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SUMMARY: Gaussian Simultaneous Localization and Mapping (SLAM) technology has
problems with reconstruction accuracy and visual quality in complex scenes and high-
frequency details. Therefore, in this paper, a dense visual SLAM framework based on Gaussian
Splatting is proposed to represent the scene as 3D Gaussian primitives. A new adaptive
sampling method can be used to select multiple representative samples from the data for
reconstruction. It is an exponential decay weight method that gives higher weight to recent
observations to improve reconstruction accuracy and tracking performance. Add a perception
loss function to the system that emphasizes high-level semantic features in optimisation.
Strengthen the reconstruction of fine scene details and improve the general visual quality this
way. According to the above experiments, the proposed method can achieve good results in
scene reconstruction and precise camera trajectory estimation. Based on the above comparison,
PSNR is approximately 32.38% higher on average, SSIM has risen by 17.48% on average,
LPIPS has increased by 47.57% on average, and Absolute Trajectory Error (ATE) (Root Mean
Square Error, RMSE) has improved by about 29.20% on average.

KEYWORDS: SLAM; Gaussian Splatting; adaptive sampling; exponential decay weighting;
perceptual loss

1 Introduction

Over the past two decades, Visual Simultaneous Localization and Mapping (SLAM) technology
has been widely applied in robotics and autonomous driving systems for real-time 3D
reconstruction of the environment and camera trajectory estimation [1]. Deep learning and
hardware development have enhanced the accuracy of SLAM systems to a certain extent.
Sparse-to-dense feature matching networks have increased the accuracy of feature matching
significantly [2], and multi-scale Transformer structures have been applied to high-quality 3D
reconstruction [3]. Further improve the retention of details in the field of video processing
through inter-frame feedback fusion-based networks [4]. Neural Gaze-Area Super-Resolution
[5], Sparse Aggregated 3D Convolutional Structures [6], and Efficient Stereo Rendering
Methods [[7] have also shown good results in improving the accuracy of image reconstruction
and enhancing rendering efficiency. Recently, region-sampling neural radiation field (NeRF)-
SLAM frameworks based on Kolmogorov-Arnold networks have been introduced that can
reduce the initialization delay significantly and improve reconstruction efficiency and accuracy
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Traditional SLAM methods are based on sparse keypoints or dense depth maps, and thus
have deficiencies in capturing high-frequency details and processing large-scale scenes. To
solve the problem of high computation cost for capturing fine details and handling large scenes
with traditional methods, new scene representations such as neural rendering and NeRF have
recently been introduced into SLAM systems. Recently, 3D Gaussian Splatting-based explicit
representations have become a popular subject of research in the development of real-time
dense SLAM systems due to their efficient rendering performance, as shown by methods such
as SplaTAM and Gaussian-SLAM. However, the existing Gaussian Splatting-based SLAM
methods are still limited in their ability to capture fine structural details due to insufficient
modelling and processing strategies, and thus may lose important scene information.
Optimisation of Gaussian parameters is also susceptible to interference from noise and can be
trapped in a local optimum, thereby reducing the accuracy of the final reconstructed geometry
and appearance. The initialisation and density adjustment of Gaussian points are unable to
respond to changes in scene feature density. Therefore, there are relatively few specific details
in the area of interest that can be recovered; thus, reconstruction accuracy will be restricted.

In response to the above problems, a new dense visual SLAM system based on Gaussian
splatting is proposed in this paper. The first is as follows:

® An adaptive sampling strategy: To improve the accuracy of reconstruction,
dynamically adjust the sampling positions of an adaptive sampling strategy.

® An exponential decay weighting: To enhance the accuracy of reconstruction and
tracking, give higher weight to more recent observations using an exponential decay method.

® A Perceptual Loss Function: To improve the reconstruction of fine scene details and
enhance the visual quality of the results, a perceptual loss function can be used to focus on high-
level semantic features during optimisation.

2 Related Work

2.1 Visual SLAM

Early visual SLAM technology uses only a few sparse feature points for pose tracking and is
therefore limited in building complete maps [9, 10]. However, the main deficiency of the above
methods is that they are not suitable for effectively building models of the complex environment.
To address the deficiency in representing detailed scene structures, KinectFusion [[11] has been
proposed as a Red, Green, Blue-Depth (RGB-D) SLAM technology that uses voxel fusion for
dense reconstruction and significantly improves the geometric quality of indoor scenes.
However, the above methods are still prone to missing high-frequency details because they are
based on depth sensors and cannot acquire fine information such as textures and edges. They
are also less economically viable at the same time. Fixed-resolution voxels result in
oversampling of smooth regions and thus lack fine-grained details. They are also not suitable
for change in the field.

2.2 Deep Learning Reconstruction Methods

To solve the problem of detailed reconstruction and the difficulty of real-time performance,
neural rendering technology has recently been developed. The above are detail-enhancement
methods. NeRF [12, 13] employs implicit volume representations to generate new views at the
image level and has greatly improved the quality of reconstructed high-frequency scene details.
NICE-SLAM also adds NeRF to the SLAM framework and achieves implicit dense mapping.
However, the above methods have a high computational cost because of the challenges in ray
sampling and multilayer perceptron (MLP) queries for NeRF to meet the real-time requirements
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of SLAM, and the optimisation process also has slow convergence. To address the conflict
between real-time performance and high-fidelity reconstruction, Transformer with Multi-Scale
Dense Network (TMSDNet), based on Transformer multiscale networks and neural super-
resolution techniques, has been proposed to enhance efficiency but has not fundamentally
solved this problem.

2.3 3D Gaussian Splatting SLAM

In light of the deficiencies of implicit methods in real-time applications, explicit 3D Gaussian
Splatting (3DGS) has gradually been introduced into the field of research. Point-SLAM
combines 3D Gaussian Splatting with SLAM to achieve high-speed differentiable rendering,
for example. SplaTAM can help increase the real-time perception of the environment for people
through RGB textures and 3DGS. These ways have reduced the real-time bottleneck of implicit
SLAM, but at the same time, new problems have emerged in the optimisation of high-frequency
details. The Gaussian parameter is very sensitive to noise, so the optimisation will be affected
by this noise; as a result, the texture restoration effect cannot be as good as that achieved by
NeRF. The point distribution strategy is still not ideal; it uses a fixed initialization and thus
leads to under-sampling in feature-dense areas and oversampling in smooth areas. The design
of the loss function is limited to photometric errors, lacks high-level semantic or geometric
constraints, and thus is unable to correct trajectory drift effectively. Recently, some scholars
have addressed the problems mentioned above. Mao and others proposed a hierarchical SLAM
framework using 3D LiDAR sensors to enhance the accuracy and stability of reconstruction by
integrating voxel mapping, LIDAR odometry, global pose graph optimisation and dense surface
reconstruction [14]. Xiang et al. have proposed a loop-closure-enhanced SLAM system for
high-similarity indoor scenes to improve the accuracy of initialization and inter-frame
correlation through deep-learning-based detection mechanisms [15]. Zou and his group have
shown that, in order to improve the robustness and accuracy of SLAM systems in dynamic
environments under difficult conditions, it is necessary to combine 3D LIiDAR point clouds
with visual-inertial data [16].

