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Ho-Mapping: Real-time Dense Mapping Using
Hierarchical Hybrid Representation

Chenxing Jiang?*, Hanwen Zhang®*, Peize Liu?, Zehuan Yu?, Hui Cheng®, Boyu Zhou®', Shaojie Shen?

Abstract—Constructing a high-quality dense map in real-time
is essential for robotics, AR/VR, and digital twins applications.
As Neural Radiance Field (NeRF) greatly improves the mapping
performance, in this paper, we propose a NeRF-based mapping
method that enables higher-quality reconstruction and real-time
capability even on edge computers. Specifically, we propose a
novel hierarchical hybrid representation that leverages implicit
multiresolution hash encoding aided by explicit octree SDF
priors, describing the scene at different levels of detail. This
representation allows for fast scene geometry initialization and
makes scene geometry easier to learn. Besides, we present a
coverage-maximizing keyframe selection strategy to address the
forgetting issue and enhance mapping quality, particularly in
marginal areas. To the best of our knowledge, our method is
the first to achieve high-quality NeRF-based mapping on edge
computers of handheld devices and quadrotors in real-time.
Experiments demonstrate that our method outperforms existing
NeRF-based mapping methods in geometry accuracy, texture
realism, and time consumption. The code will be released at
https://github.com/SYSU-STAR/H2-Mapping.

Index Terms—Mapping; RGB-D Perception; Visual Learning

I. INTRODUCTION

SING robots to build highly-detailed dense maps in real-

time benefits advanced robot autonomous navigation,
AR/VR, and digital twins applications. These maps enable
robots to perform high-level tasks and provide humans with
real-time feedback on the environment, allowing them to adjust
the robot’s tasks promptly as needed. Besides, high-fidelity
maps serve as critical assets for AR/VR and digital twins.
The automatic and faithful recreation of environments in real-
time using robots can be more efficient and time-saving than
manual or offline reconstruction methods.

To be suitable for real-time and high-quality robot mapping
in unknown environments with limited onboard computation
power, a mapping system must meet four key requirements:
(1) Adaptability to growing scenes, allowing the robot to
dynamically expand the map without prior knowledge of the
scene; (2) High level of detail; (3) Real-time capability and
high memory efficiency; and (4) Novel view synthesis ability,
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Fig. 1. We tested our methods on a handheld device (a) and quadrotors (b).
Our method builds a high-quality map in real-time on edge computers and
can support robotic applications.

which allows rendering high-quality images from views apart
from the sparse input views. This is particularly important for
creating scenes for AR/VR applications.

In robotics, mapping has been studied for decades. Previous
works utilize explicit scene representations like occupancy
grids [1], TSDF [2]-[7], surfels [8, 9], and meshes [10] to
achieve real-time performance. However, these methods face
challenges in balancing memory consumption and mapping
accuracy [11] and are weak in novel view synthesis. In recent
years, implicit representations have gained popularity follow-
ing the introduction of NeRF [12]. Several works [13]-[15]
employ NeRF to overcome limitations associated with explicit
representations and achieve better mapping results in various
aspects. These NeRF-based methods can produce high-fidelity
reconstructions using less memory and generate high-quality
images from novel views by continuously querying the scene
attributes. However, the implicit representation describes the
scene as high-dimensional features and neural networks that
lack physical meaning, resulting in a long time for training.
As a result, these methods cannot run in real-time even on the
most powerful edge computers like AGX Orin (as evaluated
in Sec.IV-A6).

