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Abstract

We propose a dense neural simultaneous localization
and mapping (SLAM) approach for monocular RGBD in-
put which anchors the features of a neural scene repre-
sentation in a point cloud that is iteratively generated in
an input-dependent data-driven manner. We demonstrate
that both tracking and mapping can be performed with the
same point-based neural scene representation by minimiz-
ing an RGBD-based re-rendering loss. In contrast to recent
dense neural SLAM methods which anchor the scene fea-
tures in a sparse grid, our point-based approach allows dy-
namically adapting the anchor point density to the informa-
tion density of the input. This strategy reduces runtime and
memory usage in regions with fewer details and dedicates
higher point density to resolve fine details. Our approach
performs either better or competitive to existing dense neu-
ral RGBD SLAM methods in tracking, mapping and ren-
dering accuracy on the Replica, TUM-RGBD and Scan-
Net datasets. The source code is available at https://
github.com/eriksandstroem/Point-SLAM .

1. Introduction

Dense visual simultaneous localization and mapping
(SLAM) is a long-standing problem in computer vision
where dense maps have widespread applications in aug-
mented and virtual reality (AR, VR), robot navigation and
planning tasks [17], collision detection [7], detailed occlu-
sion reasoning [46], and interpretation [72] of scene content
which is vital for scene understanding and perception.

To estimate a dense map via SLAM, tracking and map-
ping steps have traditionally been employed with different
scene representations which creates undesirable data redun-
dancy and independence since the tracking is then often per-
formed independently of the estimated dense map. Cam-
era tracking is frequently done with sparse point clouds
or depth maps, e.g. via frame-to-model tracking [36, 66,
6, 38, 21] and with incorporated loop closures [15, 77, 5].
For dense mapping the most common scene representations
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Figure 1: Point-SLAM Benefits. Due to the spatially adap-
tive anchoring of neural features, Point-SLAM can encode
high-frequency details more effectively than NICE-SLAM
which leads to superior performance in rendering, recon-
struction and tracking accuracy while attaining competitive
runtime and memory usage. The first row shows the fea-
ture anchor points. For NICE-SLAM we show the centers
of non-empty voxels located on a regular grid, while the
density of anchor points for Point-SLAM depends on depth
and image gradients. The row below depicts resulting ren-
derings showing substantial differences on areas with high-
frequency textures like the vase, blinds, floor or blanket.

are voxel grids [36, 37], voxel hashing [38, 15, 21, 20], oc-
trees [16, 49, 29], or point/surfel clouds [77, 5, 48]. The
introduction of learned scene representations [42, 30, 8, 32]
has led to rapid progress for learning-based online map-
ping methods [63, 64, 31, 18, 24, 41] and offline meth-
ods [43, 1, 57, 73]. However, most of these methods re-
quire ground truth depth or 3D for model training and may
not generalize to unseen real-world scenarios at test time.
To eliminate the potential domain gap between train and
test time, recent SLAM methods rely on test time optimiza-
tion via volume rendering [53, 69, 79]. Compared to tradi-
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tional approaches, neural scene representations have attrac-
tive properties for mapping like improved noise and out-
lier handling [64], better hole filling and inpainting capa-
bilities for unobserved scene parts [69, 79], and data com-
pression [42, 58]. Like DTAM [37] or BAD-SLAM [48]
recent neural SLAM methods [79, 69, 53] only use a sin-
gle scene representation for both tracking and mapping but
they rely either on a regular grid structure [79, 69] or a
single MLP [53]. Inspired by BAD-SLAM [48], NICE-
SLAM [79] and Point-NeRF [67], the research question we
tackle in this work is:

Can point-based neural scene representations be used for
tracking and mapping for real-time capable SLAM?

To this end, we introduce Point-SLAM, a point-based so-
lution to dense RGBD SLAM, which allows for a data-
adaptive scene encoding. The key ideas of our method are
as follows: Instead of anchoring the feature points on a reg-
ular grid, our approach populates points adaptively depend-
ing on information density in the input data which allows
for a better memory vs. accuracy trade-off. For render-
ing, we depart from the classical splatting technique used
for surfels and instead aggregate neural point features in a
ray-marching fashion. MLP decoders translate these fea-
tures into scene geometry and color estimates. Tracking
and mapping are performed alternatingly by minimizing an
RGBD-based re-rendering loss. Different from grid-based
approaches, we do not model free space and encode only
little information around the surface. We evaluate our pro-
posed method on a selection of indoor RGBD datasets and
demonstrate state-of-the-art performance on dense neural
RGBD SLAM in terms of tracking, rendering, and map-
ping - see Fig. 1 for exemplary results. In summary, our
contributions include:
• We present Point-SLAM, a real-time capable dense

RGBD SLAM approach which anchors neural features
in a point cloud that grows iteratively in a data-driven
manner during scene exploration. We demonstrate that
the proposed neural point-based scene representation can
be effectively used for both mapping and tracking.

