
InsideOut: Integrated RGB-Radiative Gaussian Splatting

for Comprehensive 3D Object Representation

Jungmin Lee1, Seonghyuk Hong3,

Juyong Lee2, Jaeyoon Lee2, Jongwon Choi1,2*

1Dept. of Advanced Imaging, GSAIM, Chung-Ang University, Republic of Korea
2GS. of AI, Chung-Ang University, Republic of Korea

3Cultural Heritage Conservation Science Center, National Research Institute of Cultural Heritage, Republic of Korea

jngmnlee@vilab.cau.ac.kr, h123kr@korea.kr,

{jylee, leejaeyoon}@vilab.cau.ac.kr, choijw@cau.ac.kr

Abstract

We introduce InsideOut, an extension of 3D Gaussian splat-

ting (3DGS) that bridges the gap between high-fidelity RGB

surface details and subsurface X-ray structures. The fu-

sion of RGB and X-ray imaging is invaluable in fields such

as medical diagnostics, cultural heritage restoration, and

manufacturing. We collect new paired RGB and X-ray data,

perform hierarchical fitting to align RGB and X-ray radia-

tive Gaussian splats, and propose an X-ray reference loss to

ensure consistent internal structures. InsideOut effectively

addresses the challenges posed by disparate data repre-

sentations between the two modalities and limited paired

datasets. This approach significantly extends the applicabil-

ity of 3DGS, enhancing visualization, simulation, and non-

destructive testing capabilities across various domains.

1. Introduction

RGB and X-ray imaging offer strong complementary ad-

vantages in various fields, such as medical imaging [45],

cultural heritage preservation [12], and manufacturing [48].

RGB images provide a high-fidelity visual appearance on

external surfaces, but lack depth in internal structures.

In contrast, X-ray imaging reveals subsurface structure,

but fails to capture surface texture. The fusion of these

modalities enables a more comprehensive understanding of

both external appearance and internal structure, facilitat-

ing applications such as interactive simulations and non-

destructive testing.

Despite their potential, the modality gap between RGB

and X-ray imaging remains a critical challenge for effective

fusion. This challenge primarily arises from the fundamen-
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Figure 1. Applications of InsideOut. Our approach visualizes ex-

ternal appearance and internal structures, enabling analysis and

physical simulation.

tal differences in how each modality captures visual infor-

mation. X-rays penetrate objects and generate projection-

based tomography with multi-layered structures, producing

low-contrast grayscale images without external appearance

details. In contrast, RGB imaging captures only the external

appearance by reflecting light from object surfaces. These

differences complicate feature alignment since X-ray im-

ages lack spatial correspondences with RGB features.

To address this challenge, we adopt 3D Gaussian splat-

ting (3DGS) [17] as a novel approach for multi-modal

data fusion. Optimizing both modalities within a unified

3D model allows for efficient spatial and visual alignment.

The Gaussian splats in 3DGS encode position, opacity, and

color parameters, enabling depth-aware modeling of multi-

layered structures visible in X-ray images alongside RGB

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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surface details. As a result, as shown in Fig. 1, the unified

3D model can enhance analysis and visualization capabil-

ities in various applications, such as real-world asset diag-

nosis and interactive assets.

However, an integrated 3DGS model that simultaneously

utilizes both RGB and X-ray data presents several chal-

lenges. First, existing datasets lack both RGB image sets

and corresponding X-ray images, necessitating new data

collection procedures. Second, the geometric representa-

tions of RGB and X-ray data differ significantly, making

geometric alignment difficult to achieve within a single 3D

model. Third, the two modalities capture fundamentally dif-

ferent information, with RGB data providing detailed tex-

ture and color information, whereas X-ray data only cap-

tures structural information.

To address these challenges, we propose InsideOut,

which is an extension of 3DGS that jointly represents ex-

ternal appearance from RGB images and internal structures

from X-ray images. For evaluation, we first collect a new

dataset containing paired RGB images and X-ray images.

