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ABSTRACT

We consider a drone-based vision sensor network that cap-
tures collocated viewpoints of the scene underneath and
sends them to a remote user for volumetric 360-degree nav-
igable visual immersion on his virtual reality head-mounted
display. The reconstruction quality of the immersive scene
representation on the device and thus the quality of user ex-
perience will depend on the signal sampling rate and location
of each drone. Moreover, there is a limit on the aggregate
amount of data the network can sample and relay towards
the user, stemming from transmission constraints. Finally,
the user navigation actions will dynamically place different
priorities on specific viewpoints of the captured scene. We
make multiple contributions in this context. First, we formu-
late the viewpoint-priority-aware scene reconstruction error
as a function of the assigned sampling rates and compute
their optimal values that minimize the former, for given
drone positions and system constraints. Second, we design
an online view sampling policy that takes actions while ex-
ploring new drone locations to discover the best drone net-
work configuration over the scene. We characterize its ap-
proximation versus convergence characteristics using novel
spectral graph analysis and show considerable advances rel-
ative to the state-of-the-art. Finally, to enable the drone
sensors to efficiently communicate their data back to the ag-
gregation point, we formulate computationally efficient rate-
distortion-power optimized transmission scheduling policies
that meet the low-latency application requirements, while
conserving the available energy. Our experimental results
demonstrate the competitive advantages of our approach
over multiple performance factors. This is a first-of-its-kind
study of an emerging application of prospectively broad so-
cietal impact.

1. INTRODUCTION

Cyber-physical /human systems (CPS/CHS) are set to play
an increasingly prominent and important role in our lives
and society, advancing research and technology across dif-
ferent disciplines at the same time. Virtual/augmented real-
ity (VR/AR) and drone swarms are two emerging CPS/CHS
technologies of prospectively broad societal impact. VR/AR
suspends our disbelief of being there (at a remote location),
akin to virtual human teleportation [1]. Its ongoing explosion
onto the market and into the mainstream® is a forerunner of

! As evidenced by the flurry of related devices, services, and
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the opportunities lying ahead. In brief, by equipping us with
the capacity to travel virtually and apply super-human-like
vision, VR/AR can help us achieve a broad range of tech-
nological and societal advances?. Drones can have a similar
transformative impact on remote sensing applications, by
lowering their cost and extending their scope [3].

We envision a future where drone-deployed VR/AR im-
mersive communication will break existing barriers in re-
mote sensing, monitoring, localization, navigation, etc. The
thereby achieved advances will benefit diverse applications
spanning the environmental /weather sciences, public/national
safety, disaster relief, and transportation. By dispensing
with the need for our physical presence (transportation)
there, they will make impact on climate change®, as well.
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Figure 1: Virtual human teleportation via drone networks.

In this paper, we study a multi-view sensing drone net-
work that delivers a VR immersive communication session to
a remote user, as illustrated in Figure 1. The drones are spa-
tially distributed over an area of interest, recording different
viewpoints V; of the scene underneath. The aggregate com-
munication capacity of the sensing system is C' and needs
to support the delivery of the captured data to the remote
user, for volumetric 360-degree-navigable visual immersion
in the scene on his VR device. The reconstruction quality
of the scene will depend on the location of each drone, the
sampling rate R; at which each V; has been acquired, and
the user navigation actions on the VR device.

platforms appearing on the market, released broadly by elec-
tronics/device manufacturers and Internet companies, and
stunning investment/acquisition deals/growth rates. It is
expected that AR/VR revenue will hit $150B by 2020, dis-
rupting the mobile market along the way [2].

2Seeing from multiple 3D perspectives, around and through
obstacles, and in ways not possible before will lead to knowl-
edge discovery that will considerably enhance human and
machine perception and decision making in diverse tasks.
These gains will stimulate societal-scale applications that
will enhance energy conservation, quality of life, and the
global economy.

3 According to the U.S. Environmental Protection Agency,
human transportation contributes to 1/3 of our carbon emis-
sion footprint [4]. Climate and weather disasters attributed
to climate change alone cost the American economy more
than $100B in 2012 [5].



