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Abstract— We propose an approach enabling an Unmanned
Aerial Vehicle (UAV) to autonomously enter a target building
through an open window. We use a fusion of depth camera
and 2D Light Detection and Ranging (LiDAR) data for window
detection and continuous estimation of its position, orientation,
and size. The proposed algorithms are capable of running both
with and without available a priori information. The obtained
detections are utilized for planning collision-free trajectories
through the target window. We use a sensor fusion algorithm
for robust altitude estimation from laser rangefinder data
while flying over ground with inconsistent elevation. Particular
focus is given to the transition between outdoor and indoor
environments and vice-versa to achieve the required reliability
of UAV state estimation. The proposed approach has been
verified in multiple real-world experiments, where the UAV
was able to successfully enter and leave the target building
both under normal conditions and under decreased visibility
conditions in a smoke-filled environment.

I. INTRODUCTION

Autonomous aerial systems hold great potential for Urban
Search and Rescue (USAR) [1], [2], [3], and firefighting [4].
The ability to autonomously enter a building through high-
altitude windows represents a challenge that needs to be
tackled if a truly autonomous and universal aerial system is
required. Flying into the building at a high altitude is a criti-
cal point in an USAR mission since delivering extinguishing
media and first-aid tools in short time is essential for saving
lives in case of fires in high-floor flats. To get into such a
flat quickly, the aerial system needs to precisely detect the
entrance to the building using onboard sensors and flawlessly
execute a safe maneuver through narrow space. During such
maneuvers, the UAV faces several challenges present in real
mission conditions. All sensory equipment is limited by its
field of view, various amount of measurement noise, and
environmental factors, such as illumination and the presence
of smoke. A priori information about the building entrance
may or may not be available beforehand.

We propose a UAV navigation system for autonomous
detection of a building entrance in the form of an open
window or balcony door, and for safe and reliable execution
of a flythrough maneuver.
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Fig. 1: UAV equipped with the proposed system searching
for a building entrance in the MBZIRC 2020 competition
(one of the main research motivations).

This research was motivated by real firefighting scenarios1

and by our participation in the Mohamed Bin Zayed Inter-
national Robotics Challenge 2020 (MBZIRC 2020) with the
same motivation. One of the competition tasks was to enter a
16m high building through an open window and extinguish
an artificial fire located inside (see Figure 1).

A. Related work

The detection of a building entrance and subsequent flight
through it have already been a subject of robotics research.

The authors of [5], [6] used RGB camera images and 2D
LiDAR data for window detection and tracking, and verified
their approach in both simulations and by flying through a
wooden frame. However, their approach for window detec-
tion required an operator to manually select a point of interest
in the RGB image and the experimental verification consisted
only of manually guiding the UAV in front of the window, au-
tonomous flight through the window, and immediate manual
landing. In [7], stereo image pairs were utilized to detect the
position of a window that could potentially be used by a UAV
for entering a building. However, the proposed algorithm was
verified only on data captured using a hand-held stereo rig.
In [8], the authors focused on window detection from an
onboard RGB-D camera and on the generation of an opti-
mal UAV trajectory to the window. However, the proposed
approach was only verified in simulations and the bottlenecks
of real-world usage were not considered. The work [9]
focused on cooperative control of an ornithopter UAV for
narrow passage traversal and the approach was demonstrated
with flight through a narrow wooden frame. This approach
required a ground station continuously observing the scene
throughout the flight. In [10], the authors dealt with state
estimation, control, and planning for an aggressive flight
through a tilted narrow window. State estimation was done
based on visual camera images and an Inertial Measurement

1http://mrs.felk.cvut.cz/projects/dofec
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Unit (IMU). However, the window position needed to be
known beforehand. Similarly, the authors of [11] focused on
an aggressive flight through tilted narrow gaps employing
a forward-facing fish-eye camera for gap detection. In their
case, a black-and-white rectangular pattern was used to sim-
plify the gap detection. Also, works [10], [11] were designed
and tested for use in laboratory conditions, and problems
of outdoor-indoor transition in real-world conditions were
not considered. The article [12] proposed a folding UAV
designed for flight through narrow gaps, but focused solely
on control and state estimation while being localized by an
external motion capture system. In [13], the ability to fly
through a 1m × 1m window was also shown, but the path
planning was done only in 2D while flying at a constant
altitude. The work [3] also demonstrated the ability to fly
through a window, but the flight did not require any change
in altitude and the ground elevation was the same on both
sides of the window. The approximate window position was
known beforehand.

