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ABSTRACT. Simultaneous Localization and Mapping (SLAM) based on 3D Gaussian
Splatting (3DGS) have demonstrated significant advantages in high-fidelity map recon-
struction and real-time rendering. In particular, Inertial Measurement Unit (IMU) has
proven to be highly effective in enhancing SLAM performance by providing robust mo-
tion constraints in visually degraded environments. However, existing visual-inertial SL-
AM systems using 3DGS often suffer from poor initialization and insufficient IMU bias
correction, which limits their robustness in challenging scenarios. To address these is-
sues, we propose MTCGS, a tightly coupled multi-modal SLAM framework that integrates
8DGS with inertial measurements. Our method employs joint optimization of IMU pre-
integration residuals and 3DGS rendering loss to refine both camera poses and inertial
noise parameters, enhancing pose estimation especially in the presence of visual degra-
dation. For map reconstruction, we introduce a hybrid keyframe selection strategy com-
bining a sliding window with adaptive optimization to prevent catastrophic forgetting.
Furthermore, 3D Gaussian smoothing and an improved isotropic regularization loss are
applied to suppressing high-frequency artifacts and enhancing reconstruction quality. We
evaluate our system on the OpenLORIS and TUM-RGBD datasets. Ezxperimental results
show that MTCGS outperforms the representative method MMSDGS in both localization
accuracy and mapping robustness, particularly under conditions of noisy inertial data.
Keywords: SLAM, IMU, 3DGS, Tightly coupled optimization, Multi-modal fusion

1. Imtroduction. SLAM is an important research topic in the field of computer vision,
which requires exploring the environment and estimating the camera’s pose in real time
without prior map information. Traditional SLAM systems are suitable for large-scale
scenarios such as autonomous driving, robotics, and augmented reality through high po-
sitioning accuracy and real-time processing capabilities. These advancements have signif-
icantly advanced the autonomy and interactivity of intelligent systems.

Although SLAM technology has achieved remarkable results, the discrete surface repre-
sentations (e.g., point clouds [1], voxel meshes [2], and octree trees [3]) used in traditional
SLAM technologies, resulting in inevitable distortions during map reconstruction. In ap-
plications requiring high-fidelity 3D reconstruction, the Neural Radiance Field (NeRF) [4]
and 3DGS [5] can be used to establish a more detailed geometric field model. Compared
with the traditional map representation, the quality of radiance field mapping is more
realistic and it provides new perspective synthesis capability.
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Recently, 3D Gaussian Splatting has emerged as a more efficient alternative to NeRF.
Compared to NeRF [6-8], 3DGS leverages explicit scene representation and rasterization-
based rendering to achieve superior image quality and significantly faster rendering speed,
making it well-suited for real-time SLAM applications [9-11]. Inertial measurement units,
which provide visual-independent motion information, are lightweight and cost-effective,
making them valuable for enhancing SLAM robustness in challenging environments. Com-
bining the complementary strengths of 3DGS and IMUs, visual-inertial SLAM systems
based on 3DGS [12-15] show strong potential for real-world deployment. This combina-
tion offers both high-fidelity reconstruction and real-time performance, drawing increasing
attention in robotics and autonomous systems.

However, existing 3DGS-based visual-inertial SLAM systems face two challenges. First,
despite the advantages of IMU integration, many systems suffer from poor initialization
and unoptimized IMU bias correction, making them highly sensitive to inertial noise and
calibration errors [14]. Second, in the map reconstruction process, 3DGS tends to suffer
from catastrophic forgetting of old observations and the emergence of high-frequency
artifacts [16,17], which degrade reconstruction quality over time.

To address these limitations, we propose MTCGS, a tightly coupled multi-modal SLAM
framework that integrates 3DGS with inertial measurements. Our method performs joint
optimization of IMU pre-integration residuals and 3DGS rendering loss, enabling simul-
taneous refinement of camera poses and IMU noise parameters. For mapping, we design
a hybrid keyframe selection strategy that combines a sliding window and an adaptive op-
timization window to mitigate long-tail optimization issues and prevent forgetting. Addi-
tionally, to further enhance reconstruction quality, we introduce a low-pass 3D Gaussian
smoothing filter with a dynamically adjusted kernel size, along with an improved isotropic
regularization loss to suppress high-frequency artifacts.