There are multiple objectives that we pursue in this con-
text. First, we formulate the viewpoint-priority-aware scene
reconstruction error as a function of the assigned sampling
rates and compute their optimal values that minimize the
former, for given drone positions and system constraints.
Second, we design an online view sampling policy that takes
actions while exploring new drone locations to discover the
best drone network configuration over the scene. We charac-
terize its approximation versus convergence characteristics
using novel spectral graph analysis and show considerable
advances relative to the state-of-the-art. Finally, to enable
the drone sensors to efficiently communicate their data back
to the aggregation point, we formulate computationally effi-
cient rate-distortion-power optimized transmission schedul-
ing policies that meet the low-latency application require-
ments, while conserving the available energy. Our exper-
imental results demonstrate the competitive advantages of
our approach over multiple performance factors. This is a
first-of-its-kind study of an emerging application of prospec-
tively broad societal impact.

Due to the complex interdependencies of the three system
aspects above, in this preliminary study, we analyzed and
optimized each individually, while still keeping them cou-
pled in their design/operation through the selected sampling
rates that appear in each. Motivated by our preliminary re-
sults and advances, we plan to investigate their tighter in-
tegration, as part of our ongoing/future work efforts, and
analytically quantify the benefits of such an approach. Sim-
ilarly, we plan to derive further theoretical insights and anal-
ysis of our optimization methods as part of a follow-up study,
which could not be included here due to limited space.

The rest of the paper is organized as follow. First, we
review related work in Section 2. Then, we describe our
system modeling in Section 3, which is followed by a for-
mulation of the space-time view sampling problem for a
given drone network in Section 4. Analysis and optimiza-
tion solution of this problem are provided in Section 5. Our
online algorithm for cooperative drone sensing and control
is described subsequently in Section 6. Finally, the design
of the computationally efficient rate-distortion-power opti-
mized transmission scheduling policies that the drones will
facilitate to communicate their data is included in Section 7.
Comprehensive experimental analysis and benchmarking are
provided in Section 8, and we conclude in Section 9.

2. RELATED WORK

Drone-based vision sensor networks for remote VR immer-
sion is a new topic that has not been studied before. Closely
related areas include ground-based multi-camera wireless
sensing for multi-view systems [6], immersive telecollabora-
tion [7, 8], multi-view video coding/communication [9-12],
and 360° video streaming [13,14]. Another related area is
graph-based signal processing for time-varying point clouds
used in AR applications [15,16]. Finally, machine learn-
ing applied to aerobatic helicopter control has been stud-
ied in [17]. Our objective of selecting the best scene view-
points to capture for remote VR immersion is very different
from state-of-the-art robotic exploration studies that aim to
traverse a collection of (aerial or ground-based) waypoints
such that the travel time is minimized or an information
metric about the monitored phenomena is maximized [18-
20]. Similarly, weighted random walks have been used used
in robotics before, however, the present study is the first
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to formally characterize and control the trade-off between
achieved expected reward and policy convergence time of
reinforcement learning for UAV path planning, via spectral
graph analysis and such models.

3. SYSTEM MODEL

Let V = {V1,.. .,VN} be the collection of aerial view-
points captured by the drones. For every drone v € V
(the association between captured viewpoints and UAVs is
unique), let R, denote the temporal (data) sampling rate
used in capturing viewpoint v. The aggregate transmission
capacity the swarm can use to send the captured data is C.
The VR device constructs a 3D 360°-navigable video rep-
resentation of the scene of interest from the captured view-
points. Finally, let R = (R1,..., Ry) denote the aggregate
sampling rate vector.

4. SPACE-TIME VIEW SAMPLING

Let Qr = quV 7, Qv (R) denote the reconstruction quality
of the scene on the VR device, where V denotes the aggre-
gate view space for the scene, @, is the reconstruction qual-
ity of an arbitrary viewpoint v € V, and =, is the popularity
(relevance) of viewpoint v for the user?. In words, Q; rep-
resents the expected reconstruction quality observed by the
user across V. Virtual (non-captured) views v € V are syn-
thesized for the user from the captured data via geometric
signal processing® (DIBR [23]).

The problem of interest can then be formulated as

m}ngz, subject to: Z_Ri <C. (1)

Note that R in essence samples the viewpoint locations V'
across time and space, simultaneously. In particular, R; = 0
signifies that signal/location V; is not sensed (at all). Note
also that Qr integrates the impact of the latency and inter-
activity requirements of the VR application.

5. ANALYSIS AND OPTIMIZATION

In our recent work [10], we have shown that when virtual
view v € V is interpolated via DIBR from the two nearest
sampled viewpoints Vi, V; € V), its reconstruction quality
Q. (R) can be represented as a linear function of Qv,(R;)
and Qv, (R;), each multiplied by polynomial powers of x,
the relative position of v with respect to them.

