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Abstract— This paper discusses the creation of a map of multi-
floor buildings using elevators in autonomous and manual driving
modes. Two disadvantages of existing Simultaneous Localization
And Mapping (SLAM) algorithms are inability to detect elevation
change and drift inside reflective environments such as many
modern elevators. Therefore, we integrate the LeGO-LOAM
SLAM algorithm with air pressure data collected by a barometric
pressure sensor to create a map of a multi-story building in real-
time without losing track of robot’s movement inside an elevator.
To achieve this, we developed an elevator detection module to
detect elevators using a depth camera and locate them in floor
maps. In autonomous driving mode, after exploring and mapping
one floor, the robot autonomously navigates to the detected
elevator, takes it to another floor, and starts mapping the new floor
without losing track of the robot’s position despite sudden changes
in the environment during this process. The manual driving mode
is subsequently added to evaluate the performance of the system
and the accuracy of the generated map. The experimental results
show that the proposed algorithm is capable of mapping multiple
floors autonomously and manually with minimal drift.

I. INTRODUCTION

SLAM techniques build 2D or 3D maps of unknown en-
vironments while keeping track of the robot’s position in
real-time. In literature, there are many accurate methods pro-
posed for single floor mapping and exploration. However,
autonomous exploration and mapping across multiple floors of
a building require consistent environments or multiple robots.
Abrupt changes in environments, caused by events such as
closing doors or taking elevators, can result in losing track of
the robot’s pose and producing inaccurate maps.

Multi-floor mapping and navigation have been investigated
in several papers previously. In some studies, maps of multi-
floor buildings are created offline by mapping each floor
separately and combining them. To create a map of a building,
Ozkil et al. [1] recorded data of a 2D lidar sensor and a
barometer while a robot moves on the different floors of a
building. Later, the data from each floor were extracted based
on the air pressure data and the map of each floor were
generated separately. Similarly, map of all floors were created
separately and aligned based on the similarities between them
in Kang et al. [2]. Fan et al. [3] generated map of a multi-story
building in two steps. First, 2D maps of all floors were created
using the Gmapping SLAM algorithm [4]. Then, while the
robot navigated in the same places, a kinect camera recorded
3D colored images of the environment, combined them and
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aligned all the maps using barometer data. In Zhang et al. [5],
a map of a multi-floor building was generated by a portable
multi-sensor backpack using staircases as transit. Maurice et
al. [6] proposed an algorithm to generate sub-maps of different
floors and match them offline. Syed et al. [7] developed a
method to localize a robot in staircases, and then created and
aligned the staircases’ map with maps of different floors.

In another category of papers, a robot navigates between
different floors given pre-generated maps of all the floors. A
human aware algorithm is proposed by Want et al. [8] in order
to take elevators safely while navigating between floors of a
building. Wen-Hsin et al. [9] trained a convolutional neural
network to recognize floors and use the current floor’s pre-
generated map for navigating across the floor.

Other papers proposed to localize and navigate pedestrians
between floors utilizing and combining algorithms such as
motion detectors, dead reckoning systems and WiFi based
positioning methods [10], [11], [12]. An automated elevator
operator robot is presented by Abdulla et al. [13] where a
barometer and a sonar sensor were used to detect the floor
number and door state.

In a nutshell, each of the previous works took a different
approach to create or use a map of a multi-floor building. Maps
of all floors were either generated separately before navigating
through the floors, generated and aligned offline, or created
in real-time using stair cases. In addition, the previous papers
did not use an elevator as transit during the real-time mapping
process. In contrast, our goal is to explore and create maps
of multi-floor buildings using elevators in real-time, without
post-processing of previously generated maps.

In this paper, we propose an algorithm to create a map of a
multi-floor building in autonomous and manual driving modes.
In the autonomous driving mode, our robot explores and maps
unknown places in one floor of the building. Meanwhile, an
elevator detection module runs continuously to find elevators
on the current floor. If it detects one, it will calculate the
elevator’s position and mark it on the map. After exploring
and mapping the entire floor, a high level controller module
navigates the robot toward the elevator for transition to another
floor. When the elevator’s door opens, the robot moves into the
elevator and waits for elevator to move to the next floor. The
SLAM module pauses updating the map while the robot is
waiting inside the elevator and resumes when the robot leaves
the elevator on a new floor. The elevation between the floors
is calculated based on the air pressure change captured by a
barometric pressure sensor.

