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Abstract— The advancement of object detection algorithms
has catalyzed the development of object-level semantic SLAM.
However, due to missed and false detections, object-level se-
mantic SLAM fails to represent the objects within the scene
adequately. Therefore, this paper proposes a novel object-level
semantic SLAM termed HSS-SLAM. We incorporate human-
in-the-loop into our method, establishing an interaction module
to facilitate human editing and rectifying semantic information.
Additionally, to minimize the manual correction workload,
a lightweight and intuitive method for semantic extension
is proposed, augmenting the semantic richness of the global
map with a few operations. Furthermore, our method adopts
superquadrics for object representation, enabling detailed de-
scriptions of various object shapes. This mitigates the limitation
of conventional semantic mapping, where objects are difficult to
distinguish due to the reliance on a single-shape representation.
Subsequently, precise estimation of superquadric parameters
and camera poses is achieved through joint optimization.
Extensive experiments conducted on TUM RGB-D and Scenes
V2 datasets demonstrate that the proposed approach exhibits
competitive performance, surpassing current methods in both
object representation and camera localization accuracy.

I. INTRODUCTION

Conventional SLAM methodologies leverage geometric
features, such as points, lines, and planes, for constructing
point cloud maps [1], [2] or plane maps [3] representing the
scene. While these methods enhance environmental represen-
tation to some extent, they fall short in adequately addressing
the needs of indoor robots necessitating interaction with
objects within their environment.

In contrast to the feature-point method, object-level SLAM
employs geometric models such as CAD models [4], cubes
[5], and quadrics [6] for object representation. Object-level
semantic SLAM not only aids in robot localization but
also enhances map reusability and object recognition within
the environment, thus augmenting the robot’s capability for
environmental interaction. Among various forms of object
representation, quadrics are extensively employed in SLAM
[7]1-[9] owing to their compact expression form and direct
projection model. However, the simplistic shape of quadrics
limits their ability to express various objects within the
environment in detail accurately.

Currently, object detection algorithms have emerged as
the predominant approach for acquiring semantics in tradi-
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(a) original map

(b) corrected map

Fig. 1. Semantic correction in the map. On the left is the map constructed
using original semantic information. On the right, a portion of missed (cola)
and erroneous (tape) semantic information has been corrected, enabling the
representation of previously missed objects in the map.

tional object-level SLAM. Conventional object-level SLAM
necessitates multi-frame observations from diverse angles to
initialize object representation. However, owing to missed
and false detections across various scenes, the semantic
information obtained through the object detection algorithm
is not accurate enough, resulting in the loss of semantic
information in the map and the omission of object repre-
sentation. Consequently, the robot’s ability to perceive and
interact with the environment is significantly compromised.
However, from a human perspective, these errors can be eas-
ily corrected through guidance or interaction. In fact, some
efforts have applied human-in-the-loop methodologies to
SLAM, yielding preliminary results in closed-loop detection
[10] and human-machine interaction [11], but the utilization
of human-in-the-loop for rectifying missed and erroneous
semantic information has not yet garnered adequate attention.

In this paper, we propose HSS-SLAM, a human-in-the-
loop object-level semantic SLAM employing superquadric
representations, which effectively mitigates the deficiency of
semantic information in maps and the challenge of differ-
entiating objects using quadrics, as illustrated in Fig.1. Our
approach combines planes and superquadrics to effectively
express spatial structure characteristics of the environment
while representing objects in space. We integrate human-in-
the-loop functionality into our method to facilitate online in-
teraction. Users can interactively edit and correct missed de-
tections and false labels in the image detection results. Sub-
sequently, superquadric initialization is conducted through
detection box projection and fitting to map points. Simultane-
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ously, we improve the pose of superquadrics and the overall
system localization accuracy through joint optimization. We
conduct experiments on public datasets, achieving state-of-
the-art performance in terms of object representation and
camera localization accuracy.

The main contributions of this work are as follows:

« We construct a human-in-the-loop interaction module to
facilitate interactive editing and correction of semantic
information, thereby providing the system with accurate
semantic information input. To the best of our knowl-
edge, we are the first to employ human-in-the-loop for
correcting semantic information.

o We introduce a lightweight and straightforward strategy
for expanding correction results, which extends the
spatially continuous range of the manual refinement
effects achieved through human-in-the-loop interaction.

