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Abstract. In a typical visual Simultaneous Localization and Mapping
(SLAM) algorithm integrated within a single unmanned aerial vehicle
(UAV), the positioning drift will increase cumulatively due to the motion
and dynamic of UAV platform, which could be efficiently alleviated by
the introduction of loop detection. However, a large number of loop move-
ments by a single UAV will result in too many turns of the drone with sig-
nificant reduction of coverage area per unit time. Therefore, in this paper,
we propose a collaborative framework of visual SLAM algorithm with a
multiple UAVs system. In the proposed framework, a series of mutually
closed loop will be detected and executed by multiple UAVs within the
position map. By this coordination method, the position accuracy of the
system could be obviously improved, through the experimental results
compared with a single UAV SLAM system.

Keywords: Visual SLAM · Multi-UAVS · Loop closing ·
Mapping merge

1 Introduction

Simultaneous localization and mapping (SLAM) is an effective method to solve
the problem of synchronous localization and map reconstruction in unknown
environments. In recent years, the SLAM algorithm is attractively applied into
the system of unmanned aerial vehicle (UAV), in order to locate the position
of the UAV while generating the map especially in an unknown environment.
One broad category of SLAM algorithms attempts to build and maintain a pose
(position and orientation) graph, which consists of a group of UAV states (rep-
resented as nodes), and pose transformations (as edges, i.e., constraints). For
each state, related poses and sensor data, e.g., camera images or laser scans,
are contained. Generally, the drifting error from odometry can be reduced by
detecting re-visited places and introducing loop closure constraints, with a global
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graph optimization. In particular, the goal of graph optimization in this context
is to find a configuration that minimizes the errors of the constrained pose esti-
mations [1]. As a result, the expected map can be reconstructed at any time
from the graph by superimposing the associated sensor data with a consistent
configuration.

Typically, compared with the terrestrial robot system integrated with a
SLAM, a drone platform has a faster and more flexible flight as making an
exploration mission in a wide-range environment, leading to an easily loss of the
feature information of objects and thus a sparse density of the resulted point
cloud map. In recent days, a collaborative method by using multiple UAVs is
elaborately employed for the SLAM, which can improve the robustness of posi-
tioning and the accuracy of the map with a less time. In particular, in a large-
scale environment, a collective use of multiple UAVs can not only speed up the
reconstruction of the map, but also improve the accuracy through multi-machine
map fusion. In specific, during the mission, the UAVs team can branch off the
cruise path and meet again at some place where they share their maps. Another
advantage of multi-UAV collaboration is the detection capability on the overlap
area. For example, a required redundancy of the data can be provided by other
UAVs in the event of a loss of positioning of one certain UAV, which could help
locating its own exact location. Therefore, in this paper, we propose a collabo-
rative visual SLAM algorithmic framework for a multi-UAVs system based on
mutually loop closing. In the proposed algorithm, a dense point cloud map is
constructed by fusing multiple pose maps from different drones with detection
on a series of key frames (site or scene identification) from different drone shoot-
ing scenes. The proposed algorithm is designed on the basis of a well-tailored
ORB-SLAM2 framework and verified by a group of experiments in real scenes.

The remainder of this paper is structured as follows. Section 2 lists related
research. Section 3 particularizes the posed problem and explains the proposed
methods in details. In Sect. 4, we present experiment results and discussion.
Finally, we summarize our work in Sect. 5.

2 Related Work

In the early SLAM, laser scanners were used as the main sensors of SLAM for
estimating poses. In [2], an extended Kalman filter (EKF) method is exploited for
relative observation between multiple robots. With the developments of camera
technology, a variety of sensors have gradually replaced inexpensive lasers with
inexpensive costs. In [3], the monocular cameras and the IMU are cooperatively
employed to form a flexible three-dimensional platform of UAVs team, which
is used to estimate the relative poses of UAVs on a simple experimental setup.
In [4], Piasco et al. use a distributed stereo-vision system of multiple UAVs
for collaborative localization with an EKF filtering algorithm. In [5], a UAV
equipped with multiple cameras is used to estimate the trajectory of moving
objects in the scene, while creating a 3-D map of a static object.

In order to improve the running speed, at present, non-linear optimization
methods are gradually exploited in the SLAM to replace traditional filtering
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methods. In [6], a fully distributed system is proposed to realize collaborative
SLAMs and evaluate them in a simulated environment. The main challenge
for decentralized systems is more difficult to ensure data consistency and avoid
duplicate calculations, compared with a centralized client-server architecture. In
addition, in a central server-assisted system, computationally expensive algo-
rithms can be handled on the server side, which does not necessarily limit real-
time operations such as bundling adjustment and location identification. As a
result, this allows a flying agent to use its only potentially limited resources
for performing the most critical task, such as real-time visual ranging. In several
cases, a centralized SLAM would utilize a cloud server instead of a central server
to exchange data. In [7], the ground agent will update the related information
of key-frames in the local map to the cloud system without checking the global
map stored in the cloud. A centralized framework is proposed for a group of
UAVs equipped with monocular cameras, in which each UAV performs visual
odometry on its on-board processor.

