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Metal artifacts are

beam 
hardening

+ scatter

+ directed 
noise

+ increased susceptibility to sampling artifacts and motion.
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Metal Artifact Reduction (MAR)

• With linear interpolation (MAR1)
– [1] W. A. Kalender, R. Hebel and J. Ebersberger, “Reduction 

of CT artifacts caused by metallic implants”, Radiology, vol. 
164, no. 2, pp. 576-577, August 1987.

• With simple length-normalization (MAR2)
– [2] J. Müller and T. M. Buzug, “Spurious structures created 

by interpolation-based CT metal artifact reduction“, SPIE 
Medical Imaging Proc., vol. 7258, no. 1, pp. 1Y1-1Y8, March 
2009.

• Our generalized normalization (NMAR)
– [3] E. Meyer, F. Bergner, R. Raupach, and M. Kachelrieß. 

“Normalized metal artifact reduction (NMAR) in computed 
tomography”, IEEE Medical Imaging Conference Record, 
M09-206, October 2009.
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GE‘s Solution Combines DECT Acquisition 
with Data Inpainting …

Han et al. Metal artifact reduction software used with abdominopelvic dual-energy CT of patients with metal hip 
prostheses: Assessment of Image Quality and Clinical Feasibility. AJR 203:788-795, October 2014
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… but the Results are not Convincing!

Han et al. Metal artifact reduction software used with abdominopelvic dual-energy CT of patients with metal hip 
prostheses: Assessment of Image Quality and Clinical Feasibility. AJR 203:788-795, October 2014

FBP
FBP

+
GE‘s MAR
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E. Meyer, R. Raupach, M. Lell, B. Schmidt, and M. Kachelrieß, “Normalized metal artifact reduction (NMAR) in computed 
tomography”, Med. Phys. 37(10):5482-5493, 2012. 
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Results and Comparison:
Patient Data

Patient with hip implants, Sensation 16, 140 kV, (C=0/W=500)

Uncorrected MAR1

MAR2 NMAR

E. Meyer, R. Raupach, M. Lell, B. Schmidt, and M. Kachelrieß, “Normalized metal artifact reduction (NMAR) in computed 
tomography”, Med. Phys. 37(10):5482-5493, 2012. 
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Results and Comparison:
Patient Data

Uncorrected MAR1

MAR2 NMAR

Patient with hip implants, Sensation 16, 140 kV, (C=500/W=1500)

E. Meyer, R. Raupach, M. Lell, B. Schmidt, and M. Kachelrieß, “Normalized metal artifact reduction (NMAR) in computed 
tomography”, Med. Phys. 37(10):5482-5493, 2012. 
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Results and Comparison:
Patient Data

Uncorrected MAR1 MAR2 NMAR

Patient dental fillings, slice 110, Somatom Definition Flash, pitch 0.9. Top 

and middle row: (C=100/W=750). Bottom row: (C=1000/W=4000)

E. Meyer, R. Raupach, M. Lell, B. Schmidt, and M. Kachelrieß, “Normalized metal artifact reduction (NMAR) in computed 
tomography”, Med. Phys. 37(10):5482-5493, 2012. 
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NMAR: Results
NMARUncorrected

Bone removal (with scanner software), (C=40/W=500).

E. Meyer, R. Raupach, M. Lell, B. Schmidt, and M. Kachelrieß, “Normalized metal artifact reduction (NMAR) in computed 
tomography”, Med. Phys. 37(10):5482-5493, 2012. 
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Patient with hip implant, Somatom Definition Flash, pitch 2.7. 
Top and middle row: (C=0/W=500). Bottom row: (C=500/W=1500).

Uncorrected MAR1 NMAR

E. Meyer, R. Raupach, M. Lell, B. Schmidt, and M. Kachelrieß, “Normalized metal artifact reduction (NMAR) in computed 
tomography”, Med. Phys. 37(10):5482-5493, 2012. 

