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Abstract—In indoor scenes, pose estimation drift in SLAM sys-
tems is challenging to mitigate due to factors like low texture and
texture repetition. Several studies utilize Manhattan structural
information to achieve low-drift rotation estimation consequently
reducing the cumulative error. However, the application scenarios
of these methods are limited by the Manhattan assumption. To
address this problem, we propose a robust RGBD odometry for
tracking in more general structured scenes, which can represent
a wider range of scenes by leveraging Atlanta World assumption,
consisting of a vertical direction and multiple horizontal direc-
tions. To this end, we design tracking by detection algorithms
for extracting Key Local Manhattan World in each frame, which
is defined as the most stable structural information in current
frame. Specifically, we detect local Manhattan Worlds in current
frame, if a more stable structural feature emerges, it becomes
the new tracking target. The angle between these Manhattan
Worlds are then computed, constructing the Atlanta World. For
accurate pose estimation, we use Key Local Manhattan World to
first estimate low-drift rotation followed by estimating translation
using point-line structural features. Extensive experiments on
public benchmark and self-recorded datasets show that our
method outperforms existing state-of-the-art methods with a
significant margin of 22% while extending their applicability to
the Atlanta World.

Index Terms—SLAM, Localization, RGB-D Perception.

I. INTRODUCTION

N recent years, RGB-D sensors, such as Microsoft Kinect,

Intel RealSense, and LiDAR systems, have become more
accessible, leading to the widespread adoption of RGB-D
odometry. These sensors capture depth information alongside
RGB color images, facilitating the estimation of robot pose
with higher precision [1], [2]. Accordingly, RGB-D-based
odometry plays a key role in pose estimation for robots in
various scenarios. By leveraging both RGB and depth informa-
tion, RGB-D odometry enhances robot tracking robustness in
complex environments, and enables various applications such
as SLAM, autonomous driving, and augmented reality. Thus,
RGB-D odometry has become a research hotspot.
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Fig. 1. Detection and tracking of Key Local MW on TAMU dataset [8].

Plane detection results are labeled on RGB-D frame (Wall-1, Wall-2, Wall-3
and Ground form MW1, MW2 and MW3, respectively). Sphere shows local
MW (black line represents camera coordinate system, colored line represents
three direction of MW). In detection section, we detect multiple local MWs
and select Key Local MW according to dominance analysis (called DA), red
dotted line represents replacement of tracking target; after initialization, we
continue to select Key Local MW according to DA, and connect MWs by
calculating horizontal angle. (Zoom in for details)

However, due to the presence of a large number of low-
texture and repeatable-texture regions in man-made indoor
scenes, traditional visual odometry methods based on point
feature [3], [4] struggle to achieve satisfactory performance
in such scenes. To tackle this challenge, a common alter-
native is to leverage additional high-level structural features
(lines and planes) in indoor structured scenarios [5]-[7]. The
utilization of RGB-D sensors adds stability to the extraction
of structural features [8], [9]. Nonetheless, these techniques
are constrained by their non-linear and error-prone arithmetic
processes, making the cumulative error difficult to avoid in the
pose estimation. To alleviate these limitations, the Manhattan
World (MW) assumption was used for low-drift rotation esti-
mation [10]-[12], consisting of one vertical and one horizontal
direction in the real world (e.g., combination of wall and
ground), but can only represent regular structured scenes. In
order to broaden the application scenarios, the Atlanta world
(AW) assumption has been attempted to be used in odometry
[13]-[15], which includes one vertical and multiple horizontal
directions (e.g., combination of multiple non-perpendicular
walls and ground). However, the AW-based odometry is still
limited by its unstable tracking strategy, as they struggle to
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Fig. 2. Overview of our RGB-D odometry framework. (a) Firstly, features are extracted from the input RGB-D frame, normal features are extracted from
the depth map, and point and line features are obtained from the RGB image. The normal and line features are utilized to detect the presence of MW in the
scene. If not, we go to (c) for feature tracking; If yes, we go to (b) to select the Key Local MW based on dominance level of local MWs, and then we go to
(c) to estimate the rotation and translation, respectively. Finally the camera pose is obtained.

handle the situation where local MW in current frame suddenly
disappears in next frame.