Aiming to design a real-time and high-quality robot map-
ping method that fulfills the four requirements mentioned
above, we propose a NeRF-based mapping method using a
hierarchical hybrid representation. Our approach accelerates
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Fig. 2. The pipeline of Hao-Mapping. Taking RGB-D image from sensors and pose from other tracking modules, we utilize an expanded octree SDF priors
and multiresolution hash encoding to represent the scene from rough to detailed. Additionally, the proposed coverage-maximizing keyframe selection strategy

ensures quality in the edge regions.

the optimization of implicit representation with the aid of an
easy-to-optimize explicit representation, describing the scene
at different levels of detail. For the coarse scene geometry,
we describe it with explicit octree SDF priors. Specifically,
we incrementally build a sparse voxel octree with a large
voxel size, where we store the optimizable SDF of each leaf
node’s vertex. To represent geometry details and texture, we
use implicit multiresolution hash encoding [16] to encode
high-resolution scene properties in a memory-efficient way. By
using octree SDF priors to capture coarse geometry efficiently,
the multiresolution hash encoding can focus solely on the
residual geometry, which is much simpler to learn than the
complete geometry, thereby improving the geometry accuracy
and convergence rate.

To further speed up, we leverage a simple yet effective
method to initialize the octree SDF priors. We project the voxel
vertices to the depth image and calculate the associated SDF
values. This initialization is based on the observation that a
single measurement is usually sufficient to provide a promising
estimation of coarse SDF values. Therefore, such a representa-
tion can obtain accurate geometry early on, which accelerates
the optimization of texture with higher fidelity. Besides, to
realize higher mapping accuracy, we propose a coverage-
maximizing keyframe selection strategy to address the crucial
forgetting issue in the online mapping task. Our method
avoids redundant sample calculations across all keyframes [13]
and ensures quality in marginal areas, without increasing the
number of training samples [15].

Our method achieves faster and higher-quality NeRF-based
mapping. To summarize, contributions are as follows:

o A hierarchical hybrid representation with an effective
initialization technique enables real-time dense mapping
with high-fidelity details and dynamical expansion ability,
even on edge computers.

o An effective coverage-maximizing keyframe selection
strategy that mitigates the forgetting issue and improves
quality, especially in marginal areas.

o Extensive experiments show our method achieves supe-
rior mapping results with less runtime compared to ex-
isting NeRF-based mapping methods. To our knowledge,

our method is the first to run a NeRF-based mapping
method onboard in real-time, as depicted in Fig.1.

II. RELATED WORKS

A. Explicit Dense Mapping

Various explicit representations have been used to store
scene information for dense mapping. Octomap [1] uses
probabilistic occupancy estimation to represent occupied, free,
and unknown space. As a pioneer in using SDF for dense
mapping, Kinect-Fusion [3] leverages volumetric SDF to en-
able real-time tracking and mapping. Following works improve
the scalability [4, 6], the efficiency [2, 7], and the global
consistency [5]. Moreover, [8] stores surfel to represent the
environment, and [10] represents the robot’s surrounding as a
watertight 3D mesh. These methods are well known for their
fast processing speed, which can be attributed to the physical
meaning of explicit representations that make them easy to
optimize. However, they require large amounts of memory
to handle high-detailed mapping [11] and are incapable of
realistically rendering from novel views.

B. Implicit Dense Mapping

Implicit representations utilize latent features and neural
networks to represent a 3D scene in a high-dimensional space.
DeepSDF [17] and Occupancy Networks [18] have shown
the potential of implicit representation to model geometry.
Recently, NeRF [12] further shows promising results in real-
istic novel view synthesis from sparse input views. Numerous
studies [13]-[15, 19] have been inspired by NeRF [12] and
utilize implicit representation for incremental dense mapping.
These methods achieve more compact and accurate results than
explicit representations. The NeRF-based mapping pipeline
consists of two main components: (1) Scene representation;
and (2) Keyframe selection strategy.

1) Scene representation: iMap [13] demonstrates, for the
first time, that an MLP can serve as the only scene repre-
sentation. To overcome the limited representation capacity of
a single MLP, NICE-SLAM [14] introduces multi-resolution
dense grids to store encoded features of the scene, and MLPs
are used to unfold the hidden information. But the pre-
allocated grids make NICE-SLAM less scalable and memory
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Fig. 3. Process of octree SDF priors and the reconstruction results using only
the SDF priors without any optimization.

inefficient. Vox-Fusion [15], instead, only allocates voxels to
the area containing the surface, forcing the network to learn
more details in those regions. Nonetheless, due to the difficulty
in optimizing implicit representations, it is challenging for
these methods to meet real-time requirements for robotics
applications. In contrast, our method utilizes a hierarchical
hybrid representation for acceleration and accuracy improve-
ment. This approach enables the implicit representation only
to handle the residual geometry and texture, by taking the
benefit of explicit structure. Optimizing the residual geometry
is generally easier and faster.