Armed with this representation of @, (R), for virtual views
v, we can reformulate the objective in (1) by grouping terms
associated with Q;(R:) = Qv, (R:), Vi, to have

Qi(R j : e
m}ngale(Rl), subject to ZR <C (2)

where the weights a; > 0 represent the aggregated terms.
(2) now represents a convex optimization problem [24]. In
particular, the weights «; can be normalized to add to one,
and the functions Q;(R;) can be accurately represented as
concave functions exp(—3;R;) [25]. Thus, (2) can be effi-
ciently solved using convex optimization methods [24].

4This quantity stems from the user view navigation pattern.
5This operation requires scene depth signals that can be
captured via IR sensors [21] or estimated from the captured
viewpoints (color signals) [22].



6. COOPERATIVE DRONE SENSING

We consider that the drones can sample viewpoints of the
scene from a collection of locations (way-points) {l;} that we
model as a graph. Due to the scene characteristics and topol-
ogy, we assume there is a non-uniform cost ¢;; of traversing
the link between every two adjacent locations [; and [;. We
discretize time and consider that at every time slot ¢, a drone
can either stay at its current location (hovering) or move to
one of the neighboring locations. Let S; denote the current
configuration (state) of the drone swarm across the graph.
At the onset of the next time slot ¢ + 1, the swarm can col-
lectively transition into another state denoted as Si41. The
values that S;11 can attain depend on S;. Let a = Si+1 de-
note the state transition action the swarm will take at time
t+1. Furthermore, let r(St, a) denote the reward the swarm
will earn at time t+41 by carrying out a, given S;. We formu-
late r(St, a) as u(St,a) — ¢(St, a), where u(St, a) represents
the utility the swarm will achieve by taking action a, given
the current configuration S;. Similarly, ¢(S¢, a) represents
the cost incurred by taking action a given S, accounted for
as the sum of all cost factors ¢;; activated by executing a. In
our case, ¢(St, a) captures the energy the swarm expends to
move from state S; to state Si+1 over the scene, while the
utility u(St, a) represents the scene reconstruction quality
Qr = [,cp WwQu(St+1, R).

We are interested in finding the path planning policy = :

S¢ — a that will maximize the cumulative reward ), 7(S¢, a).

In addition to the necessarily online nature of 7, which will
have to explore different swarm configurations for new in-
formation (reward values) and exploit already gathered in-
formation (known reward values), another major challenge
here is the discrete complex nature of this problem (ezcessive
search space). Thus, we design 7 as a probabilistic policy,
where every prospective action a is selected with probability
pa (having an expected reward objective >, >~ pa 7(St, a)).
This will allow for a richer policy/action space to be ex-
plored/harnessed, enabling connections to random walks,
spectral graph theory, and convex optimization, as well.

Let G = (8, &) denote the state-space graph. We can show
that 7 is equivalent to a non-negative symmetric weight ma-
trix W that defines a weighted random walk on G [26]. Thus,
finding the optimal 7 is equivalent to finding the correspond-
ing W. To reduce the complexity of the latter, we param-
eterize W using a vector § = (01,...,60) and a dictionary
of symmetric weight matrices W, such that W = Zl 0; W,
where >, 6; = 1. The expected reward associated with the
policy induced by 6 is denoted as p(f). Conventional MDP
theory instructs an infinite execution time for an optimal
policy to ensure expected reward maximization [27]. But, in
our case, we want to compute 0 that maximizes p(6) quickly,
for better scene dynamics adaptation. Moreover, we want
to be able to characterize/control formally the trade-off be-
tween tolerable policy convergence time and approximate
maximum expected reward earned thereby. Now, executing
W on G is equivalent to running a Markov Chain on it with
the transition probability matrix Py induced by W. Thus,
how quickly our policy achieves the maximum expected re-
ward is equivalent to how quickly the Markov Chain con-
verges to its stationary distribution 7y over S.

We quantify the latter precisely via the mixing time tmix
of the chain, which represents the smallest number of steps
n to run the chain over G to achieve an e-approximation
of wg [26]. In turn, tmix is upper bounded by the second
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largest eigenvalue modulus p(Py) = p(f) of G (i.e., the

1_’1((2,9) [26], where A(e) is a con-
stant. Thus, u(f) governs for how long our policy needs
to run to achieve the maximum reward. Hence, we can ef-
fectively control the latter via the former. Given these ad-

vances, we can formulate our policy optimization problem as

matrix Pp) as tmix(€) <

P1: Maximize: p(0), (3)
subject to: u(0) <o, (4)

0; >0,> ", 0; =1. (5)

P2: Maximize: p(6) — Au(0) (6)
subject to: 6; >0, >, 60; = 1. (7)

where in P1, (4) ensures that the computed policy is suffi-
ciently fast. Our objective in P2 is to use A to control the
trade-off between the achieved expected reward and policy
convergence rate, for effective adaptation to scene dynamics.

