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Abstract
Dense visual simultaneous localization and map-
ping (SLAM) systems have significantly ad-
vanced with the integration of learning-based
scene representations. These representations en-
hance mapping fidelity and robustness to noise
but are computationally expensive, particularly
in repetitive rendering processes. Neural point
cloud-based systems, despite their adaptability
and state-of-the-art performance, suffer from time-
intensive nearest-neighbor searches. We propose
a novel projection-first rendering strategy that sig-
nificantly improves processing speed for tracking,
enabling real-time performance. Additionally, we
introduce a direct occlusion detection mechanism
leveraging keyframe depth information for effi-
cient and accurate occlusion handling without re-
quiring volume rendering. Extensive evaluations
on both synthetic (Replica) and real-world (TUM-
RGBD) datasets demonstrate that PoP-SLAM sig-
nificantly improves tracking speed—achieving
around 4 frames per second—as well as maintain-
ing superior tracking accuracy over Point-SLAM,
our main baseline.

1. Introduction
Dense visual simultaneous localization and mapping
(SLAM) addresses the critical task of enabling an agent,
such as a moving robot equipped with a camera, to si-
multaneously build a map of the surrounding environment
while determining its location within that map. It is a well-
established yet still rapidly evolving research area within
computer vision and robotics. With the advent of neural
radiation fields (NeRFs) (15), learning-based scene represen-
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Figure 1. Estimated trajectory of PoP-SLAM and Point-SLAM in
the fr3 office scene of TUM-RGBD dataset, and the ground
truth trajectory are shown. PoP-SLAM gives a qualitatively better
estimate of each frame than Point-SLAM.

tations have gained significant attention due to their superior
representational power and high rendering fidelity. SLAM
systems that use these representations as maps are com-
monly referred to as learning-based SLAM systems. They
adopt multi-layer perceptrons (MLPs) (25), feature grids
(41), or neural points (21) as their primary map represen-
tations. These learning-based scene representations offer
several advantages for mapping, such as improved noise and
outlier handling (28), as well as improved hole filling (34)
and inpainting capabilities for unobserved scene regions
(41).

Learning-based scene representations have also significantly
transformed tracking methods. Traditionally, tracking was
mainly geometric, relying on feature extraction from im-
ages, feature matching, and the PnP algorithm (11) to cal-
culate camera poses mathematically. With the advent of
novel view synthesis in learning-based scene representa-
tions, optimization-based tracking has become the standard
for learning-based SLAM systems (41; 21; 33). This ap-
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proach involves iteratively rendering color and depth at the
estimated camera pose, computing the disparity between
the rendered and ground-truth pixel values, and updating
the camera pose through backpropagation. However, a fun-
damental limitation of optimization-based tracking is its
high computational cost. Specifically, MLP- and feature
grid-based systems require ray casting, and neural point-
based approaches depend on nearest-neighbor searches due
to the lack of spatial connectivity between points. These
rendering processes are the most time-intensive components
of the system, often making them unsuitable for real-time
applications (4).

In this work, we propose PoP-SLAM, a neural point-based
visual SLAM system that addresses these challenges by
introducing an efficient projection-first rendering strategy.
Building on Point-SLAM (21), one of the first neural point-
based SLAM approaches, PoP-SLAM eliminates repetitive
nearest-neighbor searches, enabling significant improve-
ments in processing speed. Key contributions of this work
include:

• A direct projection-based rendering method that reduces
computational time, enabling real-time SLAM perfor-
mance.

• A direct occlusion detection mechanism leveraging depth
inputs from nearby keyframes for efficient occlusion han-
dling without volume rendering.

• Improved tracking accuracy, narrowing the gap between
traditional and learning-based SLAM systems.

2. Related Work
2.1. Dense Visual SLAM

Dense 3D visual SLAM has evolved significantly, with the
foundational work of (1) introducing truncated signed dis-
tance functions (TSDFs). Following this paper are more
advanced techniques such as KinectFusion (18). More scal-
able and memory-efficient techniques, such as voxel hashing
(19) and octrees (5) were also developed.