Many modern elevators are reflective and lidar sensors do
not work well inside nor in front of the elevators. Therefore,
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we equipped the robot with two ultrasonic sensors to detect an
elevator’s door state, facing forward and backward to detect
front and rear objects. The sensors detect the door’s state by
measuring distance to the door while the robot waits for the
elevator’s door to open or close. Again, the reason for using
them instead of a lidar sensor is due to highly reflective surface
of modern elevator doors and their inside area. The reflection
adds significant noise to the lidar sensor data. For the same
reason, our algorithm ignores the false signals and noises while
the robot is going in and out of the elevator.

In the manual driving mode, a user manually navigates the
robot to create map of the multi-floor building. We used this
mode to evaluate the performance of the developed modules
and accuracy of the created multi-floor map. This mode is
explained in details in Section IV.

The contributions of this paper are as follows:
1) We developed an online multi-floor mapping algorithm

using an elevator without losing track of the robot.
Unlike existing state-of-the-art methods, all floor maps
are generated and aligned together in real-time. The
algorithm can be utilized in two modes: autonomous and
manual driving.

2) We improved the LeGO-LOAM SLAM algorithm [14]
by fusing it with barometric pressure sensor data to
detect the elevation change without causing drift while
taking elevators.

3) The improved SLAM module filters a significant amount
of lidar signals reflected from the elevator’s surface while
taking it to mitigate the adverse effects of the reflective
environment to improve mapping and localization accu-
racy.

4) Data from lidar, camera, IMU (inertial measurement
unit) and ultrasonic sensors are fused to explore, detect
and use elevators for multi-floor mapping in real-time.

II. PRELIMINARIES

In this paper, we propose an algorithm for mapping and
exploration of multi-floor buildings by taking elevators as
transit autonomously or manually. For this purpose, we utilized
the well-known and widely-used RRT-exploration [15] to ex-
plore unknown environments of each floor. During exploration,
LeGO-LOAM [14] is used for estimating a robot’s trajectory
and creating map of each floor. LeGO-LOAM is a lightweight
and ground-optimized lidar odometry and mapping method that
creates 3D map of environments and estimates the robot’s six
degree-of-freedom pose (tx, ty, tz, θroll, θpitch, θyaw), in which
t and θ represent translational and rotational components,
respectively. This method segments the ground points to cal-
culate (tz, θroll, θpitch]) and then performs feature extraction
on remaining points to obtain (tx, ty, θyaw). Moreover, a
loop closure method is used to reduce any possible motion
estimation drift. LeGO-LOAM performs the mapping and pose
estimation in different terrains with high accuracy. However,
the algorithm cannot detect elevation while the robot is taking
an elevator in a multi-floor building. In order to illustrate

this, a pilot experiment was performed to evaluate LeGO-
LOAM’s mapping and robot tracking performance while taking
elevators. In this experiment, we directly used the LeGO-
LOAM SLAM algorithm without making any modifications.
First, the robot started mapping one floor of a multi-floor
building, and then we navigated the robot manually, toward
the elevator and took it to the next floor up. During the entire
period, LeGO-LOAM attempted to continually track the robot’s
position and generate a map. Figure. 1 shows the generated
map and estimated robot’s trajectory. The two floor maps are
generated on top of each other without any elevation differ-
ence. Moreover, LeGO-LOAM’s generated trajectory and map
drifted significantly due to two reasons; (i) the abrupt change
in the robot’s surrounding environment after the elevator door
closure and (ii) the reflection of the elevator’s walls. Inside
the elevator, the robot stayed stationary while waiting to reach
the upper floor. However, LeGO-LOAM’s generated trajectory
shows movement inside the elevator. This false horizontal
movement, shown inside the red circle in Fig. 1 is redundant
and represents the drift. The rainbow coloured squares in the
figure show the robot’s trajectory, which starts from the purple
square on the first floor and ends with the red square on the
second floor on the building. The two points would line up with
each other without the drift inside the elevator. In summary,
LeGO-LOAM – or any other existing method – alone cannot
perform multi-floor mapping via elevators without of elevation
detection and drifts during the process of entering, taking, and
exiting elevators.