To overcome these limitations, we propose an RGB-D
odometry method for the general AW based on tracking by
detection strategy. While tracking MW in current frame, we
extract multiple local MWs based on plane detection, choose
Key Local MW (KL MW) according to dominance level
of these local MWs, and refine the deviation of the world
coordinate system by calculating horizontal angle. We utilize
Key Local MW to first estimate low-drift rotation followed
by estimating accurate translation using structural features
(lines and planes). The proposed method achieves low-drift
pose estimation in general low-texture scenarios, and the main
idea is illustrated in Fig. 1. Overall, the contributions of our
approach can be summarised as follows:

o We design the tracking by detection framework to max-
imize the extraction of valuable information from RGB-
D data, to improve the robustness of odometry while
constructing AW for complex structured scenarios.

o We propose a robust RGB-D odometry for indoor struc-
tured scenes, which decouples rotation and translation
based on Key Local MW to achieve low-drift pose
estimation in general and complex low-texture scenes.

e Our experiments on real-world RGB-D benchmark and
self-recorded datasets demonstrate that the proposed
method significantly reduces cumulative error compared
to state-of-the-art methods with a margin of 22%.

II. RELATED WORK

In this section, we briefly review traditional RGB-D odom-
etry methods, focusing on those utilizing structural features
(lines and planes) to address the low-texture issue. We also
explore research related to low-drift pose estimation using the
Manhattan/Atlanta World assumption.

A. Feature-based RGB-D Odometry

Point-based: ORB-SLAM [4] is a representative work in
point-feature based visual odometry. This method obtains the
pose of key frame by tracking ORB point features, and uses
loop closure detection and global bundle adjustment to form
optimization module. Another notable work based on ORB-
SLAM is ORB-SLAM?2 proposed by Mur-Artal et al. [16],
which ingeniously uses ORB point features of RGB-D frames
to estimate the camera pose. ORB-SLAM?2 obtain 3D points
from the depth map and fuses them, utilizing the camera
poses of keyframes to build an accurate 3D model. Endres et
al. [17] proposed a more comprehensive and excellent open-
source system, RGB-D SLAMv2, which adds loop closure
detection and bundle adjustment to KinectFusion to avoid pose
drift as much as possible. However, due to the difficulty of
guaranteeing point feature matching accuracy in low-texture
scenes, the above point-based methods cannot avoid tracking
failure and cumulative error.

Line and Plane-based: Several research works have in-
corporated high-level structural features, such as line and
plane features, in addition to point features, to address chal-
lenges posed by low-texture scenes. PL-SLAM, proposed by
Pumarola et al. [5], integrates line features into a point-
based SLAM system, obtaining camera poses by minimizing
the reprojection error of detected lines. This enhancement
effectively improves the robustness of the SLAM system in
low-texture scenes. Pop-up-SLAM [6] extracts planar features
from a stereoscopic 3D planar model and synthesizes these
features with a point-based SLAM framework, enhancing
algorithm stability. Benefiting from the excellent performance
of RGB-D cameras in acquiring 3D information of the scene,
numerous research works have been conducted on odometry
based on Line and Plane features using RGB-D data. Lu et
al. [8] extract accurate 3D points and lines from RGB-D data,
analyze their measurement uncertainty, and utilize maximum
likelihood estimation to compute the camera motions. Plane-
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Edge-SLAM [7] fully leverages constraints provided by planes
and edges to achieve stable performance in any scene. Zhang
et al. [9] use orthogonal and parallel relationship between
planes as additional constraints to improve the stability of pose
estimation in the above methods. Although line and plane-
based methods can effectively cope with low-texture scenes,
compared to our linear optimization system, their non-linear
and non-convex optimization problems still require difficult
pose graph optimization process [13]. And computational
complexity of these methods increases dramatically with the
growth of line and plane features, while requiring longer
iterative computation times.