Subsequent advancements addressed robustness and adapt-
ability in SLAM pipelines. BundleFusion (2) handles long-
term consistency in mapping. Tackling unreliable depth
maps, RoutedFusion (14) introduced a learning-based fu-
sion network for updating TSDFs, while NeuralFusion (12)
and DI-Fusion (7) extended this concept by adopting im-
plicit learning for scene representations, enhancing robust-
ness to outliers. More recently, methods have bypassed
the need for depth sensors entirely, achieving dense online
reconstruction with RGB cameras alone (20).

Dense visual SLAM systems that utilize learning-based rep-
resentations as maps can be broadly classified into coupled
(13) and decoupled (4) approaches. Coupled methods utilize

the mapped scene information for tracking, while decoupled
methods adopt a standalone tracking system to estimate cam-
era poses, subsequently reconstructing the scene based on
these poses. Currently, decoupled methods have achieved
better tracking accuracy and speed, but the tracking system
relies on its own scene representations such as traditional
point clouds, creating data redundancy. More importantly,
their mapping and rendering performance is fundamentally
constrained by the accuracy of the tracking system. In
contrast, coupled methods enable mutual enhancement of
tracking and mapping processes, thereby offering greater
potential for improving both tracking accuracy and mapping
quality.

After learning-based scene representation emerged, it also
started to be adopted for SLAM systems. Coupled systems
(41; 13; 21; 9; 33) perform tracking by optimizing camera
poses by backpropagating errors between observed and ren-
dered pixel colors and depths. Tracking and mapping can
benefit from each other in this setting, however, repetitive
volume rendering or nearest-neighbor search causes high
time consumption.

On the other hand, decoupled systems (38; 4; 27; 31; 6)
adopts off-the-shelf tracking pipelines such as (16). The
tracking performance is stable, however, it requires inde-
pendent map representation for the tracking system, and
the mapping and rendering performance is fundamentally
constrained by the accuracy of the tracking system. The
gap in tracking accuracies between coupled and decoupled
methods is reducing.

2.2. Learning-based scene representations

Learning-based dense 3D scene representations have been
explored through various approaches, generally classified
into grid-based, network-based, and point-based methods.
Network-based methods use neural networks to provide a
continuous representation of a scene through coordinate-
MLPs. This method is particularly effective for capturing
high-quality textures and complex details in a compact form
(25). However, network-based methods lack scalability and
make it difficult to update or modify the map once it is
trained.

Grid-based representations, the most traditionally studied
method, involve structuring the scene in fixed grids, often
using dense grids (18), hierarchical octrees (5), or voxel
hashing (19) to optimize memory use. These methods sup-
port efficient or straightforward neighborhood look-ups and
subsequent context aggregations (41). However, since the
grid resolution has to be chosen ahead of time in grid-based
methods, this results in inefficient memory allocation, wast-
ing resources in empty spaces while failing to capture finer
details in complex regions (36).
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Neural points (3) suggested a point cloud-based represen-
tation for neural fields. This approach avoids the memory
inefficiency of grid-based representations by concentrating
data storage on object surfaces, with minimal point alloca-
tion on free space. Point-NeRF (32) adopted these neural
points as a 3D scene representation. However, the adaptabil-
ity of point-based methods comes at the cost of rendering,
due to the lack of an intrinsic connectivity structure among
points. Point-SLAM utilizes nearest neighbor search, which
is computationally intensive.

More recently, representations based on 3D Gaussian Splat-
ting (3DGS) (10) have gained attention for their faster ren-
dering speeds and explicit nature, while maintaining compet-
itive representational power comparable to Neural Radiance
Fields. Explicit parameters such as means and covariances
are adjusted using a gradient-based rendering process guided
by images captured from multiple viewpoints. However,
when applied to SLAM map representations, the operation
speed is not as fast as other state-of-the-art methods (4).

Among learning-based SLAM methods, neural point cloud-
based systems (37; 13) demonstrate state-of-the-art perfor-
mance and offer ease of map modification.

