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End-to-End RGB-D SLAM with Multi-MLPs Dense Neural Implicit
Representations

Mingrui Li, Jiaming He, Yangyang Wang, Hongyu Wang

Abstract— An accurate and generalizable dense 3D recon-
struction system has attracted much attention. However, exist-
ing 3D dense reconstruction systems are constrained by pre-
training, and there is a need for enhanced reconstruction
of texture and shape details. We propose an end-to-end 3D
reconstruction system which achieves fine scene reconstruc-
tion without prior information by utilizing a neural implicit
encoding. Our proposed system successfully achieves the goal
through improved multi-MLP decoders (MLM) and an effective
keyframe selection strategy. Experiments conducted on the
commonly used Replica and TUM RGB-D datasets demonstrate
that our approach can compete with widely adopted NeRF-
based SLAM methods in terms of 3D reconstruction accuracy.
Moreover, our approach shows a 40.8%(except Completion
Ratio) improvement in accuracy compared to NICE-SLAM [14]
and does not use prior information.

I. INTRODUCTION

Realizing a dense simultaneous localization and mapping
system (SLAM) based on RGB-D is a critical challenge in the
fields of computer vision and robotics. This system exhibits
broad applicability in domains such as autonomous driving,
virtual reality, and robotics. Traditional SLAM methods are
categorized into sparse SLAM [1], [2], dense SLAM [3],
[4] and hybrid systems [5]. These SLAM methods [6], [8]—
[10], [29] are plagued by limitations in sensor accuracy and
require significant computational resources for feature-based
matching and optimization algorithms, which limit their per-
formance. A significant drawback is their inability to generate
a dependable geometric estimation of the unobserved region
[11].

In recent times, SLAM approaches utilize neural radi-
ation fields and the iMAP [12], NeRF-SLAM [13], and
NICE-SLAM [14] systems, have exhibited remarkable pro-
ficiency in reconstructing 3D surfaces and large scenes
[15], [16]. However, neural implicit SLAM systems, such as
NICE-SLAM requires pre-training on synthetic indoor scene
datasets [17], limiting their generalization ability. Current
neural implicit SLAM systems without pretraining, such as
iMAP, exhibit limited reconstruction accuracy. Since a single
MLP’s global parameter optimization is frequently used, the
system will suffer from forgetting.

Our approach utilizes multiple MLPs to extract detailed
features. We achieve dense mapping by employing neural
implicit reconstruction of color and occupancy. Our method

avoids the limitation of a single MLP and propose a multi-
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MLP neural implicit encoding structure to extract detailed
features, while achieving local updating and optimization.
This improves the tracking and mapping strategies and leads
to a higher quality reconstruction process. Compared to the
baseline NICE-SLAM, we achieve improvements in recon-
struction accuracy and quality without pre-training and can
compete with the state-of-the-art RGB-D SLAM methods.

In summary, we put forward three significant contribu-
tions: (i) We propose an end-to-end dense SLAM system
capable of achieving 3D reconstruction of virtual and real
scenes without any prior infomation, while ensuring suf-
ficient detail and scalability, (ii) To enhance the feature
detail extraction capability of the system. We propose a
multi-MLP neural implicit coding structure which can ex-
tract more detailed features, enabling a more comprehensive
reconstruction process. (iii) To enhance the tracking stability
of the system,we propose a keyframe selection strategy. The
strategy based on sliding window filtering and can adaptively
switch the keyframes involved in local optimization in the
keyframe list.Extensive evaluations on the Replica dataset
[20] and the TUM RGB-D dataset [21] demonstrate that our
method competes well with similar approaches in terms of
reconstruction accuracy, PSNR, and Depth L1. Compared
to NICE-SLAM [14], we achieved at least a 40.8%(except
Completion Ratio) improvement.