Next, we derive expressions for p(6) and w(6). Let po(s, 1)
be the probability that we select policy W; while in state s,
given 0. Then po(s,?) can be computed as
HZHZ(S)

W?V‘g:%

where H;(s) = Zwi(87j)7H(S) = ZW(SJ)-

(8)

po(s,i) =

Then, since action a may appear in multiple policies W;,
given state s, the probability that it is selected can be com-
puted as do(s,a) = >, . ., p(s,i). Consequently, the ex-
pected reward can be computed as:

p(6) = " mo(s) Y do(s, a)r(s, a). (9)

Furthermore, we formulate p(6) as:

u(0) = ||Dy PW Dy — mon/me " 2,

where Dy is a diagonal matrix with diagonal elements taken
from the stationary distribution 7y. We can show that p(8)
and p(0) are convex functions®. Thus, we can address P1
and P2 using tools from convex optimization [24].

(10)

Algorithm 1 Fast Explore and Exploit Learning (FEEL)

Require: 0°,a,\, k = 0, ¢, initial state so

1: repeat

2 Execute the parameterized policy W for N epochs.
3:  Observe and update the earned reward r(s,a).

4:  Compute Vp(0)|pr and Vu(0)]|gx

5:  Update 0" = 6* — o (Vp(0)|gr — N*V () )

6:  Increment iteration counter £ =k + 1

7:  Project 6% back to feasible set (if necessary).

8: until convergence (Change in objective function < ¢)

To verify our idea, we designed a gradient descent with
projection onto convex sets algorithm (FEEL) to solve P2,
shown in Algorithm 1. As the gradients Vp(#) and Vp(6)
can be computed in closed form, FEEL is implemented ef-
fectively, adapting \ at every iteration to ensure fast policy
convergence by initially emphasizing reward structure explo-
ration and then gradually transitioning to expected reward

5To conserve space, we omit this derivation here.



exploitation/maximization [28]. We can analytically derive

the necessary conditions on X to ensure convergence®.

7. DRONE TRANSMISSION SCHEDULING

We model the transmission system of a drone as illus-
trated in Figure 2. The data captured by the vision sensor
is queued for transmission. Power control and transmission
scheduling actions are carried out to decide the packets to
be transmitted next and the amount of transmit power to
be used to carry that out. Via receiver feedback, the trans-
mitter is aware of the current forward channel quality.

Vision sensor Buffer

e =

Figure 2: Drone vision sensor transmission system.

Power control

Transmission
scheduling

Forward
channel

A

The captured viewpoint data is encoded by the vision
sensor. The encoded data units exhibit prediction depen-
dencies, as illustrated in Figure 3, which are induced on
them by the sensor encoder, to increase its compression ef-
ficiency. This, however, makes the decision logic of acting
upon them more challenging, as illustrated next. In partic-
ular, let there be L data units currently enqueued in the
transmission buffer. Each data unit [ is characterized with
its delivery deadline ¢; 4, size B; in bytes, reduction in recon-
struction error AD; of the respective viewpoint that [ will
contribute to, if received and decoded on time, and two sets
of ancestor and descendant data units {j <1} and {j = I},
induced by the encoding prediction dependency graph. ¢; 4
represents the latest time by which [ needs to be received,
in order to be usefully decoded.

o P b ]

Figure 3: The data unit dependencies of an encoded viewpoint.

The forward channel is modeled as a packet erasure chan-
nel, with loss probability € £ €(h,c), where h denotes the
current channel state/quality, as informed by receiver feed-
back, and ¢ the selected transmit power, and transmission
delay 7, which may be non-deterministic, with density p, =
pr(h,c). We consider that ¢ can be selected from a finite set
of possible choices, i.e., power levels, denoted as C.

Now, let 7 = (m1,...,7r) denote the packet transmission
policy of the drone, where m; € {0, 1} indicate the two pos-
sible choices of not sending or sending data unit [ at present
(current time t). Similarly, let ¢ = (c1,...,cr) denote its
transmit power control policy, where ¢; = 0, for [ : m; = 0.
Furthermore, let €(m) £ P{r > t;,a+a—t} be the expected
error of transmitting data unit [ under policy m;, where «
captures the latency/interactivity requirements of the VR
application. It can be computed as

am={ &t

The expected reduction in aggregate reconstruction error
under policy 7 can then be formulated as

D(m,c)=> AD ] (1 —e(m)).
!