In short, the current SLAM technology is still limited by various deficiencies and cannot
meet the demand for real-time operation. The 3D Gaussian Splatting method is good at
reconstructing high-quality and accurate-to-tracking 3D models of ordinary scenes, but it has
been difficult to achieve fine details in complex environments. The optimisation process does
not have good stability because the Gaussian parameters are prone to local optima. The current
SplaTAM and Gaussian-SLAM methods have shown that they cannot effectively separate the
impact of midpoint density on scene complexity, and thus are limited in reconstruction quality
and tracking accuracy.

In response to the problems of the existing 3DGS SLAM method, such as a lack of detail
reconstruction, this paper puts forward an adaptive Gaussian SLAM system. The three main
technologies of this system address the above problems effectively: (1) an adaptive sampling
strategy that changes sampling locations dynamically to improve the accuracy of reconstruction;
(2) an exponential decay weighting scheme that weighs recent observations more heavily for
enhanced reconstruction quality and tracking precision; (3) a perceptual loss function that
focuses on high-level semantic features during optimisation to improve the reconstruction of
fine scene details and boost the visual quality of the results.

The following is the organisation of the rest of the paper. The way | will do so is shown in
Section I1l. Basic Principles of 3D Gaussian Splatting, Camera Pose Optimisation, Map
Construction and Optimisation (including adaptive sampling strategy, exponential decay
weighting strategy, and perceptual loss function). In Section 1V, this paper presents the analysis
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results of the experiments and adds tests for rendering performance, tracking accuracy, etc.,
along with ablation studies. Finally, the conclusion is in Section V.

3 Method

The first method introduced in this paper is based on a 3D Gaussian distribution for map
construction. RGB-D neural network SLAM can also achieve better rendering effects and
scalability in real-world environments, and thus is likely to be applied in practice. As shown in
Figure 1, the first two categories of the optimised proposals to the benchmark method are pose
tracking optimisation and map construction optimisation. First, the input keyframes are used to
estimate the position of the camera, generate Gaussian point clouds, and determine whether a
new sub-map needs to be created based on the threshold for translation or rotation. After
observation sampling in the adaptive sampling module, the quality of the point cloud is
continuously improved by parameter optimisation of the Gaussian point cloud, which integrates
colour, depth, perception, regularization loss and exponential decay weighting. In addition,
keyframes are rendered with differential rasterization to calculate depth residuals and
densification masks, and thus drive the update of the dense point cloud. Finally, by activating
keyframes in the sub-map, a closed-loop real-time high-precision mapping and position
tracking have been achieved.
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- — — — —
= == > a OR Rotation
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Figure 1: Structure Diagram of Gaussian Splatting-based Dense SLAM.

3.1 Basic Principles of 3D Gaussian Splatting

ueR*The 3D Gaussian function is used to represent the basic unit of the scene in this paper,
and the environment is modeled as a point cloud of many anisotropic 3D Gaussian points. A
3D Gaussian point is expressed as an ellipsoid and has a centre position vector. The position
and scale of the object, an opacity value to adjust its transparency, and an RGB colour vector
of the object are provided in this covariance matrix. This representation naturally includes
continuous volumetric regions in space and can perform continuous image generation during
rendering.

Given the camera pose and intrinsic parameters, the pinhole model can be used to project
3D Gaussian points onto the image plane and obtain the corresponding 2D Gaussian
distributions P er**. denotes the rigid transformation from the world coordinate system to the

camera coordinate system. T, €SE(3) is the camera projection function that maps 3D points
in the camera coordinate system to the image plane in homogeneous coordinates. 7() applies

4



INGEGNERIA SISMICA — INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING

perspective division to convert homogeneous image coordinates into normalized 2D-pixel
coordinates for further processing, such as rendering and loss computation. Then, the projected
position of the 3D Gaussian centre on the image plane can be written as:

0 =7(P(T,.[ul]')) (1)

[u] U X Z R, eR* T, J Where denotes adding a homogeneous coordinate of 1 to . A
Jacobian matrix can be used on the covariance matrix of a 3D Gaussian distribution to obtain
the corresponding projection covariance matrix in a 2D image space [19]. Let R, and P be

the rotational part and projection Jacobian matrix, respectively, of P in the camera coordinate
system. Next:

Z, = IR, ZRLJ' (2)

2, Where it shows the scale and shape of the projected Gaussian in the image. Each
projected Gaussian point covers a certain range of pixels in rendering and contributes to a
particular colour and opacity.

i) T,0) TO=11C-®) j The contribution of a single Gaussian point to a pixel is

u<j
determined by its opacity and the accumulated transmittance, considering the cumulative
transparency of all preceding Gaussians. The final reconstructed colour of a pixel is computed

as a weighted sum of the contributions from all Gaussians: I(i) i
1) =3, (T, 0)C, 3)

miC;i D(i) Where does the number of Gaussians influencing a pixel come from, and what

is the colour of the n-th Gaussian? The depth map of the rendering result can be further obtained
by weighting and merging the depth information at the centre of the Gaussian.

D) = o;()T; Dy, ; 4)

u,; J Where represents the depth value of the centre of the -th Gaussian in the camera

coordinate system. The Rendering Process mentioned above has microscale features. Together,
the positions, covariances, colours and opacities of all the Gaussian points determine the colours
of the displayed pixels. Therefore, changes in these features will continue to affect the image
reconstruction, and a gradient of the reconstruction error can be obtained through
backpropagation. Provide a theoretical basis for the following gradient-based optimisation of
maps and camera poses.

3.2 Camera Pose Optimization

The entire system needs to precisely determine the position and orientation of the camera for
good construction of the 3D model in the scene.
The first way to show the problem systematically is as maximum a posteriori estimation:

-I-I* = arg max p(-rt | It’ Dlagl-r[—l) (5)
Tt
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G er™ |,D, T, € SE(3) Where is a Gaussian scene representation? RGB and depth maps

are currently in the current frame, and the last pose is unknown. To improve the convergence
speed, the initialisation will be performed using a dense RGB-D odometry or a constant-
velocity assumption. When the texture is rich in information, its initial position is not . However,
if the texture is too light, its first appearance will be . Next, the pose can be expressed in a

minimally parameterized form of the Lie group: T,™ =T, , - AT,on ™ =Ty - AT

(6)

T =(R(q) tj

0" 1

&=[q1]" € qeR’ SOQ) t <= R() R(@) T(&) SE(3) & Where . is the minimal parameterized
vector of the optimised variables of the camera pose. is a quaternionic rotational component,
guaranteed by the exponential mapping constraints. is the translation vector. is a mapping that
maps unit quaternions to orthogonal rotation matrices in 3D space. converts quaternions to
rotation matrices. is a pose matrix constructed by combining . Then, by using the Gaussian
algorithm to generate a combined view and transparency information, a Gaussian scene can be
micro-rendered:

I, Dt o, = R(G,T($); K) (7)
I, D &% R K eRr>Where is the rendered RGB image? Where is the depth map rendered?

What is the rendering transparency of each pixel? Is there a differentiable rendering operator?
Is there a camera's internal reference matrix? Set up the weighted robust residuals for each pixel:

P =o(u)] 2

(W)= 1, ()] + @~ 2)

Dt (U) - Dt (U)H ‘M depth (U) ’ Moutlier (U) (8)

o, (U) =[e (U 4 <[00 My, M, Where is the transparency weight? 'is a photometric and
geometric equilibrium factor. ‘are depth-effective values and outlier masks. 'is the total weighted
residual at the pixel level. The overall loss function is then: p(u)

L&)=Y pu) 9)

ueQ)

Q L(&)Where is the set of pixels in the image? is the total residual loss across all pixels,

and is the final optimisation target.
To find the optimal pose parameters of the camera, we want to minimise the loss: &

& =argmin £(&Y) (10)

ke(l,...N)

k ¢ Where is the number of iterations, and what is the parameter corresponding to the
minimum loss in an iteration?

