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Abstract. Microvascular remodeling is a critical hallmark of early-stage
tumorigenesis. While Confocal Laser Endomicroscopy (CLE) enables in
vivo "optical biopsy" of the microvasculature, its restricted field of view
(FoV) limits the assessment of macroscopic pathological continuity. To
bridge this gap, we propose Angio-Stitch, an unsupervised deep learning
framework tailored for multi-image stitching of hepatic microvascular se-
quences. Unlike existing deep learning methods primarily optimized for
dual-image natural scenes—which are prone to cumulative errors in long
sequences—our model adopts a robust coarse-to-fine alignment strat-
egy. Specifically, we utilize a ResNet-based encoder integrated with a
Vascular-aware Perception Transformer (VPT) to extract robust seman-
tic features amidst speckle noise. A mesh-based deformation network is
then employed to correct non-rigid tissue distortions. To explicitly pre-
serve microvascular topology, we introduce a novel Vascular Structure
Loss (Lvsl) based on multi-scale Hessian responses. We evaluate our ap-
proach on the CLE-LMV dataset, established via a custom-developed
NIR-CLE system. Experimental results demonstrate that Angio-Stitch
achieves state-of-the-art performance in geometric accuracy and struc-
tural fidelity. This approach effectively provides clinicians with a wide-
field, seamless visualization for reliable diagnostic support. Code avail-
able at: https://github.com/xiaoshihu8/Angio-Stitch

Keywords: Confocal Laser Endomicroscopy · Image Stitching · Hepatic
Microvasculature.

1 Introduction

Microvascular alterations, such as neo-angiogenesis and capillary remodeling,
are fundamental hallmarks of early-stage hepatic pathologies. While wide-field
endoscopic modalities lack the spatial resolution to visualize 1–2 µm capillary
networks, Confocal Laser Endomicroscopy (CLE) provides a powerful "optical
biopsy" alternative [9][28]. It enables real-time, in vivo cellular-level visualization
of liver micro-anatomical structures without traditional physical tissue excisions.
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Despite its high resolution, CLE’s clinical application is hindered by an ex-
tremely restricted Field of View (FoV, typically < 500 µm). In highly vascu-
larized organs like the liver, this "keyhole vision" deprives clinicians of essen-
tial macroscopic context, leading to fragmented diagnostic information and an
increased risk of missing subtle micro-lesions[26]. Therefore, FoV expansion is
a pressing clinical necessity to bridge the gap between microscopic detail and
macroscopic context, ultimately providing diagnostic support.

To mitigate this limitation, image stitching is commonly used to fuse consec-
utive frames into panoramas. Traditional methods rely on handcrafted features
(e.g. SIFT) and geometric transformations for image alignment[17] [7] [30] [16]
[12]. However, liver CLE images typically feature low contrast, repetitive tex-
tures, and a lack of salient edges. Furthermore, the probe’s sliding motion causes
complex non-rigid tissue deformations. Consequently, traditional techniques of-
ten suffer from feature matching failures, misalignment, and severe ghosting
artifacts, failing to meet high-fidelity medical imaging standards.

In recent years, unsupervised deep learning for image stitching has demon-
strated remarkable efficacy in resolving complex geometric challenges. UDIS2
[22] initially established a robust baseline by mitigating large parallax artifacts
via elastic warping. Building upon this foundation, StabStitch2 [23] further re-
fined spatial alignment by introducing bidirectional spatial warps to minimize
structural distortions. Subsequently, RopStitch [24] developed an optimal plane-
based framework to suppress irregular deformations and preserve structural fi-
delity. Extending these spatial modeling capabilities, SV-UDIS [15] addressed the
extreme viewpoint disparities inherent in surround-view multi-camera systems.

However, applying current state-of-the-art methods to CLE liver images
yields suboptimal results[29]. Primarily optimized for natural scenes and dual-
image stitching, these models struggle to align the fine-grained, low-contrast, and
repetitive textures of microscopic biological tissues[25]. Furthermore, during the
continuous multi-image stitching of highly deformable soft tissues, existing spa-
tial transformations suffer from severe error accumulation[8]. This leads to global
structural distortions and the potential loss of critical pathological details.

