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Scatter Artifacts

ÅMeasurement = Primary + Scatter

ÅInteraction processes
ïC = Compton scatter

ïR = Rayleigh scatter

ïP = photo effect

Primary

Primary + Scatter

C or R

P
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Scatter Artifact Reduction

ÅSeveral algorithmic methods found in the literature:
ïMonte Carlo -based (slow but good)

ïConvolution -based (fast, but not accurate)

ïSimple subtraction methods (even faster, but less accurate)

ïDeep scatter estimation (DSE, fast and accurate)

ïé

ÅHardware -based methods
ïAnti scatter grid

ïBeam blockers

ïPrimary modulators

ïé
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To Grid or not to Grid?

ÅA common misbelieve is that a good or perfect scatter reduction 
software can be used instead of using anti scatter grids.

ÅThis is wrong, as will be shown in the next slices.

ÅFacts:
ïAnti scatter grids are beneficial iff the scatter -to-primary ratio (SPR) exceeds a certain 

threshold, i.e. for large cross -sections.

ïScatter reduction software is always beneficial, with or without anti scatter grid.

ïNoise reduction software is always beneficial, with or without anti scatter grid.
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h

d

D

Cover thickness: t, e.g. 0.2 mm Al or 0.25 mm C
Height of strips: h
Thickness of strips: d, e.g. 0.04 mm Pb
Gap between strips: D, e.g Al or C -fiber
Grid ratio: h/D, e.g. 8 or 15
Grid frequency: 1/( D+d), e.g. 40/cm
Geometrical efficiency: D/(D+d)
Height of interspace material: H

H

t

Primary intensity: IP
Scatter intensity: IS
Primary transmission: TP < 1, e.g. 75%
Scatter transmission:  TS > 0, e.g. 30%

No grid: TP = TS = 1
Ideal grid: TP = 1, TS = 0

Drawn to grid ratio 4:1 and infinite focus distance.
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To Grid or not to Grid?

ÅOnly primary counts for the signal, but primary and scatter count for 
noise. Thus,

ÅSNR improvement factor (SNR with grid / SNR no grid)

ÅThe case TS = 0 is instructive and yields

with SPR being the scatter -to-primary ratio.

ÅUse a grid only for cases with SNR if ²1.

ÅScatter correction and noise reduction algorithms are to be used 
complementary and not as an alternative to grids!
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Clinical CT Detector Module Flat Detector (e.g. 40 × 30 cm)

Detector Technology

Differences in:

ÅAbsorption efficiency

ÅAfterglow

ÅAnti scatter grid

ÅDynamic range

ÅCross -talk

ÅFramerate

Åé

Siemens Varex
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PRIMARY MODULATOR
Scatter estimation with the help of a pre patient modulator
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Existing Scatter Correction Methods

ÅRemove or  prevent  scattered  radiation
ïanti scatter grid , slit  scan, large detector distance, é

ÅCompute  scatter  to  subtract  it  
ïconvolution -based, Monte Carlo -based, é

ÅMeasure  scatter  distribution  and subtract  it
ïcollimator shadow, beam blockers, primary modulators, é

ÅLiterature :
ïE.-P. Rührnschopf and K. Klingenbeck , ñA general framework and review of scatter 

correction methods in x ïray coneïbeam computerized tomography. Part 1: Scatter 
compensation approaches,ò  Med. Phys., vol. 38, pp. 4296ï4311, July 2011.

ïE.-P. Rührnschopf and K. Klingenbeck , ñA general framework and review of scatter 
correction methods in x ïray cone beam CT. Part 2: Scatter estimation approaches,ò 
Med. Phys., vol. 38, pp. 5186 ï5199, Sept. 2011.
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Primary Modulation -based Scatter Estimation 
(PMSE)

ÅIdea: Insert a high frequency modulation 
pattern between the source and the object 
scanned

ÅRationale: The primary intensity is 
modulated. The scatter is created in the 
object and only consists of low frequency 
components.

