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Recent Publications

. Books
— R.S.Blum and Zheng Liu, “ Multi-Sensor Image Fusion and Its Applications’, to be published by Marcd Dekker in the specid series on
Signa Processing and Cammuni cations, 2005.
. Book Chapters

— R.S.Blum, Zhiyun Xue, and Zhong Zhang, “ An Overview of Image Fusion”, for the book “ Multi-Sensor Image Fusion and Its Applications’,
Marcd Dekker, 2005, Editor: R. S. Blum.

— R.S.Blum and dnzhong Yang, “ A Statigica Signa Processing Approach to_Ima% Fusion usng Hidden Markov Modds’, for the book
“Multi-Sensor Image Fusion and Its Applications’, Marcd Dekker, 2005, Editor: R. S. Blum.

. Journa Papers
— R.S.Blum,“Robust Image Fuson using a Statigicd Signa Processing Approach”, accepted, to gopear in Information Fusion, March 200.
- E S. Blum, " On Multisensor Image Fusion Performance Limits from an Estimation T heory Perspective’, accepted, to gppear in Information

usion.

. Conference Papers

— Jinzhong Yang and R. S. Blum,“ Mdtiframe Image Fusion Using the Expectation-Maximization Algorithm”, submitted to Fuson 05

- i]:inz_hon 5Yang, Yin Chen, and R. S. Blum,“ A Statidica Signa Processing Approach to Image Fusion Performance Evduaion”, submitted to
usion

— YinChenand R S. Blum, " Experimentd T ests of Image Fusion for Night Vision", submitted to Fusion 05.

—  Zhiyun Xueand R. S Blum, “"People Detection and Tracking in Infrared and Fused Images for Night Vision Object”, submitted to Fusion 05
— R.S.Blum, ” TheCramer-Rao Bound Applied to Image Fusion”, submitted to Fusion 05.

— R.S.Blum, ™ Minimax Robust Image Fusion usng an Estimation T heory", submitted to Fusion 05.

— Jinzhong Yang and R. S. Blum, " Image Fusion Using the Expectetion-Maximization Algorithm and the Hidden Markov Modds", VT C fdl
2004.

—  Rick Blum, Zhiyun Xue, Zheng Liu, and David S. Forsyth, > Multisensor Conced ed Wegpon Detection by Using A Mutiresoltuion Mosac
Approach, VT C fdl 2004.
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We describe:

« Evaluation of various fusion algorithms

« Veify existing image quality measures

 New quality metric development

* Region-based EM fusion algorithm

» People detection and tracking in infrared image sequences

Others:

» Image registration, fusion and evauation toolbox design and improvement

* Image fusion using the Expectation-Maximization (EM) algorithm (EM fusion)
« Multi-frame image fusion using the EM algorithm

 The EM algorithm for image fusion performance measure

 Mathematical analysis of color image fusion for concealed weapon detection

application
« Information analysis of pseudo-color image fusion for night vision surveillance
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| mage Fusion Evaluation and
|mage Quality Metrics
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ODbjective

e Evaluate various fuson algorithms for night
vison application

* Invedigate exiging quality measures for image
fuson

* Develop new image quality metric
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| mage Fusion Algorithms

e Additive

e DWT

e Laplacian pyramid

o FSD (filter-subtract-decimate) pyramid
o Gradient pyramid

* Morphologica pyramid

o SIDWT (shift invariance DWT)

e Contrast pyramid

 ROLP (ratio of low passfilter) pyramid
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Fusion M ethod Evaluation

e Preliminary
— Eliminate algorithms that performed very poorly or similarly

Contrast Pyramid Fusion RoLP Pyramid Fusion



Fusion Schemesto be Evaluated



Human Evaluation Results

All the fused i mages generally provide improved
situational awareness over either source image

With respect to contrast, MDB fusion with choosing
maxi mum rul e better than wel ghted average
combining rule

FSD and gradient fusion perform similarly
Morphologica fusion has too many artifacts

SIDWT, DWT, and Laplacian pyramid with choosing
max perform better than others



Objective I mage Quality Evaluation

e Exiging image quality measures
— Standard deviation (SD)
— Entropy (EN)
— SNR estimation (QS)
— Cross entropy (CE)
— Information based measure (M1)
— Objective edge based measure (QE)
— Universal index based measure (Ul)



ODbjective Evaluation Results



New I mage Quality Metric

e Motivation
— Edges correspond to object boundaries changes and contain useful
information

