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Abstract—Neural implicit representation has recently
achieved significant advancements, especially in the field
of SLAM(Simultaneous Localization and Mapping). Previous
NeRF-based SLAM methods have difficulties with object-level
localization and reconstruction and struggle in dynamic and
illumination-varied environments. We propose ONeK-SLAM,
a robust object-level SLAM system that effectively combines
feature points and neural radiance fields. ONeK-SLAM uses
the joint information at the object level to improve localization
accuracy and enhance reconstruction details. Moreover, our
approach detects and eliminates dynamic objects based on the
joint errors, while also harnessing the illumination invariance
offered by feature points. Consequently, ONeK-SLAM achieves
high-precision localization and detailed object-level mapping,
even in dynamic and illumination-varying environments. Our
evaluations, conducted on three public datasets that include
both dynamic and variable lighting sequences, demonstrate that
our method outperforms recent NeRF-based SLAM method in
both localization and reconstruction.

I. INTRODUCTION

In the field of computer vision, Dense Visual SLAM
(Simultaneous Localization and Mapping) is a widely re-
searched area, aimed at localization and mapping in unex-
plored environments. Our work aims to provide autonomous
agents, like robots, with accurate localization and detailed
object-level mapping.

Traditional Dense Visual SLAM techniques [2]-[12] have
primarily emphasized dense reconstruction but are con-
strained to areas that have been previously observed. Recent
developments in Neural Radiance Fields (NeRF) [13]-[19]
have demonstrated remarkable potential to finely render un-
observed areas. Some works combine semantic information
for object-level reconstruction [20]-[23], and others integrate
NeRF into SLAM systems for improved localization and
reconstruction [24]-[34].
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Fig. 1. Reconstruction Results on the Dynamic Sequence of TUM RGB-D
Dataset. (a) shows the input image, in which moving dynamic objects can
be observed. (b) presents the reconstruction results obtained with NICE-
SLAM [1]. (c) shows the reconstruction results achieved using our method.
Our approach remains robust even in dynamic environments.

Most existing NeRF works do not distinguish between dif-
ferent objects, lacking fine-grained details. Some approaches,
such as VMAP [35], achieve object-level scene reconstruc-
tion by separately modeling objects and decoupling scene
representation. However, vVMAP doesn’t estimate pose on its
own and relies on accurate initial pose input from another
system. Moreover, the radiance field information learned by
the model is not used to optimize pose estimation.

NICE-SLAM [1] builds upon iMAP [32], utilizing neural
radiance fields for both pose estimation and reconstruction.
It employs hierarchical grid-based neural implicit encoding
to update local representations. However, NICE-SLAM’s
hierarchical grid-based neural radiance field model conflates
various objects within a scene neural radiance field model,
making it limiting in object-level details.

The methods previously mentioned exhibit limitations
when applied to dynamic scenes, lacking the robustness
needed to adapt to changing environmental conditions. More-
over, neural radiance field methods are sensitive to changes
in lighting conditions, as it relies on photometric loss for
training. In contrast, feature point algorithms like SIFT [36]
are more stable under varying light conditions.

Adopting an object-level perspective, we propose ONeK-
SLAM, a system that synergistically combines feature points
and neural radiance fields for object-level SLAM. It provides
high-precision localization and detailed object-level mapping
without the need for external initial pose estimation. Re-
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plex scenes with dynamic objects and imbalanced lighting.
We segment the scene into individual objects. For each
segmented object, we use both the re-projection errors of
feature points and photometric and depth errors of neu-
ral radiance fields for object-level joint pose estimation.
Moreover, we identify and exclude dynamic objects based
on their joint errors, bolstering the system’s robustness in
dynamic environments. We leverage the lighting-invariant
properties of feature points and employ an adaptive scene
management strategy to ensure the robustness and reliability
of our localization algorithm even in variable lighting condi-
tions. The object-level joint pose estimation method enhances
scene perception at a higher object-level, making our SLAM
system less susceptible to the complex environment. Our
contributions are as summarized follows:

¢ We propose ONeK-SLAM, a robust dense visual SLAM
system based on object-level scene understanding and
the joint information of objects, which provides precise
localization and detailed mapping, robust to dynamic
and illumination-varied environments.

o We design a novel joint object-level loss function that
exploits feature points’ lighting-invariance properties
and the scene learning capabilities offered by NeRF.
Additionally, we eliminate objects with joint errors that
significantly exceed those of other objects and adapt the
joint error for different environments.