In order to generate 2D occupancy maps from 3D point
cloud, an Octomap-server [16] is used. In addition, we used
a YOLOv3 [17] convolutional neural network (CNN) model
to detect elevator doors from images captured by a ZED2
camera and the Darknet-ROS [18] package which publishes
the detected objects by YOLOv3 to ROS.

The test platform is a Turtlebot2 robot equipped with an
Ouster 3D lidar with 16 channels, ZED2 stereo camera, XSens

Fig. 1: LeGO-LOAM’s generated map and the robot trajectory
before implementing our algorithm. The map generation is
started from a point on one floor and ended on the same vertical
point on the next floor. The rainbow colored squares show
robot’s motion during the test, which starts from the purple
square and finishes at the red one. The red circle shows drift
and error in robot trajectory estimation
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IMU and two ultrasonic sensors. The computer hardware was
Core i7 CPU @2.60GHz and RTX 2070 GPU, running ROS
Melodic on Ubuntu 18.04. The robot equipped with the sensors
is shown in Fig. 2.

III. THE METHODOLOGY

The proposed algorithm for exploration and mapping of
multi-floor buildings via elevators, in both autonomous and
manual driving modes, consists of SLAM, elevator detection
and high level controller modules. The LeGO-LOAM is se-
lected to be the base SLAM algorithm due to its robustness
and accuracy of single floor mapping. To adapt the LeGO-
LOAM algorithm for multiple floor mapping, the algorithm
is modified and integrated with barometric pressure data to
detect elevation. LeGO-LOAM’s generated map is fed into
the Octomap-server to obtain a 2D projected map of each
floor. Only in the autonomous driving mode, the maps are then
used by the exploration algorithm to find the frontiers between
known and unknown areas and navigates the robot to explore
unknown places.

A. High level controller

The main function of the high level controller module is to
navigate the robot during the process of entering, taking and
exiting the elevator. During mapping of one floor of a multi-
floor building, the elevator detection module attempts to find
elevators in the current floor, and calculate and mark their pose
(position and orientation) on the map. Once the robot finishes
mapping the floor, the controller module navigates the robot
to take the detected elevator. While the robot is in front of the
elevator, the ultrasonic sensor facing forward measures distance
to the elevator’s door to detect its state (open or close). Once
the door is open, the controller moves the robot inside the
elevator and waits to arrive at another floor. Next, the module
detects the door’s state again using the ultrasonic sensor that
is facing backward. Finally, the controller navigates the robot
outside of the elevator and commands the SLAM module to
calculate the vertical transition and update the map and robot’s
trajectory based on the barometric data. Figure. 3 illustrates
the workflow of the controller, SLAM and elevator detection
modules.

Fig. 2: Turtlebot2 robot used to test the developed algorithm
with mounted lidar, IMU, camera and ultrasonic sensors

Fig. 3: Workflow of the three modules: controller, SLAM and
elevator detector

Moreover, the controller is responsible for saving each
floor’s 2D map and creating a 2D map of the next floor. The
exploration module uses the new 2D map to explore unknown
environments in the new floor. At the end of each floor’s
mapping, the controller resets all the parameters and gets ready
for exploring other new floors.

B. Elevator detection

While the robot is exploring and creating map of a floor,
the elevator detection module continuously looks for elevators
so that an elevator’s location can be pinned on the map. This
allows the robot to use the elevator for transitioning to other
floors after mapping of the current floor is finished.

In this work, we employed a Convolutional Neural Network
(CNN) based model, You Only Look Once (YOLOv3) [17], to
detect the elevator doors. The YOLOv3 was chosen for its high
inference speed as well as high accuracy, which is necessary
since several modules are running in parallel. Other neural
network models such as Faster-RCNN [19] would perform at
a lower speed, which may result in not finding the elevator
or reducing the performance of other parallel algorithms. The
YOLO neural network model applies a single neural network
to the full image to extract the image features; and then
divides the image into several regions and predicts location
of bounding boxes, object’s label and their probabilities for
each region.

