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Abstract

Using images captured by cameras with different light spec-
trum sensitivities, training a unified model for cross-spectral
scene representation is challenging. Recent advances have
shown the possibility of jointly optimizing cross-spectral
relative poses and neural radiance fields using normal-
ized cross-device coordinates. However, such method suffers
from cross-spectral misalignment when collecting data asyn-
chronously from devices and lacks the capability to render in
real-time or handle large scenes. We address these issues by
proposing cross-spectral Gaussian Splatting with spatial oc-
cupancy consistency, strictly aligns cross-spectral scene rep-
resentation by sharing explicit Gaussian surfaces across spec-
tra and separately optimizing each view’s extrinsic using a
matching-optimizing pose estimation method. Additionally,
to address field-of-view differences in cross-spectral cam-
eras, we improve the adaptive densify controller to fill non-
overlapping areas. Comprehensive experiments demonstrate
that SOC-GS achieves superior performance in novel view
synthesis and real-time cross-spectral rendering.

Code — https://github.com/GuoHP-HIT/SOC-GS.

Introduction

Novel View Synthesis (NVS) defines a task that represents
the scene by the given sparse views, and generates novel
views invisible during sampling, play an important role in
fields such as 3D reconstruction (Remondino et al. 2023),
AR/VR (Li et al. 2022), and autonomous driving (He et al.
2024) et al. With the proposal of NeRF (Mildenhall et al.
2021), use neural radiance fields to represent scenes as a 5D
vector-valued function F'(x, 6, ¢), and map the representa-
tion to color ¢ and volume density o by MLP gradually be-
come the mainstream choice for NVS. Further, 3DGS (Kerbl
et al. 2023) represents the scene surface as a set of determin-
istic Gaussian functions, realize more adaptive and flexible
3D object representation which overcomes the limitations
of volume rendering methods. Meanwhile, the differentiable
rasterisation makes Gaussian splatting optimizing rapidly.
However, in real-world scene representation, visible spec-
tral images alone may not provide complete scene views.
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Figure 1: Cross-spectral rendering comparison. We pro-
pose SOC-GS for cross-spectral scene representation and
pose estimation. Our method achieves more strictly align-
ment and better rendering quality in cross-spectral NVS.

Additional sensor data can be introduced to enhance the
overall comprehensiveness of scene representation. For in-
stance, IMU and LIDAR pointcloud data can serve as Gaus-
sian Splatting surfaces initialization (Hong et al. 2024),
while depth-resolved imaging sonar (Qadri et al. 2024), ther-
mal images (Ye et al. 2024) and multi-spectral images (Li
et al. 2024) can provide supplementary imaging data be-
yond RGB cameras, enhancing scene representation. Gener-
ally, the introduction of supplementary modalities in these
systems is typically achieved by developing an imaging
system that maintains fixed relative positions. This limita-
tion arises from the challenge of cross-modality information
alignment. When processing single spectral image inputs,
camera poses can be easily obtained using the Structure-
from-Motion (SfM) method. However, this approach proves
ineffective when used with cross-spectral images. In cross-
spectral scene representation, only the camera poses of one
spectrum can be obtained by SfM; additional spectral cam-
era poses obtained independently through SfM do not main-



tain spatial consistency.

X-NeRF (Poggi et al. 2022) first proposed normalized
cross device coordinates (NXDC) to align ray sampling be-
tween cameras and used a joint neural radiance field to rep-
resent cross-spectral scenes. The pose of each camera is de-
termined by learning a fixed relationship with a specified
standard spectra. Evidently, this approach results in cross-
spectral representations that are dependent on specific imag-
ing systems, thereby limiting the system ability. Addition-
ally, the implicit representation complicates real-time ren-
dering and the cross-spectral representation of large scenes.

