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Abstract— In this paper, we present a simultaneous explo-
ration and object search framework for the application of
autonomous trolley collection. For environment representation,
a task-oriented environment partitioning algorithm is presented
to extract diverse information for each sub-task. First, LiDAR
data is classified as potential objects, walls, and obstacles after
outlier removal. Segmented point clouds are then transformed
into a hybrid map with the following functional components:
object proposals to avoid missing trolleys during exploration;
room layouts for semantic space segmentation; and polygonal
obstacles containing geometry information for efficient motion
planning. For exploration and simultaneous trolley collection,
we propose an efficient exploration-based object search method.
First, a traveling salesman problem with precedence constraints
(TSP-PC) is formulated by grouping frontiers and object pro-
posals. The next target is selected by prioritizing object search
while avoiding excessive robot backtracking. Then, feasible
trajectories with adequate obstacle clearance are generated by
topological graph search. We validate the proposed framework
through simulations and demonstrate the system with real-
world autonomous trolley collection tasks.

I. INTRODUCTION

Autonomous mobile manipulation robots have been widely
used in domestic and industrial environments to liberate
human resources [1], [2]. With the focus on applications
of collecting trolleys in indoor environments like airports,
our previous work [3], [4] completed the task with prior
knowledge of trolley locations. Building on our earlier ap-
proaches, we propose a simultaneous exploration and object
search framework (shown in Fig. 1), which enables the robot
to autonomously explore the unknown space and complete
the find-and-fetch task as required in practical situations.

Constructed from sensor data, the world representation
determines the environment information that can be provided
for modules like autonomous exploration and motion plan-
ning. However, different information is required to facilitate
each system module. Thus, accomplishing a complex task
involving multiple modules based on one single map form
would be insufficient. To address this issue, we incrementally
partition the environment to form a multi-functional world
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representation. The proposed hybrid map form is composed
of labeled room layouts, object proposals, and polygonal ob-
stacles. Consequently, each module can be fed with adequate
environment information.

For the exploration module, many approaches have been
proposed over the past decades [5], [6], [7]. However, when
robots are placed in scenes with complex floor plans, most
exploration methods result in revisiting certain rooms due to
incomplete previous coverage. This will cause a longer ex-
ploration time, especially when robots need to cross multiple
rooms through narrow doors. Motivated by this, we extract
the LiDAR data belonging to walls to construct room layouts.
This can ensure that the robot completes its exploration of
the current room before moving to another while prioritizing
places of interest using semantic information.

For the object detection module, the problem of incom-
plete camera coverage occurs as a LiDAR sensor is used
for efficient environment exploration. Some trolleys may be
neglected during the exploration due to the limited field of
view of the camera. Therefore, proposals of objects present
outside the camera frustum are generated by locating point
clusters that are similar in shape and size to a trolley.
The remaining points of the LiDAR data are obstacles and
represented as polygons. Following our mapping-planning
framework in [8], the planner utilizes the geometry and
topology information provided by polygons for trajectory
generation.

The contributions of this paper are summarized as follows:
• A novel environment partitioning algorithm, which pro-

vides comprehensive information for all system mod-
ules.

• An exploration-based object search algorithm, which
generates the robot’s next target by comprehensively
considering the spatial distribution of frontiers and
potential objects.

• Simulations and real-world trolley collection tasks are
implemented to validate the proposed framework.

II. RELATED WORK

A. Environment Representation

For the task of robot motion planning, occupancy grid
maps like [9], [10] are commonly used and store the oc-
cupancy probability for inquiry. However, the computational
cost increases exponentially for more precise descriptions.
Moreover, such grids can only provide the information of
occupancy status. Thus high-level information of free space
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Fig. 1. Overview of the proposed simultaneous exploration and object search framework.

and obstacles is necessary to generate feasible trajectories
with greater efficiency. As a compact map form. topological
maps like [11], [12], [13] describe the connectivity of free
space and provide topology information. Although they can
greatly speed up the planning task, they still require offline
calculations using prior knowledge of the environment. Free
space decomposition is also frequently used for convex opti-
mization formulation [14], [15]. In [14], Gao et al. generate
convex polygons as flight corridors instead of axis-aligned
cubes to capture more free space. To approximate obstacles,
polygons and polyhedrons are used in [8], [16], [17] to
extract the distribution and geometry information of obstacles
to facilitate motion planning. For the task of autonomous
exploration, semantic information can significantly reduce
the time cost [18], [19]. A semantic road map is built in
[18] to incorporate the locations of corridors and rooms.
However, such map form is task-specific and the environment
information cannot be generalized among different modules
of a complex mission.