ÅMethod: Estimate low frequency primary 
without scatter by Fourier filtering 
techniques  

L. Zhu, R. N. Bennett, and R. Fahrig, ñScatter correction method for xïray CT using primary modulation: 
Theory and preliminary results,ò IEEE Transactions on Medical Imaging, vol. 25, pp. 1573ï1587, Dec. 2006.

Shifted  primary

Scatter  + primary
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Primary Modulation -based Scatter Estimation 
(PMSE)

Key hypothesis: Low -frequency components dominate the scatter 
distribution even if high -frequency components are present in the 
incident x -ray intensity distribution.

Scatter S can be estimated by

The measurement with a modulator can 
be expressed in Fourier space with:

with H(ɤ) being a low -pass filter

L. Zhu, R. N. Bennett, and R. Fahrig, ñScatter correction method for xïray CT using primary modulation: 
Theory and preliminary results,ò IEEE Transactions on Medical Imaging, vol. 25, pp. 1573ï1587, Dec. 2006.
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Primary Modulation -based Scatter Estimation 
(PMSE)

ÅAdvantages: 
ïNon-destructive measurement of  the scatter  distribution

ïWorks with  high  accuracy on laboratory  setups

ïCorrected  projection  data can be used  for projective imaging (fluoroscopy) or for 
tomographic reconstruction

ÅDrawbacks :
ïSensitive to  non -linearities  due to  polychromaticity of  x-rays. Ring artifacts are 

introduced 1. Can be resolved using ECCP 2. 

ïRequires exact rectangular pattern on the detector. Very sensitive to non -idealities of 
the projected modulation pattern (blurring, distortion, manufacturing errors of the 
modulator). Can be resolved using iPMSE (this work).

1H. Gao, L. Zhu, and R. Fahrig. Modulator design for x -ray scatter correction using primary modulation: Material selection. Med. Phys. 37:4029ï4037, 2010.
2R. Grimmer, R. Fahrig, W. Hinshaw , H. Gao, and M. Kachelrieß. Empirical cupping correction for CT scanners with primary modulation (ECCP). Med. Phys. 39:825 -831, 2012.
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Aim

Create a robust scatter estimation method which is able to estimate the 
scatter distribution with high accuracy using a modulator with an 
arbitrary high frequency pattern.

ñIdealò modulator
(projection of a copper modulator)

Non-ideal modulator
(projection of the erbium modulator)
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Modulation Process 
in the Rawdata Domain

ÅMeasured  data:

ÅSolving  for  the 
primary intensity :

ÅError of  primary  
estimate :

Measured  intensity Modulation pattern

Primary intensity

Scatter  intensity

The modulation pattern  remains  visible as long 
as the scatter estimation error is  not zero.

Scatter  estimate error

L. Ritschl, R. Fahrig, M. Knaup, J. Maier, and M. Kachelrieß. Robust primary modulation -based scatter estimation for 
cone -beam CT. Med. Phys. 42(1):469 -478, January 2015.
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Is there  a cost  function  which  is  sensitive to  
the modulation  pattern ?

Regard the image sequence                                        :

L. Ritschl, R. Fahrig, M. Knaup, J. Maier, and M. Kachelrieß. Robust primary modulation -based scatter estimation for 
cone -beam CT. Med. Phys. 42(1):469 -478, January 2015.
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Optimization  Problem

ÅSubject to                        solve :

ÅAssumption:
In a sufficiently  small and sufficiently 
large sub  image  the constraint  can be 
satisfied  by assuming cs = const.

ÅSolution:
Solve cost  function  for  each possible sub 
image  separately .

Scatter  estimate

Measurement

L. Ritschl, R. Fahrig, M. Knaup, J. Maier, and M. Kachelrieß. Robust primary modulation -based scatter estimation for 
cone -beam CT. Med. Phys. 42(1):469 -478, January 2015.
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Measured Intensity

L. Ritschl, R. Fahrig, M. Knaup, J. Maier, and M. Kachelrieß. Robust primary modulation -based scatter estimation for 
cone -beam CT. Med. Phys. 42(1):469 -478, January 2015.
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iPMSE Estimation