In this paper, we propose SOC-GS to address limitations
in current methods. Specifically, by leveraging the spatial
occupancy consistency of the cross-spectral scene surface,
we describe the consistency surface using 3D Gaussians.
The fundamental attributes of these Gaussians are shared
across the cross-spectral scene, with the colors of each spec-
trum represented by independent spherical harmonic coef-
ficients. Given these settings, we individually optimize the
poses of each view to reduce reliance on specific imaging
systems. Due to the challenges in aligning cross-spectral
cameras using a single matching or optimization method, we
propose a two-stage Gaussian joint optimization pipeline for
determining cross-spectral cameras poses. Initially, we use
the attributes of Gaussians with spatial occupancy consis-
tency and the LoFTR (Sun et al. 2021) matcher to roughly
estimate the poses of cross-spectral cameras. Subsequently,
the preliminary poses determined in the initial phase serve as
initialization for the joint optimization of poses and Gaus-
sian Splatting, aiming to achieve a cross-spectral Gaussian
scene representation. Moreover, to enhance rendering qual-
ity, we improve a cross-spectral adaptive densify controller
that is guided by the primary spectrum. This controller aims
to enhance the reconstruction quality of non-overlapping ar-
eas within the FOV in cross-spectral view inputs.

Overall, our contributions can be summarized as:

* We propose SOC-GS, a pipeline that achieves cross-
spectral representation from freely acquired images using
shared Gaussian attributes with independent color spher-
ical harmonics. Additionally, we enhance the reconstruc-
tion of non-overlapping areas with a cross-spectral den-
sify controller.

* We propose a two-stage cross-spectral pose optimiza-
tion pipeline, initiating poses by utilizing substantialized
Gaussians and a pre-train keypoint matcher LoFTR, fol-
lowed by a joint differentiable optimization of both poses
and the scene.

* We additionally collect the RealSense dataset for cross-
spectral scene representation. We evaluate the perfor-
mance of SOC-GS using the X-NeRF and RealSense
datasets, which involve bi-modality and tri-modality
cross-spectral scene representation, and provide a com-
prehensive comparison with several advanced methods
based on NeRF and 3DGS.

Related Works

Our work primarily focuses on two key components: the
joint optimization of pose and scene, and the representation
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across different modalities. Below, we will discuss the cur-
rent research in each of these components.

NVS with Camera Pose Optimization. Deep learning
based novel view synthesis develop rapidly after the pro-
posal of NeRF (Mildenhall et al. 2021), several researches
focused on enhancing the rendering quality of NeRF (Zhang
et al. 2020; Xu et al. 2022; Barron et al. 2021, 2022; Miiller
et al. 2022) and the efficiency in training or rendering pro-
cess (Chen et al. 2022; Sun, Sun, and Chen 2022; Fridovich-
Keil et al. 2022; Yu et al. 2021; Wang et al. 2022). Likewise,
some researches attempt to reconstruct scenes from sparse
views with unknown camera poses. NeRF—— (Wang et al.
2021a) first attempt to additionally solve the camera poses
during NeRF optimization, BARF (Lin et al. 2021) and
GARF (Chng et al. 2022) further proposed coarse-to-fine
positional encoding strategy and Gaussian-MLPs to achieve
more precise joint optimization of pose and scene. Nope-
NeRF (Bian et al. 2023) achieved the best performance of
NeRF-based methods by incorporating inter-frame monoc-
ular depth loss. Following the significant improvement of
NVS quality and real-time rendering ability by 3DGS (Kerbl
et al. 2023), CF-3DGS (Fu et al. 2023) and InstantSplat
(Fan et al. 2024) jointly optimize pose with Gaussians by
progressively grow Gaussians and integrating point-based
representation with end-to-end dense stereo model sepa-
rately. Our SOC-GS also built on 3DGS pipeline to repre-
sent scene from cross-spectral images and jointly optimize
cross-spectral Gaussians and pose.