« We estimate the pose parameters and shape parameters
of superquadric by using the semantic information in the
image and the minimum convex hull constructed by the
map points respectively. This process achieves a rapid
initialization of objects represented by superquadrics.

o We design HSS-SLAM, a comprehensive visual seman-
tic SLAM system. Through extensive experiments on
public datasets, we validate that HSS-SLAM enriches
semantic information in maps, and achieves state-of-
the-art performance in terms of object representation
and the precision of localization and mapping.

II. RELATED WORKS

A. Object-level SLAM

Representing objects with appropriate models not only de-
lineates object distribution in the map, improves the readabil-
ity of the map, but also strengthens the interaction between
the robot and the environment. In previous explorations of
object representation, CAD models [4] were initially used
to represent objects but proved unsuitable for unknown
environments. CubeSLAM [5], as the first instance of object-
level representation, transforms semantic information into
three-dimensional cubes to represent objects. Subsequently,
the method of representing objects with quadrics [6] is
found to have a compact mathematical expression, which
is more suitable for model updates in practice. This not only
makes quadrics the mainstream approach to express objects
[12]-[14] but also promotes the improvement of object-level
semantic SLAM system framework [15], [16]. Apart from
accurately representing objects in the environment, some
works [17]-[19] improve accuracy by incorporating planes
in the structural scene, and OA-SLAM [20] further applies
the expressed objects in relocalization, maximizing the uti-
lization of object-level maps. Recently, to facilitate grasping
in diverse objects [21] and recovering the original shapes of
various 3D data types within the scene [22], superquadric
has gradually been applied in object representation [23].
We represent object detection results using superquadrics to
enhance object distinguishability in the map.

B. Human-in-the-Loop SLAM

Human-in-the-loop is employed to delineate a novel form
of interaction between humans and machine learning [24]. In
SLAM, when confronted with large-scale scenes, numerous
small errors may manifest in the map, and optimizing them
solely through algorithms can result in increased computa-
tional complexity and time consumption. HitL-SLAM [10]
integrates sparse human correction, accelerating the construc-
tion of large-scale maps by optimizing specified relationships
among map segments. A-SLAM [11] allows real-time user
interaction, guiding the robot to correct pose and map
errors during SLAM operation, but it is limited to two-
dimensional plane maps. Subsequently, Ouyang et al. [25]
introduced human-in-the-loop to point cloud segmentation
models, training them with artificial semantics to enhance
localization accuracy. In our approach, we leverage human-
in-the-loop to manually refine semantic information, thereby
constructing object-level maps with rich semantic details.

III. SYSTEM OVERVIEW

The HSS-SLAM presented in this paper is modified based
on ORB-SLAM?2 [1], and the system architecture is illus-
trated in Fig.2. In the tracking thread, integration occurs
among a human-in-the-loop interaction module, an object
detection module, and a plane extraction module. RGB and
depth images received as input are respectively fed into the
object detection and plane extraction modules. By monitoring
the results of object detection in the current frame, the
human-in-the-loop interaction module can be manually acti-
vated to select and edit areas exhibiting semantic information
errors or omissions, thereby facilitating corrective actions.
The pose is estimated through plane constraints and feature
point constraints. Subsequently, a convex hull is constructed
for the map points corresponding to the detection box, and
the parameters controlling the shape of the superquadric
are estimated to complete the initialization. Combined with
the estimated camera pose, the object detection and plane
extraction results of the current frame are associated with
the constructed map. In the local mapping thread, joint
optimization is conducted on camera poses, map points,
plane landmarks, and superquadric landmarks. This compre-
hensive optimization process results in an environmental map
encompassing geometric and semantic information.

IV. METHOD
A. Human-in-the-loop Semantic Refinement

Currently, in object-level semantic SLAM systems, seman-
tic information and object representation primarily rely on
the results of object detection algorithms. However, when
object detection algorithms are applied to a new environ-
ment without additional training or parameter tuning, the
probability of missed and false detection results significantly
increases. This will increase the challenge for the system
to build accurate semantic maps. The introduction of text
or language guidance during detection can enhance the ef-
fectiveness of detection and reduce error rates. Additionally,
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although SLAM systems can construct maps of the perceived
environment, robots cannot autonomously complete this task
entirely. Human involvement is still required to make judg-
ments about the rationality of the mapping process.