2.3. Image rendering

In neural point-based systems, nearest-neighbor search is
used to render depth and color from the object’s surface. Un-
like feature grid-based methods that require ray casting, this
approach samples fewer points along each ray, focusing on
a range around the sensor’s depth. Occupancies and colors
for these points are decoded using pretrained Multi-Layer
Perceptrons (MLPs) with Gaussian positional encodings
(26) to enhance performance. To get a feature vector for
each point, geometry, and color features are interpolated
using neighboring points weighted by their inverse squared
distance. The final depth and color are then determined as
weighted averages of the decoded occupancies along each
ray.

3. Approach
3.1. Neural Point Cloud

We start by defining a neural point cloud (NPC) similar to
(32), namely, as a set of N neural points

P = {(pi, fi) | i = 1, ..., N}

where pi ∈ R3 denotes the 3D position (x, y, z) in world
coordinate system and fi ∈ R32 a 32-dimensional color
feature vector for the i-th point.

3.1.1. POINT ADDING STRATEGY

During each mapping phase, given an estimated camera
pose, we employ the following pixel sampling strategy. First,
we sample X pixels uniformly across the image plane ensur-
ing some even coverage of the scene. Then, we unproject
the pixel coordinates to 3D space using the depth informa-
tion to obtain their position in the camera coordinate system.
Next, for each unprojected 3D point, we perform a nearest
neighbor search within a fixed radius r in the existing neural
point cloud. This step determines whether the point lies in a
region of the scene already represented by existing points
in the cloud. If no neighbors are found within the radius,
we add a point at the measured depth from camera to the
neural point cloud. This strategy ensures the neural point
cloud naturally converges to a bounded set of points as no
new scene parts are visited. This ensures that the neural
point cloud remains compact and efficient. After a point
is generated, the color feature is initialized with a normal
distribution.

3.2. Projection-First Strategy and Rendering

Given a camera pose Tcw, we can render the NPC to get the
RGBD pixel value of the specific image frame. We propose
a direct projection-based rendering. We denote Pw as a
N × 3 matrix which contains N number of 3D coordinates
for each point in the world coordinate system. Given a
camera pose Tcw, we transform Pw into Pc in the camera
coordinate system. Subsequently, we project Pc into Pp

in the pixel coordinate system using the camera intrinsic
matrix K. This projection is done efficiently by vectorized
calculation of GPUs.

Now we describe the process of rendering depth and color
from a neural point in 3D space. Depth is easily acquired
by simply taking the z value of P ′

c, expressed as

D̂ = Pc(z).

For color, we directly utilize a point’s 3D world coordinates
and its feature vector, independent of the camera pose and
projection. Specifically, we employ an MLP as a decoder,
expressed as

Ĉi = gξ(pi, fi),

to predict the color value Ci ∈ R3. The color decoder
MLP, denoted by gξ, is parameterized by the trainable
weights ξ. To enhance the network’s ability to represent
high-frequency details, the 3D point coordinates pi are first
processed through a positional encoding module (26). By
assigning these per-point depth and color values to the cor-
responding pixel coordinates, we complete point-wise ren-
dering.
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Figure 2. Overview of PoP-SLAM: Illustrates the projection-first rendering pipeline for efficient neural point cloud-based SLAM. The
process begins with the neural point cloud, where 3D points are projected into the image plane using the camera pose and intrinsic
parameters. The pipeline renders depth and color using point-wise interpolation and a color decoder network. The rendered outputs are
compared against ground truth depth and RGB images to compute the loss, which is minimized for accurate tracking. This approach
emphasizes computational efficiency of the pipeline.

