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·AIPKU· How to Describe Objects?
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Visual Descriptor

Source: https://www.khanacademy.org/partner-content/49ers-steam/49ers-art/49ers-elements-art-design/a/art-in-football



·AIPKU· How to Represent Images?
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Detector Descriptor

Source: https://www.learnopencv.com/histogram-of-oriented-gradients/

Image Gradients

Dense Sampling

Applications

• Matching

• Estimation

• Indexing

• Detection

• Tracking



·AIPKU· Example: Image Stitching
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Image 1 Image 2

Source: https://courses.cs.washington.edu/courses/cse455/09wi/Lects/lect6.pdf



·AIPKU· Feature Descriptor
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Definition
• A representation of an image / an image patch that 

describes the image by extracting useful information



·AIPKU· Global Feature Vs. Local Feature
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Global Features
• Describe an image as a whole
• Ability to generalize an entire object with a single vector

Local Features
• Represent image patches
• Computed at multiple points in the image
• Require to handle cases ÅÆ

a variable number of feature vectors per image



·AIPKU· Recognition with Global Features
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Test Image



·AIPKU· Recognition with Local Features

10



·AIPKU· Recognition with Local Features
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In comparison to global features, 

local features are more robust to occlusion and clutter



·AIPKU· Properties of Ideal Local Feature
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(1) Repeatability
• Given two images of the same object / scene, taken 

under different viewing conditions
• High percentage of features detected on the scene part 

visible in both images should be found in both images

Source: http://homes.esat.kuleuven.be/~tuytelaa/FT_survey_interestpoints08.pdf



·AIPKU· Properties of Ideal Local Feature
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(2) Distinctiveness / Informativeness
• The intensity patterns underlying the detected features 

should show a lot of variation
• Such that features can be distinguished and matched



·AIPKU· Properties of Ideal Local Feature
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(3) Locality
• Features should be local, to reduce the probability of 

occlusion
• allow simple model approximations of geometric & 

photometric deformations
• between two images taken under different viewing 

conditions



·AIPKU· Properties of Ideal Local Feature
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(4) Quantity
• The number of detected features should be sufficiently 

large
• such that a reasonable number of features are detected 

even on small objects

Feature A
Feature B



·AIPKU· Properties of Ideal Local Feature
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(5) Accuracy
• The detected features should be accurately localized, 

both in image location
• as with respect to scale and possibly shape



·AIPKU· Properties of Ideal Local Feature
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(6) Efficiency
• Preferably, the detection of features in a new image 

should allow for time-critical applications

M.K. Islam et al., “Object cataloging using heterogeneous local features for image retrieval,” 2015.

Elapsed time required for 

extraction of various types 

of features.



·AIPKU· Edge Detection: Example
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• Edge: Significant local changes in an image



·AIPKU· Image Gradients
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• The gradient of an image

• The gradient points in the direction of most rapid change 
in intensity

Source: https://slideplayer.com/slide/8048909/



·AIPKU· Image Gradients
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• The gradient direction is given by:

• The edge strength is given by the gradient magnitude

Source: https://slideplayer.com/slide/8048909/



·AIPKU· First-Order Methods
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• The simplest approach is to use central differences:

corresponding to the application of the following filter masks to 

the image data

The well-know Sobel Operator is based on the following filters:



·AIPKU· Designing an Edge Detector
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Two Factors:

• Use derivatives (in x and y direction) to define a location 
with high gradient

• Need smoothing to reduce noise prior to take derivative

Source: http://web.stanford.edu/class/cs231a/lectures/lecture9_detector_descriptors.pdf



·AIPKU· Edge Detector in 2D
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• Smoothing

• Derivative

𝐼′ = 𝑔 𝑥, 𝑦 ∗ 𝐼 where 𝑔 𝑥, 𝑦 =
1

2𝜋𝜎2 𝑒
−𝑥

2+𝑦2
2𝜎2

S = 𝛻 𝑔 ∗ 𝐼 = 𝛻 𝑔 ∗ 𝐼 =
𝑔𝑥
𝑔𝑦 ∗ 𝐼 =

𝑔𝑥 ∗ 𝐼
𝑔𝑦 ∗ 𝐼

= [𝑆𝑥 𝑆𝑦]

gradient vector
where 𝛻𝑔 =

𝜕𝑔
𝜕𝑥
𝜕𝑔
𝜕𝑦

=
𝑔𝑥
𝑔𝑦



·AIPKU· Canny Edge Detection
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• The choice of σ depends on desired behavior
• large σ detects large scale edges
• small σ detects fine features

Source: http://web.stanford.edu/class/cs231a/lectures/lecture9_detector_descriptors.pdf



·AIPKU· Edge Detection as Zero Crossing
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·AIPKU· Blob Detection in 2D
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• Laplacian of Gaussian
Circularly symmetric operator for blob detection in 2D



·AIPKU· Scale-Space Blob Detector: Example
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·AIPKU· Scale Invariant Feature Transform (SIFT)
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Computer Vision: 50 Years of Progress



·AIPKU· SIFT Feature

Image content is transformed into local feature coordinates 
that are invariant to translation, rotation, scale, and other 
imaging parameters

SIFT 
Features

29
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SIFT Feature
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• David G Lowe, Distinctive Image Features from Scale-invariant 
Keypoints. International journal of computer vision (IJCV), Vol.60, 
No.2, pp.91-110, 2004.