To address these critical challenges, we proposes Angio-Stitch, a deep multi-
image stitching network tailored specifically for CLE liver image sequences.
Angio-Stitch overcomes the limitations of traditional image stitching by using
feature interaction and deformation constraints to accurately model non-rigid
deformations in microscopic tissues. Even without strong textural cues, the pro-
posed framework achieves precise alignment across sequential images and reduces
error accumulation, providing clinicians with wide-field, seamless, high-fidelity
panoramic views of liver tissue.

The main contributions of this paper are as follows: 1) We establish Angio-
Stitch, a deep multi-image stitching framework for CLE hepatic microvascu-
lature, achieving field-of-view expansion for clinical diagnostic support. 2) We
construct a Vascular-aware Perception Transformer (VPT) and introduce a Vas-
cular Structure Loss (Lvsl), systematically overcoming speckle noise and preserv-
ing non-rigid microvascular topologies. 3) The method achieves state-of-the-art
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stitching performance on CLE-LMV (a real CLE dataset), featuring minimal
ghosting and superior objective metrics.

2 Methodology

The proposed Angio-Stitch framework is illustrated in Fig. 1, mainly includes
three stages: Feature extraction and mask constraint, coarse-to-fine two-
stage registration, and multi-image stitching.
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Fig. 1. The framework of Angio-Stitch.

In the first stage, a pre-trained ResNet-50 [10] extracts dual-scale feature
maps: F 1/8 for fine details and F 1/16 for global semantics. To explicitly suppress
invalid dark backgrounds, dynamically rescaled binary masks are element-wise
multiplied with both maps, yielding the masked F 1/8 and F 1/16.

In the second stage, we propose the Vascular-aware Perception Transformer
(VPT) on adjacent image pairs to sequentially regress global homography[6] and
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local mesh displacements, achieving coarse-to-fine registration. Detailed elabo-
ration in Sec.2.1.

In the third stage, the multi-image sequence is synthesized onto an adaptively
sized unified canvas. Adjacent homography matrices are chain-propagated[15] to
a central anchor. Each image then undergoes TPS transformation[2], followed
by an intensity-weighted average fusion to seamlessly preserve the structural
continuity of the hepatic microvasculature.

2.1 Coarse-to-fine Two-stage Registration

Vascular-aware Perception Transformer (VPT) To address matching chal-
lenges in CLE images caused by speckle noise and homogeneous textures, we
propose the Vascular-aware Perception Transformer (VPT), as shown in Fig. 2.
Replacing the standard CCL[21], the VPT maps arbitrary features into a 128-
dimensional space via a dynamic adapter, outputting a sub-pixel accurate, 2-
channel feature flow field ∈ RB×2×H×W to drive displacement regression.

Resolution-Agnostic: All internal operations (adaptive pooling, grid generation) are independent of fixed input dimensions.

Vascular-aware Perception Transformer (VPT) Module
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Fig. 2. Vascular-aware Perception Transformer (VPT) Module.

To handle CLE-specific artifacts, the VPT integrates a Noise Robust Mod-
ule and a Vessel Enhance Module. The former employs cascaded 3× 3 con-
volutions and a learnable residual parameter (γ) to filter speckle noise while
preserving structural integrity. The latter utilizes a dual-attention mechanism
combining channel attention with a large-field (7 × 7) spatial branch to selec-
tively amplify the morphology of tubular hepatic sinusoids [27]. Finally, the
VPT computes dense non-local correlations using 3 × 3 patch-based matching
with a learnable temperature-scaled Softmax. By calculating the mathematical
expectation of displacements over dynamic coordinate grids, the module yields a
differentiable, structure-sensitive feature flow that accurately captures complex
non-rigid vascular correspondences across varying clinical resolutions[3].
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Coarse Registration (VPT-based Global Homography Estimation) At
the coarse scale, we designate the image closer to the sequence center as the ref-
erence Ir and the peripheral image as the target It. The VPT module extracts
a vascular-aware correlation volume from the F

1/16
ref and F

1/16
tar feature maps. A

shallow regression network subsequently predicts the 4-pt homography param-
eterization[14], representing the corner displacement vectors of It. This motion
is converted into a 3× 3 matrix H via the normalized Direct Linear Transform
(DLT) algorithm [1] to achieve initial global geometric alignment.