Adam is an adaptive optimisation method that uses first-order and second-order moment
estimates of the gradient to dynamically adjust the learning rate for each parameter and thus
improves the speed of convergence and numerical stability in complex, non-convex
optimisation problems. To optimise the camera's pose parameters of the current frame, the
Adam optimizer is employed: ¢
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gD _ g o

W (12)

m® m® = gm D +(1-B)V.L v v = BV 1 (1-B,)(V.L)? e R" Where is a first-order
gradient, is the second-order gradient, the component learning rate vector, is the momentum
factor, is a numerical stabilizer, and is element-wise multiplication. 8.5, € ©

& Although it is the optimised relative motion of the current frame with respect to the

previous frame, it is in the camera coordinate system. To obtain the overall pose in the world
coordinate system, this relative transformation is combined with the global pose of the previous

frame to get: T, T,
T =T, TE)" (12)

The above process will use the global reference coordinate system as the reference. Based
on the Gaussian Scene Representation constructed by the module, optimize the Pose of each
image frame. First, the position and orientation of the camera in the current frame are obtained
by a dense RGB-D odometry or a constant-velocity motion model. Next, rotation and
translation are expressed as quaternions and 3D vectors, respectively, and their minimal
parameterised expressions on the Lie group are constructed to serve as the basis for the
following optimisation and solution. A differentiable rendering module generates the predicted
image, predicted depth map and opacity map of the current frame. According to the above, error
functions are constructed as the optimisation objective functions. To increase the stability of the
optimisation process, a suitable pixel mask of the depth map is used to assign different weights
to each pixel according to its rendered opacity and exclude outliers with large residuals. Adam
is a first-order optimisation algorithm that uses gradients to update the pose parameters
iteratively during optimisation. After each optimisation iteration, the best pose estimate for the
current frame is obtained, and the convergence criterion is checked; if not met, repeat the
optimisation; otherwise, terminate according to the set-up stop condition, as shown in
Algorithm 1.

Algorithm 1: Camera Pose Optimization

Input:
l,,D, > RGB image and depth map of the current frame
G > Gaussian scene representation

T, > Global pose of the previous frame

K > Camera internal reference matrix
Output:

T > Global pose of the current frame
if IsTextured() then

T™ T -AT,. > Rich texture
else

T Ty ATy
end if

T « [ R@,£;0" 1] > Minimal parameterization
repeat

It, Dt, o, < R(G,T(E); K) > Micro-rendering

P(U) < 0(W)| A1)~ 1,()] + @~ 2)|D: ()~ D, (U] |- Myg (1) Moy ()

» Use constant-speed prior
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¢ < &—n- (AdamGradientStep) > Backprop + Adam step
until convergence
T T, TE)" > Global pose update

3.3 Map Construction and Optimization

3.3.1 Gaussian Model Initialization

At each of the selected sampling points, a 3D Gaussian function is established at the depth
position of the fact in this paper. The first location of the Gaussian function is directly obtained
by back-projection of the depth map in world coordinates.

T

,D(u,v),1 (13)

u-D(u,v) v-D(u,v)
f Tf

X y

1
ui = Twc :

The equation under consideration projects the pixel coordinates and the depth value into the
3D world coordinate system, and thus obtains the 3D position of the sampling point in the world
coordinate system. At the same time, the initial position of the Gaussian function is set to match
the actual scene position observed in the image accurately, and f is the focal length of the camera.
To set the scale of the new initialization Gaussian function adaptively based on how far it is

from the nearest Gaussian center in the current set of Gaussians: f, f, s, u;, g
s, =log(min |p, ~uj|, +)-1 (14)

€ Where is a real number and how to avoid division by zero? Spatial deduplication check
before addition.

Gou={a|minfu v, > o} (15)

P What is the minimum Distance threshold? New Gaussians that satisfy the conditions are
directly added to the Gaussian set of the active subgraph, and their parameters will be used in
the following optimisation process.

3.3.2 Sub-map Construction

Every time a new keyframe is added, a new 3D Gaussian function can be added to the current
active sub-map to represent the newly observed scene area. Estimate the pose of the current
keyframe and, using RGBD data from this frame, generate a dense 3D point cloud. When a hew
sub-map is started, areas with a large colour gradient in the keyframe point cloud are selected,
and several points (set as) are uniformly sampled from these areas to serve as seed positions for
the newly added Gaussian function. Subgraph creation is triggered by camera motion in the

following keyframe processing: P, P,

AT :Tt 'th (16)
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A new subgraph is created when either the translation threshold exceeds or the rotation
threshold exceeds. Data structure Definition for Each Subgraph: & £

Mk:(gk’]:kiW) (17)

F. 'H, Where is a collection of subgraph keyframes? It is a spatial hash structure that speeds
up Gaussian search.

All of the newly introduced Gaussian functions are anisotropic Gaussian functions, and their
scale parameters are adaptively adjusted based on the distance to the nearest neighbour of a
Gaussian point in the current active sub-map.

3.3.3 Dense Point Cloud Reconstruction and Multimodal Adaptive Sampling

A new keyframe arrives, and the system first creates a dense point cloud for the current frame
based on the depth map, as shown in the following equation:

f f

p:{m{u.D(u,v)’v.D(u,v),D(u,V),ll |(u,v)eQ} (18)
X y
P (u,v)eQ D(u,v) T, Where is the set of all 3D points in the current frame? Is it the image

pixel coordinates? Is it the depth value at the pixel point? Is it the pose transformation matrix
from the camera to the world coordinate system? The purpose of the above equation is to
produce a dense point cloud from a single image by converting the depth information of all
pixels into a large number of 3D points in space.

A good way to select some of the representative samples is to build a probability distribution

and then randomly select from that distribution. P(u,V)
Geometric Gradient Characterization:

G, (u,v) =|8,D(u,v)| +|6,D(u,v)| (19)

G,(u,v) Where represent is the gradient intensity of the current pixel in the depth map,
which is used to detect geometric edges, and $\text{ are the derivatives of the depth map in the
and directions.o,D 0,D X y

Color Gradient Features

G,(uv) =

Wl

ce{R

(o1 v)]+[o, 1w v) (20)

Bj

l.(u,v) G, (u,v) The intensity of the pixel in the colour channel is used to indicate colour

gradient response, and thus how strongly and where a change in the image texture occurs.
Sobel Edge Features:

EWv) =20, +5,)* + (1, *S,)’ (21)

S, S,*E(u,v) Where is a Sobel operator used to detect horizontal and vertical edges,

respectively. is a convolution operation. is the Sobel Edge Response. After normalisation, the
above features are combined to create a single information response map:
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C

G, G E
+ +
maxG, maxG, maxE

F(u,v) =

(22)

F(u,v) Where can we see the response features of the fusion? Next, construct a normalised
sampling probability distribution:

F(u,v)
> F,v) (23)

(u'V)eQ

P(u,v) =

P(u,v) F(u,v) F(u,v) (u,v) ( 2. FUV)The above equation is employed to build a normalised

u,v)eQ

sampling probability distribution, and its purpose is to achieve adaptive sampling of image
pixels based on the fusion response feature. Represents the fusion response value of a particular
pixel, which indicates how much information or importance that pixel has in the current image;
represents the sum of the fusion response values of all pixels in the image, which serves as a
normalisation factor for the total response. The design will give a larger weight to the sampling
probability of a pixel that has a high response value and a smaller weight to a pixel with a low
response value. This way can also reduce the computational burden and improve both the speed
of dense point cloud reconstruction and operation. A typical set of pixels is finally obtained
from this distribution:

S={WU.v)~PUuWi=1..,N,} (24)

S N, Where is the set of coordinates of the selected pixels, and how many samples are there?
Thus, a Gaussian coverage of low-texture areas has been improved.