SIFT Feature



·AIPKU· SIFT: Motivation

• The Harris operator is not invariant to scale and  
correlation is not invariant to rotation

• For better image matching, Lowe’s goal was to 
develop an interest operator that is invariant to scale 
and rotation.

• Also, Lowe aimed to create a descriptor that was 
robust to the variations corresponding to typical 
viewing conditions. The descriptor is the most-used 
part of SIFT.

32



·AIPKU· SIFT: Overall Procedure at a High Level

1. Scale-space extrema detection

2. Keypoint localization

3. Orientation assignment

4. Keypoint description

Search over multiple scales and image locations.

Fit a model to determine location and scale.
Select key points based on a measure of stability.

Compute best orientation(s) for each keypoint region.

Use local image gradients at selected scale and rotation
to describe each keypoint region.

33
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detector

descriptor



·AIPKU· 1. Scale-Space Extrema Detection

• Goal: Identify locations and scales that can be 
repeatable assigned under different views of the same 
scene or object.

• Method: search for stable features across multiple 
scales using a continuous function of scale.

• The scale space of an image is a function L(x, y,V) that is 
produced from the convolution of a Gaussian kernel 
(at different scales) with the input image.

35



·AIPKU·

• Laplacian of Gaussian kernel
• Scale normalized (x by scale2)
• Proposed by Lindeberg

• Scale-space detection
• Find local maxima across scale/space
• A good “blob” detector

Scale-Space Interest Points

[ T. Lindeberg IJCV 1998 ]

36



·AIPKU· Difference of Gaussians (DoG)

• Approximating the Laplacian with a difference of Gaussians:

37



·AIPKU· Lowe’s Pyramid Scheme
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• Difference of Gaussian is obtained as the difference of 
Gaussian blurring of an image with two different σ

• let it be σ and kσ. This process is done for different octaves (组) 
of the image in Gaussian Pyramid.

Gaussian Pyramid: 

2𝑖−1 𝜎, 𝑘𝜎, 𝑘2𝜎,⋯ , 𝑘𝑛−1𝜎
𝑘 = 2 ൗ1 𝑠

s: # of scale levels in the i-th octave



·AIPKU· Lowe’s Pyramid Scheme
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• Difference of Gaussian is obtained as the difference of 
Gaussian blurring of an image with two different σ

• let it be σ and kσ. This process is done for different octaves of 
the image in Gaussian Pyramid.



·AIPKU· 2. Keypoint Localization

• Detect Max and Min
of DoG in scale space

• Each point is compared 
to its 8 neighbors in the 
current image,
and 9 neighbors each 
in the scales above and 
below

Blur 

Resample

Subtract

For each max or min found,
output is the location and the scale.

40



·AIPKU· Keypoint Localization

• Once a keypoint candidate is found, perform a detailed fit to 
nearby data to determine 
• location, scale, and ratio of principal curvatures

• In initial work keypoints were found at location and scale of a 
central sample point

• In newer work, they fit a 3D quadratic function to improve 
interpolation accuracy

• The Hessian matrix was used to eliminate edge responses

41

: location of the extremum

: the sample point:



·AIPKU· Eliminating the Edge Response
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• Reject flats:
• Reject edges:

< 0.03
Let α be the eigenvalue 
with the largest 
magnitude and β be the 
smaller one.

2x2 Hessian matrix:

< 10

Let r = D/E,
So D = rE

• What does this look like?