B. Autonomous Exploration

Active object search in unknown environments can be
accelerated using search heuristics [20], [21]. In [20], Kunze
et al. utilize the spatial relationship between objects and
related environment structures for fast visual search. How-
ever, such a spatial relationship is far-fetched in our case,
thus the environment needs to be thoroughly explored to
collect all trolleys. The frontier-based exploration method
is first proposed by Yamauchi et al. in [5]. Defined as
boundaries between the known and unknown space, frontiers
are extracted as targets using the greedy approach. To im-
prove the exploration efficiency, methods presented in [7],
[22], [23] form a Traveling Salesman Problem (TSP) to
select the next target from a large number of frontiers. To
facilitate the exploration in complex indoor environments,
Oßwald et al. speed up the space coverage using room
floor plans in [19]. However, users are required to provide
floor plans in advance, and this is impractical for cases in
unknown environments. As mentioned earlier, incomplete

room coverage during exploration may lead to unnecessary
detours. The solution proposed in [24] mitigates this problem
by applying an incremental map segmentation. However, the
applied image segmentation does not necessarily match the
real room layout. Holz et al. solve this problem by designing
hard constraints for frontier selection using Voronoi graph-
based map segmentation, but its greedy approach results in
suboptimal traversal order [25].

III. TASK-ORIENTED ENVIRONMENT PARTITIONING

In this section, we present the proposed environment
partitioning method and generate a hybrid world represen-
tation M. The environment is divided and transformed into
room layouts Mlayout, polygonal obstacles Mobstacle, and
potential object proposalsMobject to facilitate the execution
of the corresponding sub-tasks. The detailed procedures are
described as follows:

A. Point Cloud Segmentation

We first segment the LiDAR data to extract points belong-
ing to walls and non-architectural parts.

1) LiDAR Data Preprocessing: As described in Alg. 1,
the point cloud P0 is first converted to a range image
Irange, and each pixel stores the distance to the measured
object. Following [26], the angle matrix Mθ is calculated to
describe the tilting angle of the scanned objects. To eliminate
points belonging to the floor and ceiling, we perform a
bidirectional pixel-wise labeling method. Pixels from the
lowest and highest rows are labeled as ground clusters G =
{G1, G2, ..., Gm} and ceiling clusters C = {C1, C2, ..., Cn}.
Then, their neighbors from different rows are labeled using
Breadth-first search (BFS) based on Mθ. To cope with the
possible sudden changes in the floor and ceiling height,
another BFS will start at pixel located at (ri, ci) to generate
a new cluster in function BFSLabel (line 6, line 8) if the
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pixel satisfies:
1 < ri < Irange.rows

θthresh < Mθ(ri, ci) <
π

2
|h(ri, ci)− h(1, ci)| < hthresh

|h(ri, ci)− h(Irange.rows, ci)| < hthresh

(1)

where θthresh is the tilting angle threshold applied in [26],
and hthresh is the maximum allowed height change of the
floor and ceiling. Next, after eliminating clusters not con-
taining enough points, neighboring clusters with sufficiently
small height differences are merged as ground or ceiling. For
algorithm output, the rest of the points are denoted as Penv ,
and the ceiling height is represented as a piecewise constant
function denoted by hceiling .