Cross Modality Scene Representation. Cross modality
scene representation plays an important role in world simu-
lation and SLAM. Several simulators for real-world scenes
incorporate different sensor into their scene representation.
For instance, AADS (Li et al. 2019) and UniSim (Yang et al.
2023) integrate LIDAR point cloud into autonomous driv-
ing simulators, while DrivingGaussian (Zhou et al. 2023)
utilizes LIDAR as a prior to initialize Gaussian Splatting
in driving simulator. Similarly in SLAM, previous works
(Hong et al. 2024; Wu et al. 2024; Jeong, Yoon, and Park
2018) utilized LIDAR priors to improve the performance
of SLAM systems, the follow-up researches integrate more
sensors such as IMU et al. into SLAM systems (Lang et al.
2024; Sun et al. 2024). Additionally, some researches intro-
duce other spectral images lacking depth reference informa-
tion into scene representation. SpectralNeRF (Li et al. 2024)
represent multi-spectral scenes by multiple networks, X-
NeRF (Poggi et al. 2022) integrate cross-spectral represen-
tation into NeRF by normalized cross-device coordinates,
addressing the representation of inputs from multiple cam-
eras. Our SOC-GS continue the mode of X-NeRF, reach the
real-time rendering of cross-spectral scene representation,
and eliminate the reliance on stationary imaging devices.

Method

We propose a 3DGS-based cross-spectral scene represen-
tation pipeline. As shown in Fig.2, the pipeline consists
of three components: single spectral Gaussian pre-training,
cross-spectral camera poses initialization and jointly Gaus-
sian Splatting training. In the initial step, we pre-train Gaus-
sian attributes by RGB images and corresponding SfM
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Figure 2: Training pipeline of SOC-GS. Given images acquired by cross-spectral devices, we first perform Gaussian warm-
up on the RGB spectral, then use LoFTR keypoint matcher to obtain 2D matching points between rendered image(with RGB
camera extrinsic and target intrinsic) and target spectral ground truth, the Gaussians are substantiated to solve PNP in the
process. Finally, the spatial occupancy consistency Gaussians differentiably jointly optimized with target poses, and densified
by a cross-spectral controller.

pointcloud. Subsequently, we substantialize Gaussians and Gaussian Splatting initialized by the side-effect point-
initialize cross-spectral poses based on matching. Finally, cloud of SfM and optimized by minimizing the L, distance
the poses and Gaussians are jointly differentiably optimized between rasterized view and ground truth. In this article, we
to achieve cross-spectral scene representation. propose a hypothesis that Gaussian primitives can provide

suitable approximation for scene surface, and such approxi-
Spatial Occupancy Consistent Cross-Spectral 3D mation holds across different spectral. Given this premise,
Gaussian Splatting we can expend Gaussian Splatting to cross-spectral, let
3D Gaussian Splatting decompose scene representation into G99¢ denotes the spatial occupancy consistency Gaussian

G primitive with common mean M, covariance ¥ and opacity

a set of explicit combinations G = {(M;, %, ¢;, O’i)}L:p A ; .
where M;, X, ¢; and o; represent mean, covariance matrix, 0. Then ¢ signifies the independent color representation
within each spectral:

color and opacity of ¢ — th Gaussian primitive. More specif-
ically, M; € R? denotes the 3D coordinate of the center of So = {gSOC(Mi7 i, ), ¢ }‘S| (5)
anisotropic spheres. To ensure covariance matrix are positive
semi-definite, the covariance matrix > composed of given a
rotation matrix R and scaling matrix S:

What we need to do is optimize the umﬁed Gaussian and
spherical harmonics in each spectral. In SOC-GS, we use
the views of RGB camera for preliminary 3D Gaussian pre-

¥ = RSSTR” Q) train, the optimization of cross-spectral poses and scene rep-
where the scale and rotation are denoted by 3D vector s and resentation are both based on these pre-trained Gaussians.
unit quaternion g respectively to ensure normalization. Fi-

nally, each Gaussian primitive can be expressed as: Cross-spectral Pose Initialization by Matching

i mTy1 M Our objective is to introduce cross-spectral representation

G(X)=e> @) based on pre-train Gaussians. Take X-NeRF for example,

Then following Zwicker et al.(Zwicker et al. 2001), where the scene is captured using cameras in RGB, multi-
project 3D Gaussians to 2D for rendering: spectral, and infrared spectral. The intrinsic of these three
Y= JgwswTjT 3) cameras has been previously calibrated, with only the poses