« We have conducted experiments on various datasets:
Replica [37], ScanNet [38], and TUM RGB-D [39],
including both dynamic and variable lighting sequences.
Through comparative evaluations against state-of-the-art
NeRF SLAM methods, our system has demonstrated
superior performance in both localization and mapping.

II. RELATED WORK
A. Dense Visual SLAM

The field of visual SLAM has evolved significantly since
the foundational work of PTAM [40]. Traditional methods
focus on generating point cloud maps, which vary in density
from sparse [41]-[43] to dense [3], [4]. Recent advances have
integrated deep learning into dense SLAM systems [7], [9],
[44]-[46]. For instance, DeepV2D [8] employs an end-to-end
model for motion and depth estimation, while CodeSLAM
[47] optimizes camera pose and depth maps through auto-
encoders. DROID-SLAM [48] employs a dense bundle ad-
justment layer to estimate optical flow field pose. Some
methods also leverage voxel grids for mapping [5], [6], [10],
[12]. Semantic SLAM methods [49]-[51] enrich maps by
incorporating semantic information [52], [53]. NodeSLAM
[54] and DSP-SLAM [55] focus on object-level pose and
shape optimization for dense reconstruction. However, previ-
ous SLAM methods can only reconstruct observed parts and
have limitations, such as incomplete reconstructions. They
also face challenges in dynamic and variable illumination
conditions. By combining illumination-invariant of keypoints
with the shape and texture learning abilities of neural radi-
ance fields on object level, we improve localization precision
and dense reconstruction of the invisible regions.

B. Neural Field SLAM

Recent advances in neural implicit representations have
significantly impacted 3D scene reconstruction [13]-[19],
[56], [57]. Particularly, neural radiance fields have been used
for camera pose estimation in SLAM system [27], [28], [34],
[58]. Notable works like iMAP [32], NICE-SLAM [1] and
NeRF-SLAM [31] have advanced SLAM pose estimation
and dense visual SLAM, respectively. While existing meth-
ods offer solutions for large-scale reconstruction by parti-
tioning the scene [26], [29], [30], they still face limitations,
such as blurred object details within reconstructed scenes.

Semantic information has also been leveraged in 3D
reconstruction. Unlike traditional methods that rely on prior
knowledge [53], [59]-[61], object-level NeRF methods learn
to directly reconstruct object information [20], [21]. vVMAP
[35] decouples different objects for individual modeling.
However, these methods require a high-quality initial pose
and do not optimize input poses using object-level NeRF
data.

Our work is most related to NICE-SLAM [1] and vMAP
[35]. NICE-SLAM’s use of hierarchical grids partially miti-
gates the catastrophic forgetting problem but fails to achieve
object-level granularity reconstruction. Our method uniquely
compartmentalizes scenes at the object level and combines
key point features for high-precision pose optimization
and reconstruction. Unlike vVMAP, which relies on external
SLAM systems for initial poses, our approach simultane-
ously estimates poses by utilizing both keypoints and NeRF
information of the objects. Moreover, we eliminate dynamic
objects through object-level joint error and handle varying
lighting conditions by using keypoints information, leading
to enhanced robustness in complex environments.

III. METHOD

Our method adopts an object-centric perspective, lever-
aging the complementary strengths of both keypoints and
neural radiance fields to achieve accurate localization and
dense reconstruction. The overview of our method is shown
in Fig 2. Initially, we segment the scene based on distinct
objects, as shown in Section 3.A. Then we perform object-
level pose estimation, as detailed in Section 3.B. We select
keyframes for each object, as described in Section 3.C. For
complex scenarios, we employ a strategy for eliminating dy-
namic objects and adaptive scene management, as discussed
in Section 3.D.

A. Object-Level Scene Decomposition

Our approach first decomposes the current frame F* into
individual objects. Consistent instance segmentation masks
across frames, sourced from dataset annotations or obtained
from methods like [62], are used as input. Given the input
image C* € R" w3, depth map D’ € R"*" and the
instance segmentation map M? € R"**  we then define
an object set O. When a new object appears, initialize the
new object O and add it to the set O. Each O, includes
a image set C, = {C}}, a depth map set D, = {Di},
an object mask set M, = {M;}, 2D bounding box sets
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Fig. 2.