Algorithm 1: LiDAR Data Preprocessing

1 Input: LiDAR data P0

2 Output: Points for mapping Penv , height of ceiling
hceiling

3 Irange, Mθ ← CreateRangeImage(P0)
4 for c = 1. . . Irange.cols do
5 if ¬ LabeledPixel(1, c) then
6 L ← BFSLabel(1, c, Mθ, G)

7 else if ¬ LabeledPixel(Irange.rows, c) then
8 L ← BFSLabel(Irange.rows, c, Mθ, C)

9 RemoveSmallClusters(L, Irange)
10 hceiling, L ← MergeLabels(Irange, hthresh)
11 Penv ← ToCloud(L, Irange)

2) Walls and Non-Architectural Components Separation:
Then the extracted point set Penv is segmented into Pwalls

and Pnon_arch representing walls and non-architectural com-
ponents. We make three assumptions to identify walls. First,
walls connect the floor and ceiling and are higher than
other components. Second, we assume that walls are the
boundaries of rooms. Third, we assume that all walls are
perpendicular to the floor.

Based on assumption 1, a point with height hi is added
to a set Pcontour if it satisfies:

hi > λ1 · hceiling (2)

where λ1 ∈ (0, 1) and is set to be slightly less than 1. Then
we eliminate points of high non-architectural components
like pillars based on assumption 2. The points in Pcontour

are divided into different layers by height. As shown in Fig.
2(b), in each layer, a polar coordinate system is generated and
the pole O is set as the current LiDAR position. The polar
axis is defined using point A(rmax, 0) with the maximum
radial coordinate. Starting from A, we iterate through all
points counterclockwise. Take Fig. 2(b) for example, points
with angular coordinates α ∈ [αd, αe] are identified as
non-architectural components and removed from Pcontour,
provided the following equations hold:

(a) (b)

Fig. 2. Illustration of the wall points identification (a) The green polygon
and red edges depict the LiDAR coverage area and point cloud distribution,
respectively. The walls (the outermost black edges) are not completely
covered by LiDAR due to the occlusion of obstacles (gray polygons). (b)
A polar coordinate system is built in each layer to divide walls and non-
architectural parts. A,B,C,D,E, F are points of the LiDAR data. Point
A is used to define the polar axis.

{
rc − rd > dthresh

re − rf < −dthresh
(3)

where points C(rc, αc), D(rd, αd), E(re, αe), F (rf , αf ) are
in the same layer and satisfy the condition: αc < αd < αe <
αf . Points C,F are neighbors of points D,E. dthresh is the
threshold to detect abrupt changes in radial coordinates due
to obstacle occlusion.

With the wall locations derived from the set of partial
wall points Pcontour, we then separate the points in Penv

into Pwalls and Pnon_arch to obtain complete descriptions of
walls and non-architectural components based on assumption
3 (shown in Fig. 3). This process takes four steps: In step 1,
points in Pcontour are projected to the floor plane to generate
a binary image Ibinary where white pixels correspond to
wall points. In step 2, Ibinary is blurred and dilated with the
robot’s size to generate a grayscale image Idilate. For step 3,
the polygonal wall contour set Wcontour is extracted using
OpenCV [27] function findContours. In the final step, we
iterate through points in Penv , and a point is added to Pwalls

if its projection lies within a polygon Pi ∈Wcontour. Point
set Pnon_arch = Penv\Pwalls. For Pi ∈ Wcontour we build
a KD-tree that narrows down the checking range to points
whose projections are insideOi, whereOi is the circumcircle
of Pi.

(a) (b)

Fig. 3. Demonstration of the point cloud segmentation of one LiDAR
data frame (a) Black points are extracted based on our assumptions and
represent the upper part of the walls. Blue polygons are their projections.
(b) Walls (blue points) and non-architectural components (green points) are
thoroughly separated using projections of walls.
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B. Room Layout Generation