• We propose a dynamic point density strategy which al-
lows for computational and memory efficiency gains and
trade reconstruction accuracy against speed and memory.

• Our approach shows clear benefits on a variety of datasets
in terms of tracking, rendering and mapping accuracy.

2. Related Work

Dense Visual SLAM and Mapping. Curless and
Levoy [13] laid the groundwork for many 3D reconstruc-
tion strategies that employ truncated signed distance func-
tions (TSDF). Subsequent developments include KinectFu-
sion [36] and more scalable techniques with voxel hash-

ing [38, 21, 40], octrees [49], and pose robustness via sparse
image features [4]. Further extensions involve tracking for
SLAM [37, 48, 53, 79, 5, 70] which can also handle loop
closures, like BundleFusion [15]. To address the issue of
noisy depth maps, RoutedFusion [63] learns a fusion net-
work that outputs the TSDF update of the volumetric grid.
NeuralFusion [64] and DI-Fusion [18] extend this concept
by learning the scene representation implicitly, resulting in
better outlier handling. A number of recent works do not
need depth input and accomplish dense online reconstruc-
tion from RGB cameras only [35, 10, 3, 50, 54, 47, 23].
Lately, methods relying on test time optimization have be-
come popular due to their adaptability to test time con-
straints. For example, Continuous Neural Mapping [68]
learns a representation of the scene by means of contin-
ually mapping from a sequence of depth maps. Neural
Radiance Fields [32] inspired works for dense surface re-
construction [39, 59] and pose estimation [45, 25, 62, 2].
These works have led to full dense SLAM pipelines [69,
79, 53, 28], which represent the current most promising
trend towards accurate and robust visual SLAM. See [80]
for a survey on online RGBD reconstruction. In contrast to
our work, none of the neural SLAM approaches supports an
input-adaptive scene encoding with high fidelity.

Concurrent to our work, ESLAM [28] tackles RGBD
SLAM with axis aligned feature planes and NICER-
SLAM [78], NeRF-SLAM [45] and Orbeez-SLAM [12] fo-
cus on RGB-only SLAM.

Scene Representations. Most dense 3D reconstruction
works can be separated into three categories: (1) grid-
based, (2) point-based, (3) network-based. The grid-based
representation is perhaps the most explored one and can
be further split into methods using dense grids [79, 36,
63, 64, 13, 54, 3, 24, 11, 77, 76, 66, 81], hierarchical oc-
trees [69, 49, 29, 6, 26] and voxel hashing [38, 21, 15,
60, 33] to save memory. One advantage of grids is that
neighborhood look ups and context aggregations are fast
and straightforward. As their main limitation, the grid reso-
lution needs to be specified beforehand and cannot be triv-
ially adapted during reconstruction, even for octrees. This
can lead to a suboptimal resolution strategy where mem-
ory is wasted in areas with little complexity while not be-
ing able to resolve details beyond the resolution choice.
Point-based representations offer a solution to the issues
facing grids and have successfully been applied to 3D re-
construction [65, 48, 5, 12, 21, 22, 9, 74]. For exam-
ple, analogous to the resolution in grids, the point den-
sity does not need to be specified beforehand and can in-
herently vary across the scene. Further, point sets can be
trivially focused around the surface in order not to waste
memory on modeling free space. The penalty for this flex-
ibility is a more difficult neighborhood search problem as
point sets lack connectivity structure. For dense SLAM,
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Figure 2: Point-SLAM Architecture. Given an estimated camera pose, mapping is performed as follows. We first add a
sparse set of neural points to the neural point cloud, and then render depth and color images via volume rendering along the
ray. For each sampled pixel we sample a set of points xi along the ray and extract the geometric and color features (P g(xi)
and P c(xi) resp.) at xi, using feature interpolation within the spherical search radius r. Each neural point location pk is
weighted by the distance wk to the sampled point xi. The features are passed to the occupancy and color decoders (h and gξ
resp.) along with the point coordinate xi to extract the occupancy oi and color ci. By imposing a depth and color re-rendering
loss to the sensor input RGBD frame, the neural point features are optimized during mapping. Alternating to the mapping
step, we perform tracking by optimizing the camera extrinsics while keeping the map fixed.

neighborhood search can be accelerated by converting the
3D search problem into a 2D one by projecting the point
set into a set of keyframes [65, 48]. A more elegant and
faster solution is to register each point within a grid struc-
ture [67]. In this work, we argue that points provide a flex-
ible representation that can benefit from a grid structure
for fast neighborhood search. Contrary to previous point-
or surfel-based SLAM approaches [65, 48, 5], we benefit
from neural implicit features from which rendering is per-
formed through volumetric alpha compositing. Network-
based methods for dense 3D reconstruction offer a continu-
ous representation by modeling the global scene implicitly
through coordinate-MLPs [1, 53, 59, 45, 41, 68, 71, 42, 30].
Benefiting from a simple formulation that is continuous and
compressed, network-based methods can recover maps and
textures of high quality, but are not suitable for online scene
reconstruction for two main reasons: 1) they do not al-
low for local scene updates, 2) for growing scene size the
network capacity cannot be increased at runtime. In this
work, we adopt neural implicit representations popularized
by network-based methods, but allow for scalability and lo-
cal updates by anchoring neural point features in 3D space.

