide the image into a coarse grid and directly predict class 

label and a few candidate boxes for each grid cell

J. Redmon, S. Divvala, R. Girshick, and A. Farhadi, You Only Look Once: Unified, Real-Time 
Object Detection, CVPR 2016

• At each location, predict a score for each class and two 
bboxes w/ confidences

• For PASCAL, output is 7×7×30	(30 = 20	 + 	2 ∗ (4 + 1))

https://pjreddie.com/media/files/papers/yolo_1.pdf
https://pjreddie.com/media/files/papers/yolo_1.pdf
https://pjreddie.com/media/files/papers/yolo_1.pdf
https://pjreddie.com/media/files/papers/yolo_1.pdf


Two-stage detectors: R-CNN family

Fast R-CNN (Girshick, 
ICCV 2015)

Mask R-CNN (He et al., ICCV 2017)

R-CNN (Girshick et al., 
CVPR 2014)

Faster R-CNN (Ren et al., 
NeurIPS 2015)

http://arxiv.org/pdf/1504.08083.pdf
http://arxiv.org/pdf/1504.08083.pdf
http://arxiv.org/pdf/1504.08083.pdf
https://research.fb.com/wp-content/uploads/2017/08/maskrcnn.pdf
https://research.fb.com/wp-content/uploads/2017/08/maskrcnn.pdf
https://research.fb.com/wp-content/uploads/2017/08/maskrcnn.pdf
https://arxiv.org/pdf/1311.2524.pdf
https://arxiv.org/pdf/1311.2524.pdf
https://arxiv.org/pdf/1311.2524.pdf
http://arxiv.org/pdf/1506.01497.pdf
http://arxiv.org/pdf/1506.01497.pdf
http://arxiv.org/pdf/1506.01497.pdf


Outline
• Faster R-CNN 

• Region proposal network (RPN)
• RoI pooling

• Mask R-CNN
• Other detectors
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S. Ren et al. Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks. NeurIPS 2015

proposals
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http://arxiv.org/pdf/1506.01497.pdf


Region proposal network (RPN)
• Idea: Tile the image with category-independent “anchor boxes” 

of a set size and try to predict how likely each anchor is to 
contain an object

Figure source: J. Johnson

Anchor is 
an object?

https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture15.pdf
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Region proposal network (RPN)
• Idea: Tile the image with category-independent “anchor boxes” 

of a set size and try to predict how likely each anchor is to 
contain an object

• Introduce anchor boxes at multiple scales and aspect ratios to 
handle a wider range of object sizes and shapes

Anchor is an object?
Anchor is an object?
Anchor is an object?
Anchor is an object?

Figure source: J. Johnson

https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture15.pdf


Region proposal network (RPN)
• Implementation: put conv layers over low-resolution feature 

grid, for each grid location predict “object/no object” scores 
and bounding box regression coordinates

(obj score, coords)
(obj score, coords)
(obj score, coords)
(obj score, coords)
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Region proposal network (RPN)
• Slide a small window (3x3) over the conv5 feature maps

• Predict object/no object
• Regress bounding box coordinates with reference to anchors 

(3 scales x 3 aspect ratios)



Regression relative to anchor box
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RPN loss
• For a set of anchors indexed by 𝑖, the RPN predicts BB coordinates "𝑏!  

and object/no-object probabilities 𝑝̂! . The loss is given by

𝐿 𝑝̂! , %𝑏! = 𝜆"#$)
!
𝐿"#$(𝑝! , 𝑝̂!) + 𝜆%&')

!
𝐿%&'(𝑏! , %𝑏!) 