II. RELATED WORK

Traditional SLAM methods [22]-[26] have signifcant
achievements in dynamic tracking, sparse mapping, seman-
tic analysis, and other aspects. Vision-based methods are
more convenient and cost-effective compared to lidar-based
methods. Dense SLAM systems, as opposed to sparse visual
representations, allow for superior quality scene reconstruc-
tions.They also offer better occlusion reasoning, collision de-
tection, interpretation of scene content and perception. Early
KinectFusion [10] implemented point cloud reconstruction
by establishing a voxel grid that could be updated gradually.
Although the explicit method can achieve fine reconstruction
results at the pixel level. Compared with neural implicit
methods, the large amount of memory consumed by the saved
reconstruction results is always a challenge. [27]. Researchers
are therefore more inclined to use indirect methods to reduce
the resource requirements.

In recent years, CodeSLAM [28] proposed an autoen-
coder that can split the high-level features of grayscale
images through a pretrained network and realize hierarchical
sampling to refine image features. Tandem [31] introduced
a neural network into the dense reconstruction process,
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which can use the pre-trained MVSNet [32] network for
depth estimation and reduce drift in large scenes through
frame to model tracking. DROID-SLAM [33] used a dense
optical flow architecture to reduce reprojection errors while
improving tracking robustness. In the above dense SLAM
methods,point cloud or voxel representation are often neces-
sary and the traditional methods are limited in their ability
to fill occluded areas of the scene.

Neural implicit representations have shown remarkable
success in achieving 3D reconstruction, [34]—[37], especially
in filling unknown regions and depth recovery. The core of
the method is the continuous representation of the signal that
leads to excellent performance in object reconstruction and
scene completion. However, current work mostly focus on
small scenes and objects and falls short in larger-scale scenes.
Moreover, most current Nerf require prior information of
camera pose and lack the ability to achieve mapping-tracking
processes [39]-[43]. Combining the neural implicit represen-
tations methods with SLAM is considered a crucial method
for verifying Nerf performance and future applications [36],
[44]-[47], but current Nerf work is generally regarded as an
offline method due to its long cycle time.

iMAP [12] is the first work that successfully implements
real-time online SLAM, realizing the global update and joint
optimization process through a single MLP [48]. However,
iMAP [12] consumes considerable memory and computing
resources since it stores and compresses the cache state
map file and performs periodic local enhancements. BARF
[30] is a similar work to view synthesis, and its bundled
iterative process can obtain precise poses meeting the Nerf
reconstruction requirements.

NICE-SLAM [14] adopts a hierarchical storage scene
representation, and stores scene partitions through a pre-
trained differentiable renderer. However, due to the frozen
pre-training parameters and low-resolution storage structure,
its generalization ability is limited in some scenarios and
may lose some details. Moreover, the running speed of the
system is limited by different scenarios. Our method does
not require pre-training or pre-setting of reconstruction range
parameters. But can also achieve the filling of unknown areas,
improving the geometric integrity of the reconstruction,
while providing reasonable photometric predictions.

III. PROBLEM STATEMENT
IV. AppProAcH

We have developed a hierarchical 3D reconstruction sys-
tem based on the neural implicit representation to enhance
the system’s perceptual ability and feature extraction capa-
bility for fine details in the scene. Specifically, our approach
does not depend on pre-trained models. To improve fea-
ture extraction, we have created a multi-MLP differentiable
rendering framework for layered scene representation. Fur-
thermore, we have designed a keyframe selection strategy
that can enhance the accuracy of tracking. Specifically, in
Section A, we explain the workflow of our neural implicit
rendering method as shown in Figl. In Section B, we
introduce the architecture and implementation of our multi-
MLP hierarchical feature extractor. Finally, in Section C,

we provide details of our active evaluation and optimization
strategy.

A. Multiscale Hierarchical MLP Residual Structured Scene
Representations

iMAP [12] is limited in performance when facing large-
scale scenes due to the storage capacity limitation of a single
MLP. At the same time, the simple feature concatenation
as input to a multi-MLP as done by NICE-SLAM [14]
is also difficult to fully solve the problem of extracting
detailed features in the scene. Therefore, we propose a multi-
MLP-based SLAM system in this paper. Our multi-MLP
scene renderer, MLM (MLP with Large and Minor), includes
multiple levels of decoders.