Outside the domain of the aforementioned three groups,
a few works have studied other representations such as pa-
rameterized surface elements [56] and axis aligned feature
planes [28, 43]. Parameterized surface elements generally
struggle with formulating a flexible shape template while
feature planes struggle with scene reconstructions contain-
ing multiple surfaces, due to their overly compressed repre-
sentation. Therefore, we believe that these approaches are
not suitable for dense SLAM. Instead we look to model our
scene space as a collection of unordered points with corre-
sponding optimizable features.

3. Method
This section details how our neural point cloud is de-

ployed as the sole representation for dense RGBD SLAM.
Given an estimated camera pose, points are iteratively
added to the scene as new areas are explored (Section 3.1).
We make use of per-pixel image gradients to achieve a dy-
namic point density which aids in resolving fine details
while compressing the representation elsewhere. We further
detail how depth and color rendering is performed (Sec-
tion 3.2), with which we minimize a re-rendering loss for
both mapping and tracking (Section 3.3). An overview of
our method is provided in Fig. 2.

3.1. Neural Point Cloud Representation

We define our neural point cloud as a set of N neural
points

P = {(pi, fg
i , f

c
i ) | i = 1, ..., N} , (1)

each anchored at location pi ∈ R3 and with a geometric and
color feature descriptor fg

i ∈ R32 and f c
i ∈ R32.

Point Adding Strategy. For every mapping phase and
a given estimated camera pose, we sample X pixels uni-
formly across the image plane and Y pixels among the top
5Y pixels with the highest color gradient magnitude. Using
the available depth information, the pixels are unprojected
into 3D where we search for neighbors within a radius r.
If no neighbors are found, we add three neural points along
the ray, centered at the depth reading D and then offset by
(1−ρ)D and (1+ρ)D with ρ ∈ (0, 1) being a hyperparame-
ter accounting for the expected depth noise. If neighbors are
found, no points are added. We use a normally distributed
initialization of the feature vectors. The three points act as
a limited update band that is depth dependent in order to
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model the common noise characteristic of depth cameras.
As more frames are processed, our neural point cloud grows
progressively to represent the exploration of the scene, but
converges to a bounded set of points when no new scene
parts are visited. Contrary to many voxel-based representa-
tions, it is not required to specify any scene bounds before
the reconstruction.
Dynamic Resolution. For computational and memory effi-
ciency, we employ a dynamic point density across the scene.
This allows Point-SLAM to efficiently model regions with
few details while high point densities are imposed where
it is needed to resolve fine details. We implement this by
allowing the nearest neighbor search radius r to vary ac-
cording to the color gradient observed from the sensor. We
use a clamped linear mapping to define the search radius r
based on the color gradient:

r(u, v) =


rl if ∇I(u, v) ≥ gu

β1∇I(u, v)+β2 if gl ≤ ∇I(u, v) ≤ gu

ru if ∇I(u, v) ≤ gl ,

(2)

where ∇I(u, v) denotes the gradient magnitude at the pixel
location (u, v). We use a lower and upper bound (rl, ru)
for the search radius to control the compression level and
memory usage. For more details about parameter choices,
we refer to the supplementary material.

3.2. Rendering

To render depth and color, we adopt a volume rendering
strategy. Given a camera pose with origin O, we sample a
set of points xi as

xi = O+ zid, i ∈ {1, ...,M} , (3)

where zi ∈ R is the point depth and d ∈ R3 the ray di-
rection. Specifically, we sample 5 points spread evenly be-
tween (1− ρ)D and (1+ ρ)D, where D is the sensor depth
at the pixel to be rendered. This is in contrast to voxel-based
frameworks [79, 69] which need to carve the empty space
between the camera and the surface, thus requiring signifi-
cantly more samples. For example, NICE-SLAM [79] uses
48 samples (16 around the surface and 32 between the cam-
era and the surface). With fewer samples along the ray, we
achieve a computational speed-up during rendering. After
the points xi have been sampled, the occupancies oi and
colors ci are decoded using MLPs following [79] as

oi = h
(
xi, P

g(xi)
)

ci = gξ
(
xi, P

c(xi)
)
. (4)

We denote the geometry and color decoder MLPs by h and
gξ, respectively, where ξ are the trainable parameters of g.
We use the same architecture for h and g as [79] and use
their provided pretrained and fixed middle geometric de-
coder h. The decoder input is the 3D point xi, to which

we apply a learnable Gaussian positional encoding [55] to
mitigate the limited band-width of MLPs, and the associ-
ated feature. We further denote P g(xi) and P c(xi) as the
geometric and color features extracted at point xi respec-
tively. For each point xi we use the corresponding per-pixel
query radius 2r, where r is computed according to Eq. (2).
Within the radius 2r, we require to find at least two neigh-
bors. Otherwise, the point is given zero occupancy. We use
the closest eight neighbors and use inverse squared distance
weighting for the geometric features, i.e.