3 Methodology

3.1 Algorithmic Framework

The method is applicable to a quadrotor UAV. The camera pose is consistent
with the position of the rotor unmanned aerial vehicle. The environment map is
constructed indoors by three or more drones. The maximum speed of the drone
flight is 1 m/s, the turning angle is less than 30◦.

In this section, we devise a loop-closing enabled algorithmic framework of
multi-UAVs SLAM system, as shown in Fig. 1. In specific, the proposed algorithm
consists of two parts, which are separately executed at multi-UAVs system and
central server. The proposed algorithm system use ORB-SLAM2 for locating and
mapping at each UAV, meanwhile construct a complete map at central server by
merging those sectional maps from different agent. Without loss of generality, in
this paper, we assume that a reliable and real-time data transmission is ensured
between UAVs and central server. In each UAV, a RGB Depth cameras and

Fig. 1. Collaborative visual SLAM framework based on loop closing.
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on-board processors are equipped for visual mileage calculations, which provides
an estimate of the UAV platform attitude, with a 3D map of the environment
in the local coordinate system.

Algorithm 1. Algorithm in Service
Begin

msgF lag ←− False;
// receive the key frame from different UAVs
while msgF lag ←− if connUAV () do;

[uavLabel, keyFrame] ←− recv keyFrame();
end while
// merge the maps

subMap ←− find olpregion(keyFrame, uavLabel);
mergeMap ←− merge submaps(submaps);
optMap ←− optimal Map(mergeMap);
optMap ←− update Map(optMap);
msgF lag ←− False;

// feedback the optiaml maps to the different UAVs
while msgF lag ←− if connUAV () do;

send map(uavLabel, optMap)
end while
End

Algorithm 2. Algorithm in UAVs
Input: task

keyframe ←− run orbslam();
send keyFrame(keyFrame, centerService);

Output:

In the proposed algorithm, each UAV transmits a series of key frames (pos-
ture and shooting picture information in the local coordinates system) to the
central server. Meanwhile, the central server will continuously monitor all obser-
vations and detect those same shooting scenes from different UAVs. In particular,
we use the technology of Bag of Word (BOW) to quickly compare their image
features and perform overlapping detection algorithms on the appearance. Once
overlapping scenes from different UAVs are detected, a well-designed map fusion
algorithm is started to extract the ORB features of the related two images, and
then feature matching is performed to remove false matches. An iterative clos-
est point algorithm is performed to calculate the two key frames for similarity
transformation. Then, the two maps are merged into a single global map. At
the same time, a bundle optimization algorithm is run on the global map. The
updated pose of the keyframe image is fed back to each UAV to improve its local
estimation and local map in turn.
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3.2 Improved ORB-SLAM2

In this paper, we built a feature-based ORB-SLAM2 framework integrated with a
stereo and RGB-D cameras based on the typical version of ORB-SLAM2 [8]. For
reader convenience, the main components are summarized here, which includes
three main parallel threads, as shown in Fig. 2.

(1) Tracking thread. It will localize the camera with every frame by finding
those features matching the local map, and minimizing the re-projection
error with motion-only Bundle Adjustment (BA).

(2) Local mapping thread. This thread will optimally manage the local map
with local BA.

(3) Loop closing thread. It attempts to detect large loops and correct the accu-
mulated drift by performing a pose-graph optimization.

Fig. 2. The frame of ORBSLAM2

Compared with typical version of ORB-SLAM2, a dense point cloud map
is constructed by utilizing a sparse point cloud with a RGD image to remap
the point cloud map, and added into the proposed framework in this paper,
which has a large amount of information for restoration on the environments
more sparse point clouds in typical ORB-SLAM2. In particular, here, we use
an incremental method to generate a dense surface model from a semi-dense
point cloud. The proposed method first generates a dense surface mesh for every
single scan, and creates corresponding image by doing edge-aware resampling
and triangulating the surface points.