We then perform a hierarchical fitting procedure to align

the scale and position of initial RGB and radiative Gaussian

splats, ensuring geometric consistency. Guided by a novel

X-ray reference loss, cross-sectional X-ray images direct

the training of both RGB and radiative Gaussian splats, en-

abling them to be accurately aligned by internal structures.

Finally, as a post-processing step, we selectively duplicate

fine-scale RGB splats into the radiative splats, transferring

color information from nearby RGB splats. Consequently,

the radiative Gaussian splats form a unified 3D model that

preserves both detailed surface features and internal struc-

tures. Our contributions are as follows:

• We propose a novel framework that integrates RGB and

X-ray images into 3DGS, producing a unified 3D model

with both external appearance and internal structures.

• We develop a hierarchical fitting approach that bridges

the geometric domain gap between RGB and X-ray 3D

models, ensuring consistent position and scale alignment.

• We introduce a new X-ray reference loss that reduces

structural differences between RGB and X-ray 3D models

based on cross-sectional X-ray guidance.

• We construct and release a new dataset of paired RGB

and X-ray images and demonstrate the effectiveness of

our framework with the new dataset.

2. Related works

2.1. Multi­modal Data Fusion

RGB Imaging-Based Fusion. RGB imaging preserves the

texture of objects and finds wide utilization in various stud-

ies due to the natural similarity that RGB imaging shares

with the human visual system [4, 16, 38]. Prior work has fo-

cused on visual interpretability by fusing RGB images with

depth maps [31, 47, 51], thermal images [2, 43], infrared

images [26, 30, 44], and multispectral images [40, 60]. For

instance, combining RGB images with depth information

enhances the realism of 3D reconstruction models [22],

while recent work proposes implicit neural fusion of far-

infrared images for improved 3D reconstruction [23]. How-

ever, RGB imaging captures only surface information and

fails to provide insight into internal structures.

X-ray Imaging-Based Fusion. X-ray imaging can pene-

trate high-density materials, making it an essential modal-

ity for internal structure analysis [20]. Previous studies fre-

quently combine X-ray imaging with other modalities such

as MRI [53, 55, 61], structured light [35], and time-of-

flight (ToF) cameras [8]. These methods integrate X-ray

imaging with 3D structured light to improve the visualiza-

tion of bone deformations [35] and with ToF cameras to

enable cost-effective and accurate patient positioning [8].

However, these studies primarily focus on improving vi-

sual representation rather than generating a complete 3D

model, since X-ray imaging produces density-based projec-

tions from absorption patterns, posing inherent challenges

in matching with surface-capturing modalities.

While X-ray and RGB imaging reveal internal and ex-

ternal structures respectively, the integration challenges

stem from fundamental physical differences. Previous stud-

ies have applied multi-resolution wavelet transformation to

fuse these modalities [32] and calibrated geometry in X-ray

images using RGB cameras [1]. Existing approaches focus

on 2D image alignment, limited by geometric inconsisten-

cies, camera parameter variations, and data interpretation

differences. Full 3D reconstruction remains an unresolved

problem, causing separate processing and independent anal-

ysis within the respective domains, even for the same object.

2.2. Gaussian Splatting

RGB Imaging-Based 3DGS. Previous 3DGS methods

have achieved remarkable success in RGB image rendering

tasks, particularly in 3D object generation [37, 54, 56] and

surface reconstruction [10, 13, 50, 57]. In 3D object gener-

ation, Gaussian representations enable advanced object cre-

ation from sparse inputs and effective object-background

separation. However, these approaches focus on surface ren-

dering without integrating internal structures, filling with

Gaussian splat noise. Recent work in surface reconstruc-

tion has evolved beyond 3D Gaussian object generation

by incorporating depth information and normal vectors to

enhance surface rendering quality. Although these studies

have successfully converted Gaussian representations into

external meshes, the methods still fail to address the limita-

tions of internal structure representation.

X-ray Imaging-Based 3DGS. Several studies have ex-

tended 3DGS to X-ray imaging, primarily for 3D sparse-

view reconstruction to reduce radiation exposure [5, 9, 33].
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Figure 2. Framework of InsideOut. Our framework employs a five-stage pipeline to integrate RGB and X-ray images into a unified

3D representation. Starting with point cloud initialization from both modalities, the pipeline performs surface rendering to learn basic

structures, hierarchical fitting to achieve geometric alignment, internal rendering with cross-sectional guidance for structural refinement,

and visual alignment to transfer colors and details, ultimately producing a comprehensive 3D model capturing both external appearance

and internal structures.