NMAR: Results
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FSMAR: Scheme
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E. Meyer, R. Raupach, M. Lell, B. Schmidt, and M. Kachelrieß, “Normalized metal artifact reduction (NMAR) in computed 
tomography”, Med. Phys. 37(10):5482-5493, 2012. 
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Patient with spine fixation, Somatom Definition, (C=100/W=1000).

FSMAR: Results

E. Meyer, R. Raupach, M. Lell, B. Schmidt, and M. Kachelrieß, “Normalized metal artifact reduction (NMAR) in computed 
tomography”, Med. Phys. 37(10):5482-5493, 2012. 
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Patient with spine fixation, Somatom Definition, (C=100/W=1000).

Uncorrected MAR1 NMAR

FSMAR: Results

E. Meyer, R. Raupach, M. Lell, B. Schmidt, and M. Kachelrieß, “Normalized metal artifact reduction (NMAR) in computed 
tomography”, Med. Phys. 37(10):5482-5493, 2012. 
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Patient with bilateral hip prosthesis, Somatom Definition Flash, (C=40/W=500).

FSMAR: Results

Uncorrected MAR1 NMAR
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E. Meyer, R. Raupach, M. Lell, B. Schmidt, and M. Kachelrieß, “Normalized metal artifact reduction (NMAR) in computed 
tomography”, Med. Phys. 37(10):5482-5493, 2012. 
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Patient with bilateral hip prosthesis, Somatom Definition Flash, (C=40/W=500).

FSMAR: Results
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E. Meyer, R. Raupach, M. Lell, B. Schmidt, and M. Kachelrieß, “Normalized metal artifact reduction (NMAR) in computed 
tomography”, Med. Phys. 37(10):5482-5493, 2012. 



27

Hip Implant – B50f Kernel

(C40/W800), Seff = 1.5 mm

Uncorrected NMAR

FSNMAR

E. Meyer, R. Raupach, M. Lell, B. Schmidt, and M. Kachelrieß, “Normalized metal artifact reduction (NMAR) in computed 
tomography”, Med. Phys. 37(10):5482-5493, 2012. 
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Hip Implant – B50f Kernel

(C40/W800), Seff = 1.5 mm

Uncorrected NMAR

FSNMAR

E. Meyer, R. Raupach, M. Lell, B. Schmidt, and M. Kachelrieß, “Normalized metal artifact reduction (NMAR) in computed 
tomography”, Med. Phys. 37(10):5482-5493, 2012. 
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Hip Implant – B50f Kernel

(C440/W1500), Seff = 1.5 mm

Uncorrected NMAR

FSNMAR

E. Meyer, R. Raupach, M. Lell, B. Schmidt, and M. Kachelrieß, “Normalized metal artifact reduction (NMAR) in computed 
tomography”, Med. Phys. 37(10):5482-5493, 2012. 
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Hip Implant – B50f Kernel

(C440/W1500), Seff = 1.5 mm

Uncorrected NMAR

E. Meyer, R. Raupach, M. Lell, B. Schmidt, and M. Kachelrieß, “Normalized metal artifact reduction (NMAR) in computed 
tomography”, Med. Phys. 37(10):5482-5493, 2012. 





Courtesy of Siemens Healthineers. Data courtesy of University Hospital of Würzburg, Germany



Courtesy of Siemens Healthineers. Data courtesy of University Hospital of Würzburg, Germany
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DECT and Pseudo Monochromatic Imaging

Pseudo monochromatic imaging is a linear combination of DECT’s
fL and fH volumes:
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C/W = 0/800 HU

 = 1.43,
E = 128 keV

 = 1.61, E = 176 keV

Original DEMAR IMAR (FSNMAR)1

fH of Patient 1
100 kV / 140 kV Sn

fL of Patient 2
100 kV / 140 kV Sn

Patient 3
100 kV

DEMAR
not applicable since this is 
a single energy CT scan.

1Iterative metal artifact reduction (IMAR) is the Siemens product implementation of FSNMAR.
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Further Reading

• Maik Stille, Matthias Kleine, Julian Haegele, Jörg Barkhausen, and 
Thorsten M. Buzug. Augmented Likelihood Image Reconstruction. 
IEEE Transactions on Medical Imaging 35(1), 158–173, July 2015.