B. RGB-D Odometry based on Manhattan/Atlanta World

In general, a man-made scene can be modeled by three
orthogonal directions (e.g., combination of wall and ground),
known as the Manhattan World assumption [14]. Although
accurate vertical direction can be obtained from IMU, but
horizontal direction can’t. So researchers generally use RGB-
D sensors to design MW/AW-based odometry. Straub et al.
[18] utilized MW to achieve a stable performance in camera
rotation estimation. Kim et al. [11] introduced the RANSAC
method to estimate the camera rotation from a single line
and a single plane. Zhou et al. [10] implemented low-drift
camera rotation estimation based on the mean-shift algorithm
by extracting the normal features of each pixel in the depth
map. Planar-SLAM [19] incorporates the algorithm proposed
in [10] into the SLAM system to enhance its robustness in
indoor low-texture structural scenes. L-SLAM [20] designs a
linear optimization method based on the MW assumption to
reduce the computational complexity. However, when multi-
ple non-orthogonal horizontal directions appear in the scene
(e.g., walls are not perpendicular to each other), none of the
aforementioned methods is applicable.

Many researchers have extended applicability of MW-based
odometry to more general scenarios based on the Atlanta
World assumption, which can be applied to represent more
complex structured scenarios with multiple non-orthogonal
horizontal directions. Both Joo et al. [21] and Liu et al. [22]
used the BnB (Branch and Bound) algorithm for detecting AW
structures in depth maps. Joo et al. [13] designed a module
for identifying new or missing directions, updating local AW
and global AW during the tracking process to construct the
Atlanta World. Li et al. [14] extended the application scenario
of Planar-SLAM [19] to the Atlanta World by analysing the
visibility relation of MW.

It is worth mentioning that the above RGB-D odometry
methods based on AW assumption are all limited by unstable
tracking strategies. These algorithms (AF-SLAM [13] and
Manhattan-SLAM [14]) will not be able to connect the local
MW as well as avoid incorrect pose estimation when the MW
tracked in the current frame suddenly disappears in next frame.
In contrast, our proposed method employs an adaptive strategy
that switches the tracking target based on the dominance
level of local MW. This approach achieves stable and robust
pose estimation in complex structured scenes by consistently
tracking the Key Local MW.

III. METHOD

Our odometry framework utilizes Key Local MW to con-
struct Atlanta World containing multiple MWs, achieving low-
drift pose estimation in more general structural scenarios (see
Fig. 2 for details). In this section, We first introduce detection
and tracking of Key Local MW and provide a detailed explana-
tion of key technology of our odometry, including structural
feature extraction, Key Local MW detection, low-drift pose
estimation, noise detection and refinement.

A. Representation of Key Local MW

For indoor scenes, most of them have both a ground and
multiple non-perpendicular walls, which can be modeled by
a vertical direction and multiple non-orthogonal horizontal
directions. Obviously, simultaneously detecting and tracking
local MWs is complex and difficult, thus for ¢-th frame, we
only focus on the local MW that is most stable and most
likely to appear in (i+1)-th frame (called the most dominant).
We define the most dominant wall-ground combination of i-th
frame as MWHXL (see Eq. 1) by analyzing orthogonality of
ground and multiple walls as well as their area occupied in
this frame. We represent Key Local MW as a vector:

MWiKL = (Ra Prefine; Lglax) ) (l)

where MWXEL represents Key Local MW detected in the i-
th frame, R € SO (3) is rotation matrix from the camera
to MWHEEL, consisting of three orthogonal directions of the
most dominant MW observed by the camera. ¢, fine Serves
to indicate horizontal refine angle of MWJXL relative to
MWHEL [max indicates the dominance level (highest among
local MWs) of MWL which is determined by the number
of nodes detected in planar features (as described in [23]) and
the angle between the most dominant wall-ground combination
(for analysis of orthogonality).

B. Feature Extraction

Our approach leverages structural information of the envi-
ronment to adapt to low-texture scenes, including point and
line features for translation estimation and normal features for
rotation estimation.

Points: We use ORB descriptor to extract point features in
RGB images, known for its fast performance and robustness
[24]. We denote the j-th 2D point feature on the i-th frame as
pij = (%p.,+Yp,,). and its corresponding 3D map point as
P ;= xpiyj,ypw,zlam). Here, x,, ; and y,, ; represent the
pixel coordinates of 2D feature points, while x P, ;> Yp;, and
zp, ; represent the coordinates of 3D map points in the world
coordinate system.

