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Abstract

High-quality, high-resolution medical imaging is essential
for clinical care. Raman-based biomedical optical imaging
uses non-ionizing infrared radiation to evaluate human tis-
sues in real time and is used for early cancer detection, brain
tumor diagnosis, and intraoperative tissue analysis. Unfortu-
nately, optical imaging is vulnerable to image degradation
due to laser scattering and absorption, which can result in
diagnostic errors and misguided treatment. Restoration of op-
tical images is a challenging computer vision task because the
sources of image degradation are multi-factorial, stochastic,
and tissue-dependent, preventing a straightforward method to
obtain paired low-quality/high-quality data. Here, we present
Restorative Step-Calibrated Diffusion (RSCD), an unpaired
diffusion-based image restoration method that uses a step cal-
ibrator model to dynamically determine the number of steps
required to complete the reverse diffusion process for image
restoration. RSCD outperforms other widely used unpaired im-
age restoration methods on both image quality and perceptual
evaluation metrics for restoring optical images. Medical imag-
ing experts consistently prefer images restored using RSCD
in blinded comparison experiments and report minimal to no
hallucinations. Finally, we show that RSCD improves per-
formance on downstream clinical imaging tasks, including
automated brain tumor diagnosis and deep tissue imaging.

Code — https://github.com/MLNeurosurg/restorative step-
calibrated diffusion

Extended version — https://arxiv.org/pdf/2403.13680

Introduction
Medical imaging plays a major role in clinical medicine.
Computed tomography, radiography, magnetic resonance
imaging, and optical imaging are examples of common and
indispensable medical imaging modalities used for diagno-
sis, guiding treatment decisions, and monitoring treatment
response. Raman-based biomedical optical imaging uses Ra-
man scattering to non-invasively evaluate human tissues for
diagnostic purposes. As an advanced medical imaging modal-
ity, it has an increasing role in patient care and is now being
*These authors contributed equally.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: Examples of biomedical optical images restored
using our proposed method, RSCD. Across a range of known
and unknown sources of image degradation, RSCD provides
high-quality image restoration of fresh, surgical specimens
imaged during brain tumor surgery. Our method can restore
optical images with severe image degradation such that, after
restoration, they can be used for downstream clinical tasks,
including automated brain tumor diagnosis and deep tissue
imaging during surgery.

The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)
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Figure 2: An overview of Restorative Step-Calibrated Diffusion (RSCD). We view the low-quality image as the output of an
incomplete diffusion generation process that starts from Gaussian noise (t = T ) and performs T steps of denoising (reverse
diffusion) to generate a restored image at t = 0. We use a step calibrator model to predict tpred, the number of steps of diffusion
model denoising needed for image restoration, and we perform the reverse diffusion starting from tpred. In addition, we use
dynamic recalibration to dynamically adjust the number of steps required for optimal image restoration, t′pred. The dynamic
recalibration process and subsequent d steps of reverse diffusion denoising can be repeated until the restoration process runs to
completion, obtaining the restored image at t = 0.

used for non-invasive cancer detection (Waterhouse et al.
2019; Lui et al. 2012), brain tumor diagnosis (Hollon et al.
2020, 2023), and surgical specimen analysis (Orringer et al.
2017; Mannas et al. 2023; Hoesli et al. 2017). Raman-based
optical imaging has several advantages over conventional
medical imaging as it does not require ionizing radiation,
does not cause tissue damage, and can acquire images rapidly
(within seconds) at the patient’s bedside. Optical imaging
uses light in the infrared electromagnetic spectrum to visu-
alize biological tissues. Unfortunately, imaging within this
spectral region causes optical imaging to be vulnerable to
image degradation. Moreover, the sources of image degrada-
tion are multifaceted (Waterhouse et al. 2019; Manifold et al.
2019) (see Figure 1):

• Tissue scattering: scattering of the incident light can result
in noisy images, especially when imaging at depth.

• Tissue absorption: biologically tissues contain chro-
mophores that absorb light at specific wavelengths, re-
ducing signal strength.

• Auto-fluorescence: some biological tissues have intrinsic
fluorescence that degrades optical images by reducing
signal-to-noise ratios.

• Instrument noise: image noise can be introduced from the
detectors, electronic components, and external sources of
interference.

