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Abstract

Accurately translating medical images between different modalities, such as Computed Tomography (CT) to Magnetic
Resonance Imaging (MRI), has numerous downstream clinical and machine learning applications. While several methods
have been proposed to achieve this, they often prioritize perceptual quality with respect to output domain features
over preserving anatomical fidelity. However, maintaining anatomy during translation is essential for many tasks, e.g.,
when leveraging masks from the input domain to develop a segmentation model with images translated to the output
domain. To address these challenges, we propose ContourDiff with Spatially Coherent Guided Diffusion (SCGD), a novel
framework that leverages domain-invariant anatomical contour representations of images. These representations are
simple to extract from images, yet form precise spatial constraints on their anatomical content. We introduce a diffusion
model that converts contour representations of images from arbitrary input domains into images in the output domain
of interest. By applying the contour as a constraint at every diffusion sampling step, we ensure the preservation of
anatomical content. We evaluate our method on challenging lumbar spine and hip-and-thigh CT-to-MRI translation
tasks, via (1) the performance of segmentation models trained on translated images applied to real MRIs, and (2) the
foreground FID and KID of translated images with respect to real MRIs. Our method outperforms other unpaired image
translation methods by a significant margin across almost all metrics and scenarios. Moreover, it achieves this without
the need to access any input domain information during training and we further verify its zero-shot capability, showing
that a model trained on one anatomical region can be directly applied to unseen regions without retraining. Our code is
available at https://github.com/mazurowski-lab/ContourDiff.
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1. Introduction across different imaging modalities (e.g., CT and MRI) Chen
et al. (2023a), for anatomical locations such as brain Li
et al. (2020), abdomen Huo et al. (2019), and pelvis Rossi
and Cerveri (2021). This approach is especially beneficial
given the significant time and labor involved in annotating
images for each modality independently. Through direct
image translation between modalities, annotations from

of translating images from some input domains to an

output domain with only unpaired data for training
Zhu et al. (2017)—offers extensive applications in medical
image analysis Armanious et al. (2020); Durrer et al. (2024);
Beizaee et al. (2023):; Wang et al. (2024); Modanwal et al. ©One modality can be reused in another, reducing manual
(2020); Yang et al. (2019); Liu et al. (2021); Zhang et al. effort. However, achieving this requires strict anatomical
(2018). A significant use case is facilitating segmentation consistency in translation.

U npaired image-to-image (I21) translation—the task
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et al. (2023b); Ozbey et al. (2023); Kim and Park (2024).
However, some of these methods are constrained to paired
data or aligning features in domains that are di cult to
interpret for unpaired data, such as latent or frequency
domains.
To preserve anatomical structures using pixel-level con-
straints, inspired by previous works in spatially-conditioned
di usion models Konz et al. (2024); Zhang et al. (2023);
Rombach et al. (2022), we propose a di usion model for
image translation, \ContourDi " 1, that uses domain-
invariant anatomical contour representations of images to
_ , guide the translation process, which enforces precise anatom-
_Fllgur_e L Str.uctural blgses beMeen C_T and MRI modal- ical consistency even between modalities with severe struc-
!tles in gertaln anatpmlgal regions: minor for the abdom- tural biases. This model also has the added benet of
ma_tl region from a_X|aI view (a), but Severe fo_r the leg frc’rgllowing zero-shot learning: it solely requires a set of
axial view and spinal regions from sagittal view (b). unlabeled output domain images for training, unlike most
unpaired translation models. As such, it can potentially

Ensuring anatomical consistency in unpaired 12| transkanslate images from arbitrary unseen domains at inference
tion is challenging, particularly when the input and outpufsee Section 4.7), which can be advantageous for medical
domains exhibit a substantial structural biasl|i.e., a consisimage harmonization across multiple imaging modalities.
tent di erence in anatomical structure and shape betweeWe evaluate our method on CT to MRI translation for
domains. An example of this is the drastic visual di erenceagittal-view lumbar spine and axial-view hip-and-thigh
between CT and MRI from di erent protocols for leg anddody regions, which both possess severe structural biases
spinal regions as captured in standard exams (see Fig(Fig. 1 and 4). In addition to utilizing standard unpaired
and 4), where typically CT images display two legs whilgage generation quality metrics like FID and KID, we eval-
MRI scans only show one, and CT images capture entw@te the anatomical consistency of our translation model
the abdominal body while MRI focuses on the lumbar arda training a segmentation model on CT images translated
respectively. Traditional translation models tend to inteito MRI given their original masks, and evaluating it for real
nalize this structural bias, resulting in them applying drasti/Rl segmentation. Our main contributions include:
anatomical transformations during translation in order to
align with the typical structure seen in the output domairl,, We propose ContourDi, a novel di usion-based frame-
resulting in a misalignment between translated images andwork for unpaired image-to-image translation which al-
their corresponding input segmentation masks, potentially lows zero-shot learning.
leading to unreliable segmentation models trained this data.