To the best of our knowledge, there are no reliable off-
the-shelf elevator detection neural network models. To adapt
YOLOv3 for the purpose of elevator detection, we first hand-
labeled multiple elevator door images found from the Internet
and recorded videos of modern standard elevator doors. Then,
we trained the YOLOv3 model on the COCO 2017 dataset
with almost 117,000 images of 80 categories of objects and
added more than 1500 extra labeled images of elevator doors
to the dataset. Also, darknet-ros [18] package was utilized to
publish objects detected by YOLOv3, ROS.

An issue that might happen while robot is moving in new
area is that the camera may not be looking directly at the
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elevator door from its front view. This can cause difficulty for
the CNN model to detect the elevator door. In order to solve
this problem, a part of the added labeled dataset was dedicated
to images with elevator doors in angled views. Therefore, when
the robot passes by an elevator, it can still be detected and store
its location in the map for transition to the next floor after the
exploration. As it is shown in Fig. 4, the trained YOLO model
adds a bounding box around the detected elevator and outputs
the bounding box’s position (x min, y min, width, height of
the bounding box).

To calculate the detected elevator’s pose, we used two differ-
ent methods. If the robot detects the elevator for the first time,
the elevator’s pose is calculated based on the camera’s depth
data. However, once the robot is about to take the elevator, a
triangulation method is used to achieve more accurate pose of
the elevator.

In order to find the elevator’s pose using the camera’s depth
data, positions of the vertical edges of the bounding box are
needed. The ZED2 camera’s rectified field of view (FOV)
is 110x70 degrees and the image resolution is 1024x720.
Therefore, the X value of each edge could be in a range
between [0,1023]. If the X value is zero, then the corresponding
edge is located at the far left end of the FOV (-55 degrees).
In the same way, the two vertical lines of the bounding box
correspond to the two angles in the FOV as shown in Fig. 4.

After finding the angle of each bounding box’s vertical line
in the FOV, one point on each line located on a horizontal
plane with the camera (two red squares in Fig. 4) was chosen
to represent each bounding box’s vertical line. Then, we used
the depth data provided by the camera to find the distance of
each point to the camera frame. Also, due to inaccuracies in
the provided depth data, mean of depth values of the neighbour
pixels is considered as the distance to the camera. The pose of
each vertical line in the camera frame can be calculated from:

Fig. 4: The detected elevator and the angle of each line of the
bounding box in the camera’s FOV. θi is the angle of each line
of the bounding box with respect to the camera frame

[
Xbi

Ybi

]
= di

[
cos(θi)
sin(θi)

]
, i ∈ [1, 2] (1)

where θi and di represent the angle in the FOV for each
bounding box’s vertical line and the depth value provided by
the camera, respectively. (Xbi, Ybi) is the position of each point
with respect to the camera, where the i denotes the vertical
edge number. The position of the points in the map coordinate
frame are calculated using:

[
Pxi

Pyi

]
=

[
cos(θyaw) − sin(θyaw)
sin(θyaw) cos(θyaw)

] [
Xbi

Ybi

]
+

[
Xr

Yr

]
(2)

Equation (2) projects the (Xbi , Ybi) values calculated in Eq. (1)
to the map frame. Here, θyaw and (Xr , Yr) are the yaw angle
and 2D position of the robot in the map frame, respectively.
In addition, (Pxi , Pyi) is the position of the points on the
vertical edges (the red squares in Fig. 4) on the map.

Due to the noise in the camera depth data, the calculated
elevator pose can be inaccurate. Therefore, we implemented
a triangulation method [20] to achieve precise location of the
elevator. We used two images the camera captures from its left
and right lenses. After extracting features from each image and
matching them, the triangulation is used to find 3D position of
each feature. This method forms a triangle from out-coming
lines connecting the camera lens’ focal point to each pair of
matched features. The ORB features [21] are extracted from
each image and BFMatcher [22] was utilized to find matching
features. Figure 5 shows some of the matched features between
the left and right images. Knowing the distance between
the camera’s lenses, the 3D position of each feature can be
calculated, which is then used to find the elevator’s pose
afterwards.

In a nutshell, the algorithm estimates the elevator’s pose
twice. When the elevator detection module detects an elevator
for the first time, it calculates its pose using the camera’s depth
signals and marks it on the map represented by two points
showing its location and angle. Although the first estimation
is not accurate, it gives an approximate pose of the elevator
and leads the robot to a point in front of the elevator. The
pose estimation using triangulation with the camera’s lenses is

Fig. 5: Some of the best matched features extracted from the
camera’s left and right images
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accurate for short distances. Therefore, when the robot is in
front of the elevator, the module calculates elevator’s accurate
pose using the triangulation method. Figure 8 in Sec. IV-B
shows the results of elevator pose calculation in a real world
experiment.