·AIPKU· Corner / Edge / Flat Classification

43
Source: C. Harris and M. Stephens, “A combined corner and edge detector,” 1988.



·AIPKU· Keypoint Localization with Orientation

832

729 536

233x189
initial keypoints

keypoints after
gradient threshold

keypoints after
ratio threshold

44



·AIPKU· 3. Orientation Assignment

• Create histogram of local gradient 
directions at selected scale

• Assign canonical orientation at peak of 
smoothed histogram

• Each key specifies stable 2D 
coordinates (x, y, scale, orientation)

45

• For each image sample, L(x, y), at this scale:
• Gradient magnitude: 

• Orientation:



·AIPKU· Keypoint Localization with Orientation

• At this point, each keypoint has
• location
• scale
• orientation

• Next is to compute a descriptor for the local image 
region about each keypoint that is
• highly distinctive
• invariant as possible to variations 

such as changes in viewpoint and illumination

46



·AIPKU· SIFT Descriptor
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• Divide the 16x16 window into a 4x4 grid of cells



·AIPKU· SIFT Descriptor
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• Compute an orientation histogram for each cell

• 16 cells * 8 orientations = 128 dimensional descriptor

Histogram of 
orientation



·AIPKU· SIFT Descriptor: Example
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·AIPKU· Remark

50

• Local features are a popular tool for image description nowadays, with a 

variety of applications, such as image matching, 3D reconstruction, 

motion tracking, object recognition, robot navigation.

Source: Koen E.A. van de Sande et al., “Evaluating Color Descriptors for Object and Scene Recognition,” IEEE PAMI, 2010.
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f (x) = sign (wTx + b)

sign (x) = -1 x < 0
1 x ≥ 0
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·AIPKU· �?� (Perceptron)

• Tōq©ė (we bý©ė�ã)�

• YDĢ�s D = {(x1, y1), (x2, y2), ... , (xm, ym)}, yi∈ {1, -1}

• È^ (xi, yi) O�ŊÂ�- yi (wTxi + b)  <  0

• È^ (xi, yi) O�5Ą�- yi (wTxi + b) ≥ 0

��

f (x) = sign (wTx + b)

sign (x) = -1 x < 0
1 x ≥ 0



·AIPKU· �?� (Perceptron)

• Tōq©ė (we bý©ė�ã)�

• YDĢ�s D = {(x1, y1), (x2, y2), ... , (xm, ym)}, yi∈ {1, -1}

• Ģ�ëÕaã (Ţđl L (w, b))�

��

f (x) = sign (wTx + b)

sign (x) = -1 x < 0
1 x ≥ 0

L (w, b) = �∑ yi (wTxi + b) 
xi ∈ M
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• Ģ�ÞÉ�Ģ�ã�s D = {(x1, y1), (x2, y2), ... , (xm, ym)}, yi∈ {1, -1}

ĠĆ  η ∈ (0, 1]

• Ģ�Þ.�Tōq©ė f (x) = sign (wTx + b)

1)ğ¾-Ő w0e b0
2) 3Ģ�sŖêqğ¾ã� (xi, yi) 

3)È^O�5Ą - yi (wTxi + b)  ≥  0 ŁZĕÀř�

w ← w + η yi xi

b ← b + η yi

4) řR (2-3) ŏ;ĂĄO�B

�ŋ¨�GĶċĚ�O>ã��TōqľĵĊ��ĵ~�ŋ¨¡�
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ρ = 2 / ||w||

| wTx + b |
|| w ||
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·AIPKU· SVM &��

1. LIBSVM

https://www.csie.ntu.edu.tw/~cjlin/libsvm/

2. LIBLINEAR

https://www.csie.ntu.edu.tw/~cjlin/liblinear/

3. [ùz] scikit-learn

pip install scikit-learn

import sklearn

�




·AIPKU· SVM &��49SVM

SVM Inplementation in Scikit-Learn

sklearn.svm.LinearSVC(

penalty='l2', loss='hinge', dual=True, 
tol=0.0001, C=1.0, multi_class='ovr', 

fit_intercept=True, intercept_scaling=1, 

class_weight=None, verbose=0, random_state=None, 

max_iter=1000

)
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·AIPKU· SVM &��49SVM

SVM Inplementation in Scikit-Learn

sklearn.svm.LinearSVC(

penalty='l2', loss='hinge', dual=True,
tol=0.0001, C=1.0, multi_class='ovr', 
fit_intercept=True, intercept_scaling=1, 

class_weight=None, verbose=0, random_state=None, 

max_iter=1000

)

Dual:�V�Æ(ŞK½~G³Āñ

tol�C8½~éK}âļĝ>Ą"
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SVM Inplementation in Scikit-Learn

sklearn.svm.LinearSVC(

penalty='l2', loss='hinge', dual=True, 
tol=0.0001, C=1.0, multi_class='ovr', 
fit_intercept=True, intercept_scaling=1, 

class_weight=None, verbose=0, random_state=None, 

max_iter=1000

)
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·AIPKU· SVM &��49SVM

SVM Inplementation in Scikit-Learn

sklearn.svm.LinearSVC(

penalty='l2', loss='hinge', dual=True, 

tol=0.0001, C=1.0, multi_class='ovr', 
fit_intercept=True, intercept_scaling=1, 

class_weight=None, verbose=0, random_state=None, 

max_iter=1000

)