• Regression loss: smooth 𝐿" loss on top of offsets relative to the anchor 
(summed over BB coordinates)

logistic loss regression loss
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CNN

Feature map
(e.g., 20 x 15 x 512)

RoI pooling

Input Image
(e.g., 640 x 480 x 3)

Source: J. Johnson

https://web.eecs.umich.edu/~justincj/slides/eecs498/WI2022/598_WI2022_lecture14.pdf


CNN

RoI pooling

Source: J. Johnson

Project proposal 
onto features

Feature map
(e.g., 20 x 15 x 512)

Input Image
(e.g., 640 x 480 x 3)

https://web.eecs.umich.edu/~justincj/slides/eecs498/WI2022/598_WI2022_lecture14.pdf


CNN

RoI pooling

Source: J. Johnson

Project proposal 
onto features

“Snap” proposal to 
feature grid

Want fixed-size RoI 
representation 
regardless of its size

Feature map
(e.g., 20 x 15 x 512)

Input Image
(e.g., 640 x 480 x 3)

https://web.eecs.umich.edu/~justincj/slides/eecs498/WI2022/598_WI2022_lecture14.pdf


CNN

RoI pooling

Source: J. Johnson

Project proposal 
onto features

Divide into (roughly) 
equal sub-regions

Feature map
(e.g., 20 x 15 x 512)

Input Image
(e.g., 640 x 480 x 3)

https://web.eecs.umich.edu/~justincj/slides/eecs498/WI2022/598_WI2022_lecture14.pdf


CNN

Project proposal 
onto features

Max-pool within 
each subregion

Region features
(here 2 x 2 x 512;

In practice 7 x 7 x 512)

Divide into (roughly) 
equal sub-regions

RoI pooling

Source: J. Johnson

Feature map
(e.g., 20 x 15 x 512)

Input Image
(e.g., 640 x 480 x 3)

https://web.eecs.umich.edu/~justincj/slides/eecs498/WI2022/598_WI2022_lecture14.pdf


RoI pooling illustration

Image source

https://deepsense.ai/region-of-interest-pooling-explained/


Final prediction stage
• For each RoI, predict probabilities for 𝐶 + 1 classes (class 0 

is background) and four bounding box offsets for 𝐶 classes

R. Girshick. Fast R-CNN. ICCV 2015

http://arxiv.org/pdf/1504.08083.pdf
http://arxiv.org/pdf/1504.08083.pdf
http://arxiv.org/pdf/1504.08083.pdf
http://arxiv.org/pdf/1504.08083.pdf


Faster R-CNN losses and joint training
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Results on PASCAL VOC



Multiscale detection: RetinaNet
• Classification subnet: predict the probability of object at each position 

for each of A anchors and K object classes
• Box subnet: for each position and each anchor, predict offset to ground 

truth box (if any)

T.-Y. Lin, P. Goyal, R. Girshick, K. He, P. Dollar, Focal loss for dense object detection, ICCV 2017

https://arxiv.org/pdf/1708.02002.pdf
https://arxiv.org/pdf/1708.02002.pdf


Multiscale detection: RetinaNet
• Focal loss: down-weight the standard cross-entropy loss for well-

classified examples

T.-Y. Lin, P. Goyal, R. Girshick, K. He, P. Dollar, Focal loss for dense object detection, ICCV 2017

https://arxiv.org/pdf/1708.02002.pdf


RetinaNet: Results

T.-Y. Lin, P. Goyal, R. Girshick, K. He, P. Dollar, Focal loss for dense object detection, ICCV 2017

https://arxiv.org/pdf/1708.02002.pdf


Outline
• Faster R-CNN 

• Region proposal network (RPN)
• RoI pooling

• Mask R-CNN



Instance segmentation

K. He, G. Gkioxari, P. Dollar, and R. Girshick. Mask R-CNN. ICCV 2017

https://research.fb.com/wp-content/uploads/2017/08/maskrcnn.pdf
https://research.fb.com/wp-content/uploads/2017/08/maskrcnn.pdf
https://research.fb.com/wp-content/uploads/2017/08/maskrcnn.pdf


