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<latexit sha1_base64="BB90J5nrI1RGs263OVSnI1Ojjco="></latexit>
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Assistant Professor, ECE, UCSD

<latexit sha1_base64="lAgGLXj1rAWO9WIy3a6zmH5vCbI=">AAACKnicbZDLSgMxFIYz3h1vVRcu3ASL4KrMFKwuC25cKlgrdEo5kznThiaZIckoZejTuK0v407c+hguTGsFbwcCH/9/zknyx7ngxgbBi7ewuLS8srq27m9sbm3vVHb3bk1WaIYtlolM38VgUHCFLcutwLtcI8hYYDseXkz99j1qwzN1Y0c5diX0FU85A+ukXuUgYqgsaq76vt/mU6T1oH7aq1SDWjAr+hfCOVTJvK56lfcoyVgh3TYmwJhOGOS2W4K2nAkc+1FhMAc2hD52HCqQaLrl7ANjeuyUhKaZdkdZOlO/T5QgjRnJ2HVKsAPz25uK/3mdwqbn3ZKrvLCo2OdFaSGozeg0DZpwjcyKkQNgmru3UjYADczl4DZpVPjAMilBJWWUguRilGAKhbDjMjLpF/survB3OH/htl4LG7XGdb3abM6DWyOH5IickJCckSa5JFekRRgZk0cyIU/exHv2XrzXz9YFbz6zT36U9/YBfzenWA==</latexit>

Winter 2025

<latexit sha1_base64="ssBTjhfRTZxOHkfX+QU/BfgXVXg="></latexit>

ECE 172A: Introduction to Image Processing
Image Processing Tasks: Part I



2

<latexit sha1_base64="JUoUAHdcg1J1GsWfCnEpiHT5wKM=">AAACJHicdZBBSxtBFMdntWqaqk306GVoKHgKuyrRo6AHb41gTCAbwtvZtzo4M7vMvK2EJR/Fa/wy3qSHXvpJPDiJEdrSPhj48f+/9+bxTwolHYXhz2Bl9cPa+kbtY/3T5tb250Zz59rlpRXYE7nK7SABh0oa7JEkhYPCIuhEYT+5O5v7/e9onczNFU0KHGm4MTKTAshL40YzTjKHVqLj30qabxk3WmE7XBQP24cnR4fRkYdOeO yRR0urxZbVHTde4jQXpUZDQoFzwygsaFSBJSkUTutx6bAAcQc3OPRoQKMbVYvTp/yrV1Ke5dY/Q3yh/j5RgXZuohPfqYFu3d/eXPyXNywpOxlV0hQloRFvH2Wl4pTzeQ48lRYFqYkHEFb6W7m4BQuCfFr12KLBe5FrDSat4gy0VJMUMygVTavYZe9c93G9Z8L/D9cH7ajT7lwetE7Pl8HV2B77wvZZxI7ZKbtgXdZjgt2zBzZjj8EseAqegx9vrSvBcmaX/VHBr1dO0KZx</latexit>

Outline

<latexit sha1_base64="yhQ29wXAOX8LDHFx7UaXbdwtBnA="></latexit>

• Preprocessing

– Histogram

– Normalization

– Combining Images

– Spatial Averaging

• Matching and Detection

– Correlation

– Matched Filtering

• Feature Extraction

– Contour/Edge Detection

• Segmentation

– Variational Thresholding

– Connected-Component Labeling
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<latexit sha1_base64="yNnbrEKzmtD9lELGjAPm7oWiw/0=">AAACKnicdZBLSwMxFIUzvq2vqgsXboJFcFVmrFSXgi5cVrAqdEq5k7lTg3kMSUYpQ3+NW/0z7sStP8OFaa2gogcCH+fcS5KT5IJbF4YvwdT0zOzc/MJiZWl5ZXWtur5xaXVhGLaZFtpcJ2BRcIVtx53A69wgyETgVXJ7Msqv7tBYrtWFG+TYldBXPOMMnLd61a04ySwajpa2DOZGM7SWq36vWgvr4Vg0rDeODhrRgYdmeOiRRp OoRiZq9arvcapZIVE5JsDaThTmrluCcZwJHFbiwmIO7Bb62PGoQKLtluMPDOmud1KaaeOPcnTsft8oQVo7kImflOBu7O9sZP6VdQqXHXVLrvLCoWKfF2WFoE7TURs05QaZEwMPwAz3b6XsBgww5zurxAYV3jMtJai0jDOQXAxSzKAQbljGNvviiq/rqxP6P1zu16NmvXm+Xzs+nRS3QLbJDtkjETkkx+SMtEibMDIkD+SRPAWPwXPwErx+jk4Fk51N8kPB2weW86kx</latexit>

Preprocessing

<latexit sha1_base64="6IZIONwOMs8/9EX7RTHBNA84VXQ="></latexit>

• Histogram

• Normalization

• Combining Images

• Spatial Averaging

– Linear Smoothing

– Median Filtering
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<latexit sha1_base64="v8OdcTo2vk2KB2anJaEd/pq8KVo=">AAACMHicdZBNSyNBEIZ7dP2Kq0Y9LguNQfAUZkxIPAourEcXTCJkQqjpqYmN/TF09yjDkJO/Zq/6Z9yTePU37GE7McLuslvQ8PC+VVT1m+SCWxeGP4Kl5Q8rq2vrG7XNj1vbO/Xdvb7VhWHYY1poc5WARcEV9hx3Aq9ygyATgYPk5mzmD27RWK7VpStzHEmYKJ5xBs5L4/rnOMksGo6WfjVQCrxFQc/9Xj0xIMf1RtgM50XDZu uk3YraHjph1yONFlaDLOpiXP8Zp5oVEpVjAqwdRmHuRhUYx5nAaS0uLObAbmCCQ48KJNpRNf/GlB56JaWZNv4pR+fq7xMVSGtLmfhOCe7a/u3NxH95w8JlJ6OKq7xwqNjboqwQ1Gk6y4Sm3CBzovQAzHB/K2XXYIA5n1wtNqjwjmkpQaVVnIHkokwxg0K4aRXb7J1rPq73TOj/oX/cjDrNzrfjxumXRXDr5BM5IEckIl1ySs7JBekRRu7Jd/JAHoOH4Cl4Dl7eWpeCxcw++aOC118wA6uC</latexit>

Graylevel Histogram

<latexit sha1_base64="klMhb5dF/pI+V46occnkMw+ZMO0=">AAAEfHicbVPrbtMwFE67AqMbsMFP/lhdJyGRTXa6ZBsS0tgd0YkyreukppqcxFmtJk6wnY0qyoMi8Qw8AsJtU9RkODrS0Xc5PrZznDigQkL4s1Jdqj15+mz5eX1l9cXLV2vrr69FlHCXdN0oiPiNgwUJKCNdSWVAbmJOcOgEpOeMjiZ8755wQSN2JccxGYT4jlGfulgq6Hbt/jOLEwmogskHYH9PsAeavG87YTrKBs0ceaByOC </latexit>

Input image: r[k] with k → ! = {0, . . . ,K ↑ 1}↓ {0, . . . , L↑ 1}
<latexit sha1_base64="aTMXF5s5sSMHvJ3Bu1+wNufheAY=">AAAELnicbZPNahsxEMeVuB+p+5W0x16EnUAOJkjrrJMUCmm+oQ51QxwXsiZod7W2iKRdJG0bs+wr9Fl66LV9jEIPpdee+gxV7E2xN51lYJj5/WdnJOQnnGmD0I+5+cqdu/fuLzyoPnz0+MnTxaVnZzpOVUC7Qcxj9d4nmnImadcww+n7RFEifE57/uXudb33gSrNYnlqRgntCzKQLGIBMTZ1sbh6GhvCoUyFTxWMI5iwK8r1S7 </latexit>

Total number of pixels: #! = KL
<latexit sha1_base64="fx37a8JtvD01X63cGUOEe84oE50=">AAAEYXicbVNNT9tAEF0gbcH9INAjl1UQUg8R2k1IgBvl+wBSighBiiO0Xk+SFet1tF5TUss/rj+j5x56q9p/0E1iUGy61khPM++Nn2e83kiKyBDyY2FxqfTq9ZvlFeftu/cfVstr6zdRGGsObR7KUN96LAIpFLSNMBJuRxpY4EnoePdHk3rnAXQkQnVtxiPoBWygRF9wZmzqrtx1PRgIlQgDgfgGqYOxO8Fd18CjmfZPDmUMaT </latexit>

• Graylevel distribution
<latexit sha1_base64="9nhR/d5umhlOckb/dxTfggvjqY4="></latexit>

p.d.f. p(r) with

∫ →

↑→
p(r) dr = 1

<latexit sha1_base64="kVVTV99ueCX2TbJGd+7IhFvWqEU=">AAAEVHicbVRNb9NAEN1+AMVAaeHIZZWqEoeo2nXitL2Vfh9aFKqmqRRH1doeJ6uu15a9hgbL/4rfggRXOPMLOLCJ3Sp2WWukp5n3xs+zu3YiwRNFyI+FxaXlJ0+frTw3Xrx8tfp6bf3NVRKmsQs9NxRhfO2wBASX0FNcCbiOYmCBI6Dv3B5M6/3PECc8lJdqEsEwYCPJfe4ypVM3ax9tB0ZcZlxBwL9CbmBsT/HAVnCnZv2zfZ </latexit>

• Histogram

<latexit sha1_base64="ao45hKLXRmtbWajvXnWe+vp6XHM="></latexit>

Quantized graylevels: {0, 1, 2, . . . , N → 1}
<latexit sha1_base64="W8tr84HdbTx7UF0NdzFVZEy7u2Q="></latexit>

ni: number of pixels with graylevel i
<latexit sha1_base64="8Vxx+WfmQqCyOhpiB9W072Y08ao="></latexit>

P (i) =
ni

#!