The amount of existing literature and lack of experimental
verification in real-world conditions indicate the large gap
between laboratory and real deployment of autonomous
robotic system in this application. Our approach for robust
entrance detection and subsequent autonomous flight into a
building was designed specifically for reliable performance
under real-world conditions and to function as part of a
complex autonomous system without any required input
from a human operator. As such, the proposed approach
was extensively verified in complex real-world experiments
and therefore surpasses previous approaches both in the
degree of autonomy under real-world conditions, reliability
of the approach, its general usability, and in the complexity
of its experimental verification. Apart from verifying the
performance of our approach under normal conditions, we
have evaluated its performance under decreased visibility
conditions in artificially generated smoke to highlight the
robustness to changing environmental conditions.

The contributions of this work can be summed as follows:
• Window detection and estimation approach designed for fully

autonomous operation in real-world scenarios under various
environmental conditions.

• Altitude filtering approach robust to changing ground eleva-
tion and obstacles below the UAV.

• Evaluation of the proposed approach under normal and de-
creased visibility conditions.

B. Problem statement

The task of entering a building through an entrance de-
tected by only onboard sensors is tackled with the following
assumptions. The UAV carries a front-looking depth cam-
era, 2D horizontal LiDAR, upward and downward-looking
laser rangefinder, GPS module, Wi-Fi module, RF receiver,
onboard PC, IMU, barometer, and flight controller unit.
The Wi-Fi and RF modules are only required for semi-
autonomous operation when the UAV receives high-level
commands from the emergency responders; no communica-
tion is explicitly required during fully autonomous operation.
The building contains an open window larger than the UAV

dimensions. The proposed approach interfaces with a high-
level planner, which plans trajectories along the facade of
the building for window search, and automatically triggers
the flight into the building once an entrance is detected. This
additional part of the system is omitted in this paper due to
space limitations. The task explored in this paper may be
specified as:

1) Detect the precise position, orientation, and size of the
window from the available sensor data assuming that:

a) no a priori information about the window is available,
b) window size and altitude are a priori available.

2) Continuously track the position of the window during the
whole flythrough maneuver.

3) Generate and execute a collision-free trajectory through the
window and into the building.

II. WINDOW DETECTION & ESTIMATION
The system for window detection consists of a depth

detector, LiDAR detector, and window position estimator.

A. Detection from depth data

(a) View from an external camera. (b) Depth image with a detection.

Fig. 2: Window detection from depth camera. Blue color
represents valid window edges, red color represents invalid
edges (not visible due to limited field of view of the camera).

Detection from the depth data is roughly described in
Algorithm 1. Firstly, the algorithm downsamples the image
to reduce the CPU demands and noise by selecting minimal
values from each non-overlapping subregion of the image.
The algorithm then finds contours in the image and fits
quadrilateral shapes with certain parameters to the data.
After identifying such quadrilaterals, a check is performed to
ensure that the detected shape is a hole and not a protrusion.
The algorithm initializes a Region of Interest (ROI) at the
center of the quadrilateral and expands it until the depth
of some inlying pixel is smaller or equal to the depth of
the plane of the initial quadrilateral. Afterward, the ROI is
projected to the initial plane. If the resulting quadrilateral is
sufficiently large, a new detection is published. An example
of such detection can be seen in Figure 2.

Furthermore, the algorithm can detect incomplete win-
dows, where some of their edges are missing in the image
(e.g. UAV flying close to windows can often see only part
of the window). Information about the invalid edges is
published within the detection.