Mask R-CNN
• Mask R-CNN = Faster R-CNN + dense prediction on RoIs

K. He, G. Gkioxari, P. Dollar, and R. Girshick. Mask R-CNN. ICCV 2017

Mask branch: separately predict segmentation 
for each possible class

Classification+regression 
branch

https://research.fb.com/wp-content/uploads/2017/08/maskrcnn.pdf
https://research.fb.com/wp-content/uploads/2017/08/maskrcnn.pdf
https://research.fb.com/wp-content/uploads/2017/08/maskrcnn.pdf


RoIPool: Nearest neighbor quantization

Source: K. He, R. Girshick



RoIAlign: Bilinear interpolation

Source: K. He, R. Girshick



Bilinear interpolation

http://en.wikipedia.org/wiki/Bilinear_interpolation
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Mask R-CNN

Mask branch: separately predict segmentation 
for each possible class

Classification+regression 
branch



Mask R-CNN
• From RoIAlign features, predict class label, bounding box, 

and segmentation mask

Separately predict binary 
mask for each class with 
per-pixel sigmoids, use 
average binary cross-
entropy loss

Classification/regression 
head from an established 
object detector



Mask R-CNN



Example results



Example results



Instance segmentation results on COCO

AP at different IoU 
thresholds

AP for different 
size instances



Keypoint prediction
• Given 𝐾 keypoints, train model to predict 𝐾 𝑚	×	𝑚	one-hot maps 

with cross-entropy losses over 𝑚( outputs 
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Run backbone CNN to get 
features aligned to input image

Fully convolutional one-stage detector (FCOS)
• “Anchor-free” approach

Tian et al., FCOS: Fully Convolutional One-Stage Object Detection, ICCV 2019

Figure source: 
J. Johnson

https://openaccess.thecvf.com/content_ICCV_2019/papers/Tian_FCOS_Fully_Convolutional_One-Stage_Object_Detection_ICCV_2019_paper.pdf
https://openaccess.thecvf.com/content_ICCV_2019/papers/Tian_FCOS_Fully_Convolutional_One-Stage_Object_Detection_ICCV_2019_paper.pdf
https://openaccess.thecvf.com/content_ICCV_2019/papers/Tian_FCOS_Fully_Convolutional_One-Stage_Object_Detection_ICCV_2019_paper.pdf
https://web.eecs.umich.edu/~justincj/slides/eecs498/WI2022/598_WI2022_lecture14.pdf


For each class, predict 
whether location falls 
inside a GT bounding box

Fully convolutional one-stage detector (FCOS)
• “Anchor-free” approach

Tian et al., FCOS: Fully Convolutional One-Stage Object Detection, ICCV 2019

Figure source: 
J. Johnson

https://openaccess.thecvf.com/content_ICCV_2019/papers/Tian_FCOS_Fully_Convolutional_One-Stage_Object_Detection_ICCV_2019_paper.pdf
https://openaccess.thecvf.com/content_ICCV_2019/papers/Tian_FCOS_Fully_Convolutional_One-Stage_Object_Detection_ICCV_2019_paper.pdf
https://openaccess.thecvf.com/content_ICCV_2019/papers/Tian_FCOS_Fully_Convolutional_One-Stage_Object_Detection_ICCV_2019_paper.pdf
https://web.eecs.umich.edu/~justincj/slides/eecs498/WI2022/598_WI2022_lecture14.pdf


For positive points, also 
regress distance to left, right, 
top, and bottom of GT box 
(with L2 loss)

T

B

L R

Fully convolutional one-stage detector (FCOS)
• “Anchor-free” approach

Tian et al., FCOS: Fully Convolutional One-Stage Object Detection, ICCV 2019

Figure source: 
J. Johnson

https://openaccess.thecvf.com/content_ICCV_2019/papers/Tian_FCOS_Fully_Convolutional_One-Stage_Object_Detection_ICCV_2019_paper.pdf
https://openaccess.thecvf.com/content_ICCV_2019/papers/Tian_FCOS_Fully_Convolutional_One-Stage_Object_Detection_ICCV_2019_paper.pdf
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https://web.eecs.umich.edu/~justincj/slides/eecs498/WI2022/598_WI2022_lecture14.pdf
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Fully convolutional one-stage detector (FCOS)
• “Anchor-free” approach