The frequency and degree of image degradation are inher-
ently unpredictable, making widespread clinical integration
of Raman-based optical imaging challenging (Hollon et al.
2016; Waterhouse et al. 2019). Moreover, while small-scale
imperfectly-paired image data has been generated in con-
trolled laboratory settings (Manifold et al. 2019; Weigert
et al. 2018), it is impossible to collect a large-scale paired
dataset of perfectly aligned low-quality/high-quality clinical
optical imaging that includes the full range of possible image

degradations (Min et al. 2011; Audier et al. 2020; Moester,
Ariese, and De Boer 2015).

Unfortunately, previous unpaired restoration methods suf-
fer from hallucinations and perceptually poor reconstructions
(Belthangady and Royer 2019), which can have detrimental
downstream effects in medical imaging, increasing the risk of
nondiagnostic images or diagnostic errors. An ideal method
for Raman-based optical image restoration would (1) restore
images degraded from a wide range of corruption sources,
(2) only require unpaired data, (3) avoid hallucinations or
perceptual artifacts, and (4) be time-efficient to allow for
real-time, intraoperative image restoration.

We present Restorative Step-Calibrated Diffusion
(RSCD), a novel diffusion-based unpaired image restoration
method that efficiently restores low-quality Raman-based
optical images with minimal to no perceptual artifacts or hal-
lucinations. The rationale behind RSCD is that (1) Gaussian-
based DDPMs have demonstrated generalization capacities
in restoring non-Gaussian degradation (Chung, Sim, and Ye
2022; Chung, Lee, and Ye 2023), which makes them the ideal
restoration model for unpredictable and unknown degrada-
tions; (2) DDPM restoration by directly performing reverse
diffusion steps on degraded images requires much fewer steps
than the full generative reverse diffusion process; and finally
(3) when the degradation is unpredictable, the number of
reverse diffusion steps required should vary for each image
depending on the severity and pattern of the degradation.

Thus, RSCD includes a step calibrator model that deter-
mines the number of restoration steps required and a gen-
erative diffusion model that completes the restorative steps.
Both models can be trained using unpaired high-quality im-
ages. RSCD is hallucination-resistant because it only involves
editing the image via noise removal rather than full image
generation from a random prior as is conventionally done in
generative diffusion-based image restoration methods (Kawar
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et al. 2022). Moreover, RSCD is time-efficient because it
does not require the full reverse diffusion process. To further
improve restoration quality and stability on unpredictable
degradations, we designed a dynamic recalibration process
that dynamically adjusts the number of remaining steps dur-
ing restoration. The well-trained step calibrator model and
dynamic recalibration enable RSCD to consistently restore
biomedical optical images that have various degrees and dis-
tributions of image degradation, as shown in Figure 1.

We summarize our contributions as follows:

• We propose a novel unpaired image restoration method,
RSCD, that is fast, reliable, and ideally suited for Raman-
based optical imaging where noise is unpredictable with
varying strength and pattern across and within images.

• RSCD is evaluated against other image restoration base-
lines, and outperforms them on image quality metrics.
RSCD also achieves state-of-the-art performance on vari-
ous unpaired perceptual metrics.

• Optical imaging experts consistently prefer images re-
stored via RSCD over other methods, and report minimal
to no hallucinations during human evaluations.

• RSCD can improve performance on downstream clinical
computer vision tasks, including automated brain tumor
diagnosis and deep tissue imaging.

Background
Intraoperative Raman-based Optical Imaging
In this paper, we focus on the restoration of stimulated Ra-
man histology (SRH), a rapid and label-free optical imaging
method based on Raman spectroscopy (Freudiger et al. 2008).
SRH is used for a wide range of biomedical imaging tasks
and has been clinically validated for imaging fresh, unpro-
cessed human tissues and surgical specimens (Orringer et al.
2017). SRH begins with imaging a tissue specimen at two
Raman shifts, 2845cm-1 and 2930cm-1, which highlights the
optical image features generated by the lipid and protein con-
centrations, respectively, to generate image contrast. SRH
can capture high-resolution, diagnostic-quality images across
multiple organs and tissues (Orringer et al. 2017; Hollon et al.
2018). A major advantage of SRH is that it can be performed
rapidly (∼1 minute) without the need for tissue processing
or staining, making it ideally suited for intraoperative tissue
evaluation and diagnosis during surgery.