<latexit sha1_base64="Ut0dJ88NJxw9uNu3TRnpvSA9joM="></latexit>

: probability of graylevel i

<latexit sha1_base64="QAjqMgkzUsolEVXDb+MwJEkwn2g="></latexit>

p(r)
<latexit sha1_base64="QetPmCA/nouaz14FKCSgf8t3PMA="></latexit>

P (i)

<latexit sha1_base64="DDchA+TM+CABwl6fl8SJbrz9Oc8="></latexit>r
<latexit sha1_base64="beNOO7D9QRzVGVrUk6OA79Z0u9o="></latexit>

r = i

<latexit sha1_base64="BxMndi7fdU7n7gGdl9muXM5N+TM="></latexit>

p(r) =
N→1∑

i=0

P (i)ω(r → i)

<latexit sha1_base64="Sz+wa0f3VunVs/cED0dAAvQG5x8=">AAAEbXicbVNdb9MwFPW2AqN8bSCeQMjqNDGkqrLbtdvexr4fNqlM64rUVJPj3LTWbCdKHFiJ8hP5AfwJeOAVJNw2m9oMR1c6uvec4xtf2w2liA0hPxYWl0oPHj5aflx+8vTZ8xcrqy8v4yCJOHR4IIPos8tikEJDxwgj4XMYAVOuhK57vT+ud79AFItAX5hRCH3FBlr4gjNjU1crA8eFgdCpMKDEN8jKGDtj3HMM3JiJf7onE8 </latexit>

• Probability mass function (p.m.f.)
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<latexit sha1_base64="cMzq4ysaDmUD2r8S5Vm1DZV4p2c=">AAACM3icdZDPSiNBEMZ7XFfduKtx9+ilMSx4CjMq0aOgQo4uGBUyIdT0VMfG/jN096hhyNWn8RrfRbzJXvcNPNiJEdbFLWj48X1VVPWXFVI4H8cP0dyn+c8Li0tfastfv62s1te+nzpTWoYdZqSx5xk4lEJjxwsv8bywCCqTeJZdHkz8syu0Thh94ocF9hQMtOCCgQ9Sv07TjDu0Ah09ugFVyACG03bYbAYWlOvXG3EznhaNm9 t7O9vJToBWvBuQJjOrQWZ13K8/p7lhpULtmQTnuklc+F4F1gsmcVRLS4cFsEsYYDegBoWuV01/MqI/g5JTbmx42tOp+vdEFS5yQ5WFTgX+wv3rTcSPvG7p+V6vErooPWr2uoiXknpDJ7HQXFhkXg4DALMi3ErZBVhgPoRXSy1qvGZGKdB5lXJQQg5z5FBKP6pSx9+4FuJ6y4T+H063mkmr2fq11dg/nAW3RNbJBtkkCdkl+6RNjkmHMHJL7siY3Efj6DF6in6/ts5Fs5kf5F1Ff14AZ4OsnA==</latexit>

Examples of Histograms

<latexit sha1_base64="Ygl8+J5sRGja36hf0htNMLMeVhM="></latexit>

What can we do with these histograms?

<latexit sha1_base64="vLg5VyhpE0ufJy+ebXZ/+IKKTVE="></latexit>

• Reading the histogram can tell us about:
<latexit sha1_base64="gl5fP2PZOyRM8SW8kSclv2JOgVA="></latexit>

– Dynamic range
<latexit sha1_base64="k4tmkxAm+efB6kH587hGQYJIrgE="></latexit>

– Potential saturation problems
<latexit sha1_base64="MhMdRbycSkc/nJeAU+LBKmsXKHc="></latexit>

– Average intensities of background and objects
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<latexit sha1_base64="7RvL4L/8QoM0rqh+e2b/K2fcRbQ=">AAACRnicdVDLbhNBEOw1r2BeDhy5jLCQOFm7ceREnILCgQNCQcJJJK9l9c72JkPmsZrpDTIrfwhfwzV8Aj/BDXHhwNhxJEBQ0kilqq6emSpqrQKn6dekc+36jZu3Nm5379y9d/9Bb/PhYXCNlzSWTjt/XGAgrSyNWbGm49oTmkLTUXG2v/SPzskH5ew7ntc0NXhiVaUkcpRmvWFeVIG8oiDeOG9Qq48r57l4HTeiF/vOssfA4k X5vglsyPKs108H6QoiHQx3t4fZdiSjdCdSka2tPqxxMOv9zEsnm2VWagxhkqU1T1v0rKSmRTdvAtUoz/CEJpFaNBSm7epzC/E0KqWonI/HslipvydaNCHMTREnDfJp+Ntbiv/yJg1Xu9NW2bphsvLyoqrRgp1YNiVK5UmynkeC0qv4ViFP0aPk2Gc392Tpg3TGoC3bvEKj9LykChvNizYP1RXvxrquOhH/J4dbg2w0GL3d6u+9XBe3AY/hCTyDDHZgD17BAYxBwif4DBfwJblIviXfkx+Xo51knXkEf6ADvwCp+rOv</latexit>

Normalization: Linear Contrast Adjustment

<latexit sha1_base64="p45hpQIuf1A/1B9yhi87g/ygu6k="></latexit>

Linear transformation/system: T{f}[k] = ω(f [k]→ε) with parameters ω,ε ↑ R
<latexit sha1_base64="PrEy2HSAjcvi6kmBsS/4IXO+dBs="></latexit>

How to we implement full dynamic-range contrast stretching?

<latexit sha1_base64="2hJvr9P3RE1iCyMvORkqLfBjaas="></latexit>

ω = min{f [k] : k → ! ↑ Z2}
<latexit sha1_base64="yCAfQiONPvqioLwbyR0bqILJ4N8="></latexit>

ω =
255

maxk{f [k]}→mink{f [k]}

<latexit sha1_base64="8gzi6ADJ8ZnXuCC5oqVGer/vB5E="></latexit>

• Image normalization
<latexit sha1_base64="ZWRhLKFVo1lNthpcNe86s5U8pBo="></latexit>

Average graylevel
<latexit sha1_base64="75degACgiXEvgXQlYoUQBKojItY="></latexit>

µ =
1

#!

∑

k→!

f [k]

<latexit sha1_base64="2QtoCWIxXRzb3zvkr6Ei0RmzMo4="></latexit>

Variance
<latexit sha1_base64="6sTTlS3KJ6uji8knDY2o9pW7lFg="></latexit>

ω2 =
1

#!

∑

k→!

(f [k]→ µ)2

<latexit sha1_base64="VvhvHyn7nK1BDjRznMBKmMXhbW0="></latexit>

Normalized image statistics: T{f}[k] = a

(
f [k]→ µ

ω

)
+ b

<latexit sha1_base64="gw6+gFDnqr6HGIIBMyE/6wvHKuk="></latexit>

“zero mean and unit variance”
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<latexit sha1_base64="H7mHU0ib7zs6VU/zH6uLg7hFm/8=">AAACNHicdZBPSxtBGMZntVZNtUY9epk2FHoKuyYkHgU9eCiiYIyQDeHd2Xd1cP4sM7NKXHL203jVz1LwJl79BD10EldopX1g4MfzvC8z8yS54NaF4c9gbv7DwsfFpeXap5XVz2v19Y1TqwvDsMe00OYsAYuCK+w57gSe5QZBJgL7yeXeNO9fobFcqxM3znEo4VzxjDNw3hrVv8RJZtFwtPSHZiD4Dab0UBs5xWqmETbDmWjYbO 20W1HbQyfseqRRFTVIpaNR/VecalZIVI4JsHYQhbkblmAcZwIntbiwmAO7hHMceFQg0Q7L2Vcm9Jt3Uppp449ydOb+uVGCtHYsEz8pwV3Y99nU/Fc2KFy2Myy5yguHir1elBWCOk2nvdCUG2ROjD0AM9y/lbILMMCcb68WG1R4zbSUoNIyzkByMU4xg0K4SRnb7I1rvq63Tuj/4XS7GXWanePtxu5+VdwS2SJfyXcSkS7ZJQfkiPQII7fkjtyTh+A+eAyegufX0bmg2tkkfyl4+Q23Ya1P</latexit>

Localized Normalization

<latexit sha1_base64="+EWdncVta4UU2tXfmTYJY0SvHRA="></latexit>

Compensation of non-uniformities across the image;
e.g., shading, nonuniform background, changes in illumination

<latexit sha1_base64="7YeYSL99IJ60PFJlek/HTYXYU+I="></latexit>

• Normalization over a sliding window:
<latexit sha1_base64="1bRGrc4DAL7TBtyBb6phf9QRXrs="></latexit>

g[k] = a

(
f [k]→ µ̃[k]

ω̃[k]