In order to speed up, some previous works aim to ac-
celerate geometry convergence by incorporating geometry
priors. INGeo [20], for instance, scales up the initial density
prediction by a factor to increase density as it approaches the
surface. However, it requires manual configuration and does
not provide a reasonable way to set the scaling factor. Go-
surf [19] initializes its feature grid and geometry decoder to
ensure that the initial SDF can represent a sphere centered at
the scene origin, but this initialization process cannot adapt
to map expansion and has little effect on the observed region.
However, due to the hybrid representation, our method can
directly initialize the explicit representation by projecting
to the input depth image, which can speed up the texture
optimization process with higher fidelity by providing accurate
geometry in the early stage. Therefore, our method can be
deployed to robots for accurate mapping in real time.

2) Keyframe selection strategy: iMap [13] allocates sam-
ples to every keyframe and calculates the loss distribution for
selecting keyframes, which can be redundant. NICE-SLAM
[14] selects optimized keyframes based on the overlap with
the current frame. This strategy can keep the geometry outside
the current field of view static by using a fixed, pre-trained
decoder, but it cannot perform well in marginal areas that
are seldom observed. Vox-Fusion [15] adds a new keyframe
based on the ratio of newly allocated voxels to the currently
observed voxels. All keyframes are selected to sample the
same number of pixels for ray casting, leading to the increasing
number of training samples over time. However, our coverage-
maximizing keyframe selection strategy ensures all allocated
voxels are covered with minimal iteration rounds, thereby
improving the mapping quality, especially in edge regions.

III. Ho-MAPPING
In this work, we propose a real-time and high-quality
mapping method, as outlined in Fig.2. Given a set of sequential
poses and RGB-D frames, we utilize a hierarchical hybrid
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Fig. 4. The correct sign of SDF priors (a). And different situations when using
voxel expansion (c,d) or not (b) as the surface is near the voxel’s boundary.

representation (Sec.III-A) to depict the scene geometry and
appearance. By employing a coverage-maximizing keyframe
selection strategy (Sec.III-B), we use the volume rendering
approach like NeRF [12] to obtain the depth and color of each
sampled ray (Sec.III-C) and then optimize the hierarchical
hybrid representation (Sec.III-D).

A. Hierarchical Hybrid Representation

To accelerate the optimization of implicit representation,
we propose a hierarchical hybrid representation that explic-
itly stores SDF priors in an expanded octree and uses the
implicit multiresolution hash encoding to only handle residual
geometry and texture.

1) Expanded Octree SDF Priors:

a) Octree SDF priors: When a new frame is received,
we allocate new voxels based on the given pose and depth
image and incrementally maintain a sparse voxel octree that
covers all visible areas. We only add voxels containing more
than ten points to the sparse voxel octree to reduce the impact
of measurement noise. The number of points is determined
through experiments. For each voxel, we store the optimizable
SDF in every vertex to represent the coarse geometry of the
scene. The coarse SDF s¢ of any sample point in a leaf node
is obtained from its surrounding eight vertices through the
trilinear interpolation function TriLerp(-):

s® = TriLerp(p, {si.}),

where p is the position of the sample point, s is the
optimizable SDF of its surrounding vertex, and V' is the set
of eight vertices in the leaf node.