3.3 Place Recognizer

In the proposed framework, loop closing is performed in two steps. Firstly, a
loop has to be detected and validated, which is called place recognizer. Sec-
ondly, the loop is corrected by optimizing the fused attitude map of pose-graph.
In this framework, we incorporated a full bundle adjustment (BA) optimiza-
tion after the maps are fused. Considering that this optimization might be very
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costly, we perform it in a separate thread, allowing the system to continue cre-
ating maps and detecting loops. However, this brings the challenge of merging
the BA output with the current state of the map. If a new loop is detected
while the optimization is running, the algorithm aborts the current optimization
and proceeds to close the new loop, which will launch the full BA optimization
again. Once the full BA finishes, the algorithm will merge the updated subset
of keyframes and points, with the non-updated keyframes and points inserted
while the optimization was running. This is done by propagating the correction
of updated keyframes (i.e. the transformation from the non-optimized to the
optimized pose) to non-updated keyframes through the spanning tree. Then,
non-updated points are transformed according to the above correction. In this
collaborative framework, the identification of the location and the fusion of those
separated maps are handled in a central server, in which local maps in different
coordinate systems are merged into a global map by finding similar scenes from
different UAVs. In this framework, we extract ORB features from all keyframe
images and use Bag of Words (BOW) to represent keyframe features as descrip-
tors. We use the DBOW3 open source software package to create the dictionary
and finally generate a descriptor that facilitates location detection. In specific,
DBOW3 uses the k-means++ method to create visual dictionaries. Each frames
picture is described by dictionary information. Finally, the same place is detected
by comparing the degree of similarity of descriptors of each frame.

3.4 Map Merge

In order to achieve map merge, we use a iterative closest point (ICP) algorithm
in [9], which tries to find a transformation that minimizes the distance between
a set of corresponding points in two clouds. In this section, we tailored an aug-
mented version of ICP which also includes surface normal and tangent informa-
tion to improve the estimate results. Note that both the Sim3 [10] tracker and
the ICP procedure use a gradient approach to find the solution. In theory, both
methods could be used in any order. However, the ICP procedure was found to
be most accurate if starting from a better estimation of the scale factor.

When used to register and align two sets of two-dimensional or three-
dimensional points with relative motion, the ICP can continuously solve the
optimal value by iterations. This issue could be modeled by finding the optimal
solution of the least-squares problem as shown in (1).

min E =
n∑

i=1

(qi − (Rpi + t))2 (1)

in which P = {pi|i = 1, . . . , n} and Q = {qi|i = 1, . . . , n} are respectively 3D
feature point sets from different UAVs with the 3D coordinates of (x, y, z)T

i . By
continuously iterating the rotation matrix R and the translation matrix t, we get
a motion transformation matrix T = [R, t]. Trough the motion transformation
matrix T , we can get the merge map form the source point set Q to the target
point set P .
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Fig. 3. Merged diagram of multi-UAVs pose graph.

The merged process of pose graph of multiple UAVs is shown in Fig. 3. In
the figure, two third nodes are the separated pose nodes from two individual
UAV paths for the same environment identified by the BOW algorithm. By the
ICP, a transformation matrix T could be calculated and utilized for merging into
a global pose graph in a unified coordinate system with the two different pose
diagrams.

3.5 Global Map Optimization

Once the transformation is computed, new similarity constraints are added
between the matched keyframes. The corresponding local maps are transformed
into the global coordinate system by considering one of the two as reference (if
it is the first map to be merged) or using the existing reference otherwise. After
the new constraints have been added, a BA step is performed over the merged
graph.

After the ICP procedure, we establish the relationships between different
UAVs maps. Then, we use these images to triangulate some feature points with
geometry. The constructed triangle could determine the position of the three-
dimensional point. Finally, the coordinates of the three-dimensional point are
calculated to re-project the camera matrix. This issue could be shown in (2).

{R, t} = arg min
R,t

∑

i∈χ

ρ(‖xi
(·) − π(·)(RXi + t)‖2

Σ (2)

In which R ∈ SO(3) is the camera orientation of BA optimizes and t ∈ R
3

is position. Xi ∈ R
3 and xi

(·) expresses respectively the minimizing reprojection
error between matched 3D points in world coordinates and keypoints. Either
monocular xi

m ∈ R
2 or stereo xi

s ∈ R
3, with i ∈ χ the set of all matches.

We use general graph optimization (g2o) to solve the bundle adjustment. g2o
is an open source framework that is mainly used to solve the problem based on
graph optimization. The optimization problem is described the following formu-
lation:

{Xi, Rl, tl | i ∈ pL, l ∈ κL} = arg min
Xi,RL,tl

∑

k∈κL∪κF

∑

j∈χk

ρ(Ek,j) (3)

where
Ekj = ‖xj

(·) − π(·)(RkXi + tk)‖2
σ (4)
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In which, local BA optimizes a set of covisible keyframes κL and all points
seen in those keyframe is pL. All other keyframes κF , not in κL, observing
points in pL contribute to the cost function but remain fixed in the optimization.
Defining χk as the set of matches between points in pL and keypoints in a
keyframe k.

