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Motivation

Promising development of Computer Vision

Well-researched image detection problem

Well-researched image classi�cation problem

Hot topic in real-time detection

Performance
Noisy and "zero-shot detection" data
Self-driving cars - extra cases

Good implementaions available
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Real-time object detection
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R-CNN
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SSD
Consequent papers

R-CNN (CVPR, 2014) [1]

Figure: R-CNN paper
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R-CNN
Short history

HOG and SIFT had been used for 10 years (for object detection and recogniton)

Gradients, histograms, keypoints

CNNs saw heavy use in the 1990s

In 2012, Krizhevsky et al. [2] rekindled interest in CNNs by showing substantially
higher image classi�cation accuracy on the ImageNet Large Scale Visual
Recognition Challenge (ILSVRC)
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R-CNN
Overview

Try CNN classi�cation on the PASCAL VOC Challenge

Object detection performance has plateaued in the last few years

Proposition a simple and scalable detection algorithm (that improves)

Bridging the chasm between image classi�cation and object detection

Supervised pretraining on a large auxiliary dataset (ILSVRC), followed by
domain-speci�c �ne-tuning on a small dataset (PASCAL), is an e�ective paradigm
for learning high-capacity CNNs when data is scarce

Region proposals + CNN = R-CNN
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R-CNN
Object detection

System consists three modules:

1 Generates category-independent region proposals - Selective Search (can be other)

2 Large convolutional neural network that extracts a �xed-length feature vector from
each region

3 Set of classspeci�c linear SVMs
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R-CNN
Object detection

Figure: R-CNN principal
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R-CNN
Selective search

Figure: Selective Search idea

http://vision.stanford.edu/teaching/cs231b_spring1415/slides/ssearch_

schuyler.pdf
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R-CNN
Feature extraction

Extract a 4096-dimensional feature vector

Using the Ca�e implementation of the CNN described by Krizhevsky et al.

AlexNet

Inputs of a �xed 227 x 227 pixel size
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R-CNN
Feature extraction

Figure: AlexNet

https:

//medium.com/coinmonks/review-r-cnn-object-detection-b476aba290d1
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R-CNN
Test-time detection

Extract around 2000 region proposals with Selective Search

Forward propagate it through the CNN in order to read o� features

Score each extracted feature vector using the SVM trained for that class (for each
class)

Rejects a region if it has an intersection-over-union (IoU) overlap with a higher
scoring selected region larger than a learned threshold

13s/image on a GPU or 53s/image on a CPU)
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R-CNN
Training

Pre-trained the CNN on a large auxiliary dataset (ILSVRC 2012) with image-level
annotations (no bounding box labels)

Domain-speci�c �ne-tuning

Warped region proposals from VOC
Replacing the CNN's ImageNet-speci�c 1000-way classi�cation layer with a
randomly initialized 21-way classi�cation layer
All region proposals with >= 0.5 IoU overlap with a ground-truth box as positives
SGD at a learning rate of 0.001 (1/10th of the initial pre-training rate)
Change IoU overlap threshold using grid search (to optimize validation set result)
Optimizeing one linear SVM per class
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R-CNN
Bounding Box Regression

Train a linear regression model to predict a new detection window given the features for
a selective search region proposal

Figure: R-CNN Bounding Box Regression
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R-CNN
Results on PASCAL VOC 2010-12

Validated all design decisions and hyperparameters on the VOC 2007 dataset

Fine-tuned the CNN on VOC 2012 train and optimized our detection SVMs on
VOC 2012 trainval

Extra Bounding Box regression model compared
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R-CNN
Results on PASCAL VOC 2010-12

Figure: PASCAL VOC 2010 results

Similar performance (53.3% mAP) on VOC 2011/12 test
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Fast R-CNN (ICCV, 2015) [3]

Figure: Fast R-CNN paper
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Fast R-CNN
Overview

Trains the VGG-16

Faster training

Much faster object detection

One-stage pipeline

Higher mAP on PASCAL VOC 2012
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Fast R-CNN
Principle[3]
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Fast R-CNN
Multi-task loss

Multi-task loss L on each labeled RoI used to jointly train for classi�cation and
bounding-box regression.
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Faster R-CNN (NIPS, 2015) [4]

Figure: Faster R-CNN paper
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Faster R-CNN
Overview

Region Proposal Network (RPN) introduced

Entire image as input
Shares full-image convolutional features with the detection network

