
Image Analysis ll
Object Detection – RCNN/YOLO/SSD
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Region-Based CNNs (R-CNNs)

• Classical way (how to localize/detect object) is based on sliding window technique



Region-Based CNNs (R-CNNs)

CNNs

• Disadvantages of sliding window with the use off very deep CNNs for object detection

• many different image regions

• each region is used as an input for CNNs

• computational cost – overlapping regions (stride parameters)

• duplicated operations



https://arxiv.org/abs/2304.00501
https://arxiv.org/abs/2305.17786
https://arxiv.org/abs/1506.02640

https://arxiv.org/abs/2304.00501
https://arxiv.org/abs/2305.17786
https://arxiv.org/abs/1506.02640


8

Intersection, Union

Union Intersection IoU = ? IoU = ?

IoU = Area of Overlap / Area of Union
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Non-max Suppresion

How select only one box?
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Non-max Suppresion

How select only one box?

1. Discard all boxes with confidence smaller or 
equal to 0.6

2. Select the box with largest confidence

3. Discard all remaining box with IoU greater or 
equal to 0.5
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Non-max Suppresion

How select only one box?

1. Discard all boxes with confidence smaller or 
equal to 0.6

2. Select the box with largest confidence

3. Discard all remaining box with IoU greater or 
equal to 0.5
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Non-max Suppresion

How select only one box?

1. Discard all boxes with confidence smaller or 
equal to 0.6

2. Select the box with largest confidence

3. Discard all remaining box with IoU greater or 
equal to 0.5



Region-Based CNNs (R-CNNs)

• R-CNN
• Girshick, R., Donahue, J., Darrell, T., & Malik, J. (2014). Rich feature hierarchies for accurate object detection 

and semantic segmentation. Proceedings of the IEEE conference on computer vision and pattern 
recognition (pp. 580–587).

• Fast R-CNN 
•  Girshick, R. (2015). Fast r-cnn. Proceedings of the IEEE international conference on computer vision (pp. 1440–

1448).

• Faster R-CNN
• Ren, S., He, K., Girshick, R., & Sun, J. (2015). Faster r-cnn: towards real-time object detection with region 

proposal networks. Advances in neural information processing systems (pp. 91–99).

• Mask R-CNN
• He, K., Gkioxari, G., Dollár, P., & Girshick, R. (2017). Mask r-cnn. Proceedings of the IEEE international conference 

on computer vision (pp. 2961–2969).
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• R-CNN - 2014
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Region-Based CNNs (R-CNNs)

• R-CNN - 2014

• (1) takes an input image
• (2) extracts around 2000 bottom-up regions using selective search

• J. Uijlings, K. van de Sande, T. Gevers, and A. Smeulders. Selective search for object recognition. IJCV, 2013
• (3) computes features for each region using a large convolutional neural network (CNN)

• AlexNet is used to compute the features (227×227 pixels)
• (4) classifies each region using class-specific linear SVMs



Region-Based CNNs (Fast R-CNNs)

• R-CNN vs. Fast R-CNN – 2015
• different shapes of regions > fully connected layers require fixed shape

Fast R-CNN 

R-CNN 

[1] https://towardsdatascience.com/region-of-interest-pooling-f7c637f409af
[2] https://towardsdatascience.com/understanding-region-of-interest-part-1-roi-pooling-e4f5dd65bb44

https://towardsdatascience.com/region-of-interest-pooling-f7c637f409af
https://towardsdatascience.com/understanding-region-of-interest-part-1-roi-pooling-e4f5dd65bb44


Region-Based CNNs (Fast R-CNNs)

• Fast R-CNN – 2015
• different shapes of regions > fully connected layers require fixed shape

• ROI Pooling (Region of interest pooling) solves the problem
• for every ROI (proposal) from the input, feature map which corresponds to that ROI is selected
• transform this feature-map into a fixed dimension map 

[1] https://towardsdatascience.com/region-of-interest-pooling-f7c637f409af
[2] https://towardsdatascience.com/understanding-region-of-interest-part-1-roi-pooling-e4f5dd65bb44

https://towardsdatascience.com/region-of-interest-pooling-f7c637f409af
https://towardsdatascience.com/understanding-region-of-interest-part-1-roi-pooling-e4f5dd65bb44


Region-Based CNNs (Fast R-CNNs)