Based on these two points, we explicitly incorporate the
human role into the SLAM system. We have designed an
online interactive module in the system, which can correct
the semantic information obtained by semantic thread online.
Upon input of RGB images into the system, YOLOVS is used
for detection, and users can visually observe the detection
results. In cases of severe missed or false detections in the
original results, users can suspend the system and enable the
interactive correction module. By selecting objects in boxes
and inputting labels to refine the image detection results,
users then feed them back into the system to enhance the
accuracy of object representation in the map concerning
the environment. Fig.3 illustrates the complete process of
correcting image detection results.

B. Local Homography

The camera model based on constant velocity motion
exhibits a high degree of image overlap in a short period. To
avoid repetitively correcting for similar scene and provide
a sufficient number of frames for initialization, we have
devised a simple extension method using local homography
to expand the influence range of correction results. Homog-
raphy can describe the pixel correspondence relationship

on the same planar surface in space. The computation of
the homography matrix in the SLAM system occurs after
incorporating semantic information. This conflicts with our
use of the homography matrix to expand results. Therefore,
we calculate the local homography between two frames using
the pixel points corresponding to the detection boxes. This
local homography helps find corresponding detection boxes
or pixel-level coordinates for manually corrected detection
boxes in subsequent images with high redundancy.

We use Hp, and Op, to represent the set of manual
correction detection results and the set of original detection
results obtained after correction in image frame Ij, respec-
tively. The corresponding detection boxes in sets Op, and
Op,,, can be found using 2D-IoU(Intersection over Union).
We consider the vertices of the matched detection boxes as
corresponding point pairs, which are then used to calculate
the local homography matrix Hy,. In mathematics, matrix Hy,
can be represented by a linear expression:

x; = HLx; (1)

R VN R R :

where x; = [x;,y;,wi] and X; = [x},y},w]] are a pair of

matched points of Op, and Op, | respectively. The equation
is represented in vector form as the product:

/W3T /W2T
yihL X; — WihL X;

/ _ /T 1T /W3T _
X; X HLX,' = WithT X; —xthIT X; =0 (2)
/ /
xl-hL X; _yihL X;
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Fig. 3. The user performs online correction on the image semantics, where
red represents omissions, and blue indicates the refined results. The refined
results can be treated as ground truth, with the confidence set to 1.

where h{_T is the j-th row of Hy,, which also can be repre-
sented in matrix form:
T T 5 1
0 T lTXl i lT h%
/ / _
WiX; 0 —X;X; h; | =0 3)
—ygxiT xx! or hj

Then we can express it as a linear expression Ah = 0, where
A is a 2n x 9 matrix, with n as the number of point pairs.
The nine elements of matrix Hy, can be estimated through
the following method:

hy, =arg min||Ah | 1 (4)
L

In practical calculations, there should be at least four point
pairs, which implies that having just one pair of detection
boxes is sufficient to meet the minimum necessary geometric
constraints. Once Hj, is obtained, the corrected coordinates
of detection boxes in the next frame can be obtained through
kuﬂ = HLku. Subsequently, Hp, is merged with ODk+1
within frame ;1 |, achieving semantic automatic correction
in frame I, ;. In Alg.1, we provide a detailed and compre-
hensive demonstration of the entire process for extending the
scope of semantic fine-tuning results.

C. Superquadric Initialization

Superquadric is an extension of a quadric, requiring only
the addition of two parameters to model objects with various
shapes. The superquadric can be formally represented as the
spherical product of two superellipsoids [26], described by
the following parametric equations:

c a\Cy a:Cy Cy
p(n,0)= [ afsf; }@[ * and'S
(&)
CE 2sgn(cos(a)) |cos (a )

A :sgn(s1n(a))|sm( )¢

where p(7,®) represents a point on the superquadric, ®
represents spherical product, and —7/2 <n < 7/2,—1w <
o < . The parameter a; represents the axis length of the
main axis, and & controls the shape of the superquadric. To
ensure that the object representation is a convex polyhedron
and avoid optimization falling into local optimality, it is
typically ensured that 0.1 < g < 2.0.