P g(xi) =
∑
k

wk∑
k wk

fg
k with wk =

1

||pk − xi||2
. (5)

For the color features, inspired by [67], we impose a non-
linear preprocessing on the extracted neighbor features f c

k

such that
f c
k,xi

= Fθ(f
c
k , pk − xi) , (6)

where F is a one-layer MLP parameterized by θ, with
128 neurons and softplus activations. We use the same
Gaussian positional encoding for the relative point vector
(pk −xi) as used by the geometry and color decoders. This
yields

P c(xi) =
∑
k

wk∑
k wk

f c
k,xi

. (7)

For pixels without depth observation, we render by march-
ing along the ray from the depth 30cm to 1.2Dmax, where
Dmax is the maximum frame depth. We use 25 samples
within this interval. This technique acts as a hole filling
technique, but does not fill in arbitrarily large holes, which
can cause large completion errors. Next, we describe how
the per-point occupancies oi and colors ci are used to render
the per-pixel depth and color using volume rendering. We
construct a weighting function, αi as described in Eq. (8).
This weight represents the discretized probability that the
ray terminates at point xi.

αi = opi

i−1∏
j=1

(1− opj
) . (8)

The rendered depth is computed as the weighted average
of the depth values along each ray, and equivalently for the
color according to Eq. (9).

D̂ =

N∑
i=1

αizi, Î =

N∑
i=1

αici (9)

We also compute the variance along the ray as

ŜD =

N∑
i=1

αi

(
D̂ − zi

)2
(10)

For more details, we refer to [79].
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3.3. Mapping and Tracking

Mapping. During mapping, we render M pixels uniformly
across the RGBD frame and minimize the re-rendering loss
to the sensor reading D and I as

Lmap =

M∑
m=1

|Dm − D̂m|1 + λm|Im − Îm|1 , (11)

which combines a geometric L1 depth loss and a color L1

loss with hyperparameter λm for given ground truth values
D̂m, Îm. The loss optimizes the geometric and color fea-
tures fg and f c as well as the parameters ξ and θ of the
color decoder g and interpolation decoder F respectively.
For each mapping phase, we first optimize using only the
depth term in order to initialize the color optimization well.
We then add the color loss for the remaining 60 % of itera-
tions. Following the same strategy as [79], we make use of
a database of keyframes to regularize the mapping loss. We
sample a set of keyframes which have a significant overlap
with the viewing frustum of the current frame and add pixel
samples from the keyframes. More details are provided in
the supplementary material.
Tracking. In a separate process to mapping, we perform
tracking by optimizing the camera extrinsics {R, t} at each
frame. We sample Mt pixels across the frame and initialize
the new pose with a simple constant speed assumption that
transforms the last known pose with the relative transfor-
mation between the second last pose and the last pose. The
tracking loss Ltrack combines a color term weighted by λt

and a geometric term weighted by the standard deviation of
the depth prediction:

Ltrack =

Mt∑
m=1

|Dm − D̂m|1√
ŜD

+ λt|Im − Îm|1 (12)

3.4. Exposure Compensation

For scenes with significant exposure changes between
frames, we use an additional module to reduce color dif-
ferences between corresponding pixels. Inspired by [44],
we learn a per-image latent vector which is fed as input to
an exposure MLP Gϕ with parameters ϕ. The network G is
shared between frames and optimized at runtime. It outputs
an affine transformation (3×3 matrix and 3×1 translation)
which is used to transform the color prediction from Eq. (9)
before being fed to the tracking or mapping loss. For more
details see the supplementary material.

4. Experiments
We first describe our experimental setup and then evalu-

ate our method against state-of-the-art dense neural RGBD
SLAM methods on Replica [51] as well as the real world

TUM-RGBD [52] and the ScanNet [14] datasets. Further
experiments and details are in the supplementary material.

Implementation Details. For efficient nearest neighbor-
hood search, we use the FAISS library [19] which supports
GPU processing. We use ρ = 0.02 on Replica and TUM-
RGBD and ρ = 0.04 on ScanNet. We set rl = 0.02,
ru = 0.08, gu = 0.15, gl = 0.01 and β1 = − 2

3 , β2 = 13
150 .