While these approaches enable X-ray scene rendering, the

methods limit 3DGS to internal structure representation.

Similarly, volumetric methods using Gaussian kernels [24,

59] focus on density reconstruction but remain confined to

X-ray imaging. Existing work has developed 3DGS sep-

arately within RGB and X-ray domains. In contrast, our

study bridges this gap by integrating both modalities to rep-

resent internal and external object structures.

3. Preliminaries

3.1. RGB Gaussian Splatting

The standard 3DGS [17] represents objects using a set of

3D Gaussian splats GC , where each individual Gaussian

splat GC
i encapsulates the essential geometric and appear-

ance characteristics:

GC
i = {µC

i ,Σ
C
i , α

C
i , c

C
i }, (1)

where µC
i ∈ R

3 and ΣC
i ∈ R

3×3 represent the center po-

sition and covariance matrix, respectively. αC
i ∈ [0, 1] de-

notes the opacity, and cCi ∈ R
3 represents the RGB color

of the i-th Gaussian splat. The complete representation is

expressed as:

GC =
{

GC
i | i = 1, 2, . . . , NC

}

, (2)

where NC denotes the total number of Gaussian splats in

the representation.

We first generate a 3D point cloud using Structure from

Motion (SfM) [41] and define Gaussians centered at each

point. During rendering, each Gaussian GC
i is projected into

2D image space via the camera projection matrix P. The

projected 2D Gaussian is characterized by its mean position

pi = Pµi and covariance matrix JiΣiJ
T
i , where Ji is the

Jacobian of the camera projection at µC
i . The opacity αC

i

determines the transparency of the projected Gaussian in

the final rendered image.

The final 2D image is generated by differentiable ras-

terization, where all projected Gaussian splats contribute to

the final rendering. The photometric loss between the pro-

jected and target images is minimized using gradient-based

optimization, refining the position, covariance, opacity, and

color of each Gaussian.

3.2. Radiative Gaussian Splatting

We utilize X-Gaussian [5] to represent radiative Gaussian

splats. Each individual radiative Gaussian splat GX
j is for-

mally defined as:

GX
j = {µX

j ,ΣX
j , αX

j , fXj }, (3)

where µX
j , ΣX

j , and αX
j denote the position, covariance,

and opacity parameters, respectively, maintaining the same

formulation as in standard RGB Gaussians. However, since

X-ray imaging lacks color information, we use the feature

vector fXj , which represents the inherent radiative proper-

ties of the j-th Gaussian [5]. The complete set of radiative

Gaussian splats is expressed as:

GX = {GX
j | j = 1, 2, . . . , NX}, (4)
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Figure 3. Overview of hierarchical fitting. The hierarchical fit-

ting aligns RGB and radiative Gaussian point clouds through three

progressive stages: global fitting for overall alignment, local fitting

with clustering at multiple resolutions, and fine fitting for individ-

ual Gaussian alignment.

where NX denotes the total number of radiative Gaussian

splats in the representation.

We use an angle cuboid uniform initialization (ACUI) to

calculate intrinsic and extrinsic matrices from X-ray scan-

ner parameters. ACUI uniformly samples 3D points within

a cuboid that encompasses the scanned object to initialize

radiative Gaussian point cloud center positions. The ini-

tialized 3D point cloud undergoes differentiable radiative

rasterization to generate rendered images from given view

directions. This process maintains isotropic properties by

ensuring consistent radiation intensity across viewing an-

gles, producing the projected image. We optimize radiative

Gaussian splats using photometric loss by minimizing dif-

ferences between rendered and X-ray projection images.