Generative Diffusion Models
Denoising diffusion probabilistic models are used to gener-
ate high-quality and diverse images (Ho, Jain, and Abbeel
2020; Dhariwal and Nichol 2021). Training diffusion mod-
els consist of two processes. The first is the forward dif-
fusion process, which gradually adds Gaussian noise to
an image x0 over T steps to obtain x1, x2, . . . , xT , where
xt ∼ N(

√
1− βtxt−1;βtI) for each 1 ≤ t ≤ T and

β1, . . . , βT follows a noise schedule. The total noise added
over the T steps should be strong enough to reduce the im-
age to Gaussian noise, such that xT ∼ N(0, I). Since com-
bining multiple steps of Gaussian noise results in Gaussian
noise, we see that for each t, xt ∼ N(

√
ᾱtx0, (1 − ᾱt)I)

Low-quality t = 10 < tpred t=tpred t=50 > tpred

Figure 3: Importance of the Step calibrator. If we perform
less than the optimal number of diffusion steps (t < tpred),
the image remains degraded. If we perform more than the
needed steps (t > tpred), the output image is excessively
smooth, fine details are removed, and contains hallucinations
(yellow arrow). (tpred = 34 for this image.)

where αt = 1 − βt and ᾱt = Πt
i=1αi. The second pro-

cess is the restoration phase, where we train a model ϵθ that
takes in a noised image (xt =

√
ᾱtx0 +

√
1− ᾱtϵ where

ϵ ∼ N(0, I)) and the step number t, and tries to predict the
noise (ϵ), and the training loss is ||ϵ− ϵθ(xt, t)||. When we
use the model to generate an image, we start by randomly
sampling xT ∼ N(0, 1), and we gradually remove noise by
sampling xt−1 ∼ N

(
1√
αt
(xt − 1−αt√

1−ᾱt
ϵθ(xt, t)), βtI

)
, and

we repeat this T times until we reach clean image x0.

Methodology
The key idea behind RSCD is that when using the last t
steps of a T -step generative diffusion process to perform
image restoration, the number of steps t required should
differ for each image due to variances in degradation severity
and pattern. RSCD uses a trainable step calibrator model
that predicts the value of t for each low-quality image. The
step calibration is crucial for restoration quality because, as
illustrated in Figure 3, if t is too small, then the reverse
diffusion process cannot complete a sufficient number of
steps to restore the low-quality image. If t is too large, then
the reverse diffusion process generates excessively smooth
and homogenized images with hallucinations. Thus, setting
a fixed t value as a hyperparameter results in suboptimal
image quality and perceptual features. To further improve
restoration quality, we dynamically recalibrate the number of
steps needed to restore the image during the reverse diffusion
process. An overview of our method is shown in Figure 2.

Training Data
Training data was generated from approximately 2500 pa-
tients who underwent intraoperative SRH imaging to evaluate
tissue during surgery (Orringer et al. 2017). Whole slide SRH
images are approximately 6000×6000 pixels, which are then
divided into 256×256 pixel patches, resulting in ∼1 million
total patches. To obtain high-quality SRH images, optical
imaging experts manually selected 4.5K high-quality patches,
and then we automatically filtered through the remaining
patches to obtain 840K relatively high-quality patches, using
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the 4.5K patches as guidance.

Step Calibrator
We used a ResNet-50 model with MLP prediction head as the
step calibrator. During training, a step number t ∼ U(0, T )
is sampled and t steps of Gaussian noise are added to a high-
quality image according to a cosine schedule (Ho, Jain, and
Abbeel 2020). The calibrator is trained to predict t using an
L2 loss between the prediction tpred and t. A challenge we
identified with this naive implementation is that the severity
of image degradation varies within an optical image, and the
trained model tends to predict steps based on the region with
the least amount of degradation. To address this issue, we
perform the following augmentation when training the step
calibrator: we randomly divide the image into two regions,
and we add t steps of noise to one of the regions; we then
sample a second, smaller t′ such that 0 ≤ t′ ≤ t, and add
t′ steps of noise to the other region. We train the model to
predict the larger noise t to ensure the step calibrator favors
calibrations that will restore the most degraded regions in the
image.

In practice, we set T = 1000. After training, the step cali-
brator was used to predict noise level on approximately 63K
low-quality images that had the lowest score from section .
We found that no low-quality image required more than 200
steps for image restoration.

