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Potential Pitfalls and their Clinical Risk

Pitfall Likelihood Clinical Risk | Comments
: * May completely impair the diagnosis.

Lesions are removed or : , ,

introduced: hallucinations unkown high » The user cannot detect the error (looks like a real lesion).
' * May easily happen with image-based Al. Very unlikely in projection-based Al.
_ » Fabrication of information that was never measured

Apparent soatial resolution high » lllegitimate resolution recovery (not an MTF deconvolution)

pparent sp JIET Ol SIS medium « May be useful when it recovers suppressed information.

is increased that provide super : : e
resolution Al) » Perceptual quality may matter more than strict quantitative fidelity: Human
detectability may improve.
Artifacts (streaks, blurring, * The user can easily detect the error (appears unnatural).
unkown low

...) are introduced

« May occur with projection-based Al. Unlikely in image-based Al.




Denoising benchmark with surprising results

IS NEWER ALWAYS BETTER?



Low Dose CT Image Denoising
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Low Dose CT Image Denoising
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Low Dose CT Image Denoising
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Low Dose CT Image Denoising
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Low Dose CT Image Denoising

Q: Which algorithm performs best?




Classical
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Flaws of Current Evaluation Protocols

No open-source implementations: Increases
Chance of (u n)intentional errors Different Datasets Wrong Implementations

Meanwhile, to keep the reasonable model complexity, we
reduced 96 filters to 32 filters in each layer. [1]

Inadequate metrics: Standard IQA metrics
(MSE, SSIM, ...) do not correlate well with Anatories Training Validaton Test

: EkxO =° me me Unfair Hyperparameters
human reader ratings [2] N
Inadequate Metrics {A* = 44?1.1§en{1112}£ (Ax(@),y)

Unfair hyperparameters: Either no HP |4(@) =yl *& {B*:agf,gl,c<&<m>,y>
optimization or limited to subset of
parameters / methods. Often authors use HPs
reported in reference publications
— Problematic since no consensus dataset
exists

[1] Fan, Fenglei, Hongming Shan, Mannudeep K. Kalra, Ramandeep Singh, Guhan Qian, Matthew Getzin, Yueyang Teng, Juergen Hahn, and Ge Wang. 2020. “Quadratic Autoencoder (Q-AE) for Low-Dose CT Denoising.” IEEE Transactions on Medical Imaging.
[2] K. Ohashi, Y. Nagatani, M. Yoshigoe, K. lwai, K. Tsuchiya, A. Hino, Y. Kida, A. Yamazaki, and T. Ishida, “Applicability evaluation of fullreference image quality assessment methods for computed tomography images,” Journal of Imaging Informatics in Medicine, vol. dkfz
@

36, no. 6, pp. 26232634, Dec. 2023.
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Abstract

Background: Long-lasting efforts have been made to reduce radiation dose
and thus the potential radiation risk to the patient for computed tomography (CT)
acquisitions without severe deterioration of image quality. To this end, various
technigues have been employed over the years including iterative reconstruction
methods and noise reduction algorithms.

Purpose: Recently, deep learning-based methods for noise reduction became
increasingly popular and a multitude of papers claim ever improving perfor-

anr=in = LM (] =10 - - =1alaEe - - - M0 e Al=Ers (] - | =10[RFSIND =1 ]

dkfz.



LDCT Benchmark

» Algorithms used for our benchmark:

— CNN-10 (2017) _ _

- RED-CNN (2017)> pixehwise losses

— ResNet (2018)

— WGAN-VGG (2017)

— QAE (2019) CNNs trained with adversarial

— DU-GAN (2021) ISo::;salized architectures trained
— TransCT (2021) with pixelwise losses

— Bilateral (2022)
 All tested methods

— do the same hyperparameter optimization
— use the same train/validation set
— were evaluated on the same test set

E. Eulig, B. Ommer, and M. KachelrieB. Benchmarking deep learning-based low-dose CT

image denoising algorithms. Med. Phys. 51(12):8776-8788, December 2024.



Benchmark Setup

Hyperparameter optimization

— Rigorous HP optimization including the
weighting factors of loss function terms

— 50 iterations of sequential model-based
optimization (SMBO) using Gaussian
processes and expected improvement as
acquisition function

— As metric to optimize we use SSIM on
validation dataset

Retrain each method 10 times with
— optimal HPs and
— different random seeds

Parameter

Prior

All algorithms

Learning rate
Maximum iterations
Mini-batch size

log4(1 x 107°,0.01)
U(1 x 10%,1 x 10°)
2,128)