Lines: We employ Fast Line Segment Detector (LSD) to
extract line features from RGB images [25], We denote the
i-th 2D line feature on the i-th frame as I; ; = (p§’e"*, pid),
and its corresponding 3D line as L; ; = (Pgtert, Pend). pytart
and pff}d correspond to the start and end points of 2D lines,
and use P75 and Py to denote the start and end points of
3D lines in the world coordinate system.
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Local MWs

Fig. 3. Examples of Key Local MW detection module. The first line shows examples of Datasets, including TUM RGB-D [29], ICL-NUIM [30], TAMU |[8]
dataset. The second row shows plane detection results. The third row indicates the multiple local MWs detected in current frame, and the red box serves to

indicate the Key Local MW selected by our algorithm.

Normals: We first utilise depth information to obtain the 3D
points in the camera coordinate system corresponding to each
pixel in the RGB image. Subsequently, we fit a surface through
the 3D points corresponding to a patch of pixels. For the
normal vector estimation part, Principal Component Analysis
(PCA) is employed to extract the normal information of the
pixel at the centre of the patch. The set of normal vectors
of the i-th frame is represented as N; = {ni,j};lz_f’)(w_s),
where n; ; = (nf’j,nf’j.nf’j)T, [ and w indicates the length
and width of depth map.

C. Tracking-by-Detection Algorithm for Key Local MW

For a given RGB-D sequence, we adapt the tracking by de-
tection concept from multi-target tracking [26], [27] to design
an algorithm for tracking multiple Manhattan Worlds (MWs)
in complex scenes, extending application scenarios to the
broader Atlanta World. While tracking M WXL from previous
frame, we detect and determine multiple MWs and M WKL
in current frame, enhancing the stability and reliability of low-
drift odometry in intricate indoor environments.

Detection: The detection module encompasses two essential
steps: detecting all potential local MWs in current frame
and determining their dominance level. In the initial stage,
we employ the Agglomerative Hierarchical Clustering (AHC)
algorithm [23] to extract planar features for the surface normal
(see Sec. III-B) in the current frame. We represent all planar
features in current frame in the following form:

Si = {nij, Nij}iL, 2)

where S; denotes the set of planar features detected in the
i-th frame, n; ; represents the normal vector corresponding
to the j-th planar feature, and [V; ; means the number of
support points in the point cloud for the j-th planar feature,
M represents the total number of planar features detected in
the i-th frame. From the detected set, two planar features are
randomly selected to assess their orthogonality. In order to
minimise the computational complexity, we design a simple
filtering mechanism (as in Eq. 3) to determine whether planar
features can form a local MW or not.

{ Z (a,b) € (90 — 0,90 + 6) 3

Niog+Nip >0 ’

where a and b are two randomly selected planar features.
0 = 2.5°, which is used to ensure orthogonality between
planes. Since we set the minimum number of support points
for each planar feature to 150 in plane detection algorithm
[23], o is set to 500, which is used to ensure that planar

features will appear in next frame. Let r; = (nw n?

T
z
T i,a° i,a’ni,a) ’
(T Y 2 _ : :
ro = (ni,b,ni7b,ni’b) , and r3 = 71 X ro. The rotation matrix

from camera to the local MW is denoted as:

R= (7’1,7‘2,7"3)T, (4)

Owing to noise in depth map and errors in plane detection, we
can’t guarantee that R is an orthogonal matrix. To address this
limitation, we re-represent the camera-to-local MW rotation
transformation in terms of the closest R to R., € SO (3)
following [10]:

Re = UVT, where
(U,&VT) = SVD (7‘1’7’2,7‘3)71

In the second stage, in order to identify Key Local MW we
require for tracking among multiple local MWs, we calculate
dominance level of each local MW according to Eq. 6.

(&)

La=Nia+Nip = 7|3 = £(a,0)], ©)

After extensive experimentation, we set 7 to 5000 for combin-
ing orthogonality and the number of support points to express
degree of dominance of MW. With above two stages, the
detection module leads us to obtain multiple local MWs in
current frame as well as their dominance level L.

Initialization: For the first frame of RGB-D sequence, We
first detect all local MWs and calculate their Lg4, directly
using the one that has the highest Ly as MW{%. During
the initialization phase, ©,¢fine 18 set to zero.

Tracking: Similar to the detection module, this part is also
executed in two phases: tracking M WXL of the last frame,
and determining MWL for the current frame. In the first
stage, we apply a similar approach as in [10], where we project
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the normal vector N;_1 of the (i-1)-th frame onto the unit
sphere, and project each of the three principal directions of

MWHEL onto the tangent plane, utilizing mean-shift algorithm
to update each direction to the center position where the
density of the normal vectors is maximal.

