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Abstract— In robot-assisted spinal endoscopy, intraoperative
imaging is frequently degraded by bleeding, irrigation
fluids, bubbles, smoke, and uneven illumination, which can
severely compromise surgical precision, safety, and decision-
making. Accurate identification of anatomical structures
is particularly critical in spinal procedures, yet acquiring
paired clean and degraded images in real clinical settings is
infeasible. To address this challenge, we propose DCP-Net,
an unpaired endoscopic image restoration framework tailored
for robotic spinal surgery. DCP-Net integrates Diffusion-Prior
Contrastive Learning (DPCL) to leverage generative priors and
contrastive objectives for robust latent representations, and
Physics-Informed Constraints (PIC) to ensure anatomically
consistent restoration. Furthermore, we introduce Diffusion-
Prior Uncertainty Estimation (DPUE), providing pixel-wise
confidence maps that quantify restoration reliability and guide
risk-aware robotic perception. We further constructed a dataset
comprising 21,845 paired/unpaired samples of intraoperative
visual degradations in spinal endoscopy, primarily involving
bleeding, bubbles, and other artifacts. Extensive experiments
show that DCP-Net outperforms existing methods in both
quantitative metrics and perceptual quality, significantly
improving visual clarity and supporting various robotic
navigation tasks. Among these tasks, accurate bleeding point
detection plays a particularly critical role in ensuring safe and
precise navigation in clinical practice.

I. INTRODUCTION

Robot-assisted Minimally Invasive Surgery (RMIS) crit-
ically relies on high-quality endoscopic imaging to guide
precise surgical maneuvers [1]. In spinal endoscopy, intra-
operative views are often severely degraded by bleeding,
irrigation fluids, bubbles, smoke, and uneven illumination,
which can compromise both the surgeon’s visibility and
the performance of robotic perception modules supporting
downstream tasks, such as bleeding point detection, visual
navigation, and autonomous assistance. These degradations
are particularly consequential in RMIS, where surgeons rely
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Fig. 1. The figure illustrates the blurred surgical view caused by intraoper-
ative bleeding, artifact and irrigation fluidsduring spinal endoscopic surgery.
After applying the deblurring model, the surgical view is significantly
improved, thereby enhancing the safety of intraoperative procedures.

on indirect vision rather than tactile feedback, making visual
clarity essential for procedural safety and efficiency.

Acquiring paired clean and blurred images in real clinical
settings is infeasible due to the complexity, variability, and
rapid dynamics of operative scenes, further compounded by
occlusions, instrument motion, and fluid interactions [2].
Unlike natural image restoration [3], surgical image restora-
tion must preserve fine-grained anatomical structures to en-
sure accurate execution of critical intraoperative tasks, such
as electrocautery hemostasis, vessel dissection, and precise
instrument localization. Thus, effective restoration requires
a careful balance between visual enhancement, structural
fidelity, and task-oriented precision, directly impacting the
reliability of robotic interventions.

Several studies have attempted to address laparoscopic
smoke removal [4] by leveraging synthetic or real paired
datasets for model training. Yang [5] proposed a method
that integrates a U-Net backbone, a learnable Wiener filter,
and a multi-objective loss function, achieving superior image
clarity and objective metrics on a real paired dataset. Xia et al
[6] constructed the first paired laparoscopic dataset with 961
real smoky/clear image pairs, and combined it with motion
tracking to evaluate and compare existing de-smoking algo-
rithms, providing valuable insights for future research. Chen
et al [7]. proposed LighTDiff, a lightweight diffusion-based
model that enables low-light image enhancement in surgical
endoscopy while maintaining high computational efficiency.
However, few studies have focused on spinal endoscopy,
where the surgical field is filled with fluid, and research
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on image restoration in such scenarios remains scarce.
Compared with laparoscopic surgery, spinal endoscopy poses
greater challenges for image restoration: the surgical field is
filled with irrigation fluid, where bleeding quickly diffuses
and causes severe blur and occlusion. At the same time,
the narrow working channel and limited field of view make
clarity further compromised by bubbles and light scattering.
In addition, small patient movements and fluid disturbances
reduce scene stability. Moreover, the lack of large-scale real
paired datasets also limits algorithm training and evaluation.