4. Methodology

Fig. 2 illustrates the framework of InsideOut. Our frame-

work integrates RGB and radiative Gaussian splats to cre-

ate a comprehensive 3D object. First, we train RGB Gaus-

sian splats using standard 3DGS [17] and radiative Gaus-

sian splats using X-Gaussian [5] to learn the coarse internal

and external structure. Second, we perform hierarchical fit-

ting to align position, scale, and rotation between different

modalities. Third, we use cross-sectional X-ray images to

align surfaces and refine internal layers, clarifying bound-

aries and strengthening geometry. After geometric align-

ment, we achieve visual alignment by transferring colors

to the X-ray 3D model and adding fine surface details from

the RGB 3D model.

4.1. Hierarchical Fitting

Based on the coarse Gaussian splats, we perform hierarchi-

cal fitting, as shown in Fig. 3. This process ensures con-

sistent spatial correspondence between the RGB Gaussian

splat set GC and the radiative Gaussian splat set GX . By

considering the mean and covariance, hierarchical fitting

achieves effective alignment even when shape differences

exist between the two modalities. The hierarchical fitting

process consists of three progressive stages, namely global

fitting, local fitting, and fine fitting. The overall algorithm

flow is given in Alg. 1.

Algorithm 1: Hierarchical Fitting

Input: GX = {Gj}, G
C = {Gi}

(each has NX and NC Gaussians)

Output: Aligned GC

22 Compute (µ̄X , Σ̄X)← GlobalMean(GX) and

(µ̄C , Σ̄C)← GlobalMean(GC);

44 Construct global Gaussians GX(x), GC(x) using

(µ̄X , Σ̄X) and (µ̄C , Σ̄C);

66 Align GC(x) to GX(x) using ICP [3];

88 for K in {N/10, N/2, N} do

1010 Cluster GX and GC into K clusters:

11 CX ← KMeansCluster(GX ,K),

12 CC ← KMeansCluster(GC ,K);
1414 for each cluster Ck do

1616 Compute cluster-level mean and

covariance:

17 (µ̄X
k , Σ̄X

k )← Mean(CX
k ),

18 (µ̄C
k , Σ̄

C
k )← Mean(CC

k );

2020 Align CC
k to CX

k using ICP;

2222 Perform fine alignment on all Gaussians in GC ;

In the global fitting stage, we approximate each Gaussian

splat set, GC and GX , as a single Gaussian GC and GX . We

compute the mean position and covariance for each modal-

ity s ∈ {C,X} by averaging across all Gaussian splats

within the set:

µ̄s =
1

Ns

Ns
∑

l=1

µs
l , Σ̄s =

1

Ns

Ns
∑

l=1

Σs
l , (5)

where Ns denotes the number of Gaussian splats in the set

Gs, and µs
l and Σs

l represent the mean and covariance of the

l-th Gaussian splat in the set, respectively.

After computing the global mean and covariance, we

perform affine alignment to transform GC to match GX .

SfM-generated RGB point clouds operate in relative coor-

dinate systems, while X-ray point clouds use absolute phys-

ical coordinates from scanner parameters. To bridge this

coordinate gap, we compute the affine transformation by

aligning centroids, normalizing scales, and aligning orien-

tations through PCA-derived rotation. The composite trans-

formation is then applied to all individual Gaussian splats,

updating their positions and covariances accordingly.

After global fitting, the alignment is progressively re-

fined through hierarchical clustering. The Gaussian splats

are first grouped into +N/10, clusters, then into +N/2,
clusters, before finalizing alignment using all N Gaussian

splats. We apply K-means clustering [11] to each modality

separately, grouping spatially neighboring Gaussian splats.

Each Gaussian splat Gl ∈ G
s is assigned to its nearest clus-
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ter center, forming clusters Cs
k:

Cs
k =

{

Gs
l

∣

∣

∣
∥µs

l − µ̄s
k∥2 = min

k′∈K
∥µs

l − µ̄s
k′∥2

}

, (6)

where Cs
k denotes the k-th cluster, µs

l represents the mean

position of Gaussian splat Gl, µ̄k′ denotes the centroid of

cluster k′, and K represents all possible cluster indices.