Uz,
CNN-10 (2017) Patchsize U(32,128)
RED-CNN (2017) Patchsize U(32,128)
p1 of Adam 4(0.3,0.9)
Loss weight: Aperceptual  U(0,1)
WGAN-VGG (2017) Critic updates U(1,5)
Patchsize U(32,128)
ResNet (2018) Patchsize U(32,128)
QAE (2019) Patchsize U(32,128)
By of Adam U(0.3,0.9)
Cutmix warmup U(0,1 x 10%)
Loss weight: A4y U0,1)
DU-GAN (2021) Loss weight: Aoum U(0,10)
Loss weight: Apx grad U(0,40)
Critic updates U(1,5)
Patchsize U(32,128)

TransCT (2021)

Bilateral (2022)

Learning rate for o,
Patchsize
Initalization for o,
Initalization for o,

log (1 x 107°,0.01)
U(32,128)

U,1)

U,1)

U: Uniform distribution; logdf: Log-uniform distribution

E. Eulig, B. Ommer, and M. KachelrieB. Benchmarking deep learning-based low-dose CT

image denoising algorithms. Med. Phys. 51(12):8776-8788, December 2024.




®F-FDG PET

Benchmark Setup 4 &4

feature map

Gradient
kurtosis
Metrics
. . GLCM
« Standard metrics: SSIM, PSNR, Visual Entropy
information fidelity (VIF)
. . . . GLRLM
« Clinically relevant image properties: short-run
Radiomic feature similarity (RFS) emphasts
1. Automatically segment organs in high- e Dt
dose scan (s) energy (HH)
2. Compare features on high-dose scan Mayerhoefer et al. Introduction to Radiomics.
Wlth those on denOised scans J. Nucl. Med. 61(4):488—495, 2020.

RFSZ(-S) — COS (r('S),rg%) : r,gs) = ( (s) ,RE;S})

i i1
- J

~
Normalized ra(_:liomic features
j € {17 2’ e J} - Radiomic features for some algorithm i on scan s

i €4{1,2,..., N} : Algorithms

E. Eulig, B. Ommer, and M. KachelrieB. Benchmarking deep learning-based low-dose CT

image denoising algorithms. Med. Phys. 51(12):8776-8788, December 2024.



CNN-10
(2017)

RED-CNN
(2017)

WGAN-VGG
(2017)

E. Eulig, B. Ommer, and M. KachelrieB. Benchmarking deep learning-based low-dose CT

image denoising algorithms. Med. Phys. 51(12):8776-8788, December 2024.

Slice where the average
SSIM across all head
slices and methods is

highest.

Slice where the average
SSIM across all head
slices and methods is

lowest.




ResNet
(2018)

DU-GAN
(2021)

TransCT
(2021)

Bilateral
(2022)

{
AT

Chest

E. Eulig, B. Ommer, and M. KachelrieB. Benchmarking deep learning-based low-dose CT
image denoising algorithms. Med. Phys. 51(12):8776-8788, December 2024.



Image Quality Metrics

Given reference image x and test image y, N pixels each.

Peak signal-to-noise ratio (PSNR) Structural similarity index measure (SSIM)
2 u v 2 uv
N SSIM (u, v) = g H L; +Cl)(20 —202)
RMSE(,3) = | £ 3 (n — gn)? (12 + u2 + C1)(02 + 02 + Co)
YEAN ‘ S SSIM(z, y) = mean SSIM (u, v)
n= ucxT,vey
I
PSNR(z,y) = 20 log ( — ) w :Mean of u o2 : Variance of u
RMSE(z, y) K 5 in a sliding
fy = Mean of v o, : Variance of v 7x7 window
Visual information fidelity (VIF) T 2 UOUETEMES € @ amd. ¢

Compare information / extracted by a human

visual system (HVS) model of the test image Radiomic feature similarity (RFS)

y with that of the reference image x. 1. Extract radiomic features R, and R, from
G segmentations in x and y
VIF (z,y) = 21 1(Gr * 2) 2. Compute cosine similarity between R, and R,
>k L(Gr*y) :
R.-R,
RFS(z,y) =
G, are Gaussians of different scale | Ra|| || Ryl



Quantitative Results

Head (25% dose) Chest (10% dose) Abdomen (25% dose)
SSIM  PSNR  VIF RFES SSIM  PSNR  VIF RFS SSIM  PSNR  VIF RFES

Low dose scan 2640 0.55 0.71 0.34 1877 0.09 0.70 0.84 28.67 034 075 0.88
CNN-10 (2017) 2886 0.62 0.94 0.59 2771 0.19 080 0.90 3239 045 088 0.90
3041 069 095 0.6l 2836 022 0.76  0.90 3322 049 080 0.90

PSNR units are decibel (dB)

)

RED-CNN (2017)
WGAN-VGG (2017) 2536 053 086 0.51 2554 0.5 098 0.88 3051 038 092  0.88
ResNet (2018) 29.64 0.67 091 0.6 2842 022 075 0.90 33.15 049 079  0.90
QAE (2019) 2851 059 095 0.58 27.62  0.19 083 0.89 3202 042 096 0.90
DU-GAN (2021) 2876 062 094 0.57 26.68 0.7 096 0.89 32.13 043 097 0.90
TransCT (2021) 24.65 044 088  0.56 2699 0.17 083 0.88 3053 037 092  0.85

)

Bilateral (2022) 26.60 050 0.87 0.55 2559 0.16 0.64 0.86 27.13 036 087 0.87

Green numbers indicate that a method is significantly better than the previously published best method.
Orange numbers indicate that it is significantly worse.