To accelerate the convergence rate, we provide an initial
SDF to each sj, when allocating new voxels. As shown in
the left figure of Fig.3, we project every vertex of each voxel
onto the corresponding pixel in the RGB-D camera’s frame to
obtain an approximate SDF at that position:

sy =D(u) — dp, 2)

prior

keV, (D

where d,, is the z-axis distance between the sensor and the
vertex position p, u is the projected pixel, and D(u) is the
depth value at the pixel u. To avoid unreasonable SDF priors
due to occlusion, we only provide the prior to the vertices
where (D(u) —dp) < v/6 x (VOXEL SIZE). /6 is chosen as
the maximum distance between two adjacent voxels. The right
figure in Fig.3 shows the reconstruction results using only the
SDF priors without any optimization. These coarse geometry
priors accelerate the geometry optimization and then enhance
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Fig. 5. This figure illustrates the voxels covered by the selected keyframes
in three consecutive frames. The gray bounding boxes indicate the previously
selected voxels, while the red bounding boxes represent the currently chosen
voxels. (a) covers most of the voxels in the scene. (b) and (c) covers most of
the remaining voxels, such as the toilet and poster areas on the wall.

the scene’s appearance by providing accurate geometry in the
early stage, which is evaluated in Sec.IV-B1.

b) Expanded Voxels Allocation: If the surface is close
to the voxel’s boundary, the accurate SDF at the position of
the vertex near the surface will be close to 0. Therefore, it
is possible for the SDF priors stored in that vertex to be
optimized to the wrong sign, leading to the loss of the surface
(Fig.11(b)). To ensure that a surface will be created, we expand
a new voxel if all the points obtained from back-projecting
the depth image in the voxel are located at the edge. In Fig.4,
for example, the accurate SDF priors of the upper vertices
should be positive but are close to 0 (Fig.4(a)). Any slight
disturbance in the optimization may cause these values to
become negative, resulting in no surface being reconstructed
(Fig.4(b)). However, if we allocate an extra voxel on top of it,
regardless of the sign to which the vertex near the surface is
optimized, a surface will always be built (Fig.4(c)(d)).

2) Multiresolution Hash Encoding: In Sec.IlI-Al, we effi-
ciently obtain a coarse SDF of the scene. In order to obtain the
scene’s appearance and more detailed geometry, we employed
a multiresolution hash encoding approach inspired by Instant-
NGP [16]. Differing from the SDF implementation in Instant-
NGP [16], we only utilize the multiresolution hash encoding
to handle the residual SDF which is easy to learn than
the complete SDF of the scene. The multiresolution hash
encoding works by arranging the surrounding voxels of a
particular sample point at L resolution levels. At each level,
F' dimensional features are assigned to the corners of the
voxels by looking up a hash table. To obtain the feature of
the sample point, tri-linear interpolation is performed, and
the feature at each level is concatenated. We employ two
multiresolution hash encoding and shallow MLP attached to
individually represent the color and residual SDF of the scene
in a compact manner:

s = 8"+ Ms(0%07), €= M(¢507),  (3)

where ¢° and ¢° are L x F' dimensional features obtained
from the multiresolution hash encoding. M, and M., param-
eterized by 6% and 6%, are MLPs to output the residual SDF
and color prediction ¢ € R3. s is the final SDF prediction.

B. Coverage-maximizing Keyframe Selection

For a new input RGB-D frame, we insert this frame as a
new keyframe if the ratio (N.NN;)/(N.UN;) is smaller than
a threshold, where NN, is the number of currently observed

voxels, IV; is the number of voxels observed at the last inserted
keyframe. Our keyframe insertion strategy ensures that the
frames in the keyframe set have relatively little overlap.

To select the optimized keyframes from the keyframe set, we
employ a coverage-maximizing keyframe selection strategy, as
illustrated in Fig. 2. At the initial time step ?g, all voxels are
labeled as unobserved. We begin by selecting K keyframes
that cover the largest number of voxels from the entire
keyframe set. We mark these covered voxels as observed, and
then optimize these selected keyframes and the current frame
jointly. In the next time step ¢;, we use the same coverage-
maximizing strategy but only for voxels that are still labeled
as unobserved. If all voxels have been labeled as observed,
we reset the voxels that were previously marked as observed
to unobserved and repeat the above process. By using this
strategy iteratively, all the scene areas can be covered. As
shown in Fig. 5(a), most of the voxels are covered in ty. In Fig.
5(b) and (c), the strategy continues to cover other remaining
parts of the scene, ensuring the reconstruction quality of the
edge regions. In Sec.IV-B3, we further evaluate this strategy.