L. Ritschl, R. Fahrig, M. Knaup, J. Maier, and M. Kachelrieß. Robust primary modulation -based scatter estimation for 
cone -beam CT. Med. Phys. 42(1):469 -478, January 2015.
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Cadaver Head and Lung Phantom

ÅScan parameters
ï80 kV

ï30 mA

ï13 ms pulse length

ï625 projections of 360 °

ï244 mAs

ÅNo antiscatter grid

ÅModulator
ïMaterial: Erbium

ïThickness: 0.0254 mm

ïPattern size: 0.457 mm

ÅECCP1 preprocessing

ÅiPMSE scatter removal

ÅFDK reconstruction 

1R. Grimmer, R. Fahrig, W. Hinshaw , H. Gao, and M. Kachelrieß. Empirical cupping correction for CT scanners with primary modulation 
(ECCP). Med. Phys. 39:825 -831, 2012.
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Cadaver  Head Axial Slice

Slit scan Uncorrected iPMSE

C = 200 HU, W = 800 HU 

L. Ritschl, R. Fahrig, M. Knaup, J. Maier, and M. Kachelrieß. Robust primary modulation -based scatter estimation for 
cone -beam CT. Med. Phys. 42(1):469 -478, January 2015.
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Lung Phantom Scan

Slitscan

Axial Coronal Sagittal

Uncorrected

iPMSE

C = 0 HU, W = 1000 HU 

L. Ritschl, R. Fahrig, M. Knaup, J. Maier, and M. Kachelrieß. Robust primary modulation -based scatter estimation for 
cone -beam CT. Med. Phys. 42(1):469 -478, January 2015.
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Discussion

ÅHighly accurate scatter estimation and removal is also possible 
using irregular modulation patterns.

ÅNon-idealities of the modulation pattern and penumbra effects are 
optimally handled with iPMSE.

ÅThe combination ECCP and iPMSE guarantees quantitative flat 
detector images without scatter artifacts.

ÅAccurate scatter correction opens the field of quantitative flat 
detector CT.

L. Ritschl, R. Fahrig, M. Knaup, J. Maier, and M. Kachelrieß. Robust primary modulation -based scatter estimation for 
cone -beam CT. Med. Phys. 42(1):469 -478, January 2015.
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MONTE CARLO
The gold standard for scatter estimation
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Monte Carlo Scatter Estimation

ÅSimulation of photon trajectories according to physical interaction 
probabilities.

ÅSimulating a large number of photon trajectories well approximates 
the actual scatter distribution.

Scatter distribution of an 
incident needle beam

Complete scatter 
distribution
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Monte Carlo Simulation of Radiation Transport

ÅThe quantity Q of interest could be the number of photons reaching 
the detector or the energy deposited in the detector.

ÅHowever, the probability density p(Q) is usually unknown.

ÅSimulation of individual photon tracks (= random walk from source 
to detector) yields a practical method to sample Qi
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Sampling of the X -Ray Energy

ÅThe spectral distribution of x -rays w(E) can be determined using 
theoretical models (e.g. the model of Tucker 1).

ÅNormalizing the x -ray spectrum to unit area allows to interpret it as 
probability density function:

ÅSampling from cumulative distribution, e.g. with the upsampling method.

1Tucker D. M., Barnes G.T., Chakraborty D.P. (1991), Semiempirical model for generating tungsten target x -ray spectra. Med. Phys. 18, 211 ï218.
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Sampling of the Initial Flight Direction

ÅAssuming an isotropic emission of the x -ray source, the probability 
density function of the azimuthal angle qand the polar angle jare 
given as 

ÅThe inverse transform method yields

ÅThe initial flight direction is given by
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Path Length Sampling

ÅThe probability pR(r)dr of an interaction between r and r + dr is

ÅThe cumulative probability distribution is

ÅThe path length r is sampled using the inverse transform method:
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Path Length Sampling
Woodcock sampling

ÅNumerical inversion of                                    might be computationally 
expensive.

ÅWoodcock sampling is a faster alternative:
1. Sample path length according to maximum attenuation (for a single material there is an 

analytical inverse)

2. Sample uniform random number x:     
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Path Length Sampling
Woodcock sampling

ÅNumerical inversion of                                    might be computationally 
expensive.