E. Eulig, B. Ommer, and M. KachelrieB. Benchmarking deep learning-based low-dose CT

image denoising algorithms. Med. Phys. 51(12):8776-8788, December 2024.



Minimize pitfall: Let small structures be just as important as large structures

A NEW METRIC FOR SUBTLE DETAILS



Motivation

In medical imaging (CT, MRI) pathological features are often present as
small, potentially low-contrast structures

N
7 mm ground glass opacity

N punctuate Nodule 6 Nodule 7 Nodule 8

ischemias

Nodule 10 Nodule 11 Nodule 12

3

Nodule 13 Nodule 14 Nodule 15 Nodule 16

2p. Vitali et al., “MRI versus CT in the detection of brain lesions in patients with infective endocarditis before or after cardiac surgery,” Neuroradiology, vol. 64, no. 5, 2022.

"H. K. Kim et al., “Management of Multiple Pure Ground-Glass Opacity Lesions in Patients with Bronchioloalveolar Carcinoma,” Journal of Thoracic Oncology, vol. 5, no. 2, 2010.
3G. J. DiGirolamo et al., “Non-conscious Detection of ‘Missed’ Lung Nodules by Radiologists: Expanding the Boundaries of Successful Processing during the Visual Assessment of Chest CT Scans,” Radiology, vol. 314, no. 2, 2025. dkfz.



Attention: Each Pixel May be Significant!

« MAE, PSNR, RMSE and SSIM* are often used to quantify image quality,
e.g. in loss functions or to rank algorithms.

« Alteration of a few pixels may mislead diagnosis.

y+ 35N, N;; ~N(0,1) y (removed structures)

L]

SSIM=0.934 SSIM=0.996
RMSE=35.046 HU RMSE=31.157 HU
PSNR=33.793 dB PSNR=34.814 dB

*SSIM also accounts in parts for the human visual system by using luminance, contrast and structure to estimate perceptual quality. dku.



Segment Anything Model (SAM)

« SAM can automatically segment
all structures in an image by
predicting masks for all points on
a grid.

 Many works proposed tuned
versions of SAM for medical
image segmentation?

 To make our metric work, we neec
to apply SAM
— to the ground truth image
— or to the denoised image
— or to the noisy image.

In the following, SAM is applied t
the GT image.

Kirillov, Alexander, Eric Mintun, Nikhila Ravi, Hanzi Mao, Chloe Rolland, Laura Gustafson, Tete Xiao, et al’ i i
2Ma, Jun, Yuting He, Feifei Li, L|n Han, Chenyu You, and Bo Wang. 2024. “Segment Anythlng in Medical Images Nature Communlcatlons 15 (1): 654.
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Segment RMSE (SRMSE)

 Assume S segments from SAM for a given patient volume.

 Represent each segment by a binary mask volume
m®) e {0, 1}N with N being the number of voxels.

« Define the segment-wise root mean square error between
two images x and y, and segment s:

SRMSE(z,y; s) = J
« Using the set of all SRMSEs, define

1
MeanSRMSE(x,y) = 5 Z SRMSE(z, y; )

MaxSRMSE(x, y) = max SRMSE(x, y; s)




Detecting Hallucinations

« Compare SRMSE of low dose scan (x) with network prediction (y)
 On a chest scan with 392 axial slices we have a total of 15,547 masks

|
W Low dose
WGAN-VGG i
103 o Network performs

103 4  worse than low dose

3 q scan for 3.4% of masks
102 o 10% 3 \
10" 5 101 -
10° - 10°

100 200 300 400 500 600 700 800 —200 -100 0 100 200 300 400 500 600
SRMSE [HU] SRMSE(z, y; m) — SRMSE(y, y; m)



High Dose Images
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Network Predictions (WGAN-VGG)
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Experiments

- Evaluate the proposed metric on synthetic datasets where the
amount of removed structures is known.

« Utilize three datasets from the Medical Decathlon!, a collection of ten
medical image segmentation tasks with ground truth annotations.

Hepatic Vessels Brain tumors Lung cancer

'Simpson, Amber L., Michela Antonelli, Spyridon Bakas, Michel Bilello, Keyvan Farahani, Bram van Ginneken, Annette Kopp-Schneider, et al. 2019. “A Large Annotated Medical
Image Dataset for the Development and Evaluation of Segmentation Algorithms.” arXiv.