For all datasets, X = 6000. For Replica Y = 1000 and for
ScanNet and TUM-RGBD Y = 0. For tracking, we sample
Mt = 1.5K pixels uniformly on Replica. On TUM-RGBD
and ScanNet, we first compute the top 75K pixels based on
the image gradient magnitude and sample Mt = 5K out
of this set. For mapping, we sample uniformly M = 5K
pixels for Replica and 10K pixels for TUM-RGBD and
ScanNet. Although we specify a number of mapping iter-
ations, we use an adaptive scheme which takes the number
of newly added points into account. The number of map-
ping iterations is computed as mi = md

i n/300, where md
i

is the default mapping iterations and n is the number of
added points. We clip mi to lie within [0.95md

i , 2m
d
i ]. This

strategy speeds up mapping when few points are added and
helps optimize frames with many new points. To mesh the
scene, we render depth and color every fifth frame over the
estimated trajectory and use TSDF Fusion [13] with voxel
size 1 cm. See the supplementary material for more details.

Evaluation Metrics. The meshes, produced by marching
cubes [27], are evaluated using the F-score which is the har-
monic mean of the Precision (P) and Recall (R). We use a
distance threshold of 1 cm for all evaluations. We further
provide the depth L1 metric as in [79]. For tracking accu-
racy, we use ATE RMSE [52] and for rendering we pro-
vide the peak signal-to-noise ratio (PSNR), SSIM [61] and
LPIPS [75]. Our rendering metrics are evaluated by render-
ing the full resolution image along the estimated trajectory
every 5th frame. Unless otherwise written, we report the
average metric of three runs on seeds 0, 1 and 2.

Datasets. The Replica dataset [51] comprises high-quality
3D reconstructions of a variety of indoor scenes. We utilize
the publicly available dataset collected by Sucar et al. [53],
which provides trajectories from an RGBD sensor. Further,
we demonstrate that our framework can handle real-world
data by using the TUM-RGBD dataset [52], as well as the
ScanNet dataset [14]. The poses for TUM-RGBD were cap-
tured using an external motion capture system while Scan-
Net uses poses from BundleFusion [15].

Baseline Methods. We primarily compare our method to
existing state-of-the-art dense neural RGBD SLAM meth-
ods such as NICE-SLAM [79], Vox-Fusion [69] and ES-
LAM [28]. We reproduce the results from [69] using the
open source code and report the results as Vox-Fusion∗. For
NICE-SLAM, we use 40 tracking iterations on Replica and
mesh the scene at resolution 1cm for a fair comparison.
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Method Metric Rm0 Rm1 Rm2 Off0 Off1 Off2 Off3 Off4 Avg.

NICE-
SLAM [79]

Depth L1 [cm] ↓ 1.81 1.44 2.04 1.39 1.76 8.33 4.99 2.01 2.97
Precision [%] ↑ 45.86 43.76 44.38 51.40 50.80 38.37 40.85 37.35 44.10
Recall [%] ↑ 44.10 46.12 42.78 48.66 53.08 39.98 39.04 35.77 43.69
F1 [%] ↑ 44.96 44.84 43.56 49.99 51.91 39.16 39.92 36.54 43.86

Vox-
Fusion∗ [69]

Depth L1 [cm] ↓ 1.09 1.90 2.21 2.32 3.40 4.19 2.96 1.61 2.46
Precision [%] ↑ 75.83 35.88 63.10 48.51 43.50 54.48 69.11 55.40 55.73
Recall [%] ↑ 64.89 33.07 56.62 44.76 38.44 47.85 60.61 46.79 49.13
F1 [%] ↑ 69.93 34.38 59.67 46.54 40.81 50.95 64.56 50.72 52.20

ESLAM [28] Depth L1 [cm] ↓ 0.97 1.07 1.28 0.86 1.26 1.71 1.43 1.06 1.18

Ours

Depth L1 [cm] ↓ 0.53 0.22 0.46 0.30 0.57 0.49 0.51 0.46 0.44
Precision [%] ↑ 91.95 99.04 97.89 99.00 99.37 98.05 96.61 93.98 96.99
Recall [%] ↑ 82.48 86.43 84.64 89.06 84.99 81.44 81.17 78.51 83.59
F1 [%] ↑ 86.90 92.31 90.78 93.77 91.62 88.98 88.22 85.55 89.77
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Figure 3: Reconstruction Performance on Replica [51]. Fig. 3a: Our method is able to outperform all existing methods.
Best results are highlighted as first , second , and third . Fig. 3b: Point-SLAM yields on average more precise reconstruc-
tions than existing methods, e.g. note the fidelity of the rough carpet reconstruction on Office 0.
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Figure 4: Rendering Performance on Replica [51]. Thanks to the adaptive density of the neural point cloud, Point-SLAM
is able encode more high-frequency details and to substantially increase the fidelity of the renderings. This is also supported
by the quantitative results in Table 2.

Method Rm 0 Rm 1 Rm 2 Off 0 Off 1 Off 2 Off 3 Off 4 Avg.