3.3.4 Sub-map Optimization

Exponential Decay Weighting:

To enhance the reconstruction quality and tracking accuracy, an exponential decay
weighting strategy in the optimisation process is used. After adding new keyframes, several
iterations of optimisation are carried out for each activity subgraph, and at this time, a multitask
loss function is established as follows:

L=WLor Wy Lyein + Wy Logreen T W, L4 (25)

c”~olor depth p~percep r~feg

w, =w, =1w, w, Where $\lomega$, 4, and A, are the weight hyper-parameters of the
respective loss terms. Rather than fixing the weights during the optimisation process, the
exponential decay weighting strategy dynamically changes them to prioritise recent
observations and gradually reduce the influence of older data. The initial weights and decay
coefficients of all loss terms are set as follows: At each iteration of the update, reduce the weight
by. After a few iterations, the weight can be expressed as o, , and it will decrease exponentially.

This adaptive weighting gives more weight to the recent frames in the optimisation and thus

(n+1) _ ()
helps to improve reconstruction quality and accuracy of tracking. w’ 7e@) W =y-w?y

WO — w© !
Colour loss.
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L, =01-2) “I - |H1 +z-% (26)

1 1 Where, are the rendered image and real image; is the weighting factor of and . 2 SSIM

L

Depth consistency loss:
Luom =[P} @)

Perceptual Loss:
LL I ¢ To enhance the perceptual quality of the reconstructed images further, a

perceptual loss based on the feature space of the VGG16 network is introduced during
optimisation. Different from the traditional method of only using the difference in pixel space,
perceptual loss can consider the discrepancy between the predicted and actual images at a higher
level in the semantic feature space to better retain texture details and structural information of
the images. A VGG16 model pre-trained on the ImageNet dataset is used, and the first 16
convolutional layers of this model are selected as the perceptual feature extractor. Normalise
the predicted and actual images during the calculation process, and then pass them through a
parameter-frozen VGG16 network to extract feature maps at various levels. Finally, considering
the differences in feature layers, a perceptual loss is designed to assist the model in
reconstructing the visual quality of the image more accurately during training.

Lo =2 0= 0] (28)

¢ ()1 £ 'denotes the feature map extracted by the -th convolutional layer, and S is the

selected set of feature layers.' Perceptual loss can be used to better address the high-level
semantic differences that are more noticeable to the human eye than pixel-level loss, and
reconstruction quality in areas such as edges, textures, and high-reflectivity spots has been
significantly improved. At this time, the perceptual loss is jointly optimised with the colour-
reconstruction loss, depth loss and regularization loss under different weights to construct a
total loss function. An exponential decay strategy is used to dynamically adjust the weights of
all components, and earlier in training, more weight is given to perceptual constraints for
structure and detail. Optimisation for pixel accuracy and other general consistency has
gradually been carried out in the later stage.

Scale Normalisation:

) | (29)

-1
where S=§Zsi

The three stages of sub-map optimisation are progressive. The first 30% of the total iteration
time is a geometric convergence period that mainly reduces the depth reconstruction loss; the
other weightings are not given. Early transparency pruning will also be used at this time to
speed up the construction of scene geometry. The proportion of the texture optimisation step is
40% of the total iteration. A perceptual loss with a weight of 0.2 and VGG-extracted features
are used to enhance the realism and texture detail of the image. In the final 30 per cent stage of

11
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the iteration process, a detection scale for outliers is employed, and this is used to perform the
final pruning; at the same time, the scale variance is reduced to be less than 0.1. S.t. 4, a <S,
|s—u|>30 a<§,

|£(t) _ L(t—10)|
o T

IVE], < 7o (30)

t>t

max

First, the proposed method converts the pixel coordinates and depth values of the depth map
into 3D world coordinates via projection to initialise the Gaussian model. At these positions,
3D Gaussian functions are used for initialization, and their initial scales are adaptively set
according to the distance to the nearest Gaussian center. Filter by a lower bound on the distance,
and then add the result to the current sub-map. At the time of adding a new keyframe in the sub-
map construction phase, a dense point cloud is generated from its RGB-D data. Points with high
feature values are selected as Gaussian seed points. If the change in camera position exceeds a
certain range of translation or rotation, then a new sub-map will be generated. Depth maps are
employed in the dense point cloud reconstruction and multimodal adaptive sampling stage to
create the current frame's dense point cloud. Geometric gradients, colour gradients and Sobel
edge features are extracted and fused to form a sampling probability distribution, thus achieving
priority sampling of high-information-content areas. Finally, in the sub-map optimisation stage,
Gaussian parameters are jointly optimised with colour loss, depth consistency loss and VGG
perceptual loss, and exponentially decaying weights are dynamically adjusted for these losses.
At this time in the iteration process, a scale-regularisation and outlier-removal strategy will be
employed for final adjustment to preserve fine details and ensure global consistency, as shown
in Algorithm 2.

Algorithm 2: Map Construction and Optimization
Input:

I..D.K, g, T, T,
Output:

s}

for each selected pixel (u, v) do > Gaussian Initialization
U, < T,:[u-DV)/ f,,v-D(uv)/ f,, DU 1]

5 < log(min “ T ||2 +e)-1

if G, = {gk Q’JIIQ ”uk —u].||2 > p} then

AddGaussian( U; , S;)
end if
end for
for each new keyframe do > Sub-map Construction

P < ComputeDensePointCloud(D,, T )
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(P,,B)) < SampleHighGradientPoints( P )

forue(P,R) do
InitialzeAnisotropicGaussian( U )

end for

AT < T T

if Trans(AT) > & or Rot(AT)> g then
Initialize new sub-map:

M, = (gk Fo )
end if
end for
for each frame do > Adaptive Sampling

G, <_|axD(u1v)|+|ayD(U,V)|
G, > (0,0, uv)|+[o,1, v
)

ce{R.G,B

E« >\, *S,)*+(I, *S,)”
R(u) < Normalize(G, +G; +E)
P(u) < R(u)/ > R(u)

S «{(u.v) ~Pu,v)|i=1...N}

end for
for each active sub-map do > Sub-map Optimization
fort=1to T do
‘C = Wc‘ccolor + Wd [’depth + Wp ’Cpercep + Wr ‘Creg

WO WO . !

if t € [0%, 30%] then
A4,
PruneGaussians( @ )
else if t € [30%, 70%] then
A2,
ExtractFeaturesWithVGG()
else
Prune(js—u| > 30)

Ensure Var(e) <0.1

end if
BackpropagateAndUpdate()
end for
end for

4 EXxperiments

To comprehensively evaluate the rendering quality and reconstruction accuracy of the proposed
method, three experiments are designed and carried out in this paper. The first experiment will
compare the rendering performance and tracking accuracy of the proposed method with those
of NICE-SLAM, Point-SLAM, SplaTAM, and Gaussian-SLAM to this end. The second
experiment is an ablation study to investigate the impact of omitting adaptive sampling,
perceptual loss functions or exponential decay weighting strategies on rendering performance
and tracking accuracy separately. The third experiment is to determine how much more memory
this method and the basic method use.