B. Detection from LiDAR data

The LiDAR detection algorithm searches for the left and
right edge of a window in each separate 2D scan. The algo-
rithm identifies points representing Window Edge Candidates
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Algorithm 1 Detection of window from depth data

Input: Raw depth image Iraw
Output: List Ddepth of detected windows

1: function DETECT WINDOWS DEPTH(Iraw)
2: Idown ← DOWNSAMPLE(Iraw)
3: C ← FIND CONTOURS(Idown)
4: for c ∈ C do
5: q ← FIT QUADRILATERAL(c)
6: if q 6= ∅ and IS HOLE(q) then
7: Add q to Ddepth
8: return Ddepth . Detections are passed to the LKF

(WECs) in the data using the Successive Edge Following
(SEF) and Iterative End-Point Fit (IEPF) algorithms and
either links them to an existing window estimate or links
two edges together based on a priori known information.

1) Successive edge following: SEF [14] sequentially tra-
verses the laser scan and separates it into a set of segments
based on sudden changes in measured distance d.

di+1 − di

di

di−1

scan
direction

|di−1 − di|di+1

segmentj

segmentj+1

(a) SEF algorithm; yellow color rep-
resents the detected window edge.
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(b) IEPF algorithm and detection of
corner point Pmax.

Fig. 3: Detection of WECs from LiDAR data.

A left or right WEC is detected if the condition

(di±1 − di) > dthr and |di∓1 − di| < dthr (1)

is satisfied. The detection of right WEC is illustrated in Fig-
ure 3a. In contrast to the classical version of the algorithm,
we use three consecutive points instead of two for more
robust behavior.

2) Iterative end-point fit segmentation: When an obstacle
is located right next to the window, the window edge can
have the form of a corner sticking out towards the UAV.
The IEPF [14], [15] algorithm is used for detection of these
corner-like features. The algorithm further divides the laser
scan segments by fitting a line through the endpoints of each
segment and dividing the segment at the point most distant
from the line. The process is illustrated in Figure 3b. Line
l is fitted through the endpoints of the segment. Point Pmax
is the most distant point of the segment from the line. If the
point is closer to the UAV than the line l (determined by
defining a parallel line lp and checking its distance from the
UAV), the point Pmax is detected as a WEC.

3) Assigning edges to existing window estimates: If no
a priori information is available, a pair of WECs is assigned
to an existing window estimate W with left and right corners
γ1, γ2 by minimizing the weighted sums of distances

dsum = dcor + αdcent for corner γ1 and γ2, (2)

where dcor is the Euclidean 2D distance of the WEC from
the corner γi. α is a weighting factor experimentally set to
1.5, and dcent is the difference of the Euclidean 2D distance
between the WEC E = (ex, ey) and the window center C
and half of the estimate width w calculated as

dcent =

∣∣∣∣
√
(ex − cx)2 + (ey − cy)2 −

w

2

∣∣∣∣ . (3)

Furthermore, for the WECs to be linked, the distances
dcor must be lower than a predefined threshold, the mutual
distance of the WECs must be within allowed limits, and
the space between the WECs needs to be empty (determined
based on the ratio of measurements between the WECs closer
to the UAV than either of the WECs).

4) Standalone detection based on window width: If a pri-
ori information is known, the detection is performed based
on known window width, height, and altitude. The algorithm
goes through all possible combinations (Ei, Ej) of WECs
and finds such combinations which fulfill the condition

|dEi,Ej
− w| < wtol, (4)

where w is the a priori known window width expected at the
current UAV altitude, and wtol is an error tolerance.

Furthermore, the combinations are filtered based on the
assumptions that a window should always be connected to
a wall in the form of a line segment with a predefined
minimum length, the space between the edges should be
empty, and, finally, if the UAV is inside the building, an
additional distance outside the building is required to be
empty, as it is assumed that there are no obstacles in a small
space outside the window.

