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PHOTON-COUNTING CT
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Sensor

material

Detector

pixel size at iso

Pixel

binning
FOM Bins FDA Pubs Installations

Canon CdZnTe 210 µm 3×3, 1×1 50 cm 5 no 1
1 prototype

(Japan)

GE Si, edge on 400 × 400 µm ? ? ? no
1 experimental (Sweden),

2 prototypes (USA)

Philips CdZnTe 1 Ö274 × 274 µm ? 50 cm 5 no º22
1 experimental setup

(France)

Samsung

Omnitom 

Elite

CdTe

703 × 707 µm

/ 351 × 423 µm

/ 117 × 141 µm

5×6, 

3×3, 1×1
30 cm 3 yes 1 ?

Siemens

CounT

GOS/CdTe

dual source

1 Ö700 × 600 µm

1 / 250 × 250 µm
2×2, 1×1 50 / 28 cm 4 no º50

3 experimental systems

(Germany, USA)

Siemens

CountPlus
CdTe 1 Ö150 × 176 µm 2×2, 1×1 50 cm 4 no º11

3 prototypes

(Czech, Sweden, USA)

Siemens

Alpha

CdTe/CdTe

dual source
2 Ö150 × 176 µm 2×2, 1×1 50 / 36 cm 4 yes º40 about 100 worldwide

Availability of
Diagnostic Photon-Counting CT

The additional factor 2 in the detector pixel size column indicates that some scan modes may use binning.

Edge on design (Si only)

Face on design (all others)
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Image courtesy of Siemens Healthineers
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Diagnostic CT (Conventional Detector) 
of a Low Contrast Phantom

Photon Counting Detector CT 
of a Low Contrast Phantom

Photon Counting Detector
Phantom

C = 0 HU, W = 80 HU 

Same dose. At same spatial resolution 
(MTF) better image quality.

Diagnostic routine head protocol. 
34 mGy CTDIvol.

EI PC
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Gd2O2S
7.44 g/cm3

CdTe
5.85 g/cm3
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i.e. max O(40Ā106) cpsi.e. max O(40Ā103) cps

Requirements for CT: up to 109 x-ray photon counts per second per mm2.
Hence, photon counting only achievable for direct converters.
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Indirect Conversion
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(energy-integrating)
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Energy-Selective Detectors:
Improved Spectroscopy, Reduced Dose?

Spectra as seen with 4 bins after having passed a 32 cm water layer.

Ideally, bin spectra do not overlap, é
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Energy-Selective Detectors:
Improved Spectroscopy, Reduced Dose?

é realistically, however, they do! 

Spectra as seen with 4 bins after having passed a 32 cm water layer.
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Photon Events
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5.85 g/cm3
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ÅDetection process in the sensor

ÅPhotoelectric effect (e.g. 80 keV)
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Photon Events
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ÅDetection process in the sensor

ÅCompton scattering or K-fluorescence (e.g. 80 keV)
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Energy dispersion due to 
secondary photons
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Photon Events

CdTe
5.85 g/cm3
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ÅDetection process in the sensor

ÅPhotoelectric effect (e.g. 30 keV), charge sharing

Energy dispersion due to 
charge diffusion
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No Electronic Noise!

ÅPhoton counting detectors have no 
electronic noise.

ÅExtreme low dose situations will benefit
ïPediadric scans at even lower dose

ïObese patients with less noise

ïIndustrial CT with very long exposure times per frame

ïé PC (Dectris)

EI (Dexela)

18 frames, 5 min integration time per frame, x-ray off

No readout noise. Single events visible!

Readout noise only. Single events hidden!
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Siemens Naeotom Alpha
The Worldós First Photon-Counting CT

Alpha PCCT at University Medical Center Mannheim (UMM), Heidelberg University, Germany

PC

PC

ÅTubes
ï tube A: 120 kW

ï tube B: 120 kW

ï Focal spot size down to 181 µm

ÅDetectors 
ï pixel size down to 150 µm

ï 288 detector rows

ï 2752 detector columns

ÅSpeed
ï up to 4 rotations per second

ï up to 737 mm/s scan speed

Å50 cm FOM

º ¼ MW
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12
34

1234

Alpha (Quantum Plus)
1376 × 144 macro pixels

pixel size 0.3 × 0.352 mm at iso
avg. sampling 0.344 × 0.4 mm at iso

57.6 mm z-coverage

Alpha (UHR)
2752 × 120 pixels

pixel size 0.151 × 0.176 mm at iso
avg. sampling 0.172 × 0.2 mm at iso

24 mm z-coverage

Detector Pixel Force vs. Alpha

z

b

Force
920 × 96 detector pixels

pixel size 0.52 × 0.56 mm at iso
avg. sampling 0.56 × 0.6 mm at iso

57.6 mm z-coverage

Focus sizes (Vectron): 0.181×0.226 mm, 0.271×0.7316 mm, 0.362×0.497 mm at iso
which are 0.4×0.5 mm, 0.6×0.7 mm, 0.8×1.1 mm at focal spot
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ASG information taken from [J. Ferda et al. Computed tomography with a full FOV photon-counting detector in a clinical setting, the first experience. 
European Journal of Radiology 137:109614, 2021]

EI

EI
ASG
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Noise

ResolutionHigh Medium Low Very Low0

Small detector pixels

Large detector pixels

Less noise with small pixels at the same
spatial resolution (e.g. B70f)

Better spatial resolution with small
pixels at the same noise (e.g. 25 HU)

Kachelrieß, Kalender. Med. Phys. 32(5):1321-1334, May 2005 

150 HU

300 HU

The ñSmall Pixel Effectò 

This nice phrase
was coined 

by Prof. Norbert Pelc, 
Stanford University.

or ñTo Bin or not to Bin?ò



EI
B70f

UHR
B70f

Macro
B70f

UHR
U80f

± 62 HU ± 158 HU

± 89 HU ± 77 HU

All images taken at the same dose at Somatom CounT.
C = 1000 HU, W = 3500 HU

10 mm

25% dose reduction
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Photon Counting used to Maximize CNR

ÅWith PC, energy bin sinograms can be weighted individually, i.e. by 
a weighted summation.

