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Navigationis a crucial capability for both animals and robots. Although tiny flying
insects can robustly navigate over long distances’, state-of-the-art robot navigation
methods are computationally expensive and therefore restricted to large robots?>.
Here we propose ‘Bee-Nav’, a highly efficient navigation strategy inspired by the visual

learning flights of honeybees* . In equivalent robotic learning flights, a tiny neural
network is trained to map omnidirectional images to a home vector based on path
integration. After learning, the robot can fly far away from home, come straight back
using path integration and cancel integration drift using the visual homing network.
Simulations showed that, for realistic path integration accuracies, the neural network
requires training on only approximately 0.25-10.00% of the total flight area. In real-
world indoor and outdoor experiments, a small drone successfully returned to within
0.5 mofhome for100% of 30-110-m flights and 70% of 200-600-m flights in windy
conditions, using 3.4-kB and 42-kB neural networks, respectively. The proposed
navigation strategy will be vital for resource-constrained robots that perform tasks
while travelling from and to ahome location. Furthermore, it provides new perspectives
onthe neuroethology of insect navigation, from how visual learning shapes homing
trajectories to the nature of cognitive maps.

Small robots are at present deprived of the autonomous navigation
capabilities necessary for real-world applications. Resource-restricted
robots, such as lightweight flying drones”®, can simply not carry or
power the required computational systems for high-precision, map-
based autonomous navigation®?, Despite efforts towards improved
computational efficiency, navigation based on detailed metric maps
still requires a high-end laptop® or a GPU-enabled embedded com-
puter'. Efficiency can be improved by sacrificing map accuracy, storing
it as a topological graph with nodes as places and edges as paths™*2,
However, the robot still needs to recognize where it is and adjust the
map accordingly, leading to increased computational requirements
for larger trajectories™”, This limits the navigation range of the most
efficient map-based robot navigation methods. The state of the art is
atiny flying robot that uses 500 kB of memory on a low-power Al chip
for navigatingina4 x 5-marea™.

Nature shows that extremely resource-efficient, long-range naviga-
tionis possible. Smallinsects such as honeybees robustly navigate up to
several kilometres from their hive. Theirimpressive navigation capa-
bilities rely on two components®. The firstis path integration’®, which
allows insects to estimate their position with respect toastarting point
by integrating the directions and distances travelled. Because path
integration is subject to increasing drift, insects also rely on a second
component called view memory, which is the act of recalling visual
landmarks and their relation to places of interest”. Path integration
is well understood by now, even to the neuronal level'®. By contrast,

the precise working of view memory and its interplay with path inte-
grationis less clear.

Lured by the navigational feats of insects, roboticists have proposed
variousinsect-inspired navigation strategies. The predominant strat-
egyisroute-following, which typically relies on view memory to retrace
the outbound trajectory during the returnjourney'2*, Route-following
isasuitable strategy for navigating in highly cluttered environments,
butin open areas, it can make the return journey unnecessarily long.
Indeed, insects suchas honeybees and desert ants tend to return home
withanew straight path, even after long tortuous outboundjourneys?%
(Fig. 1a). During the return journey, insects rely initially on path inte-
gration and then increasingly on view memory when nearing their
home? 2,

The idea of combining path integration and view memory in this
manner formed the basis for the seminal work on ‘Sahabot 2, amobile
ground robot that navigated in the desert®®. However, separate experi-
ments were performed for path integration and visual homing?, and
subsequent studies did not explore their combined use. For pathinte-
gration, it has been shown that accuracy benefits from combining
several sensory cues with amotion model, including proprioception,
optical flow, airflow sensors and polarization sensors?*°. The accuracy
reached with bioinspired mechanisms can be impressive: for exam-
ple, 1.5 mdrift per 100 m for aflying robot. In terms of view memory,
there has also been substantial progress®, in which vision algorithms
moved from landmark recognition®%, through the matching of
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Fig.1|Illustration of the proposed robot navigationstrategy, Bee-Nav,
inspired by honeybeelearning and foraging flights. a, Before foraging,
honeybees first perform ‘learning’ flights (dark-grey line) close to home (star).
Subsequently, they can fly out far away from home (teal line) and come back in
analmoststraightline (orange and red lines). Scale bar,100 m. b, In Bee-Nav,
therobotalso first performs alearning flight, capturing omnidirectional
images while using path integration for maintaining a vector (orange arrows)
pointing to the homelocation. A neural network s trained to map theimages
tothe home vectors. The trained network encodes animplicit view memory
withinthelearned homingarea (LHA) enclosing the learning flight trajectory
(dashedcircle). c, After learning, the robot can execute along outbound flight
to performatask of interest (teal line), while maintaining ahome vector based
onpathintegration. It can then performastraightinbound flight (orange line)