One group of methods for unpaired 12| translation & We introduce Spatially Coherent Guided Di usion (SCGD)
medical imaging is based on Generative Adversarial Netto enforces spatial consistency within a volume by pro-
works (GANs) Goodfellow et al. (2020) such as Cycle-viding context information from adjacent slices.
consistent Adversarial Network (CycleGAN) Zhu et al. (2017);

Armanious et al. (2019); Chen et al. (2023a); Phan et &. Our method signi cantly outperforms existing unpaired
(2023); Zhou et al. (2023). These methods maintain the |2| models, including GAN-based and di usion-based
consistency between the images from input and output methods, in segmentation performance over all test datasets
domains by leveraging cycle consistency loss, minimizingjespite the fact that it requires no input domain infor-
information loss during bidirectional translation Zhu et al. mation for training, unlike the competing methods.
(2017). However, such cycle-consistent supervision does

not provide a direct and interpretable constraint on prg: Our method achieves the best performance compared to
serving anatomical structures between modalities. Indeedexisting 121 models in terms of foreground FID and KID
CycleGAN and its variants may yield undesirable resultszcross almost all situations.

when substantial misalignment exists between modalities

Phan et al. (2023). N o 5. We demonstrate the zero-shot capability of ContourDi
_ Recently, seyeral condltlonql di usion models_have beenpy translating additional input-domain modalities to the
introduced for image translation tasks, both in natural ,inut domain without any model retraining.

images Batzolis et al. (2021); Rombach et al. (2022); Li

et al. (2023a); Kim et al. (2023) and medical imaging Li1. Code: https://github.com/mazurowski-lab/ContourDiff
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ContourDi

2. Related Works images with progressive denoising steps, starting from ran-
dom noise and gradually re ning it into a coherent image.
Conditional di usion models extend this approach by incor-

Image-to-image translation aims to learn a mapping to tranPOrating additional conditions, such as texts and images,
form images from one domain to another while preservidgt© the training objectives and model input. For instance,
essential structural details. Several GAN-based framework€nZ et al. Konz et al. (2024) guided the generation process
including Pix2Pix Isola et al. (2017) and its variants Wan§f medical images with pixel-level masks at each denoising
et al. (2018), have been developed as supervised Iearn%lf'do to ensure strict spatial control over the output. Latent
methods for paired image-to-image translation. GAN-basddi usion Models (LDMs) Rombach et al. (2022) on the
models are also widely used in unpaired translation, wifither hand shift the di usion process to a lower-dimensional
CycleGAN Zhu et al. (2017) introducing cycIe-consistené?te”t space rather than operating in pixel space for better
loss to allow translation between unpaired datasets. M@omputational scaling to large images; however, working in
NIT Huang et al. (2018) enables multi-modal outputs tghis latent space requires a loss of ne detail in the images
generate diverse outputs given images from input domaiMdiich the model is conditioned on (in our case, the anatom-
GCGAN Fu et al. (2019) incorporates geometric-consistent§@! contour map) due to downsampling, so our approach
constraints to preserve the geometric information acro§g§mains in image space. Conditional di usion models have
domains. To reduce the training time, CUT Park et aflso been explored for other image-to-image tasks, including
(2020) leverages contrastive learning to align corresporigP@inting Rombach et al. (2022); Corneanu et al. (2024),
ing patches between domains in feature space, insteadS§Per-resolution Saharia et al. (2022); Gao et al. (2023)
using entire images. Despite the success, GAN-based te¥hd semantic segmentation Tan et al. (2022); Baranchuk
niques often face challenges like training instabilities arfd al- (2021).
mode collapse problems Li et al. (2023a). More recently,
di usion-based translation frameworks have emerged as3a Methods
promising alternative, providing competitive performance .
in both paired Li et al. (2023a) and unpaired Kim et alg."l Problem De nition
(2023) image translation tasks. In unpaired image translation, only unpaired datasets of
Image-to-image translation specialized for medical imatjput and output domain examples are available for train-
ing aims to convert images between modalities (e.g., GMg. Our method is even more general in that it accom-
to MRI) to generate synthetic data and improve diagnostiglishes zero-shot image translation, where only an unla-
capabilities. However, acquiring labeled and paired métgled dataset ofNoy output domain examplesxP!'];