Specifically, the main contributions of this paper are as follows.

e We propose a robust framework that integrates IMU data with 3D Gaussian Splat-
ting. This includes a joint optimization algorithm combining IMU residuals and 3D
Gaussian rendering loss, along with a gravity-aligned initialization method.

o We design a keyframe selection strategy that combines a sliding window mechanism
with adaptive optimization to mitigate catastrophic forgetting. In addition, we in-
troduce 3D Gaussian smoothing and an improved isotropic regularization loss to
suppress high-frequency artifacts in map reconstruction.

e We implement an RGB-D SLAM system based on 3DGS, which demonstrates im-
proved robustness to IMU data quality compared to existing methods such as MM-
3DGS.

The remainder of this paper is organized as follows. Section 2 provides a review of
related work in visual-inertial SLAM and 3D Gaussian Splatting. Section 3 presents the
proposed MTCGS framework in detail, including the tightly coupled optimization strate-
gy, initialization method, and the designed modules for mapping and regularization. Sec-
tion 4 reports extensive experimental evaluations, where the proposed system is compared
against several state-of-the-art baselines to demonstrate its effectiveness and robustness.
Finally, Section 5 concludes the paper and discusses limitations as well as potential future
research directions.

2. Related Works.

2.1. Dense visual SLAM and map representation. Sparse SLAM algorithms, such
as ORB-SLAM2 [18] and DSO [19], prioritize localization accuracy and computational
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efficiency, typically employing sparse feature point clouds for map representation. In con-
trast, dense (or intensive) SLAM [20] aims for high-quality scene reconstruction, with map
representations generally categorized into two paradigms: view-centric [17] and world-
centric [21]. In dense view-centric SLAM, the 3D scene representation is often anchored
to keyframes [22,23]. This allows for localized updates, which helps reduce computational
overhead and facilitates efficient optimization. On the other hand, world-centric dense
SLAM systems anchor the 3D map to a global coordinate frame, and commonly use rep-
resentations such as surfaces [24], voxel grids [3], and Signed Distance Functions (SDFs)
[25] to model the scene.

2.2. SLAM based on NeRF and 3D Gaussians. In the field of state-of-the-art view
synthesis, NeRF’s implicit representation method [4,26] has achieved remarkable success.
iMAP [6] enables MLP based map construction for the first time, by reducing the num-
ber of parameters in NeRF and using RGB-D data. NICE-SLAM [7] adopts the explicit
radiance field of multi-level network structure to optimize the parameters of scene repre-
sentation hierarchically. ESLAM [8] uses three coarse feature planes and three fine feature
planes to improve convergence speed and reconstruction quality.

Compared to NeRF, 3DGS [5] and subsequent developments [27] have significant ad-
vantages in terms of visual quality and training speed. The Gaussian Splatting SLAM
(MonoGS) [28] adopted an explicit mapping method based on 3DGS. The analytical Jaco-
bian matrix between pose and Gaussian features is constructed using the chain derivation
rule, and the 3DGS-based SLAM system is realized. GS-SLAM [11] further introduces a
dynamic scaling strategy that adaptively adds or removes Gaussian primitives based on
the complexity of the scene, and achieves joint optimization of camera pose and scene
geometry through global Beam Adjustment (BA).

2.3. Visual inertial SLAM. Pure visual SLAM systems are vulnerable to challenges
such as rapid motion and overexposure. A widely adopted solution is to fuse visual da-
ta with inertial measurements from IMUs, an approach that has also been extended to
radiance-field-based SLAM systems [12,13]. However, the quality of inertial data is often
degraded by sensor bias and limited sampling rates. To mitigate these issues, techniques
such as filtering [14] and nonlinear optimization [15,22] are commonly used. Among them,
manifold-based pre-integration [29] is a popular method for preprocessing IMU data to
accelerate subsequent optimization. OKVIS [30] introduces a keyframe-based sliding win-
dow approach for batch nonlinear optimization. Similarly, VINS-Mono [15] employs a
tightly-coupled sliding window pose estimation framework and demonstrates that nonlin-
ear optimization generally yields higher accuracy than filtering methods. It also proposes
a complete and lightweight SLAM front-end based on optical flow.