To address these challenges, we propose DCP-Net, an
unpaired endoscopic image restoration framework specifi-
cally designed for robot-assisted spinal surgery. DCP-Net
integrates three complementary components: (i) Diffusion-
Prior Contrastive Learning (DPCL), which leverages pre-
trained Stable Diffusion (SD) priors [8] and a bidirectional
translation backbone to align latent representations of un-
paired clean and degraded surgical images, enabling robust
generalization across diverse intraoperative conditions; and
(i1) Physics-Informed Constraints (PIC), which incorporate
optical priors such as the Dark Channel Prior (DCP) [9]
to enforce structural fidelity and maintain anatomical con-
sistency; and (iii) Diffusion-Prior Uncertainty Estimation
(DPUE), this module leverages the stochastic sampling prop-
erty of the diffusion model to generate pixel-level uncertainty
maps, thereby quantifying the reliability of the restored
images and incorporating them as weights into downstream
tasks. This synergy allows DCP-Net to suppress intraoper-
ative artifacts—including blood, bubbles, and illumination
noise—while preserving critical anatomical details essential
for safe robotic manipulation.

We also construct a large-scale spine endoscopy dataset
comprising 21,845 paired and unpaired degraded images,
with degradation patterns including bleeding, bubbles, and
lighting variations. This dataset enables the development
of a unified visual enhancement model that addresses the
full complexity of spinal endoscopic procedures. Extensive
experiments on real surgical data demonstrate that DCP-Net
achieves state-of-the-art restoration performance and sub-
stantially enhances downstream robotic tasks. Among these,
accurate detection of bleeding points under intraoperative
hemorrhage is particularly critical, as it enables the robotic
system to precisely navigate to the target location for effec-
tive cauterization. Therefore, we selected this task as a down-
stream validation to ensure that the model can achieve precise
navigation, thereby facilitating safe and efficient hemostasis.
By directly enhancing the reliability of perception modules in
RMIS, our framework addresses practical clinical challenges,
reduces intraoperative risks, and advances the integration of
image restoration into intelligent robotic navigation systems.
Our main contributions are summarized as follows:

(1) We are the first to construct a large-scale spine
endoscopy dataset comprising 21,845 paired and unpaired
samples for blood, bubble, and artifact removal, and to
explore its applications in robotic navigation tasks for spinal
endoscopy. We plan to release both our dataset and code
to the public, aiming to facilitate reproducibility and further
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Fig. 2. The overall architecture of our proposed model, where (a) illustrates
the backbone network and (b) depicts the SD-LORA module.

research in this area.

(2) We present DCP-Net, a novel unpaired endoscopic
image restoration framework for RMIS. Our method inte-
grates DPCL and PIC to achieve robust latent alignment and
structural fidelity under diverse intraoperative degradations.

(3) DCP-Net substantially improves critical surgical tasks
such as bleeding point detection, achieving a 16.31% in-
crease in mAP with the introduction of DPUE.

(4) Extensive experiments on real surgical data demon-
strate that DCP-Net delivers SOTA restoration performance
and holds significant clinical value for robotic navigation.

II. METHODOLOGY

To tackle the challenges of unpaired endoscopic image
restoration in robot-assisted surgery, we propose a uni-
fied framework named DCP-Net. As illustrated in Fig. 1,
our model integrates Diffusion-Prior Contrastive Learning
(DPCL) and Physics-Informed Constraints (PIC), along with
auxiliary losses to ensure both semantic accuracy and phys-
ical consistency. In addition, we introduce a Diffusion-Prior
Uncertainty Estimation (DPUE) module that provides pixel-
wise confidence maps, improving the trustworthiness of
restored images for robotic perception. Our model is built
upon CycleGAN and establishes a bidirectional “deblurring—
blurring” cycle, enabling unpaired training on real-world
data. During training, in the deblurring branch, a real blurred
image xy, is first transformed into a synthetic clear image S,
and then mapped back into a cycle-generated blurred image
I, as illustrated in Fig. 2. Conversely, in the blurring branch,
the process is reversed.

A. Diffusion-Prior Contrastive Learning

Traditional unpaired image-to-image translation methods
employ shallow generators and pixel-wise cycle losses,
which often blur fine anatomical details and disrupt semantic
correspondence. To overcome these limitations, we propose
a DPCL module that unifies high-fidelity generation with
feature-level alignment in the latent space.