After clustering, the process refines the alignment by ap-

proximating each cluster using its mean and covariance as:

µ̃s
k =

1

|Cs
k|

∑

Gl∈Cs
k

µs
l , Σ̃s

k =
1

|Cs
k|

∑

Gl∈Cs
k

Σs
l , (7)

where |Cs
k| denotes the number of Gaussian splats in clus-

ter Cs
k. This strategy aligns both modalities spatially while

preserving their geometric structures.

4.2. Internal Rendering

To sharpen the multi-layer boundaries of 3D models, we

introduce cross-sectional images obtained through ortho-

graphic projection of X-ray volumetric data as pseudo-

ground truth (GT). These images provide fine-grained su-

pervision for internal alignment, reinforcing consistency be-

tween RGB Gaussian splats and radiative Gaussian splats

throughout training. The pseudo-GT is generated by slic-

ing the X-ray volume at 15mm intervals along the axial and

coronal planes, refining the spatial distribution of radiative

Gaussian splats.

For RGB Gaussian splats, we apply a Canny edge detec-

tor [6] to extract surface contours from the sliced images.

When multiple edge layers are detected, we identify the

outermost surface boundary by computing bounding boxes

for each edge contour and selecting the one with the largest

area. The extracted surface edges serve as pseudo-GT for

training RGB Gaussian splats. This approach guides the

splats to align along the object’s surface while keeping the

internal region empty. During optimization, we update only

the geometric parameters µC
i , ΣC

i , and αC
i while excluding

the color parameter cCi , since the pseudo-GT provides only

grayscale edge information.

To optimize the internal structure, we introduce an X-ray

reference loss that combines multiple loss terms to achieve

accurate layer separation and structural consistency. The to-

tal X-ray reference loss is:

L = (1− λs) · LL1 + λs · LD-SSIM + λz · Lzero-one, (8)

where LL1 and LD-SSIM are photometric losses [49] that

compare the rendered image with the X-ray image. The pa-

rameter λs controls the balance between L1 and D-SSIM

losses for photometric reconstruction quality. Additionally,

Lzero-one [10, 14, 28, 52] constrains the opacity values αi of

Gaussian splats to converge to either 0 or 1 during training,

with weight λz. This constraint enforces the formation of

thin planar structures at specific layer locations, sharpening

layer boundaries and accurately capturing radiation inten-

sity. As a result, this approach removes internal noise from

the RGB 3D model while promoting well-defined layer

structures in the X-ray 3D model.

4.3. Visual Alignment

Once the RGB and X-ray 3D models are fully aligned, we

transfer the surface color from the RGB Gaussian splats to

the radiative Gaussian splats. Then, we duplicate the fine

splats from the RGB object to the X-ray 3D model to create

a richly detailed surface.

Color Transfer. To assign color to radiative Gaussian

splats, we apply k-Nearest Neighbor (k-NN) matching by

finding the closest RGB Gaussian splat for each radiative

Gaussian splat:

cXj = cC
argmini∈{1,2,...,NC} ∥µX

j
−µC

i
∥2

, (9)

where the color attributes are transferred from the RGB

Gaussian splat with minimum distance to each radiative

Gaussian splat. Since radiative Gaussian splats are initially

defined without color attributes, this process assigns color

parameters cXj to ensure they reflect the surface appearance

from RGB Gaussian splats, preserving the external visual

appearance of the object.

Detail Cloning. To enhance surface detail while preserv-

ing structural consistency, we selectively duplicate high-

frequency splats from the RGB 3D model into the X-ray 3D

model. Gaussian splats are classified based on their covari-

ance values, where smaller covariance indicates more de-

tailed structures. We retain the bottom 95% of RGB Gaus-

sian splats ranked by covariance magnitude, discarding the

top 5% with large covariance values. First, we extract the

largest eigenvalue from each RGB Gaussian splat’s covari-

ance matrix:

ΛC = {λmax(Σ
C
i ) | i = 1, 2, . . . , NC}, (10)

where λmax(Σ
C
i ) denotes the largest eigenvalue of the co-

variance matrix ΣC
i for the i-th RGB Gaussian splat. The

threshold is computed as the p-th percentile of the eigen-

value distribution:

Tp = Quantile(ΛC , p/100), (11)

where p represents the percentile value. The detailed Gaus-

sian splats are selected based on the threshold:

Gdetail = {GC
i | λmax(Σ

C
i ) f Tp, i = 1, 2, . . . , NC},

(12)

Empirical results show that setting p = 95 works well.