)
+ b

<latexit sha1_base64="EZjs9RUokqtT246WK1YhsO2SY5c="></latexit>

µ̃[k] =
∑

n w[n]f [n→ k]
<latexit sha1_base64="ZQdbsRIA/RoRA/SZ8oOEV71v+Ic="></latexit>∑

k w[k] = 1

<latexit sha1_base64="YvKHlP7YrgQYKSM0U5puOKEqXEE="></latexit>

https://bigwww.epfl.ch/demo/ip/demos/local-normalization/

<latexit sha1_base64="J9Bh3OhdB2BW1OQyeLWW8mRlfU8="></latexit>

Smoothing filter implements local averaging → Estimation of local statistics
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<latexit sha1_base64="2hUd94LhW+Q97ZwbTQ/sxXTaGgA=">AAACLXicdVDLSsQwFE3Hd31V3ekmOAiuhnaU0aWgC90pOCpMy5CmtxrMoySpMpQBv8at/owLQdz6Ey7MjCOo6IHA4Zxzb5KTFpwZG4bPXm1sfGJyanrGn52bX1gMlpbPjCo1hTZVXOmLlBjgTELbMsvhotBARMrhPL3eH/jnN6ANU/LU9gpIBLmULGeUWCd1g9U4zQ1oBgbvK5EyyeQlPnIhMN2gHjbCIXDY2Nrd3oq2HWmFO4 7iaGTV0QjH3eA9zhQtBUhLOTGmE4WFTSqiLaMc+n5cGigIvXbLO45KIsAk1fAPfbzhlAznSrsjLR6q3ycqIozpidQlBbFX5rc3EP/yOqXNd5OKyaK0IOnnRXnJsVV4UAjOmAZqec8RQjVzb8X0imhCravNjzVIuKVKCCKzKs6JYLyXQU5KbvtVbPIv7ru6vjrB/5OzZiNqNVonzfrewai4abSG1tEmitAO2kOH6Bi1EUV36B49oEfvwXvyXrzXz2jNG82soB/w3j4AOgap9w==</latexit>

Combining Images

<latexit sha1_base64="qM9J0Wyo0EenqqwH/LScquRHx0I="></latexit>

• Averaging for noise reduction:
<latexit sha1_base64="Oo7wbUUFOY4X0W8mGjtD9uZODlo="></latexit>

– Independent noisy observations: fi[k] = s[k] + ni[k], i = 1, . . . , N
<latexit sha1_base64="Luotj8FX+syvQLw1v/UPuSWXWW0="></latexit>

– Hypotheses:

<latexit sha1_base64="F2cPH1udmC5Q/KAfpm7RtJT0Iuw="></latexit>

(i) E[fi[k]] = s[k]
<latexit sha1_base64="JMQVw2nJoh2390SvAYPWH5Cqv58="></latexit>

→ E[ni[k]] = 0
<latexit sha1_base64="iTMiX+e0VzleCFEmr/LSqxTZG+w="></latexit>

(ii) i.i.d. noise at each location k
<latexit sha1_base64="EARJejtB2kNJEXKaY6/kN0j809s="></latexit>

→ var(fi[k]) = var(ni[k]) = ω2

<latexit sha1_base64="xII7K32dZNiQXo5yC7hSBpS8SyE="></latexit>

– Noise reduction procedure:

<latexit sha1_base64="iClQ53SuTLvSDGtsCcmNSK3TlTs="></latexit>

f̄ [k] =
1

N

N∑

i=1

fi[k]

<latexit sha1_base64="engPwydY0TSF/Npa+rWFQs6FdVU="></latexit>

Exercise: Determine the mean and variance of f̄ [k]

<latexit sha1_base64="oCaJyHoUl/bM/rGCm0xJgjjhhoQ="></latexit>

Mean: E[f̄ [k]] = s[k]
<latexit sha1_base64="0Yc8oJHlaImro0cDKpjpkIWzgso="></latexit>

Variance: var(f̄ [k]) = ω2/N

<latexit sha1_base64="+Z6A13zQ9ZlXrtyadeQQ/IwNsXc="></latexit>

Central limit theorem: for large N , f̄ [k] → N (s[k],ω2/N)
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<latexit sha1_base64="8hz8Yua/VYJ/AKPYn8PUXKCM8eA=">AAACNXicdZBLaxsxFIU16SOu+4iTLrsRNoWuzIxjbJOVoSl0VdxSOwGPCXc0dxxhPQZJk9QM3vfXdOv+lS66K93mD2RR+QVNaA8IPs65F0knyQW3Lgx/BHsPHj56vF95Un367PmLg9rh0cjqwjAcMi20OU/AouAKh447gee5QZCJwLNk9naVn12hsVyrz26e40TCVPGMM3DeuqjV4ySzaDha+u4LyFzgCf2guUX6CdOCbYYaYT Nci4bN4177OGp76IRdjzTaRg2y1eCidhunmhUSlWMCrB1HYe4mJRjHmcBFNS4s5sBmMMWxRwUS7aRc/2VBX3snpZk2/ihH1+7fGyVIa+cy8ZMS3KW9n63Mf2XjwmW9SclVXjhUbHNRVgjqNF0VQ1NukDkx9wDMcP9Wyi7BAHO+vmpsUOE101KCSss4A8nFPMUMCuEWZWyzHVd9XbtO6P9h1GpGnWbnY6vRP90WVyGvSJ28IRHpkj55TwZkSBj5Sr6RJfkeLIOfwa/g92Z0L9juvCR3FNz8AZeirSw=</latexit>

Example: Noise Reduction

<latexit sha1_base64="2Vb9AdL8NNN+nU3Uu5YnEHMNsWc="></latexit>

20 electron micrographs of a virus capsomere

<latexit sha1_base64="nmb1XZ4Xy9np1gL391Y/FFgiflU="></latexit>

Result of averaging:

<latexit sha1_base64="wD9WMcf9lMegCjnLACGrkvPFocs="></latexit>

Practical problems
<latexit sha1_base64="ZYiK8dFfSSQpNssrXt8AU88Y0x0="></latexit>

– Image registration
<latexit sha1_base64="zQc7YH+Gd2xNYE5uNd1qHOW8JLs="></latexit>

– Detection of outliers
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<latexit sha1_base64="erAyUgMmvAlkDl18uNoTCHL/4O0=">AAACQHicdVDLbhMxFPWUR0MKNC1LNhZRpW4azbRVWrFKBYsuWBSVtJUyUXTHcyex4sfIvkMVjfIVfA3b8hX8QXeILWKBk6YSIDiSpaNzzr22T1Yq6SmOv0ZrDx4+erzeeNLcePrs+WZra/vC28oJ7AurrLvKwKOSBvskSeFV6RB0pvAym75Z+Jcf0XlpzQealTjUMDaykAIoSKPWXpoVHp1Ez8/LoIHiJyEPY2nGr/m7sBUcP9 fW0iQoo1Y77sRL8LhzcHx4kBwG0o2PAuXJymqzFc5GrZ9pbkWl0ZBQ4P0giUsa1uBICoXzZlp5LEFMYYyDQA1o9MN6+a053wlKzgvrwjHEl+rvEzVo72c6C0kNNPF/ewvxX96gouJ4WEtTVoRG3F1UVIqT5YuOeC4dClKzQEA4Gd7KxQQcCApNNlOHBq+F1RpMXqcFaKlmORZQKZrXqS/ueTPUdd8J/z+52O8k3U73/X6793ZVXIO9ZK/YLkvYEeuxU3bG+kywT+wzu2FfopvoNvoWfb+LrkWrmRfsD0Q/fgG/rrG4</latexit>

Spatial Averaging: Linear Smoothing

<latexit sha1_base64="xBjcGc3a0fnQ8P0466ZIcRZ2m1Y="></latexit>

Linear smoothers = Low-pass filters
<latexit sha1_base64="E8qBA5UzeXydQ06MmDQoOtz8hd8="></latexit>

g = h → f with
∑

k h[k] = 1

<latexit sha1_base64="2pBhiWGBZp6pwuyMas/knqTTrGw="></latexit>

• Finite-impulse response (FIR)
<latexit sha1_base64="MV0XRqPCccVu+Na8qaMIRA8gHyU="></latexit>

Moving average
<latexit sha1_base64="KIw1Xsbd1hIT5oJ4Gm7pfuq+mKo="></latexit>


1/9 1/9 1/9

1/9 1/9 1/9

1/9 1/9 1/9








0 1/8 0

1/8 1/2 1/8

0 1/8 0





<latexit sha1_base64="8p5W/Qm22GnIppidU+ZwEweX14s="></latexit>

• Infinite-impulse response (IIR)
<latexit sha1_base64="LH8OZ02UvjyoWRkcX6j7OOweTu4="></latexit>

– Symmetric exponential
<latexit sha1_base64="cp5pRWuC1PhYNEYL1q4M3sl/ahE="></latexit>

– Gaussian filter

<latexit sha1_base64="JtslTAYsq1gjV+FYEqKKn1q/qAY="></latexit>

• Main uses
<latexit sha1_base64="dbJ7Nk81S3ixPbyQbCM1j8APCak="></latexit>

– noise reductions (high frequencies)
<latexit sha1_base64="CoCvTF0+NNotFmYHBNubU0VUZBI="></latexit>

– estimation of local statistics (mean, variance)

<latexit sha1_base64="GXZjTlnbh5Z9ZeXftgb09bcc/BQ="></latexit>

• Limitations
<latexit sha1_base64="qJpzYnSWDuPeIPpCnveCXEigp0E="></latexit>

– Blurring of edges
and image details

<latexit sha1_base64="qOeBdmt0aTuohJQ2DWD+6aHBFsQ="></latexit>

How do we get around this?