ÅWoodcock sampling is a faster alternative:
1. Sample path length according to maximum attenuation (for a single material there is an 

analytical inverse)

2. Sample uniform random number x:     

r
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Sampling of Interaction Effect

ÅConsidering x -ray eneries used for medical imaging, there are three relevant 
interaction effects: photoelectric absorption (P), Compton scattering (C) and 
Rayleigh scattering (R).

Å Interaction probabilities 1:

ÅCumulative probability:

ÅSampling:

ïSample uniform random number x:

1Attenuation coefficients can be taken from EPDL library: Cullen D.E., Hubbell J. H., Kissel L. (1997), EPDL97: The Evaluated Photon Data Library, ô97 version. 
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Sampling of Flight Direction
ÅThe polar angle of the flight direction can be sampled using 

tabulated values of differential cross -sections 1

ÅNormalization to unit area allows to interpret the cross -section as 
probability density function

ÅSampling using inverse transform method

1Attenuation coefficients can be taken from EPDL library: Cullen D.E., Hubbell J. H., Kissel L. (1997), EPDL97: The Evaluated Photon Data Library, ô97 version. 
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Updating the X -Ray Energy

ÅAfter any interaction, the energy E of the x -ray has to be updated
( E­ E´) according to the interaction effect.

ÅPhotoelectric effect
ïX-ray is absorbed: (neglecting K-escape)

ÅCompton scattering
ïKlein -Nishina :

where q is the scatter angle with respect to the flight direction.

ÅRayleigh scattering
ïCoherent scattering: 
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Variance Reduction
Biased sampling

ÅSample from a biased probability density function

ÅAssign a weight          to each particle to correct for the biased 
sampling:

ÅThe MC estimate is given as:
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Variance Reduction
Biased sampling

ÅSample from a biased probability density function

ÅAssign a weight          to each particle to correct for the biased 
sampling:

ÅThe MC estimate is given as:

X-ray source

X-ray detector

Example: sampling of initial flight direction of an isotropic emitter
Á Real sampling: Sampling of a random angle
Á Biased sampling: neglect all x -rays that are blocked by collimator    
Ą Sample 

Collimator
X-ray

Real pdf:

Biased pdf:

Weight:
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Variance Reduction
Biased sampling

ÅSample from a biased probability density function

ÅAssign a weight          to each particle to correct for the biased 
sampling:

ÅThe MC estimate is given as:

X-ray source

X-ray detector

Example: sampling of the interaction effect
Á Real sampling: sampling of photo effect, Compton and Rayleigh scatter.
Á Biased sampling: neglect photo effect since absorbed photons do not 

contribute to the scatter distribution

Real pdf:

Biased pdf:

Weight:Absorption



42

Variance Reduction
Biased sampling

ÅSample from a biased probability density function

ÅAssign a weight          to each particle to correct for the biased 
sampling:

ÅThe MC estimate is given as:

Example: sampling of path lengths
Á Real sampling: sampling from exponential distribution.
Á Biased sampling: sampling from uniform distribution to increase 

number of interactions at higher depth

Real pdf:

Biased pdf:

Weight:

0

0,005

0,01

0,015

0,02

0 20 40 60 80 100

Real pdf

Biased pdf

Depth / mm
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Variance Reduction
Particle splitting / Russian roulette

ÅParticle splitting
ïSplit photon into N photons if it moves towards a region of interest (e.g. to the detector).

ïAssign a weight of                        to each split photon.

ÅRussian roulette
ïKill a photon with probability K if it moves away from the region of interest (i.e. to the 

detector).

ïAssign a weight of                             if the photon survives the Russian roulette.
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Variance Reduction
Forced Detection

ÅX-ray may leave the volume without hitting the detector Ą Simulated 
track does not contribute to the 

ÅScore the probability of hitting the detector at every interaction point

ÅApply a weight that corresponds to this probability

X-ray source

X-ray detector

X-ray leaves volume
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KERNEL-BASED SCATTER ESTIMATION
Fast, but not very accurate
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Kernel -Based Scatter Estimation

Å The intensities (typically primary plus scatter) I, either at the detector or in the volume, undergo a 
pointwise transfer function T, also known as the scatter potential. Then they are convolved with 
the scatter kernel.