Algorithm 1 Point-Wise Rendering
Input: point Pw, camera pose Tcw, intrinsic matrix K
Pc = TcwPw

Pp = KPc

for all k in {1, . . . ,K} do
P k
c = T k

cwPw

P k
p = KP k

c

mask ← mask & (|P k
c (z)−Dk(P k

p )| < δ)
end for
P ′
w ← Pw[mask]

P ′
c ← Pc[mask]

P ′
p ← Pp[mask]

D̂ = Pc(z)
Ĉ = gξ(P

′
w)

3.2.1. DIRECT OCCLUSION DETECTION

In the process, we can naturally filter out points that do not
fall into the image frame or are located behind the image
frame. To filter out occluded points, we effectively utilize
depth information of nearby keyframes at time t = k ∈
{1, . . . ,K}, of which we know the pose T k

cw and where K
denotes the total number of keyframes. Keyframes that have
a significant overlap with the viewing frustum of the current
frame are selected. We project Pw to each selected keyframe
and choose points that are located near the measured depth
of every selected keyframe, to get P ′

p and its unprojected
versions P ′

w and P ′
c. The margin δ between the ground truth

and estimated depth is a hyperparameter. Algorithm 1 shows
the overall tracking pipeline including point projection and
occlusion detection.

3.3. Tracking

At time t, the camera pose T t
cw is initialized using the con-

stant velocity model, which predicts the pose incrementally
based on the previous two time steps:

∆T t−1
cw =

(
T t−2
cw

)−1
T t−1
cw ,

T t
cw = ∆T t−1

cw T t−1
cw .

This initialization provides a reasonable initial estimate for
the current pose based on the motion observed in preceding
frames. Once the initial pose T t

cw is initialized, the neural
point cloud is rendered into the image frame, producing
predicted depth D̂i and color Ĉi for each valid point, as
detailed in Section 3.2. To refine the pose, we iteratively
minimize a multi-term loss function:

L =

Mtr∑
i=1

(
|Di − D̂i|+ λ|Ci − Ĉi|

)
,

where Mtr denotes the number of valid projected points
P ′
w, and λ is a constant hyperparameter that balances the

contributions of depth and color errors. Di and Ci are
the ground truth depth and color values at pixel i, derived
from the incoming RGB-D frame. The optimization of
T t
cw proceeds through gradient-based methods, leveraging

the differentiable nature of the projection and rendering
processes.

We employ bilinear interpolation for estimating Di and Ci

values at projected locations because projected points often
fall at floating-point pixel coordinates rather than integer
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coordinates. To estimate precise values at these positions,
bilinear interpolation combines the contributions of the four
nearest pixels, weighted by their relative distances to the
projected point. This approach prevents rounding errors and
ensures accurate depth and color predictions, essential for
reliable pose optimization.

3.4. Mapping

During the mapping process, we minimize the mapping
loss function to optimize the color feature vectors fi for the
points seen in the current image frame. The mapping loss
Lmap is defined as

Lmap =

K∑
k=1

M∑
i=1

|Ck
i − Ĉk

i |,

where M denotes the number of valid points P ′
w, Ck

i de-
notes the k-th keyframe’s ground truth color value for pixel
i, and Ĉk

i is its predicted counterpart. The summation is
performed over all pixels i in the current frame and over
keyframes k ∈ {1, . . . ,K}, where K is the total number of
keyframes. These are sampled based on their overlap with
the current frame’s viewing frustum.

In our approach, the optimization process is solely focused
on refining the color feature vector, ensuring accurate color
representation while we get depth values through direct
projections.

Keyframes are incorporated into the optimization process to
enhance robustness. These are sampled based on their over-
lap with the current frame’s viewing frustum, and their pixel
samples are included to regularize the mapping loss. This
streamlined mapping pipeline improves speed and precision
while focusing on color feature refinement.

4. Experiments
4.1. Experimental Setups

4.1.1. IMPLEMENTATION DETAILS

Our implementation is designed to efficiently manage neural
point cloud updates and leverage our novel projection-first
rendering mechanism. Experiments are conducted on a
machine with an Intel(R) Core(TM) i7-14700KF CPU and
an NVIDIA GeForce RTX 4070 GPU.

We use the following hyperparameter settings for each
datasets:

• Learning rate: 2× 10−4.
• Depth difference margin (δ): 0.1.
• Number of pixels sampled for mapping (X):

– TUM-RGBD: 10000.
– Replica: 5000.