Next, these recalculated points are used in the SLAM
module for angle limiting purposes. By comparing the robot’s
pose with the elevator pose while moving inside the elevator,
the lidar sensor’s signal can be segmented to “elevator“ and
“outside“ as illustrated in Fig. 7; and the lidar data for the
elevator inside is then ignored as it is affected by the high
level of reflection.

C. SLAM module

As mentioned previously, the performance of LeGO-LOAM
deteriorates when an abrupt change happens in the environment
such as moving inside elevators. This is because, similar to
other SLAM methods, LeGO-LOAM needs consecutive sensor
signals to match the lidar sensor’s scans and perform pose
estimation. Therefore, when the robot takes the elevator and the
elevator’s door closes, LeGO-LOAM cannot match lidar’s new
signals with previous signals and loses the track. Moreover, the
SLAM algorithm does not detect the elevation change when
taking the elevator due to the lack of change in the surrounding
environment inside the elevator. Also, the reflective surfaces
inside the elevator misleads the SLAM module due to an
extensive amount of lidar sensor noise. Therefore, we made
two modification to the LeGO-LOAM SLAM algorithm. First,
barometric data is fused with lidar sensor data to detect the
elevation. Second, the lidar sensor’s data is limited not to
receive data from inside the elevator.

1) Barometric data fusion: Since LeGO-LOAM is not capa-
ble of detecting elevation inside the elevator, we modified it to
calculate vertical translation based on barometric pressure data.
When the robot is inside the elevator, the SLAM module pauses
updating tx, ty, θroll, θpitch, θyaw and only updates tz based on
the barometric pressure data instead of the lidar signals. As it
is shown in Fig. 6, the raw barometric pressure data is noisy
and needs to be smoothed. For this purpose, we employed a
sliding window to calculate mean value of last 30 signals at
each time step. The cyan and blue lines in Fig. 6 show the raw
and smoothed data, respectively.

We assumed the temperature between all floors of the
buildings are constant and the elevation is only a function
of barometric pressure difference between two floors. As it is
illustrated in Fig. 6, the pressure difference between the floors
is about 50 Pascals. When the robot take the elevator to a
new floor, the SLAM module calculates the elevation based on
the smoothed barometric pressure data and updates the tz just
before leaving the elevator and resuming the map generation
using lidar on the new floor. The vertical translation between
the two floors is calculated by the following equation which is
derived from the ideal gas law:

z =
T0

L

(
P2

P1

−LR
g

− 1

)
(3)

Fig. 6: A sample of raw barometric pressure data versus
smoothed data as the robot moves to the next floor inside an
elevator. The SLAM module uses the pressure data to calculate
the elevation.

in which P1 and P2 represent the pressure at current and next
floor, T0 = 295 (K) is the room temperature, L = 6.5103
(K/m) is the atmospheric lapse rate, R = 287.053 J/(kg·K)
represents the specific gas constant and g = 9.81 (m/s2) is the
acceleration due to gravity.

2) Lidar data limitation: As another modification to LeGO-
LOAM, we limited the lidar sensor’s signal received when the
robot is entering the elevator. Due to the high reflection of the
elevators’ door and inside area, the lidar sensor detects false
and unreliable information and causes considerable mapping
and pose estimation error. Therefore, as it is shown in Fig. 7,
when the robot is about to take the elevator, the module relies
on the signals that come from outside of the elevator mostly
and ignores most of the signals that are received from inside.
However, since the SLAM module needs sufficient amount of
data to estimate the robot’s pose accurately, it is not possible
to completely ignore the unreliable data obtained as the robot
leaves the elevator.