NICE-SLAM [79] 0.97 1.31 1.07 0.88 1.00 1.06 1.10 1.13 1.06
Vox-Fusion [69] 0.40 0.54 0.54 0.50 0.46 0.75 0.50 0.60 0.54
Vox-Fusion∗ [69] 1.37 4.70 1.47 8.48 2.04 2.58 1.11 2.94 3.09
ESLAM [28] 0.71 0.70 0.52 0.57 0.55 0.58 0.72 0.63 0.63
Point-SLAM (ours) 0.61 0.41 0.37 0.38 0.48 0.54 0.69 0.72 0.52

Table 1: Tracking Performance on Replica [51] (ATE
RMSE ↓ [cm]). On average, we achieve better tracking than
existing methods. The grayed numbers of [69] are from the
paper that come from a single run which we could not repro-
duce. We report an average of 3 runs for all other methods
in this table. Vox-Fusion∗ indicates recreated results.

4.1. Reconstruction

Fig. 3a compares our method to NICE-SLAM [79], Vox-
Fusion [69] and ESLAM [28] in terms of the geomet-

ric reconstruction accuracy. We outperform all methods
on all metrics and report an average improvement of 85
%, 82 % and 63 % on the depth L1 metric over NICE-
SLAM, Vox-Fusion and ESLAM respectively. Fig. 3b com-
pares the mesh reconstructions of NICE-SLAM [79], Vox-
Fusion [69] and our method to the ground truth mesh. We
find that our method is able to resolve fine details to a sig-
nificantly greater extent than previous approaches. We at-
tribute this to our neural point cloud which adapts the point
density where it is needed (i.e. close to the surface and
around fine details) and conserves memory in other areas.

4.2. Tracking

We report the tracking performance on the Replica
dataset in Table 1. On average we outperform the exist-
ing methods. We believe this is due to the more accu-
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Method Metric Room 0 Room 1 Room 2 Office 0 Office 1 Office 2 Office 3 Office 4 Avg.

NICE-SLAM [79]
PSNR [dB] ↑ 22.12 22.47 24.52 29.07 30.34 19.66 22.23 24.94 24.42
SSIM ↑ 0.689 0.757 0.814 0.874 0.886 0.797 0.801 0.856 0.809
LPIPS ↓ 0.330 0.271 0.208 0.229 0.181 0.235 0.209 0.198 0.233

Vox-Fusion∗ [69]
PSNR [dB] ↑ 22.39 22.36 23.92 27.79 29.83 20.33 23.47 25.21 24.41
SSIM ↑ 0.683 0.751 0.798 0.857 0.876 0.794 0.803 0.847 0.801
LPIPS ↓ 0.303 0.269 0.234 0.241 0.184 0.243 0.213 0.199 0.236

Ours
PSNR [dB] ↑ 32.40 34.08 35.50 38.26 39.16 33.99 33.48 33.49 35.17
SSIM ↑ 0.974 0.977 0.982 0.983 0.986 0.960 0.960 0.979 0.975
LPIPS ↓ 0.113 0.116 0.111 0.100 0.118 0.156 0.132 0.142 0.124

Table 2: Rendering Performance on Replica [51]. We outperform existing dense neural RGBD methods on the commonly
reported rendering metrics. For NICE-SLAM [79] and Vox-Fusion [69] we take the numbers from [78]. For qualitative
results, see Fig. 4.

Method
fr1/ fr1/ fr1/ fr2/ fr3/

Avg.
desk desk2 room xyz office

DI-Fusion [18] 4.4 N/A N/A 2.0 5.8 N/A
NICE-SLAM [79] 4.26 4.99 34.49 31.73 (6.19) 3.87 15.87 (10.76)
Vox-Fusion∗ [69] 3.52 6.00 19.53 1.49 26.01 11.31
Point-SLAM (Ours) 4.34 4.54 30.92 1.31 3.48 8.92
BAD-SLAM [48] 1.7 N/A N/A 1.1 1.7 N/A
Kintinuous [66] 3.7 7.1 7.5 2.9 3.0 4.84
ORB-SLAM2 [34] 1.6 2.2 4.7 0.4 1.0 1.98
ElasticFusion [65] 2.53 6.83 21.49 1.17 2.52 6.91

Table 3: Tracking Performance on TUM-RGBD [52]
(ATE RMSE ↓ [cm]). Point-SLAM consistently outper-
forms existing dense neural RGBD methods (top part), and
is reducing the gap to sparse tracking methods (bottom
part). In parenthesis we report the average over only the
successful runs.

Method 0000 0059 0106 0169 0181 0207 Avg.