These detailed Gaussian splats are incorporated into the ra-

diative Gaussian splat set:

ĜX = GX ∪ Gdetail. (13)
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Matryoshka Pharaoh Terracotta Skull Toy Gun

# RGB Images 555 644 210 90 416

Resolution (pixels) 4000× 1848 4000× 1848 4000× 4032 3024× 1848 5712× 4284

# X-ray Projections 360 360 2160 360 360

# Detector Elements 2048 2048 2048 2048 2048

# Z Slices 2048 2048 2016 2048 2048

Voltage (kV) 230.00 330.00 185.00 230.00 230.00

Current (mA) 1.35 1.50 0.49 1.35 1.35

Table 1. Dataset specifications. RGB image collection details

(top) and X-ray acquisition parameters (bottom) for five objects.

where ĜX denotes the enhanced radiative Gaussian splat

set with detailed surface features. This integration enhances

surface fidelity without disrupting the internal structure.

5. Experiments

We implement InsideOut using PyTorch [36] with

CUDA [39]. The training pipeline consists of two opti-

mization stages: surface appearance and internal structure

optimization. For surface rendering, standard 3DGS [17]

was trained for 20k iterations, while X-Gaussian [5] was

trained for 5k iterations. The resulting Gaussian point cloud

was then used as initial point cloud for internal rendering,

which was further optimized for 20k iterations. We apply

loss weights λs = 0.2 and λz = 0.005. We employ Adam

optimizer [19] with an initial learning rate of 5e-4. All ex-

periments were conducted on an NVIDIA A6000 GPU.

5.1. Dataset.

We constructed a novel RGB-X-ray paired dataset encom-

passing five objects across diverse application domains in-

cluding medical imaging, cultural heritage preservation,

and manufacturing quality control. Our dataset includes

Matryoshka, Pharaoh, Terracotta, Skull, and Toy Gun, as

detailed in Tab. 1. For RGB data collection, we captured

90-644 images per object using smartphones and DSLR

cameras in natural lighting conditions with over 60% over-

lap between consecutive views to ensure comprehensive

coverage. Image resolutions range from 3024×1848 to

5712×4284 pixels depending on the capture device. For X-

ray data acquisition, we used a cone-beam CT scanner with

360° rotation. Acquisition parameters were optimized per

object based on material properties, with voltage ranging

from 185-330 kV and current from 0.49-1.50 mA, and 2048

detector elements with 2016-2048 Z-slices.

5.2. Internal Rendering

Fig. 4 presents a qualitative comparison of internal render-

ing, highlighting structural clarity and noise reduction im-

provements. Unlike 3DGS, which produces internal noise

and scattered Gaussian splats, InsideOut eliminated these

artifacts and concentrated the splats along the object’s sur-

face, creating a cleaner representation. Additionally, In-

sideOut enhanced the visibility of internal layers that X-

Gaussian blurred, producing sharper and more well-defined
Figure 4. Qualitative comparison of cross-sectional 3D models.

Coronal slices (upper) and axial slices (lower) are listed.
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Matryoshka Pharaoh Terracotta Skull Toy Gun

PIQE ³ PSNR ↑ SSIM ↑ PIQE ³ PSNR ↑ SSIM ↑ PIQE ³ PSNR ↑ SSIM ↑ PIQE ³ PSNR ↑ SSIM ↑ PIQE ³ PSNR ↑ SSIM ↑

3DGS [17] 54.63 16.25 0.60 43.71 13.66 0.62 30.35 13.47 0.46 51.71 16.24 0.61 44.63 18.48 0.61

3DGS-MCMC [18] 50.84 16.12 0.59 41.63 13.82 0.64 30.36 13.98 0.46 50.35 16.81 0.61 43.22 18.68 0.61

DoF-Gaussian [42] 53.62 16.59 0.60 43.25 13.85 0.63 31.83 14.31 0.47 50.79 16.71 0.62 44.29 18.36 0.61