The room layout Mlayout is composed of a line segment
set Mwall

layout to describe walls and a polygon set Mroom
layout

for room representation. To start with, Pwalls are used to
build a 2D occupancy grid map Mo [9]. At each iteration,
Mo is converted to a grayscale image Igray, which contains
three grayscale values corresponding to the occupied grids,
unoccupied grids, and unknown grids. Contours of Igray
are extracted and denoted as Mcontour. We compare the
vertices of each polygon in Mcontour and Wcontour to find
the modified part ofMo, which is denoted asMdiff . Then,
we apply the room segmentation methods in [28] and [29] to
create the local layout Mlocal

layout from Mdiff . The detailed
process is omitted for brevity. Next, Mlocal

layout is applied
for Mlayout update. We find the association between line
segments in Mwall

layout and Mlocal
layout by measuring their dis-

tance and length to update Mwall
layout. Newly identified walls

are added to Mwall
layout as separate line segments. Similarly,

polygons in Mroom
layout are updated by matching their vertices

with polygons in Mlocal
layout after deleting polygons that are

too small.
In addition, we label each polygon inMroom

layout as "separate
room" or "corridor" to derive more semantic information.
Naturally, corridors are spaces that connect different rooms.
Thus polygons that share edges with more than three other
polygons are regarded as corridors, while the rest are labeled
as "separate room".

C. Object Proposals Generation

For points in Pnon_arch, we project them to the floor to
obtain the polygonal representation Snon_arch by extracting
contours. To improve the efficiency of trolley detection
and avoid missing objects, we iterate through polygons in
Snon_arch and generate object location proposals Mobject.
First, polygons inside the camera frustum are removed from
Snon_arch. Then we traverse Pnon_arch to find points whose
projections lie within a polygon Pj ∈ Snon_arch. Hence for
each polygon from Snon_arch, we can obtain a corresponding
point cluster Cj . Pj is regarded as a potential object and
added to Mobject if it satisfies the following conditions:

sj ∈ (slower
thresh, s

upper
thresh)

vj ∈ (vlower
thresh, v

upper
thresh)

Imax
j /Imid

j ∈ (I lower
thresh1, I

upper
thresh1)

Imid
j /Imin

j ∈ (I lower
thresh2, I

upper
thresh2)

(4)

where sj is the area of Pj , and vj is the volume of the convex
hull generated by Cj . Imax

j , Imid
j , and Imin

j are eigenvalues
of the inertia matrix of Cj , and Imax

j ≥ Imid
j ≥ Imin

j [16].
The above conditions restrict the shape and size of object
proposals to be close to that of a trolley. Finally, polygons
not satisfying Equation (4) are categorized as obstacles and
form Mobstacle.

IV. EXPLORATION-BASED OBJECT SEARCH

In this section, we present the proposed exploration-based
object search algorithm to generate the robot’s next target.

When no trolley is identified by the visual detection module,
a TSP-PC is formulated based on the hybrid map M to
determine the robot’s traversal order of all target positions.
This allows the robot to implicitly switch the current goal
between exploration and trolley collection.

A. Potential Targets Generation

We generate two target sets Texp and Tobj , which are
used to guide the robot to explore unknown places and
approach object proposals for inspection, respectively. We
also define and store the visiting precedence for different
types of targets.

1) Texp Generation: While most frontier-based exploration
methods extract frontiers by finding grids adjacent to neigh-
bors with unknown occupancy status, we can directly obtain
frontiers from Mcontour and Mlayout. The frontier set F is
given by:

F = max{Pk | Pk ∈Mcontour} −Mwall
layout (5)

where Pk is a polygon in Mcontour, and F is a set of
line segments. Then we iterate through F and split the line
segment in half if its length exceeds a predefined value.
Texp is obtained by generating the center point of each line
segment in F .

2) Tobj Generation: The robot is described by a bicycle
model in our case, and its velocity direction needs to head
towards the object proposal for accurate visual detection.
Thus for each object proposal pi ∈ Mobject, a viewpoint
vi is generated at a distance dthresh from ci on the line
segment ciri. ci and ri denote the centroid of pi and the
robot’s current position, respectively. dthresh is calculated
by:

dthresh = λ2 ·min{drange, dciri} (6)

where λ2 ∈ (0, 1), drange and dciri are the camera sensing
range and the distance between ci and ri, respectively. Pair
(ci, vi) is added to Tobj , and vi needs to be updated using
Equation (6) if the robot position changes. ci is utilized for
calculating the traveling cost to other target positions, and vi
is the desired robot position for object proposal inspection.