13
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4.1 Experimental Setup

A high-end desktop computer is used for the experiments, and it has an NVIDIA RTX 3090
24GB GPU, a Xeon Silver 4210R processor, and 64GB of RAM. Run the experimental code in
Ubuntu 20.04.

4.1.1 Datasets

The three commonly used RGB-D datasets covering scenes of different scales and
environments in this paper are Replica (https://cvg-data.inf.ethz.ch/nice-slam/data/Replica.zip),
TUM RGB-D (https://vision.in.tum.de/rghd/dataset/freiburgl/rgbd_dataset freiburgl desk.
tgz, https://vision.in.tum.de/rghd/dataset/freiburg2/rgbd_dataset freiburg2_xyz.tgz, https://
vision.in.tum.de/rgbd/dataset/freiburg3/rghd_dataset_freiburg3_long_office_household.tgz,
and ScanNet [2615] (https://github.com/ScanNet/ScanNet). Replica is a good high-quality
indoor scanning dataset with realistic environments and camera trajectories. The Replica
dataset is a high-precision 3D reconstruction dataset of many typical indoor environments that
includes trajectories of RGB-D sensors and is suitable for research in localisation and mapping.
To further confirm the actual performance of the above framework, the well-known TUM-
RGBD and ScanNet datasets are also used as test cases. Precise camera poses in the TUM-
RGBD dataset are obtained from an external motion-capture system, and poses in the ScanNet
dataset are estimated by the BundleFusion method with high reliability. Therefore, six scenes
from the Replica dataset are selected as follows: RoomO (R0), Rooml (R1), Room2 (R2),
Office0 (00), Officel (O1), and Office4 (O4). Three scenes have been selected from the TUM
RGBD dataset: rghd_dataset_freiburgl desk (fr1/desk), rgbd_dataset freiburg2_xyz (fr2/xyz),
and rgbd_dataset_freiburg3_long_office_household (fr3/office). Three scenes from the
ScanNet dataset are selected as the examples: 0000_00 (0000), 0106_00 (0106), 0169 00
(0169), and 0207_00 (0207).

4.1.2 Metrics

As shown in Table 1, the quantity to measure the difference in pixels between the reconstructed
picture and the original picture is peak signal-to-noise ratio (PSNR). The images are more
similar, and thus the PSNR is higher.

SSIM is an indicator of how close two pictures are in terms of alterations to light, shadow,
contrast and structure, etc. The range of its values is [0, 1]. A higher value is closer to 1, and
thus the two structures of the images are more similar.

Learning Perceptual Image Patch Similarity (LPIPS) is a way that deep neural networks are
used to extract image features and evaluate the perceptual distance between two images. A
relatively small LPIPS value indicates that the reconstructed image is close to the original
perceptually.

Absolute Trajectory Error (ATE) and Root Mean Square Error (RMSE) are employed to
measure how far off the estimated path of SLAM is from the actual path. A lower value indicates
that the position of the camera is relatively closer to the ideal. All the experimental data shown
in this paper are the averages of five experiments. The data in bold are the best-performing
results.
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Table 1: Evaluation Metrics and Comparison of Baseline SLAM Methods

Metrics Results Comparison of Baseline Methods
Rendering PNSR Up NICE-SLAM, Point-SLAM, SplaTAM,
Performance SSIM Up Gaussian-SLAM
LPIPS Up
: NICE-SLAM, Point-SLAM, SplaTAM,
Tracking accuracy | ATE(RMSE) Up Gaussian-SLAM

4.1.3 Parameter Settings

Table 2 shows the key implementation parameters and configuration settings of the SLAM
system, as well as specific values and optimisation methods for memory management,
keyframe strategy, candidate point filtering, neighbourhood search, and other parts.

Table 2: Implementation Parameters and Settings of the SLAM System

Reconstruction

Parameter category Parameter name Value
Maximum Im_ut for Ga_ussmn point 600,000
caching (Replica)
Memory management - — - -
Maximum limit for Gaussian point 100.000
caching (TUM/ScanNet) ’
Initial keyframe optimization 1000
Number of iterative (Replica)
optimizations Initial keyframe optimization 100
(TUM/ScanNet)
Keyframe strategy Keyframe Sampling Frequency Sample 1 I:ngsevery five
Candidate Point . o
Filtering Depth confidence threshold 0.6
Accelerating Nearest
) FAISS Acceleration Neighbor Search with the
Neighborhood Search GPU
Neighborhood search radius 0.01m
Subgraph trigger threshold:
. 0.5m
Sub-map strategy translation
Subgraph trigger threshold: angle 500
Optimization Weight | Color, regularization loss weight 1
Adjustment Depth, perceptual loss, weight exponential decay function
New keyframe New keyframe minimum mapping _
. . . . . >= 40%
iteration iteration ratio
TSDF fusion element size 1cm

TSDF Fusion Frame Selection

Every five frames

4.2

Rendering performance and Tracking accuracy Evaluation

Render and Tracking Performance of Gaussian Sputtering-based Dense SLAM Against Current
State-of-the-Art Methods: NICE-SLAM, Point-SLAM, SplaTAM and Gaussian-SLAM.
Among them, the data for NICE-SLAM and Point-SLAM are derived from the results in the
Gaussian-SLAM [23] paper.

15



Tian et al.

4.2.1 Rendering Performance

Visual quality evaluation using the Replica, TUM RGBD and ScanNet datasets in this paper.
First, it compares the proposed method with that of a general-purpose tool to show that the new
one is better for the R2 and OO0 scenes of Replica.

SplaTAM Ground Truth

o0 Zoom-in R2

Zoom-in

Figure 2: Comparison of Rendering Performance for Several SLAM Methods in the R2 and OO0
Scenes.

As shown in the R2 and OO scenes, the proposed method has improved both the clarity of
chair seams and the realism of floor textures over SplaTAM and Gaussian SLAM (red and blue
boxes). The increase in lightness and the enhancement of contrast in fine-structure and textured
Areas are relatively larger; otherwise, the seams and texture distortions would be less obvious.
To solve the above problems, the three new features of this system are introduced: adaptive
sampling to expand sampling areas in areas with rich feature density and optimize sampling
intensity in less feature-rich zones. Exponential decay weighting to give more weight to recent
observations for improved reconstruction and tracking in dynamic scenarios, and a perceptual
loss function to use semantic features for better preservation of details and surface quality.
Together, these modules have improved the quality of detail preservation, texture clarity and
boundary alignment compared with the previous ones.