=l

if m; =0,
—¢€) ft(l)od+a_tpT7 if m = 1.

(11)

(12)

24

The corresponding transmission rate can be formulated as
Rr(m) = 3., B = >, mBi. Finally, let E(r,c) =
>, am B denote the consumed transmit power. The sender
is interested in solving the following optimization problem

max D(7, ¢), (13)

subject to: Rr(m) < R;, E(m,¢) < Ep,

where Ep is the available transmit power budget. Recall
that R; represents the sampling rate allocated to drone 7.

Note that (13) represents a discrete optimization prob-
lem that is therefore challenging to solve. An exact solution
requires a brute-force search to enumerate the 2% x |C|*
choices that (7, c) can take on as a pair. Instead, we design
a much faster iterative algorithm that computes an approxi-
mate optimal solution at much lower complexity, as follows.

Using the Generalized Lagrange multiplier method [29],
we reformulate (13) as the unconstrained optimization

Izrligl —D(m,¢) + M Rr(m) + Mo E(m, ¢), (14)
where for mathematical convenience, we have replaced the
max operator from (13) with a min operator. A; > 0 denote
the corresponding Lagrange multipliers. Starting from an
initial solution, we then iteratively solve (14) one variable
pair (7, ¢;) at a time, while keeping the others ((m;, ¢;), for
J # 1) fixed, until convergence.

Precisely, let (71'(0)70(0)) denote an initial choice for the
joint transmission scheduling/power control policy. Further,
let n =1,2,... denote the iteration count. Select one policy
pair (ﬁl("), cl(n)) to optimize at iteration n, e.g., in a round-
robin fashion, for { = 1,..., L. Set (fix) the remaining policy
() my = (7r§-"71) "), for j # 1, and compute

pairs (7", ¢; ) C

the values of (7™, ¢{™) that solve (14). Increment n and
move on to the next [, until J (7™, ¢™) = J(z("=V =)
where J(m, c) represents the objective function of (14).

By grouping terms in (14) associated with (m, ¢;), we can
formulate the key step of the iterative optimization as

o

,C

™ = argmin $e(m) + A\m By, (15)
T5CL

where A = A1 + X2c and Sl(") = > AD; Hmjjm¢l(l -

e(wM). Sl(") captures the impact of data unit [ on the
reconstruction quality of viewpoint 7. The optimization is
guaranteed to converge, as the objective function J(m,c) is
bounded from below and is monotonically non-increasing at
every iteration. It is formally described in Algorithm 2.

Algorithm 2 Optimal transmission scheduling policy

Require: 71'1(0)7 01(0)7 A1, A2,n =0,60
1: repeat

2: mn=n+1;1=(n mod L)
3. Solve (15) = =™, ™

4

: until convergence (J("*l) —Jgn < 0)

8. EXPERIMENTS

We carry out experiments to evaluate the effectiveness of
our framework. They involve aerial viewpoint data captured
in both, a controlled laboratory setting and an outdoor (in-
the-wild) environment [30]. For reproducibility and scien-
tific analysis, our experimentation methodology was carried



as follows. Viewpoint data was acquired using DJI Phantom
4 UAVs equipped with 4K cameras and 4G LTE dongles [31].
Since this is a proof-of-concept study of a novel application
and given the limited space here, we only considered a one-
hop aerial network in our experiments. That is, each UAV is
directly connected to a ground-based base station to which
it sends its data. We collected measurements of the wireless
link to the base station for different UAV locations. These
traces and the UAV captured data were then used to ap-
ply our optimization framework components via numerical
simulations. The viewpoint popularity distribution =, was
compiled based on traces of user head movement motion that
we collected. We designed a reference system to compare to,
as follows. The drones sample the captured viewpoints at
equal rate R; = C'/N (uniform allocation) and employ con-
ventional Automatic Repeat Query (ARQ) scheduling [32]
to transmit the captured data towards the destination. The
reference system is denoted as Baseline and our optimization
framework as Optimal, henceforth. H.264 video encoding is
used to encode the captured viewpoint data at each drone.

Sampling Efficiency: Reconstruction Quality Vs. Sampling Capacity
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Figure 4: Recon. quality vs. sampling capacity (outdoors).