snapshots®?3*, to neural networks for interpreting natural scenes® %,
Neural networks hold the potential to compress the view memory fora
large visual homing areain asmall parameter space. Inarecent robotics
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using pathintegrationuntilit supposedly arrives home.If the robotisinside
theLHA, it cancancel theaccumulated pathintegration drift by performing
visualhoming withits neural network (red line). It does this by making
subsequent ‘steps’ along the homing vectors of the network.d, Therobotin
thisstudy performs pathintegration based on velocity from optical flow and
laser-based height measurements and a heading based ongyro integration.

e, The view memory of the robot consists of asmall feedforward convolutional
neural network that maps an unwrapped omnidirectionalimage toahome
vector. The centre of the view corresponds to the heading of the robot (solid
blackline) and the home directionis predicted by the neural network (vertical
redline). Because the learning targets areimperfect path-integration-based
home vectors, the neural network estimates are typically close but notidentical
tothe homedirection (vertical dashed blackline).

study, asmall 9-kB neural network enabled visual homing for distances
up to 18 min an outdoor environment®. The neural network trans-
formed images directly to right or left steering commands. Learning



was performed online with a biologically plausible neural network
structure and learning mechanism, inspired by the insect mushroom
body™®. The learning targets consisted of the angles from the robot to
the home as obtained with the Global Positioning System (GPS)*. For
independence of externalinfrastructure, the targets could be obtained
from pathintegration.

Despite these advances, a critical gap remains: how to integrate the
complementary mechanisms of path integration and view memory
into a unified strategy for efficient, long-range navigation.

Honeybee-inspired learning flights for navigation

To address this gap, weintroduce arobot navigation strategy inspired
by honeybee learning flights. Honeybees perform one to several such
short flights before they depart on longer exploration or foraging
trips*® (Fig. 1a). After learning flights, honeybees can immediately
forage far away, while flying back in an almost straight line. On the basis
of our preliminary simulation study*°, we have developed a navigation
strategy, named Bee-Nav, whichis both highly efficient and suitable for
long-range robot navigation. In the strategy, a robot first performs a
learning flight (Fig. 1b), during which it trains a small on-board neural
network tomapits visual inputs directly to ahome vector. This vector
represents the direction and distance home from the point of view
of the robot (Fig. 1d,e). The learning is self-supervised, as the target
vector is determined with path integration. Self-supervised learning
is a form of associative learning that is quick and requires only a few
sampleimages and target vectors. However, because path integration
drifts over time, the target vectors increasingly deviate from the true
home vectors. We study the effects of this deviation on the resulting
visual homing behaviour. The trained neural network represents a
view memory, allowing the robot to visually estimate the home loca-
tion within an area circumscribing the learning flight trajectories. We
refer to this area as the learned homing area (LHA) and approximate
itwithahome-centred circle. After learning, the robot can fly far away
from home and come back along a straight trajectory based on path
integration (Fig. 1c, orange line). As long as the robot ends up in the
LHA, it can cancel any accrued pathintegration drift with its onboard
visual homing neural network (Fig. 1c, red line).

Simulation experiments

The efficiency of Bee-Nav depends on the LHA being small compared
with the total flight area. In simulation, we investigated how large the
LHA needs to be for different amounts of path integration noise. The
simulated robot used path integration while flying 1,000 different
outbound trajectories, following a block-wave pattern that could be
useful for asearch mission (Fig. 2a). Each outbound flight was followed
by astraightinbound trajectory back home based on noisy path inte-
gration, leading to an end point offset from the home location. We used
aGaussiannoise model, which assumed the heading to drift over time.
Specifically, noise was added to the heading estimate after each time
stepinthe simulation from the normal distribution A0, tollf), withtin
seconds. The distance estimation noise was modelled as N(O, dadz),
with d the distance covered during the time step in metres. We fit the
parameters of the noise model to the real robot’s straightforward path
integration method (Supplementary Information Section 11): a tiny
downward-looking optical flow sensor and laser for estimating veloc-
ity and gyro measurements for updating the heading estimate.
Figure 2b shows the percentage of the LHA with respect to the total
flight area for various amounts of path integration noise. Even with
the substantial pathintegration drift of the robot, the LHA only needs
to be 3.84% of the total flight area to capture 99% of the journey end
points (Fig. 2b, 0, = 0.63,0,= 0.10). The lines represent different scaled
versions of the robot’s noise (both standard deviations multiplied by
afactor ranging from 0.1to 1.5). Moreover, the LHA was 0.74% when