of RGB camera being determined by SfM. X-NeRF com-
bined these cameras to form an imaging system that ensure a
fixed position relationship between each camera. To mitigate
the influence of shutter synchronization errors on scene rep-
resentation and improve system flexibility, we optimize the
extrinsic of each view separately in SOC-GS, so that SOC-
GS can be easily extended to sparsely constrained imaging
systems. Since cameras intrinsic are known, we firstly ren-
der on pre-trained Gaussians with known RGB camera pose

where J is the Jacobian of the affine approximation of the
projective transformation and W represents for given view-
ing transformation. After splatting, the image is divided into
patches, the Gaussians intersected with corresponding patch
are sorted by depth, then accumulate the color of each pixel
by a-blending (Kopanas et al. 2022), ¢; is a three channel
color calculated from spherical harmonic coefficient, and o;
is the shared transparency:

and target camera intrinsic that require initialized:
C= Z Giti H 1- Qj @ Arefg re 9
v i ¢ =GP °(Prep, Km), m € (MS, Infrared)  (6)
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where GP"¢ represents the pre-trained Gaussian rendering
function, Prgp is the known pose of RGB camera and
K., represents target multi-spectral/infrared camera intrin-
sic. We simply register each reference image I/ with cor-
responding captured image from spectral m to form a regis-
tration pair{I}", i;ff } ¥ . For more general cases, just need
compute the average Euclidean distance of matching key-
points between the captured and reference. The image with
lowest value can be chosen to form the registration pair.

Then within predefined confidence, we use LoFTR(Sun
et al. 2021) to detect matching keypoints between the ren-
dered and query images. Different from iComMa(Sun et al.
2023), we refrain from employing matching results for dif-
ferentiable optimization, as local feature matching methods
exhibit instability when applied in cross-spectral views. In-
stead, we use the matching keypoint pairs {¢;, m; } to deter-
mine the shared 3D anchor points p; in reverse:

{Ks[Rs“s}pz = q;,

7
K, [RltJp: = m; @

where K denotes the camera intrinsic of source reference
image. To determine the 3D anchor points, we sort the Gaus-
sians intersected with keypoint pixels by depth, which hap-
pens to be a sub-product of vanilla Gaussian Splatting opti-
mization. The closest Gaussian is substantialized in matrix
form of an ellipsoid: mean M as the center of ellipsoid,
quaternion ¢ and scale s in the covariance component are
normalized as the rotation and scale matrix of ellipsoid:

E=TRS

®)

where T, R, S are the translation, rotation and scale matrix
of the ellipsoid E. Meanwhile, representing the ray through
camera optical center and keypoint of 17/ in form of para-
metric equations, and perform inverse transformation in the
form of ellipsoidal transformation matrix E:

TEt) =F o+ Etd )
solving the intersection of ray and ellipsoid is equivalent to
following equation:

| E~ o+ E~1td ||?=1 (10)

The detailed derivation process can be found in the ap-
pendix. By employing a series of 2D-3D registration pairs,
we determine target camera pose using EPNP (Lepetit,
Moreno-Noguer, and Fua 2009) and eliminate outliers by
RANSAC (Fischler and Bolles 1981). We use the outcome
of Perspective-n-points (PnP) method for pose initialization.

Differentiable Joint Optimization

Matching-based method can rapidly provide initial pose es-
timation for cross-spectral cameras. However, the predicted
points and confidence maps derived from cross-spectral im-
ages matching may lack precision and thoroughness, re-
sulting in blurred Gaussian scene representation. To miti-
gate such blur, we further jointly optimize the poses and
scene by cross-spectral views, the optimization of poses is
independent of Gaussian attributes. Follow the settings of
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NeRF——(Wang et al. 2021b), we optimize the poses for
each input image I/ of modality m with trainable rotation
vector ¢;" and translation vector t;", then convert t}"* to ma-
trix from Rodrigues’ formula to ensure the rotation matrix
R € SO(3). The outcome of preceding stage is set as the
initial rotation and translation vector. After initialization, we
learn a set of cross-spectral spatial occupancy consistency
Gaussians to minimize the photometric loss between the ren-
dered image and corresponding spectral frame I, ,,:

HW
N S argg;nin Z ZHgi(Pv,mv Km) _Itiz,?n” (In

wm peN i=1

where G represents Gaussian rendering function with shared
attributes, P, ,,, signifies the spectral dependent view poses.
This formulation jointly optimize the Gaussian attributes
and cross-spectral camera poses by pixel difference with-
out introducing additional constraints. At each optimization
iteration, we choose one spectral m in sequence as current
optimization spectral, and utilize corresponding view to cal-
culate the photometric loss for optimization. The photomet-
ric loss £,,, is £1 combined with a D-SSIM term:

Lmn=0—-XNL1+Ap_ssim (12)

We use A = 0.2 for all experiments, consistent with 3DGS.
Meanwhile, to mitigate the substantial expenses from au-
tomatic differentiation, we extend the derivation of poses
gradient based on 3DGS. The details regarding the calcu-
lations of derivatives is presented in appendix. Note that the
majority of gradients necessary for pose estimation are al-
ready utilized by Gaussian optimization, we can reuse these
gradients for minimal additional computational expenses.

Cross-spectral Adaptive Densify Controller

Due to the sequential optimization conducted by SOC-GS
on cross-spectral views, maintaining the Gaussian densify
strategy during pre-training may result in ambiguity, and
under-reconstruction of areas beyond primary FOV. There-
fore, we extend the densify controller to cross-spectral.
In optimization, we individually accumulate the gradient
in view-space for each spectral and periodically eliminate
transparent Gaussians. For possible floaters excessive occu-
pied in view-space, we use a fixed threshold for affected pix-
els and remove floaters by the gradients derived from the
spectral with the smallest FOV. For Gaussians with average
magnitude of view-space position gradients above threshold,
we also distinguish such Gaussians as under-reconstruction
and over-reconstruction to apply densify. The region under-
reconstruction do not involve optimization ambiguity, it sim-
ply requires cloning based on corresponding spectral.
Relatively, the region over-reconstruction exist optimiza-
tion ambiguity, the different accumulated gradients of each
spectral result in disparate Gaussian PDF sampling during
densification, repeated densify may lead to ineffective opti-
mization. Therefore, in SOC-GS, the original Gaussian only
sample according to pre-train spectral, the Gaussians added
by splitting are initialized by each spectral separately. Intu-
itively speaking, we fill the out-of-FOV regions while main-
taining pre-trained Gaussians attributes as much as possible.
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Figure 3: Qualitative Comparison of Novel View Synthesis on (a) X-NeRF and (b) RealSense datasets. Each camera pose
corresponds to three spectral rendering results of RGB, IR, MS from top to bottom.

Experiments
Experimental Setup

Datasets. We evaluated the performance of our method
using the publicly X-NeRF dataset and our self-collected
RealSense dataset. (1) X-NeRF dataset. X-NeRF consists
of 16 indoor forward-facing scenes, each containing about
30 images from RGB, Multi-spectral and Infrared cameras,
5 images reserved for testing, and the rest for training. The
three cameras are mounted on one single device to maintain
a fixed relative alignment, simultaneously capturing RGB,
infrared, and multi-spectral images. All scenes in the X-
NeRF dataset are indoor and cover a limited range of move-
ment. (2) RealSense dataset. To evaluate the performance
of cross-scene representation methods in a wider variety of
scenarios, we also captured three indoor scenes and two out-
door scenes using the Intel RealSense D435 depth camera.
Each scene includes a variable number of RGB and binocu-
lar infrared images at a resolution of 720p. For the outdoor
scenes, structured light sensors were used to obtain accurate
depth maps.