C. SDF-based Volume rendering

Like Vox-Fusion [15], we only sample points along the ray
that intersects with any voxel. And then get rendered color C
and depth D for each ray as follows:

(3 gl
wy=0(2) - o(~2)
1 N-1 1 N-1
C=— Lt Sue D= Y w4,
N—1 3G N—1 VAR
ijo Wi j=o ijo Wj =
4)

where o(-) is the sigmoid function, s; and c; are the pre-
dicted SDF and color obtained from the hierarchical hybrid
representation described in Sec. III-A, N is the number of
samples along the ray, ¢r is a truncation distance and d; is the
sample’s depth along the ray.

D. Optimization Process

1) Loss Function: We apply loss functions like Vox-Fusion
[15]: RGB Loss (Lrg), Depth Loss (L4), Free Space Loss
(Lss) and SDF Loss (Lgq¢) on a batch of rays R.

1 1 1 1
Efs:®2ﬁ Z (sp—1t1)?, [zsdf:@Zﬁ Z (sp—s99°

rERTT  pepfs reR” " pePtr

La= T ID=DEI. L= o 3IIC,~CE
rER TER

®)
where P/¢ is a set of points on the ray r that lies between the
camera and the truncation region of the surface measured by
the depth sensor, P!" is a set of points within the truncation
area. (D,., D3 and (C,, CY%) are rendered and input depth
and color. s, is the predicted SDF and s9' is the difference
between the distance to point p on the ray r and the depth
measurement of that ray. The final loss function is defined as:

L= asdfﬁsdf + afsﬁfs + Oéd,Cd + a’r‘gb‘CTgba (6)

where oqf, 0fs ,0tq, and gy are the weighting coefficients.
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TABLE I
RECONSTRUCTION RESULTS OF 8 SCENES IN THE REPLICA DATASET [21]. COMPARED WITH NICE-SLAM [14] AND VOX-FUSION [15], OUR APPROACH
YIELDS BETTER RESULTS IN ALL THE METRICS.

Metrics Method RoomO0 Rooml Room2 Office0 Officel Office2 Office3  Office4  Avg.
NICE-SLAM 1.19 0.93 1.28 1.02 1.35 1.07 1.30 1.23 1.16

Depth L1[em] | Vox-Fusion 0.51 0.47 0.95 0.65 0.87 0.71 0.81 0.72 0.71
H>-Mapping 0.34 0.22 0.61 0.33 0.45 0.53 0.50 0.40 0.42

NICE-SLAM 1.56 1.28 1.40 1.20 1.03 1.44 1.93 1.61 1.43

Acc.[em] | Vox-Fusion 1.28 1.09 1.17 1.04 1.13 1.27 1.55 1.43 1.25
H>-Mapping 1.25 0.99 1.09 0.97 0.84 1.17 1.38 1.29 1.12

NICE-SLAM 1.62 1.34 1.63 1.12 1.24 1.59 2.31 1.78 1.58

Comp.[cm] | Vox-Fusion 1.32 1.10 1.25 1.09 1.19 1.26 1.54 1.45 1.27
H>-Mapping 1.26 0.97 1.13 0.98 0.84 1.16 1.38 1.34 1.13

NICE-SLAM 98.41 98.74 97.22 95.15 97.37 97.61 94.89 97.35 97.09

Comp. Ratio[<5em%] 1 Vox-Fusion 98.86 99.27 98.28 98.74 98.18 98.90 97.84 98.35 98.55
H>-Mapping 99.28 99.80 99.14 99.17 99.25 99.53 98.88 98.98 99.25

NICE-SLAM 0.776 0.820 0.872 0.920 0.923 0.879 0.882 0.905 0.872

SSIM (Interpolate) 1 Vox-Fusion 0.859 0.872 0.891 0.929 0.919 0.893 0.887 0.914 0.896
H>-Mapping 0.893 0.923 0.929 0.962 0.957 0.928 0.924 0.940 0.932