odometry noise was similar to that of a more advanced, computa-
tionally more expensive method for visual odometry, SVO+GTSAM*.
Finally, the noise model was fit to a bioinspired odometry method
with a magnetometer heading measurement® for more precise path
integration*, resultinginan LHA percentage of only 0.24%. Insects also
exploitabsolute heading measurements to reduce integration drift, for
example, through the polarization of sky light. A coarse approximation
of the path integration accuracy of desert ants” and honeybees* led
to LHA percentages of 7.6% and 3.4%, respectively (Supplementary
Information Section 11).

A small LHA implies that the neural network can also be small, ena-
bling inference on limited, energy-efficient computing hardware.
To quantify the visual homing performance, we performed further
experimentsinthe visually realistic NVIDIA Isaac simulator with asmall
42.3-kB attention neural network (Fig. 2c). The learning flight trajec-
tory (Supplementary Information Section 6) fitsinal0-m-radius circle
around the home location. The simulated robot performed visual hom-
ing, following the vectors output by the network, starting at various
distances fromthe home location. Figure 2d shows the results of 800
simulated visualhoming runsin ten different randomly generated for-
ests. The success rate of the proposed strategy was 100% within the LHA
radius and, depending onthe environment, generalized evenup to 2.5
times the LHA radius. This generalizationbeyond the LHA is supported
by our theoretical analysis (Supplementary Information Sections 1-5).
Figure 2e shows 16 visual homing runs of Bee-Nav, starting at two times
the LHA radius. The visual homing runs that failed typically got stuck in
local minima outside the LHA, close to trees that obstructed the view.
Within the LHA, the angular errors of the network were smaller than
about40°and the distance errors were smaller than2 m (Fig. 2f). Visual
homing will generally be successful if angular errors stay below 90°.

We compared the visual homing of Bee-Nav with two alternative
approaches (Fig. 2d). First, we compared it with a snapshot-based
approach® that relies on comparing views around the current posi-
tion with a single snapshot taken at the home location (red lines).
Itstarted to deteriorate as soon as the view became too different from
the home snapshot. Second, we devised a ‘perfect memory’ approach
that stored all of the images and target vectors gathered during the
learning flight as snapshots. During navigation, the simulated robot
compared the currentimage with all stored snapshots. It selected the
k=3Dbest-matching snapshots and followed the average of their target
vectors. The visual homing of Bee-Nav is substantially more efficient
and more accurate thanthe alternative approaches. We expect that the
better performance outside the LHA compared with perfect memory
is because of the ability of the neural network to attend to relevant
landmark objects, even if they are further away and hence smaller in
image size. Finally, a comparison was made with a biologically plau-
sible mushroom-body-inspired approach®. Although showing great
promise, it does not yet achieve similar performance to Bee-Nav (Sup-
plementary Information Section 12).

Robot experiments

We successfully implemented Bee-Nav on a small flying drone, per-
forming real-world experiments in different environments (Figs. 3
and 4). The drone was fitted with an omnidirectional camera and a
Raspberry Pi 4 for executing the small neural networks for visual hom-
ing. In our experiments, we used two types of network: a ‘compact’
3.4-kB five-layer neural network and aslightly larger, 42.3-kB eight-layer
‘attention’ neural network (Methods). Because our main interest was
to verify the performance of the proposed strategy in various environ-
ments, we predominantly trained the neural networks after the learning
flight onan Apple MacBook Air ground station laptop (offline, offboard
training). For most real-world applications, offboard learning will be
acceptable. However, onboard learning would improve the robot’s
degree of autonomy. Hence, we also tested onboard, offline learning