In this study, we adopt a distilled variant of Stable Diffu-
sion (SD) [10] as the generative backbone,which primarily
consists of the VAE encoder-decoder and a U-Net [11].
Two generators are defined: Gy _,¢ translates hazy surgical
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frames to clean counterparts, while Go_, g performs the
reverse mapping. To fully leverage the latent prior knowl-
edge embedded in SD, we update only the input layer
of the backbone and the additional Low-Rank Adaptation
(LoRA) adapters, while keeping all other parameters frozen.
Specifically, the frozen SD enhanced with LoRA modules
(SD-LoRA) injected into the cross-attention layers for ef-
ficient task-specific tuning. However, as the VAE encoder
progressively downsamples image features and maps them
into the latent space, a substantial amount of information is
inevitably lost. This leads to a decrease in image fidelity, with
noticeable discrepancies from the original image, particularly
in local details and textures. To better preserve the fine
details of the source image during the dehazing process, we
introduce skip connections between the encoder and decoder
of the VAE.

During training, the model performs bidirectional transla-
tion, and the cycle-consistency loss is defined as:

Leye =By, [IGomn(Gruse(an)) — ]

+ Eo, [IGr—c(Gosn (o)) — 2c|l1],
which enforces coarse-level structural consistency without
requiring paired supervision. However, pixel-level constraints
alone cannot guarantee semantic correspondence in complex
surgical scenes. To bridge this gap, we introduce a Latent
Space Contrastive Constraint (LSCC) to regularize feature-
level representations. We aim to apply contrastive constraints
in the deep feature space to capture the shared characteristics
of both the deblurring and reblurring processes, thereby
learning feature distributions that are relevant to each do-
main. In particular, when image patch pairs from different
domains have similar features (i.e., “positive samples”), their
embeddings in the latent space should be close, whereas
dissimilar pairs should be farther apart.

Specifically, we extract intermediate features from the
L-th layer of the diffusion backbone, and project them
through two-layer MLPs to obtain latent space embeddings.
Here, we do not share weights, allowing the model to
capture variability across the two domains and learn richer
embeddings. To enforce mutual feature constraints in the
embedding space, let the query code sampled from one
domain be f the positive sample code be [T, f+, and k negative
sample codes from the other domain be f s i=1,...,k.
The LSCC enforces its constraint by pulling positive samples
closer together while pushing negative samples farther apart,
thereby providing proper guidance to the generators. Given
a feature embedding f, its positive counterpart f+ from
a semantically aligned clean or hazy sample, and a set of
negatives {f; }X |, the contrastive loss is formulated as:

exp(sim(f, f*)/7)

(D

Ecc = - IOg

exp(sim(f, f+)/7) + 21, exp(sim(f, f; )/T)

where sim denotes cosine similarity and 7 is the temperature
parameter. This formulation encourages anatomical corre-
spondence between features extracted from clean and hazy
domains.
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Fig. 3. This figure illustrates our Physics-Informed Constraint (PIC) module
and Diffusion-Prior Uncertainty Estimation (DPUE) module. The diffusion
module ultimately outputs a confidence map of the denoised image, which
can be utilized for downstream tasks.

B. Physics-Informed Constraints (PIC)

While LSCC enhances semantic alignment, it does not
guarantee the physical plausibility of restored outputs. Gen-
erative models, especially under unpaired settings, often hal-
lucinate unrealistic structures that violate physical imaging
principles. To mitigate this, we introduce PIC module based
on the Atmospheric Scattering Model (ASM) [12]:

I=J-t+A-(1-1), 3)

where I denotes the observed degraded image, J is the
underlying clean image, ¢ is the transmission map, and A
represents the global atmospheric light.

As shown in Figure 3, we leverage the clear images
restored by classic priors Dark Channel Prior (DCP) to
extract physics-aware guidance features, which are fused
with the original degraded input and provided as condi-
tional signals to the SD model. In addition, we use the
DCP-restored results as reference images for reconstructing
degraded inputs, encouraging the model to better capture
the physical characteristics of degradations in real surgical
scenarios. More specifically, We estimate intermediate clean
images J and transmission maps ¢ using DCP.