NICE-SLAM 27.19 28.88 30.28 34.14 34.82 29.11 29.43 30.51 30.55

PSNR[db] (Interpolate) T Vox-Fusion 27.25 28.56 28.97 33.54 32.50 28.01 28.35 29.33 29.56
H>-Mapping 31.76 33.61 32.89 38.67 38.92 32.68 33.13 3434 3449

NICE-SLAM 0.888 0.888 0.917 0.935 0914 0.912 0914 0.922 0.911

SSIM (Extrapolate) 1 Vox-Fusion 0.889 0.884 0.913 0.936 0.922 0.905 0.908 0.918 0.91
H>-Mapping 0.890 0.905 0.918 0.951 0.942 0.913 0.924 0.932 0.92

NICE-SLAM 27.25 28.08 26.71 32.40 30.17 26.09 26.53 28.57 28.23

PSNR[db] (Extrapolate) 1 Vox-Fusion 27.78 27.98 26.80 32.67 30.12 26.80 27.51 28.45 28.52
H>-Mapping 29.24 29.04 28.04 33.99 31.86 27.65 30.42 3140  30.20

2) Adaptive Early Ending: In the training process, the
current frame and selected keyframes will be used for op-
timization several times. As shown in Fig. 10, the average
iteration time that achieves color optimization convergence
varies in different scenarios. Therefore, to adaptively choose an
appropriate iteration time that can balance the time consump-
tion and mapping precision in various scenarios, we employ
an early stopping policy if the total loss exceeds twice the
average total loss of the current training round, indicating that
further optimization can only result in a little improvement.

IV. EXPERIMENT

To evaluate the performance of our proposed method, we
compare its mapping accuracy and time consumption with
other NeRF-based RGB-D mapping systems on both the syn-
thetic Replica dataset [21] and the real-world ScanNet dataset
[22]. Besides, we conduct ablation studies to evaluate the
effectiveness of each module in our approach. Furthermore, we
deploy our method on a handheld device and quadrotors with
limited computational power to test its mapping performance.

A. Mapping and Rendering Evaluation

1) Implementation Details: In our method, the voxel size of
the octree’s leaf node is 10cm, tr = 5em, and the maximum
number of iterations is 10. For the multi-resolution hash
encoding, L =4, F =2,T = 219 and the scale difference of
the adjacent level is 2. Due to octree SDF priors, we only use
one-layer MLP of size 64 to decode the geometry features.
The appearance decoder is a two-layer MLP of size 64. 4096
pixels are selected for each iteration to generate rays and the
distance between adjacent sampled points is 1¢m. The number

of keyframes that are selected to be optimized is K = 10.
2) Baselines: We select two advanced NeRF-based dense

RGB-D SLAM methods currently open-source, NICE-SLAM
[14] and Vox-Fusion [15] for comparison. However, since we

solely focus on incremental mapping, we remove their tracking
component and instead provide the ground truth pose. All other
aspects remain unchanged.

3) Metrics: To evaluate scene geometry, we use the Depth
L1 Error[em] Accuracy[cm], Completion[cm] and Completion
Ratio[< 5¢cm%)] of the reconstructed mesh. Besides, We use
SSIM (structural similarity index measure) [23] and PSNR
(Peak signal-to-noise ratio) [24] like to evaluate scene appear-
ance on rendered images from all training views (Interpolation)
and distant novel views (Extrapolation). Only the portions of
the mesh included in voxels are considered, and non-depth
regions are not measured in Depth L1 Error, SSIM [23], and
PSNR [24].

4) Evaluation on Replica [21]: In Table II, we present a
quantitative comparison of the reconstruction and rendering
performance of our method and the baselines. The results
demonstrate that our approach outperforms the baselines for
both 2D and 3D metrics. Additionally, we provide a qualitative
analysis of the reconstructed mesh and rendered images.
Notably, in Fig. 6, the mesh obtained by our method appears
smoother in areas such as the sofa and floor, while our
approach exhibits enhanced geometric details, particularly for
smaller objects like chair legs and vases. Fig. 7 shows that
our method can generate renderings with more realistic details
from both training views and novel views.