Diffusion Model
The diffusion model is trained as a generative diffusion model
that generates high-quality SRH images unconditionally with
a cosine noise schedule. We follow a similar training objec-
tive and procedure as described in (Ho, Jain, and Abbeel
2020), except that we use a shortcut for training efficiency:
RSCD only requires training the model with noise level ran-
domly sampled between 1 and T ′ steps (where T ′ just need
to be larger than the maximum tpred of low-quality images)
instead of sampling from the full range 1 to T when train-
ing diffusion-based generation models. In practice, we set
T ′ = 200 due to the distribution in of tpred as discussed in
the previous section. This allows us to train the model more
efficiently than conventional diffusion-based image restora-
tion methods (Kawar et al. 2022). We first train the model for
one pass through all 840K images, then fine-tune the model
on the 4.5K high-quality images for 20 epochs.

Dynamic Recalibration
The step calibrator is trained to predict Gaussian noise lev-
els; however, Raman-based optical image degradation is not
limited to Gaussian noise. When image degradation devi-
ates significantly from Gaussian noise, the step calibrator is
more likely to under or overestimate the required number
of diffusion steps, which results in poor image restorations.
Therefore, to better calibrate the number of steps during the
image restoration process, we perform dynamic recalibration:
after we predict tpred for an input low-quality image, instead
of directly performing all tpred steps of denoising, we only
apply d steps of denoising, i.e. xtpred → xtpred−1 → ... →
xtpred−d. Then, we will use the step calibrator to predict the

Algorithm 1: Restorative Step-Calibrated Diffusion with Step Cal-
ibration and Dynamic Recalibration: Sampling

1: Requires: Low-quality image x, step calibrator S, diffusion
model ϵθ , recalibration interval d, total steps T , hyperparame-
ters based on noise schedule α1,...,αT ,ᾱ1,...,ᾱT ,β1,...,βT

2: t← S(x) # Initial step calibration
3: tend ← 0
4: while t > 0 do
5: xt ← x
6: tend = max(t− d, 0) # d-steps of reverse diffusion
7: for k in [t, t− 1, ..., tend + 1] do
8: z ∼ N(0, 1)

9: xk−1 ← 1√
αk

(xk − 1−αk√
1−ᾱk

ϵθ(xk, k)) +
√
βkz

10: end for
11: x← xtend

12: t← S(x) # Dynamic recalibration
13: end while
14: return x

remaining steps of denoising needed for xtpred−d, and con-
tinue denoising starting from the updated predicted number
of steps. Another d steps of denoising are performed before
additional calibration. We repeat the process until the pre-
dicted number of steps remaining is less than d, and then we
complete the remaining steps without additional recalibration.
The process is illustrated in Algorithm 1.

Note that even though the observed noise from SRH im-
ages is not Gaussian, we can train our step calibrator and
diffusion model with Gaussian noise because (1) Gaussian
diffusion models are known to have generalization capacities
for restoring degradations that deviates from Gaussian distri-
butions (Chung, Lee, and Ye 2023; Chung and Ye 2022), as
small Gaussian noise is added during each DDPM step that
makes the resulting degradation distribution more Gaussian-
like; and (2) dynamic recalibration can mitigate possible step
prediction inaccuracies due to different noise patterns by
dynamically adjusting the remaining number of steps.

Experiments

Baselines and Ablations

In the following experiments, we compare RSCD to the sev-
eral unpaired image restoration baselines: CycleGAN(Zhu
et al. 2017), synthetic noise/noise2noise (Lehtinen et al. 2018;
Manifold et al. 2019), conditional diffusion (Kawar et al.
2022; Saharia et al. 2022), CCDF (Chung, Sim, and Ye 2022),
regularized reverse diffusion (RRD) (Chung, Lee, and Ye
2023), deep image prior (Ulyanov, Vedaldi, and Lempitsky
2016), and median blur. In addition, we also conduct ablation
studies over the following design choices: dynamic recalibra-
tion, step calibrator, and cosine noise schedule. We compare
our method against no dynamic recalibration, no step cali-
brator (either using a non-parametric noise estimator (Chen,
Zhu, and Heng 2015) as replacement or denoise for a fixed
number of steps), evaluating the commonly-used linear noise
schedule versus the cosine schedule, and training our step
calibrator without augmentation.
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Figure 4: Visual comparison of unpaired image restoration methods. CycleGAN hallucinates/inpaints nuclei within non-cellular
structures (yellow arrow). Synthetic noise and Deep Image Prior (DIP) produce overly smoothed, unrealistic images. Conditional
diffusion and Regularized Reverse Diffusion (RRD) generally perform insufficient image restoration.