An overview of ONeK-SLAM. Based on the input RGB-D images and segmentation results, we decompose the scene at the object level. Then,

we jointly estimate the poses using both keypoints and neural radiance fields of objects. To handle complex scenes, we eliminate dynamic objects and
adaptively adjust the joint loss of objects. Finally, we achieve object-level fine-grained scene reconstruction.

By, = {bboxy = {Tmin, Tmax, Ymin, Ymax } }» & Map points sets
MPy = {mp,®,...,mp,}, and an object model F. To
save computational power, only keyframe and current frame
data are stored in each Op. Here, b and ¢ denote object
instances and frame sequence numbers, respectively. Sets C},

¢, and M are obtained by cropping the current I, D, and
M based on the object’s bounding box bboxé.

B. Object-Level Pose Estimation

1) Light Keypoints Pose Estimation: An initial pose
T [Rt | t'] for the current frame F® is com-
puted using a constant-velocity model. Keypoints K P?
{kpi,... kp, ... kpl} are extracted from the current
frame image C" (SIFT keypoints are employed in this study,
although other types can be used). We extract keypoints K P’
from the frame’s image C'*, and utilize object mask set M, to
match keypoints to corresponding object map points M P,
generating object-level matched point sets Matches!
{kp?,mp?}. Each object’s sum of reprojection errors is
calculated as:

Lb

) 1 ) )
o k= K G Rmpy ) | 2 ()

kp?EMatches'li7 J

Here, K represents the camera’s intrinsic matrix, and the
: : b (b b 0T

map points are given as mp; = (25,97, 27] - 'The? camera

pose is optimized by minimizing the total reprojection error

for all objects:
L,= min L’
=R, Obz;o

min 2)
Ti=[R¢|ti]

2) Neural Radiance Field Optimization: After decompos-
ing a scene into individual objects Oy, we utilize a neural
radiance field to capture each object’s shape and represen-
tation. For each object Oy, we select Ny — 2 keyframes

KFi 1 < i < Ny — 2 along with the current frame F'
and the previous frame F~!, forming a pose set Ty, . For
each object Oy, in its frame-specific 2D bounding box bboxz,
N, pixel points p¥ = [u*,v¥],1 < k < N, are chosen based
on a normal distribution. This points sampling method, as
opposed to using feature points, ensures adequate sampling
even in texture-poor environments. The points’ directions d*
in the camera coordinate system are calculated using the
intrinsic matrix K and the object’s 2D bounding box bboxi.
Using the pose set Ty, the corresponding rays r* in the
world coordinate system are then determined as:

sphh = rk(sdk’h) =t + R'd*sd"" 3)
Where stratified sampling is performed along the ray r* to
sample N, depths sd*" for points sp*". Uniform sampling
is done around the depth value corresponding to pixel point
p¥, capturing N, depths sd*" for points sp*" where 1 <
h < Ngp, = Ng+ Ny. For every point sp™", the model of ob-
ject Oy, denoted as Fy, predicts the color ¢*" and occupancy
oF" of that point. The termination probability of the ray at
the point sp*” is given by: wk" = oF" T (1—0%™) [19].

<h

The color and depth loss for object O, 717; computed as:

Nep Nsp
D(pk) — Z ’wk’hsdk’h, C«(pk) _ Z wk,hck,h 4)
h=1 h=1
L' =Y 1C0") - (0" 5)
k
La’ =Y [D(") = Dy(p")| (6)
k

To allow the neural radiance field to utilize the shape
information of object O, occupancy is predicted in regions
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where the object exists. The parameters of the neural radi-
ance field are optimized by calculating the occupancy loss
[35], as indicated in (7):

Ngyp
L= Y1005 - M), 00H) = 3 whh ()
k

h=1

Where M;(p") is the value of pixel point p* on its corre-
sponding M;. Similarly, the color L.’ and depth loss Lg"
for object Oy, is only predicted in the area where Oy, exists.

For each object O, € O, the parameters 6, of the
model F', are optimized by minimizing (7), (5), and (6),
as described in (8):

. b . b b b
min L, = min Z aL.;” + BLy" +vL, ®)
where «, 3, v is the loss weighting factor.