<latexit sha1_base64="R9T+wk4A76WKaFGnUgnYpwLoHlQ="></latexit>

Nonlinear operations
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<latexit sha1_base64="u63iJ4qmx2GwJtKcZViW7YYCbjc=">AAACPXicdVDNShxBGOxZf2I20Yx6zKVxCYiHZUZlFU+KIl4CBl1X2FmWb3q+WRu7e4bunoRh2Hfwabzqa/gA3iTXXHJI7zqChqSgoaiq7+vuinPBjQ2CB68xMzs3/27hffPDx8WlT/7yyoXJCs2wyzKR6csYDAqusGu5FXiZawQZC+zF14cTv/cdteGZOrdljgMJI8VTzsA6aehvRHFqUHM09Cx3Ggh64PIw4mq0R79iwkHRYy 4s6qHfCtrBFDRob+1ub4XbjnSCHUdpWFstUuN06P+OkowVEpVlAozph0FuBxVoy5nAcTMqDObArmGEfUcVSDSDavqnMf3ilISmmXZHWTpVX09UII0pZeySEuyV+dubiP/y+oVNdwcVV3lhUbHni9JCUJvRSUE04RqZFaUjwDR3b6XsCjQwV4HbpFHhD5ZJCSqpohQkF2WCKRTCjqvIpC+86ep66YT+n1xstsNOu/Nts7V/VBe3QD6TNbJOQrJD9skJOSVdwsgNuSV35N678x69J+/nc7Th1TOr5A28X38A0HGwOw==</latexit>

Spatial Averaging: Median Filter

<latexit sha1_base64="+95CxZnEzQ80j9FQhcJjTSQXsnM="></latexit>

W
<latexit sha1_base64="C6BGtWO2JCao8exIkJ7c0X5Ry3E="></latexit>

g[k] = median{f [k → n] : n ↑ W}

<latexit sha1_base64="zPaaH9/VkiiZPW2GM+U9J6lgyrc="></latexit>

Input (200→ 200)
<latexit sha1_base64="gckRFSekPHywVMOaxKiyv/jg8uk="></latexit>

5→ 5 median filtered
<latexit sha1_base64="Yu+IvqWa3foPC9VOmVEbFwhLkNw="></latexit>

• Advantages
<latexit sha1_base64="XLrpwi2/+pDQRpFHu5Dg24loZcs="></latexit>

– Tend to preserve contours better than linear smoothers
<latexit sha1_base64="Ye55Bv5fna1hMEhUx8ETDr3qYAQ="></latexit>

– Good for impulsive or heavy-tailed (non-Gaussian) noise
<latexit sha1_base64="GXZjTlnbh5Z9ZeXftgb09bcc/BQ="></latexit>

• Limitations
<latexit sha1_base64="7Ac4KjtxT7rLTvrFAvuAdHUaDPM="></latexit>

– Computationally costly for large sizes of neighborhoods
<latexit sha1_base64="ukCKrW+oY18eMaVY/z27JF6xMkI="></latexit>

– Breaks down when there is a majority of noisy pixels
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<latexit sha1_base64="cq1YG4M4RRKhdPxZgOHukUQGXSQ=">AAACQXicdVDLShxBFK1WE82YxNEssykcBDc23SqjS0EDcRNUHBWmh+F29W0trEdTD5Ohmb/I12RrfsJPcCfZJgurxxGSkBwoOJwHVXXySnDrkuQumpmde/FyfuFVa/H1m7dL7eWVM6u9YdhjWmhzkYNFwRX2HHcCLyqDIHOB5/n1fuOf36CxXKtTN6pwIOFS8ZIzcEEatuMsLy0ajpYeysoLy29w45PmFukJFp41KfrhSxUiEp UbtjtJnExAk3hrd3sr3Q6km+wEStOp1SFTHA3bv7JCM990mQBr+2lSuUENxnEmcNzKvMUK2DVcYj9QBRLtoJ78a0zXglLQUptwlKMT9fdGDdLakcxDUoK7sn97jfgvr+9duTuouaq8Q8WeLiq9oE7TZiRacIPMiVEgwAwPb6XsCgwwF6ZsZQYVfmZaSlBFnZUguRgVWIIXblxntnzmrTDX8yb0/+RsM067cfd4s7N3MB1ugbwnq2SdpGSH7JGP5Ij0CCNfyTdyS75Ht9F99BD9eIrORNPOO/IHop+Phbiyqg==</latexit>

Impulsive-Noise Reduction Experiment

<latexit sha1_base64="zPaaH9/VkiiZPW2GM+U9J6lgyrc="></latexit>

Input (200→ 200)
<latexit sha1_base64="4yfPzx0d7DydZxvyof3N0kO2AOA="></latexit>

Input + impulsive noise
<latexit sha1_base64="m7v/s3fIBPrzIzUTn/KtfSx8PrM="></latexit>

3→ 3 median

<latexit sha1_base64="Qt277ahj7VvfOSwFZ1IaEnZpFcM="></latexit>

3→ 3 moving average
<latexit sha1_base64="pWxMiVsBrzdS7wunNeoViJiiAXs="></latexit>

5→ 5 moving average
<latexit sha1_base64="aglmVqad1w9fZAFn9apWp/oP6fs="></latexit>

5→ 5 median
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<latexit sha1_base64="SFLR4b8E8X/iJpAPWP/EeJBEwGw=">AAACM3icdVBNSyNBFOxxdY1Rd+PucS+NQfAUZlSiR0EPXgQXNipkgrzpeZM0dvcM3W9WwpCrv8Zr/C/L3mSv/gMP2/kQVLSgoaiqx+tXSaGkozD8Eyx8Wlz6vFxbqa+urX/52tj4du7y0grsiFzl9jIBh0oa7JAkhZeFRdCJwovk+mjiX/xG62RuftGwwJ6GvpGZFEBeumrwOMkcWomOnwKJgTR9Diblx0goZpFm2Aqn4GFr92 BvN9rzpB3ue8qjudVkc5xdNZ7iNBelRkNCgXPdKCyoV4ElKRSO6nHpsABxDX3sempAo+tV00tGfMsrKc9y658hPlVfTlSgnRvqxCc10MC99Sbie163pOygV0lTlIRGzBZlpeKU80ktPJXW36uGnoCw0v+ViwFYEOTLq8cWDd6IXGvfTRVnoKUapphBqWhUxS575nVf13Mn/GNyvtOK2q32z53m4fG8uBr7wTbZNovYPjtkJ+yMdZhgt+yOjdl9MA7+Bg/Bv1l0IZjPfGevEDz+BwdnrGQ=</latexit>

Matching and Detection

<latexit sha1_base64="9TYG2FMmyfOuw1yOE2+QlnU7QBc="></latexit>

• Template Matching

– Problem Definition

– Correlation

• Matched-Filter Detection

• Application Areas

– Object Detection

– Automated Inspection

– Data Fusion

– Registration

– Motion Compensation
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<latexit sha1_base64="QPasyBi1Fqp4bdBUSkvsSkGr9/k=">AAACLnicdZDNSiNBFIWr/Tf+ZZylm8IguArdGqJLYWYxG0HBqJAO4Xb17aSwqrqpuu0QmizmaWbrvIzgQmY7DzELKzGCih4o+DjnXqrqJIWSjsLwIZibX1hcWl5Zra2tb2xu1b9sX7q8tAI7Ile5vU7AoZIGOyRJ4XVhEXSi8Cq5+TbJr27ROpmbCxoV2NMwMDKTAshb/fpOnGQOrUTHL1AXCgj5KZAYSjPo1xthM5yKh83D49 Zh1PLQDo888mgWNdhMZ/36/zjNRanRkFDgXDcKC+pVYEkKheNaXDosQNzAALseDWh0vWr6iTHf807Ks9z6Y4hP3dcbFWjnRjrxkxpo6N5nE/OjrFtSdtyrpClKQiOeL8pKxSnnk0Z4Ki0KUiMPIKz0b+ViCBYE+d5qsUWDP0WuNZi0ijPQUo1SzKBUNK5il71wzdf10gn/HC4PmlG72T4/aJx8nxW3wnbYLttnETtiJ+wHO2MdJtgv9pvdsT/BXXAfPAZ/n0fngtnOV/ZGwb8nOI+qfA==</latexit>

Template Matching

<latexit sha1_base64="fhGHKozG3sicrCovpvXp6ir7zP8="></latexit>

• Problem definition
<latexit sha1_base64="+mqHLHjWF1iAMOJgutx1lcguHRQ="></latexit>

– Reference pattern, target, or template: fr[k], k → !r

<latexit sha1_base64="/fy2VZmZjegxr2F95XpvtQrJiho="></latexit>

– Test image: f [k], k → !f

<latexit sha1_base64="+qn99Xgb2gU0XCkFuX60G+Zsois="></latexit>

– How do we decide whether or not f and fr are similar?

<latexit sha1_base64="YJJBzwrSePAgnmXfk923UdCMtto="></latexit>

– Given a collection of templates fi, i = 1, . . . , N (e.g., shifted versions of
some reference template), how do we select the best match?