B. Precedence-Based Targets Grouping

After eliminating the targets located inside the polygon
in Mobstacle, we group the remaining targets based on the
following rules:

• Elements in Tobj stand for the potential demands for
trolley collection, thus they have the highest priority
and are added to a set T1.

• If the room where the robot is currently located is
labeled as "separate room", then the targets in Texp that
lie within this room are added to a set T2.

• For rooms where the robot is not currently present and
labeled as "separate room", the targets in Texp located
in these rooms are added into a set T3.

• Considering that the robot needs to repeatedly pass
through corridors when exploring different rooms, tar-
gets in rooms labeled "corridor" are given the lowest
priority and added to a set T4.
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C. Selection of the Next Target

We formulate a TSP-PC to calculate the next target based
on the aforementioned target grouping. The precedence con-
straint can be described as: For i, j ∈ {1, 2, 3, 4} and i < j,
targets in set Ti must be visited by the robot before the targets
in Tj . The traveling cost between two targets is defined as the
length of a collision-free path, which is generated using the
graph search algorithm. Note that the traveling cost from any
potential target to the current position is assigned to zero to
form a closed-loop tour. Finally, the next target is determined
by solving the TSP-PC using the Lin-Kernighan-Helsgaun
(LKH) heuristic [30].

D. Topological Motion Planning

The planning module contains three main steps and is
based on our previous work [4], [8]. We first generate a
local topological graph [8] in two-dimensional space. During
the graph construction, nodes that are in collision with
polygonal obstacles are updated by moving in the direction
perpendicular to the nearest polygon edge until they stay
outside the polygon and maintain enough obstacle clearance.
Then we choose the shortest topological path to implement
the segmented graph search. In this paper, the Hybrid A*
algorithm [32] is used to generate dynamically feasible safe
paths. Finally, the executed trajectory is obtained by solving
a nonlinear model predictive control (NMPC) problem [4]
using waypoints extracted from the previously calculated
path.

Considering that in some cases the distance between the
current robot location and the next target is overly short for
topological graph construction, especially when the next tar-
get is a viewpoint for object proposal inspection. Therefore,
we skip the first step and start directly from the graph search
on these occasions.

V. EXPERIMENTAL RESULTS AND ANALYSIS

A. Mapping Algorithm Validation

We first analyze the proposed mapping method using our
customized mobile robot (shown in Fig. 4(a)). The point
cloud is generated by the mounted Ouster OS1 LiDAR
sensor with a vertical and horizontal angular coverage of
90◦ and 360◦. We use FAST-LIO [31] to provide odometry
information. All algorithms are implemented in C++ and
integrated through Robot Operating System (ROS). The
experiments are conducted by the onboard Intel NUC (specs:
Core i7-1165G7 CPU@4.70GHz, 32GB RAM).

Mapping parameters are set as Table I, where Ithresh1,
Ithresh2, vthresh, sthresh are selected to better approximate
the size and shape of a trolley (shown in Fig. 4(b)).

TABLE I
PARAMETERS FOR ENVIRONMENT REPRESENTATION

Parameter Value Parameter Value
θthresh 6◦ λ1, λ2 0.8
dthresh 1.0 m sthresh [0.25 m2, 0.5 m2]
Ithresh1 [1.0, 1.5] Ithresh2 [1.0, 1.5]
vthresh [0.25 m3, 0.5 m3] hthresh 0.5 m

(a) (b)

Fig. 4. (a) Hardware setting of our customized robot. (b) The trolley used
in our find-and-fetch experiment.

It takes three main steps to transform the LiDAR data into
the hybrid map demonstrated in Fig. 1, and the computational
time of each step is presented in Table II. We run 20 tests
in three environments with different numbers of obstacles
and trolleys, and the average time costs for each step are
calculated as results. The total time cost proves that the robot
can update the hybrid map with a frequency over 18 Hz in
indoor environments with dense obstacles, which implies a
sufficiently low latency.