The construction leads to the total calculation amount
has not significantly increased. In the experiment, we utilize
four voxel grids with side lengths of 32, 24, 16 (The
corresponding feature is represented as £! £2 &3 &%), and 8cm
as the geometric division of the MLP interpreter.We utilize
two parallel structures, referred to the large layers and the
minor layers. Both the large layer and the minor layer are
composed of a perception structure consisting of two MLPs.

Because we propose a relatively lightweight MLP struc-
ture, despite increasing the number of MLPs, the total
number of layers has decreased. These decoders are divided
into two groups: large and minor scales, corresponding to
different levels of MLP interpreters. We use MLM" reel
MLM 82 MLM™"0T and MLM™"°"? 1o represent it. The
two MLPs in the Large-MLPs are designed to provide resid-
uals (AF™ and AFY*#°) the Minor-MLPs with a feature
grid side length of 16cm. These settings leads to facilitate the
learning of richer high-frequency details. The Large-MLPs
do not participate in detailed color rendering or occupancy
value output. The MLP design is flexible, which allows
our architecture to have certain scalability and structural
flexibility. The occupancy offset of MLM™"? Jayer can be
obtained by this process:

AF?arge = MLM™nor2 (AFZS‘“ge +AF§Iarg") (1)

In the MLM“&! and MLM"? layers, we apply two
transformations to each residual block with @ =1,8=0 and
use them to control the output proportion and bias correction.
After learning the residual, we input it into MLM™"°™ for
feature extraction and perform another residual pass. The per-
formed residual fusion is expressed as AF 2large +AF ?arge. We

input the residual of MLM™"°™! into MLM™"? to enhance
the extraction of details, compensating for high-frequency
features and avoiding the automatic filtering problem of
MLP. This relies primarily on the reinforcement obtained
from the stacked features of the fine-grained layers. Finally,
we use MLM™"™2 a5 the main reconstruction interpreter,
outputting both occupancy values and colors.

O = MM (AP AFJ™)  (2)

Aor(rslinorl — MLMminorZ (AFéminor) (3)
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Fig. 1: The structure of the our system is presented in Figure 1, which depicts an end-to-end parallel tracking and mapping process. The input to the pipeline is a continuous
RGB-D image stream, and the output is the reconstruction result and model. To extract features hierarchically, we use a feature encoder with 4 MLPs and sample the input
image. The two MLP decoders in the large-MLP layer only perform residual transfer and do not participate in the voxel reconstruction process. The feature residuals extracted
are input into the coarse decoder of the small-MLP layer, where the two decoders jointly participate in color and volume reconstruction and evaluate the reconstruction quality
simultaneously. The keyframe selection strategy can be adaptively adjusted to rationalize the bundle adjustment process and improve tracking accuracy. The MLP decoders of

different scales are represented by a model from deep to shallow.

The final representation of the occupancy value for a point
" 06 — Aorginorl +A0r§in0r2 (4)

Both AFY™E and AF2™"° are fed as residual inputs, and
simultaneously participate in optimizing the feature grid. We
use multi-level MLP interpreters to directly obtain occupancy
values, resulting in a more fexible and generalizable network
structure. It is a process of deepening feature learning
multiple times, and through experiments, it has been proven
that it is feasible to approach the performance. Specifically,
when voxel content 0% cannot be filled in the minor layer,
we use a predicted value obtained directly from MLM "8l
and MLM""8¢2 of the Large-MLPs layer to fill it. Occupied
values are then interpolated using bilinear interpolation to
effectively fill holes in unknown regions. To expand the ob-
servation range in larger scenes, we can adjust the parameters
of the Large-MLPs layer.