C. Sensor fusion
To have a reliable estimation of the window position con-

tinuously available even in varying environmental properties
common in such USAR missions, the individual detections
are passed to a Linear Kalman Filter (LKF)-based estimator.
The depth camera data provide full 3D information about
the window. However, the data are noisy and limited by the
field of view of the camera. On the other hand, the LiDAR
data are very precise and provide a full 360◦ horizontal field
of view, although the LiDAR data are 2D only.

The estimator enables three different modes of operation:
• depth + lidar: Fuses depth and LiDAR data. New estimates

are initialized based on incoming depth detections with all
valid edges and window edges in LiDAR data are detected by
linking the data to existing estimates.

• depth + lidar + a priori: Combines depth and LiDAR data
with a priori information about window size and altitude.
New estimates can be initialized based on depth detections
containing invalid edges.

• lidar + a priori: Uses LiDAR data combined with a priori
information to produce the estimates, can be used in smoke.
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The state x of the Kalman filter describing a single
window hypothesis is defined as

x =
[
cx, cy, cz, φ, w, h

]T
, (5)

where cx, cy, cz are Cartesian coordinates of the window
center, φ ∈ 〈−π, π〉 is the angle between the projection of
the normal vector of the window to the xy-plane and the
x-axis (rotation around the z-axis), w is the width, and h
is the height of the window. It is assumed that the window
is not tilted and roughly perpendicular to the ground plane.
The respective state components are visualized in Figure 4.
All the state vector elements are modeled as static.

[cx, cy, cz ]

φ

w

h
x

y
z

Fig. 4: Kalman filter state description.

The complete depth detection provides information about
all states of the filter, while the LiDAR detection only
provides partial information about the window. The mea-
surement vectors calculated from the respective detections
can be written as

zdepth =
[
cx, cy, cz, φ, w, h

]T
, zlidar = [cx, cy, φ, w]

T .

The depth detector can output incomplete detections when it
cannot see the full window. In such a situation, only a subset
of the measurement vector elements is calculated from the
incomplete detection, and the filter state is updated with those
values using an appropriately selected observation matrix H.

The incoming detections are linked to the existing esti-
mates based on the Euclidean distance from the estimates.
If the detection cannot be linked to an existing estimate, a
new estimate instance is initialized. In real-world conditions,
false detections may appear among the estimates. Only the
hypotheses with the highest likelihood are selected as valid
estimates based on Kalman Filter (KF) state covariance.

III. ALTITUDE FILTER

While flying from outdoor to indoor through the window
in real scenarios, the altitude estimation needs to be robust to
uneven terrain, obstacles on the ground, and ground elevation
change when entering the building. Usually, UAV plat-
forms employ a downward-looking rangefinder fused with
an IMU [16], or a barometer and an IMU [17], [18], [19].
However, the rangefinder data contain large changes when
the UAV flies over obstacles. A possible solution to this
problem is to simultaneously estimate the UAV altitude
as well as the ground elevation [16], [19]. However, the
use of a single downward-looking rangefinder may not be
sufficient for robust altitude estimation. In [20], the fusion

of downward and upward-looking rangefinder data was pro-
posed, but this approach relies on a priori-known height of
the ceiling. In [21], a downward-looking depth camera is
employed for altitude estimation. However, depth cameras
are severely limited by their maximum range and therefore
unusable when flying into higher floors of a building. We
propose a median filter-based approach combining downward
and upward-looking rangefinder measurements, fused with
barometer and IMU data to provide reliable altitude estimates
while entering a building and flying over obstacles.

The estimation of UAV altitude based on rangefinder data
is depicted in Figure 5 with dlow representing the lower and
dup the upper rangefinder measurement.

dlow
dlow

dup
dup

dlow

a) b) c) d)

doff

Fig. 5: Altitude filter - a) no obstacles, b) UAV above
obstacle, c) flight through window, d) UAV inside a building.

A. Only lower rangefinder data available
When the UAV is outside, the dup value is not available as

there is no ceiling above the UAV. The dlow value is passed
to two one-dimensional median filters. The first is used for
the detection of sharp edges in data. When such edge is
detected, altitude offset doff at step k is recalculated as

doff ← doff + (dlowk−1
− dlowk

).