To effectively incorporate physical priors, we input both
the DCP-dehazed image J and the original hazy image z,
into the Physical Prior Fusion Module (PPFM). This design
not only generates guidance features enriched with physical
priors but also compensates for the potential information loss
introduced by the DCP dehazing process, thereby providing
precise control for Stable Diffusion in surgical video frame
dehazing. Specifically, latent features are first extracted from
Jpcp and x;, using pointwise convolution layers, ReL.U
activation, and an MLP:

4)

Then, these features are fused through pointwise convolution,
ReLU, Sigmoid, and residual connections:

FJ, Fm = MLP(RCLU(COI’lel(JDCP, xh))),

Fiuea = F7 + a(ReLU(Conlel(FI))), 5)

where o(-) denotes the Sigmoid function. Finally, global
average pooling, an MLP, and a Softmax operation are
applied to concatenate and refine the features, yielding the
final guidance feature F:

F, = Softmax (MLP(GAP(Ffused))). (6)

21509



Subsequently, the generated guidance features F, are
employed as conditional inputs to Stable Diffusion, steering
the deblurring process. By feeding the hazy image into Stable
Diffusion, we obtain a realistic deblurred result .J. Mean-
while, for the estimated transmission map t, we concatenate
it with the corresponding original hazy image x; and jointly
feed them into the U-Net to obtain the refined transmission
map ¢, thereby enhancing the reliability of the estimation:

t = U-Net([t, z4]), )

where xj, denotes the original hazy image and [-] represents
the concatenation operation. A pseudo-degraded image Iy,
is then generated via ASM, serving as a self-supervised
reference to enforce physical plausibility. To better capture
differences in image structure, texture, and perceptual qual-
ity, and to ensure that the generated images are closer to the
“realistic effect” perceived by the human eye, we introduce
the LPIPS loss [13]. The physics-informed loss is defined
as:

Ephy = O‘”I - jphy”l + (1 - Oé) 'LPIPS(Iafphy)v (8)

where « balances pixel-wise accuracy and perceptual simi-
larity.

C. Diffusion-Prior Uncertainty Estimation

In clinical applications, the trustworthiness of restored
images is as critical as their visual quality, since robotic
navigation systems depend on reliable perception for safety-
critical tasks. To quantify restoration confidence, we leverage
the stochastic sampling property of diffusion priors to esti-
mate pixel-wise uncertainty.

Specifically, for each input zj, we perform M stochastic
reconstructions {J™}M_  using diffusion sampling with
injected Gaussian noise. The mean image .J is taken as the
restored output, while the per-pixel variance serves as the
uncertainty map:

M
Ulp) = % ST (") - T(0)7, 9)
m=1

where p indexes pixel locations.

The uncertainty map U is further integrated into down-
stream robotic tasks (e.g., bleeding point detection, instru-
ment localization) as confidence weights, enabling the per-
ception system to discount low-confidence regions and prior-
itize reliable visual cues. This mechanism directly improves
safety and robustness in robot-assisted surgery.

D. Overall Objective

In the absence of ground truth annotations, we introduce
a hybrid loss function to effectively constrain the training
of our model, thereby facilitating improved restoration of
spinal endoscopic surgical views. This design ensures that the
network learns to enhance visual clarity while maintaining
structural consistency in the absence of explicit supervision.
The final training objective combines all components:

Etotal = Ecyc + /\ccﬁcc + /\pILyEplLy- (10)

Here, Ac. and A,py control the balance of semantic alignment
and physical consistency. The weighting factors A.. and
Aphy are both set to 0.5, balancing the contributions of the
corresponding loss terms during network training.

III. EXPERIMENTS

A. Dataset Construction

In spinal endoscopic surgery, the surgical field is continu-
ously filled with irrigation fluid, making the construction of
paired datasets extremely challenging. For instance, during
intraoperative bleeding, blood rapidly diffuses throughout the
entire surgical view, which not only increases the risk of
operational errors but may also prolong the surgical time.
This rapid dispersion of blood in fluid prevents us from
capturing nearly stationary image sequences as is possible
in laparoscopic scenarios. To address this issue, we designed
a dataset construction strategy tailored for spinal endoscopy.
Specifically, the endoscope was fixed to a robotic arm to
maintain a relatively stable view over an extended period.
We then selected bleeding and non-bleeding video segments
and applied 5x downsampling to eliminate redundant frames.
Following method [6], we further performed deformable reg-
istration based on the red channel prior for motion correction,
thereby constructing a paired dataset for model evaluation.