5) Evaluation on ScanNet [22]: Since ground truth meshes
for the ScanNet [22] are unavailable, we only provide qual-
itative analysis on the textured mesh of Scene0000 and
Scene0050 as shown in Fig. 8. Compared to the baselines,
our methods can get sharper object outline, fewer artifacts,

and higher-fidelity textures like the pattern on the carpet.
6) Runtime Analysis: We select Room0 from Replica [21]

and Scene0000 from ScanNet [22] to evaluate the runtime
by comparing our method with the baselines in Table III. We
report the average frame processing time (FPT) on RTX 4090,
RTX 2080Ti, AGX Orin, Orin NX separately. Our method is
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Fig. 6. Reconstructed mesh on the Replica dataset [21]. Our method closely approximates the ground truth mesh and can capture richer geometric details in
small objects, such as chair legs and vases.
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Fig. 7. Image rendering results on the Replica dataset [21]. (a) Rendering results from the input views (interpolation). (b) Rendering results from the novel
views (extrapolation). The image rendered by our method has more high-fidelity details and rich textures, such as pillows and bed sheets
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Fig. 8. Textured mesh on the ScanNet dataset [22]. Our method produces more accurate geometry and higher-fidelity textures.
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Fig. 9. Ablation study about octree SDF priors on one frame. We choose the
first frame in RoomO of Replica [21] to evaluate how the mapping performance
of the corresponding region changes with increasing optimization iterations.

Fig. 10. Ablation study about the adaptive early ending and octree SDF
priors on the entire data sequence. We compared changes in the PSNR [24]
for different fixed iteration times in RoomO (left) and Room1 (right) of Replica
[21]. The blue curve and green curve represent the results with and without

TABLE 11 octree SDF priors, respectively. The red star denotes the average iteration time
RUNTIME ANALYSIS ON MULTIPLE DEVICES and PSNR [23] using adaptive early ending.
Speed FTP(s) | TABLE IIT
Method 7090 2080T% AGX Orin Orin NX ABLATION STUDY OF OUR DESIGN CHOICES
Replica NICE—SLAM 2.69 6.35 13.01 19.03 -
Room0 VOX-FUSI(‘)H 0.34 0.94 1.68 3.52 Expanded voxels Keyframe PSNRT  Acc.l Comp.] Comp. Ratiof
H>-Mapping 0.05 0.16 0.36 0.66 allocation startegy [db] [em)] [em] [< 5em%)
ScanNet Nice—slgm 3.03 6.55 14.37 19.39 X v 34.25 1.16 1.26 98.52
Scene0000 VOX—FUSI(.)H 0.67 2.04 3.12 21.57 ‘/ X 33.65 1.28 1.20 99.12
H>-Mapping 0.07 0.24 0.53 1.07 V4 v 34.49 112 113 99.25

much faster than previous work on various devices.

B. Ablation Study

1) Octree SDF Priors: Octree SDF priors represent an
easy-to-optimize explicit structure with a computationally ef-
ficient initialization process. As a result, the reconstructed
geometry depicted in Fig. 9 is more accurate at the beginning
of optimization, leading to a rapid PSNR [24] increase for the
first frame during the early stage. Furthermore, by promptly
providing a coarse geometry and utilizing the implicit mul-
tiresolution hash encoding exclusively for the residual part,
the accuracy and completion metrics in Fig. 9 eventually
converge to a lower level, leading to higher PSNR [24] for
the same average iteration times on the entire sequence in
Fig. 10. The PSNR [24] arises because accurate geometry
ensures the gradient of color prediction mainly affects the
surface region during backpropagation. Therefore, by enabling
a faster and more accurate geometry reconstruction, this hybrid
representation achieves the same reconstruction quality with
fewer training iterations. This is particularly meaningful for
robotic applications with limited computing power.