DI-Fusion [18] 62.99 128.00 18.50 75.80 87.88 100.19 78.89
NICE-SLAM [79] 12.00 14.00 7.90 10.90 13.40 6.20 10.70
Vox-Fusion [69] 8.39 N/A 7.44 6.53 12.20 5.57 N/A
Vox-Fusion∗ [69] 68.84 24.18 8.41 27.28 23.30 9.41 26.90

(16.55) (18.52)
Point-SLAM (Ours) 10.24 7.81 8.65 22.16 14.77 9.54 12.19

Table 4: Tracking Performance on ScanNet [14] (ATE
RMSE ↓ [cm]). All scenes are evaluated on the 00 tra-
jectory. We take the numbers from [28] for NICE-SLAM.
Tracking failed for one run on Vox-Fusion on scene 0000.
In parenthesis we report the average over only the success-
ful runs.

rate scene representation that the neural point cloud pro-
vides. We show that the performance of Point-SLAM trans-
fers to real-world data by evaluating on the TUM-RGBD
dataset in Table 3. We outperform all existing dense neural
RGBD methods. Nevertheless, there is still a gap to tradi-
tional methods which employ more sophisticated tracking
schemes including loop closures. Finally, Table 4 shows
our tracking performance on some selected ScanNet scenes,
where we activate the exposure compensation module. We
achieve competitive performance on ScanNet, but find that
this dataset is generally more complex due to motion blur

Without Fθ . PSNR: 27.41 With Fθ . PSNR: 32.09

Figure 5: Non-Linear Appearance Space. A non-linear
preprocessing via Fθ of the appearance features helps re-
solve high frequency textures like the blinds, the pot on the
table and the tree print on the pillow.

and specularities. We believe our model is more sensitive
to these effects if not modeled properly compared to e.g.
NICE-SLAM [79] and Vox-Fusion [69] which employ a
large voxel size that leads to more averaging and a reduced
sensitivity to specularities. We added a more detailed dis-
cussion to the supplementary material.

4.3. Rendering

Table 2 compares rendering performance and shows im-
provements over existing dense neural RGBD SLAM meth-
ods. Fig. 4 shows examplary full resolution renderings
where Point-SLAM yields more accurate details.

4.4. Further Statistical Evaluation

Non-Linear Appearance Space. We evaluate Point-
SLAM on the Room 0 scene of the Replica dataset with
and without the non-linear preprocessing network Fθ. Fig. 5
shows that a simple linear weighting of the features cannot
resolve high frequency textures like the blinds while this can
successfully be done when Fθ is optimized during runtime.
Quantitatively, we evaluate the PSNR over the entire trajec-
tory and show a gain of 17% (32.09 vs. 27.41). We find
that for higher tracking errors e.g. on TUM-RGBD [52] or
ScanNet [14], the MLP Fθ is not helpful and we disable it.
High-frequency appearance can only be resolved with pixel
accurate poses that align the frames correctly.
Color Ablation. We investigate the performance of our
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Mapping Tracking ATE RMSE Depth L1 F1 PSNR
RGB RGB [cm]↓ [cm]↓ [%]↑ [dB]↑

✗ ✗ 0.59 0.38 91.37 -
✓ ✗ 0.67 0.38 91.49 30.43
✓ ✓ 0.36 0.35 91.29 32.15

Table 5: Color Ablation. The experiment shows that color
information is valuable for tracking and marginally for re-
construction.
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Figure 6: Dynamic Resolution Ablation. We show the per-
formance metrics for varying upper bounds ru of the search
radius on the Room 0 scene. Our method is robust to com-
pression regarding the tracking and mapping accuracy ((a)
and (b) resp.). The rendering quality gradually degrades (c)
while the memory usage starts to bottom out around ru = 8
cm. We thus choose ru = 8 cm for all experiments.

pipeline when the RGB input is not used for different set-
tings. Table 5 reports performance metrics on Room 0.
When no RGB is used for tracking, we find that the tracking
performance degrades, which negatively affects the depth
L1 metric and the rendering quality. The reconstruction
performance is mainly determined by the depth input given
good camera poses, but since RGB is useful in attaining bet-
ter poses, we find that RGB information is helpful for both
tracking and reconstruction.
Dynamic Resolution Ablation. We show that our method
is quite robust to the value of ru, the upper bound for the
search radius. Figs. 6a to 6c display the ATE RMSE, depth
L1 and the PSNR respectively as ru is varied. The tracking
and reconstruction metrics are quite robust to ru while we
see a gradual decrease in terms of the PSNR. Fig. 6d shows
the total number of neural points at the end of frame capture,
for each ru. We find that the curve bottoms out around ru =
8 cm, which is what we use for all experiments.
Memory and Runtime Analysis. We report runtime and

Method Tracking Mapping Tracking Mapping Decoder Embedding
/Iteration /Iteration /Frame /Frame Size Size

NICE-SLAM [79] 32 ms 182 ms 1.32 s 10.92 s 0.47 MB 95.86 MB
Vox-Fusion [69] 12 ms 55 ms 0.36 s 0.55 s 1.04 MB 0.149 MB
Point-SLAM (ours) 21 ms 33 ms 0.85 s 9.85 s 0.51 MB 27.23 MB

Table 6: Runtime and Memory Usage on Replica
office 0. The decoder size is the memory of all MLP
networks. The embedding size is the total memory of the
scene representation. Our memory usage and runtime are
competitive.

memory usage on the Replica office 0 scene in Table 6.
The tracking and mapping time is reported per iteration and
frame. The decoder size denotes the memory footprint of
all MLP networks and includes the networks Gϕ and Fθ.
The embedding size is the total memory footprint of the
scene representation. The memory usage of Point-SLAM
falls between NICE-SLAM an Vox-Fusion while the run-
time is competitive. The runtimes were profiled on a single
Nvidia RTX 2080 Ti while Vox-Fusion used an RTX 3090.