0% = MLM" ! (0{';“%“) (5)

B. Neural Implicit Representations

We use pixel sampling on the current frame and initialize
the camera pose using a constant speed assumption, and
update the frame pose through backpropagation. To enhance
system speed we employ hierarchical volume sampling strat-
egy [49].First, we sample Ny along each ray, and then
additionally sample N; points near the surface. Overall, we
sample N; = Ny + N; points.For all sampling points P; on the

given ray k. we have p; =0+Z;(k)ie{l,--- ,N}, where O is
the center coordinate of the camera and Z; (k) is the depth at
the i-th sampling point on the ray k or every point p; , we can
calculate their large-level occupancy probability 0% minor-
level occupancy probability O s we model the ray termination
probability at point p; as Wk = 0% Hé;% (1-09%) for large
level, and Wl." =0s H;;ll (1 -=0y) for minor level. For each
ray, the depth at both coarse and fine level:

N

Cn(k) = D Wik Zi(k) (©6)
n:,l

Ci(k)= ) Wizi(k) ()
n=1

The volume density is used to render the color and depth of
each ray. Unlike NICE-SLAM [14], we have abandoned the
fixed pretrained decoder that needs to be pretrained in large
scenes. This allows us to avoid learning specific resolution
priors, which leads to better generalization of our system.
NICE-SLAM [14] runs at significantly different speeds in
scenes of different scales, whereas our system has better
generalization performance, which can significantly alleviate
this problem. The geometric and photometric losses are

expressed as follows, to maintain consistency:
N

L= 2 Cal) = o)

m=1

®)

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.



IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.

1 .
L= 5 2l =] ©)

where L, and L; ’leérllote geometric and photometric
losses. Both geometric and photometric losses at the large
and minor levels are L; losses between the predicted and
observed values. To obtain the depth of each pixel, we sample
the position and volume density along the ray of the pixel and
perform alpha synthesis on the density obtained. To minimize
the depth and color loss of the pass, we optimize the process
by minimizing the photometric and geometric errors. In the
optimization of the feature grid, we use Eq. (1) to optimize
the large and minor levels sequentially, and then perform
BA process including: the feature grid corresponding to the
minor level, as well as the camera extrinsics and the filtered
keyframes. For the feature grid at the large level, we optimize
the weighted sum of both losses using an adjustable 1, to
adjust the weight of photometric error in the minor level.
Ly =min|| Ly + L+, L], (10)
We optimize only the Minor-MLPs layer, and perform local
bundle adjustment as a final step. The optimization process
is localized to minimize the reprojection error. Because the
texture and color details corresponding to the feature grid at
the large level are too coarse, we try to minimize its impact
while speeding up the optimization process.

C. Tacking and Mapping methods

Tracking: Our tracking approach is designed to operate
in parallel, with inter-thread data exchange only occurring
during keyframe generation. To facilitate differentiable ren-
dering, we employ feature embedding in lieu of global co-
ordinates and conduct iterative optimizations for both depth
and geometry [51]. Pose updates are measured within the
tangent space of SE3. To mitigate the issue of tracking drift,
we randomly sample and extract a subset of pixels from the
keyframe to form a pixel set of size N;. During tracking, we
remove pixels whose color loss exceeds eight times the mean
value, as these pixels tend to be unstable.

Mapping: In terms of selecting keyframes, NICE-SLAM
simply extracts a keyframe every 50 frames and performs BA
optimization after 4 keyframes. Compared to NICE-SLAM,
we propose a more refined strategy.In order to make our
strategy more reasonable during the BA (bundle adjustment)
process and avoid the low quality of selected keyframes
affecting the tracking and mapping process, we choose one
frame as a keyframe every 20 frames and perform BA
optimization every 4 frames. At the same time, we take
the last two frames as candidate keyframes and observe that
when the pixel loss is too high or the illumination changes
drastically, the current frame is often in a high dynamic state,
which may lead to tracking failure and low reconstruction
accuracy. Therefore, we divide the current frame into a
20x 20 grid and calculate the median depth loss ¢ of each
grid, and then calculate the total depth loss median ¢,. We
remove all pixels in the current frame greater than 8 times
the median pixel loss of all pixels, and if we detect that
5% of the pixels in the current frame are greater than 8
times the median depth loss or the total number of grids