MaskGaussian [27] 54.34 16.43 0.60 42.15 13.41 0.63 30.02 13.82 0.46 56.66 16.35 0.61 43.58 18.26 0.61

Analytic-Splatting [25] 52.71 16.67 0.60 41.29 13.37 0.62 31.85 13.24 0.47 50.39 15.87 0.61 43.82 17.58 0.60

RS-NeRF [34] 52.96 16.88 0.60 44.08 13.64 0.62 32.75 13.57 0.47 52.32 15.41 0.61 44.67 17.59 0.61

NAF [58] 59.63 17.03 0.61 64.39 14.21 0.64 61.51 14.88 0.49 67.82 18.64 0.63 60.32 18.23 0.63

X-Gaussian [5] 29.82 17.46 0.61 33.33 14.78 0.64 25.11 15.20 0.49 23.71 19.42 0.64 21.27 19.53 0.64

InsideOut (Ours) 25.28 18.86 0.61 30.35 15.14 0.64 25.35 19.56 0.55 20.01 20.33 0.65 20.74 20.87 0.66

Table 2. Comparison of quality for internal detail. We present PIQE, PSNR, and SSIM scores for internal detail quality across five

objects. All methods are evaluated on cross-sectional views for internal structure assessment. The best results are in bold, and our method

is shown in blue. �2

Figure 5. Comparison of surface and internal structure in mesh reconstruction. Mesh reconstruction quality is compared across

multiple views: front view, surface zoom, side view, and X-ray shader rendering. Pink boxes indicate zoomed regions. Normal orientation

histograms below each method illustrate the distribution of surface normals.

�2 �2
Figure 6. Box plots for distribution of spherical occupancy. We

compare two different binning approaches: 42 bins and 242 bins.

structural contours. The results demonstrate that InsideOut

achieved superior internal detail preservation while mitigat-

ing noise, thereby improving overall rendering fidelity.

According to Tab. 2, our method achieved the lowest per-

ceptual image quality evaluator (PIQE) [46] score across

all datasets, demonstrating superior internal detail preserva-

tion. Since no GT images exist for simultaneously evaluat-

ing both the internal and external structures of a 3D model,

we employ a no-reference image quality assessment. We

slice the output into cross-sections and use PIQE metrics

to evaluate the perceptual quality.

Tab. 2 presents the quantitative evaluation of InsideOut

in cross-sectional views, where we compute PSNR and

SSIM against reference X-ray images. On average, Insid-

eOut improved PSNR by 1.67 dB over X-Gaussian and

by 3.33 dB over 3DGS, demonstrating significant enhance-

ment in reconstruction quality. Similarly, SSIM increased

by 0.018 compared to X-Gaussian and by 0.042 compared

to 3DGS, indicating improved structural consistency and

perceptual quality.

5.3. Mesh Reconstruction

We construct 3D mesh models to assess the quality and

applicability of InsideOut. We generate meshes from R2-

Gaussian [59], a radiative volume reconstruction method,

by applying Marching Cubes [29]. We then compare the re-

sults with GS2Mesh [50], an RGB-based mesh reconstruc-

tion approach. For InsideOut, we apply the density vox-

elizer from R2-Gaussian and then generate meshes using

Marching Cubes.
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Figure 7. Qualitative results of ablation study. The figure shows

the progressive improvement achieved by each module: baseline

(no module), hierarchical alignment only, and hierarchical align-

ment with internal rendering.

Fig. 5 qualitatively evaluates the three meshes, offer-

ing insights into structural fidelity. InsideOut captured finer

geometric details than radiative meshes while preserving

the overall shape of the object. Additionally, rendering

with MeshLab’s X-ray Shader [7] enabled comparison with

RGB-based meshes, demonstrating that InsideOut recon-

structed both the external surface and internal structure with

high fidelity. As shown in Fig. 1, our method supports

real-world asset diagnosis and physical simulation, enabling

cross-sectional analysis and quantitative assessment of in-

ternal structures. However, since we employed a voxeliza-

tion method for radiative Gaussian splats, the surface tex-

ture tends to be of lower quality compared to GS2Mesh.