Tian et al., FCOS: Fully Convolutional One-Stage Object Detection, ICCV 2019

For positive points, also 
regress distance to left, right, 
top, and bottom of GT box 
(with L2 loss)

Weight detections by 
“centerness” and confidence, 
perform NMS

Figure source: 
J. Johnson

https://openaccess.thecvf.com/content_ICCV_2019/papers/Tian_FCOS_Fully_Convolutional_One-Stage_Object_Detection_ICCV_2019_paper.pdf
https://openaccess.thecvf.com/content_ICCV_2019/papers/Tian_FCOS_Fully_Convolutional_One-Stage_Object_Detection_ICCV_2019_paper.pdf
https://openaccess.thecvf.com/content_ICCV_2019/papers/Tian_FCOS_Fully_Convolutional_One-Stage_Object_Detection_ICCV_2019_paper.pdf
https://web.eecs.umich.edu/~justincj/slides/eecs498/WI2022/598_WI2022_lecture14.pdf


Fully convolutional one-stage detector (FCOS)

Tian et al., FCOS: Fully Convolutional One-Stage Object Detection, ICCV 2019

https://openaccess.thecvf.com/content_ICCV_2019/papers/Tian_FCOS_Fully_Convolutional_One-Stage_Object_Detection_ICCV_2019_paper.pdf
https://openaccess.thecvf.com/content_ICCV_2019/papers/Tian_FCOS_Fully_Convolutional_One-Stage_Object_Detection_ICCV_2019_paper.pdf
https://openaccess.thecvf.com/content_ICCV_2019/papers/Tian_FCOS_Fully_Convolutional_One-Stage_Object_Detection_ICCV_2019_paper.pdf


CornerNet

H. Law and J. Deng, CornerNet: Detecting Objects as Paired Keypoints, ECCV 2018

https://openaccess.thecvf.com/content_ECCV_2018/papers/Hei_Law_CornerNet_Detecting_Objects_ECCV_2018_paper.pdf


CornerNet

H. Law and J. Deng, CornerNet: Detecting Objects as Paired Keypoints, ECCV 2018

https://openaccess.thecvf.com/content_ECCV_2018/papers/Hei_Law_CornerNet_Detecting_Objects_ECCV_2018_paper.pdf


CenterNet

K. Duan et al. CenterNet: Keypoint Triplets for Object Detection, ICCV 2019

• Use an additional center point to verify predictions:

https://openaccess.thecvf.com/content_ICCV_2019/papers/Duan_CenterNet_Keypoint_Triplets_for_Object_Detection_ICCV_2019_paper.pdf


CenterNet

K. Duan et al. CenterNet: Keypoint Triplets for Object Detection, ICCV 2019

https://openaccess.thecvf.com/content_ICCV_2019/papers/Duan_CenterNet_Keypoint_Triplets_for_Object_Detection_ICCV_2019_paper.pdf


CenterNet

K. Duan et al. CenterNet: Keypoint Triplets for Object Detection, ICCV 2019

https://openaccess.thecvf.com/content_ICCV_2019/papers/Duan_CenterNet_Keypoint_Triplets_for_Object_Detection_ICCV_2019_paper.pdf


Detection Transformer (DETR)

N. Carion et al., End-to-end object detection with transformers, ECCV 2020

https://arxiv.org/pdf/2005.12872.pdf
https://arxiv.org/pdf/2005.12872.pdf
https://arxiv.org/pdf/2005.12872.pdf
https://arxiv.org/pdf/2005.12872.pdf
https://arxiv.org/pdf/2005.12872.pdf