2.1 Image-to-Image Translation

(2023b), which exacerbates the challenge of preserviifgthen to use the trained model at inference to translate
anatomical structures|an essential aspect in medical imunseen input domain data[" ], to the output domain. In
age translation. To address this issue, several GAN-bagsif case, we aim to translate CT images to the MRI domain,
frameworks have been developed for unpaired medical f@i-usage with MRI-trained segmentation models. To do
age translation Armanious et al. (2019); Uzunova et &0, We propose a novel di usion-based image translation
(2020); Kong et al. (2021). Recently, di usion models havéramework based on domain-invariant anatomical contours
gained popularity in this domain. For instance, SynDiof images.

Ozbey et al. (2023) incorporates the adversarial di usion

modeling to achieve unsupervised medical image translatigr, Adding Contour Guidance to Di usion Models
However, thes:e methods rely on adversarial train@ng toalign, 1 i ysion Models

features, lacking strict and interpretable constrains on the

detailed anatomical structures during translation. Denoising di usion probabilistic models Ho et al. (2020) are
generative models that learn to reverse a gradual process of

2.2 Diusion Models , X ! )
New images can be generated by starting with a (Gaussian)
Denoising Di usion Probabilistic Models (DDPM) Ho et al.noise sampler and iteratively applying the model to obtain

ni cant attention for their remarkable performance in gen- In practice, the neural network itself (x;;t) is an 12|
erative modeling across both natural Croitoru et al. (2023grchitecture (e.g., a UNet Ronneberger et al. (2015)) that
Muller-Franzes et al. (2023) and medical imaging tasks trained to predict the noise added to an imageg at
Rombach et al. (2022); Konz et al. (2024). Di erent fromvarious timesteps. The training objective is to optimize
GAN-based models, di usion models generate high-qualitge Evidence Lower Bound (ELBO). The loss can be simply
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Figure 2: Overview of ContourDi. Top is the training process of ContourDi . The denoising model is trained

on output domain images, conditioning on their anatomical contours and on an adjacent slice with probahijty
Bottom is the inference process of ContourDi. The model generates input domain images in the appearance of th
output domain given input domain contours and previously generated adjacent slices.

described as Nichol and Dhariwal (2021): in Rombach et al. (2022), and concatenate it with the
h i network input at every denoising step, a practice similar to
L=Exot: i (X¢; D)jj 2 (1) Konz et al. (2024); Zhang et al. (2023). This modi es the
network in Eq. 2 to become (X;;tjc) and the di usion
where is the model parameters. training objective to become
Unlike unconditional DDPMs, many conditional di u- h i
sion models Rombach et al. (2022); Li et al. (2023a); Konz L=E ooyt i (x¢; tjc)ji 2 ; ()
et al. (2024) directly integrate the conditiong (e.g., images
and texts) into the training objective: where o; c) is a training set image and its accompanying
h i contour. We perform this in image space in order to en-
L=E oyt I (xe; tiy)ii * (2) sure that the denoised image precisely follows the contour

guidance pixel-to-pixel (as in Konz et al. (2024)), which

which allows the model to leverage external information tfhay be lost if di usion is performed within a latent space
guide the generation process. Rombach et al. (2022)
Denoising Di usion Implicit Models (DDIMs) Song et al.

(2020) employ a deterministic, non-Markovian sampling , , ,

. . . .3 Contour-guided image translation
process, allowing for faster sample generation without no-
ticeable compromises for image delity. 3.3.1 Overall Translation Process

One important feature of contours is that they can be viewed
as domain-invariant yet anatomy-preserving representations
For standard unconditional di usion models, it is uncleaof images. This allows for a contour-guided di usion model
how to constrain the semantics/anatomy of generated intrained in some output domain to serve as a zero-shot image
ages. To address this, we propose to utilize contour repanslation method, as follows.

resentations of images to provide guidance in generating First, we train a contour-guided di usion model on out-
the image. While training the model, we use the Canmut domain images with accompanying contours{{t],; [c°"']»),
edge detection Iter Canny (1986) to extract the contourshown in Algorithm 1 (Note: Algorithm 1 also include con-
representationc of each training image, similar as that straints from adjacent slices). Next, to translate some input

3.2.2 Contour-guided Di usion Models
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