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Outline 

  Optimization: models, algorithms, software 

 Roots of linear optimization (LO) 

 Nonlinear Optimization -- Optimization classes 

 Black-Box / Derivative Free Optimization 

 Conic Linear Optimization: LO, SOCO, SDO 

 Robust Linear Optimization 

 Software 

 Gamma knife surgery  

 Leksel Gamma Knife Perfexion 

 duration optimization 

 Computational experience 

 Comparing SILO with MOSEK and a projected gradient alg. 
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Roots of Optimization 

Minimize functions / solve linear and nonlinear equations 
 Newton, Lagrange, Gauss, Euler, …… 



What we really mean by  

science, physics, undergraduate curriculum 
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Theorem (Uniparametric family of quadrics) 

 

 

 

 

 

 

Disjunctive Conic Cuts for Mixed Integer Second Order Cone Optimization 
Tamás Terlaky, Dept. ISE, Lehigh University, Bethlehem, PA 

Joint work with Pietro Belotti (Clemson U.), Julio Goez (Lehigh U.), Ted Ralphs (Lehigh U.) 

Mixed Integer Second order cone 

optimization 
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Proposition (Convex hull of the intersection of a 

disjunction and a convex set) 

 

 

 

 

 

 

 

 

 

Illustration of the disjunctive conic cut 

procedure 
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Conclusions 
•  We developed new disjunctive conic cuts for MISOCO. 

•  It is algebraically simple to find the disjunctive conic cut for MISOCO       

problems. 
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A Radiation Therapy Treatment 

Application 



Gamma knife surgery 



Gamma knife Perfexion unit 

Images courtesy of http://www.elekta.com 



Gamma knife treatment planning 
 

Each target structure should receive a 

minimum prescription dose 

 

Critical structures should not be over dosed 

 

Target structure should not be over dosed 

either 
 



Dose delivery 

Images courtesy of http://www.elekta.com 



Treatment 

Images courtesy of http://www.elekta.com 



Sector Duration Optimization  
(Ghaffari, Aleman, Ruscin, Jaffry 2009) 
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Semi-infinite Linear Formulation 
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Semi-infinite Optimization: 

Interior Point Column Generation Algorithm 



SOCO Formulation 
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SOCO Formulation 
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Computational Results 

Problem Dimension Objective Value CPU Time (min) 

nIso PRG IPCG MOSEK PRG IPCG MOSEK PRG IPCG MOSEK 

10 240 480+141 99336 57.06 56.84 56.88 60.36 1.19 2.85 

15 360 720+160 99456 58.08 57.92 59.96 79.28 2.02 4.74 

20 480 960+189 99576 53.77 53.70 56.74 148.41 4.22 9.18 

25 600 1200+181 99696 43.57 43.45 48.52 349.13 5.22 10.01 

30 720 1440+188 99816 41.89 41.44 45.54 466.71 7.56 12.36 

35 840 1680+187 99936 40.48 39.35 39.52 877.01 11.14 22.57 

45 1080 2160+199 100176 40.71 39.78 39.96 1520.25 21.15 29.47 

55 1320 2640+200 100416 35.61 35.22 35.53 3053.94 31.22 50.89 

65 1560 3120+206 100656 37.78 36.22 -- 4051.90 46.37 -- 

 

105 

 

2520 

 

5040+209 

 

101616 

 

-- 

 

33.43 

 

-- 

 

9999.99 

 

129.22 

 

-- 



Brain image (projected gradient) 



Brain image (MOSEK) 



Brain image (IPCG) 



Summary 
Radiation Therapy Treatment (IMRT, IGRT, PTT...) 

is a rich area of novel optimization problems, new 

technologies bring new problems 

Many modeling, algorithmic and software options, 

so choose the best model, algorithm, software 

Case Study 

Analyzed models for an optimal Perfexion treatment 

plan having fixed isocenter locations 

Compared algorithms for the models:  IPCG 

outperforms PCG classical IPMs (MOSEK) 



Thanks 

Questions? 

IPCG for SILO with RTT application 

Tamás Terlaky, ISE Lehigh 
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