3) Joint Object-Level Optimization: Building upon the
training of object-level feature points and neural radiance
fields, the optimization process combines both the geometric
and global characteristics of objects to refine their pose.
The overall objective function for the joint optimization is
formulated as:

L=

min
Ti=[Ri|t!

min

‘min Yo LML 9
Ti=[Ri|t"] ]

b,0,€0

Here, A serves as an adaptive parameter, regulating the op-
timization focus between feature points and neural radiance
fields. Further details of A will be discussed in Section 3.D.

C. Keyframe Selection

Our approach employs a keyframe management to en-
hance computational efficiency and system performance. Our
framework maintains both a global keyframe list and object-
specific keyframe lists. Keyframes are selected based on
criteria such as co-visibility with other keyframes. When
evaluating new keyframes for each object Oy, we choose the
frame that has passed K, frames since the last keyframe
insertion for that object. Keyframes are also chosen based on
information gain [1], [32] and the number of keypoints for
tracking. The selected keyframe for the object O, will also
be inserted into the global list. Moreover, as new objects
appear, the keyframe is selected. In contrast to traditional
SLAM, which relies on a sufficient number of keypoints,
our method benefits from object-level NeRF losses. This
allows for effective pose optimization through photometric
and depth losses, even when feature points are few.

D. Handling Complex Environments

1) Eliminating Dynamic Objects: To identify dynamic
objects, we first calculate the reprojection error L2 for each
object O, and normalize it by the total number of its matched
points Nf;lp, resulting in an average error aL®. An object Oy
is classified as dynamic if aL® exceeds ten times the median
average error of all other objects, as formulated in (10):

dun©v — 1 aLb> 10Me(aLrl”i)
YT 00 ekt < 10Me(al,)

bi, Oyp; € O and Oy; 75 Oy (10)

Here, dyn®® indicates whether object Oy is dynamic (1)
or static (0). Me() denotes the calculation of the median
value. Similar thresholds are applied for average color and
depth loss. If an object crosses this tenfold threshold, it is
flagged as dynamic and excluded from further calculations
and optimizations.

2) Adaptive Scene Management: We implement an
adaptive parameter A for pose optimization, with levels
{Alow, Aos Anign} and a default A = X,. It adjusts dynami-
cally to scene changes. For significant illumination changes
increasing color loss, A is lowered to A;,,, for reduced NeRF
weight in optimization. Conversely, in environments with
sparse keypoint matches due to disturbances, A is increased
to Anign to leverage NeRF data for object pose optimization.

IV. EXPERIMENTTS

Datasets. We have evaluated our approach on three bench-
mark datasets: Replica [37], ScanNet [38], and TUM RGB-D
datasets [39]. Notably, ScanNet and TUM RGB-D datasets
consist of data captured from real-world scenes.

Baselines. We compare our approach against several state-
of-the-art NeRF-based SLAM algorithms, including iMAP
[32], NICE-SLAM [1], and vMAP [35]. It should be noted
that vVMAP is dependent on pose estimations from other
SLAM systems and does not carry out its own pose Op-
timization. To ensure a fair comparison, we utilize pose
estimations obtained from our method as input for vMAP.
We also include the results of TSDF-Fusion [63] and DI-
Fusion [64] as additional references.

Metrics. Consistent with the metrics used in NICE-
SLAM [1], our evaluation focuses on both reconstruction and
localization performance. For reconstruction, we examine
3D metrics, specifically Accuracy [cm], Completion [cm],
and Completion Ratio [< S5cm %]. For 2D metrics, we
assess the Depth L1 [cm] loss, which is calculated between
the reconstructed results and the ground truth across 1,000
randomly sampled depth maps. For localization, we employ
ATE RMSE [39][cm] as the metric for camera pose estima-
tion.

Implementation Details. All experiments were executed
on a computer equipped with an Intel i9-13900 CPU and
an NVIDIA GeForce RTX 3090 GPU. The code, written in
Python, covers both tracking and mapping functionalities but
excludes loop closure. Our implementation takes inspiration
from both NICE-SLAM [1] and vMAP [35]. Each object-
level NeRF model consists of a 4-layer MLP with a hidden
size of 32 for each layer. We select a keyframe quantity of
Ny = 20 for each optimization run, and the pixel points
chosen are N, = 120. We sample Ny, = 10 and Nz = 10
points along the rays, with NeRF optimization objectives set
toa =1, B = 0.2, v = 2. The adjustable parameter A
values are {Ajopy = 1, A = 10, Apign = 50}. The AdamW
optimizer is used with a learning rate of 0.001.