Fine Registration (VPT-based Sparse Mesh TPS Deformation) At the
fine scale, F 1/8

tar is geometrically pre-warped using the estimated matrix H to yield
coarsely aligned features F̂ 1/8

tar . The VPT module then computes high-resolution
local correlations between F

1/8
ref and F̂

1/8
tar . Following this, a deeper regression

network predicts the residual motion for an evenly divided grid of (U + 1) ×
(V + 1) control points. By superimposing this residual motion onto the initial
regular mesh, the network generates a non-rigid deformation field[5]. Finally,
TPS transformation is applied to perform fine-grained deformation, explicitly
modeling the complex non-rigid variations of hepatic microvasculature for clinical
diagnostic support.

2.2 Loss Function

The framework is optimized end-to-end via a joint objective:

Ltotal = λ1Lalign + λ2Ldist + λ3Lrect + λ4Lvsl (1)

where Lalign, Ldist, and Lrect are consistent with [15].
To explicitly preserve hepatic microvasculature topologies for reliable clinical

diagnosis, we propose a novel Vascular Structure Loss (Lvsl):

Lvsl = Lssim + γ1Lvssim + γ2Lgrad (2)

Here, Lssim measures the global structural similarity between the warped pre-
diction Ip and target It:

Lssim = 1− SSIM(Ip, It) (3)

To prevent vessel degradation, Lvssim applies a vascular-aware weighted
SSIM. Using multi-scale Hessian responses Vp and Vt, we generate a spatial
weight map W to penalize tubular region errors:

W = 1 + α
|Vp − Vt|

µ(|Vp − Vt|) + ϵ
(4)

Lvssim = 1− SSIM(W ⊙ Ip,W ⊙ It) (5)

where µ(·) denotes the global mean, ϵ ensures numerical stability, and ⊙ is the
Hadamard product.
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Finally, Lgrad enforces spatial gradient consistency via Sobel operators (∇x,∇y)
[4]to sharpen vessel boundaries and suppress blurring:

Lgrad = ∥∇xIp −∇xIt∥22 + ∥∇yIp −∇yIt∥22 (6)

3 Experiment

3.1 Datasets and Evaluation Metrics

The datasets used in our experiments consist of two main parts: the public UDIS-
D dataset[20] and a custom-built CLE liver microvasculature dataset (CLE-
LMV). UDIS-D contains 10,440 pairs of 512 × 512 resolution training samples
from natural scenes, exhibiting rich parallax and complex geometric variations.

To address the fine-tuning and evaluation needs in medical scenarios, we
constructed the CLE-LMV dataset using a custom near-infrared (NIR) CLE
system (Fig. 1) to image ex vivo mouse hepatic microvasculature. Initially, 1,510
high-resolution (1024× 1024) raw images were acquired, preprocessed via linear
interpolation [11] to remove honeycomb artifacts and partitioned into mutually
exclusive training and testing sets at an 8:2 ratio. Subsequently, to closely repli-
cate the physical and optical artifacts inherent in real CLE scans, we applied
continuous sliding cropping to mimic the dynamic motion of the endomicroscopic
probe. Furthermore, we introduced perspective distortion [19] to simulate non-
rigid tissue deformations caused by probe pressure, and employed path-anchored
illumination to emulate uneven light distribution. The final dataset comprises
10,000 sets of five consecutive overlapping images at a resolution of 128 × 128,
with overlap rates ranging from 10% to 50%, including 8000 sets for training
and 2000 sets for testing.

To rigorously assess the stitching quality, we employ the masked evaluation
metrics introduced by Nie et al. [24]: masked Root Mean Square Error (mRMSE),
masked Peak Signal-to-Noise Ratio (mPSNR), and masked Structural Similarity
(mSSIM). In addition, we also calculated the Success Rate(%), which is the
proportion of successfully stitched groups [18].

3.2 Implementation Details

We first pre-train model using the UDIS-D dataset for 100 epochs. Then we use
the proposed CLE-LMV for fine-tuning with 50 epochs.The model is optimized
using Adam [13], starting with an initial learning rate of 10−4 and decaying to
10−5 for fine-tuning.The hyperparameters for the loss function are empirically set
as λ1 = λ2 = λ3 = 1, λ4 = 0.5, λ4 = 0.5, γ1 = 2, γ2 = 0.5. All implementations
are based on PyTorch using two NVIDIA Tesla A100 GPUs.

3.3 Quantitative Comparison

We compared our method with 4 traditional stitching algorithms: SIFT, APAP,
SPW, LPC and 4 learning-based methods: UDIS2, StabStitch2, RopStitch, SV-
UDIS. The results are shown in Table 1, where I3×3 is the identity matrix,
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representing the unaligned target image as a reference. The baseline methods
were implemented by their best model according to official codes.