FID ↓ CMMD ↓
Original unrestored LQ images 53.22 0.566

Baselines

Median Blur 95.28 1.099
Deep Image Prior 57.56 0.570
Synthetic noise 58.24 0.356
CycleGAN 37.26 0.196
Conditional Diffusion 47.66 0.581
CCDF 43.21 0.216
Regularized Reverse Diffusion 38.37 0.337

Ours RSCD 32.02 0.128

Ablations

No Dynamic Recalibration 34.62 0.137
Nonparametric Noise Estimator 35.53 0.270
No Step Calibration, 10 steps fixed 36.41 0.174
No Step Calibration, 50 steps fixed 42.06 0.224
Linear noise schedule 38.71 0.150
Unaug. Step Calibrator Training 33.14 0.133

Table 1: Results restoring low-quality open-source SRH im-
ages from OpenSRH (Jiang et al. 2022). FID score and
CMMD score are measured between all restored images and
the 4.5K expert-selected high-quality SRH images.

Evaluation on Unpaired Images
We evaluate the perceptual quality of image restoration on
12K unpaired low-quality images sampled from the largest
public SRH dataset, OpenSRH (Jiang et al. 2022). We evalu-
ate RSCD against the above baseline methods and ablations.
We use Frechet Inception Distance (FID) (Heusel et al. 2017)
and CLIP Maximum Mean Discrepancy (CMMD) (Jaya-
sumana et al. 2024) between the restored images and the
4.5K expert-selected high-quality images as metrics.

We report all results in Table 1. RSCD outperformed all
baselines and ablations, indicating that our method produces
high-quality and realistic image restorations of low-quality
Raman-based optical imaging. We present an example of
qualitative comparison in Figure 4.

Evaluation on Near-registered Images
Next, we aim to evaluate the quality and fidelity of image
restoration using an approximately paired low-quality/high-
quality SRH imaging dataset. As mentioned before, perfectly
paired images are challenging to obtain because optical im-
age degradation is conditional on several (stochastic) factors.
However, it is possible to obtain noisy/clean images that are
nearly paired, by scanning the same specimen with a cold and

Low-quality image Near-registered image Low-quality image RSCD (Ours) Near-registered imageRSCD (Ours)

Figure 5: Examples of paired low-quality/near-registered
SRH images, and the restored image via RSCD.

warm laser (cold laser is known to produce more noisy im-
ages) and then re-align the two images. Through this process,
we obtained 2,135 pairs of near-registered low-quality/high-
quality SRH patches. These pairs are called ‘near-registered’
because non-affine deformation and optical tissue sectioning
make perfect spatial alignment impossible, therefore these
images cannot be used as paired training data. Nevertheless,
the near-registered SRH dataset is a useful evaluation bench-
mark for restoration quality and fidelity, as paired data allows
additional evaluation metrics (PSNR, SSIM and LPIPS).

We report image quality and restoration metrics comparing
RSCD and above baselines in Table 2. Our method achieves
the best FID and CMMD, which means our restored images
are perceptually the closest to real high-quality images, while
most baselines produce blurry or unrealistic images that re-
sult in significantly worse FID and CMMD scores. RSCD
also has the second highest PSNR and SSIM scores, only be-
hind deep image prior. This indicates that the images restored
by our method are close to the ground truth high-quality im-
ages while avoiding being excessively smooth and unrealistic
(excessively smooth or blurry images, such as the ones pro-
duced by median blur or deep image prior, are known to have
inflated scores on metrics based on pixel-wise MSE (Wang
and Bovik 2009), including PSNR and SSIM). RSCD was
the only method to achieve good metrics on both pixel-level
and perceptual metrics. Examples of near-registered image
pairs restored using RSCD are shown in Figure 5.