<latexit sha1_base64="FP1kw3VSvRiIgHo3XB8ZE1FJRJ4="></latexit>

Exercise: Come up with a concrete instantiation of this sort of problem

<latexit sha1_base64="6mdRtcgyUy2bqUFY9N29e9h0OE8="></latexit>

– Common support ! = !f → !r ↑= ⊋
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<latexit sha1_base64="DPyOnAyDw/qO/1/o1U0JZqyu908=">AAACMXicdZBLSwMxFIUzvq2vqktBgkVwVWasVJeCLtwIClaFTil3Mnc0mMeQZJQydOevcat/xp249S+4MK0VVPRA4OOce0lyklxw68LwORgbn5icmp6ZrczNLywuVZdXzq0uDMMW00KbywQsCq6w5bgTeJkbBJkIvEhuDgb5xS0ay7U6c70cOxKuFM84A+etbnU9TjKLhqOlB9oYFEOfHiPYwqDtVmthPRyKhvXG3k4j2vHQDH c90mgU1chIJ93qe5xqVkhUjgmwth2FueuUYBxnAvuVuLCYA7uBK2x7VCDRdsrhP/p00zspzbTxRzk6dL9vlCCt7cnET0pw1/Z3NjD/ytqFy/Y6JVd54VCxz4uyQlCn6aAUmnKDzImeB2CG+7dSdg0GmPPVVWKDCu+YlhJUWsYZSC56KWZQCNcvY5t9ccXX9dUJ/R/Ot+tRs9483a7tH46KmyFrZINskYjskn1yRE5IizByTx7II3kKHoPn4CV4/RwdC0Y7q+SHgrcPGfqr+g==</latexit>

Correlation Measures

<latexit sha1_base64="6wobC2R6qg5jqmY/8YSP1N96xH0="></latexit>

• Basic correlation
<latexit sha1_base64="XxZWaf4BLY2yIESAO5O8daHgbxI="></latexit>∑

k→!

f [k]fr[k]
<latexit sha1_base64="pC8gjj7Dv2CmHH+bBoQeVA1qRX4="></latexit>

= →f, fr↑
<latexit sha1_base64="UCyK+LTMIsOawnpxgoZXIhSWrfQ="></latexit>

ω2(!)-inner product

<latexit sha1_base64="S3Vjhvr6lodpIs96G9x+NcIECxw="></latexit>

How is maximizing the correlation related to the similarity between f and fr?

<latexit sha1_base64="vC+K2jGzE5rhjBPw6UxeIykFi7Y="></latexit>

Similarity = distance = →f ↑ fr→ω2(!)

<latexit sha1_base64="VW0RR9MjFy8KYSn0ruLBpIECL8A="></latexit>

→f ↑ fr→2ω2(!) = ↓f ↑ fr, f ↑ fr↔
<latexit sha1_base64="iV/EWyUCfbRLQp5wiod+ixJCq4o="></latexit>

= →f→2ω2(!) + →fr→2ω2(!) ↑ 2↓f, fr↔
<latexit sha1_base64="XM4e1b3NJ+WNSmvUyqhSHjMaG4s="></latexit>

= constant→ 2↑f, fr↓
<latexit sha1_base64="6++g8HGa8BZZscZNOkuoGnt65+Q="></latexit>

increasing correlation decreases distance

<latexit sha1_base64="WVFNUpRuSWkO60KWxBpL22LUbLw="></latexit>

→f ↑ f→2ω2(!) is minimum ↓ ↔f, fr↗ is maximum
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<latexit sha1_base64="Isi55JMouw71tY5HmchsRe06Nv0=">AAACOnicdZDNShxBFIWrjUl08jfGpZvCIWg2Q7fK6FLQhRtBwVFhehhuV9/Wwvppqm4rQzOP4NNkax7ErTtxm2UW1owjqCQHCj7OuZeqOlmppKc4vo1m3s2+//Bxbr7x6fOXr9+aC9+Pva2cwK6wyrrTDDwqabBLkhSelg5BZwpPsoudcX5yic5La45oWGJfw5mRhRRAwRo0V9Ks8Ogker5jnUM18fk+gq9cMFeFNbSS/xw0W3 E7nojH7fWtjfVkI0An3gzIk2nUYlMdDJp/09yKSqMhocD7XhKX1K/BkRQKR4208liCuIAz7AU0oNH368mHRvxHcHJeWBeOIT5xX27UoL0f6ixMaqBz/zYbm//KehUVW/1amrIiNOLpoqJSnCwft8Nz6VCQGgYA4WR4Kxfn4EBQ6LCROjR4JazWYPI6LUBLNcyxgErRqE598cyNUNdzJ/z/cLzWTjrtzuFaa3t3WtwcW2LLbJUlbJNtsz12wLpMsGv2i92w39FNdBfdRw9PozPRdGeRvVL05xFinK8E</latexit>

Correlation Measures (cont’d)

<latexit sha1_base64="z3qYJmcYLK4xvzIDl3gO77k9uG8="></latexit>

What if our template and test image have di!erent intensity ranges?

<latexit sha1_base64="iCC3mIGAi35pXTAJQ+HXJGDGSgU="></latexit>

• Centered correlation
<latexit sha1_base64="F4bZgUjtwx9wQhPmZkLqWT5xqiU="></latexit>

→f ↑ f̄ , fr ↑ f̄r↓
<latexit sha1_base64="eYiG0K0Qp7CeBLAZwz54eOPbarQ="></latexit>

=
∑

k→!

(f [k]→ f̄)(fr[k]→ f̄r)

<latexit sha1_base64="KBXt0Ztk0B8/pCsFZpzFi+9RgzM="></latexit>

average value
<latexit sha1_base64="qhfNDdwMSNI9jhe5z6YkMzOp/4E="></latexit>

ḡ =
1

#!

∑

k→!

g[k]

<latexit sha1_base64="WBRxFhJ+0v2o8OS/w7+6AOy4/pY="></latexit>

• Normalized correlation coe!cient
<latexit sha1_base64="LW1Qc65jy17FL9h3jSBSALO7Hsw="></latexit>

ω(f, fr) =
→f ↑ f̄ , fr ↑ f̄r↓

↔f ↑ f̄↔ω2(!)↔fr ↑ f̄r↔ω2(!)

<latexit sha1_base64="qtlWOB7UXOK+Xp1+Vlv6WLkTbuE="></latexit>→ 1
<latexit sha1_base64="7yidZgaup1zpyT9G+V1VZep1zJI="></latexit>→1 ↑

<latexit sha1_base64="MgkIC/KbreziGQtM2DftTHRPf/Q="></latexit>

Invariant to linear amplitude scalings: af + b
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<latexit sha1_base64="B00LZgQjEwU8GbEa28s5gv4G7UY=">AAACNXicdVBNSyQxFEyru+rsh7Pr0UtwWPCyQ7fK6FFQxIug4KgwPcjr9GsnmKSb5LXL0MzdX7NX/SsevIlX/4AHMx+CihYEiqp6SV4lhZKOwvA2mJqe+fJ1dm6+9u37j58L9V+/j11eWoFtkavcnibgUEmDbZKk8LSwCDpReJJcbA/9k0u0TubmiPoFdjWcG5lJAeSls/pynGQOrUTH94FED9O/u1IRWr6DhGIcaoTNcAQeNt c219eidU9a4YanPJpYDTbBwVn9KU5zUWo0JBQ414nCgroVWJJC4aAWlw4LEBdwjh1PDWh03Wq0y4D/8UrKs9z6Y4iP1NcTFWjn+jrxSQ3Uc++9ofiR1ykp2+xW0hQloRHjh7JSccr5sBieSuv3VX1PQFjp/8pFDywIX4a/yaLBfyLXGkxaxRloqfopZlAqGlSxy154zdf10gn/nByvNqNWs3W42tjamRQ3x5bYMlthEdtgW2yPHbA2E+yK/WfX7Ca4Du6C++BhHJ0KJjOL7A2Cx2e/a61D</latexit>

Matched-Filter Detection

<latexit sha1_base64="OXEzqVLBatXoGhJKAYp+uUFCbNw="></latexit>

• Measurement model (signal + noise): f [k] = s[k → k0] + n[k]
<latexit sha1_base64="M8MmoB7dlub7b2b801LfcekEPqE="></latexit>

s: known deterministic template or pattern

<latexit sha1_base64="fdqkFYhETol9JBUJzZoXaBhBvBM="></latexit>

k0: unknown template location
<latexit sha1_base64="cbtMWY1Wa4oMfRVdEiUO6/Aya4Y="></latexit>

E[f [k]] = s[k → k0]

<latexit sha1_base64="vjE0O+UVEahHojCbZxroWhBHMiE="></latexit>

• Goal: Design a correlation-like detector

<latexit sha1_base64="HemJKy5v2iEpPezgCGXO9klX3+E="></latexit>

g[k] = (h → f)[k]
<latexit sha1_base64="Mht3bXkni3RjIutjcX3ZF+Anavw="></latexit>

=
∑

n→Z2

h[n]f [k → n]

<latexit sha1_base64="+9C62bX04Nfvtgc7qzBbkPnR2NM="></latexit>

“convolution”

<latexit sha1_base64="4gYo9NzTkRXMl2S7Ebj3Skpu1zc="></latexit>

=
∑

n→Z2

w[n]f [k + n]

<latexit sha1_base64="D8blBIUTDN8f87xlo+qhezrT3HE="></latexit>

“correlation”
<latexit sha1_base64="6D3jVF3xshS053fpbKtZBGuhp/8="></latexit>

where w[k] = h[→k]

<latexit sha1_base64="IPyjVSnfmgch5qTUc2PdonMJkYs="></latexit>

n: additive white noise with zero mean and variance ω2
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<latexit sha1_base64="B00LZgQjEwU8GbEa28s5gv4G7UY=">AAACNXicdVBNSyQxFEyru+rsh7Pr0UtwWPCyQ7fK6FFQxIug4KgwPcjr9GsnmKSb5LXL0MzdX7NX/SsevIlX/4AHMx+CihYEiqp6SV4lhZKOwvA2mJqe+fJ1dm6+9u37j58L9V+/j11eWoFtkavcnibgUEmDbZKk8LSwCDpReJJcbA/9k0u0TubmiPoFdjWcG5lJAeSls/pynGQOrUTH94FED9O/u1IRWr6DhGIcaoTNcAQeNt c219eidU9a4YanPJpYDTbBwVn9KU5zUWo0JBQ414nCgroVWJJC4aAWlw4LEBdwjh1PDWh03Wq0y4D/8UrKs9z6Y4iP1NcTFWjn+jrxSQ3Uc++9ofiR1ykp2+xW0hQloRHjh7JSccr5sBieSuv3VX1PQFjp/8pFDywIX4a/yaLBfyLXGkxaxRloqfopZlAqGlSxy154zdf10gn/nByvNqNWs3W42tjamRQ3x5bYMlthEdtgW2yPHbA2E+yK/WfX7Ca4Du6C++BhHJ0KJjOL7A2Cx2e/a61D</latexit>