A. Evaluation

Evaluation on Replica Dataset. We conducted experi-
ments on eight RGB-D sequences extracted and rendered
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TABLE I
RECONSTRUCTION AND LOCALIZATION RESULTS ON REPLICA. [CM]

TSDF- iMAP DI- NICE- vMAP* ours
Fusion Fusion SLAM
Depth L1 | 7.57 7.64 23.33 3.53 3.36 2.05
Acc. | 1.60 6.95 1940 2385 4.33 3.00
Comp. | 3.49 5.33 10.19 3.00 353 2.06
Comp. Ratio t 86.08 66.60 7296 89.33 90.00 92.46
ATE RMSE | - 3.12 - 1.43 - 0.46
TABLE 11
OBJECT RECONSTRUCTION RESULTS ON REPLICA. [CM]
iMAP* NICE- vMAP ours
SLAM*
Object Acc. | 3.57 391 223 1.85
Object Comp. | 2.38 3.27 1.44 2.37
Object Comp. Ratio 1 90.19 83.97 94.55 91.65

from the Replica dataset, as originally utilized by the authors
of iMAP [32]. In Table I, results of TSDF-Fusion, iMAP,
DI-Fusion, and NICE-SLAM are from [1]. The * on vMAP
indicates that the pose estimates from our method are used as
inputs. As depicted in Table I, our method outperforms other
approaches in terms of both reconstruction and localization
accuracy. Through the joint object-level pose estimation, our
method is capable of precise localization and detailed object-
level reconstruction. Fig 3 provides a more intuitive visu-
alization, emphasizing the superior detail that our method
can reconstruct. In Table II, object reconstruction results of
iMAP*, NICE-SLAM?*, and vVMAP are from [35], with *
indicating results trained using ground truth. Our algorithm
demonstrates superior performance.

Evaluation on ScanNet Dataset. For the more extensive
ScanNet dataset, we selected several scenes to validate the
robustness of our approach, comparing it against other es-
tablished methods. Because ScanNet does not provide com-
prehensive ground truth meshes, we conduct the evaluation
on the RMSE of ATE. As shown in Table III, our method
demonstrates higher localization accuracy. Moreover, qual-
itative analyses are presented through visualizations of the
reconstructed scenes in Fig 4, demonstrating our method’s
capacity to distinctly reconstruct details even in larger scenes.

Evaluation on TUM RGB-D Datasets. Further evalua-
tions were conducted on the TUM RGB-D datasets, focusing

TABLE III
LOCALIZATION RESULTS ON SCANNET. [CM]

Scene ID 0 59 106 169 207 Avg.
iMAP 5595  32.06 17.5 70.51 11.91 36.67
DI-Fusion 62.99 128 18.5 75.8 100.19  78.89
NICE-SLAM 8.64 12.25 8.09 10.28 5.59 9.63
ours 5.36 5.86 8.82 8.08 6.76 6.98
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Fig. 3. Reconstruction Results on Replica.
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Fig. 4. Reconstruction Results on ScanNet.

on camera localization performance. We selected sequences
used by NICE-SLAM. To verify the robustness of our
method in both dynamic and variable lighting environments,
we also selected specific sequences: “fr3/w_h” for dynamic
objects and “frl/desk*” for lighting variations. Since this
dataset also lacks ground truth meshes, we use the RMSE
of ATE for evaluation. In Table IV, “fr3/w_h” represents the
sequence “fr3/walking_halfsphere,” which includes dynamic
objects. “frl/desk*” stands for the sequence that simulates
changes in illumination. The results show that our method
outperforms the currently best-performing NICE-SLAM in
terms of localization capabilities. Fig 1 provides further
insights by showcasing the reconstruction capabilities of our
method in a dynamic environment, thereby illustrating its
robustness.
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TABLE IV
LOCALIZATION RESULTS ON TUM RGB-D. [cM]