The second median filter detects when the rangefinder data
are approximately stable in value. In such case, the altitude
offset is corrected to a stable value as

doff ← dstable + (dlow,stable − dlowk
),

where dstable is stable altitude offset recalculated only when
the data are stable and dlow,stable is the last stable value. If
no edge is detected and the data are not stable, doff stays
constant. The output value is calculated as

dout ← dlowk
+ doff .

B. Upper rangefinder data available
If the upper rangefinder data are available and stable, the

difference between two consecutive values is calculated as

δup ← dupk − dupk−1

and the previously outputted value is modified by this
difference without using the lower rangefinder data as

doutk ← doutk−1
− δup.

dout is fused with barometer and IMU values using an LKF.

IV. PATH PLANNING
The planner generates the desired trajectory through the

window as a time-parametrized sequence of the desired
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position and heading. The trajectory is generated as a line
segment with constant velocity and passed to a reference
tracker based on linear Model Predictive Control [22]. The
tracker converts the desired trajectory to a feasible reference
for the feedback controller. SE(3) geometric tracking con-
troller based on [23] is used for reference tracking (details
available in [22]). The controller generates desired angular
velocities and thrust for the embedded attitude rate controller.

Desired trajectory generation is controlled by a finite state
machine with the states corresponding to different phases of
the maneuver. These phases include approaching window,
hovering, and flying through. In the approaching window
phase, the UAV approaches the center of the window while
facing its center to maximize the number of detections. In
the hovering phase, the UAV stabilizes itself in front of the
window. In the flying through phase, the UAV flies through
the window at a constant altitude. If the window estimate is
lost, the UAV either returns to its original position or finishes
the maneuver if it detects that it is already inside.

V. UAV PLATFORM DESCRIPTION

(a) F450 (b) T650

Fig. 6: UAV platforms used for the experiments.

Two UAV platforms were used for the performed exper-
iments. A smaller UAV based on the DJI F450 frame and
a larger UAV based on the Tarot T650 frame, which can
be seen in Figures 6a, 6b, respectively. The UAV carries
a Pixhawk 4 Flight Controller which performs low-level
control and contains a built-in IMU and barometer. The flight
controller and sensors are connected to the Intel NUC Kit
NUC8i7BEH computer, which runs all the UAV software.

Two Garmin LIDAR-Lite v3 rangefinders—one pointing
up and the other pointing down—are mounted on the UAV.
Localization in the presented experiments was done using the
LiDAR-based Hector SLAM algorithm [24]. The RPLIDAR-
A3 laser scanner is a 2D LiDAR mounted horizontally on
top of the UAV. The RealSense D435 depth camera is placed
at the front of the UAV.

All software runs on the Intel NUC Mini PC with the
Ubuntu 18.04 operating system. Robot Operating System
(ROS) is used as a middleware for the development of
the robotic software. Lower-level control, position tracking,
reactive obstacle avoidance, and state estimation is provided
by the control and estimation pipeline described in [22].

VI. EXPERIMENTAL RESULTS
Multiple experiments with a small-scale testing multi-floor

building have been performed to evaluate the performance

of the designed algorithms. The building consists of two
4m × 4m wide and 2.3m high floors, containing 1.85m
wide and 1m high windows. Experimental evaluation was
also performed in a smoke-filled environment with an ADJ
VF1300 Fog Machine used for smoke generation. According
to [25] and [26], depth camera performance is heavily
corrupted by smoke, while LiDAR sensors perform better,
depending on the thickness of the smoke. This corresponds
with the results of our experiments. All described experi-
ments can be seen in the video at 2.

A. First floor flight with depth camera and LiDAR

During this experiment, the ability to fly into a selected
window was tested. During a real USAR scenario, the first
responders need the ability to send the UAV to a target
location based on their specific knowledge of the situation.