3. Method. Our system framework is illustrated in Figure 1. As shown in the figure,
the system takes RGB, RGB-D, and IMU data as input. In the localization module, IMU
pre-integration is used to initialize motion parameters and estimate the gravity direction,
and the corresponding residuals are incorporated into pose optimization. In parallel, the
mapping module adopts a hybrid strategy that combines adaptive keyframe selection
with a fixed sliding window to achieve a balance between real-time performance and
global consistency. Moreover, a 3D Gaussian low-pass filter with an adaptive kernel size
is employed to smooth Gaussian primitives, thereby suppressing high-frequency artifacts
and enhancing reconstruction quality. Finally, the optimization process jointly minimizes
the IMU pre-integration residuals and the 3D Gaussian rendering loss, which allows the
simultaneous refinement of camera pose, IMU bias, and Gaussian parameters.
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FIGURE 1. Overview of the MTCGS-SLAM framework

3.1. 3D Gaussian Splatting. Scene mapping uses a set of 3D Gaussian features as the
scene representation. Each 3D Gaussian is defined with a covariance matrix, which is
parameterized as follows:

G:{Gz(,LLZ,E,L,OZ,CZ”Z:LQ,,N} (1)
The 3D Gaussian distribution can be expressed as
1
G(r) = exp <—§(x — )X (x — ,u)T> (2)

Color and opacity are directly represented through explicit 3D Gaussian expressions.
Here p1; € R? represents position, ¥; € R3*3 represents 3D covariance matrix, O; € R
represents opacity, and ¢; € R'? represents spherical harmonic coefficient, which can real-
ize color calculation. In order to reduce the number of 3DGS parameters, the covariance
parameters are expressed as

¥ = RSSTRT (3)
where S € R? is a 3D scale vector, and R € R3*3 is the rotation matrix, storing as a 4D
quaternion. Given the camera pose = {R, P} to generate a 2D plane for a 3D Gaussian
projection:

> =Jp s (p ) It (4)
where J is the Jacobian determinant of the affine approximation of the projective function,
p denotes the projection function that maps 3D coordinates into the image plane, and ¥’
is the projected 2D covariance matrix. After projection, the Gaussian features are sorted
by depth and the map is rendered in an integral manner similar to Equations (5) and (6).

Therefore, there are commonalities in the pose estimation algorithms of radiated field
SLAM.

O(G,T) == ZCZ'OQ ]j(l — Oéj) (5)

where ¢; and a; are obtained by two-dimensional Gaussian projection sampling, with o
denoting the opacity (or transparency weight) of the i-th Gaussian.
Similarly, the pixel depth D can be expressed as
i—1

D(G,T) = Z d;a; H(1 — ) (6)



INT. J. INNOV. COMPUT. INF. CONTROL, VOL.22, NO.3, 2026 643

Here d; denotes the depth value of the i-th Gaussian sample, and a; represents its blending
weight after projection.

Since the rendering process is differentiable, 3D Gauss parameters and camera pose can
be optimized by minimizing pixel depth and color loss:

lossgaussian = Ll(Ia C(Ga T)) + Ll(D7 D(Gv T)) (7)

where I represents the truth value of the RGB image, D represents the truth value of the
depth map, and L;(-) denotes the L1 loss function.

3.2. IMU pre-integration algorithm. Accurate pose optimization during localization
requires good initial estimates for fast convergence. Traditional constant-velocity models
often fail under rapid motion or low frame rates.

To improve initialization, this study integrates IMU acceleration and angular velocity
data. However, direct IMU integration suffers from noise, bias, and attitude errors, which
amplify over time due to gravity coupling, leading to instability.

To address this, we adopt a manifold-based IMU pre-integration algorithm [25], which
jointly optimizes camera pose and IMU noise parameters by fusing IMU data with the
differentiable rendering loss from 3D Gaussian Splatting.

The camera state at time T is defined as

C; = [Rs, P, V;, ba;, by (8)

where R; € R3*3 (orientation), P; € R3 (position), V; € R? (velocity) are motion param-
eters, and ba;, bg; € R? are the accelerometer and gyroscope biases.

IMU pre-integration computes the relative velocity, position, and orientation between
frames, as well as their Jacobians with respect to ba; and bg;. These pre-integrated mea-
surements and Jacobians are used in the subsequent optimization.

The specific equations for the pre-integrated terms and their Jacobians are as follows:

J

AR;; = H exp((wy, — bgr)At) 9)
k=i
J
Avij =Y ARy (ax — ba) At (10)
k=i
J
AP; =" AvypAt +0.5AR;(ay — ba) At® (11)
k=i

Here, At denotes the time interval between two consecutive frames. w; represents the
gyroscope’s angular velocity measurement at the k-th frame, and a; denotes the ac-
celerometer’s measurement at the k-th IMU frame. It is assumed that the bias remains
constant between image frames. Here, AR;; is the pre-integrated relative rotation from
frame ¢ to j, Av;; is the pre-integrated relative velocity, and AP;; is the pre-integrated
relative position.