Since autonomous exploration algorithm needs a 2D occu-
pancy map, we used the Octomap-server algorithm to project
the SLAM module’s 3D output map to 2D and generate
a 2D occupancy map of the environment. For autonomous
exploration, the RRT-exploration algorithm was used to find the

Fig. 7: Considered lidar’s signal while the robot is moving
inside the elevator. The SLAM module ignores inaccurate data
from inside of the elevator and only considers the data captured
from outside, shown with a curved arrow.
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boundaries between known and unknown environments based
on multiple rapidly exploring random trees. The growing trees
search for the boundary points inside the specified region and
make the robot move toward the points. Meanwhile, the SLAM
module scans new places and updates the map.

IV. EXPERIMENTS

In order to evaluate the performance of all the modules, we
conducted four real world experiments in the Technology Sci-
ence Complex 1 (TASC1) building of Simon Fraser University.
In the first experiment, two floors of the TASC1 building are
explored and mapped. The elevator detection module and the
accuracy of the generated map are evaluated in the second and
third experiments, respectively. In the last experiment, a map of
the entire three-floor TASC1 building is generated to show the
complete performance of our multi-floor mapping algorithm.
A list of video demonstrations of generating the map of the
multi-floor building in autonomous and manual driving modes
can be found on YouTube1.

A. Autonomous mapping and exploration

The general idea of the main algorithm developed in this
paper is to autonomously explore and generate a map of a
multi-floor building in real-time. Therefore, to evaluate the
performance of all the modules, the robot was placed on the
first floor of the TASC1 building and an unmapped region of
interest was selected. The robot first used the SLAM module to
explore and map this region. Meanwhile, the elevator detection
module found an elevator on the floor, calculated its position
and marked it on the map. After exploring and mapping the
region of interest, the controller navigated the robot toward
a point in front of the elevator and the elevator detection
module recalculated the elevator’s pose using the triangulation
method described in Sec. III-B. Next, the controller navigated
the robot inside the elevator and the SLAM module resumed
the mapping and exploration after the elevation reached a new
floor. Finally, the process of autonomous mapping of the multi-
floor building is shown in the playlist1.

B. Elevator detection performance

As described in Sec. III-B, the elevator detection module
is responsible for detecting elevators and calculating their
pose, twice: (i) when the elevator is seen for the first time,
the elevator’s pose is found using the camera’s depth signals
and (ii) after the robot is navigated to a point close to the
elevator, the accurate pose is calculated using the triangulation
method. Figure. 8 shows the results of the three performed
experiments to evaluate the elevator detection module. Each
row in the figure represents each experiment that started in
different positions relative to the elevator. The left and right
images are the results of pose calculation using the camera’s
depth data and triangulation, respectively. The actual position
of the elevator is shown with the dashed yellow rectangle on
each image. The module marks the left and right extents of

1https://www.youtube.com/playlist?list=PLMSLU9mHe0DnOE7V5803s5V
Vt0u7Psh6E

Fig. 8: Results of three experiments to evaluate elevator de-
tection module. Each row shows results of each experiment
started from different points. The left and right images are
the results of pose calculation using the camera’s depth data
and triangulation method, respectively, and the dashed yellow
rectangle is actual position of elevator. Two red squares on the
maps show the left and right extents of the elevator and two
blue squares define the robot goal points inside and in front of
the elevator. The robot’s trajectory is shown with green squares
on each figure.

the elevator with two red squares on the map, to help the
controller, two blue squares define points inside and in front of
the elevator. The robot’s trajectory is shown with green squares
on each figure. The results show, although the pose calculation
using the camera depth signals (the left figures in Fig. 8) is
not accurate, it helps the controller to navigate the robot to a
point close to the elevator. From there, the triangulation method
(right figures in Fig. 8) is then able to calculate the accurate
pose of the elevator which is necessary for taking the elevator
and navigating to another floor autonomously.

C. Multi-floor mapping accuracy

In order to evaluate the accuracy of the multi-floor mapping
and robot localization, the algorithm is tested in the man-
ual driving mode. In this mode, all three modules (i.e. the
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controller, SLAM and elevator detector) were running except
autonomous exploration. An experiment was conducted to
drive the robot through some pre-defined points on two floors
of the multi-floor building, while the SLAM module generates
the map and estimates the robot’s trajectory. The purpose of
this experiment is to compare the SLAM module’s estimated
robot’s location at each point with the actual location of the
points to evaluate the accuracy of the developed method after
taking the elevator. In this experiment, four points are defined
and marked on the ground of each floor. The points are chosen
in a way to move the robot in the X and Y directions in both
floors. The position of each point is known and presented in
the second column of Table I as the ground-truth.