The depth + lidar estimation mode was used for window
position estimation. UAV based on the DJI F450 frame was
used for this experiment. The UAV ascended to the altitude
of the first floor of the building and detected the first-floor
window. The detected window was selected for flythrough
by the operator and the UAV entered the building. Inside the
building, the UAV detected another open window and used it
to leave the building. Figure 7a shows a sample of the video
of the experiment with the UAV in front of the first window.

Figure 7b displays estimation of the center of the window
used for entering the building. The estimate was initially
created with values corresponding to the depth detection, but
quickly converged to the values of the more precise LiDAR
data. After t = 21 s, the window was no longer visible on
the depth camera as the UAV was too close to it. After
that time, the coordinates were estimated from the LiDAR
data only. Figure 8 shows the rangefinder measurements and
altitude filter output during two different flights through the
first floor. During the first flight, only the lower rangefinder
data were available. During the second flight, both the lower
and upper rangefinder data were available. Although the
lower rangefinder value contains large changes during flights
through the window, the filtered value stays unaffected by
these drops. When the upper rangefinder is available, the
filtered value is inversely proportional to it as it is updated
based on the upper rangefinder value changes.

B. Ground floor flight with LiDAR in smoke

The UAV entered the building through a ground-floor
window, traversed the building by moving along its walls,
and left through the same window. The experiment con-
sisted of two separate flights. The first flight was performed
under good visibility conditions and the second flight was
performed in a smoke-filled room. The lidar + a priori
estimation mode was used for window detection as smoke
causes significant problems to the depth camera image.

The whole experiment can be seen in the provided video.
Figure 9a shows a sample of the video. Figure 9b shows the

2http://mrs.felk.cvut.cz/flight-into-buildings
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(a) View from an external camera, depth image, and RViz visu-
alization. The visualization contains LiDAR data shown as red
squares, depth cloud from the onboard camera, and the detected
window.

(b) Estimation of center coordinates of the window used for
entering the building. Time period from obtaining the first depth
detection to the end of the flythrough is shown. Time t = 0 s
corresponds to window estimate initialization.

Fig. 7: Flight through a first-floor window.

trajectory traversed by the UAV during the flight in a smoke-
filled room. The UAV successfully performed both flights
and proved the ability of the proposed algorithms to robustly
work in various environmental conditions. We should also
note that during the experimental campaign, performance
in different day-light conditions was successfully tested.
However, as can be seen both in the video and in Figure 9a,
the lidar + a priori estimation mode can suffer from false
detections as it utilizes only 2D LiDAR data and detects
windows based only on their a priori known width. The
experiment was performed in a cluttered environment with
many obstacles close to the target building. The number
of false detections is expected to be much lower close to
high-rise buildings with significantly more free space around
them. Nevertheless, the system performed faultlessly even in
these complicated conditions. The use of a priori information
enables flight in smoke, as it removes the need for a depth
camera, but it is a limitation. This limitation can be removed
by utilizing a 3D LiDAR, which is a subject of future work.

VII. CONCLUSIONS

An approach has been proposed which enables a UAV
to safely enter a building through an open window. The ap-
proach fuses data from an onboard depth camera, 2D LiDAR,
and all a priori information—if available—to provide reliable

Fig. 8: Inputs and output of altitude filter from flights in the
first floor. The sudden changes of lower rangefinder values
correspond to passing through a window.

(a) View from an external camera, onboard camera view, and RViz
visualization. The visualization shows LiDAR data as red squares
and the detected window as a yellow rectangle.

(b) Trajectory traversed by the UAV. Map produced by the Hector
SLAM algorithm is drawn in the background.

Fig. 9: Flight through a ground-floor window in smoke.

detection and tracking of the window throughout the entire
flythrough maneuver. We have designed a robust window po-
sition estimator capable of processing several combinations
- depth and LiDAR data with no a priori information, depth
and LiDAR data with a priori information, and LiDAR data
with available a priori information.

We have verified the performance of our approach in
multiple real-world experiments with a small-scale building
under both normal conditions and the decreased visibility
conditions of a smoke-filled environment. Our experiments
have shown that the proposed algorithms enable fully au-
tonomous, collision-free entering of buildings, even under
demanding real-world conditions.
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