Nature | Vol 653 | 28 May 2026 | 1041
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Fig.2|Simulations of homing flights, showing the main characteristics of
the proposed strategy in terms of efficiency and effectiveness. a, Results of
1,000simulated foraging flights, inwhich arobot used pathintegration while
firstflyingasearch patternoutbound trajectory and thenastraightinbound
trajectory home (star). Teal and orange dots represent end points of the
outbound andinbound flights, respectively. The dashed teal circle contains
99% of the outbound flight end points, whereas the dashed grey circle contains
99% of the inbound end points. For the expected robot path integration noise,
theareaoftheinnercircleis 3.84% of the area of the outer circle. b, Effect of
pathintegration noise level on the relative areaof the LHA with respect to
the total flight area for methods with and without a compass. ¢, Image of the
artificially generated landscape used in the simulation learning flight and
homing experiments.d, Visualhoming resultsin ten different simulated forest

and onboard, online learning (that is, after and during the learning
flight, respectively).

First, we tested the neural-network-based visual homing in a
10 x10-mindoor flight arena (Fig. 3a). Despite real-world path inte-
gration noise on the learning targets, the drone successfully ended
up within 0.5 m of the home location in 100% of the 48 homing flights
(Fig. 3band Supplementary Video 1). Direction errors were predomi-
nantly below 40° and distance estimation errors below 1.5 m (Fig. 3c).
All manners of learning led to successful homing (Fig. 3b). Notably,
onboard, online learning performed slightly better than onboard,
offline learning. This is probably because of the different angle reso-
lution when performing data augmentation (Extended Data Table 1).
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home vector estimation for the test setimages of the LHA of one environment.

Still, offline, offboard learning, which uses more learning iterations
and data augmentation, gave the most accurate predictions and the
shortest homing paths. Hence, we used this way of learning for the
remainder of the experiments.

Subsequently, we applied the full navigation scheme to larger envi-
ronments, using the compact neural network. Time lapses of one of
those experimentsina30 x 40-mindoor hall, with all of the phases of
Bee-Nav, show successful homing even under large drift (Fig. 4a and
Supplementary Video 2). We made the robot meander during the out-
bound flight to cover alarge distance during this flight phase. The uni-
formly textured floor posed challenges to visual odometry, occasionally
resultinginasubstantial displacement after the path-integration-based
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10 x10-m CyberZoo flight arena, quantifying the performance of the
proposed visualhoming networks. a, Time-lapse image of one experimental
set-up showing four visual homing flights in ascene containing obstacles, such
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theedge of thearenawith avarying heading, moving towards home (located at
thecentre, indicated by thered cross onthe ground) using the output from
the homing network at each step (Supplementary Video 5). b, In adifferent
environment set-up, atop-view plot showing eight visualhoming trajectories

phase of theinbound flight. The subsequent visual homing effectively
cancelled path integration drift.

Moreover, we performed long-range flights at alarge, wide-open out-
doortest terrain with a permissible flight area of 400 x 500 m (Fig. 4b).
This resulted in new challenges. For example, the presence of strong
wind led tolarge compensatory attitude angles, requiring algorithmic
adaptations to compensate for the resulting camera tilt (Methods).
Other challenges included quickly changing lighting conditions and
the absence of close-by landmarks. Hence, at this location, we added
several objects to the ground to serve as landmarks (Extended Data
Fig. 6f). Because the compact network did not reach sufficient predic-
tion accuracy in this environment, we used the attention network for
homing (Supplementary Information Section 13).

The robotic experiments confirm the effectivity and efficiency of
Bee-Nav. For most environments, with outbound flight distance in
the range 30-110 m, the homing success was 100% (Fig. 4c). Only for
the largest outdoor environment, with flight distances in the range
200-330 m, homingsuccess reduced to 80% during days with low wind
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reaching 0.5-mareas around home (dashed grey lines) starting from different
starting locations (grey pentagons). The trajectories are guided by models
trained in each of the six learning set-ups: attention network and compact
network trained offboard, offline (cyan and blue); attention network and
compactnetwork trained onboard, offline (purple and red); and attentionand
compactnetwork trained onboard, online (green and yellow). ¢, Comparison
of distributions of absolute angle prediction and distance predictionerrors at
eachstep overall considered homing trajectories (1yomingfignes = 8 Per learning
set-up).

conditions and 50% in high winds (mean wind speeds U,;,s >5ms~,
with wind gusts >10 m s™; Supplementary Video 3). The reduced suc-
cess percentage was mainly because of factors such as sun glare and
the wind causing the camerato tilt, thus worsening the visual homing
accuracy when further away fromthe learning flight trajectory. Still, in
thatenvironment, learninga10-m-radius areawith the 42.3-kB attention
neural network sufficed to fly up to 600 m away and come back along
analmost straight 150-m path (Supplementary Video 4 and Extended
DataFig. 8f).