Implementation Details. We implemented our method
using PyTorch framework on one single RTX3090 by taichi
(Hu et al. 2019, 2020, 2021) to accelerate optimization and
rasterisation. We start from the point cloud output from SfM
to pre-train Gaussians for 5000 iterations using only RGB
images, then initialize the camera poses of the remaining
spectral images. Each view that requires initialization takes
approximately 2 seconds. After initialization, the Gaussian
attributes are unfrozen and enhanced in combination with
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color spherical harmonics and cross-spectral poses, optimiz-
ing all involved spectra with each iteration. We set the con-
fidence threshold for LoFTR matcher to 0.5.

Metrics. For novel view synthesis evaluation, we use
PSNR and SSIM to compare the quality of rendered images
and ground truth. To evaluate pose accuracy in cross-spectral
representation, the Euclidean Metric (EM) is used instead of
the ATE and RTE metrics because only the RGB camera
poses are known, and the other camera poses lack ground
truth. Specifically, we use LoFTR to extract matching key-
points from rendered images and the ground truth and then
calculate the average EM. Only LoFTR keypoints with con-
fidence greater than 0.5 are used for the EM computation.

Novel View Synthesis Experimental Results

We compare the NVS performance of our method
with vanilla NeRF, 3D Gaussian Splatting, Nope-NeRF,
Flowmap (Smith et al. 2024), and X-NeRF using both the X-
NeRF and RealSense datasets. Among these methods, only
X-NeRF and our method possess cross-spectral rendering
capabilities, meaning the results are generated by a unified
model. The results from the other methods are generated by
rendering models that were independently trained on each
spectra. We use NeRF and 3DGS as baseline methods to
compare the rendering quality of our method. Additionally,
we include Nope-NeRF and Flowmap, which are the opti-
mal pose estimation methods based on these baselines, to
evaluate the pose estimation performance. Since the poses
of the RGB images are already known, we do not provide
the NVS results of these two methods for the RGB images.



Set. Tri-Modality Avg. (PSNR1/SSIM1/EM..) Bi-Modality Avg. (PSNR1/SSIM1/EM.)
Method|Spectra RGB Multi-spectral Infrared RGB Multi-spectral

NeRF 34.476 0.909 1.165|39.378 0.982 0.755 |37.204 0.980 8.000 |34.476 0.909 1.165|39.378 0.982 0.755
3DGS 34.665 0.922 1.578|38.788 0.981 0.922 |37.302 0.981 8.043 |34.665 0.922 1.578|38.788 0.981 0.922
Nope-NeRF | N/A  N/A N/A |25.967 0.748 56.459|28.690 0.887 23.210| N/A N/A N/A |25.967 0.748 56.459
Flowmap N/A  N/A N/A |37.376 0.950 1.203 |35.962 0975 7.265 | N/A N/A N/A |37.376 0.950 1.203
X-NeRF 31.699 0.888 2.766|35.541 0.945 0.992 |33.253 0.935 15.179]32.089 0.890 2.510{35.922 0.950 1.429
SOC-GSaoc  |34.809 0.922 1.356|36.260 0.964 0.911 |33.801 0.970 7.201 |34.472 0.921 1.682]38.547 0.979 0.958
SOC-GSext  [34.907 0.922 1.350(40.492 0.988 0.710 |36.808 0.981 5.976 |34.483 0.922 0.854(40.081 0.981 0.672

Table 1: NVS quantitative comparisons with other methods on 16 scenes of X-NeRF dataset. The subscript ¢ denotes extending
training time to match the total of all spectra’s. The results from best to 3rd are represented in bold, underline, and italic.