• Webster J. Stayman, Yoshito Otake, Jerry L. Prince, Jay A. Khanna, 
and Jeffery H. Siewerdsen. Model-based tomographic reconstruction 
of objects containing known components. IEEE Transactions on 
Medical Imaging 31(10), 1837–1848, October 2012.

• Yi Zhang, Yifei Pu, Jin-Rong Hu, Yan Liu, Ji-Liu Zhou. A new CT 
metal artifacts reduction algorithm based on fractional-order 
sinogram inpainting. J Xray Sci Technol. 19(3), 373-84, January 2011.
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MAR FOR PHOTON-COUNTING CT
A PCCT-based method to generate better prior images for NMAR and FSNMAR
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PCNMAR

Bin Images

Bone Emph. Images

Artificial Sinograms

Basis Sinograms

Artificial Images

Art. Red. Sinogram

Highest Bin FSNMAR

Tissue Thresholds

Art. Red. Image

Nelder-Mead

Low Resolution

Prior Image

To FSNMAR

Input

NLT = non-linear transform
T = thresholding
FP = forward-projection
FBP = filtered-backprojection

NLT

FP

FBP

FBP

T

T

Lin. Coefficients
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Threshold & Bin Images

C = 50 HU, W = 700 HU

45-75 keV

75-90 keV 90-140 keV

25-45 keV 45-75 keV

75-90 keV 90-140 keV

45-75 keV

75-90 keV 90-140 keV
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Threshold images Bin images

t
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T4

E

Bin 3

Bin 2

Bin 1

Bin 4
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Bone-Emphasized Images

• Instead of segmenting bone, we can apply a non-linear function to 
the input bins:

– 𝑰′ 𝒊, 𝒋 = 𝑰 𝒊, 𝒋 , 𝐢𝐟 𝑰 𝒊, 𝒋 < 𝟎 𝐚𝐧𝐝 𝑰′ 𝒊, 𝒋 = 𝑰 𝒊, 𝒋 + 𝟎. 𝟎𝟏𝑰(𝒊, 𝒋)𝟐, 𝐢𝐟 𝑰 𝒊, 𝒋 ≥ 𝟎

Bin 2 Bone Image
C = 50 HU, W = 700 HU

Schüller, Sawall, and Kachelrieß. Segmentation‐free empirical beam hardening correction for CT. Med. Phys. 42(2): 794-803, 2015
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Basis Sinograms

• The artificial sinograms approximate higher order beam-hardening 
artifacts.

• Each artificial sinogram pijkl is an element-wise product of two basis 
sinograms (i.e. from the bin or bone images):

pijkl = pi
bin,low ∙ pj

bin,high ∙ pk
bone,low ∙ pl

bone,high, i+j+k+l = 2

• All sinograms are individually backprojected.

• For four bins, there are eight basis sinograms.

Kyriakou, Meyer, Prell, and Kachelrieß. Empirical beam hardening correction (EBHC) for CT. Med. Phys. 37(10):5179-5188, 2010
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Basis Images

fi,j,k,l = X-1(bin1
i*bin2

j*bone1
k*bone2

l)=> ijkl, e.g. 0101 for bin2*bone2

1000 0100 0010 0001

2000 1100 1010 1001

0200 0110 0101 0020

0011 0002
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Optimal Linear Combination

• All basis images fijkl are linearly combined to produce an artifact-
reduced image:

𝒇𝐜𝐨𝐫 = ෍

𝒊,𝒋,𝒌,𝒍

𝒄𝒊,𝒋,𝒌,𝒍𝒇𝒊,𝒋,𝒌,𝒍 , 𝒄𝟏,𝟎,𝟎,𝟎 = 𝟏 − 𝒄𝟎,𝟏,𝟎,𝟎

where the condition ensures that the coefficients of the original bin 
images add up to one.