Algorithm 1 Expanding the Scope of Semantic Fine-tuning

Input: Original detections EODk} and {Op,,, },Human cor-
rection detections {Hp,
Output: New correction detections {Hp,,, }
if {Hp,} is not null then
for each D}, in {Op,,,} do
Assomatlon{OD;( D,}<— IoU(Di, |, {Op,})
end for
end if
/[computer Hy,
if Associations {{ODkH},{Ole}} then
Hy, < homography({Op,,, }, {OIDk})
end if
/[computer {HDk+l}
: HD;-(+1 <—tmnsf0rm(HL,HD;-c)
12: Association{ Hp; 0 }—ToU(Hpy,
+1 T +1
13: //correct label and confidence
14: if Association{HD;(H,OD,H} is not null then

15: (H ;( )label,box<_ (ODj )label,box
+1 k+1
16: (H 2-%—1 )con<_ ((HD;(H )can + (ODiH )CUVL)/Z
17 Add Hy to {Hp,, }
18: else
19 Add Hy to {Hp,, }
20: end if
21: return {Hp,, }

R A A A

—_ —
—_ o

’{ODk+l})

The superquadric can be expressed compactly with 11 pa-
rameters, denoted as A = (601, 6, 63,11,1,13,ax,0y,d;, €1, ).
For the convenience of parameter calculation, we indepen-
dently estimate the parameter & which controls the shape,
while the initial values for the other nine parameters are
referenced from [6], and directly obtained during the pose
estimation in the tracking thread.

Map points will increase with the camera’s movement.
Once a certain number of map points have accumulated,
projecting these map points onto the image frames allows
obtaining a collection of map points within the detection
box. However, at this stage, the map points may be mixed
with background points and cannot be directly used to
estimate shape parameters. To address this, the coordinates
of the map points are sorted, and points with significantly
large coordinate differences are excluded. Subsequently, the
Isolation Forest algorithm in [7] is used to cluster the map
points. The clustered map points are then processed using the
convex hull construction method in [8] to obtain a minimal
envelope. The position of the points on the envelope’s surface
relative to the superquadric surface is determined through an
implicit function as follows:

&

F(x,y,2) = ((;)2 + (Lfy)2> + (;)1 =1 (6)

Then, it is only necessary to fit the best shape by minimiz-
ing the sum of squared Euclidean distances between points
and the superquadric surface. Fig.4 illustrates the process of
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Fig. 4. Initialization of Superquadric. The pose parameters are obtained
from semantic information and camera pose, while the shape is obtained by
fitting the minimum convex hull constructed from the map points.

fitting the superquadric surface from map points.
. . 1 2
(A} = argmin Y ||| [H PpA) -1 ()
A('} SpESP

where A, = {ax,ay, a, €, 82} is the parameter set for the su-
perquadric and “p represents a set of points on superquadric
surface. We have already obtained a; earlier, substituting
them into Eq.7 to estimate &;. In Alg.2, we present the entire
process of superquadric initialization.

D. Joint Optimization

We perform joint optimization of map points, map planes,
camera poses, and superquadric landmarks in the local map-
ping thread. The comprehensive optimization function we
have designed is articulated as follows:

{Tk ws Ow, T, Xow }
argmin Zquuperquadrlc (Tk ws QT)
{Tiw-0L}

argminy. frangent (ﬂwa QE;) +
{oll.m}

a}’gmiansuperquadriC (XW, va) + ®)
{05 X}

argmin Zproint (Tk¢W7XW) +

{Tk,w-,Xw}

argmin Zprlane (Tk7W7 m"’)

{Tk,wznw

opt

where Tj ,, is the camera pose of the image frame I, and Q,,
is the parameters of the superquadric. During optimization,
we separate the shape control parameters QF, from the pose
parameters Q. m, represents the plane parameters, and
X,, represents the map points. All these parameters are
represented in the world coordinate system.

The constraint part between map points and the shape of
superquadric in Eq.8 is consistent with Eq.7, while the other
components are explained as follows:

o The constraint between superquadrics in the map and

the detection boxes in frame I;:

T
fsuperquadric (77<,W7Q£) = ||D/?W -1 (Tk,wanC> H%‘,Sq )
T
where D,?W is the detection box associated with Q7 and
N (Tiw, QL) denotes the superquadric QY transformed
into a 2D bounding box through the camera pose 7y ,,.