As MWHEL may disappear from the camera’s field of view
at any time, this could result in an incorrect M med‘“', leading
to pose estimation inaccuracies due to coordinate system
inconsistencies. To address this issue, in the second stage,
multiple local MWs are extracted in current frame using the
detection module along with their dominance level L ;. We
consider the MW with the highest L; among local MWs to
be the most stable one, least likely to disappear in next frame.
It is then defined as MWL, but if Ly of the most stable
local MW is not as high as that of MW/Te* we consider
MW}rack as MWHEL for i-th frame.

When replacing Key Local MW, we need to update @refine
to obtain the angle between the two non-perpendicular walls,
thus refining the deviation of the coordinate system (as de-
scribed in Sec. I1I-A). Let the dominance level of MW/ rack
(obtained from the closest MW detected in the current frame)
be L”‘“k, and the dominance level of local MW w1th the
highest Ly be L7j**. We determine the updated <pm Fine
according to Eq. 7

. max track !
Zf Ld > Ld ’ @refine

’Lf Lénax = szlrack’ Prefine — Prefine-
where Ag is the angle between the two non-orthogonal
horizontal directions of M Wi”“’C and MW/nex,

= Qrefine T A% )

D. Pose Estimation

Rotation and translation of camera to the world coordinate
system are decoupled and estimated separately. We determine
rotation by tracking Key Local MW in each frame, and
estimate the translation based on point and line features.

Rotation: For every two frames in the RGB-D sequence,
we detect the rotation transformation from each frame to the
Key Local MW using the method described in Sec. III-C. The
frame-to-frame rotation is calculated as follows:

Rcc’ = RcmRrefineRzm 3 (8)

where R¢fine € SO (3) is a rotation matrix with a horizontal
rotation angle of e fine.

Translation: We use point-line features to estimate transla-
tion. Unlike the way [28] estimates both rotation and trans-
lation, we define the 3Dof translation parameter ¢, of frame
1 as the optimization variable and construct the least squares
cost function as in Eq. 9.

;DT p D
Pliebs+ 2 eis"

JEN

or _argmane ””, )

#i JjENY
where R, is obtained from Eq. 8. e ; and el . are reprojec-
tion errors of j-th point feature and lme feature in ¢-th frame,
respectively. n,, and n; are total number of point features
and line features in ith frame. Finally, the optimal translation
parameters are solved using Levenberg-Marquardt algorithm.

Similarity
Calculation
S=0.071

Reduce Threshold
of Plane Detection

t=t+2

Similarity
Calculation
S=8.950

High Noise

Fig. 4. Overview of the noise detection module. Left is a flowchart of the
algorithm, s is similarity of multiple local MWs, n is a pre-set threshold. Right
shows the performance of the noise detection module on two sequences, ‘of-
kt0’ and ‘fr3_l-cabinet’, which were determined to be low and high noise
sequences, respectively. ¢ is the plane detection threshold for current hundred
frames, and ¢’ is the threshold for next 100 frames.

E. Noise Detection

The MW detection module of our odometry is highly
sensitive to noise in the depth map due to the use of a
plane detection algorithm [23] for MW extraction in the
scene. Interestingly, in the presence of significant noise, we
effectively suppress the noise by choosing MWL with the
highest dominance level. However, in scenes with minimal
noise, the presence of incorrect planar features may introduce
discontinuities in MWL, To address this limitation, we de-
sign a noise detection module for detecting noise in the scene
and thus adaptively adjusting the plane detection threshold.
Specifically, we first accessing all local MWs in current 100
frames and compute their similarity by Eq. 10.