• To find the coefficients, we minimize a cost function with a Nelder-
Mead algorithm.
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Measurements

• CT data of seven forensic specimen 

• Siemens Somatom CounT

• Voltage: U = 140 kV

• Tube current: Ieff = 300 mAs

• Eff. slice thickness: Seff = 0.6 mm

• Pixel size: ∆x = ∆y = 0.5 mm 

• Energy thresholds chess mode: 25/45/75/90 keV

• Energy thresholds macro mode: 25/90 keV

• Reconstruction kernel: B40f

All experiments were approved by the local ethics committee (S-388/2014)
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Results: Case 1

C = 50 HU, W = 700 HU for the images and C = 0 HU, W = 300 HU for difference images

σA = 87.5 HU, CNR = 3.2 σA = 47.1 HU, CNR = 3.3 σA = 38.5 HU, CNR = 3.5

σA = 259.8 HU, CNR = 5.2 σA = 38.9 HU, CNR = 4.5 σA = 42.6  HU, CNR = 4.6

Original PCNMARFSNMAR PCNMAR − Original

σA = 218.0 HU, CNR = 5.9 σA = 58.8 HU, CNR = 5.2 σA = 42.0 HU, CNR = 5.0

T
1

B
in

 2
B

in
 1

FSNMAR − Original
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Results: Case 2

σA = 151.9 HU, CNR = 2.8 σA = 42.2 HU, CNR = 2.7 σA = 23.3 HU, CNR = 3.0

σA = 453.2 HU, CNR = 5.5 σA = 69.5 HU, CNR = 5.8 σA = 26.8 HU, CNR = 5.8

Original PCNMARFSNMAR

σA = 404.3 HU, CNR = 5.9 σA = 68.5 HU, CNR = 6.2 σA = 26.1 HU, CNR = 6.1

T
1

B
in

 2
B

in
 1

PCNMAR − OriginalFSNMAR − Original

C = 50 HU, W = 700 HU for the images and C = 0 HU, W = 300 HU for difference images
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Results: Case 3

σA = 62.7 HU, CNR =  1.8 σA = 52.8 HU, CNR = 2.0 σA = 26.0 HU, CNR = 1.7

σA = 286.4 HU, CNR = 3.3 σA = 58.1 HU, CNR = 4.1 σA = 26.3 HU, CNR = 2.8

Original PCNMARFSNMAR

σA = 257.2 HU, CNR = 4.0 σA = 68.3 HU, CNR = 4.3 σA = 26.4 HU, CNR = 3.0

T
1

B
in

 2
B

in
 1

PCNMAR − OriginalFSNMAR − Original

C = 50 HU, W = 700 HU for the images and C = 0 HU, W = 300 HU for difference images
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How Many Bins are Useful?

C = 50 HU, W = 700 HU

σA = 218.0 HU, CNR = 5.9 σA = 54.9 HU, CNR = 3.6

Original (T1) 2 Bins (25/90 keV)

σA = 55.8 HU, CNR = 3.2

σA = 66.4 HU, CNR = 3.4 σA = 76.0 HU, CNR = 3.0

Only T1 (25 keV)2 Bins (25/75 keV)

σA = 97.3 HU, CNR = 5.7

Only 90 keV

4 Bins (25/45/75/90 keV)

Images show the linear combination result (i.e. without FSNMAR)
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Low- vs High-Res Linear Combination

σA = 87.5 HU, CNR = 3.2 σA = 59.7 HU, CNR = 4.4 σA = 118.3 HU, CNR = 4.4

σA = 218.0 HU, CNR = 5.9 σA = 56.3 HU, CNR = 4.1 σA = 72.3 HU, CNR = 4.3

T1 Lin. Comb. f = 1/2Lin. Comb. f = 1

σA = 257.2 HU, CNR = 4.0 σA = 56.9 HU, CNR = 2.4 σA = 63.9 HU, CNR = 2.3 σA = 72.8 HU, CNR = 3.3

σA = 66.8 HU, CNR = 3.7

σA = 54.9 HU, CNR = 3.6

f is the sampling relative to full resolution (in x, y, and θ) during optimization

Lin. Comb. f = 1/4

C = 50 HU, W = 700 HU
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Conclusions on PCMAR

• PCNMAR is able to reduce artifacts better than conventional 
FSNMAR, keeping more structures intact.