2) Expanded Voxels Allocation: Table IV shows the ex-
panded voxel allocation technique has a greater impact on
completion. Besides, Fig. 11 shows the visualization results
about Office3 and Office4 of Replica [21]. In the left part of
(a) and (b), holes are generated in regions where the surface
is close to the voxel’s boundary, making it easy for the SDF
to be optimized to the wrong sign. However, as shown in the
right part of (a) and (b), the expansion technique can reduce
the holes caused by optimization sensitivity.

3) Coverage-maximizing Keyframe Selection: Table IV
demonstrate our keyframe selection strategy can significantly
improve the PSNR [24] and Acc. metrics. As shown in Fig.
12, our strategy can better optimize the ceiling area in Office2
of Replica [21]. Since the number of images corresponding
to this area is low in the overall keyframe set, it is rare for
previous methods to optimize this region using the random
strategy. However, our keyframe selection strategy achieves

(a) Office3 (b) Office4

Fig. 11. Ablation study on expanded voxels allocation technique. (a) and
(b) show results about Office3 and Office4 of Replica [21], respectively. This
technique can produce fewer holes during the mapping (Use: left; No use:
right).

Ours without keyframe strategy Ours

Fig. 12. Ablation study of coverage-maximizing keyframe selection strategy
on Office2 of Replica [21]. It shows that our keyframe selection strategy will
lead to better reconstruction performance in marginal areas such as the ceiling.

complete coverage of all the voxels in the keyframe set with
minimal iteration rounds, greatly increasing the probability of
optimizing the edge regions.

4) Adaptive Early Ending: The blue curve in Fig. 10 shows
that increasing the number of iterations leads to higher PSNR
[24] values, but the rate of improvement gradually slows down.
As the number of iterations varies when using the adaptive
early ending, we calculate the average iteration time and the
corresponding PSNR [24], represented by the red star. The
results demonstrate this strategy adaptively leads to different
average iteration times that are close to convergence in various
scenarios, which helps to reduce optimization time without
compromising accuracy.

C. Real-World SLAM Demonstration

We demonstrate our mapping method with a tracking
module, which completes a SLAM system on a handheld

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.
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device and quadrotors. Specifically, we employ the Realsense
L515 as the vision sensor to provide RGB-D images, and
a modified VINS-Mono [25] incorporating depth constraints
as the tracking module to estimate the pose. The handheld
device is powered by AGX Orin, and the quadrotor is equipped
with Orin NX. All the programs are running onboard. Fig.
1 illustrates the results of our real-world experiments. The
extracted mesh showcases high-quality reconstruction in both
geometry and appearance. We use the handheld device to
reconstruct an apartment (Mesh surface: ~ 127m?) and use
the quadrotors for mapping a part of the fight arena (Mesh
surface: ~ 58m?). The final mesh is extracted by marching
cube [26] and all optimization was performed within the
mapping procedure without any post-processing or additional
training time. To the best of our knowledge, our method is
the first to achieve high-quality NeRF-based mapping in real-
time on edge computers. The specific runtime is evaluated
in Sec.IV-A6 and more details can be found in the attached
video'.

V. CONCLUSION

We propose Ho-Mapping, a novel NeRF-based dense map-
ping system that utilizes hierarchical hybrid representation and
can be deployed on edge computers for real-time and high-
quality robot mapping. The coarse geometry is represented
explicitly using octree SDF priors for fast initialization and
convergence, while high-resolution geometry details and tex-
ture are encoded implicitly using multiresolution hash encod-
ing in a memory-efficient manner. Furthermore, we propose a
coverage-maximizing keyframe selection strategy to improve
the reconstruction quality in marginal areas.

Baseline comparisons demonstrate that our method outper-
forms both mapping quality and time consumption. Besides,
ablation studies show that the hierarchical hybrid representa-
tion effectively accelerates geometry and texture optimization,
and the proposed keyframe selection strategy guarantees re-
construction accuracy even in edge areas. However, currently,
our method cannot handle dynamic objects and long-term pose
drifting, and further speed-up is required.
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