with luminosity changes greater than the median exceeds
5, we consider the current frame unreliable and remove it
from the keyframe list, adding the candidate keyframe to
the list. However, if the candidate keyframe still does not
meet the threshold requirements after switching, we directly
select the current frame for generation and tracking, and
perform local BA. This is particularly important in real-time
scenarios, such as challenging dynamic scenes. In this case,
we turn off the re-projection process and directly use the
current frame to accelerate the mapping process. This method
can be a basis for future semantic SLAM, but it is not the
focus of this paper. The experiments demonstrate that we can
achieve complete tracking process. This is especially crucial
when there are real-time requirements, such as challenging
dynamic scenes. In such cases, we turn off the regeneration
process and directly use the current frame to speed up the
tracking process.

V. EXPERIMENTS

We conducted an evaluation of both competing methods
and our proposed approach. We conducted experiments on
both real-world and synthetic datasets and measured relevant
evaluation metrics to assess the performance of each method.
Furthermore, we conducted ablation experiments to analyze
the contribution of individual components in our proposed
architecture and to quantify the improvement achieved. The
results of our evaluation provide valuable insights into the
effectiveness of our approach and its potential for practical
applications.

A. Experimental Setting

To perform the reconstruction task, we use PyTorch and
CUDA, and performed the computation on an i7-12700K
CPU and a 3090ti GPU equipped with 24GB of video
memory. Specifically, we adopted a weighted photometric
loss with a weighting parameter 4=0.2 on the TUM RGB-D
dataset. For each image, we sampled N = 1000 and N, = 200
pixel values, respectively.

Datasets: We utilized three Datasets for our evaluation:
the Replica dataset, ScanNet dataset [17] and TUM RGB-
D dataset [21]. The Replica dataset is a synthetic 3D scene
dataset that contains eight sequences, each with 2000 RGB
and depth images. This Dataset includes five office envi-
ronments and three apartment environments. The ScanNet
dateset and TUM RGB-D dataset are collected from multiple
sensors, which consists of three sequences that can effec-
tively demonstrate the system’s reconstruction and tracking
capabilities in challenging environments.

Baseline and Metrics: We followed the same MLP set-
tings as NICE-SLAM and modified the code to remove
the pre-training part as control. As we observed that the
non-pretraining version of NICE-SLAM has a significant
random error, we used the best data from 10 experiments
as its performance index, while the data of NICE-SLAM
refer to the data provided by the authors in their paper.
To comprehensively evaluate the reconstruction accuracy,
we selected accuracy (cm), completion(cm), and completion
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iMAP[12]

NICE-SLAM(np) TSDF-Fusion[30]

office-2

room-0

Ours Ground Truth[20]

Fig. 2: Reconstruction Results of 8 scenes in the Replica dataset.The order of the methods in the image, from left to right, is as follows: iMAP NICE-SLAM (np), TSDF-Fusion
NICE-SLAM, our proposed approach, and ground truth.The TSDF reconstruction results were obtained using Tandem. For IMAP we used the code reproduced in NICE-SLAM.
According to the reconstruction results of Fig2 that our reconstruction results have higher resolution.(We use NICE-SLAM(np) to represent the non-pretrained version of NICE-

SLAM)

TABLE I: Reconstruction Results of 8 Scenes in the Replica dataset. Compared with IMAP NICE-SLAM and NICE-SLAM (np). We evaluate the reconstruction quality and
assess the reconstructed geometry and image quality using Geometric (Depth L1) and Photometric (PSNR) metrics on the Raplica dataset.The best results were highlighted in

bold.

