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Computer Vision Tasks: Classification vs Detection

L . Cat
* Classification

* Input: Image
e Output: Class Label
Dog

* Detection
* Input: Image

e Output: Bounding-box of Object
(XI yl WI h)




Methods for Object Detection

* Region Proposals Method
e Sliding Window Method

* Regress on Object Position
* Want to learn a function that takes the image as input, and output the
bounding-box of the object in the image.

 Classic MeannSquare Error Loss Function:

1 . " N ~ 2

loss = gz ((xi —x)%* + @ —yD? + W; —w)? + (h; —hy) )
i=1

* Regression function is learned by minimizing the loss function.




Detection as Regression - Intuition
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Multiclass, Single Object Detection Using ConvNet
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What About Multiclass, Multi-Object Detection?




Multiclass, Multi-Object Detection Using ConvNet

* Splitimage into cells.

* For each cell, train a detector that is responsible for detecting
objects around that cell.

* The receptive field of a detector is still the whole image

* Objects number and positions are not fixed; use more cells than
needed
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The YOLO Object Detection Model
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and C' class probabilities. These predictions are encoded as an

S % 8 x (B %5+ C) tensor. Divide the image into 7x7 cells.

For evaluating YOLO on PASCAL VOC, we use S = 7, Each cell trains a detector.
B = 2. PASCAL VOC has 20 labelled classes so C' = 20. The detector needs to predict the object’s class distributions.
Our final prediction is a 7 X 7 x 30 tensor. The detector has 2 bounding-box predictors to predict

bounding-boxes and confidence scores.




The YOLO Object Detection Model - Training
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is assigned to a cell for its detection. T ) )
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to be responsible for detecting the ground-truth object.



Ssummary

* YOLO is a very fast and accurate multiclass multi-object detection
algorithm.

* It divide image into cell; for each cell it trains a detector responsible
for detecting objects around that cell.

* Its network has multiple outputs, each one of which corresponds to a
detector trained for a cell.

* Implication
* |t's possible to train a ConvNet model to pay attention to a particular area of
an image
* It’s possible to combine different perception tasks into the same network.



Thank You!

Questions?