Limitations. While our framework demonstrates compet-
itive tracking performance on TUM-RGBD and ScanNet,
we believe that a more robust system can be built to handle
depth noise, by allowing the point locations to be optimized
on the fly. The local adaptation of point densities follows a
simple heuristic and should ideally also be learned. We also
think that many of our empirical hyperparameters can be
made test time adaptive e.g. the keyframe selection strategy
as well as the color gradient upper and lower bounds to de-
termine the search radius. Finally, while our framework is
able to substantially increase the rendering and reconstruc-
tion performance over the current state of the art, our system
seems more sensitive to motion blur and specularities which
we hope to address in future work.

5. Conclusion
We proposed Point-SLAM, a dense SLAM system which

utilizes a neural point cloud for both mapping and track-
ing. The data-driven anchoring of features allows to better
align them with actual surface locations and the proposed
dynamic resolution strategy populates features depending
on the input information density. Overall, this leads to a bet-
ter balance of memory and compute resource usage and the
accuracy of the estimated 3D scene representation. Our ex-
periments demonstrate that Point-SLAM substantially out-
performs existing solutions regarding the reconstruction and
rendering accuracy while being competitive with respect to
tracking as well as runtime and memory usage.
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[3] Aljaž Božič, Pablo Palafox, Justus Thies, Angela Dai,
and Matthias Nießner. Transformerfusion: Monocular rgb
scene reconstruction using transformers. arXiv preprint
arXiv:2107.02191, 2021. 2

[4] E. Bylow, C. Olsson, and F. Kahl. Robust online 3d recon-
struction combining a depth sensor and sparse feature points.
In 2016 23rd International Conference on Pattern Recogni-
tion (ICPR), pages 3709–3714, 2016. 2

[5] Yan-Pei Cao, Leif Kobbelt, and Shi-Min Hu. Real-time high-
accuracy three-dimensional reconstruction with consumer
rgb-d cameras. ACM Transactions on Graphics (TOG),
37(5):1–16, 2018. 1, 2, 3

[6] Jiawen Chen, Dennis Bautembach, and Shahram Izadi. Scal-
able real-time volumetric surface reconstruction. ACM
Transactions on Graphics (ToG), 32(4):1–16, 2013. 1, 2

[7] Timothy Chen, Preston Culbertson, and Mac Schwager. Cat-
nips: Collision avoidance through neural implicit probabilis-
tic scenes, 2023. 1

[8] Zhiqin Chen and Hao Zhang. Learning implicit fields for
generative shape modeling. In IEEE/CVF conference on
computer vision and pattern recognition, pages 5939–5948,
2019. 1

[9] Hae Min Cho, HyungGi Jo, and Euntai Kim. Sp-
slam: Surfel-point simultaneous localization and mapping.
IEEE/ASME Transactions on Mechatronics, 27(5):2568–
2579, 2021. 2

[10] Jaesung Choe, Sunghoon Im, Francois Rameau, Minjun
Kang, and In So Kweon. Volumefusion: Deep depth
fusion for 3d scene reconstruction. In IEEE/CVF Inter-
national Conference on Computer Vision (ICCV), pages
16086–16095, October 2021. 2

[11] Sungjoon Choi, Qian-Yi Zhou, and Vladlen Koltun. Ro-
bust reconstruction of indoor scenes. In IEEE Conference
on Computer Vision and Pattern Recognition, pages 5556–
5565, 2015. 2

[12] Chi-Ming Chung, Yang-Che Tseng, Ya-Ching Hsu, Xiang-
Qian Shi, Yun-Hung Hua, Jia-Fong Yeh, Wen-Chin Chen,
Yi-Ting Chen, and Winston H Hsu. Orbeez-slam: A real-
time monocular visual slam with orb features and nerf-
realized mapping. arXiv preprint arXiv:2209.13274, 2022.
2

[13] Brian Curless and Marc Levoy. Volumetric method for build-
ing complex models from range images. In SIGGRAPH Con-
ference on Computer Graphics. ACM, 1996. 2, 5

[14] Angela Dai, Angel X. Chang, Manolis Savva, Maciej Hal-
ber, Thomas Funkhouser, and Matthias Nießner. ScanNet:
Richly-annotated 3D reconstructions of indoor scenes. In

Conference on Computer Vision and Pattern Recognition
(CVPR). IEEE/CVF, 2017. 5, 7

[15] Angela Dai, Matthias Nießner, Michael Zollhöfer, Shahram
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