• The extra spectral information from the energy bins is beneficial for 
the artifact reduction, especially the high energy bin.

• Using 4 bins instead of 2 bins did not yield better results, but allows 
more freedom in the selection of thresholds.

• The linear coefficients can be found with low-resolution images, but 
for a sampling of ¼, the results were visibly worse.
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DEEP MAR
Often, these are methods to generate better prior images for NMAR and FSNMAR



Deep MAR Examples

2022



Deep MAR Examples

2023
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MAR Example

• Deep CNN-driven patch-based combination of the advantages of 
several MAR methods trained on simulated artifacts

• followed by segmentation into tissue classes

• followed by forward projection of the CNN prior and replacement of 
metal areas of the original sinogram

• followed by reconstruction
Yanbo Zhang and Hengyong Yu. Convolutional Neural Network Based Metal Artifact Reduction in X-Ray

Computed Tomography. TMI 37(6):1370-1381, June 2018.
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= input feature 1

= input feature 2 = input feature 3

= output

= proposed method
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MAR Example 2
• Detail image is the high-

pass filtered original image.

• Detail image and NMAR 
image are both put as 
inputs in 2 streams that 
converge later in the CNN.

• Network uses residual error 
and the loss function is a 
combination of MSE and 
perceptual loss.

Lars Gjesteby et al. "A dual-stream deep convolutional network for 
reducing metal streak artifacts in CT images." PMB 64.23 (2019): 235003.
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MAR Example 2
• Detail image is the high-

pass filtered original image.

• Detail image and NMAR 
image are both put as 
inputs in 2 streams that 
converge later in the CNN.

• Network uses residual error 
and the loss function is a 
combination of MSE and 
perceptual loss.

Lars Gjesteby et al. "A dual-stream deep convolutional network for 
reducing metal streak artifacts in CT images." PMB 64.23 (2019): 235003.
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Liang, Kaichao, et al. "Metal artifact reduction for practical dental computed tomography by improving 
interpolation‐based reconstruction with deep learning." Medical Physics 46.12 (2019): e823-e834.
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MAR without Machine Learning is a Good Alternative:
 Frequency Split Normalized MAR1,2

Patient with bilateral hip prosthesis, Somatom Definition Flash, (C=40/W=500).

Uncorrected FSLIMAR FSNMAR

1E. Meyer, M. Kachelrieß et al. Normalized metal artifact reduction (NMAR) in computed tomography. Med. Phys. 37(10):5482-5493, Oct. 2010.   
2E. Meyer, M. Kachelrieß et al. Frequency split metal artifact reduction (FSMAR) in CT. Med. Phys. 39(4):1904-1916, April 2012.
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Why do NNs Appear to Always Outperform 
Classical Solutions?

• The answer is: 
                                  Novelty Bias

• This means
– the proposed (new) method is highly optimized by the author

– the gold standard (old) method is implemented with less rigor

• Today, avoiding novelty bias is simple:
– For any method, be it a NN or a conventional algorithm one has open parameters (millions for NN, 

dozens for conventional).

– Determine them using

» the same non-linear minimization framework

» the same training data

» the same objective function

• If this is not done, any comparison with the conventional method is invalid.
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Summary on Deep MAR

• Most common uses for networks:
– Improve image quality in image domain after MAR

– Use network for the sinogram inpainting

– Produce a prior image, e.g. for NMAR

• Additional observations:
– Training data are often produced by segmenting an artifact-free CT image, adding metal 

and applying a polychromatic forward projection to different types of tissue separately.

– As of today, it seems hard to outperform FSNMAR, or hard to give convincing clinical 
examples.
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Thank You!

• This presentation will soon be available at www.dkfz.de/ct.

• Job opportunities through DKFZ’s international PhD or Postdoctoral 
Fellowship programs (marc.kachelriess@dkfz.de). 

• Parts of the reconstruction software were provided by 
RayConStruct® GmbH, Nürnberg, Germany.
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