Discussion

We expect our work to have implications for both robotics and biol-
ogy. For robotics, it brings long-range navigation in reach of small,
resource-constrained robots. At present, robotic navigation mainly
relies on creating detailed 3D maps of the environment. These maps
have as advantages in that they (1) allow for optimal trajectory plan-
ning to any place in the environment and (2) may be of interest to the

Nature | Vol 653 | 28 May 2026 | 1043
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a
View memory learning flight

Fig.4|Real-world robotics experiments with the full proposed navigation
strategy in various environments. a, Time lapses of all four phases of the
proposed navigation strategy performed by the robot flyingina30 x 40-m
indoor hallat Unmanned Valley, Valkenburg (UVV), thatis, thelarge indoor area.
b, GPStrajectory of an outdoor robotic navigation experiment at the 400 x 500-m
UVVtesting grounds (the large outdoor area), indicating the different phases of

end user. Bee-Nav purposely sacrifices these advantages to substan-
tially reduce computational requirements. The small visualhoming neu-
ral networks use up to42.3 kB of memory, whichis approximately three
orders of magnitude less than the memory required by high-precision
maps (hundreds of MBs for modestly sized environments®?; Supplemen-
tary Information Section 9). Moreover, the networks are computation-
ally efficient: they easily runontherobot’s Raspberry Pi4 and could even
be suitable for microcontroller processors. This implies substantially
reduced mass, power and economic cost of computing hardware.
Despite its present limitation to a single home location, Bee-Nav
already enables robots to move in an area of interest, perform tasks
there and occasionally return home for recharging or bringing back
data or objects. This will enable swarms of small, lightweight robots
to perform applications such as monitoring crops in greenhouses or
trackinginventory in warehouses. For real-world application, the inher-
ent passive safety brought by lightweight robots** will be essential,
because it ensures the safety of human workers. The computational
and memory efficiency of Bee-Nav can also bring benefits for larger
autonomous robots, but this will not extend to all robot scales and tasks.
We identify five research avenues to further improve and charac-
terize the approach. First, the visual homing of the robot should be
followed by the recognition of the home, which could be arecharging
station, and a subsequent precision landing. Second, in the case that
visual homing fails, the robot mightimproveits chances of still arriving
home by executing astructured search—just asinsects do?®. Third, path
integrationin outdoor environments could beimproved by including a
magnetometer or sundetection system for better heading estimation.
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This will substantially extend the navigation range for agiven LHA size
(Fig. 2b). Fourth, the visual homing networks could output notonly a
home vector but also ameasure of uncertainty. This would enable the
robot tostarthomingimmediately whenit starts recognizingthe LHA,
combining information from path integration and view memory?¥.
Moreover, therobot could use its uncertainty to trigger anew learning
flight if the environment around the home changes substantially, for
example, ifanimportant visual landmark is removed.

Fifth, itwould be beneficial to perform adeeperinvestigation of the
environments and conditions in which visual homing neural networks
can successfully learn to predict home vectors. Given the high capac-
ity of deep neural networks, we expect that they will be able to exploit
relevantvisual landmarkinformation, evenif'itis scarce. Nevertheless,
itremainsanopen question how large adeep neural network needs to
be to extract the visual homing information in a given environment
and for a specific size of the LHA. Our experiments show that very
small neural networks (3.4-42.0 kB) may already suffice for LHAs on
the order of about 20-120 m? in different real-world environments.
However, there may be environments for which these networks do not
have sufficient capacity. A robot would be able to detect this by itself,
because it would lead to a high training error. The robot could then
automatically scale up the complexity of the network. Still, there are
environments with scarce visual landmarks, such as long office cor-
ridors with many similar-looking places or large, wide-open terrains.
This would also lead to a high training error, but scaling up the network
would notimprove performance. Inreal applications, either end users
or the robots themselves could choose home locations to ensure the
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presence of identifiable, close-by landmarks. Other conditions could
have an influence on successful learning, such as opaque or dynamic
objects. Dynamic objects that only occupy a small part of the image
(such as the experimenter at some distance from the drone) have a
negligible influence on the predictions (Supplementary Information
Section 8). However, dynamic phenomena that change a large part of
the omnidirectional image, such as sun glare, can affect the perfor-
mance. Dealing with such situations may require modifying the sensor
set-up or performing more image processing (for example, masking
out dynamic objects). Opaque objects in the LHA do not affect the
learning success, as the home vector targets are determined by path
integration (Supplementary Video 5, Supplementary Information Sec-
tion 8 and Fig. 3a).