office0 officel office2 office3 office4 room0O rooml room2 AVG

Acc.[cm]| 5.56 3.35 471 3.84 3.35 3.53 3.60 3.03 3.87
Comp. Ratio[<5cm%]1 8930  88.79  88.97  87.18 91.17 9192 9136 90.79 §9.93

Depth L1[cm]) 2.62 291 8.14 5.47 2.25 2.53 3.43 2.96 3.79
PSNR[dB]T 25.78  25.30 18.50 22.82 2526 23.83 22.61 2197 23.26

Acc.[cm]| 5.87 3.71 4.81 4.27 4.83 3.58 3.69 4.68 6.95

iMAP Comp.[cm]{ 6.11 5.26 5.65 5.45 6.59 5.06 4.87 5.51 5.33
Comp. Ratio[<5cm%]T  77.71 79.64 7722 7734 77.63 8391 8345 7553 79.06

Depth L1[cm]| 6.43 7.41 14.23 8.68 6.80 5.70 493 6.94 7.64

PSNR[dB]T 7.39 11.89 8.02 5.62 5.98 5.66 5.31 5.64 6.95

Acc.[cm]| 5.01 3.10 8.46 473 16.1 4.22 12.5 3.32 7.15

NICE-SLAM(np) Comp.[cm]{ 5.03 4.58 5.85 3.55 10.8 4.26 7.44 4.27 5.72
Comp. Ratio[<5cm%]T 91.99  89.53 63.19 84.69 48.72 90.30 5532 89.50 77.72

Depth L1[cm]| 1.83 3.01 13.89 6.47 19.20 4.23 10.96 2.81 7.61
PSNR[dB]T 22.09 21.63 20.24  21.21 10.83 18.51 17.91 1693  18.66

Acc.[cm]| 2.48 4.05 4.61 4.04 3.78 3.27 3.63 3.26 3.64

Ours Comp.[cm]{ 2.13 341 2.99 3.39 2.93 2.66 2.15 2.66 2.80
Comp. Ratio[<5cm%]T  93.54 85.62 89.00 8563 88.53 93.85 96.52 90.58 90.43

Depth L1[cm]| 1.70 2.36 2.09 2.10 2.71 2.14 1.77 3.53 2.3
PSNR[dB]T 29.61 26.15 26.35 23.54 2595 28.02 2036 27.139 26.27

ratio(<5cm %) as indicators. We also used PSNR (dB) and
Depth L1 (cm) to evaluate the comprehensive indicators of
the new view.

B. Results on Replica

The reconstruction results of Replica dataset are presented
in Table 1 and Fig2. We present the results of our experiment
by highlighting the best and second-best performance values
in bold and underlined, respectively. The 2D metrics were
evaluated based on the PSNR and Depth L1 values, which

were computed as the average of 8 scenes. Additionally, we
have provided reconstruction results on four different scenes.
Our method outperforms TSDF-Fusion resulting in clearer
and more detailed geometry. This is mainly due to the large
amount of feature information obtained and the holes filled
in the reconstruction process. Our approach exhibits a more
significant advantage over NICE-SLAM when pre-trained
geometric priors are not available, achieves improvement of
each performance values at least 40.8%(except Completion
Ratio).
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GT Generate RGB  Generate Depth

Frame25

Frame3000 Frame2000 Framel000

GT

Generate RGB  Generate Depth

Fig. 3: TUM RGB-D dataset 25-3000 Frame Generation results.We compared the results generated by our method(left) and NICE-SLAM(right) on TUM RGB-D [21] dataset.
The results from frame 25 to frame 3000 are shown from top to bottom. Details for comparison are highlighted with red boxes in the figures. This comparison was conducted

following academic standards.