To quantify fine-grained surface variations, we introduce

the normal orientation histogram (NOH) and spherical oc-

cupancy [21]. Spherical occupancy measures the distribu-

tion of surface normals by partitioning the unit sphere into

discrete regions n. We assign each normal to the nearest ref-

erence point, forming the NOH, which captures the direc-

tional distribution. We then compute spherical occupancy

as the fraction of occupied regions in the NOH.

Fig. 5 presents the NOH for three mesh models, illus-

trating the distribution of surface normals across directional

space. R2-Gaussian exhibits minimal variation in normal di-

rections, indicating a simple structure, whereas InsideOut

shows a more diverse distribution of normals across differ-

ent directions. The histograms provide insight into the geo-

metric complexity of each 3D model by revealing variations

in normal orientation density.

Fig. 6 presents spherical occupancy values for R2-

Gaussian, InsideOut, and GS2Mesh at bin resolutions of 42

and 242. At 42 bins, InsideOut achieved the highest occu-

pancy (0.443 mean, 0.452 median), followed by GS2Mesh

(0.437 mean, 0.429 median) and R²-Gaussian (0.431 mean,

0.429 median). At 242 bins, GS2Mesh led with 0.476

mean and 0.475 median, while InsideOut recorded 0.471

for both metrics, and R²-Gaussian remained lowest at 0.468

mean and 0.466 median. These findings indicate that In-

sideOut captures more diverse normal distributions than

R²-Gaussian and represents internal layer normals that

GS2Mesh cannot capture.

Module

Matryoshka Pharaoh Terracotta Skull Toy GunHierarchical

Alignment

Internal

Rendering

38.56 27.93 21.29 722.45 23.02

✓ 8.41 12.52 11.44 9.53 4.59

✓ ✓ 6.45 4.10 2.42 7.95 3.42

Table 3. Comparison of chamfer distance for geometrical align-

ment. The table presents progressive improvement achieved by

each module: baseline (no module), hierarchical alignment only,

and hierarchical alignment with internal rendering.

5.4. Ablation Study

Geometrical Alignment. Fig. 7 shows that hierarchical fit-

ting improved initial correspondence, while internal render-

ing refined the structure. The leftmost visualization shows

the initial state where RGB Gaussian point clouds (red)

appear much smaller than radiative Gaussian point clouds

(blue) due to scale differences, making red points barely vis-

ible. With hierarchical fitting (middle), the two point clouds

achieved substantial alignment. The rightmost shows the

complete method, achieving optimal alignment. The pro-

gression demonstrates that hierarchical fitting provides pri-

mary alignment benefits, while internal rendering further re-

fines the geometry.

Tab. 3 compares chamfer distance (CD) to evaluate the

effects of hierarchical fitting and internal rendering. The re-

sults show that hierarchical fitting significantly reduced CD

values across all 3D models, substantially enhancing initial

alignment. Internal rendering further refined geometric ac-

curacy, leading to the lowest CD values. To compute CD,

we extracted surface points from both point clouds using

Hidden Point Removal (HPR) [15]. This approach ensured

that only visible surface points contributed to the alignment

evaluation while excluding internal points from radiative

Gaussian point clouds.

6. Conclusion

We introduce InsideOut, a novel 3DGS framework that inte-

grates RGB and X-ray data to simultaneously capture an ob-

ject’s external surface and internal structure. By leveraging

3DGS, our approach effectively aligns these two modalities

within a unified 3D representation. To achieve this, we first

apply hierarchical fitting to structure Gaussian splats based

on their position and scale, ensuring geometric consistency.

Next, we refine the internal representation using cross-

sectional X-ray guidance, allowing the model to delineate

internal boundaries with higher precision. Finally, we trans-

fer color and surface details from RGB Gaussians to radia-

tive Gaussians, producing a comprehensive 3D model that

preserves both external textures and internal structures. This

advancement supports applications such as diagnostics, vir-

tual simulations, and industrial inspection, making Inside-

Out a powerful tool for real-world use.
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