In total, we retrospectively collected 60 real surgical
videos. Among them, 54 cases were utilized to construct
an unpaired training dataset, while 6 cases were reserved for
building a paired dataset. To further evaluate the effectiveness
of our deblurring model in supporting downstream tasks, we
annotated bleeding points within the dataset. This enabled us
to evaluate whether applying the deblurring model improves
the accuracy and efficiency of bleeding point recognition,
thereby enhancing surgical safety and supporting intraop-
erative visual navigation. Ultimately, we compiled 18,140
unpaired blurry/clear image pairs for Dataset 1 and 3,705
paired images for Dataset 2.

B. Implementation Details

Our experiments were implemented using Python 3.12
and PyTorch 2.6.0, with training performed on two NVIDIA
GeForce RTX A6000 GPUs (48 GB memory each). We
employed the Adam optimizer with parameters set to 5, =
0.5 and B> = 0.999, and trained the model for a total of
40 epochs. Specifically, the first 20 epochs were trained
from scratch with a fixed learning rate of 0.0001, followed
by another 20 epochs where the learning rate was linearly
decayed to zero. In the LSCC, each query was associated
with 255 internal negative samples and 256 external neg-
ative samples, and the temperature parameter was fixed at
7 = 0.07. All training images were randomly cropped into
256 x 256 patches in an unpaired learning manner. To further
enhance the effectiveness of contrastive learning, we applied
task-specific data augmentation strategies to the benchmark
datasets. For the evaluation metrics, we adopted peak signal-
to-noise ratio (PSNR), structural similarity index (SSIM),
and the CIE 2000 color difference formula (CIEDE-2000).
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TABLE I
COMPARISON OF PERFORMANCE WITH 7 STATE-OF-THE-ART
MODELS. BOLD FONT INDICATES THE BEST PERFORMANCE,
“” INDICATES THE SECOND-BEST PERFORMANCE. OUR
ABLATION STUDY RESULTS ARE ALSO PRESENTED.

Type Method PSNR?T  SSIM7T  CIEDE-2000]
Prio-based DCP 20.98 0.719 6.98
BCCR 17.72 0.578 7.04
CycleGAN 23.05 0.692 433
RR-GAN 22.36 0.763 3.81
DerainCycleGAN 23.54 0.801 3.97
DCD-GAN 24.74 0.812 2.79
Unpaired CSUD 24.41 0.826 3.36
w/o SD 24.38 0.796 4.01
w/o LSCC 25.55 0.842 3.47
w/o PIC 25.76 0.856 331
Ours 26.11 0.879 3.04

C. Experiments and Ablation Studies

To validate the effectiveness of the proposed DCP-Net,
we conducted experiments on real-world datasets from the
following two perspectives: (1) evaluating the performance
of unpaired deblurring on the large-scale unpaired Dataset
1; (2) comparing the differences between unpaired training
and paired training using 2,000 pairs of paired data from
Dataset 2. The remaining 1,705 pairs in Dataset 2 were
used exclusively for testing, and the same test dataset was
employed across both experiments. In Experiment (1), the un-
paired model was trained on unpaired datasets and evaluated
on the 1,705 paired samples. In Experiment (2), a supervised
model was trained exclusively on the paired dataset, while
the unpaired model was trained by randomly shuffling the
same paired dataset into an unpaired format. Both models
were then tested on the same set of 1,705 paired samples.

We conduct a comprehensive evaluation of our pro-
posed method against five unsupervised deep learning base-
lines, namely CycleGAN [14], RR-GAN [15], DerainCycle-
GAN [16], DCD-GAN[17], and CSUD [18]. In addition,
we include five paired-supervised models—AINDNet [19],
DeamNet[20], ScaoedNet [21], Restormer[22] and DiffBIR
[23]—together with two prior-based methods: DCP [9] and
BCCP [24], as references. To ensure fairness, each model is
tested under identical experimental settings, and performance
is assessed using three widely adopted image quality metrics:
PSNR, SSIM, and CIEDE-2000.