To reduce the computational cost of frequent updates, the Jacobian matrix of the pre-
integration terms is computed iteratively and stored, based on the assumption of zero
bias during integration.

When external noise is introduced into the integration process, the covariance matrix of
the pre-integrated measurements becomes a critical metric for evaluating the confidence
of the pre-integration results. The initial covariance matrix is defined as a zero matrix
of size 9 x 9. Let Cj_; represent the covariance matrix at the (j — 1)-th frame. Upon
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receiving the j-th IMU frame, the covariance matrix is updated recursively according to
the following formula:

ARj,j—l 0 0
Aj—l = —AR]‘J‘_l(CL - ba)AAt 1 0 (12)
L —O.5ARJ'7J',1((I — ba)AAt —IAt T
[ JITAt 0
Bj—l - O ARj,j_lAt (13)
| 0 0.5AR;; . Af
Cj = Aj1CiiAj_y + BBy B, (14)

where AR is pre-integration term, and J/~! is the right Jacobian of AR on the SO(3).
3, € R%*Y is the zero-mean Gaussian noise covariance matrix for acceleration and angular
velocity. Here, I denotes the 3 x 3 identity matrix, and (a — ba)* represents the skew-
symmetric matrix (cross-product operator) of the vector (a — ba).

3.3. Tightly coupled IMU pre-integration. Motion data include gravity and velocity.
The direction of gravity and the initial velocity have a crucial influence on the convergence
result of the motion constraints loss. This paper adopts the initialization method of Vins-
Mono. Before the initialization process, the IMU data is only used to perform IMU pre-
integration without participating in the tracking module. Only when the accumulation of
keyframes exceeds 10 frames and the image frames exceed 200 frames, the pose derived
from the tracking module is used as the measurements to initialize the velocity and gravity
acceleration estimates for each image frame.

In the pose optimization stage, the residual between the predicted value (provided by
the motion parameter item of the previous frame) and the measured value (pre product
item) is used as the motion constraint loss, and the motion parameters of the current
frame and the previous frame are optimized by minimizing this loss.

The residual formula is as follows:

8ARU

rr = Log [ARijE'xp < Db Abg) RzTRj} (15)
0AV; OAV,;
r, = Rl (v; — v; — gAt) — [Avij + 8bg] Abg + Bba] Aba} (16)
O0AP;; OAP,;
= RT (P; — P, — v;At — 0.5gAt?) — |AP; TA 2A 1
rp =R, ( ¢ . — v; At — 0.5g t) [ i+ 3bg bg + Sba b&} (17)

Here, R; € SO(3) and R; € SO(3) denote the orientations at frames ¢ and j, respectively.
v;, v; € R3 represent the linear velocities, and P;, P; € R? represent the positions of frames
i and j. g € R3is the gravity vector. Abg, Aba € R? are the gyroscope and accelerometer
bias increments, respectively.

The motion constraints loss is obtained as follows:

losspy = TRy T, ) 2C~rg, 7y, 7P] (18)

Here, XC~! is the inverse covariance matrix of the IMU pre-integration noise, used to
normalize the residuals.
Finally, this motion constraints loss can be directly applied to the tracking module of

SLAM:
(19)

losstmckmg = lOSSgaussian + AZOSSIMU

where ) is the total weight of the motion constraint loss.
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To ensure that the influence of inertial measurements is adaptively modulated based on
the geometric reliability of the scene, we introduce a confidence-aware weighting strategy
for A. Specifically, we define a confidence score Con € [0, 1] for each frame based on the
visibility and optimization history of 3D Gaussians within the current view:

Kopt N Kall
Kay

Here, K, denotes the set of 3D Gaussians visible in the current frame, and K, represents
the subset of those Gaussians that were actively optimized in recent mapping iterations.
A higher value of Con indicates a greater level of geometric confidence in the current
frame.

Based on this confidence measure, we define \ as

)\IMU =0.03 + 0.07\/ 1— Con (21)

This adaptive weighting mechanism enables the SLAM system to better handle scenes
with significant viewpoint changes or sparse geometric structures by dynamically balanc-
ing the contribution of visual and inertial modalities during optimization.