Å The scatter kernels K may be shift variant (general case) or shift invariant (special case) and they 
depend on many parameters c, such as the tube voltage, projection angle, object size and 
composition, scatter geometry, anti scater grids, é

3D scatter kernels
(high complexity)

2D scatter kernels
(low complexity)
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2D (Beam Spread) Scatter Kernels

ÅTypical scatter potential s

ÅTypical scatter kernels 
ïShift invariant scatter kernels, e.g. Gaussian, sum of Gaussians, exponentials é

ïShift variant kernels

» Kernels as a function of the water equivalent thickness at both points

» Kernels can be Gaussian, exponential, sums thereof, é

ïAsymmetric kernels

p

pep

101
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PEP

A
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PEP

B
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PEP

C
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PEP

C

A

B
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PEP for CT

C

A

B

I0
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PEP for PET

C

A

B

b
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PEP for PET

C

A

B

b
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HYBRID SCATTER CORRECTION
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Scatter  Estimation

Patient -specific , many  computations Not patient -specific , few  computations

Measured intensities (primary plus scatter)

Reconstruction

Simulation of  physical  photon  paths 
based on density and material 
distribution

Physical effects:
Photo effect
Compton scattering
Rayleigh scattering

Monte Carlo -based  scatter  estimate

Monte Carlo -based

* Ohnesorge et al., Efficient scatter correction algorithm for third and fourth generation CT scanners, Eur. Radiol. 9:563 -569, 1999.

Convolution of the 
scatter potential ū with 
scatter kernel K

Ips: Primary plus scatter 
intensity

c (vector): Open 
coefficients

We used the convolution -
based method of 
Ohnesorge et al.*

Convolution -based
Measured intensities (primary plus scatter)

Convolution -based  scatter  estimate
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Hybrid Scatter Correction
Measured intensities (Primary plus scatter)

Reconstruct initial 
uncorrected CT 

image

Uncorrected

Subtract scatter 
from measured 
intensities and 

reconstruct 
corrected image

Corrected

Calibrate the open coefficients in 
the convolutionībased model

Compute scatter estimate 
with the convolutionībased 

model

Convolutionībased scatter estimate

Coarse Monte Carlo 
simulation

Noisy Monte Carlo scatter estimate

M. Baer and M. Kachelrieß. Hybrid scatter correction for CT imaging. Phys. Med. Biol. 57(21):6849 -6867, October 2012.
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Number of Calibration Steps
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Monochromatic  simulation  study  in clinical  CT 
geometry
Scatter  simulation  by Monte Carlo
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M. Baer and M. Kachelrieß. Hybrid scatter correction for CT imaging. Phys. Med. Biol. 57(21):6849 -6867, October 2012.
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Number of Photons
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Monochromatic simulation study in clinical CT 
geometry
Scatter simulation by Monte Carlo

NPh,ref : Photon number for the low noise reference 
Monte Carlo simulation used for the uncorrected image

Ncal = 16

C = 0 HU
W = 200 HU

C = 0 HU
W = 200 HU

C = 0 HU
W = 200 HU

C = 0 HU
W = 200 HU

C = 0 HU
W = 200 HU

C = 0 HU
W = 200 HU

C = 0 HU
W = 200 HU

C = 0 HU
W = 200 HU

C = 0 HU
W = 200 HU

C = 0 HU
W = 200 HU

M. Baer and M. Kachelrieß. Hybrid scatter correction for CT imaging. Phys. Med. Biol. 57(21):6849 -6867, October 2012.
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Scatter Correction Results

ÅMeasurements in cone -beam CT geometry

ÅReference image:
ïMonte Carlo scatter correction and EBHC for beam hardening.

ÅHybrid scatter correction (HSC):
ïMonte Carlo simulation for only 16 projections and 100 times 

less photons than in the reference Monte Carlo correction.

ÅHSC+EBHC:
ïHere we additionally applied the empirical beam -hardening 

correction (EBHC).
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