Matched-Filter Detection

<latexit sha1_base64="1VMO3i6zuTV2nmRzuLe/1KSvetk="></latexit>

Solution: w[k] = s[k] (matched filter)
<latexit sha1_base64="aexDBBTllmz4nSVhHvWy8bRrlEY="></latexit>

(technically, w[k] = ω s[k] is fine, for any ω → R)
<latexit sha1_base64="WTFIdcvOltKb2j6S1mZgHvfRGEg="></latexit>

Proof:
<latexit sha1_base64="U+2Gkn35zGUlUwOZ2bSsotel38E="></latexit>

Expected output at k = k0
<latexit sha1_base64="pMrYGcoeLxWIgRPxcD1fSYtd/NU="></latexit>

E[g[k0]]
<latexit sha1_base64="XCsXwqklwxrAsWZAjc3cnBYfvtg="></latexit>

=
∑

n→Z2

w[n]s[k0 → k0 + n]

<latexit sha1_base64="uxW5SGHHigWhw1e4uPxbrzWIUuc="></latexit>

= →w, s↑
<latexit sha1_base64="YBctDgHoyXzcJgrFcY5LDzdf/HA="></latexit>

Variance output
<latexit sha1_base64="LoqcjnF1FjHEgbChzL4P3V20eW0="></latexit>

var(g[k])
<latexit sha1_base64="kVsajeOrJgf3GqaC5Y1HiRfS794="></latexit>

=
∑

n→Z2

w[n]2 var(n[k + n])
<latexit sha1_base64="sr0OYE6KzMnccyBxY+AdutXLj9s="></latexit>

= ω2→w→2ω2(Z2)

<latexit sha1_base64="XghSnuKiKFsjL4sULIyhY2mm07o=">AAAEIHicbZPJbtswEIaZuEvqLknaW3sRHATpwQhI2fJyS7MfEsAN4jhAZCQURdlEKEogqbSGIKDP0kOv7WP0VvTYPkSfoYytFJZSCgMMZr5/OBpivJgzpSH8tbBYefDw0eOlJ9Wnz56/WF5ZfXmmokQS2icRj+S5hxXlTNC+ZprT81hSHHqcDrzrndv84IZKxSJxqicxHYZ4JFjACNYmdLny2p3WSG9YxKnOqtWrK8VGAvONjc </latexit>

“signal”

<latexit sha1_base64="pMkQ9j1IUbgQGs1x9fdbUURgTQk="></latexit>

(squared)
“noise”

<latexit sha1_base64="stZ5IHbwKnoThWNs7OKuIU0MibE="></latexit>

SNR at k = k0: SNR =
→w, s↑

ω↓w↓ω2(Z2)

<latexit sha1_base64="6DtVNyWnyaMY5ncecZbsbd7LAFg="></latexit>

Maximized when w[k] = ω s[k]

<latexit sha1_base64="eC8PZXWURn/lJXgNmnzTU8xzni8="></latexit>

• Optimal detector: Maximizes SNR at k = k0
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<latexit sha1_base64="bq6hef3s/0w1gu62+5SJiX/LT6Q=">AAACQ3icdZDPShxBEMZ7NBqz/lvNMZcmi+BpmVFZPQp68CJswFVhZ1lqemp2G7t7hu6ayDDsa/g0XvUdfAZvIccE0ruuECUpaPj4vqrq7l9SKOkoDJ+ChcUPS8sfVz41VtfWNzabW9uXLi+twJ7IVW6vE3CopMEeSVJ4XVgEnSi8Sm5OpvnVd7RO5uaCqgIHGkZGZlIAeWvYDOMkc2glOt4FIrSGnyKhmKY8qfgF6kIBIT8HEm NpRsNmK2yHs+Jhe//oYD868KITHnrJo3nUYvPqDpu/4jQXpUZDQoFz/SgsaFCDJSkUThpx6bAAcQMj7HtpQKMb1LOfTfiOd1Ke5dYfQ3zm/j1Rg3au0onv1EBj9z6bmv/K+iVlR4NamqIkNOLloqxUnHI+xcRTaT0EVXkBwkr/Vi7GYEF4RH6TRYO3ItcaTFrHGWipqhQzKBVN6thlr7rhcb0y4f8Xl3vtqNPufNtrHZ/Owa2wL+wr22URO2TH7Ix1WY8Jdsfu2QN7DB6C5+BH8POldSGYz3xmbyr4/QdmMbMG</latexit>

Pattern Detection by Template Matching

<latexit sha1_base64="csQx5VAYruIKFU48gRV1jQNKneU="></latexit>

• Application: Line detector
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<latexit sha1_base64="bq6hef3s/0w1gu62+5SJiX/LT6Q=">AAACQ3icdZDPShxBEMZ7NBqz/lvNMZcmi+BpmVFZPQp68CJswFVhZ1lqemp2G7t7hu6ayDDsa/g0XvUdfAZvIccE0ruuECUpaPj4vqrq7l9SKOkoDJ+ChcUPS8sfVz41VtfWNzabW9uXLi+twJ7IVW6vE3CopMEeSVJ4XVgEnSi8Sm5OpvnVd7RO5uaCqgIHGkZGZlIAeWvYDOMkc2glOt4FIrSGnyKhmKY8qfgF6kIBIT8HEm NpRsNmK2yHs+Jhe//oYD868KITHnrJo3nUYvPqDpu/4jQXpUZDQoFz/SgsaFCDJSkUThpx6bAAcQMj7HtpQKMb1LOfTfiOd1Ke5dYfQ3zm/j1Rg3au0onv1EBj9z6bmv/K+iVlR4NamqIkNOLloqxUnHI+xcRTaT0EVXkBwkr/Vi7GYEF4RH6TRYO3ItcaTFrHGWipqhQzKBVN6thlr7rhcb0y4f8Xl3vtqNPufNtrHZ/Owa2wL+wr22URO2TH7Ix1WY8Jdsfu2QN7DB6C5+BH8POldSGYz3xmbyr4/QdmMbMG</latexit>

Pattern Detection by Template Matching

<latexit sha1_base64="a31p8lSuA2mrV1eA+/Mk6+XrDyA="></latexit>

Reference template (33→ 31 pixels)

<latexit sha1_base64="jr4+ujeZriX4f3yMB9XNN2bJocI="></latexit>

(x, y) = (149, 95)

<latexit sha1_base64="pB+MPeBafKv8RKWJvOqk+LnssPE="></latexit>

(x, y) = (98, 123)

<latexit sha1_base64="OfDj6QBFDDWxhf25Ca5eqZZ7h3c="></latexit>

(x, y) = (58, 61)

<latexit sha1_base64="NxihUOJBSTwcCDbaq2mqyrmxdRs="></latexit>

ω = 100%

<latexit sha1_base64="n15lOQRYtrxzlfQn2nXcVSXauLA="></latexit>

ω = 88%

<latexit sha1_base64="TVPYJpxSgkPzzaT+ijxPE5a2OXs="></latexit>

ω = 33%
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<latexit sha1_base64="LmB8gIH+XeseX/DBKbkbYZJA9O8=">AAACL3icdZDNShxBFIWr/YnjROOoS10UGQJZDd0qo8uBGHGp4KgwPcjt6ttaWFXdVN1Wh2Y2eRq35mXEjWSbd3BhzY+QSHKg4OOce6mqkxRKOgrDp2Bmdm7+w0Jtsf5xafnTSmN17dTlpRXYFbnK7XkCDpU02CVJCs8Li6AThWfJ9bdRfnaD1sncnNCgwL6GSyMzKYC8ddHYjJPMoZXo+AEClRb59zuyICZxM2yFY/Gwtb23sx 3teGiHux55NI2abKqji8ZLnOai1GhIKHCuF4UF9SuwJIXCYT0uHRYgruESex4NaHT9avyLIf/inZRnufXHEB+7f25UoJ0b6MRPaqAr9z4bmf/KeiVle/1KmqIkNGJyUVYqTjkfVcJTaVGQGngAYaV/KxdXMOrAF1ePLRq8FbnWYNIqzkBLNUgxg1LRsIpd9sZ1X9dbJ/z/cLrVitqt9vFWs7M/La7GNthn9pVFbJd12CE7Yl0m2A92zx7Yz+AheAyeg1+T0ZlgurPO/lLw+xVJCKsM</latexit>

Feature Extraction

<latexit sha1_base64="Uj8/6Kg7e189Wx8QJ0V3ntoy6O0="></latexit>

• Edge detection

<latexit sha1_base64="cC9EsSF09gwE62C5mIAtmOeNyiA="></latexit>

Edges are important clues for the interpretation of images;
they are essential to object recognition

<latexit sha1_base64="neDhSJSl14sf7fFscmyNg3H9FgI="></latexit>

– Edges: Analog formulation

– Gradient-based edge detection
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<latexit sha1_base64="cfiKsiLU5Zq9whUf/0gGfDFrfbs=">AAACNnicdZDNSiNBFIWrdfyZ+BedpZtiguAqdJuQyKwc1MGlAxMV0kFuV99OitRPU1U9Epo8wDyNW30UN7Mb3PoAs5hKTGAUPVDwcc69VNVJcsGtC8OHYGHxw9LyyurHytr6xuZWdXvnwurCMOwwLbS5SsCi4Ao7jjuBV7lBkInAy2R4PMkvf6KxXKsfbpRjT0Jf8YwzcN66rtbiJLNoOFp6mvbRfqFfFQjdp9+0kYWYT4X1cC oa1huHzUbU9NAK2x5pNItqZKbz6+rfONWskKgcE2BtNwpz1yvBOM4EjitxYTEHNoQ+dj0qkGh75fQzY7rnnZRm2vijHJ26/2+UIK0dycRPSnAD+zqbmG9l3cJlh72Sq7xwqNjzRVkhqNN00gxNuUHmxMgDMMP9WykbgAHmfH+V2KDCG6alBJWWcQaSi1GKGRTCjcvYZnOu+LrmndD34eKgHrXqre8HtaOTWXGrZJd8JvskIm1yRM7IOekQRn6RW3JH7oO74HfwJ3h8Hl0IZjufyAsFT/8AUTatiQ==</latexit>

Edges: Analog Formulation

<latexit sha1_base64="x0iNqXlQsXNeREbXVEA9lDJKCtM="></latexit>

What is an edge?