• Fast R-CNN – 2015
• different shapes of regions > fully connected layers require fixed shape

• Example ([1, 2]): 
• input image size is 1056x640 
• after several conv and pool operations the output feature map size is reduced to 66x40
•  this feature map is used by ROI pooling layer

[1] https://towardsdatascience.com/region-of-interest-pooling-f7c637f409af
[2] https://towardsdatascience.com/understanding-region-of-interest-part-1-roi-pooling-e4f5dd65bb44

1056x640 VGG-16 66x40 feature map

https://towardsdatascience.com/region-of-interest-pooling-f7c637f409af
https://towardsdatascience.com/understanding-region-of-interest-part-1-roi-pooling-e4f5dd65bb44
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• different shapes of regions > fully connected layers require fixed shape

• Example ([1, 2]): 
• input image size is 1056x640 
• after several conv and pool operations the output feature map size is reduced to 66x40
•  this feature map is used by ROI pooling layer
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Region-Based CNNs (Fast R-CNNs)

• Fast R-CNN – 2015
• different shapes of regions > fully connected layers require fixed shape

• Example ([1, 2]): input image size is 1056x640 
• after several conv and pool operations the output feature map size is reduced to 66x40
•  this feature map is used by ROI pooling layer
• Get RoIs from the feature map?
• The extracted regions of interest (proposal) are generated based on input image size, so we need to rescale 

these regions to feature map size. In this particular case by 16 (1056/66=16 or 640/40=16).
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Region-Based CNNs (Fast R-CNNs)

• Fast R-CNN – 2015
• different shapes of regions > fully connected layers require fixed shape

• Example ([1, 2]): 
• input image size is 1056x640 
• after several conv and pool operations the output feature map size is reduced to 66x40
•  this feature map is used by ROI pooling layer
• Get RoIs from the feature map?
• The extracted regions of interest (proposal) are generated based on input image size, so we need to rescale 

these regions to feature map size. In this particular case by 16 (1056/66=16 or 640/40=16).
• For every proposal in the input proposals, we take the corresponding feature map section and divide that 

section into W*H. After that take the maximum element of each block and copy to the output. So as the 
output we obtain fixed dimension feature map irrespective of the various sizes of the input proposals.

[1] https://towardsdatascience.com/region-of-interest-pooling-f7c637f409af
[2] https://towardsdatascience.com/understanding-region-of-interest-part-1-roi-pooling-e4f5dd65bb44

https://towardsdatascience.com/region-of-interest-pooling-f7c637f409af
https://towardsdatascience.com/understanding-region-of-interest-part-1-roi-pooling-e4f5dd65bb44


Region-Based CNNs (Fast R-CNNs)

• Fast R-CNN – 2015
• different shapes of regions > fully connected layers require fixed shape

• ROI Pooling (Region of interest pooling) solves the problem

[1] https://towardsdatascience.com/region-of-interest-pooling-f7c637f409af
[2] https://towardsdatascience.com/understanding-region-of-interest-part-1-roi-pooling-e4f5dd65bb44

After the pooling process, (for example) the 
3x3x512 matrixes can be used as input for FC 
layers for further processing. For each region we 
obtain fixed size of vector.

source: https://miro.medium.com/max/840/1*5V5mycIRNu-mK-rPywL57w.gif

https://towardsdatascience.com/region-of-interest-pooling-f7c637f409af
https://towardsdatascience.com/understanding-region-of-interest-part-1-roi-pooling-e4f5dd65bb44
https://miro.medium.com/max/840/1*5V5mycIRNu-mK-rPywL57w.gif


Region-Based CNNs (Faster R-CNNs)

• Faster R-CNN – 2015

• Selective search in R-CNN and Fast R-CNN is replaced by Region Proposal Network

• two modules:
• 1. module is a deep fully convolutional network that proposes regions
• 2. module is the Fast R-CNN detector that uses the proposed regions

https://arxiv.org/abs/1506.01497



Region-Based CNNs (Faster R-CNNs)

• Faster R-CNN – 2015

https://arxiv.org/abs/1506.01497



Region-Based CNNs (Mask R-CNNs)

https://arxiv.org/abs/1506.01497
https://arxiv.org/abs/1703.06870

https://arxiv.org/abs/1506.01497
https://arxiv.org/abs/1703.06870


Mask R-CNNs

https://arxiv.org/abs/1506.01497
https://arxiv.org/abs/1703.06870

https://arxiv.org/abs/1506.01497
https://arxiv.org/abs/1703.06870


Region-Based CNNs (Mask R-CNNs)