— Preliminary studies show edge intensity based quality metric match human
evaluation

— More concerned with certain object of interest in the image

 Schemes

— Statistical deformable template models is utilized to incorporate prior
knowledge about the image scene and to describe the shape of object

— Modedl parameters are estimated by maximizing a likelihood function

— Tl?_e Iitkel ihood function is directly related to the strength of the edges of
objects

- A Elartger likelihood value is considered to indicate a better fused image
quality



Region-Based I mage Fusion Using the
EM Algorithm



M otivation
Attempt to capitalize onthe well developed
expectation-maximization (EM) al gorithm

Attempt to perform image fuson on feature
level using the EM a gorithm

Attempt to capitalize onthe region feature for
EM fuson

Attempt to eiminate block artifactsand region
Interface artifacts



Feature-oriented EM fusion scheme

Feature
J=E[2 :>[ Extraction }%

\
Feature Fused
{ Andysis ‘& Image

A
Feature ﬁ
Image 2 :>[ Extraction}

Regionfeature is used for EM fusion



Region Segmentation

* Feature distance computed from histogram as criteria for ssgmentation
» Region |abeling extracts regions from source i mages

* Region merge removes small regions

o Joint region map keeps features fromall source images



| mage Formation M odel

|mage formation modd Is

ouilt on each region

|mage formation model

2.0)=bs() +& () < -

* Z-- SENSOr image; S -- true scene.

* b = +1,0 sensor selectivity factor
1=1,...,q indexes sensor i mages
=1,...,L indexes pixelsinaregion

Distortion e(l) i1Is modeled as K-term Gaussian

mixture

fe,(l)(ei(l)): !y =

e(l)’

k=1

exp

" \/2pSs E,i 25 k2,i

Assume parameters constant over a regi on




| ter ative Fusion Procedure

e Parameter initialization

o Use SAGE version EM
algorithm: one variable

a atime

e Convergeto maximum
likellthood estimates



Applicationsfor CWD

(a) Visual Image (b) MMW Image (c) Fused Image

(d) Region Map of (a) (e) Region Map of (b) (f) Joint Region Map



Night Vision Applications

() IR Image (b) Visual Image (c) Fused Image

(d) Region Map of (a) (e) Region Map of (b) (f) Joint Region Map



Summary

* Extended the pixel-level EM fusonto a
feature-level EM fusion

* Regionfeature applied to EM fusion algorithm
and good results obtained

« Effectively removed region interface artifacts
incurred by pixel-level fuson methods



People Detection and Tracking In
Infrared | mage Sequences



QOutline

ntroduction

People Detection in Infrared Image

People Tracking in Infrared |mage Sequences
Conclusions




| ntroduction

* Night vision surveillance
— Human targets are of great interest

« Night vision imaging sensors
— Infrared sensor and intensfied visual sensor



| ntroduction

« Advantages of infrared-image-based human target detection

— Theregions contai ning humans or other hot objects ininfrared images
will be brighter than the background

— The brightness of different humans ininfrared images should be similar
In spite of different color and textures of their clothing

— Promising for night vision surveillance

« Disadvantages of infrared-image-based human target detection
— Other hot objects may have similar intensity
as humans ininfrared images
— Theintensity values of the whole human
body are not uniform



People Detection In I nfrared | mage

o Algorithm

Infrared | mage

)

Candidate Extraction

)

Candidate Separation

'
Candidate Filtering

Candidate Combination

Candidate Validation
v

Detected Human




People Detection In I nfrared | mage

e Experimental Tests

(a) Original infrared image (b) thresholding of hotspots  (c) significant-edge map (d) region-growing

(e) region separation (H candidate patches (g9) candidate filtering (h) candidate combination



People Detection In I nfrared | mage

e Experimental Tests

(a) Original infrared image (b) thresholding of hotspots (c) significant-edge map

(e) region growing () candidate patches (9) final result



People Tracking in Infrared Image Sequence

e Algorithm
— Kernd -based tracking a gorithm
— It Isrobust and has low computational compl exity



People Tracking in Infrared Image Sequence

e Experimental Tests

(a) Frame 201 (b) Frame 210 (c) Frame 220 (d) Frame 230 (e) Frame 240



People Detection and Tracking in Infrared
|mage Sequences

 |nterleave the detection and tracking stages



Conclusions

» People detection in infrared image
* Peopletracking in infrared i mage sequences