S = Z Z Z trace (RL% - REV) — 1,

1€100 ben,; a€n,

(10)

where S represents the similarity of local MWs in current
100 frames, where a larger value indicates higher similarity.
R%% represents the rotation matrix corresponding to a-th local
MW in i-th frame, and n; is the total number of local MWs
in i-th frame . As shown in Fig. 4, if S is larger than the
preset threshold, the scene is considered to be low-noise, and
plane detection threshold is raised to reduce planar features
and avoid detection errors. Conversely, we consider the scene
to be high-noise, lower the threshold, increase planar features,
and further suppress noise by selecting M WXL,

F. Refinement

All the mentioned methods rely on structured scenes that
strictly adhere to Manhattan World assumption. However, in
cases where Manhattan World cannot be detected or current
scene deviates from Manhattan assumption, we revert to point-
line SLAM framework to obtain the camera 6Dof pose. We
project point and line features detected in current frame to
the last 20 frames, calculate the reprojection error, and reuse
method similar to [28] to estimate both rotation and translation
if the error is too large.
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TABLE I
COMPARISON OF RMSE OF ABSOLUTE TRAJECTORY ERROR (M) ON TUM RGB-D [29] AND ICL-NUIM [30] DATASETS.
Dominance Level Methods
Dataset Sequence KL MW Texture ORB-SLAM2 [16] DVO [31] L-SLAM [20] Planar-SLAM [19] AF-SLAM [13] MW-SLAM [14] Ours Ours+ND
frl_xyz low high 0.010 0.026 - X - 0.010 0.013 0.013
frl_desk low high 0.022 0.036 - X - 0.027 0.033 0.031
fr3_snt-far high low X 0.039 0.141 0.041 - 0.040 0.040 0.036
TUM fr3_snt-near high low X 0.021 0.066 0.027 - 0.023 0.023 0.018
RGB-D fr3_st-far medium high 0.011 0.390 0.212 - - 0.022 0.022 0.012
fr3_st-near medium high 0.011 0.041 0.156 - - 0.012 0.012 0.011
fr3_cabinet high low X 0.690 0.291 0.035 - 0.023 0.019 0.017
fr3_l-cabinet high low X 0.979 0.140 0.071 - 0.083 0.064 0.064
Ir-kt0 medium  medium 0.010 0.108 0.012 0.006 0.014 0.007 0.005 0.005
Ir-kt1 low medium 0.185 0.059 0.027 0.015 0.035 0.011 0.017 0.011
Ir-kt2 medium  medium 0.028 0.375 0.053 0.020 0.027 0.015 0.019 0.015
ICL Ir-kt3 low medium 0.014 0.433 0.143 0.012 0.117 0.011 0.012 0.012
NUIM of-kt0 high low 0.049 0.244 0.020 0.024 0.041 0.036 0.025 0.020
of-kt1 high low 0.079 0.178 0.015 0.020 0.022 0.013 0.012 0.012
of-kt2 high low 0.025 0.099 0.026 0.011 0.027 0.015 0.015 0.014
of-kt3 high low 0.065 0.079 0.011 0.014 0.025 0.013 0.015 0.013
X represents tracking or initialization failure. - represents algorithms or results are not avaliable. Qurs+ND represents our method with noise detection.
(a) low-textured scenario (c) side view (a) complex structured scenario (b) top view
0.8 ~
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(d) angle
120 - _f:':f’}:. N )
(b) top view § oo —~ Grounatun MN\
-1.5 B -160 Planar-SLAM
ORB.SLAM2
-180
= M htes
~ = GroundTruth % e — Due
28 T o — raecan
Planar-SLAM
—— ORB-SLAM2 -20 -15 -10 -5 0

yaw (deg)
g 38R

Fig. 5. Performance of Planar-SLAM, ORB-SLAM?2 and our method on the
typical low texture sequence 'fr3_snt-near’ of the TUM RGB-D dataset [29].
(a) is an example of the sequence, (b,c) represent two different views of the
tracking trajectory, and (d) shows the rotation estimation results.
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Fig. 6. Comparison of Planar-SLAM, ORB-SLAM?2 and proposed odometry
method for per-frame Relative Pose Error (M) on ’fr3_snt-near’ sequence.
The horizontal axis represents the timestamp. ORB-SLAM?2 lost the first half
of the data due to initialization failure.

IV. EXPERIMENTAL RESULTS

In this section, we evaluate the performance of the proposed
odometry algorithm frame by frame on public benchmark and
self-recorded datasets in several complex structured scenarios,
including TUM RGBD [29], ICL-NUIM [30], and TAMU
RGB-D [8] datasets. We compare our odometry with feature-
based methods ORB-SLAM?2 [16] and DVO [31], MW-based
methods L-SLAM [20] and Planar-SLAM [19] and AW-

Fig. 7. Performance of Planar-SLAM, ORB-SLAM2 and our method in
Auditorium-const for a typical complex structured scenario (containing multi-
ple MWs) on TAMU dataset [8]. (a) is an example of the sequence and (b,c)
represent two different views of the tracking trajectory.