SVM ~�IO�Āñ�HO�ĀñěĤ��6'IO�Āñ

'ovr' t one Vs rest�Ģ� n_classes XĨGHO�º

'crammer_singer'ĳlìĵ��>�g��õ#8xîU�
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·AIPKU· SVM &��49SVM

SVM Inplementation in Scikit-Learn

sklearn.svm.LinearSVC(

penalty='l2', loss='hinge', dual=True, 

tol=0.0001, C=1.0, multi_class='ovr', 

fit_intercept=True, intercept_scaling=1, 

class_weight=None, verbose=0, random_state=None, 
max_iter=1000

)

class_weight�GĶ��Ļ>��O���È«Ř����ï�
U���ĪG¥Ř��őD�Ĩģ>C�¶i��ĻĚ

verbose�ÜQÞ.Ŗy}^;·¬

max_iter�Ţ7C82ã
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Scikit-Learn Mr d]cSVM

sklearn.svm.SVC(

C=1.0, kernel='rbf', degree=3,

gamma='auto_deprecated', coef0=0.0, 

shrinking=True, probability=False, tol=0.001, 

cache_size=200, class_weight=None, 

verbose=False, max_iter=-1, 

decision_function_shape='ovr', 

random_state=None

)

DSQtcS@e08a?lA^]cLA:rhL5^CzSVM

J;:vfey6V8W]c SVM =A0bF5pabf

��

SVM &��
49 SVM



·AIPKU· SVM &��
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• kernel �Ýlģ�

• LinearSVC ≠ SVC(kernel='linear')

'rbf''linear' 'poly'



·AIPKU· SVM &�
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# ����	��

from sklearn.datasets import make_classification

X, y = make_classification(n_features=4, random_state=0)

# SVM��

from sklearn.svm import LinearSVC

clf = LinearSVC()

clf.fit(X, y)
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# SVM��1: ��
	�

new_X = [[ 0, 0,  0, 0], [-1, 0, -1, 0]]

pred_y = clf.predict(new_X) 

# [1 0]

# SVM��2: ���������

test_X, test_y = make_classification(n_features=4,

random_state=0)

score = clf.score(test_X, test_y)

# 0.93
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• Cifar10
• Tiny image recognition datasets
• 60,000 32�32 color images in 10 different classes
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·AIPKU· Step 2: -=/"

• ð¾ HOG ïŉ
• ā¦ğŀÙĲ Scikit-Image 

• 7�O	ńPythonPVÑu
• dĖ8£ĲC�ĔĪðUĒ 
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·AIPKU·

神经网络图像分类方法
Deep-based Image Classification



·AIPKU· Top Image Classification Competition Results

Top Image Classification Competition Results at ILSVRC



·AIPKU· AlexNet

Krizhevsky, Alex, Sutskever, Ilya, and Hinton, Geoffrey E. Imagenet classification with deep convolutional neural networks. 
In Advances in neural information processing systems (NIPS), pp.1097–1105, 2012.



·AIPKU· GoogleNet / Inception

• GoogleNet architecture consists of a 22 layer deep CNN 

• But reduced the number of parameters from 60 million (AlexNet) to 4 million

Going Deeper With Convolutions
Christian Szegedy, Wei Liu, Yangqing Jia, Pierre Sermanet, Scott Reed, Dragomir Anguelov, Dumitru 
Erhan, Vincent Vanhoucke, Andrew Rabinovich; The IEEE Conference on Computer Vision and Pattern 
Recognition (CVPR), 2015, pp. 1-9



·AIPKU· GoogleNet: CNN Micro-architecture

• With the trend of designing very deep CNNs,

• it becomes cumbersome to manually select filter dimensions for each layer

• To add this, various higher level building blocks, or modules, have been 

proposed

GoogLeNet: 9 Inception modules



·AIPKU· Inception Module

Full Inception Module



·AIPKU· Intuitive Behind Inception Module

• In the lower layers, there are high correlations in image patches 
that are local and near-local

The idea is that at each layer of your convnets 

you can make a choice.



·AIPKU· MobileNets

• Efficient Convolutional Neural Networks for Mobile Vision Applications



·AIPKU· MobileNets



·AIPKU· MobileNet Architecture



·AIPKU· ResNet

• Standard connectivity
• Each layer receives input from previous layer generate feature for the next layer

• ResNet connectivity
• Identity mappings promote gradient propagation  “skip connections”



·AIPKU· ResNet

• Residual learning: a building block



·AIPKU· VGG-19 Vs. ResNet-34



·AIPKU· DenseNet (CVPR’17)

• Connect every two layers in the network

• Each layer receives signals from all its preceding layers



·AIPKU· DenseNet Variants

• A deep DenseNet with three dense blocks



·AIPKU· ResNet Vs. DenseNet