ÅTo optimize the CNR the optimal bin weighting factor
wb is given by (weighting after log):

ÅThe resulting CNR is

ÅAt the optimum this evaluates to

The two ROIs are used to measure the CNR.

Faby, Kachelrieß et al., MedPhys 42(7):4349-4366, July 2015.
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Material Decomposition or CNR Maximization?

ÅW = soft tissue (water) signal, X = iodine signal

ÅAssume same noise N, e.g. 50 HU,  in both bin measurements M1 and M2

ïVar M1 = Var M2 = N2 regardless of whether iodine is present or not

ÅPCCT measurement

ïMeasurement 1 (high bin): M1 = W + 0.25 X CNR2 =   X2 / 16 N2

ïMeasurement 2 (low bin): M2 = W + 0.5 X CNR2 =   X2 /   4 N2

ÅMaterial decomposition

ïEstimated iodine: 4 (M2 ïM1) Variance = 16 (Var M2 + Var M1) = 32 N2 SNR2 =  X2 / 32 N2

ïEstimated soft tissue:         2 M1ïM2 Variance = 4 Var M1 + Var M2 = 5 N2 SNR2 = W2 /   5 N2

ÅCNR maximization

ïCompute (1 - w) M1 + w M2 Variance = (1 - w)2 N2 + w2 N2 = (1 - 2 w + 2 w2) N2

ï Iodine value minus soft tissue value      = Contrast = (1 - w) 0.25 X + w 0.5 X

ïMaximizing CNR yields w = 2/3 CNR2 = 5 X2 / 16 N2

This simple toy example assumes iodine to contribute half as much to the gray value for the high bin as for the low bin.
CNR refers to the contrast between iodine and soft tissue. SNR refers to the contrast between the decomposed material and air.
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Linear Mixing Techniques

C = 300 HU, W = 1400 HU

a

-2 5

-2 5

0 1

0 1

a = 1a = 0

Original low spectrum 
image

Original high spectrum 
image
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Summary on PCCT

ÅHigher efficiency
ïbetter image quality 

ïreduced measurement times

ÅNo electronic noise
ïvery long exposures possible

ïpotential to overcome photon starvation

ÅSpectral information on demand
ïmaterial discrimination

ïartifact reduction

ïcombination with DECT acquisition possible and reasonable

ÅHigh frame rates also for off-the-shelve PC detectors
ïcan be of interest for inspection tasks
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ARTIFICIAL INTELLIGENCE
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Deep RAR Examples



Deep Detruncation



Deep MAR Examples



Deep MAR Examples
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Sparse View Restoration Example

Yo Seob Han, Jaejun Yoo and Jong Chul Ye. Deep Residual Learning for Compressed Sensing CT 
Reconstruction via Persistent Homology Analysis. ArXiv 2016.



Very 
impressive, 
buté

Very 
impressive, 
buté

Very 
impressive, 
buté
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Component-Specific Denoising/Desparsifying

ÅWe assume to have one long-acquisition scan of the component

ÅGenerate training data via random transformations and deformations

ÅGenerate datasets for training, validation and :
ïGT: Long-acquisition ground truth

ïUN: undersampled + noise reconstruction (80 projections, Poisson noise)

ïN: Noisy reconstruction (800 projections, with Poisson noise)

ÅTrain three U-Nets
ïSh-Unet-MSE: Shallow structure (3× downsampling, initial filter size: 16) with MSE

ïUnet-MSE: Deeper structure (4× downsampling, initial filter size: 16) with MSE

ïUnet-Adv: Deeper structure trained in WGAN-GP setting with perceptual and MSE 
component

ÅAll networks are trained on patches of size 2562 on the UN dataset
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Results
Test Data (UN) ẗSh-Unet-MSE

Input

Prediction

GT
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Ground Truth

Sparse input



42

Shallow Unet

Sparse input
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Deep Unet

Sparse input
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Deep Adversarial Unet

Sparse input



Simulation-based 
artifact correction

Standard 
reconstruction

J. Maier, M. Kachelrieß et al. Simulation-based artifact correction (SBAC) for 
metrological computed tomography. Meas. Sci. Technol. 28(6):065011, May 2017.

Simulation-based removal of
Åbeam hardening artifacts
Åoff-focal radiation artifacts
Åfocal spot blurring artifacts
Ådetector blurring artifacts

Åscatter artifacts
Åé
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Deep Scatter Estimation (DSE)

J. Maier, M. Kachelrieß et al. Deep scatter estimation (DSE). SPIE 2017 and Journal of Nondestructive Evaluation 37:57, July 2018.
J. Maier, M. Kachelrieß et al. Robustness of DSE. Med. Phys. 46(1):238-249, January 2019.