• Mask R-CNN – 2017

https://arxiv.org/abs/1506.01497
https://arxiv.org/abs/1703.06870

https://arxiv.org/abs/1506.01497
https://arxiv.org/abs/1703.06870


Region-Based CNNs (Faster R-CNNs)

• EXAMPLE Faster R-CNN – PyTorch

https://arxiv.org/abs/1506.01497
https://arxiv.org/abs/1703.06870

https://pytorch.org/vision/main/generated/torchvision.models.detection.fasterrcnn_resnet50_fpn.html

https://arxiv.org/abs/1506.01497
https://arxiv.org/abs/1703.06870
https://pytorch.org/vision/main/generated/torchvision.models.detection.fasterrcnn_resnet50_fpn.html


Region-Based CNNs (Faster R-CNNs)

• EXAMPLE Faster R-CNN – PyTorch

https://arxiv.org/abs/1506.01497
https://arxiv.org/abs/1703.06870

coco_names = [ '__background__', 'person', 'bicycle', 'car', 'motorcycle', 'airplane', 'bus', 'train', 'truck', 

'boat', 'traffic light', 'fire hydrant', 'N/A', 'stop sign', 'parking meter', 'bench', 'bird', 'cat', 'dog', 'horse', 'sheep', 

'cow', 'elephant', 'bear', 'zebra', 'giraffe', 'N/A', 'backpack', 'umbrella', 'N/A', 'N/A', 'handbag', 'tie', 'suitcase', 

'frisbee', 'skis', 'snowboard', 'sports ball', 'kite', 'baseball bat', 'baseball glove', 'skateboard', 'surfboard', 

'tennis racket', 'bottle', 'N/A', 'wine glass', 'cup', 'fork', 'knife', 'spoon', 'bowl', 'banana', 'apple', 'sandwich', 

'orange', 'broccoli', 'carrot', 'hot dog', 'pizza', 'donut', 'cake', 'chair', 'couch', 'potted plant', 'bed', 'N/A', 'dining 

table', 'N/A', 'N/A', 'toilet', 'N/A', 'tv', 'laptop', 'mouse', 'remote', 'keyboard', 'cell phone', 'microwave', 'oven', 

'toaster', 'sink', 'refrigerator', 'N/A', 'book', 'clock', 'vase', 'scissors', 'teddy bear', 'hair drier', 'toothbrush' ] 

https://arxiv.org/abs/1506.01497
https://arxiv.org/abs/1703.06870


Region-Based CNNs (Faster R-CNNs)

• EXAMPLE Faster R-CNN – PyTorch

https://arxiv.org/abs/1506.01497
https://arxiv.org/abs/1703.06870

https://arxiv.org/abs/1506.01497
https://arxiv.org/abs/1703.06870


YOLO

• YOLO - You Only Look Once

https://arxiv.org/abs/1506.02640

Terven, J.R., & Córdova-Esparza, D. (2023). A Comprehensive Review of YOLO: From YOLOv1 and Beyond. https://arxiv.org/abs/2304.00501

https://arxiv.org/abs/1506.02640
https://arxiv.org/abs/2304.00501


YOLO

• YOLOv1 - You Only Look Once

https://arxiv.org/abs/2304.00501
https://arxiv.org/abs/2305.17786
https://arxiv.org/abs/1506.02640

https://arxiv.org/abs/2304.00501
https://arxiv.org/abs/2305.17786
https://arxiv.org/abs/1506.02640


YOLO

https://arxiv.org/abs/2304.00501
https://arxiv.org/abs/2305.17786
https://arxiv.org/abs/1506.02640

https://github.com/watersink/yolov1_tutorial
https://docs.google.com/presentation/d/1aeRvtKG21KHdD5lg6Hgyhx5rPq_ZO sGjG5rJ1HP7BbA/edit#slide=id.g137784ab86_4_4011

YOLOv1 - You Only Look Once 
- divide image into grid cells

https://arxiv.org/abs/2304.00501
https://arxiv.org/abs/2305.17786
https://arxiv.org/abs/1506.02640
https://github.com/watersink/yolov1_tutorial
https://docs.google.com/presentation/d/1aeRvtKG21KHdD5lg6Hgyhx5rPq_ZOsGjG5rJ1HP7BbA/edit