Experiment (1): The quantitative results are summarized in
Table I, focusing on comparisons under the unpaired setting.
Our method consistently delivers the highest performance
in both PSNR and SSIM, demonstrating its superior ability
to restore structural details and preserve perceptual quality.
Although the CIEDE-2000 score is marginally lower than
that of DCD-GAN by 0.25, this gap is relatively small
compared to the substantial improvements achieved in the
other two metrics, where our approach exceeds DCD-GAN
by 1.37 dB in PSNR and 6.7% in SSIM. These results
highlight that, even without access to paired supervision,
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Fig. 4. The results of Experiment 1 are shown in the figure. To better
highlight the key anatomical structures, yellow boxes are used for magnified
visualization.

our model effectively enhances both fidelity and perceptual
similarity, achieving a more balanced performance across
different evaluation criteria than existing unpaired methods.
Representative visual examples are illustrated in Fig 4, show-
ing that our model restores clearer textures, sharper edges,
and more natural color tones compared with competing
methods.

To further understand the contribution of individual com-
ponents, we conduct a series of ablation studies by selectively
removing or replacing SD, LSCC, and PIC modules. The ab-
lation results suggest that: SD is critical for global structural
fidelity, with its removal causing a noticeable drop of 1.73 dB
in PSNR. LSCC improves perceptual consistency, reducing
artifacts and boosting SSIM by approximately 3.7%. PIC
enhances color and texture alignment, yielding a clear ad-
vantage in the CIEDE-2000 metric. These findings highlight
the complementary roles of the three modules in driving the
overall performance gain.

Experiment (2): In this setting, we directly compared our
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TABLE I
THE RESULTS OF EXPERIMENT (2) SHOW A PERFORMANCE
COMPARISON OF OUR METHOD AGAINST 10
STATE-OF-THE-ART MODELS, INCLUDING
PAIRED-SUPERVISED, AND UNPAIRED MODELS. BOLD FONT
INDICATES THE BEST PERFORMANCE, WHILE “” DENOTES
THE SECOND-BEST PERFORMANCE.

Type Method PSNRT SSIMt  CIEDE-2000]
AINDNet 21.27 0.657 5.32
DeamNet 24.21 0.851 3.83
Paired ScaoedNet 22.52 0.710 4.66
Restormer 23.95 0.728 4.04
DiffBIR 24.81 0.831 3.76
CycleGAN 23.16 0.726 4.60
RR-GAN 21.65 0.769 4.73
Unpaired DerainCycleGAN 20.23 0.679 6.05
DCD-GAN 23.05 0.692 3.79
CSUD 23.17 0.736 4.78
ours 24.39 0.863 3.55
TABLE III
QUANTITATIVE RESULTS ON BLEEDING POINT DETECTION
IN DOWNSTREAM TASKS.
Method mAP(%)T  Recall (%)1
YOLO 70.14 81.63
YOLO+DCP-Net (w/o DPUE) 82.69 89.91
YOLO+DCP-Net (w DPUE) 86.45 92.23

method with both paired-supervised and unpaired-trained
models using 2,000 pairs of paired data from Dataset 2.Al-
though our model exhibits only a minor difference in PSNR
compared to the strongest supervised competitor (24.39 dB
vs. 24.81 dB), it clearly outperforms in terms of SSIM
(86.3% vs. 83.1%) and CIEDE-2000 (3.55 vs. 3.76), indi-
cating superior perceptual quality and more accurate color
reproduction.This is particularly important for clinical ap-
plications, where accurate color and structural cues directly
influence diagnostic reliability.

Moreover, based on the results of Experiments 1 and 2,
when scaled up to a large unpaired training dataset, our
method demonstrates remarkable generalization capability,
surpassing the best supervised model by a margin of +1.72
dB in PSNR and +1.6% in SSIM, while further reducing
the CIEDE-2000 error by 0.51. This result demonstrates
the practical value of our approach in real-world clinical
scenarios, where collecting high-quality paired data is often
infeasible, yet large amounts of unpaired data can be readily
obtained. Taken together, the experimental evidence strongly
suggests that our method not only achieves state-of-the-art
quantitative performance but also ensures high perceptual
quality and clinical applicability. By effectively leveraging
unpaired training data and introducing well-designed struc-
tural and perceptual modules, our framework bridges the gap
between supervised and unsupervised paradigms, offering a
scalable and clinically valuable solution for medical image
restoration.
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Fig. 5. The results of Experiment 2 are shown in the figure. To better

highlight the key anatomical structures, yellow boxes are used for magnified
visualization.
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Fig. 6. Comparative results of hemorrhage detection. The proposed model
substantially enhances detection performance, yielding a 16.31% increase
in mAP compared with the baseline methods.