The conversion relationship between the dense point cloud maps is same
with the pose graph. Finally, according to the above algorithm, the two point
cloud maps are merged. Finally, the overall map, consisted of keyframe poses
as vertices and BA constraints as edges, is continuously optimized in parallel
by using a general graph optimization framework in [10] for reducing the drifts
both in scale and pose estimates.

3.6 Updated Pose Graph

When different UAVs visit the same place in the environment, new constraints
are created in the global graph. If they cross each other path by multiple times,
these resulted loop closure constraints will help in reducing the overall drifts.

Finally, the central server communicates the updated pose graph to individual
UAVs, which can then use this information to update their localization estimate
and the local maps. This overall feedback mechanism facilitates the extension
of sensing capability of an individual UAV beyond the direct reach of their
respective on-board sensors.

4 Experimental Results

In this experiment, the multi-UAV map fusion algorithm based on loopback
detection is applied to three separate quantity acquisition and processing mod-
ules, and the generated keyframe information is merged to finally realize the
fusion of 3D point cloud maps. The camera is ASUS’s Xtion2. The stand-alone
platform is a great deal for Dajiang, and the central processor is Lenovo’s note-
book. Finally, it analyzes the number of keyframes, algorithm implementation
complexity, and compositional integrity. Verify the feasibility and advantages of
the algorithm.

On each stand-alone platform, we use the ORB-SLAM2 algorithm to achieve
stand-alone SLAM positioning and composition, as shown in Fig. 4, which is the
RGB picture in left and ORB-SLAM2’s feature tracking process in right. The
blue and green colors in the picture indicate the extracted feature points and
the matched feature points respectively.

A single agent runs ORB-SLAM2 to estimate is own pose, and builds a 3-
dimensional point cloud map of the environment. Figure 5 shows the path maps
and point cloud maps of the three agents. As can be seen from the figure, the
dense point cloud map constructed by a single machine is relatively vague and
has a relatively small amount of information. It can be seen from the path in
the sparse map that no large loopback detection occurs.
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Fig. 4. The features of ORB. (The bule points is all the ORB features and the green
points is matched features). (Color figure online)

(a) The pose graph and point cloud map of UAV1.

(b) The pose graph and point cloud map of UAV2.

(c) The pose graph and point cloud map of UAV3.

Fig. 5. The pose graph and point cloud map.
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According to the 3.2 map fusion algorithm, the keyframe data of the two
platforms, based on the mutual loop detection, the fusion results of the map
are shown in Fig. 6, and it can be clearly seen that the map obtained by the
multi-machine fusion is better than the stand-alone, and the map can be used.
Observed environmental information.

Fig. 6. The merged point cloud map of UAV1 and UAV2.

Fig. 7. The merged pose gragh.

It is shown the merged point cloud map in Fig. 6. According to the Collabo-
rative Visual SLAM Framework merge Algorithm the point cloud maps from dif-
ferent agencies are merged into a relatively complete global point cloud map. In
Fig. 7, we can see that through the fusion of information, the path map increases
the number of loops, and the positioning accuracy is improved.

In Fig. 8, It describes the number of map points and the number of generated
key frames in a stand-alone system and a multi-machine system, respectively.
In the same environment, the number of map points of a multi-UAVs system
is more than that of a stand-alone system. On the contrary, the number of key
frames is less than that of a stand-alone system. It can be concluded that the
multi-machine system can reduce the number of extracted keyframes and the
complexity of the algorithm. However, the multi-machine system has the more
map points, the more fusion map information, and the higher map accuracy.
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Fig. 8. The number of mappoints and keyframes.

Table 1. The number of looping closing

Single UAV MultI-UAV

Number of LC 6 13

Number of mutually LC – 7

Table 1 describes the number of loop closing, in which, the number of recip-
rocating loops can be increased by multi-machine information fusion in a multi-
machine system, thereby improving the positioning accuracy and robustness of
the entire system.

5 Conclusions

We propose a collaborative framework of visual SLAM algorithm with a multiple
UAVs system. While the small UAVs run real-time visual odometry onboard
independently, the computationally more powerful central server aggregates their
experiences, searches for loop closing and merges maps. Communicating merged
and optimized information back to the agents, the agents are able to operate on
updated information, enabling better and more consistent estimates.

In the proposed framework, a series of mutually closed loop will be detected
and executed by multiple UAVs within the position map. Compared with some
existing frameworks, the final feedback can improve the positioning accuracy of
each agent. At the same time, there are also problems. The processing capability
of the central server directly affects the real-time nature of map fusion and
feedback. In practical applications, communication is used. The real-time nature
of the entire framework is also an important part of it. A good communication
environment, the availability and reliability of transmission are also important
factors that determine the quality of the final map fusion.
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