YOLO

https://arxiv.org/abs/2304.00501
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https://github.com/watersink/yolov1_tutorial
https://docs.google.com/presentation/d/1aeRvtKG21KHdD5lg6Hgyhx5rPq_ZO sGjG5rJ1HP7BbA/edit#slide=id.g137784ab86_4_4011

YOLOv1 - You Only Look Once 
- divide image into grid cells 
- for each cell -> bounding box predictions

https://arxiv.org/abs/2304.00501
https://arxiv.org/abs/2305.17786
https://arxiv.org/abs/1506.02640
https://github.com/watersink/yolov1_tutorial
https://docs.google.com/presentation/d/1aeRvtKG21KHdD5lg6Hgyhx5rPq_ZOsGjG5rJ1HP7BbA/edit


YOLO

https://arxiv.org/abs/2304.00501
https://arxiv.org/abs/2305.17786
https://arxiv.org/abs/1506.02640

https://github.com/watersink/yolov1_tutorial
https://docs.google.com/presentation/d/1aeRvtKG21KHdD5lg6Hgyhx5rPq_ZO sGjG5rJ1HP7BbA/edit#slide=id.g137784ab86_4_4011

YOLOv1 - You Only Look Once
- divide image into grid cells
- for each cell -> bounding box predictions
- each box is described by x, y, w, h, Pc
- based on the middle point of each object, 

the responsible cell is selected
- each cell is responsible for one object

https://arxiv.org/abs/2304.00501
https://arxiv.org/abs/2305.17786
https://arxiv.org/abs/1506.02640
https://github.com/watersink/yolov1_tutorial
https://docs.google.com/presentation/d/1aeRvtKG21KHdD5lg6Hgyhx5rPq_ZOsGjG5rJ1HP7BbA/edit


YOLO

• YOLOv1

https://arxiv.org/abs/2304.00501
https://arxiv.org/abs/2305.17786
https://arxiv.org/abs/1506.02640

https://arxiv.org/abs/2304.00501
https://arxiv.org/abs/2305.17786
https://arxiv.org/abs/1506.02640


YOLO

• YOLOv1 – multi-part loss function
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https://arxiv.org/abs/2304.00501
https://arxiv.org/abs/2305.17786
https://arxiv.org/abs/1506.02640


YOLO

• YOLOv1 – multi-part loss function

https://arxiv.org/abs/2304.00501
https://arxiv.org/abs/2305.17786
https://arxiv.org/abs/1506.02640

localization loss

Sum of Square Error (SSE) of how 
close is the position (and size) of 
bounding box to the ground truth

https://arxiv.org/abs/2304.00501
https://arxiv.org/abs/2305.17786
https://arxiv.org/abs/1506.02640


YOLO

• YOLOv1 – multi-part loss function

https://arxiv.org/abs/2304.00501
https://arxiv.org/abs/2305.17786
https://arxiv.org/abs/1506.02640

localization loss

confidence loss

Sum of Square Error (SSE) of how 
close is the position (and size) of 
bounding box to the ground truth

SSE of how close is the confidence 
score to the ground truth

https://arxiv.org/abs/2304.00501
https://arxiv.org/abs/2305.17786
https://arxiv.org/abs/1506.02640


YOLO

• YOLOv1 – multi-part loss function

https://arxiv.org/abs/2304.00501
https://arxiv.org/abs/2305.17786
https://arxiv.org/abs/1506.02640

localization loss

confidence loss

Sum of Square Error (SSE) of how 
close is the position (and size) of 
bounding box to the ground truth

SSE of how close is the confidence 
score to the ground truth

classification loss

SSE of how close is the predicted 
class probabilities to the ground 
truth

https://arxiv.org/abs/2304.00501
https://arxiv.org/abs/2305.17786
https://arxiv.org/abs/1506.02640