C. Results on TUM RGB-D

The results of ATE in TUM RGB-D datasets is shown in
Table2. The TUM RGB-D dataset [21] comprises real-world
scenes representing a challenging benchmark for Nerf-based
SLAM approaches. We evaluate the performance of NICE-
SLAM, DlI-fusion [19], BAD-SLAM [54], iMAP [12], and
NICE-SLAM (np) on the TUM RGB-D dataset. Our results
indicate that, while our approach falls short of BAD-SLAM
in terms of tracking accuracy, it outperforms NICE-SLAM,
iMAP, and DI-fusion.Figure 3 shows the generation results
on the TUM RGB-D dataset, including frame 25, frame
1000, frame 2000, and frame 3000. We adopted the same
minor layer parameter settings as NICE-SLAM on the TUM
RGB-D dataset [21] to ensure fairness. Additionally, we
presented Ground Truth, Generate RGB and Generate Depth
images. The contrast effect of local detail reconstruction
in the red box, our method from the depth in terms of
color reconstruction results, we are richer in details than
NICE-SLAM. The reconstruction effect of the 1000th frame
also demonstrates that our method is more robust and can
reconstruct geometric details more accurately.

D. Results on Scannet

The results of ATE in Scannet datasets is shown in Table3
and the results of run-time and memory comparison in
Table4. We conduct the process speed and ATE tracking ex-
periments on the Scannet dataset, and compared our method
with NICE-SLAM [14], iMAP [12], and the latest ESLAM
[7]. The speed testing experiment was based on the results of
Scene0000. The results show that our method has advantages
in terms of speed, and the final memory consumption is also
relatively low due to the use of a relatively small network
structure. We provide a comparison between the tracking

results on Scene0000 and NICE-SLAM in Fig4.In terms of
tracking, we are competitive with NICE-SLAM and ESLAM,
and we achieve better results compared to the case where no
keyframe selection strategy is used. Our method is capable of
effectively reducing drift while also decreasing the parameter
count. By flexibly adjusting the structure of the MLP, we can
have a wider range of feature concatenation methods and
keyframe selection thresholds tailored to different datasets.
However, these aspects are not the focus of this paper.

TABLE II: Run-time and memory comparison on ScanNet [17] with respective settings.
All methods are benchmarked on scene0000 of ScanNet.The best were highlighted in
bold.

Scene ID [Sc. 0000Sc. 0059Sc. 0106Sc. 0169Sc. 0181AVG
NICE-SLAM| 124 152 7.9 10.9 13.1 119
ESLAM 7.3 8.5 7.5 65 9.0 78
iMAP 402 152 133 338 21.6 240
Ours(ns) 162 134 8.4 102 153 127
Ours 6.9 9.1 7.4 31 86 7.0

Fig. 4: Tracking Results on ScanNet [17] scene0000 sequence of ATE [cm] (), a
comparison was made between NICE-SLAM and our method. Our method effectively
reduces drift and enhances tracking accuracy.
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TABLE III: Run-time and memory comparison on ScanNet [17] with respective settings.
All methods are benchmarked on scene0000 of ScanNet.The best were highlighted in
bold.

Track(ms)| Map.(ms)] FPS?T #param.|
NICE-SLAM [14]| 12.3x50 125.3x60 0.68 22.04
iMAP [12] 30.4x50  44.9%300 0.37  0.22
ESLAM [7] N/A N/A 1.82  17.63
ours 7.9x50 30.2x10 4.4 43

VI. CoNCLUSION

We propose an end-to-end dense 3D reconstruction system
utilizing neural implicit representation SLAM method. Our
method employs MLM decoder to facilitate the mapping
and tracking process, resulting in a hierarchical scene rep-
resentation. Compared to pre-trained NERF combined with
SLAM method, our method achieves excellent reconstruction
accuracy without pre-training and preserves high-frequency
details.Keyframe selection strategy adjustment can more ef-
fectively eliminate unreasonable keyframes, enhance tracking
process stability, and achieve adaptive adjustments. Experi-
mental results demonstrate that our method has advantages
in both running speed and positioning accuracy and is com-
petitive with recent approaches, while excelling in object-
level details. Our system architecture has high adaptability,
and we recommend further research focusing on improving
voxel accuracy, varying MLP quantity, and input structure to
achieve better results.
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