TABLE V
RUNTIME COMPARISON. [S]

frl/desk  fr2/xyz  fr3/office fr3/w_h  frl/desk* iMAP NICE-SLAM ours

iMAP 7.2 2.1 9.0 47.1 34.7 Tracking 3.54 0.30 0.24

NICE-SLAM 2.7 1.8 3.0 38.2 32 Mapping 24.08 2.51 0.49

ours 1.5 0.3 1.1 15.1 1.5
TABLE VI
ABLATION STUDY ON REPLICA. [CM]
B. Performance Analysis
w/o w/o OK  w/o ONe Full
ONeK

N aroundtaun Acc. | 2.60 342 2.38 2.78
Comp. | 2.30 2.45 226 1.97
o Comp Ratio lem 1 14.77 10.13 17.75 19.05
5,25 Comp. Ratio T 94.54 95.13 94.12 96.93
ATE RMSE | 3.11 1.93 0.97 0.77

-1.50 -1.25 -1.00 -0.75 -0.50 -0.25 0.00 0.25
X (m)

Fig. 5. Trajectories on the Dynamic Sequence of TUM RGB-D Dataset

Robustness in Dynamic Environments. We further
extended our evaluations to the dynamic sequence from
TUM RGB-D dataset that includes fast-moving dynamic
objects to validate the robustness of our algorithm in such
volatile environments. As shown in Table IV, under the
column labeled “fr3/w_h” (which stands for the sequence
"fr3/walking_halfsphere’), our method maintains high local-
ization accuracy even in the presence of dynamic objects.
Fig 1 and Fig 5 validate that our reconstruction results are
minimally affected by dynamic objects, while still providing
high-precision localization. These results demonstrate that
our ONeK-SLAM is robust in dynamic environments, both
in terms of localization and reconstruction.

groundtruth
10 iMAP

NICE-SLAM
08 ours

y (m)

-0.5 0.0 0.5 1.0 15
x (m)

input images

trajectories ploted images

Fig. 6. Localization Results on the Illumination Variations Sequence of
TUM RGB-D Dataset

Robustness in illumination-varying environments. We
further conducted experiments on the “frl_desk” sequence
from the TUM RGB-D dataset to validate the robustness
of our approach under varying lighting conditions. In this
sequence, which comprises 610 images, we randomly se-
lected 200 images and modified their light factors, ranging
from 0.5 to 2, to simulate variable illumination conditions.
As denoted in Table IV under the “fr1/desk*” column, and

as shown in Fig 6, we observed that NICE-SLAM’s local-
ization accuracy suffers under varying lighting conditions. In
contrast, our ONeK-SLAM, which relies on joint object-level
pose estimation and is less susceptible to lighting changes,
consistently provides accurate localization regardless of illu-
mination variations.

Runtime Comparison. ONeK-SLAM outperforms iMAP
and NICE-SLAM in runtime of each frame on Replica room0O
sequence, as shown in Table V.

C. Ablation Study

We conducted an ablation study to validate the reliabil-
ity of joint object-level pose estimation. Experiments were
performed on the Room0 sequence of the Replica dataset,
considering the following configurations: NeRF SLAM with-
out object-level keypoints and neural radiance fields (w/o
ONeK), object-level NeRF SLAM without keypoints(w/o
OK), NeRF SLAM with keypoints but without object-level
neural radiance fields (w/o ONe), and finally, NeRF SLAM
with both object-level keypoints and neural radiance fields
jointly optimized (Full). As delineated in Table VI, the full
ONeK-SLAM exhibits superior reconstruction and localiza-
tion accuracy.

V. CONCLUSION

We present ONeK-SLAM, an innovative Dense Visual
system for object-level SLAM. Leveraging object-level scene
understanding and joint information, ONeK-SLAM achieves
precise localization and object-level mapping resilience in
dynamic and illumination-varied environments. We introduce
a novel joint object-level loss function that capitalizes on fea-
ture points’ lighting-invariant properties and NeRF’s scene
learning capabilities while eliminating dynamic objects using
the joint error. Our experiments on diverse datasets, including
Replica, ScanNet, and TUM RGB-D, encompassing dynamic
and lighting-variable sequences, reveal ONeK-SLAM’s su-
perior performance compared to state-of-the-art NeRF-based
SLAM methods.
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