<latexit sha1_base64="pyyAqFE2vVJgY/DZcnnps2n3Fr4="></latexit>

Definition: An edge point is a location of abrupt change in an image

<latexit sha1_base64="MRKP6Pa5IS8wgE0nBkUwQspdlDs="></latexit>

f(x)

<latexit sha1_base64="nsVBNDFCFg97KOfIgaF/5fP/ypE="></latexit>

f →(x)

<latexit sha1_base64="K3PAEop0yIA8n465qbhwmEg0NXk="></latexit>

f →→(x)

<latexit sha1_base64="3bXUso6ZnL8sskLfkmVQGk2Pcmw="></latexit>

Image value at location x: f(x)

<latexit sha1_base64="FVLTzNK3LD1JBECdZQ/7tKUwNt0="></latexit>

Normal vector: n =
→f(x)

↑→f(x)↑2
<latexit sha1_base64="7jlfNYgPTUt2+hNzMXTWJyI9Zyw="></latexit>

→ direction of maximum change
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<latexit sha1_base64="DTnOr+LY4zsci3CozUEc0Mg+zrA=">AAACQXicdVBNSwMxEM36bf2qevQSLIKnZVdL9ShY0KOCVaFbymx2VoNJdkmylbL0X/hrvOqf8Cd4E696MK0VVHQg8HjvzWTmxbngxgbBkzcxOTU9Mzs3X1lYXFpeqa6unZus0AxbLBOZvozBoOAKW5ZbgZe5RpCxwIv45nCoX/RQG56pM9vPsSPhSvGUM7CO6lb9KE4Nao6GHmlIOCpLQSW0yTWyoQUEbTq95/w9NN1qLfCDUd HA392v74Z1BxrBnoM0HEs1Mq6TbvU9SjJWSDeXCTCmHQa57ZSgLWcCB5WoMJgDu4ErbDuoQKLplKO7BnTLMQlNM+2e22vEfu8oQRrTl7FzSrDX5rc2JP/S2oVN9zslV3lhUbHPj9JCUJvRYUg0GV0v+g4A09ztStk1aGDWRVmJNCq8ZZmULqkySkFy0U8whULYQRmZ9AtXXFxfmdD/wfmOHzb8xulO7aA5Dm6ObJBNsk1CskcOyDE5IS3CyB25Jw/k0Xvwnr0X7/XTOuGNe9bJj/LePgAORbJo</latexit>

Gradient and Directional Derivatives

<latexit sha1_base64="muxgT33rTt9UoVMEZQLZ+PwooUk="></latexit>

• Gradient of f at x = (x, y): →f(x) =

(
ωf(x)

ωx
,
ωf(x)

ωy

)
= (f1(x), f2(x))

<latexit sha1_base64="tuNeKAnFZL10NtamHKJyXNZZdrk="></latexit>

• Directional derivative of f along the unit vector uω = (cos ω, sin ω)
<latexit sha1_base64="E4u7rtYnxPE+KqKtwVIdGPQ986U="></latexit>

Duωf(x) = lim
ω→0

f(x+ ωuε)→ f(x)

ω
<latexit sha1_base64="FleAiRs+RUaGGcUTBIW99qZ/yxE="></latexit>

= f1(x) cos ω + f2(x) sin ω
<latexit sha1_base64="BMgu6RL6qw8huiFXOtW6DsSxmLg="></latexit>

= uT
ω→f(x)

<latexit sha1_base64="YnG8lgRc/GlzP8+nhibdTExSbZM="></latexit>

Taylor-series argument:
f(x+ ωu) = f(x) + ωuT→f(x) +O(ω2)

<latexit sha1_base64="xfLJ666aSMqK8JiAwqpGgNj4MOg="></latexit>

Exercise: What is max
ω

Duωf(x) ?

<latexit sha1_base64="uDIAUNAAwIVoC4W9Eqa4PyqTGcI="></latexit>

max = Dnf(x) = →↑f(x)→2 =
√
f1(x)2 + f2(x)2

<latexit sha1_base64="hakVirk4vVquD9VaSsQxHXM7O8w="></latexit>

ω→ = ↭(→f(x)) = arctan

(
f2(x)

f1(x)

)
+ kε, k ↑ Z

<latexit sha1_base64="U+VkpuDyqzX4OqPCnOQ5+Qw8JwQ="></latexit>

(→ to edge)
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<latexit sha1_base64="xWRAAjYqRISIvxb2M1wkv0yikpo=">AAACQHicdZDLThsxFIY9FCgNt1CWbCwipG6IZgAFlpFCRZdUagApE6EznuNg4cvI9hRFozwFT8OWPgVvwA6xrVjUuSBR1J7Vr/8/x8fnywopnI/jh2juw/zC4selT7XlldW19frG5zNnSsuwy4w09iIDh1Jo7HrhJV4UFkFlEs+z6844P/+J1gmjf/hhgX0FAy24YOCDdVnfTTPu0Ap09AQ1WpC0Y4UPDlBuLP2aD5Aeo0c27W /EzXhSNG7uHx3sJwdBtOLDIGkyixpkVqeX9Zc0N6xUqD2T4FwviQvfr8B6wSSOamnpsAB2DQPsBalBoetXk7NGdCc4+eQX3GhPJ+7biQqUc0OVhU4F/sq9z8bmv7Je6flRvxK6KD1qNl3ES0m9oWNGNBc23CuHQQALNASj7AossMAlvGQDqBtmlAKdVykHJeQwRw6l9KMqdfxV1wKuVyb0/+Jsr5m0mq3ve4328QzcEtki2+QLScghaZNv5JR0CSO35I7ck1/RffQYPUXP09a5aDazSf6q6PcfS3qxdQ==</latexit>

General Criteria for Edge Detection

<latexit sha1_base64="eVX4Gx161DhVDZLZn3u0IkoMDAU="></latexit>

• Maximum of the gradient

<latexit sha1_base64="hO9ijHK9DwZ23UIv+3ZhSMqAEa8="></latexit>

• Zero crossings of the second-order (directional) derivative

<latexit sha1_base64="Dlky3AEHooOgHM2yOD7+JrG1z14="></latexit>

• Combination of both

<latexit sha1_base64="o/mEiOKGAbFPIDLvxSXfjHM54DM="></latexit>

Remarks:

<latexit sha1_base64="SURocRIE5qXYx+HxG9GOJ1RMEAk="></latexit>

– Gradient magnitude and Laplacian are rotationally invariant, while
gradient vectors and directional second-order derivatives are not

<latexit sha1_base64="3k3xHXHiq0iCxrqtJ4X0bp+KcxI="></latexit>

– Derivatives are usually estimated on a smoothed version of the image
to improve robustness and/or reduce the e!ect of noise
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<latexit sha1_base64="8Rdm69oxLxhft/O1GxNwI2x7K3Y=">AAACOnicdVDLSgQxEMz4dn2tevQSXEQvLjMqq0fxgR4VXBV2FunJ9KzBJDMkGWUZ9hP8Gq/6IV69iVePHsw+BBUtCBRV3Z3uijLBjfX9Z29oeGR0bHxisjQ1PTM7V55fODdprhnWWSpSfRmBQcEV1i23Ai8zjSAjgRfRzX7Xv7hFbXiqzmw7w6aEluIJZ2CddFVeDaPEoOZo6JGGmKOy63tuXkwP4xbSA7TI+pUVv+r3QP3q5s 7WZrDlSM3fdpQGA6tCBji5Kn+Eccpy6QYyAcY0Aj+zzQK05UxgpxTmBjNgN9DChqMKJJpm0TuoQ1fy7gZJqt1TlvbU7x0FSGPaMnKVEuy1+e11xb+8Rm6TnWbBVZZbVKz/UZILalPaTYfGXLt7RdsRYJq7XSm7Bg3MugxLoUaFdyyVElRchAlILtoxJpAL2ylCk3zxkovrKxP6PznfqAa1au10o7J7MAhugiyRZbJGArJNdskxOSF1wsg9eSCP5Ml79F68V++tXzrkDXoWyQ94759JVa77</latexit>

Gradient-Based Edge Detection

<latexit sha1_base64="JLTl2VlvoCVMdUqWpPqvyhyUvI4="></latexit>

How do we design discrete filters that mimic gradients?