Sampling efficiency. In Figure 4, we examine the sam-
pling efficiency of our framework relative to the baseline ref-
erence. In particular, we graph the achieved expected scene
reconstruction quality (the inverse of the objective in (1))
versus the available sensing capacity, for the two methods.
It can be seen that the optimization is able to leverage the
available resources much more effectively, enabling consid-
erable reconstruction quality gains over the baseline system,
for the same C. Furthermore, we can see that Optimal is
able to upscale its performance at much higher rate as C
is increased, relative to Baseline. The equivalent results for
the indoor data look similar. To conserve space, we do not
include them here.
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Online policy learning. To examine the efficiency of
our algorithm for cooperative drone sensing and control from
Section 6, denoted as FEEL (Algorithm 1), we compared it
to a state-of-the-art learning method based on adaptive dy-
namic programming (ADP) [33] and observed that FEEL
demonstrates considerable performance gains. In particu-
lar, we applied both methods to data we collected in our
lab associated with a small state-space graph of prospective
drone network states over the scene comprising 32 states.
The achieved normalized expected reward versus the num-
ber of executed algorithmic steps is shown in Figure 5. We
can see that FEEL notably outperforms ADP by leveraging
its ability to initially explore the policy space quickly.
Transmission Scheduling Efficiency: Reconstruction Quality Vs. Sampling Rate Mismatch
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Figure 6: Transmission efficiency versus rate mismatch AR; (%).

Transmission/power scheduling efficiency. We carry
out two experiments here to examine the adaptivity of our
transmission scheduling to sampling rate mismatch and its
robustness to unreliable transmission, respectively. In par-
ticular, in the first experiment, we consider that the cap-
tured viewpoint data {V;} has been sampled at assigned
target sampling rate R; (12 MBps here), however, the ac-
tual available transmission rate at which it can be sent to
the ground-based back-end station is smaller, due to tem-
poral channel fluctuations. We measure the expected re-
construction quality of the viewpoint for different values of
the mismatch AR;, expressed in percent of R;. These re-
sults are shown in Figure 6. We can see the our approach
offers a graceful degradation as AR; is increased. In fact,
due to its rate-distortion optimized design, our transmission
scheduling is able to select the most important data units
to transmit such that its transmission efficiency is consis-
tently maximized across the whole range of sampling rate
mismatch values examined, which in turn minimizes the re-
duction in reconstruction quality of the viewpoint, due to
the latter, as evident from Figure 6. On the other hand,
even a small mismatch can degrade the end-of-the-end per-
formance of the baseline scheduling method considerably, as
Figure 6 shows, due to its signal-agnostic operation.

The second experiment measures the achieved reconstruc-
tion quality as the average packet loss rate € on the aerial
network link is increased. These results are shown in Fig-
ure 7. We can see that our transmission scheduling offers ro-
bustness and graceful degradation to increasing packet loss,
without dramatically penalizing the end-to-performance. On
the other hand, the baseline system exhibits a considerable
degradation in performance, even for small packet loss rate
values, which then progressively increases further, as the
packet loss increases, as shown in Figure 7.

Finally, we observed in our experiments that in normal
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operation conditions our power control scheduling consumes
approximately 25-30% less transmit power relative to the
baseline reference due to its optimized design. This implies
that our design can operate on a considerably tighter energy
budget, while still delivering the same performance, which
is encouraging for practical deployment.

9. CONCLUSION

We studied drone-based vision sensor networks for virtual
human teleportation, where the drones capture collocated
viewpoints of the scene underneath for remote volumetric
360-degree navigable visual immersion on a VR device. Our
contributions in this context are multiple. First, we for-
mulated the viewpoint-priority-aware scene reconstruction
error as a function of the assigned viewpoint sampling rates
to each drone and compute their optimal values that mini-
mize the former, for given drone positions and system con-
straints, where the viewpoint priorities are induced by the
user navigation actions. Second, we design an online view
sampling policy that takes actions while exploring new drone
locations to discover the best drone network configuration
over the scene, as the drone network does not have an a
priori scene viewpoint knowledge. We characterize the ap-
proximation versus convergence characteristics of our pol-
icy using novel spectral graph analysis and show consider-
able advances relative to the state-of-the-art. Finally, to
enable the drone sensors to efficiently communicate their
data back to the aggregation point, we formulate computa-
tionally efficient rate-distortion-power optimized transmis-
sion scheduling policies that meet the low-latency appli-
cation requirements, while conserving the available energy.
Our experimental results demonstrate competitive advan-
tages over conventional methods employed in practice and
motivate further investigation.
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