Traditional methods like APAP achieve favorable mRMSE and mPSNR but
suffer from an unacceptably low Success Rate (6.25%), indicating severe feature
matching failures on complex microscopic sequences. Conversely, deep learning
baselines such as StabStitch2 guarantee a 100% Success Rate but severely com-
promise alignment accuracy (e.g., mSSIM of 0.5870), struggling to model non-
rigid soft tissue deformations. In contrast, our fine-tuned Angio-Stitch achieves
the optimal balance between extreme robustness and high-fidelity alignment. It
delivers a perfect 100% Success Rate alongside the highest structural similar-
ity (mSSIM of 0.9230) and highly competitive mRMSE (9.8122) and mPSNR
(30.0817), comprehensively outperforming state-of-the-art methods for clinical
multi-image stitching.

Table 1. Quantitative results on CLE-LMV. Bold and Underline indicate the best
and second-best results, respectively.

Methods mRMSE ↓ mPSNR ↑ mSSIM ↑ Success Rate(%)

I3×3 36.8566 17.2272 0.4682 -
SIFT[17]+RANSAC[7] 14.6297 25.5142 0.7907 5.85

APAP[30] 6.5077 34.0142 0.7885 6.25
LPC[12] 15.8924 26.1981 0.5780 10.40
SPW[16] 21.1905 25.2199 0.4225 5.25

UDIS2[22] 26.8324 20.4714 0.7126 25.40
StabStitch2[23] 23.7493 21.4335 0.5870 100.00
RopStitch[24] 21.0833 22.3671 0.6137 33.60
SV-UDIS[15] 25.6164 20.9121 0.8655 13.40

Ours 25.5492 20.9490 0.8679 48.45
Ours(fine-tuned) 9.8122 30.0817 0.9230 100.00

3.4 Qualitative Comparison

Fig. 3 shows the qualitative results of multi-image stitching on CLE-LMV. Other
unshowned methods failed on this image set. The yellow rectangles and arrows
indicates occurrences of deformation and distortion, while the red rectangles and
arrows highlight the vascular stitching abnormal regions.

As observed, existing state-of-the-art methods suffer from severe cumulative
errors on continuous sequences, resulting in global geometric distortions and
structural collapse. In contrast, our method suppresses cumulative errors, accu-
rately models soft tissue deformation, and preserves microvascular topological



8 Hu et al.

LPC UDIS2 StabStitch2

RopStitch SV-UDIS Ours

Fig. 3. Qualitative results on CLE-LMV. From left to right, top to bottom: the stitched
results and Pseudo-color images.

continuity without ghosting, demonstrating its ability to provide high-fidelity
wide-field panorama for reliable clinical diagnosis.

3.5 Ablation Studies

We conducted ablation studies on the CLE-LMV dataset to evaluate the two
core components of Angio-Stitch (Table 2). Removing VPT leads to a notable de-
crease in mSSIM (-0.1144), highlighting its importance for robust feature match-
ing under speckle noise. Similarly, excluding VSL increases mRMSE by +6.2015,
highlighting the critical role of Lvsl in constraining non-rigid deformations and
preserving microvascular topology. Overall, the complete model achieves the best
performance, demonstrating the strong synergy between VPT and Lvsl to enable
high-fidelity multi-image stitching.

4 Conclusion

In this paper, we propose Angio-Stitch, an unsupervised deep learning frame-
work for multi-image stitching of CLE hepatic microvascular sequences. To over-
come the inherently narrow FoV of CLE and the severe cumulative errors plagu-
ing existing methods, our framework leverages a robust coarse-to-fine alignment
strategy to accurately model complex non-rigid tissue deformations. Extensive
quantitative and qualitative experiments on the CLE-LMV dataset demonstrate
that Angio-Stitch achieves state-of-the-art performance. Future work will focus
on extending this framework to broader optical biopsy modalities.
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Table 2. Ablation studies on CLE-LMV. Bolded values indicate the best performance.

Configurations mRMSE ↓ mPSNR ↑ mSSIM ↑

w/o VPT 29.0232 19.7845 0.7535
w/o VSL 31.7507 18.7701 0.8622

ours 25.5492 20.9490 0.8679
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