In order to accelerate the convergence of the loss, a constant velocity assumption is
made on the velocity and attitude of the current frame based on the motion parameters
of the previous frame, pre-product items, and gravity as a prior for pose and velocity:

v; = v + gAt + R;Av (22)

Pj = P, + 0.5gAt* + v;At + R;Ap (23)

Here, Av and Ap denote the pre-integrated velocity and position increments between
frames ¢ and j, respectively.

Every time the zero bias is updated, in order to avoid recomputing the pre-integration,

the Jacobian matrix of the zero bias is linearly updated through pre-integration incre-
ments, and the pre-integration sub-items are update.

Con = (20)

3.4. Keyframe strategy. To ensure efficient map construction without sacrificing qual-
ity, we design a hybrid optimization strategy that combines a sliding window approach
with an adaptive keyframe selection mechanism.

Let the total number of optimization iterations for each mapping round be denoted as
T. We divide this budget into two components: Ty, which accounts for %T, is allocated
to keyframes within the current sliding window, while the remaining 7;, = %T is reserved
for adaptive keyframes outside the window. This design ensures the majority of computa-
tional resources are dedicated to temporally local and structurally relevant frames, while
still allocating a portion to historically significant but low-quality keyframes.

During each mapping round, we maintain a sliding window of size W centered around
the current frame. Outside this window, we evaluate the Structural Similarity Index Mea-
sure (SSIM) of all keyframes with respect to the current view. Let S; represent the SSIM
score of keyframe i. We sort all keyframes not in the sliding window by S; in ascending
order and select the top K keyframes to form an adaptive set. These are the frames most
likely to be under-optimized and thus benefit from additional refinement.

To avoid repeated computation on consistently low-quality frames, we define a masking
rule. For each adaptive keyframe, we track how many consecutive rounds it has been
selected. If a keyframe k; has been selected m times consecutively, we set a mask flag:

If C; > m, mask(k;) =1 (24)

This mechanism ensures that computational effort is not wasted on frames that consis-
tently fail to improve.
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3.5. Low-pass filter. In order to mitigate the influence of aliasing artifacts generated
by high frequency 3D Gaussian on the quality of the construction, it is a simple and
effective method to use low-pass filter to limit the maximum frequency of 3D Gaussian
[28]. In this paper, we calculate the maximum sampling frequency of all 3D Gaussians
every k iterations during the mapping phase. Instead of directly altering the scale of the
3D Gaussians, the low-pass filter is treated as an inherent property of each Gaussian
primitive. During rendering, the filter is applied to constraining the effective size of the
Gaussian, thereby limiting its frequency response. Because both the sliding window and
the adaptive window are involved in the mapping phase, we compute the maximum sam-
pling frequency using the keyframes selected by both strategies. The goal is to ensure that
each 3D Gaussian primitive is reconstructed by at least one keyframe.

Recent work such as Mip-Splatting [27] mitigates aliasing by introducing multi-scale
Gaussian representations. Although effective, it depends on discretized mipmap levels
and view-dependent sampling, which may cause redundancy and inefficiency in complex
scenes. In contrast, our method integrates the low-pass filter as an inherent property
of each Gaussian and computes a global maximum sampling frequency across selected
keyframes. This avoids explicit multi-scale duplication, ensuring stable reconstruction
with higher efficiency and lower overhead.

We denote the maximum sampling frequency of a 3D Gaussian as

. max{din}N (25)

n=1
where N represents the number of cameras involved in the calculation, f represents the
focal length of the camera, d, represents the depth of the Gaussian sphere observed in
the camera cone to the camera’s optical center, and if neither is observed, the sampling
frequency v = 0.
The low-frequency filter can be interpreted as a convolution operation between a low-
frequency 3D Gaussian and another Gaussian with a smoothing covariance F, defined

as 5]
E=" (26)

v
Here, I is the identity matrix and k is a hyperparameter that controls the strength of the

filter.
When a low-pass filter is introduced, the scale of the 3D Gauss is expressed in actual
rendering as

sp= 1|82+ <E)21 (27)