<latexit sha1_base64="D8c9Fd+H/gq913hE0j4xKxOFzJk="></latexit>

• Discretized gradient operators
<latexit sha1_base64="GEQYpspzG26V3km2WBl6mlTiFsI="></latexit>

Horizontal derivative: g1[k] = (h1 → f)[k]
<latexit sha1_base64="ahWh21NyXknkEmmtQEuQFDgYZqA="></latexit>

Vertical derivative: g2[k] = (h2 → f)[k]
<latexit sha1_base64="CB5q3GAeceSpKwZYpaIQRbXsjV4="></latexit>

g[k] =
√

g1[k]2 + g2[k]2

<latexit sha1_base64="1ITWKzf6PjLYCphPxXxNNUBGtcE="></latexit>

• Threshold-based edge detection

<latexit sha1_base64="QBDVTKJJuoj8/4XzNf/2aHEPcwk="></latexit>

edge[k] =

{
1, g[k1, k2] → T

0, else

<latexit sha1_base64="caBvo0n9AdSTkkrK6R+M/ctQIgk="></latexit>

ω[k] = arctan

(
g2[k]

g1[k]

)
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<latexit sha1_base64="v6wz4bIPXyxzI3jTlVbcACvnh9U=">AAACPXicdVDNShxBGOwxJtHN36rHXBqXkJDDMqOyelQ0kKMBV4WdZfmm55vdxv4Zur9JGIZ9B58mV30NH8BbyDUXD+ldV4ghKWgoquqjqcpKJT3F8U209GT56bPnK6utFy9fvX7TXls/9bZyAvvCKuvOM/CopME+SVJ4XjoEnSk8yy4OZ/7ZV3ReWnNCdYlDDWMjCymAgjRqf0yzwqOT6PkhGFO/9/xTPkZ+hIRiFuEHamydpI ketTtxN56Dx93tvZ3tZCeQXrwbKE8WVoctcDxq36W5FZVGQ0KB94MkLmnYgCMpFE5baeWxBHEBYxwEakCjHzbzTlP+Lig5L6wLzxCfq39eNKC9r3UWkhpo4v/2ZuK/vEFFxd6wkaasCI24/6ioFCfLZwPxXLrQXNWBgAjFpeBiAg4EhRlbqUOD34TVGkzepAVoqeocC6gUTZvUFw+8FeZ62IT/n5xudZNet/dlq7N/tBhuhb1lm+wDS9gu22ef2THrM8Eu2Xd2xa6jq+g2+hH9vI8uRYubDfYI0a/fxPSwOQ==</latexit>

Canny’s Edge Detection Algorithm

<latexit sha1_base64="/zSdX8h4WX5onYU1dKGy++uAhc0="></latexit>

• Refinements:
<latexit sha1_base64="+GyHV1YgwW/m6tOU1eLxmIFVf+Y="></latexit>

– Non-maxima suppression: Using knowledge of ω[k]

– Intelligent thresholding

<latexit sha1_base64="ridTDv4VGUwkiTMCLZdSWMG3NlM="></latexit>

https://bigwww.epfl.ch/demo/ip/demos/edgeDetector/
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<latexit sha1_base64="8DZoWASLJq2iY/0/RKJ5kIDls4c=">AAACL3icdZDNSgMxFIUz9a/Wv6pLXQSL4KrMtKXtsqAL3VW0KnSKZDJ3NJhkhiSjlKEbn8ZtfRlxI259BxemdQQVvRD4OOfe3OQECWfauO6zU5iZnZtfKC6WlpZXVtfK6xtnOk4VhR6NeawuAqKBMwk9wwyHi0QBEQGH8+Bmf+Kf34LSLJanZpjAQJArySJGibHSZXnbDyINioHGR9YCfAJXAqTJ7YpbdaeF3Wq93ah7DQtNt2 URe7lVQXl1L8vvfhjTdHIB5UTrvucmZpARZRjlMCr5qYaE0Bu7qG9REgF6kE1/McK7VglxFCt7pMFT9ftERoTWQxHYTkHMtf7tTcS/vH5qovYgYzJJDUj6uShKOTYxnkSCQ6aAGj60QKhi9q2YXhNFqLHBlXwFEu5oLASRYeZHRDA+DCEiKTejzNfRF5dsXF+Z4P/hrFb1mtXmca3SOciDK6IttIP2kIdaqIMOURf1EEX36AGN0aMzdp6cF+f1s7Xg5DOb6Ec5bx8X8arw</latexit>

Image Segmentation

<latexit sha1_base64="AzLLXeym6wklYIuX2/NMaf1f8xs="></latexit>

• Segmentation: Art or Science?

• Amplitude Thresholding

– Variational Thresholding

– Statistical Thresholding

• Binary Segmentation Techniques
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<latexit sha1_base64="LClgJ+kNutr+c36RtgRKhyuL7h8=">AAACMnicdVDBThsxFPQCpRAKBDj2UIsIqadoF1DgViQ4cKRqQ5CyUfTW+zaxsL0r+22raJUjX8MVPgZuVa98AgecEKQWwUiWRjPznu1JCiUdheFdMDe/8GHx49JybeXT6tp6fWPz3OWlFdgWucrtRQIOlTTYJkkKLwqLoBOFneTyeOJ3fqF1Mjc/aVRgT8PAyEwKIC/161/iJHNoJTreGQJx6fgPHGg0NA1869cbYTOcgofNvc P9vWjfk1Z44CmPZlaDzXDWrz/GaS7KyQahwLluFBbUq8CSFArHtbh0WIC4hAF2PTWg0fWq6UfGfMcrKc9y648hPlX/nahAOzfSiU9qoKF77U3Et7xuSdlhr5KmKAmNeL4oKxWnnE9a4am0KEiNPAFhpX8rF0OwIMh3V4stGvwtcq3BpFWcgZZqlGIGpaJxFbvshdd8XS+d8PfJ+W4zajVb33cbRyez4pbYZ7bNvrKIHbAjdsrOWJsJdsWu2Q27DW6C++BP8Pc5OhfMZrbYfwgengA0gav6</latexit>

What is Segmentation?

<latexit sha1_base64="AApxqI1tRfFh6iOYeJH/YRPSmio="></latexit>

• Definition
<latexit sha1_base64="k1L0LqHiWP0laZMc9x6yE7RhW7k="></latexit>

Image f [k], with k → !
<latexit sha1_base64="mhmI0tftpBXtU8nq54ql984YTwg="></latexit>

Image segmentation: Find a partition of the support ! of the image f , with

<latexit sha1_base64="mkuBwAbp7gtSx37TcmY+f085Clk="></latexit>

! =
⋃

i

!i with !i → !j = ⊋ for i ↑= j

<latexit sha1_base64="h3NJ62djiApVlJk2lHUP93A4EvI="></latexit>

such that the regions !i satisfy some
homogeneity (and connectivity) criterion.

<latexit sha1_base64="HJmRVA8e2SK21wYcZDHjRWUgg78="></latexit>

The total number of regions is not necessarily known

<latexit sha1_base64="4N+ZCwlzlmhijam842iVAerw2Sc="></latexit>

• Three main approaches (not based on deep learning)
<latexit sha1_base64="7HgDgaiOkgBUyLTFOhr9xAl4rPY="></latexit>

– Pixel classification

– Region-based segmentation

– Boundary-based segmentation → Edge detection
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<latexit sha1_base64="OMofjFIWoC87WibNljGLv89YpaI=">AAACOnicdZA9TxtBEIb3CEmI8+UkZZoVVpRU1h0gg2gCSoqUIDAg+Sxrbm/WrNiP0+4ckXXyT8ivoSU/JG26KG1KCtbGSBAlUz1635mdnbeotAqUpj+SpQfLDx89XnnSevrs+YuX7Vevj4KrvcC+cNr5kwICamWxT4o0nlQewRQaj4uzTzP/+Bx9UM4e0qTCoYGxVVIJoCiN2u/zQgb0CgM/wLFBS3Njm+964s7zA6HQCvw4an fSbjovnnbXtzbWs40IvXQzIs8WVoctam/UvspLJ+rZi0JDCIMsrWjYgCclNE5beR2wAnEGYxxEtGAwDJv5QVP+Lioll3G/dJb4XL070YAJYWKK2GmATsPf3kz8lzeoSW4NG2WrmuJZN4tkrTk5PkuHl8qjID2JAMKr+FcuTsGDoJhhK/do8atwxoAtm1yCUXpSooRa07TJg7zlVozrNhP+fzha62a9bm9/rbPzeRHcCnvLVtkHlrFNtsO+sD3WZ4J9Yxfskn1PLpOfya/k903rUrKYecPuVfLnGkctrvY=</latexit>

Segmentation: Art or Science?

<latexit sha1_base64="IlxolrKEoZ2UcLvcnUsehAaLe0Q="></latexit>

Problem: lack of a universal definition of homogeneity
<latexit sha1_base64="BiQWf5u3HJNPIhrDNiUyjnnm+EQ="></latexit>

→ many application-specific approaches

<latexit sha1_base64="9JXyGh5PF9LeZfI62qcEerIQX50="></latexit>

• Approaches for specifying homogeneity
<latexit sha1_base64="qh/eXaXYCWrUFxbCyDp8wlocG8E="></latexit>

– Empirical (e.g., similar graylevels; feature maps)

– Statistical, based on some a priori model
(e.g., constant mean + additive white noise)

<latexit sha1_base64="eKWxywurptsiydWbt6XpOgb9lPc="></latexit>

• Approaches for enforcing connectivity (if required)
<latexit sha1_base64="8sJOWr+ox3QtmbArv1qmUaMkGWA="></latexit>

– Prior information about object size or shape

– Joint probability model for class labels

– Contour length