Table 3 is the rendering performance on Replica.
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Table 3: Rendering Performance Comparison of Replica

Method Metric RO R1 R2 00 01 04 Avg
PSNR | 22.12 | 22.47 | 24,52 | 29.07 | 30.34 | 24.94 | 25.57
NICE-SLAM [20] SSIM | 0.689 | 0.757 | 0.814 | 0.874 | 0.886 | 0.856 | 0.812
LPIPS | 0.330 | 0.271 | 0.208 | 0.229 | 0.181 | 0.198 | 0.236
PSNR | 32.40 | 34.08 | 35.50 | 38.26 | 39.16 | 33.49 | 35.48
Point-SLAM [21] SSIM | 0.974 | 0.977 | 0.982 | 0.983 | 0.986 | 0.979 | 0.980
LPIPS | 0.113 | 0.116 | 0.111 | 0.100 | 0.118 | 0.142 | 0.116
PSNR | 32.65 | 33.51 | 35.29 | 38.10 | 38.85 | 32.14 | 35.09
SplaTAM [22] SSIM | 0.975 | 0.967 | 0.984 | 0.981 | 0.981 | 0.951 | 0.973
LPIPS | 0.071 | 0.100 | 0.072 | 0.089 | 0.092 | 0.150 | 0.095
PSNR | 38.80 | 41.63 | 42.20 | 46.20 | 45.20 | 42.56 | 42.76
Gaussian-SLAM [23] | SSIM | 0.992 | 0.995 | 0.996 | 0.997 | 0.996 | 0.996 | 0.995
LPIPS | 0.020 | 0.016 | 0.019 | 0.012 | 0.013 | 0.017 | 0.016
PSNR | 39.30 | 42.07 | 42.63 | 46.63 | 45.62 | 42.95 | 43.20
Ours SSIM | 0.994 | 0.998 | 0.997 | 0.998 | 0.997 | 0.998 | 0.997
LPIPS | 0.019 | 0.014 | 0.016 | 0.010 | 0.010 | 0.014 | 0.013

The R2 scene has a small texture on the wall and floor, and because of a large change in
viewing angle, there is a significant reconstruction problem. SplaTAM often has blurring and
misalignment in the textured areas; its LPIPS is 0.072 and PSNR is 35.29 dB. Gaussian SLAM
is generally good, but it lacks a limited-update mode and is prone to gradient instability and
local discontinuities after abrupt viewpoint changes. The three innovations of the new way are
as follows. Adaptively sample to reduce the number of sampling points for complex areas in
dense textures. An exponential decay weight is given to the most recent observations, and
stability of reconstruction and tracking after a sudden change is enhanced. Perceptual loss has
captured semantic information and maintains fine details. Based on the results of the
experiments, the proposed method has achieved a PSNR of 42.63 dB and a reduction in LPIPS
of 0.016; it is better than others in regions with rich textures and during swift changes in view
angle.

Second, it performs a comparative experiment with the main method to verify the
superiority of the proposed approach in the frl/desk and fr3/office scenes of TUM_RGBD.

SplaTAM Gaussian-SLAM Ground Truth

fri/desk

Zoom-in
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Figure 3: Comparison of Rendering Performance for Several SLAM Methods in the frl/desk
and fr3/office Scenarios.

In the frl/desk and fr3/office scenes, the proposed method can reconstruct clearer
boundaries and finer details than SplaTAM and Gaussian-SLAM, especially in the areas of the
keyboard and documents. The above reasons explain why this is not possible: the environment
of the scene contains numerous small and tiny items or mirrors that complicate the application
of these technologies. The reasons for the good performance of the above method are as follows:
an adaptive sampling strategy; the use of exponential decay weights; and a perceptual loss
function. The above can improve the accuracy and detail retention of the reconstruction.

Table 4 shows the rendering performance results for TUM RGB-D.

Table 4: Rendering Performance Comparison on TUM RGB-D

Method Metric fr1/desk fr2/xyz fr3/office Avg
PSNR 13.83 17.87 12.89 14.86

NICE-SLAM [20] SSIM 0.569 0.718 0.554 0.613
LPIPS 0.482 0.344 0.498 0.441

PSNR 13.87 17.56 18.43 16.62

Point-SLAM [21] SSIM 0.627 0.708 0.754 0.696
LPIPS 0.544 0.585 0.448 0.525

PSNR 21.79 22.87 21.92 22.19

SplaTAM [22] SSIM 0.852 0.858 0.873 0.861
LPIPS 0.242 0.192 0.207 0.213

PSNR 25.12 23.31 26.14 24.85

Gaussian-SLAM [23] SSIM 0.937 0.918 0.939 0.931
LPIPS 0.146 0.203 0.126 0.158

PSNR 25.60 23.85 26.97 25.47

Ours SSIM 0.942 0.929 0.946 0.939
LPIPS 0.133 0.170 0.105 0.136

Frequent depth changes in the fr2/xyz scene cause blurring in SplaTAM, and Gaussian-
SLAM fails to perform adaptive sampling allocation, thus resulting in incomplete structures.
The reasons for the good results of the above three reasons are as follows: 1) an adaptive
sampling strategy that improves the detail reconstruction accuracy; 2) an exponentially
decaying weight function for stable optimisation; and 3) a perceptual loss function that keeps
semantic and edge information. Therefore, a PSNR of 23.85 dB and an LPIPS of 0.170 have
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been achieved; both surpass those of the baseline method in terms of accuracy and perceptual
quality.

Finally, it is compared with the above two typical ways to demonstrate that the proposed
method is superior in the 0000 and 0207 scenes of ScanNet.

SplaTAM Gaussian-SLAM Ours Ground Truth

}.i"" i
‘ﬂ-w‘

0000

Zoom-in

0207

Zoom-in

e

Figure 4: Comparison of Rendering Performance of Multiple SLAM Methods in the 0000 and
0207 Scenes.

In the 0000 and 0207 scenes, the proposed method achieves a finer-grained reconstruction
of textures for electrical wires, desktop items, and toilet paper than SplaTAM and Gaussian
SLAM. The analysis of the above scenes is difficult because there are many thin structures,
cluttered objects, and reflective surfaces. These factors often cause a lack of clarity in the other
ways. By combining adaptive sampling strategies, exponential decay weights and perceptual
loss functions, it has been shown that the accuracy of the method can be improved, the stability
of the optimisation process can be guaranteed, and finer details can be retained.

Table 5 shows the rendering performance results for ScanNet.
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Table 5: Rendering Performance Comparison for ScanNet

Method Metric 0000 0169 0207 Avg
PSNR 18.71 18.75 18.38 18.61

NICE-SLAM [20] SSIM 0.641 0.629 0.646 0.638
LPIPS 0.561 0.534 0.552 0.549

PSNR 21.30 18.53 20.56 20.13

Point-SLAM [21] SSIM 0.806 0.686 0.750 0.747
LPIPS 0.485 0.542 0.544 0.523

PSNR 18.01 22.56 19.63 20.06

SplaTAM [22] SSIM 0.621 0.794 0.683 0.699
LPIPS 0.464 0.271 0.343 0.359

PSNR 28.50 28.53 28.34 28.45

Gaussian-SLAM [23] SSIM 0.923 0.914 0.907 0.914
LPIPS 0.273 0.229 0.296 0.266

PSNR 29.04 29.30 29.20 29.18

Ours SSIM 0.927 0.923 0.912 0.920
LPIPS 0.250 0.195 0.264 0.236

SplaTAM has a low performance in the 0169 scene because of a high density of structures,
frequent occlusion and narrow passages; therefore, fine-detail reconstruction is difficult.
Gaussian-SLAM has a fixed sampling scheme and is therefore also constrained. The three
reasons for the three main innovations are as follows: (1) to improve the accuracy of edge
reconstruction, an adaptive sampling strategy is introduced; (2) to address sudden changes in
viewpoints more effectively, exponentially decaying weights are employed; (3) to maintain
semantic consistency and fine texture, a perceptual loss function is added.