Forbiology, the proposed strategy offers anew perspective on flying
insect navigation. The robotic experiments have shown that Bee-Nav
successfully passes the test of the real world. One of its essential ele-
ments is that path integration provides the targets for home-vector
learning. In our theoretical analysis, we show that self-supervised
learning on the basis of imperfect path integration estimates leads to
tortuosity of the visual homing trajectory (Supplementary Information
Section 4). We performed a preliminary verification of the potential
biological relevance of this finding by means of reanalysing honeybee
learning and foraging flight data* (Supplementary Information Sec-
tion 7). It shows that the behaviour of honeybees is characteristic of
the considered manner of learning. However, specific experiments will
be necessary to uniquely identify path-integration-based learning as
the cause of the tortuous trajectories. This could involve manipulating
the path integration machinery* of the insect during learning flights
and evaluating ensuing inbound flight patterns. Another notable ele-
ment of the strategy is the learning of a fullhome vector, representing
homing directionand distance. Robotic experiments demonstrated the
use of the vector’s magnitude, allowing speed modulation for faster
visualhoming at larger distances. Knowledge of home distance aligns
with biological observations, both behaviourally***¢and neuronally®®,

To enhance the potential relevance to biology, future work could aim
for biologically more plausible neural networks. A promising avenue
is to enhance the neural networks inspired by the insect mushroom
body*** to estimate higher-resolution directions instead of just dis-
cerning between left and right. This could be achieved by mapping the
Kenyon cellsinthis method to alarger set of output neurons, potentially
representing directions in a similar manner to ring attractors®. It could
alsobe worthwhile revisiting known neural data from, for example, the
insect mushroom body and investigating whether the neural structure
could encode more fine-grained directional data.

Finally, in our current implementation, the robot uses a home vec-
tor, expressedinits body reference frame, for direct action. Moreover,
itlearns only the area around the home location. Hence, the present
proposed navigation strategy does not yet involve any cognitive map
according to the common definition®. In future work, the strategy could
be extended toinclude thelearning of different places and the capabil-
ity to take shortcuts between them. As suggested previously®, if two
different places are storedin memoryinaglobal, home-centred refer-
ence frame, asimple vector subtraction would suffice for determining
thevector from one place to the other along anunvisited path. Although
such an extension to Bee-Navwould be straightforward toimplement
when done with atraditional algorithm, it will be more challenging to
realize this with neural machinery alone. Robotic experiments could
show the costs and benefits of such an extended strategy, helping to
bring the ingredients and trade-offs of using neural cognitive maps
into sharper focus.
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Methods

Simulation experiments

Theresultsin Fig. 2 are based on two simulators: (1) asimplified simu-
lator that was used to determine the ratio of the LHA versus the total
navigation area; and (2) a visually realistic simulator that was used to
test the visual homing with a convolutional neural network in various
generated forest environments.