Figure. 9 represents the schematic floor plan and the marked
ground truth points. Since both floor plans are similar, we could
mark the points with the same X and Y but different Z values.
For instance, if we assume P1 in the first floor is located at
(0, 0, 0), and the floor height difference is 4.7 meters, then the
corresponding P1 point in the second floor has the coordinates
of (0, 0, 4.7).

Next, we started the algorithm in the manual driving mode
after placing the robot at P1 on the first floor, with the SLAM
module’s global frame (shown in Fig. 9) located at this point.
Then, the robot is driven to P2, P3 and P4 on the same floor,
moved inside the elevator and is driven to points P1, P2, P3 and
P4 on the second floor. Whenever the robot stopped on each
of the eight points, the robot’s estimated pose was recorded
as presented in Table I. The third and forth columns of Table
I show the estimated robot pose on the points of each floor.
Taking account of the human error in driving the robot to the
pre-defined points manually, the results show approximately 16
and 25 mm average root mean square error on first and second

TABLE I: The actual location of the four marked points and
the SLAM module’s estimated robot’s location

Points Ground Truth
(m) First Floor (m) Second Floor (m)

P1 (0, 0, 0 /4.7) (0, 0, 0) (0.21, -0.19, 4.95)
P2 (6, -2, 0 /4.7) (6.07, -1.8, -0.05) (6.2, -1.98, 4.94)
P3 (6, -12, 0 /4.7) (6.05, -12, -0.1) (5.97, -12.02, 4.78)
P4 (0.7, -12, 0 /4.7) (0.8, -12.05, -0.01) (0.72, -11.98, 4.81)

Fig. 9: Floor plan of TASC1 building where experiments are
conducted and the marked ground truth points at each floor

Fig. 10: The top-view of the generated map and the robot’s
trajectory. The white and red points represent robot’s location
on first and second floor, respectively

floor, respectively, between the SLAM module’s robot position
and the ground-truth. Therefore, we can conclude the proposed
algorithm is able to create map of a multi-floor building with
hardly any drift caused by floor transitions. The top-view of the
generated map of the two-floor is presented in Fig. 10 (top).
The robot’s trajectory for the first and second floor is illustrated
with white and red points, respectively.

D. Three-floor mapping

The proposed algorithm is capable of generating map of
more than two floors in real-time. Once the robot leaves an el-
evator and starts creating the map of a new floor, the controller
module resets its parameters and the elevator detection module
attempts to find any other possible elevators. Therefore, we
conducted another experiment in order to generate the maps
of three floors of the same building. Figure 11 represents
the generated map of the three-floor TASC1 building from
the perspective (left) and top-down (right) views. The robot’s
trajectory is shown with white, pink and red spheres for
the first, second and third floor, respectively. The algorithm
resumes the mapping of the each floor in real-time, without
having any significant misalignment.

V. CONCLUSION

In this project, we proposed an algorithm to explore and
create map of a multi-floor building in autonomous and manual
driving modes. The RRT-exploration is used for autonomous
exploration and LeGO-LOAM is used for mapping and lo-
calization of the robot in a single floor. While the robot is
exploring and generating the map of a floor in a multi-story
building, the elevator detection module attempts to find an

320



Fig. 11: The generated map of a three-floor building on perspective (left) and top-down (right) views. White, pink and red
spheres shows the robot’s trajectory on the first, second and third floors, respectively

elevator on the current floor and stores its location in the
floor’s map. In order to detect elevators, a YOLOv3 CNN
model was trained with COCO dataset by adding an extra
labeled elevator dataset. In addition, a controller module is
proposed to manage all other modules and navigate the robot
through the building’s floors. After creating map of each floor,
the controller module navigates the robot inside the elevator.
Since the SLAM algorithm is not capable of detecting elevation
while the robot is inside an elevator, we have integrated pose
estimation of the SLAM algorithm with barometer sensor data.
After elevation, the SLAM module updates the pose based on
changes in the pressure data and resumes the mapping on the
next floor. The experimental results showed the implemented
modules can work along-side each other, and successfully
create the map of a multi-floor building and track the robot’s
movement without significant position errors.
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