4.1.2. EVALUATION METRICS

We evaluate our method using the following metrics:

• Tracking Accuracy: Measured using Absolute Trajec-
tory Error (ATE) RMSE (24) to quantify deviations in
estimated camera poses.

• Tracking Frames Per Second (FPS): In order to mea-
sure computational efficiency of our pipeline.

4.1.3. DATASETS

We perform experiments on two benchmark datasets to eval-
uate the effectiveness of our approach:

• Replica Dataset (23): A synthetic dataset featuring
photorealistic indoor scenes.

• TUM-RGBD Dataset (24): Real-world indoor se-
quences with ground truth poses captured using an
external motion capture system.

4.1.4. BASELINE METHODS

We compare our approach against several state-of-the-art
SLAM systems, focusing on methods that employ learning-
based scene representations. Our primary baseline is Point-
SLAM (21), a neural point cloud-based SLAM system that
uses nearest neighbor search for rendering. We also evaluate
against NICE-SLAM (41), which leverages feature grids for
dense reconstruction, and GLORIE-SLAM (37), a coupled
SLAM system known for its competitive tracking accuracy.
Loopy-SLAM (13), designed for loop closure optimization
and accurate mapping, is another key baseline.

4.2. Tracking

We evaluate the tracking performance of our method on the
TUM-RGBD and Replica datasets. Results are summarized
in Tables 2 and 3. On TUM-RGBD, our approach achieves
the best tracking accuracy among all evaluated methods,
with an average ATE RMSE of 0.75 cm, significantly out-
performing prior state-of-the-art methods. This highlights
the robustness of our projection-first methodology in real-
world environments.

On the Replica dataset, our method demonstrates competi-
tive performance, achieving an average ATE RMSE of 0.71
cm. Although we do not outperform methods that utilize
loop closure, such as Loopy-SLAM (13), our results remain
consistent and robust across all evaluated scenes.

Our projection-first methodology directly utilizes interpo-
lated depth and color values, enabling precise pose estima-
tion while avoiding the computational overhead of nearest-
neighbor search. Depth and color values are efficiently
rendered using bilinear interpolation, ensuring smooth and
accurate results even in challenging scenarios.
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Method
TUM-RGBD (24) Replica (23)

fr1 desk fr1 desk2 fr1 room fr2 xyz fr3 office AVG office0 office1 office2 office3 AVG

Point-SLAM (21) 1.31 0.84 1.39 1.66 1.61 1.36 2.81 2.89 2.58 2.49 2.69
PoP-SLAM (Ours) 3.76 3.45 3.53 5.85 4.00 4.12 3.37 4.22 3.42 3.17 3.55

Table 1. Tracking Frames Per Second (FPS) comparison on TUM-RGBD (24) and Replica (23). Dataset-specific averages (TUM
AVG and Replica AVG) are included in the table. Results are measured on the same PC, with specifications detailed in Section 4.1. Better
values are highlighted as best .

Figure 3. Qualitative evaluation of our system’s trajectory estimation across diverse indoor scenes from the TUM-RGBD and Replica
datasets. Each subfigure compares the ground truth trajectory (black) against the estimated trajectory from our system (blue), with
markers indicating the start (green) and end (orange) points for ground truth, as well as the start (cyan) and end (red) points for the
estimated trajectory. The scenes include (top row, left to right): TUM-RGBD fr1-desk, TUM-RGBD fr1-desk2, TUM-RGBD fr1-room,
TUM-RGBD fr2-xyz; and (bottom row, left to right): TUM-RGBD fr3-office, Replica office0, Replica office1, and Replica office2.
These results demonstrate the effectiveness of our approach in both real-world and synthetic environments, achieving robust tracking
performance across varied and challenging conditions.