(a) self-recorded dataset

(b) top view

— oOurs
Planar-SLAM
~—— ORB-SLAM2

Performance of Planar-SLAM, ORB-SLAM2 and our method in

Fig. 8.
Auditorium-const for another complex structured scenario (containing mul-
tiple planes) on Self-recorded dataset. (a) is an example of the sequence and
(b,c) represent two different views of the tracking trajectory.

based methods AF-SLAM [13] and MW-SLAM [14]. All
experiments run on a PC with Intel Core 19-12900KF 3.2GHz
CPU and 64GB RAM. It should be noted that, for a fair
comparison with other SLAM systems, we turned off backend
optimization in all methods, including loop closure and global
bundle adjustment.
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TABLE II TABLE IV
RMSE OF RELATIVE POSE ERROR (M) ON TUM RGB-D DATASET [29]. RMSE OF TRAJECTORY ENDPOINT DRIFT (M) ON OUR DATASET.
Dominance Level Methods Dominance Level Methods
Sequence KL MW Texture | Ours  Planar-SLAM  ORB-SLAM2 Sequence | KL MW  Texture | Ours  Planar-SLAM  ORB-SLAM2
fr3_snt-near | medium low 0.009 0.027 X office medium low 0.063 0.075 0.097
x represents tracking or initialization failure.
TABLE V

TABLE III
RMSE OF TRAJECTORY ENDPOINT DRIFT (M) ON TAMU DATASET [8].

Dominance Level Methods
Sequence KL MW  Texture | Ours Planar-SLAM  ORB-SLAM2
Auditorium | medium low 1.42 20.64 353

A. Estimation Accuracy

TUM RGB-D dataset: The TUM RGB-D dataset [29] is
a well-known public benchmark for evaluating performance
of SLAM systems, providing real-world indoor data with
diverse textures and structures. Table I shows ATE RMSE
achieved by our method compared to other methods. We also
evaluated dominance level of each RGB-D sequence as a
reference, including KL MW and texture. Higher dominance
level indicates more stable MW structure and richer texture.
The ’xyz’ and ’desk’ sequences of frl are rich in texture, but
since MW structure of these sequences is so poor that they
hardly meet MW assumption, methods relying exclusively on
MW: L-SLAM, Planar-SLAM and AF-SLAM fail to work. In
such cases, our method and MW-SLAM degrade into point-
line odometry, still achieving reliable performance. However,
due to poor structural regularity of these two sequences, their
actual performance is not inferior to ORB-SLAM?2.

Benefiting from strict MW structure in the fr3 sequence,
both MW- and AW-based methods outperform traditional
approaches. While the ’st’ sequence, with rich texture, en-
ables ORB-SLAM?2 to achieve high accuracy, it struggles
in the texture-lacking ’snt’ and ’cabinet’ sequences. Both
MW-SLAM and our method employ point-line odometry for
enhanced accuracy. However, RGB-D noise may lead to er-
roneous MW detection in MW-SLAM. Our method addresses
this with a noise detection module (as described in Sec. III-E),
adapting plane detection thresholds and selecting Key Local
MW with highest dominance level. This effectively suppresses
noise, yielding superior results to MW-SLAM and our method
without ND in both ’snt” and ’cabinet’ sequences.

ICL-NUIM dataset: The ICL-NUIM dataset [30] consists of
synthetic scenes without noise, featuring living room and of-
fice environments. These scenes lack texture but exhibit strong
structure, aligning with MW assumption. The lower section
of Table I presents ATE RMSE for our method compared to
others in all sequences. As all ICL-NUIM sequences conform
to perfect MW structures, MW- and AW-based methods per-
form credibly. Leveraging noise detection module and employ-
ing point-line structural features, our full odometry achieves
optimal accuracy in most sequences compared to the case
without ND. Notably, in ’Ir-kt1’ and ’Ir-kt3” sequences, where
scenes have only a single wall without ground, our method
matches MW-SLAM’s accuracy due to the use of point-line
features. Despite the strict MW structure in ’of” sequences

AVERAGE RUNTIME (MS) ON TUM [29] AND ICL [30] DATASETS

Dataset | ORB-SLAM2  Planar-SLAM  Ours  Ours+ND
TUM RGB-D 2891 4211 4127 41.84
ICL-NUIM 30.51 41.74 41.23 41.95

Ours+ND represents our method with noise detection.

favoring MW-based methods like L-SLAM, our method still
achieves stable results, outperforming Planar-SLAM and MW-
SLAM by adaptively adjusting plane detection threshold to
reduce incorrect features and achieve superior performance (as
described in Sec. III-E).