v

4. Main Results.
4.1. Experimental setup.

4.1.1. Datasets. The OpenLORIS dataset, released at IROS 2019, provides synchronized
RGB-D (30 Hz) and IMU data (gyroscope 400 Hz, accelerometer 250 Hz) from ground
robots, with ground truth from OptiTrack. It is suitable for evaluating visual-inertial
tracking. We use the office sequences. The TUM-RGBD dataset offers synchronized RGB-
D and IMU data with motion capture ground truth in static and dynamic scenes, making it
ideal for benchmarking RGB-D SLAM and visual-inertial odometry. We select sequences
containing both RGB-D and IMU data.
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4.1.2. Ewvaluation metrics. In this paper, Absolute Trajectory Error (ATE) [cm] is em-
ployed to assess pose estimation accuracy, while Peak Signal-to-Noise Ratio (PSNR),
Structural Similarity Index Measure (SSIM), and Learned Perceptual Image Patch Simi-
larity (LPIPS) are used to evaluate the quality of image rendering.

ATE measures the Root Mean Square Error (RMSE) between the estimated trajectory
(after alignment) and the ground-truth trajectory:

1 N
ATE = NZ”(Rpi—l—t)—pftHz (28)

i=1

where p; is the estimated camera position, pft is the ground-truth position, and R, ¢
are the alignment parameters obtained via least-squares transformation. A lower ATE
indicates more accurate trajectory estimation.

For rendering quality, we compute three widely used image quality metrics.
PSNR is defined as

MAX 1
PSNR = 10 - log,, (M—SE> , MSE= N E ([i - qut)Q (29)
i=1

where [; and Iigt denote the pixel values of the rendered and ground-truth images, and
MAX is the maximum possible pixel value. Higher PSNR indicates better fidelity.
SSIM measures structural similarity and is given by

(2papty + C1) (2024 + Co)
(12 + p2 + C1)(02 4 02 + )

where fi,, f1, are the mean values, o2, 05 are the variances, and o, is the covariance of

images x and y. A higher SSIM indicates better perceptual quality.
LPIPS evaluates perceptual similarity by comparing deep features extracted from a
pre-trained neural network:

LPIPS(a,5) = 3 7 3 01 © (én(oh = n(w)n) | (31)

SSIM(z,y) = (30)

where ¢;(-) denotes the activation of layer [, H;, W, are the feature map dimensions, and
w; are learned weights. A lower LPIPS score corresponds to higher perceptual similarity.

During evaluation, we compute the average of each metric over all frames in the se-
quence.

4.1.3. Baseline methods. For comparison, we select the open-source algorithms MM3DGS
and MonoGS as baselines. MM3DGS is a multi-modal visual-inertial method that prior-
itizes real-time performance by directly using IMU data as a positional prior without
tight coupling. However, it lacks explicit gravity and velocity initialization, relying on
an assumed gravity direction, which limits robustness and may degrade accuracy under
incorrect priors. MonoGS is a purely visual SLAM method that does not use IMU data
and thus achieves lower accuracy than MM3DGS under ideal conditions, but it can be
more robust when IMU priors are unreliable.

4.2. Evaluation of experimental results.

4.2.1. Fwaluation of tracking. To verify the effectiveness of the proposed improvements in
IMU data utilization, we compared the positioning accuracy of MM3DGS using IMU fu-
sion and its pure visual variant. As shown in Table 1, MM3DGS with IMU data performed
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slightly worse than the pure visual version on the “office” sequences due to the absence
of a reliable initialization module and the reliance on a potentially inaccurate gravity
prior. After integrating our gravity-aligned initialization module into MM3DGS, the pose
estimation accuracy was significantly improved, surpassing even the pure visual baseline.
These results confirm the necessity and effectiveness of the proposed initialization strat-
egy. Furthermore, although MonoGS generally lags behind MM3DGS in performance,
our enhanced system, which incorporates a tightly coupled visual-inertial optimization
module, achieves superior accuracy compared to even the improved MM3DGS, further
demonstrating the advantage of our tightly coupled design.

TABLE 1. Comparison of tracking performance on OpenLORIS (ATE

RMSE [cm])
Methods officel-1 officel-2 officel-3 officel-4 officel-5 officel-6 officel-7
MM3DGS
(RGBD only) 7.741 12.83 17.42 19.18 25.23 11.61 33.21
MM3DGS
(RGBD+IMU) 7.765 13.05 17.46 19.37 25.30 11.82 33.25
MM3DGS 7.732 12.72 17.38 19.10 25.12 11.54 33.17
(+ours)
MonoGS
(RGBD Only) 8.126 13.21 17.58 19.91 25.99 12.02 33.46
MonoGS 6.954 1227  16.13 1895 2461  11.33  31.51
(+ours)
MTCGS 6.941 12.02 15.81 18.33 24.49 11.06 31.17
(ours)

4.2.2. Evaluation of mapping. In this work, we evaluate the quantitative mapping per-
formance of our proposed method on the OpenLORIS and TUM-RGBD datasets, with
results summarized in Tables 2 and 3. For evaluation, we use three widely adopted im-
age rendering metrics: PSNR, SSIM, and LPIPS. Our method, MTCGS, consistently
outperforms existing approaches across all metrics, achieving the best overall results.

