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[ B. Babenko, M.-H. Yang, and S. Belongie,
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Fig. 1. Given a single bounding box defining the object location and extent in the initial frame (LEFT), our system tracks, learns, and detects the
object in real time. The red dot indicates that the object is not visible.

[ Z. Kalal, K. Mikolajczyk, and J. Matas, “Tracking-Learning-Detection,”
PAMI 2012 ]
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[ Z. Kalal, K. Mikolajczyk, and J. Matas, “Tracking-Learning-Detection,”

PAMI 2012 |
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Fig. 7. lllustration of the examples output by the P-N experts. The third
row shows error compensation.

[ Z. Kalal, K. Mikolajczyk, and J. Matas, “Tracking-Learning-Detection,’
PAMI 2012 ]
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Fast and Precise

Object Localization with Correlation Filters
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Given a query (left) find its match in the test image (right)
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Problem Definition

Learning stage:
@ Input: example signal(s) x in 1D or 2D
@ Output: a scoring function f : x' -+ R
Detection stage:
@ Input: Z, a “long” 1D signal or a “large” 2D image

@ Output: sub-signal z of Z for which f is highest
(size of z is the same as the size of training signal x)
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Approach |: Let the Filter be Idnetical to Query

F(x';x) =x"x
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Approach [: Let the Filter be ldentical to Query

@ correlation peak’s shape depends on the template structure
@ robust to deformation: “picks up” other bison in the scene
@ not discriminative: highlights car parts
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Details of Template-Matching

Template-matching can be faster in the frequency domain:

© compute Discrete Fourier Transform (DFT)
of the “big" image: ZD£>T2

DFT .
@ compute DFT of template: x — X (same size as

)

A~

sZ
@ point-wise multiply (taking Hermitian transpose) § = Z ® &/
© bring back to spatial domain: y = inverse-DFT(y)
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Approach II: Optimize the Filter

@ use “many” templates during training

@ shape the desired filter response
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Approach II: Optimize the Filter

@ use “many” templates during training

@ shape the desired filter response

@ “Multivariant Technique for Multiclass Pattern Recognition,”
C. F. Hester et al., J. Applied Optics, 1980

@ "“Average of Synthetic Exact Filters,” Bolme et al., CVPR
2009

© "“Accurate Scale Estimation for Robust Visual Tracking,”
Danelljan et al., BMVC 2014

@ "High-Speed Tracking with Kernelized Correlation Filters,”
Henriques et al., PAMI 2015

© ‘"Zero-Aliasing Correlation Filters for Object Recognition,”
Fernandez et al., PAMI 2015 (one of co-authors in Dayton)
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Formulation as a Regression Problem

fx;w) =w'x

opt _ i AN Y 2
wt =min Y (F(x;) = yi)* + Allw]

i
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Formulation as a Regression Problem
T

f(x;w) =w'x

opt _ i AN Y 2
woPt = mminZ(f(X:) yi)” + Allwll
Define X such that its /-th row is x;, then :
for real-valued inputs : wP* = (XTX + AI)"1X Ty
for complex-valued inputs : w°P' = (XH X + AI1)"1xHy
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Formulation as a Regression Problem

fx;w) =w'x

opt __ .: N )2 2
w —m‘;nZ(f(X,) yi)" + Allwl|

Define X such that its /-th row is x;, then :

for real-valued inputs : wP* = (XTX + AI)"1X Ty
for complex-valued inputs : w°P' = (XH X + AI1)"1xHy

Remarks:
@ Brute-force solution of the linear system is expensive:
a 50x50 image patch yields a 2500 dim vector; if we have 2500
examples, matrix inversion becomes impractical in real time

@ Need a recipe for getting “good” training samples
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Obtaining Training Examples via Circular Shifts

Base sample
Shifted by 1 element
‘Shifted by 2 elements
C (= =) =
| Shifted by n—1 elements
Let X = C(x)

then X = Fdiag(X)F" and F is the DFT matrix
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Obtaining Training Examples via Circular Shifts

| Base sample
_—Shifted by 1 element
~Shifted by 2 elements

| Shifted by n—1 elements

Let X = C(x)
then X = Fdiag(X)F" and F is the DFT matrix
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Computationally-Efficient Solution

Recall, the problem we are solving:
find w such that for each example x;, the score f(x;;w) = y; The

closed-form solution takes the form of

A X O
W= ——
X ® x*

A

+ <

Notes:
@ only point-wise multiplications required
@ time complexity bound by the cost of DFT, i.e., O(nlog n)

@ compare to kernel ridge regression: O(n3)
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Learned Correlation Filter in Action
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Learned Correlation Filter in Action
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Learned Correlation Filter in Action

@ now, correlation peak’s shape follows the prescribed pattern
@ specialized to “our” bison, low response for the rest

@ low response on the vehicle
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Correlation Filter Extensions

multiple channels, e.g., FHOG
kernelized: linear, Gaussian, etc.

multiple spatial scales

control aliasing (due to finite signal extent)
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From Inner Products to Kernels

Thus far, similarity between vectors x’ and x defined as x” x’
Let ¢(x) map x into another space (typically higher-dim)

Define kernel function k(x',x) = ¢(x)T ¢(x')

In practice we want to compute k(x’,x) directly, avoiding ¢

12 /19
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Kernelized Correlation Filter

Base sample
Shifted by 1 element
-Shifted by 2 elements

Shifted by n—1 elements

given a kernel k : (x,x') — R,
define kernel correlation vector k' as

K* = k(x', P 1x),

where P is a cyclic shift operator
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Kernelized Correlation Filter

Key equations:
W = Z a,-go(x,-)
i

fz)=w'z= Za;k(z,x;)
i=1

y
R 1A

o =

A

f(z) =k?0oa
Notes
e Time complexity is again bound by the DFT, hence O(nlog n)
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Multi-channel Correlation Filter

Suppose our signal comprises multiple channels ¢ =1, ..., cnax
Example: FHOG 31 channels: 3 x 9-bin histograms + 4 texture

@ Q: How expensive is kernel correlation?
@ A: Time complexity scales linearly with ¢pax

@ For linear kernel:

xx! . ~ A% A
k™ = inverse-DFT (ZC X © xc)

15/19
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FHOG Correlation Filter in Action (linear kernel)

@ FHOG cell is 4x4 pixels, thus x, y are smaller than template
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FHOG Correlation Filter in Action ||near kernel

@ FHOG cell is 4x4 pixels, thus x, y are smaller than template
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FHOG Correlation Filter in Action (linear kernel)

@ FHOG cell is 4x4 pixels, thus x, y are smaller than template

@ correlation surface is strongly peaked in the training and test
images

@ unlike standard template matching, response is strong only for

that particular instance
16/19
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Practical consideraitons

Note: correlation filters defined thus far only “work” if the test
image has the same size as x

Q: how to correlate a filter with Z of size larger than x?

A:
@ Transform the filter back to spatial domain, i.e., transform

flz) =k o a

@ Modify the learned filter in the DFT domain:
pad with zeros to match the size of Z

17 /19
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Conclusions

Advantages of correlation filters:

@ good accuracy out of the box
@ controlled by a handful of “knobs”

o failure modes “easy” to understand
@ open-source implementations:
@ “Accurate Scale Estimation for Robust Visual Tracking,”
Danelljan et al.,, BMVC 2014: MATLAB, C++
@ "High-Speed Tracking with Kernelized Correlation Filters,”
Henriques et al., PAMI 2015: MATLAB

© ‘"Correlation Filters with Limited Boundaries,” Galoogahi et
al.,, CVPR 2015: MATLAB
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Multi-Target Tracking

via Graph Neural Networks






