Set. Indoor Avg. (PSNRT/SSIM1T/EM)) Outdoor Avg. (PSNR1/SSIM1/EMJ)
Method|Spectra RGB Infrared RGB Infrared

NeRF 26413 0.769 3.566 | 25.579 0.868 35.429|22.551 0.505 3.182 | 18.811 0.666 48.970

3DGS 29.220 0.838 1.321 | 29.047 0.952 1.609 | 25.265 0.728 0.715 | 25.464 0.907 0.787
Nope-NeRF N/A N/A NA | 19222 0792 89.214| N/A N/A N/A | 13362 0559 126.704
Flowmap N/A  N/A N/A |27.732 0883 40513 | N/A N/A NA |22447 0790 21851
X-NeRF 20.654 0.656 82.198 | 21.308 0.774 60.166 | 18.340 0.395 25.039 | 14.601 0.505 60.844

SOC-GS 29.253 0.838 1.507 | 29.579 0.932 9.628 | 25.085 0.712 0.605 | 26.456 0.862 4.370

Table 2: NVS quantitative comparisons in terms of PSNR, SSIM, EM on 5 scenes of Real-Sense dataset.

Furthermore, note that since our method is based on 3DGS,
the spherical harmonic coefficients that define the color rep-
resentation in SOC-GS are optimized independently for each
spectral. Consequently, we extend the training iterations in
the three cross-spectral rendering tasks to match the total
optimization time in single-spectral representation.

Results on the X-NeRF dataset. As shown in Tab. 1, we
evaluate the rendering quality across three spectra and two
spectra on the X-NeRF dataset. The results demonstrate that
the proposed SOC-GS outperforms the competing X-NeRF
in NVS performance under both settings. Additionally, in
pose optimization, SOC-GS significantly surpasses the two
pose estimation methods, owing to the pre-trained 3D Gaus-
sians as pose estimation reference. Our SOC-GS method ef-
fectively leverages the optimized consistency of Gaussian
representations across cross-spectral views, leading to better
performance than 3DGS in partial spectra. The qualitative
experimental results in Fig.3 (a) visually support the perfor-
mance gains. The rendering quality of SOC-GS is noticeably
better than that of X-NeRF across all three spectra, with de-
tails and texture quality comparable to pose-known methods.

Figure 4: Camera translations during training. Left:
we show camera translation on two scenes (a)cvlab and
(b)penguin2. Right: we show corresponding view frustums.
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X-NeRF

SOC-GS

Figure 5: Quantitative results of cross-spectral rendering.
We presented the results from scene fruits and park?2.

In addition to using EM metric to evaluate pose alignment
from optimized Gaussians, we further plot the translation of
camera centers in Fig.4 to observe the convergence speed of
pose optimization. The MS and Infrared cameras are repre-
sented in blue and red respectively, with known RGB cam-
era pose shown in green. We observe that after about 10,000
iterations, the camera positions stabilize. Concurrently, the
relative positions of the three cameras become fixed, align-
ing with the settings used in X-NeRF collection.

Results on the RealSense dataset. Similarly, we eval-
uated the NVS performance on the collected RealSense
dataset, incorporating the stereo infrared camera imaging as
an additional spectral for scene representation. Five pairs of
images were reserved for evaluation, with the results pre-
sented in Tab.2. Due to the increased span of scene acquisi-
tion, the non-strict synchronization of camera capture times
leads to instability in the relative poses of the final images.
In such scenes, X-NeRF’s reliance on fixed relative relation-



ships results in blurred scenes, as evidenced by the qualita-
tive results in Fig.3(b). In contrast, our SOC-GS indepen-
dently optimizes the pose of each view, mitigating the im-
pact of hardware capture limitations on scene representation.

Cross-spectral Rendering Experimental Results

We further evaluated the performance of SOC-GS and X-
NeRF in cross-spectral rendering. We show the comparison
results in Fig.5, the rendering intrinsic determined by min-
imal common FOV. The quantitative experimental results
show that proposed SOC-GS perform better than X-NeRF
in texture rendering (as shown in scene fruits) and cross-
spectral alignment (as shown in scene park2). The rendered
results of the park2 scene include depth estimation maps ob-
tained by each method. It is evident that the depth map gen-
erated by SOC-GS aligns more closely with the rendering
results, indicating that the model has learned more accurate
spectral-independent geometric features of the scene. Addi-
tionally, another significant advantage of our method is the
real-time rendering ability. As shown in Tab.3, we compared
the cross-spectral rendering speed at different resolutions.
SOC-GS can achieve about 120 fps in 1Mpx resolution ren-
dering, much higher than X-NeRF. Additionally, we use mu-
tual information (MI) as a metric to demonstrate the content
relevance of the generated cross-spectral views. Evidently,
our SOC-GS performs better.