TABLE II
HYBRID MAP CONSTRUCTION RUN TIME

Penv Point Number
/Polygon Number

Total Point Cloud Layout Object
Time Segmentation Update Identification
(ms) (ms) (ms) (ms)

5384/6 33.78 8.39 25.12 0.27
7047/10 45.14 10.82 33.93 0.39
10305/15 54.19 13.22 40.45 0.52

(a) (b)

Fig. 5. Gazebo simulation environments (a) The small simulation environ-
ment with the size of 20 m × 20 m. (b) The large simulation environment
with the size of 40 m × 100 m.

B. Autonomous Exploration Algorithm Validation

Then, we validate our autonomous exploration algorithm
in simulations. The procedure of object proposal generation
is skipped to better compare the performance of the proposed
frontier selection method. All simulations are conducted on
a laptop with an Intel Core i5-11400H processor. As shown
in Fig. 5, we generate two indoor environments with sizes
of 20 m × 20 m and 40 m × 100 m for robot exploration.
The maximum velocity and LiDAR sensing range are set
to be 1.5 m/s and 10 m, respectively. The generated room
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layouts with semantic labels of two simulation environments
are presented in Fig. 6(a), and the traveled trajectories are
shown in Fig. 6(b). We compare our exploration method with
the classic frontier-based exploration algorithm [5], FAEL
planner [7], and the segmentation-based greedy approach
(denoted as seg-based) [25]. Each method is simulated 20
times in both environments, and the average exploration
efficiency is demonstrated in Fig. 7. The result shows that our
method outperforms other benchmarks in both environments.
Although FAEL planner [7] achieves the highest coverage
rate at the beginning, detours caused by constantly revisiting
the incompletely explored rooms decrease the exploration
speed. In addition, the segmentation-based approach [25]
reduces the exploration time in both environments compared
to the classic frontier-based algorithm [5], which proves the
effectiveness of utilizing room layout information.

(a) (b)

Fig. 6. Autonomous exploration in two simulation environments (a) The
constructed layouts with semantic labels. (b) Traveled trajectories in two
environments.

(a) (b)

Fig. 7. The comparison of the percentage map coverage against time.
(a) The result of simulations in the small environment. (b) The result of
simulations in the large environment.

C. Real-World Trolley Collection Task Demonstration

Finally, we validate the proposed framework in a real-
world autonomous trolley collection task. Starting from
the trolley returning spot, the robot is required to fetch
all trolleys while exploring the previously unknown indoor
environment. As shown in Fig. 8, when object proposals are
generated during exploration, the robot will proceed toward
the selected proposal for inspection. The robot will further
approach the object for collection if it is confirmed to be
a trolley by the visual detection module. After successfully
capturing and returning the trolley, the robot then continues

Fig. 8. Snapshots of the robot (in white circle) conducting the real-world
trolley (in red circle) collection task.

Fig. 9. The object proposal (in yellow circle) is generated to facilitate
the visual detection when the trolley (in red circle) is outside the camera
frustum.

to explore the remaining unknown space. The above process
terminates when the exploration is finished.

In our experiments, trolleys are randomly placed during
exploration. As shown in Fig. 9, restricted by the robot’s
current pose, the trolley can not be detected by the camera
mounted on the front of the robot. There is no guarantee
that the robot will revisit this place later with the desired
pose, thus this trolley may not be collected until the task
terminates. Such situations verify the necessity of generating
object proposals using LiDAR data.

VI. CONCLUSIONS

In this paper, we propose a novel simultaneous explo-
ration and object search framework for autonomous trolley
collection in unknown environments. To extract adequate
environment information from the sensor data, the LiDAR
point cloud is transformed into a hybrid world representation.
Composed of room layouts with semantic information, object
proposals, and polygonal obstacles, the hybrid map can
greatly facilitate the task of autonomous exploration, object
search, and motion planning. To generate the robot’s next
target, the goal of exploration and trolley collection are both
considered by forming a TSP-PC, while the object propos-
als are prioritized for more efficient trolley collection. We
demonstrate the proposed framework in both simulation and
real-world environments. The experimental results demon-
strate that our method outperforms the selected benchmarks
and is robust enough for real-world task implementations.
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