RPN - fully-convolutional network

Simultaneously predicts object bounds and objectness scores at each position

Region proposal step is nearly cost-free

Frame rate of 5fps (including all steps) on a GPU

Achieving state-of-the-art object detection accuracy on PASCAL VOC 2007 (73.2%
mAP)
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Faster R-CNN
RPN anchors

Figure: Anchors in RPN

https://towardsdatascience.com/

review-faster-r-cnn-object-detection-f5685cb30202
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YOLO (CVPR, 2016) [5]

Figure: YOLO paper
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YOLO
Overview

Processes images in real-time at 45 frames per second

Smaller version of the network (Fast YOLO) - 155 frames per second

Object detection as a regression problem to spatially separated bounding boxes and
associated class probabilities

Makes more localization errors but is less likely to predict false positives on
background
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YOLO [5]
Model
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YOLO
Principal

Dividing entire input image into an SxS grid

Each grid cell predicts only one object
B boundary boxes for each cell

Each bounding box consists of 5 predictions: x, y, w, h and con�dence

Each grid cell also predicts C conditional class probabilities (only one set)
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YOLO
YOLO architecture [5]
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YOLO
YOLO real-time detection

https://medium.com/@jonathan_hui/

real-time-object-detection-with-yolo-yolov2-28b1b93e2088
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SSD (ECCV, 2016) [6]

Figure: SSD paper
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SSD
Overview

Faster than YOLO

Beats the accuracy of the Faster R-CNN (as mAP measure)

No need of the region proposal network

Two main parts

Extraction of features
Convolution �lters to detect objects

End-to-end training
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SSD
Principal [6]
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SSD
Architecture [6]
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Consequent papers

https://towardsdatascience.com/

review-r-fcn-positive-sensitive-score-maps-object-detection-91cd2389345c
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Consequent papers

Fast/Faster R-CNN

R-FCN [9]

YOLO

YOLO9000: Better, Faster, Stronger [10]
YOLOv3: An Incremental Improvement [11]
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Problem overview

Training set is often limited

Keep end-to-end training

Object detection
Object classi�cation
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Few-shot Object Detection via Feature Reweighting (2018) [13]

Figure: Few-shot Object Detection via Feature Reweighting paper
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Few-shot Object Detection via Feature Reweighting
Overview

Few-shot technique into object detection

Two models

Base model
Meta-model

Based on YOLO v2

DarkNet-19 as feature extractor

Weights added to features
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Few-shot Object Detection via Feature Reweighting
Model[13]

Zaborski
Detekcja obiektów w czasie rzeczywistym na podstawie maªej liczby przykªadów ucz¡cych



Motivation
Real-time object detection

Limited data training
Conclusion

Few-shot Object Detection via Feature Reweighting
Training

Base training

Only with base classes
Each iteraton N images used for reweighting - producing N vectors

Few-shot �ne-tuning

Training the model on both base and novel classes
Base and novel set has only k-shots
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Few-shot Object Detection via Feature Reweighting
Architecture[13]
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Few-shot Object Detection via Feature Reweighting
Results [13]
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Siamese Neural Networks for One-shot Image Recognition (ICML, 2015) [7]

Figure: Siamese Neural Network paper
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Siamese Neural Networks for One-shot Image Recognition
Omniglot dataset [7]
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Siamese Neural Networks for One-shot Image Recognition[7]
Overview

One-shot learning

Twin networks with distinct inputs

Identical weights

Energy function at the top
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Siamese Neural Networks for One-shot Image Recognition
Architecture[7]
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Siamese Neural Networks for One-shot Image Recognition
Learning[7]

Figure: Loss function

Backpropagation algorithm

All network weights in the convolutional layers initialized from a normal distribution

Annealing the learning rate - 1% per epoch

Stop of the model at the best epoch according to the one-shot validation error

Training set augmentation with small a�ne distortions
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Siamese Neural Networks for One-shot Image Recognition
Results[7]
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Apple detection during di�erent growth stages in orchards using the
improved YOLO-V3 model (2019) [12]

Figure: Apple detection during di�erent growth stages in orchards using the improved
YOLO-V3 model paper
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Apple detection during di�erent growth stages in orchards using the
improved YOLO-V3 model
Overview

Detect apples during a di�erent growth stage

Improved YOLO-V3 model (DenseNet)

960 images taken

Images for training set strongly augmented (10x)
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Apple detection during di�erent growth stages in orchards using the
improved YOLO-V3 model
Apple detection [12]
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Apple detection during di�erent growth stages in orchards using the
improved YOLO-V3 model
Results [12]
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Conclusion
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Conclusion

Object detection algorithms have evolved over the last few years

Deep learning is the key approach

Training using limited set is new issue
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