Algorithm 2 Superquadric Initialization

Input: The corrected detection results {Dy} in frame [; and
map points {X,,}
Output: The pose {T;2} and shapes {Q%} of new con-
structed superquadrics {Q,, }
1: for each D} in {D;} do
2:  //obtain multiple frames of observations
3. Associations{D}, D]} 10U, {Dy 1})
4 Add Di and D] | to {Dy}
5. if {Dy} and {X,,} is sufficient then
6: {m,,} + LineBackPro jection({Dy})
7 //solving parameters using SVD
8 Q! + SolveSuperquadric({m,})
9 7,2 ,Q0a < DecomposeParameters(QY)

10: Add 1,2 to {T,Z}

11: //obtain the set of map points within the box
12: {X\} < MapPointsProjection({X,},D})
13: //map points filtering

14: {Xi} « FilterByCoordinate({Xi I3

15: {X},} « FilterByDepth({X!,},{u}})

16: {Xi} <« FilterByiForest({Xi})

17: O « BuildMinConvexHull({X})

18: QNe « FittingByEuclideanDistance(Q°")
19: Add Q% and Q% to {QA}

20:  end if

21: end for

22: return {{T;2},{0%}}

o The superquadric and the plane are constrained using
the tangent relation:

Srangent (nWan) = ||7RCQ£7IW||%, (10)

o The constraint between map points and feature points:

fpoim (];C7W7XW) = ||Tk7wa ” (11)

where uy, is the feature point coordinate in frame I.
o The constraint between map planes in the map and the
planes extracted from frame I;:

(obs) | |
ment

(obs)

fplane (Tk ws nw) = HTk w Tow — n"k H):plune (12)

where 7 is plane coefficients in frame I.
The joint optimization is performed through g2o.

V. EXPERIMENTS

We conduct a performance evaluation of our proposed
approach on the publicly available TUM RGB-D and Scenes
V2 datasets, including the number and shape of objects
reconstructed in the map and the accuracy of camera lo-
calization. All experiments are performed using an Intel(R)
Core(TM) i7-11700H CPU @ 2.5GHz and 16GB RAM.

A. The Quality of Semantic Map

We use the number of correctly reconstructed objects in
the map as the evaluation criterion. As current open-source
projects still widely use quadrics to represent objects, we
compare with the latest and influential work OA-SLAM
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TABLE 1
NUMBER OF OBJECTS CONSTRUCTED BY SUPERQUADRICS
USING TUM RGB-D AND SCENES V2 SEQUENCES.

Dataset Sequence GT  OA-SLAM [20] Ours  Ours+H

fr1-desk 16 10 12 13

fr1-desk2 17 9 11 15

TUM RGB-D frl-xyz 9 7 6 8
fr2-desk 18 20 11 16

fr3-office 22 41 15 20

scene-01 5 3 3 4

Scenes V2 scene-04 5 4 4 5
scene-07 7 4 3 6

Note: “GT” indicates the ground truth, and “H” indicates human-in-the-
loop semantic refinement.

[20]. To validate our human-in-the-loop semantic refinement
approach and ensure a fair comparison, we uniformly use
the unmodified YOLOvV5 to obtain detection results from
images and compare the data on the same local platform.
The experimental results are shown in Table I. We can
observe that our system demonstrates a significant advantage
in most sequences, especially after incorporating human-in-
the-loop semantic refinement, where the number of correctly
reconstructed objects in the map has increased.

In several sequences of the TUM dataset, our system out-
performs OA-SLAM. OA-SLAM requires the use of quadrics
for relocalization and does not undergo strict optimization
in the system, relying instead on accurate object detection
results. In sequences with more objects, such as fr2-desk
and fr3-office, the untuned YOLOVS algorithm we used
has a higher rate of false detections, leading to duplicated
constructions and misrepresentations in the maps it builds.
With the incorporation of plane constraints in our system,
effective constraints are imposed on the objects in the map.
The data association component also limits the redundant
representation of objects. Therefore, our system performs
significantly better than OA-SLAM in these two sequences.

Additionally, in the two longer sequences, fr2-desk and
fr3-office, there is no violent camera shake or fast angle
change. In this case, it is convenient to calculate the local
homography matrix between image frames, thus expanding
the effectiveness of manual fine-tuning. This is also the
reason our system performs exceptionally well in these two
sequences. In contrast, the presence of rapid changes in the
viewpoint in the frl sequence results in manual correction
results that cannot be accurately associated with the next
frame. Therefore, the performance improvement in the frl
sequence is not as significant as in the other two sequences.