B. Drift Evaluation under Challenging Scenarios

Low Texture: In order to evaluate the cumulative error of
the proposed odometry algorithm, we first tested the perfor-
mance of the feature-based method: ORB-SLAM?2, MW-based
method: Planar-SLAM, and our method in the low-texture
sequences of the TUM RGB-D dataset. Fig. 5 shows tracking
trajectory of each method on the ’snt’ sequence. As shown in
Fig. 5-(a), due to the lack of texture, ORB-SLAM?2 struggles to
successfully initialize, loses the first half of the trajectory, and
exhibits a significant drift during tracking compared to ground
truth. The ’snt’ sequence is a structured scenario that strictly
conforms to the MW assumptions, and it is worth mentioning
that such a scenario is highly favorable for Planar-SLAM,
which relies on a single MW only. Nevertheless, as shown
in Fig. 5-(c), from the side view, our method fits the ground
truth more closely. As shown in Fig. 5-(d), our method and
Planar-SLAM achieve low-drift rotation estimation. As shown
in Fig. 6, the proposed method outperforms other methods in
terms of RPE achieved in almost every frame. Table II shows
the RTE RMSE tested on low texture sequences, providing a
measure of odometry drift. Finally, our method demonstrates
superior performance compared to Planar-SLAM.

Complex Structure (Multiple MWs): We define indoor
scenes with non-perpendicular walls as complex structured
scenes. We evaluated the performance of ORB-SLAM2,
Planar-SLAM and our method on a sequence of complex
structured scenes from the TAMU RGB-D dataset [8]. Fig.
7 shows the tracking trajectories, and Planar-SLAM based on
a single MW exhibits a significant drift due to the presence of
multiple MWs in the scene. However, ORB-SLAM?2 success-
fully tracks the sequence due to its rich texture. In contrast,
our method achieves low-drift pose estimation in complex
structured scenes by tracking Key Local MWs, resulting in
superior tracking results compared to ORB-SLAM?2. Table III
shows TED for each method, indicating the distance between
the start and end points of the trajectory and used to evaluate
the degree of drift of the odometry. The performance of Planar-
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SLAM is very poor, and although ORB-SLAM?2 can achieve
stable results, the drift of our method is lower than it.
Complex Structure (Multiple Planes): Since we depend on
the plane detection algorithm to extract multiple local MWs
in the scene, it is crucial to evaluate whether our odometry
can operate stably in scenes with multiple planes. For this
purpose, we recorded an RGB-D dataset for an office scene
with multiple planes (consisting of desks) using a hand-held
device: Intel RealSense D455. Fig. 8 illustrates the tracking
trajectory of each method. ORB-SLAM?2 exhibits severe drift
in the height dimension. From Table IV, we can conclude that
our method still achieves the lowest drift in multiplanar scene.

C. Runtime Analysis

We tested per-frame runtime of ours and other methods on
publicly available datasets. As shown in Table V, although
our method and Planar-SLAM, which is also based on MW,
underperform ORB-SLAM?2 (around 35fps), they still achieve
an average of 25fps while maintaining high accuracy, which
can satisfy requirement of real-time operation. In addition,
since noise detection only needs to do one operation every
100 frames, it does not take up the runtime.

V. CONCLUSIONS

In this paper, we present an RGB-D odometry tailored for
complex structured scenes under AW assumption. We adopt
the concept of the tracking-by-detection algorithm from the
field of multi-target tracking, focusing on tracking Key Local
MW to construct AW. Extensive experiments demonstrate
that our proposed method attains low-drift pose estimation
in various general structural scenarios. In future research, we
aim to develop robust plane detection algorithms for complex
scenes and explore stable tracking strategies (perhaps using
IMU to get accurate vertical direction) tailored for structured
environments with a single wall and no ground, loop closure
and relocalization will also be considered.
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