YOLO vs. Fast R-CNN

https://arxiv.org/abs/1506.02640

https://arxiv.org/abs/1506.02640


YOLO

https://arxiv.org/abs/1506.02640

https://youtu.be/NM6lrxy0bxs?si=v1aZzezBOguAgra7

https://arxiv.org/abs/1506.02640
https://youtu.be/NM6lrxy0bxs?si=v1aZzezBOguAgra7
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https://arxiv.org/abs/2304.00501
https://arxiv.org/abs/2305.17786
https://arxiv.org/abs/1506.02640


https://arxiv.org/abs/1612.08242

YOLOv2

https://arxiv.org/abs/1612.08242
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YOLOv2

https://arxiv.org/abs/1612.08242


https://arxiv.org/abs/1612.08242

YOLOv2

• Batch normalization
• Darknet-19 backbone
• Anchor boxes
• Multiscale training
• Finner-grained features

https://arxiv.org/abs/1612.08242


https://arxiv.org/abs/1612.08242

YOLOv2

• Batch normalization
• Darknet-19 backbone
• Anchor boxes
• Multiscale training
• Finner-grained features

https://arxiv.org/abs/1612.08242


https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/2304.00501

YOLOv3

https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/2304.00501


https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/2304.00501

YOLOv3

X. Nie, M. Yang and R. W. Liu, "Deep Neural Network-Based Robust Sh ip Detection Under Different Weather Conditions," 2019 IEEE 

Intelligent Transportation Systems Conference (ITSC), Auckland, New Zealand, 2019, pp. 47-52, doi: 10.1109/ITSC.2019.8917475.

https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/2304.00501


https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/2304.00501

YOLOv3

• Darknet-53
• Residual blocks
• 3 different scales
• Feature pyramid net.

https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/2304.00501


https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/2304.00501

BOXES

• YOLOv1
• 98 boxes
• 7x7 cells, 2 boxes per cell

• YOLOv2
• 845 boxes
• 13x13 cells, 5 anchor boxes

• YOLOv3
• 10647 boxes
• 13x13, 26x26, 52x52 cells, 3 anchor boxes

https://blog.roboflow.com/what-is-an-anchor-box/
https://community.ultralytics.com/t/anchor-boxes-interpretation/146/5

https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/2304.00501
https://blog.roboflow.com/what-is-an-anchor-box/
https://community.ultralytics.com/t/anchor-boxes-interpretation/146/5


https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/2304.00501

YOLOv5

https://github.com/ultralytics/yolov5/issues/280
https://docs.ultralytics.com/yolov5/tutorials/architecture_description/#1-model-structure
https://github.com/ultralytics/yolov5/issues/6998

https://github.com/ultralytics/yolov5/issues/280#issuecomment-1000948444

https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/2304.00501
https://github.com/ultralytics/yolov5/issues/280
https://docs.ultralytics.com/yolov5/tutorials/architecture_description/
https://github.com/ultralytics/yolov5/issues/6998
https://github.com/ultralytics/yolov5/issues/280
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https://arxiv.org/abs/2304.00501
https://arxiv.org/abs/2305.17786
https://arxiv.org/abs/1506.02640
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https://arxiv.org/abs/1512.02325

https://arxiv.org/abs/1512.02325
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SSD

https://arxiv.org/abs/1512.02325

https://arxiv.org/abs/1512.02325
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Anchor Boxes

https://arxiv.org/abs/1512.02325 https://arxiv.org/abs/1506.01497

https://arxiv.org/abs/1512.02325
https://arxiv.org/abs/1506.01497
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Anchor Boxes

Face
Pedestrian
Car
...
..
..

Sizes can be obtained from dataset

https://arxiv.org/abs/1512.02325
https://arxiv.org/abs/1506.01497

https://arxiv.org/abs/1512.02325
https://arxiv.org/abs/1506.01497
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SSD

cnn layers make predictions, each with different anchor boxes

https://arxiv.org/abs/1512.02325

https://arxiv.org/abs/1512.02325
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SSD

https://arxiv.org/abs/1512.02325

https://arxiv.org/abs/1512.02325
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SSD

https://arxiv.org/abs/1512.02325

https://arxiv.org/abs/1512.02325
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PyTorch Example

https://pytorch.org/vision/stable/models.html#object-detection-instance-segmentation-and-person-keypoint-detection

https://pytorch.org/vision/stable/models.html


77

FPN/RETINA NET

https://arxiv.org/abs/1708.02002
https://arxiv.org/abs/1612.03144

https://arxiv.org/abs/1708.02002
https://arxiv.org/abs/1612.03144
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FPN/RETINA NET

https://arxiv.org/abs/1708.02002
https://arxiv.org/abs/1612.03144

https://arxiv.org/abs/1708.02002
https://arxiv.org/abs/1612.03144
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