TABLE 2. Comparison of mapping performance on OpenLORIS

Methods Metrics officel-1 officel-2 officel-3 officel-4 officel-5 officel-6 officel-7
PSNR? 23.90 21.98 26.01 23.91 22.02 21.74 21.02
MM3DGS SSIM?t 0.801 0.762 0.826 0.849 0.569 0.758 0.578
LPIPS] 0.292 0.314 0.285 0.280 0.462 0.318 0.482
PSNRt  26.85 30.86 30.65 26.85 29.58 25.62 23.33
MonoGS  SSIM?t 0.884 0.933 0.918 0.895 0.801 0.746 0.842
LPIPS|, 0.169 0.146 0.179 0.154 0.406 0.230 0.293
PSNR1 28.04 31.95 31.45 28.86 30.87 26.34 24.61
Ours SSIM? 0.891 0.958 0.930 0.910 0.824 0.761 0.869
LPIPS] 0.176 0.129 0.167 0.146 0.395 0.221 0.280

Both MonoGS and MM3DGS rely on the 3DGS framework for mapping, but fail to fully
exploit both current and historical keyframe information, and show limited robustness to
artifacts in high-frequency textures, leading to suboptimal reconstruction quality.

On the OpenLORIS dataset, we set the number of mapping iterations per keyframe to
60. Our method achieves the highest performance across all three metrics, demonstrating
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TABLE 3. Comparison of rendering performance on TUM-RGBD

Methods Metrics frl/desk fr2/xyz fr3/office
PSNR? 17.03 18.35 19.14
MM3DGS  SSIMt 0.578 0.612 0.778
LPIPS| 0.482 0.357 0.296
PSNR1 23.43 24.70 25.57
MonoGS  SSIM? 0.782 0.794 0.852
LPIPS| 0.242 0.216 0.192
PSNR?t 24.52 25.34 27.12
Ours SSIMt 0.801 0.830 0.894
LPIPS| 0.242 0.216 0.181

MonoGS MTCGS (ours)

MM3DGSﬂ 7 Ground Truth

FI1GURE 2. Rendering examples on OpenLORIS

its effectiveness. On the TUM-RGBD dataset, results are averaged over three represen-
tative sequences: frl/desk, fr2/xyz, and fr3/office. Due to the lower image resolution in
TUM-RGBD, the overall mapping quality is somewhat reduced compared to OpenLORIS.
Nonetheless, our method still achieves the best performance among all approaches.

Furthermore, since TUM-RGBD does not provide IMU data, these results also indicate
that our mapping strategy can effectively improve mapping quality even without addition-
al motion information. Overall, the experimental results on both datasets demonstrate
the robustness and effectiveness of our proposed approach.

Figure 2 compares the qualitative mapping results on the OpenLORIS dataset. MM-
3DGS shows severe ceiling aliasing and texture loss, while MonoGS exhibits artifacts
and rough reconstruction on frosted glass. In contrast, our method effectively suppresses
aliasing and artifacts, achieving more robust and accurate texture reconstruction.

5. Conclusion. We propose MTCGS, a multi-modal 3D Gaussians SLAM algorithm.
The pre-integration module and initialization module are implemented to solve the ro-
bustness problem in the process of coupling 3D Gaussian SLAM with inertial data. In
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order to solve the artifact problem in the process of constructing 3D Gaussian SLAM, an
adaptive optimization window and an improved 3D Gaussian smoothing filter are designed
in this paper. This paper evaluates our framework on the OpenLORIS and TUM-RGBD
datasets. Compared with the most advanced baselines, the IMU fusion part in this paper
is more robust, and the mapping module can effectively handle high-frequency artifacts.
Due to the low price of IMU sensors, in future practical applications, MTCGS can be
further applied in robotics, augmented reality and other fields.
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