Hepatic Vessels
q=0.25

7

q=\ fraction o ground/h'ﬁl strthures at we remaqye per patient volume
o = standard deviation of additional Gaussian noise that is added to the imaages

oc=25.0 HU




Lung Cancer
q=20.0 q=0.25 qg=0.5 q=0.75 qg=1.0

oc=0.0 HU

-
==
2
-
—
I
S}

o = standard deviation of additional Gaussian noise that is added to the imaages



Tumor

N

Bra

standard deviation f additional Gaussian noise that is added to the imaages '

c:



Recall

Results: True Positive Fraction (Recall)

Hepatic Vessels

1.0 7 =@- RMSE
O~ MAE
0.9 O~ SSIM
=@ Max-SegRMSE
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o)
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o} o
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0.6

Lung Cancer
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O MAE ~
0.5 4 =0~ SSIM O
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I I I I I I 1 I
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Recall

0.6

Brain Tumor
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o mae © ©
O~ SSIM ° ° ©
0.5 4 =@= Max-SegRMSE

(0]

I I I I I I I
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U/ HTumor

The plots show the likelihood that a metric correctly detects
that images with g = 0.1 are worse (have more structures removed) than those with g = 0.

Note that g = 0.1 corresponds to about 0.007% to 0.03% modified voxels.




Networks are black boxes. We probe such networks to learn about their internals.

RECONSTRUCTING HALLUCINATIONS



Finding Invariances x'"V of Denoising Networks f,(x)

Invariances are a special
case of hallucinations.
Mathematically, they are
related to the preimage of £.

Adversarial perturbations Invariances

Small perturbations in the Large perturbations in the
input that lead to large ﬁ input that leave network
alterations in predictions predictions unaffected

Find invariances x'"V via

arg min (Hfg(a:) — fo(z™)| — alz — a:'inVH) | aeRT
7 gV =x+n

 Mean-squared-error (MSE), bounded by +1

» Structural dissimilarity: (1-SSIM)/2

* Perceptual loss using ImageNet-pretrained VGG16
Optimize x"V using Adam optimizer for 3000 iterations

E. Eulig, J. Maier, B. Ommer, and M. KachelrieR. May denoising remove structures? How to reconstruct
invariances of CT denoising algorithms. SPIE Medical Imaging Conference Record, 1292506:1-6, April 2024.




Results for f(x) = WGAN-VGG
ZUinV f@(ﬂb’inv)

A A N
(1—-SSIM)/2  VGG16

00 ‘Abdomen: C =50 HU, W= 400 HU.

" Lung: C = -600 HU, W = 1500 HU.



= WGAN-VGG

Results for f(x)

Luna




Future Step:
Reconstruct Clinically Relevant Invariances

Drawbacks of previous approach

« Generated x'"v generally do not lie on the data manifold of
low dose images

- Sampling new invariances requires new ;" z ~N(0,1)»

Natural invariances
Generate natural (on-manifold) x'"V by training a conditional

generator g,(z ~ N (0, 1)|z) together with a critic C C
argmin{ || fo(z) — fo(gs(2[2))|| — allz — go(z]z)|| + BC(g4(2[2)) } !
@ Wasserstein
distance

E. Eulig, J. Maier, B. Ommer, and M. KachelrieR. May denoising remove structures? How to reconstruct

invariances of CT denoising algorithms. SPIE Medical Imaging Conference Record, 1292506:1-6, April 2024.



Generating Invariances

Pipeline to reconstruct invariances:

a) LDCT denoising network, that predicts
high dose images @ = f(x) from low
dose images

b) Conditional VAE that is trained to
reconstruct low dose images x(¥ and is
conditioned on denoised images y®

c) cINN that disentangles the information
in z that the denoising network is
invariant to from the one it is not
invariant to

To reconstruct invariances we can sample
from the Gaussian distribution of
invariances, apply the inverse cINN and
decode samples using (fixed) conditional
decoder

0

IIIIIIIfe

(b) Conditional VAE

Inference

E. Eulig, F. Jager, J. Maier, B. Ommer, and M. KachelrieR. Reconstructing and analyzing the

invariances of low-dose CT image denoising networks. Med. Phys. 52(1):188-200, January 2025.



Conclusions

 New metrics are needed to quantify changes in subtle details.
— Needed to evaluate the quality of Al-based algorithms.
— Could become part of the loss function to train networks.
— May help to determine the amount of dose reduction possible for a given algorithm.

 Methods to reconstruct hallucinations are required
— Probe existing algorithms
— Improve the development of new algorithms




Thank You!

This presentation will soon be available at www.dkfz.de/ct.
Job opportunities through marc.kachelriess@dkfz.de or through DKFZ’s PhD program.
Parts of the reconstruction software were provided by RayConStruct® GmbH, Niirnberg, Germany.
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