D. Visual Enhancement Facilitates Bleeding Point Detection

To further validate the clinical significance of our proposed
deblurring framework, particularly in scenarios where in-
traoperative bleeding severely impairs endoscopic visibility,
we designed an auxiliary hemorrhage point detection task.
Accurate identification of bleeding points is essential in
robotic vision navigation, as it enables the system to precisely
navigate to the target site for timely cauterization, ensuring
both surgical safety and effectiveness. By incorporating this
task, we can directly assess whether the deblurred visual
feedback improves the robot’s ability to perform critical
interventions under challenging conditions. In endoscopic
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Fig. 7. Comparison of bleeding point detection results on sampled frames
from video sequences. The first row shows the detection results on blurred
image sequences, while the second row illustrates the results guided by the
uncertainty maps generated by our model. Yellow boxes indicate the ground
truth, red boxes represent the detected results, and the corresponding IoU
values are displayed in white text above each image.

surgery, timely and accurate localization of bleeding sites is
critical for enabling immediate electrocauterization, thereby
reducing intraoperative risks and ensuring patient safety.
However, in practice, the presence of blurred frames caused
by bleeding often prevents surgeons from rapidly identifying
the hemorrhage source. We employed the deblurred outputs
of our model to generate corresponding uncertainty maps,
which highlight ambiguous regions caused by motion blur
and liquid scattering. These uncertainty maps were fused
with the original blurred frames and fed into a YOLO-
based [25] detection network, forming the input for training a
bleeding-point recognition model. For comparison, we also
trained a baseline detection model using only the original
blurred frames as input, without deblurring or uncertainty
enhancement. Both models were trained under identical
conditions ensuring a fair evaluation.

As shown in Table III, our approach achieves superior
detection performance across multiple evaluation metrics.
Specifically, our method yields a mean Average Precision
(mAP) of 86.45% and recall of 92.23%, clearly outper-
forming the baseline detection model, which achieves only
70.14% mAP and 81.63% recall. To more clearly illustrate
the performance improvements of our method, we present
the specific gains in Figure 6 using a bar chart. The
improvement in recall indicates that our deblurring model
helps recover key structural features of bleeding points,
reducing the number of missed detections. Representative
visualizations are shown in Fig 7, where the baseline model
often fails to localize bleeding points under severe blur,
leading to either missed detections or false bounding boxes.
In contrast, our method consistently produces accurate and
stable detection, even in challenging scenarios with heavy
bleeding and specular reflections. The uncertainty-guided
input allows the detector to better differentiate between actual
bleeding points and diffuse blood regions.

These findings strongly support the clinical utility of
our framework. By restoring visual clarity and providing
more reliable bleeding point detection, our approach enables
timely electrocauterization during endoscopic procedures,

which is critical for reducing intraoperative complications.
Importantly, the ability to leverage blurred frames with
deblurring guidance eliminates the need for additional spe-
cialized imaging equipment, making our solution both cost-
effective and easily integrable into existing surgical work-
flows [26]. Overall, the results confirm that our deblurring-
based detection pipeline not only enhances quantitative
detection accuracy but also directly addresses one of the
most pressing clinical needs in robot-assisted spinal en-
doscopy—rapid and precise localization of bleeding sites
under impaired visibility.

IV. CONCLUSIONS

This study proposes an unpaired diffusion-prior restora-
tion framework that offers substantial clinical value, par-
ticularly in robotic navigation. By effectively removing
bleeding and artifacts while preserving structural fidelity,
the method significantly enhances surgical field clarity, en-
abling robotic systems and surgeons to execute critical tasks
with greater speed and precision, while reducing cognitive
load. In addition, the pixel-wise confidence maps derived
from uncertainty estimation provide interpretable visual cues
for intraoperative risk assessment and real-time decision-
making, directly supporting dynamic adjustments in robotic
maneuvers and strengthening autonomous robotic perception.
The framework not only reduces reliance on paired data
and annotation costs but also presents a novel approach to
improving surgical safety and advancing intelligent robotic-
assisted systems. Nonetheless, certain limitations remain,
as current experiments are primarily conducted on offline
datasets; future work will involve large-scale prospective
validation in real surgical environments.
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