Our method also achieved top performance among all
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FID ↓ CMMD ↓ PSNR ↑ SSIM ↑ LPIPS ↓
Paired HQ Images 0.00 0.000 100.00 1.000 0.000
Paired LQ Images 47.64 0.506 26.97 0.604 0.598

Baselines

Median Blur 72.71 1.047 28.87 0.791 0.336
Deep Image Prior 41.51 0.385 29.27 0.806 0.284
Synthetic noise 77.43 1.987 22.94 0.662 0.464
CycleGAN 22.03 0.185 28.39 0.779 0.667
Conditional Diffusion 34.58 0.332 28.07 0.740 0.377
CCDF 30.80 0.238 28.04 0.704 0.359
Regularized Reverse Diffusion 23.37 0.270 27.89 0.682 0.459

Ours RSCD 21.05 0.104 29.06 0.791 0.280

Ablations

No Dynamic Recalibration 21.44 0.111 28.99 0.781 0.281
Nonparametric Noise Estimator 22.77 0.215 27.90 0.691 0.418
No Step Calibrator, 10 steps fixed 22.58 0.163 28.29 0.721 0.357
No Step Calibrator, 50 steps fixed 29.72 0.136 29.05 0.788 0.335
Linear noise schedule 32.71 0.386 29.06 0.789 0.283
Unaugmented Step Calibrator Training 21.15 0.105 29.03 0.786 0.284

Table 2: Results of restoring paired low-quality/near-registered high-quality SRH images. FID score is computed between all
restored low-quality images and all near-registered images. Bolded numbers are best in each metric, and underlined are second
best. RSCD achieved the best FID and LPIPS scores and the second-best PSNR and SSIM across all baselines and ablations.

5 metrics compared to all ablations, justifying our design
choices of using the step calibrator, cosine noise schedule,
and dynamic recalibration.

Human Expert Preference
The primary application of RSCD is to restore low-quality
SRH images for intraoperative surgical specimen analysis
and diagnosis by clinicians and domain experts, so their opin-
ions are the most important metric for evaluating SRH
image restoration quality. We recruited three clinicians and
three optical imaging experts to evaluate the quality of the
restored images and provide preference ratings. Each rater
was asked to give their preferences between RSCD restora-
tion and the five baseline methods’ restorations. For every
preference task, the experts are given the original low-quality
image and the two restored images, one from our method and
one from the baselines, in random and blinded order. The
experts then selected their preferred restored image based on
restoration quality and fidelity. In addition, raters were asked
if either restoration contained hallucinations. We obtained
expert preferences on restorations of 100 randomly selected
low-quality images, and we gave every preference task to two
raters to measure inter-rater agreement.

We report the results in Figure 6. Human experts preferred
RSCD restoration more often than baselines. Raters also
reported the least number of hallucinations in our method,
less than deterministic methods such as median blur that can
create artifacts with severely degraded images. Inter-rater
agreement was over 80% for both quality and hallucination
assessments. Our method generates high-quality and reliable
restorations of low-quality SRH images according to clini-
cians and domain experts.

Downstream Clinical Tasks
In the previous section, we showed that RSCD can restore
low-quality SRH images to higher quality, more realistic, and
more preferable images compared to other existing unpaired
image restoration methods. In this section, we demonstrate
the downstream potential of RSCD in restoring SRH images

Figure 6: Results of human expert evaluations. (a) The hu-
man expert preferences between RSCD and baselines. (b)
Percentage of restored images by each method that the ex-
perts indicated hallucinated. As shown, the experts overall
preferred the restorations from RSCD over the baselines.

on two clinical tasks: automated deep learning-based tumor
diagnostics and z-stack restoration in deep tissue imaging.

Deep Learning-based Tumor Diagnostics
Image degradation can decrease the performance of computer
vision systems and result in decreased diagnostic accuracy
for automated brain tumor classification (Hollon et al. 2020).
In this experiment, we test whether RSCD can be used to
facilitate more accurate deep learning-based diagnosis of
SRH images by restoring model inputs.

We use the SRH tumor classification model from (Hol-
lon et al. 2020), the most widely accepted study on deep
learning-based brain tumor diagnosis using SRH. The model

5951



Wrong      Non-Diagnostic 

Original Unrestored 
LQ Image 
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Correct 

Figure 7: Classification accuracy of the SRH tumor classifier
from (Hollon et al. 2020) on low-quality images and restored
images by RSCD.

classifies SRH images into one of 3 classes: normal tissue,
tumor tissue, or non-diagnostic. The model classifies images
as non-diagnostic if the image quality is sufficiently poor that
human experts are not able to determine the underlying tissue
diagnosis. For each unpaired low-quality image, we pass both
the original low-quality SRH image and the restored image
through the SRH tumor classification model. We report the
classification results in Figure 7.