Simplified simulator. In this simulator, we simulate a drone flying
outwards from a starting position for a given time period and then
trying to return straight home. Reflecting the real experiments, we
model the drone as using a noisy gyroscope measurement for updating
itsheadingand anoisy velocity measurement for estimating its travel
distance. During both the outbound and the inbound flight, the drone
determinesits position with the help of pathintegration. Owing to the
noisy nature of the heading update and the velocity estimation,
the path-integration-estimated position will increasingly drift from
the ground-truth position. We use a Gaussian noise model for path
integration drift”>”**. For ‘compass-less’ pathintegration, as performed
by the real drone, the model adds noise to the heading estimate after
each time step in the simulation. To this end, samples are drawn from
thenormaldistributione,, ~ MO, tauf), inwhichtisthetimeinseconds.
The noise is added to the actual turn rate and accumulates over time,
leading to substantial heading drift: ) < ¢ + ¢ + ¢, Furthermore, the
velocity estimation noise is likewise drawn fromthe normal distribution
&4~ MO, dodz), in which dis the distance travelled in the simulation
time interval. It accumulates in the position estimate of the simu-
lateddrone: X < X + cos(tﬁ)(d+ gpandy «y + sin()(d + £y)- Withthis
“pathintegration noise model, the simulated drone performs a 3-min
outbound flight with a speed of 2 m s™. To simulate a search task, the
simulated drone flies a block-like search pattern, changing direction
after every 40 m. After the outbound flight, the drone attempts to fly
straight home with a higher speed of 4 ms™. Every 0.5 s, the simulated
drone changes its heading to point at the presumed home location.
The simulation run stops when the drone estimates that itis at (0, 0).
The statistics per noise setting are based on 1,000 such simulation
runs. For the investigation of different noise levels, both elements of
the noise model are scaled with the factors (0.1, 0.25, 0.5, 0.75, 1.0, 1.5).
Thesizes of the circular LHA and total flight area are then based on the
99th percentile of the distances from the home location, for both the
outbound end points and the inbound end points. We also model
‘compass-based’ pathintegration, as performed by some robots with
amagnetometer® and by insects by using sky-light polarization* In
that case, at each time step, the simulated drone receives the actual
heading perturbed by Gaussian noise: ¢ < ¢* + &y- Thisleads tomuch
more accurate path integration. For the simulation experiments, we
selected noise settings that resulted in a similar drift to that recorded
in our own experiments or in the literature (Supplementary Informa-
tion Section 11). Notably, we selected 0,= 0.63°and g,= 0.10 mto best
approximate the odometry drift of our own robotic system, which gave
amean yaw drift after 100 s of 5.10° and a mean position drift after
100 mof 0.88 m.

Visually realistic simulator. The main goal of this simulator was to
determine whether a convolutional neural network is able to reliably
estimate home vectors from visually realisticimages, using these esti-
mates to travel to the home location within the LHA. The simulator used
isNVIDIA’s Isaac Sim>*, as it allows quick acquisition of omnidirectional
images. We use a photo of ameadow landscape as background image
and generate a ‘forest’ by placing 40 trees from NVIDIA’s vegetation
library ina 50 x 50-m area around the home location. The trees are
placed uniformly into this area, while ensuring that: (1) a 5-m-radius
circlearound thehomeis free so thatitis accessible; (2) trees are further
away from each other than 5 mto avoid intersection; and (3) there are

maximally three trees in a10-m-radius circle around the home loca-
tion to avoid too much clutter in the learning area. The experiments
reported in Fig. 2 are based on ten such randomly generated forest
environments.

Proposed strategy details. For the aggregate results in Fig. 2, we per-
formed experiments in ten different environments. In each environ-
ment, we first perform a learning flight with the same learning flight
pattern followed by the robot, with parameters 1, = 6, M,4ins =150
and by,.ing = 0.35 (see the ‘Learning flight’ section). As in the real robot
experiments, the learning flight positions assumed by the robot are
different from the actual positions owing to path integration drift. If
aposition risks being inside a tree, it is moved to be 0.5 m away from
thelandmark centre. The learning flight results in 147 images taken in
a10-m-radius area. The noisy positions and headings resulting from
the pathintegration are used for determining the targets for the neural
network learning. We train an attention network (explained later) for
150 epochs by using the Adam optimizer with alearning rate of 0.0005
and batch size of 8. We use 95% of the dataset for training and 5% for
determining a validation loss. During training, rotational augmenta-
tion is used, in which each sample image and target are rotated with
the same uniformly random angle from the interval [0, 2m]. After train-
ing, we simulate a homing run as follows. An omnidirectional picture
is taken at the initial location. It is fed to the neural network, which
determines a home vector that has both adirection and a magnitude.
The vector is used in the same way as on the robot to determine a step
size and direction (see the ‘Use of output’ section). When within 2 m
of atree, the desired motion vector is adapted with a basic artificial
potential field method™ to veer away from the obstacle. After execut-
ing the step, anewimageis taken and the procedure is repeated. Each
run ends when the simulated drone comes within 1.2 m of the home
location or when it has taken 50 steps. For obtaining the aggregated
results in Fig. 2, we perform homing runs at 16 locations for different
distances, equally spread around acircle. Ifaninitial positionis closer
toatreethanlm,itismoved away fromthetree centre to adistance of
1m. Theinitial distance is determined by the radius factor, for which
1.0 places the drone at the edge of the LHA. The investigated radius
factorsare (0.5,1.0,1.5,2.0,2.5).