4.2.2 Tracking Accuracy Performance

Evaluation of Tracking Accuracy with Replica and TUM RGBD Datasets. First, it performs a
comparative experiment with the main methods to verify the superiority of the proposed
approach in the R2 and OO0 scenes of Replica.
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Figure 5: Comparison of tracking accuracy and position error per-frame for multiple SLAM
methods in the R2 and OO0 scenes.

The proposed method has better tracking accuracy and stability than SplaTAM and
Gaussian SLAM in the R2 and OO0 scenes. As shown in Figure 54, the trajectories are closer to
the ground truth and the error curves are relatively small and stable for all methods; others have
deviated more significantly and shown large fluctuations. Complex motion, occlusion and rapid
changes in viewpoint are typical causes of drift and instability for traditional SLAM. The
problems mentioned above have been solved by adaptive sampling to improve reconstruction
quality in textured and cluttered areas, exponential decay weighting to prioritise recent reliable
observations, and perceptual loss to retain fine details such as walls, edges and small objects.
Together, these new additions will make the tracking more reliable in difficult circumstances.
Table 6 is the tracking accuracy results for Replica.

Table 6: Tracking Accuracy Comparison on Replica ATE (cm)

Method RO R1 R2 00 o1 04 | Avg
NICE-SLAM [20] | 1.69 | 2.04 | 155 | 099 | 090 | 3.08 | 1.70
Point-SLAM [21] | 061 | 0.41 | 037 | 0.38 | 048 | 063 | 0.8

SplaTAM [22] 027 | 047 | 032 | 054 | 025 | 054 | 0.39
Gaussian-SLAM [23] | 045 | 032 | 031 | 033 | 023 | 052 | 0.36
ours 040 | 027 | 014 | 029 | 018 | 032 | 0.26

Existing methods are generally unable to retain the finer details in the R2 scene due to its
complex textures and sudden changes in the viewing direction. SplaTAM has an ATE (RMSE)
of 0.32 cm, but blurring and misalignment of high-texture areas still occur. Gaussian SLAM
has a relatively large overall ATE (RMSE) of 0.31 cm and is more likely to become unstable
after an abrupt change in viewpoint. On the other hand, our proposed method has achieved the
lowest ATE (RMSE) of 0.14 cm by introducing the following three new ideas: (1) An adaptive
sampling strategy that increases the sampling density in texture-rich areas; (2) An exponential
decay weighting scheme to enhance tracking accuracy by giving more weight to recent
observations; (3) A perceptual loss function that improves the reconstruction of fine details in
the semantic feature space. The above innovations are to be introduced to maintain high
tracking accuracy in complex scenes.

Second, it is compared with the mainstream methods to verify the advantage of the proposed
approach in the frl/desk and fr3/office scenes of TUM_RGBD.
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Figure 6: Comparison of tracking accuracy and position error per-frame for multiple SLAM
methods in the fr1/desk and fr3/office scenes.

In the fr1/desk and fr3/office scenes, the trajectories generated by the proposed method are
closer to the true trajectories than those from SplaTAM and Gaussian-SLAM, with smaller and
more stable errors. The existing methods have problems in difficult environments and frequent
occlusions; therefore, feature matching and optimisation fail. Three first-class improvements
have been made by the above method. First, a dynamic sampling mode will be used to improve
the accuracy of reconstruction in the above areas. Second, to improve the accuracy of tracking,
an exponential-decaying weight will be used. Thirdly, a perceptual loss function is added to
keep the fine details and visual quality of the images. The above improvements are expected to
have a high-accuracy tracker in difficult scenarios.

Table 7 shows the tracking accuracy results in TUM RGB-D.

Table 7: Tracking Accuracy Comparison on TUM RGB-D ATE (cm)

Method frl/desk fr2/xyz fr3/office Avg
NICE-SLAM [20] 4.30 31.7 3.90 13.3
Point-SLAM [21] 4.30 1.30 3.50 3.03

SplaTAM [22] 3.69 1.34 5.59 3.54
Gaussian-SLAM [23] 2.97 1.46 4.64 3.02
Ours 2.80 1.44 441 2.88

Frequently change the view in the fr3/office scene, and large-scale structures are also
present. SplaTAM had an error of 5.59cm, and Gaussian-SLAM had an error of 4.64cm. Both
of these measures are also subject to distortion and drift. By adding adaptive sampling, an
optimized exponential decay weight function, and a loss function that maintains the structure
and texture of the region, this way can reduce the error and increase the adaptability of the
method in complex scenes.

Table 8 shows the average values of all methods' various metrics based on all the datasets.
Performance improvement is the average increase of the proposed method over each of the
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comparison methods in terms of various indicators: NICE-SLAM (NS), Point-SLAM (PS),
SplaTAM (ST), Gaussian-SLAM (GS).

Table 8: Improved Performance in All Indicators

Metric NS [20] | PS[21] | ST[22] | GS[23] | Ours | Improvement (Avg)
PSNR 19.68 24.07 25.78 32.02 | 32.61 32.38%
SSIM 0.687 0.807 0.844 0.946 | 0.952 17.48%
LPIPS 0.408 0.388 0.222 0.146 | 0.128 47.57%
ATE(RMSE) 7.500 1.755 1.965 1.690 | 1.570 29.20%

4.3 Ablation Evaluation

To assess the impact of the innovations proposed in this paper on system performance, three
ablation studies are conducted here to determine how much each module contributes to the
overall results by omitting it and observing any changes in performance after its exclusion,
without altering the other components. It then re-runs the above studies to compare the
differences, such as adaptive sampling (as), exponential decay weighting (edw), perceptual loss

(pD), etc.
Table 9 shows the detailed rendering performance of ablation studies on Replica.

Table 9: Rendering Performance Comparison of Ablation Study on Replica

Method Metric RO R1 R2 00 01 04 Avg
PSNR | 38.51 | 41.71 | 42.45 | 46.39 | 45.37 | 42.47 | 4281

Ours (no as) SSIM | 0.991 | 0.995 | 0.996 | 0.997 | 0.996 | 0.996 | 0.995
LPIPS | 0.020 | 0.016 | 0.018 | 0.011 | 0.013 | 0.017 | 0.015

PSNR | 38.50 | 41.48 | 42.47 | 46.44 | 45.20 | 42.66 | 42.79

Ours (no edw) SSIM | 0.991 | 0.995 | 0.996 | 0.997 | 0.996 | 0.996 | 0.995
LPIPS | 0.021 | 0.018 | 0.019 | 0.011 | 0.015 | 0.017 | 0.016

PSNR | 38.87 | 41.42 | 42.61 | 46.22 | 45.42 | 42.53 | 42.84

Ours (no pl) SSIM | 0.992 | 0.995 | 0.996 | 0.997 | 0.997 | 0.996 | 0.995
LPIPS | 0.019 | 0.017 | 0.018 | 0.011 | 0.013 | 0.016 | 0.015

PSNR | 39.30 | 42.07 | 42.63 | 46.63 | 45.62 | 42.95 | 43.20

Ours SSIM | 0.994 | 0.998 | 0.997 | 0.998 | 0.997 | 0.998 | 0.997
LPIPS | 0.019 | 0.014 | 0.016 | 0.010 | 0.010 | 0.014 | 0.013

The RO scene has several objects and rich textures, and with the application of the proposed
method, the best reconstruction results have been obtained, with a PSNR of 39.30 dB, an SSIM
of 0.994, and an LPIPS of 0.019. This paper shows that removing adaptive sampling reduces
PSNR by 0.79 dB, and there are slight declines in SSIM and LPIPS; thus, it can be seen that
the allocation of sampling points to complex geometric and textured areas is not optimal.
Without exponential decay weighting, both PSNR is 0.8 dB lower and LPIPS is 0.021 higher;
therefore, to maintain the reconstruction accuracy of a difficult scene, we need to weigh more
recent data more heavily. Excluding the perceptual loss results in a 0.43 dB drop in PSNR and
less semantic consistency; thus, fine-texture preservation and a high-quality visual are still
needed. Based on the above results, it can be seen that adaptive sampling, exponential decay
weighting and perceptual loss can be used together to improve the accuracy and visual quality
of reconstruction.