Set. Rendering Cost vs. Resolution (FPST/MIT)
X-NeRF dataset RealSense dataset
Method|Res.
ethod|Res RGBiov MSomm  IRiom [RGBoom IRoom
X-NeRF [0.01/0.78 1.82/1.07 0.16/0.99|0.15/0.61 0.15/0.46
SOC-GS (17.3/0.87 235/1.15 119/1.07 (95.7/1.31 95.7/0.53

Table 3: Cross-spectral rendering cost across resolutions. We
report FPS and MI on X-NeRF and RealSense dataset.

Tri-modality Avg. Bi-modality Avg.
Set. RGB MS IR RGB MS
pi pj w;| (a) Ablation of pose optimization (PSNR1/SSIMT)
v/[34.00/0.9333.25/0.9429.19/0.94{34.18/0.93 32.60/0.93
v 4/[34.36/0.9340.12/0.9931.08/0.96/33.65/0.92 39.43/0.97
Vv 1/[32.01/0.9223.41/0.8219.31/0.83|33.46/0.92 24.20/0.80
Vv [32.80/0.9223.12/0.9119.34/0.83(32.13/0.9222.21/0.75
V' 1/[34.37/0.9337.56/0.98 34.65/0.97|34.18/0.93 39.10/0.98
hpd.| (b) Ablation of densify controller (PSNR1/SSIMT)
Vv [34.62/0.9337.77/0.9732.11/0.97(34.79/0.9338.97/0.98
V/[33.35/0.9336.54/0.97 33.43/0.97|34.35/0.93 38.26/0.97
v +/[34.37/0.93 37.56/0.98 34.65/0.97|34.18/0.93 39.10/0.98

Table 4: Ablation results. (a) Ablation of pose optimization,
p; and p; represent for the initialization and joint optimiza-
tion step. w; represents the poses optimized independently.
(b) Ablation of densify controller. d. and h,, represent the
densify controller in SOC-GS and the hold strategy.

Figure 6: Quantitative results of pose optimization ablation.

Ablation Studies

We present ablation studies on 5 scenes to verify and analyze
the effectiveness of each component of SOC-GS.

Fine-to-Coarse pose optimization. We present the rela-
tionship between rendering results and the two-stage pose
optimization in Tab.4(a). When joint optimization is not en-
abled, the rendering performance for MS improves, while
the infrared decreases. This is because our pose initializa-
tion method directly estimates poses well based on high
spectral similarity, and fixed poses further aid in optimizing
the Gaussian attributes. The absence of both steps implies
the direct scene optimization using independently obtained
COLMAP poses. The rendering result shown in Fig.6(d)
confirm that the poses obtained independently have no con-
sistency, which lead to rendering ghost.

Adaptive Controller. Similarly, we conducted an ablation
study on the cross-spectral adaptive densify controller, as
shown in Tab.4(b). When the Gaussians need to be split are
not preserved, rendering performance improves under RGB
and MS spectra, but decreases for the infrared spectra. No-
tably, the infrared camera has a much larger FOV than the
others, meaning that preserving the original Gaussians is
crucial for accurately reconstructing open areas.

Conclusion

We have proposed SOC-GS, a Spatial Occupancy Con-
sistency Gaussian Splatting pipeline, to achieve real-time
cross-spectral scene rendering. Our approach utilizes a two-
step pose optimization strategy to initialize cross-spectral
camera poses, which are then jointly optimized with the
scene representation. Leveraging a cross-spectral adap-
tive densification controller, our method generates high-
quality cross-spectral views. Comprehensive experiments
have demonstrated the superiority of the proposed SOC-
GS. In the future, we will further investigate the benefits of
cross-spectral views on Gaussian geometry optimization to
enhance the accuracy of scene geometry representation.
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