Without restoration, over 50% of the SRH images were
classified as non-diagnostic and another 26% were incor-
rectly classified. After restoration with RSCD, the classifier
correctly diagnosed over 75% low-quality SRH images, and
only miss-classified 6% of images. Restoring SRH images
via RSCD can significantly improve deep learning-based
automated diagnostic accuracy, and can drastically reduce
non-diagnostic predictions caused by low image quality. Im-
portantly, SRH restoration significantly reduces the risk of
a wrong diagnosis, which can have a severe detrimental ef-
fect on patient care and surgical treatment. RSCD can make
existing automated diagnostic tools safer and more reliable.

Z-stack Image Restoration
A known limitation of Raman-based optical imaging is that
signal-to-noise ratios decrease as imaging depth increases
due to laser scattering and absorption by tissue above the
scanned depth. In this experiment, we show that RSCD can
restore z-stack data, which contains SRH images acquired
at sequentially deeper spatial locations in the tissue. z-stack
images are volumetric and capture 3-D biological structures
by imaging in all three spatial dimensions.

RSCD was used to restore z-stacked SRH images taken
from 425 surgical specimens. FID scores were computed
at each z-depth level for original and restored images with
respect to the 4.5K high-quality SRH images. We show the
results in Figure 8. FID scores for the original low-quality im-
ages steadily increase as imaging depth increases, indicating
worse image quality with imaging depth. RSCD consistently
reduces the FID score for deep SRH images.

Related Works
Several previous works share the similarity of using only
the last part of the reverse diffusion generative process for
image generation or restoration purposes (instead of requir-
ing the full reverse diffusion) with our work. TDPM (Zheng
et al. 2022) increases the efficiency of diffusion-based image
generation by replacing the majority of the reverse diffusion
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Figure 8: FID scores of original and restored z-stack images.
Lower FID scores indicate better perceptual quality. RSCD
consistently improves image quality at all depths.

steps with a GAN and only performing the last part of the
reverse diffusion process. SDEdit (Meng et al. 2021) and
CCDF (Chung, Sim, and Ye 2022) perform image editing
and restoration by first adding a strong Gaussian noise to
the input image, then performing a few reverse diffusion
steps. Regularized Reverse Diffusion (RRD) (Chung, Lee,
and Ye 2023) builds upon CCDF: it does not require noise
addition, uses a non-parametric Gaussian noise level estima-
tor (Chen, Zhu, and Heng 2015) to determine the number of
reverse diffusion steps to perform, and regularizes the restora-
tion process with Fourier features. In comparison, RSCD
has the following advantages: (1) we designed and trained a
highly effective step calibrator to determine the number of
steps required, while TDPM, SDEdit, and CCDF set this as a
fixed hyperparameter and RRD determines this with a non-
parametric Gaussian noise level estimator, all of which does
not work well when the input image has non-uniform noise
of varying strengths (as evident by our ablation studies on
fixed steps and nonparametric noise estimator); (2) Adding a
large amount of noise at once to the input image (like SDEdit
and CCDF) increases the risk of hallucination, which is un-
acceptable for medical images; instead, RSCD mitigates the
noise distribution difference between real noise and Gaussian
noise by gradually adding back a small amount of Gaussian
noise during each DDPM step and dynamic recalibration.

Conclusion
We present Restorative Step-Calibrated Diffusion (RSCD),
a reliable and efficient method to restore biomedical optical
imaging without requiring paired high-quality data. RSCD
outperforms other widely used unpaired image restoration
methods on quantitative metrics; more importantly, experts
in biomedical optical imaging consistently prefer images
restored using RSCD in blinded comparison experiments
and report minimal to no hallucinations. RSCD can improve
model performance on downstream clinical tasks, including
automated brain tumor diagnosis and deep tissue imaging.
Our method reduces diagnostic errors that can have detri-
mental impacts on clinical care. This study demonstrates the
potential of AI in improving automated clinical diagnostics
and patient care in today’s precision medicine landscape.
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