Table 10 shows the ablation results of rendering performance on TUM RGB-D.
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Table 10: Rendering Performance Comparison of Ablation Study on TUM RGB-D

Method Metric fr1/desk fr2/xyz fr3/office Avg
PSNR 25.07 22.95 26.48 24.83

Ours (no as) SSIM 0.937 0.909 0.941 0.929
LPIPS 0.147 0.210 0.126 0.161

PSNR 25.11 22.85 26.76 24.90

Ours (no edw) SSIM 0.937 0.907 0.946 0.930
LPIPS 0.139 0.196 0.107 0.147
PSNR 25.39 23.71 26.92 25.34

Ours (no pl) SSIM 0.940 0.927 0.942 0.936
LPIPS 0.136 0.175 0.107 0.139

PSNR 25.60 23.85 26.97 25.47

Ours SSIM 0.942 0.929 0.946 0.939
LPIPS 0.133 0.170 0.105 0.136

The PSNR is 23.85 dB, the SSIM is 0.929, and the LPIPS is 0.170 for the fr2/xyz scene,
which is higher than all other decomposition variants. Adaptive Sampling increases the
accuracy of sampling by focusing more sampling points on edges and textured areas, and
exponentially decaying weights improve reconstruction quality and tracking performance by
giving more weight to recent observations. The phenomenon of perceptual loss has been shown
to enhance performance further through optimisation of semantic consistency and texture
realism. Together, the modules will perform reconstruction and visualisation at a high level of
quality.

Table 11 shows the ablation results of the rendering performance on ScanNet.

Table 11: Rendering Performance Comparison of Ablation Study on ScanNet

Method Metric 0000 0106 0207 Avg
PSNR 28.52 26.46 28.81 27.93

Ours (no as) SSIM 0.922 0.921 0.910 0.917
LPIPS 0.274 0.212 0.294 0.260

PSNR 28.85 26.69 28.74 28.09

Ours (no edw) SSIM 0.924 0.910 0.911 0.915
LPIPS 0.254 0.197 0.265 0.238

PSNR 29.02 26.86 28.90 28.26

Ours (no pl) SSIM 0.926 0.920 0.911 0.919
LPIPS 0.251 0.200 0.266 0.239

PSNR 29.04 29.30 29.20 29.18
Ours SSIM 0.927 0.923 0.912 0.920
LPIPS 0.250 0.195 0.264 0.236

In the 0106 scene, the proposed method achieves a PSNR of 29.30 dB, an SSIM of 0.923
and an LPIPS of 0.195, and is thus better than all other deconvolution methods. Adaptive
sampling can refine the details more precisely, significantly reduce the influence of tracking
optimisation, and better maintain the texture and visual quality of perceptual loss. Together, the
three reasons can achieve very good reconstruction results in complex environments.

Table 12 shows the tracking accuracy after ablation on Replica.
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Table 12: Tracking Accuracy Comparison of Ablation Study on Replica ATE (cm)

Method RO R1 R2 00 01 04 Avg
Ours (no as) 0.49 0.35 0.25 0.34 0.30 0.41 0.36
Ours (no edw) 0.42 0.31 0.18 0.35 0.22 0.38 0.31
Ours (no pl) 0.35 0.30 0.23 0.41 0.23 0.38 0.31
Ours 0.40 0.27 0.14 0.29 0.18 0.32 0.26

In the R2 scene with a complex desktop structure and occlusions, the complete model
achieved the best result with an average root mean square error of 0.14 cm. It can be seen from
this paper that without adaptive sampling, the error is 0.25 cm, and thus it is necessary to move
to a dynamically adjusting sampling point to improve the accuracy of reconstruction for a
complex structure. Remove the exponential decay weights, increase the error to 0.18 cm, and
thus confirm that giving more weight to recent observations improves tracking accuracy.
Excluding perceptual loss, the error is 0.23 cm; thus, semantic consistency and the preservation
of fine details will be affected. Therefore, the three new technologies work together to reduce
the tracking error in difficult circumstances substantially.

Table 13 shows the tracking accuracy after ablation on TUM RGB-D.

Table 13: Tracking Accuracy Comparison of Ablation Study on TUM RGB-D ATE (cm)

Method frl/desk fr2/xyz fr3/office Avg
Ours (no as) 2.87 1.99 4.66 3.17
Ours (no edw) 2.96 2.21 5.45 3.54
Ours (no pl) 2.63 1.72 6.34 3.56
Qurs 2.80 1.44 441 2.88

In the fr2/xyz scene with regular motion and moderate complexity, our model achieved the
lowest error of 1.44 cm. Without adaptive sampling, the error reaches 1.99 cm, and the
distribution of sampling points at the edges and in fine structures is not optimal. Removing the
exponential decay weights results in the highest error; therefore, the weight of recent
observation data needs to be increased. Exclude the perceptual loss; otherwise, the error would
be 1.72 cm and it would lack semantic consistency and fine details. Together, the three new
ideas will help us construct the reconstruction more precisely.

5 Conclusion

A dense visual SLAM system based on Gaussian segmentation is proposed in this paper, and
good reconstruction quality and tracking accuracy are achieved by adopting adaptive sampling
strategies, exponential decay weights and perceptual loss functions. Add an adaptive sampling
strategy to move the sampling location dynamically and improve reconstruction accuracy first.
Second, an exponential decay weighting function is used to give more weight to the recent
observation data and thus enhance the accuracy of reconstruction and tracking. Therefore, a
perceptual loss function has been introduced to use high-level semantic information for better
detail recovery and to improve the visual quality of the results. According to the above
experiments, the new approach has achieved notable improvements; namely, the mean increase
in PSNR is 32.38%, that of SSIM is 17.48%, that of LPIPS is 47.57%, and that of ATE (RMSE)
is 29.20%; thus, it has exhibited better visual effects, higher-quality environmental rendering,
and more precise camera trajectory tracking. The efficacy of the above way is supported by its
superior performance over other existing methods in many public datasets. The above results
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have shown that the way of operating is feasible in practice, and new ideas for the development
of dense visual SLAM systems have been proposed.

Discussion on Limitations and Extensions Although this method has good rendering quality
and tracking accuracy for indoor scenes, it is not perfect either. First, the system is only verified
in a static, stable-light environment, and its application to large-scale outdoor or dynamic scenes
still needs to be improved. Second, although the perceptual loss effectively improves the quality
of the image, it has a high computational cost and is thus unsuitable for lightweight deployment.
Thirdly, the current adaptive sampling strategy uses manually set thresholds and is inflexible.
Future research will explore data-driven sampling strategies, introduce semantic perception
mechanisms, and consider expanding the system to support multimodal input and real-time
applications on mobile terminals to enhance the robustness and practicality of the system further.
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