Method LC fr1 desk fr1 desk2 fr1 room fr2 xyz fr3 office AVG

Neural Implicit Fields
NICE-SLAM (41) ✗ 4.26 4.99 34.49 6.19 3.87 10.76
Point-SLAM (21) ✗ 4.34 4.54 30.92 1.31 3.48 8.92
ESLAM (8) ✗ 2.47 3.69 29.73 1.11 2.42 7.89
GO-SLAM (38) ✔ 1.50 N/A 4.64 0.60 1.30 N/A
Loopy-SLAM (13) ✔ 3.79 3.38 7.03 1.62 3.41 3.85
PoP-SLAM (Ours) ✗ 2.35 2.23 2.40 1.49 3.41 6.52
3D Gaussian Splatting
SplaTAM (9) ✗ 3.35 6.54 11.13 1.24 5.16 5.48
Gaussian-SLAM (36) ✗ 2.73 6.03 14.92 1.39 5.31 6.08
LoopSplat (40) ✔ 2.08 3.54 6.24 1.58 3.22 3.33
Classical
BAD-SLAM (22) ✔ 1.7 N/A N/A 1.1 1.7 N/A
Kintinuous (30) ✔ 3.7 7.1 7.5 2.9 3.0 4.84
ORB-SLAM2 (17) ✔ 1.6 2.2 4.7 0.4 1.0 1.98
ElasticFusion (29) ✔ 2.53 6.83 21.49 1.17 2.52 6.91
BundleFusion (2) ✔ 1.6 N/A N/A 1.1 2.2 N/A

Table 2. Tracking Performance on TUM-RGBD (24) (ATE
RMSE ↓ [cm]). LC indicates loop closure. The best results are
highlighted as first , second , and third . PoP-SLAM performs
the best.

Method LC Rm 0 Rm 1 Rm 2 Off 0 Off 1 Off 2 Off 3 AVG

Neural Implicit Fields
NICE-SLAM (41) ✗ 0.97 1.31 1.07 0.88 1.00 1.06 1.10 1.06
ESLAM (8) ✗ 0.71 0.70 0.52 0.57 0.55 0.58 0.72 0.63
Point-SLAM (21) ✗ 0.61 0.41 0.37 0.38 0.48 0.54 0.69 0.52
GO-SLAM (38) ✔ 0.34 0.29 0.29 0.32 0.30 0.39 0.39 0.35
Loopy-SLAM (13) ✔ 0.24 0.24 0.28 0.26 0.40 0.29 0.22 0.29
PoP-SLAM (Ours) ✗ 0.19 N/A 0.47 0.53 0.45 0.35 0.30 0.38
3D Gaussian Splatting
SplaTAM (9) ✗ 0.31 0.40 0.29 0.47 0.27 0.29 0.32 0.38
Gaussian-SLAM (36) ✗ 0.29 0.29 0.22 0.37 0.23 0.41 0.30 0.31
LoopSplat (40) ✔ 0.28 0.22 0.17 0.22 0.16 0.49 0.20 0.26

Table 3. Tracking Performance on Replica (23) (ATE RMSE
↓ [cm]). PoP-SLAM outperforms Point-SLAM on average and
remains competitive with other methods.
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By leveraging efficient rendering and accurate pose esti-
mation, our approach demonstrates strong performance in
both synthetic (Replica) and real-world (TUM-RGBD) en-
vironments. These results validate the effectiveness of our
pipeline in achieving state-of-the-art tracking accuracy.

Loop closure, used by methods like Loopy-SLAM, enhances
tracking accuracy by identifying previously visited locations
and correcting pose drift. It jointly refines camera poses
and observed point locations, reducing local perturbations
and cumulative errors, especially in large or repetitive envi-
ronments. Incorporating loop closure into our system could
further improve both tracking accuracy and map quality.

4.3. Time Consumption

Table 1 presents the comparison of Tracking Frames Per
Second (FPS) between PoP-SLAM and Point-SLAM, our
primary baseline. Our method demonstrates significant im-
provements in computational speed across all scenes.