In the Scenes V2 dataset, we disregard objects like sofas
that only appear for a short period and focus only on the
statistical analysis of tabletop objects and adjacent chairs. In
all three sequences, both OA-SLAM and our system success-
fully represent the objects. Furthermore, with the addition of
manual fine-tuning, our system outperforms better.

B. The Quality of Superquadric

Superquadric can control shapes to represent different
objects more precisely. Therefore, the representation of ob-
jects in the map becomes more detailed and distinguishable.

Fig. 5. Object representation. In the middle of each column are the RGB
images of objects. Above are the quadric representations of the objects, and
below are the representations using superquadrics.

Fig. 5 illustrates the representation of objects in different
sequences of two datasets using quadrics and superquadrics.
In addition to representing the position of objects in a
map, superquadric can also represent the boundaries and
orientations of objects. For example, a keyboard and a
book represented by superquadric can directly distinguish
the orientation of the objects. On the other hand, a monitor
represented by an ellipsoid is challenging to differentiate
from other objects with similar volumes. However, when
represented by superquadric, it can be clearly distinguished
in the map even without planar assistance.

C. The Accuracy of Localization

To validate the localization accuracy of our system, we
conduct comparative analyses against ORB-SLAM?2, SP-
SLAM [17], OA-SLAM, and QuadricSLAM [6]. While the
data for QuadricSLAM is extracted from previously pub-
lished papers owing to not being open-source, data for the
remaining systems are reproduced. The experimental findings
are delineated in Table II.

Taking ORB-SLAM?2 as the baseline standard and compar-
ing the performance of these systems, QuadricSLAM has the
poorest performance. This is because quadrics are primarily
used to represent objects, and in terms of optimizing poses,
only unoccluded quadrics can provide effective constraints.
Due to observation limitations and the influence of system
noise, the localization accuracy decreases significantly. OA-
SLAM incorporates data association, allowing for more
constraints during pose optimization. Therefore, compared
with the baseline method, the localization accuracy of OA-
SLAM shows moderate improvement.

Our work outperforms other comparison methods in se-
quences such as frl-desk2, frl-xyz, fr2-desk, and fr3-office.
In addition to plane constraints, we correct semantic infor-
mation using human-in-the-loop refinement, increasing the
number of correctly represented objects in the map. This, in
turn, allows for the construction of more constraints during
pose optimization. However, in the frl-desk sequence, due
to rapid changes in the camera perspective and increased
occlusion on the desk, it is challenging to segment effective
planes. This results in our method not having a competitive
advantage in terms of localization accuracy.
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TABLE I
THE COMPARISON OF LOCALIZATION ACCURACY USING TUM RGB-D SEQUENCES.

Sequence ORB-SLAM2 [1] SP-SLAM [17] QuadricSLAM [6] OA-SLAM [20] Ours Ours+SQ Ours+H
fr1-desk 0.0134 0.0144 0.0632 0.0120 0.0135 0.0131 0.0124
fr1-desk2 0.0207 0.0227 0.0662 0.1296 0.0186 0.0177 0.0173
frl-xyz 0.0083 0.0082 - 0.0082 0.0083 0.0083 0.0079
fr2-desk 0.0106 0.0195 0.0568 0.0096 0.0075 0.0069 0.0059
fr3-office 0.0114 0.0156 0.0765 0.0107 0.0095 0.0090 0.0091
Average 0.0129 0.0161 0.0525 0.0340 0.0115 0.0110 0.0105

Note: “-” indicates that the data is not mentioned in the paper. “Ours” indicates that the plane is added by default, and “SQ” indicates that the

superquadric is added.

VI. CONCLUSION

This paper introduces a novel human-in-the-loop object-
level semantic SLAM called HSS-SLAM. This approach
enables interaction between the user and the system, allowing
for improvements to the semantic information in the global
map through a few operations. We employ superquadric
to alleviate the difficulty in distinguishing objects on the
map. Extensive experiments on public datasets demonstrate
that our proposed method outperforms other state-of-the-art
methods. Future work will focus on integrating human-in-
the-loop refinement with outdoor environments.
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