The computational efficiency of our method primarily ben-
efits from the vectorized calculations enabled by GPUs.
While our system processes approximately 15,000 neural
points per frame, fewer than 500 points (∼ 3.3%) are typi-
cally pruned. This small ratio does not significantly impact
overall time consumption, as matrix multiplication involv-
ing ∼15,000 rows is efficiently handled by GPUs. Testing
Point-SLAM with and without pruning points showed no
meaningful statistic in processing time. This is because
pruning points can directly affect tracking accuracy, mak-
ing subsequent frame tracking more unstable and causing
variations in processing time.

Thus, the efficiency gains of our method stem from algo-
rithmic optimizations and effective GPU utilization, even
when handling significantly larger point sets compared to
Point-SLAM.

5. Conclusion
We present PoP-SLAM, a dense visual SLAM system that
leverages neural point clouds as the sole scene represen-
tation, addressing critical limitations of existing learning-
based SLAM systems. By introducing a novel projection-
first rendering strategy, PoP-SLAM eliminates the need for
computationally expensive ray casting or nearest-neighbor
searches, achieving significantly faster processing times.
This enables real-time performance while maintaining track-
ing accuracy. Furthermore, the system incorporates a direct
occlusion detection mechanism that effectively leverages
keyframe depth information, enabling accurate occlusion
handling without relying on volume rendering.

Our extensive evaluations on both synthetic (Replica) and
real-world (TUM-RGBD) datasets demonstrate that PoP-

SLAM achieves substantial improvements in rendering
speed, supporting around 4 frames per second. The di-
rect projection-first strategy not only accelerates the SLAM
pipeline but also reduces redundancy in rendering and track-
ing processes. This achievement underscores its potential
as an efficient framework for dense 3D mapping and track-
ing, with broad applicability in real-world scenarios such as
robotics and augmented reality.

We built our system on Point-SLAM and observed improve-
ments in both tracking accuracy and processing time. Our
method is versatile and can be seamlessly integrated into
state-of-the-art systems like Loopy-SLAM for a perfor-
mance boost. Its compatibility with existing point cloud and
pose optimization frameworks makes it an ideal enhance-
ment, offering improved tracking precision and reduced
processing time.

5.1. Limitation and Future Works

While PoP-SLAM demonstrates competitive performance,
certain limitations and areas for future exploration remain.
First, the projection-first rendering approach is currently
applied only to the tracking phase. Extending this strategy
to the mapping phase could yield additional performance
improvements, particularly in terms of mapping speed. Sec-
ond, our method does not yet support full-image rendering
for 3D reconstructions, which is critical for novel view syn-
thesis and visualization tasks. Future work could explore
integrating techniques like masked autoencoders to enable
efficient full-image rendering (35; 39). Third, implement-
ing loop closure in our system would significantly enhance
tracking accuracy by reducing cumulative drift during ex-
tended sequences. Since our system is point cloud-based,
loop closure can be easily incorporated using existing point
cloud alignment and optimization techniques. This would
improve the stability and consistency of both tracking and
mapping, particularly in large-scale or repetitive environ-
ments. Lastly, as the number of neural points increases,
processing time naturally grows. Implementing strategies
such as local maps to constrain the number of points being
projected at any given time could help maintain real-time
performance for larger and more complex scenes. Address-
ing these limitations will not only enhance the capabilities
of PoP-SLAM but also contribute to advancing the broader
field of dense visual SLAM systems.
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SLAM2: An Open-Source SLAM System for Monoc-
ular, Stereo, and RGB-D Cameras. IEEE Transactions
on Robotics 33, 5 (2017), 1255–1262.

[18] NEWCOMBE, R. A., IZADI, S., HILLIGES, O.,
MOLYNEAUX, D., KIM, D., DAVISON, A. J., KOHLI,
P., SHOTTON, J., HODGES, S., AND FITZGIBBON,
A. KinectFusion: Real-Time Dense Surface Mapping
and Tracking. In IEEE International Symposium on
Mixed and Augmented Reality (2011), pp. 127–136.

[19] NIESSNER, M., ZOLLHÖFER, M., IZADI, S., AND
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