Snapshot method. We compare the proposed strategy with a snapshot-
based method**. The motivation for choosing this particular snapshot
method is that its performance is robust if the current view is similar
enoughto the snapshot. For this method, a single snapshot is taken at
the homelocation. The simulated drone performs homing as follows: it
first movestoapositionto theleft, right, frontand back of the current
position. At each displaced position, an image is taken. This image is
exhaustively rotated pixel by pixel. For eachrotation, the image differ-
enceD =|I.-I||is determined with the home snapshot, inwhich/,is the
current, rotated image and /;is the snapshotimage. Per displacement,
the minimal image difference min(D) is retained. Having four values
for the image difference allows the simulated robot to estimate the
best direction to reduce the image difference (D,, D,). The robot then
moves 0.5 min that direction. Although this method requires only a
single snapshot at the homelocation, it does require many movements
on the part of the robot. Moreover, exhaustive rotations are compu-
tationally expensive.

Perfect memory method. We also implemented a method that uses the
same learningimages as the proposed strategy but now stores them for
exhaustive matching during navigation. Hence, this perfect memory
method stores 147 ‘snapshots’. At each time step, the simulated robot
compares the currentimage with all snapshot images, using the same
procedure as detailed for the snapshot method—rotating the image
pixel by pixel and retaining the minimal image difference (min(D)) per
snapshot. After this exhaustive image matching, the k = 3 most similar
snapshots are selected and the corresponding target vectors averaged
togive the desired motion vector. This method is inspired by two perfect
memory methods from the literature’ %2, Both of these methods are
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moreefficient than exhaustive matchingin different ways. Inref. 52, only
four snapshots were chosen out of all snapshotimages made onagrid,
onthebasis of an observation that more snapshots did not substantially
improve homing performance. Here we included all snapshots toensure
maximal performance at the cost of more computation. In ref. 51, the
navigation was purely based on left and right commands, depending
onthe homebeing visible in the left or right visual hemisphere during
areal wasp’s learning flight. Here we stored real-valued target vectors,
thatis, withadirectionand adistance, for better performance and more
adequate comparison with the proposed navigation method.

Robotic platform

Robot hardware systems. The robotic platformis a custom-built quad-
copter that operates autonomously, with all perceptionand computing
handled by onboard systems without reliance on external positioning
(Extended DataFig.1). The droneis equipped with aRaspberry Pi 4 as
its primary onboard computer. A Pixhawk 6C Mini flight controller, run-
ning the PX4 autopilot firmware, manages low-level flight control. The
perception system consists of several key sensors. A Raspberry Pi V2
camera fitted with a catadioptric omnidirectional lens (Kogeto Dot
360 panoramiclens) serves as the main vision sensor. For odometry, a
PMW3901 optical flow sensor provides horizontal motion data, whereas
aTFmini-S LiDAR rangefinder measures height for vertical positioning.
These raw sensor data are combined with inertial measurement unit
data by an extended Kalman filter, running on the Pixhawk, to gener-
ate the final odometry estimate (position relative tohome and current
heading).Furthermore, aRealSense D435i depth cameraand TF-Nova
range sensors are attached for some of the experiments and used only
for obstacle avoidance (see the ‘Obstacle avoidance’section). Finally,
a Holybro FOP GPS module is mounted to record ‘ground-truth’ posi-
tion data during outdoor experiments. Other available sensors, such
asthe magnetometer and barometer, are disabled for all experiments
to ensure consistency.

Onboard software. The onboard software operates inamodular archi-
tecture using Docker containers. The primary vision systemresidesina
dedicated ‘camera container’, for which the omnidirectional camerais
activated by anHTTP request. Within this container, captured images are
first preprocessed using the methods detailed in the ‘Image processing’
section. Within the same container, the network then performs infer-
ence and outputsa2D vector that represents the predicted coordinates
ofthehome positioninthe currentbody reference frame of the drone.
This vector is subsequently used to derive the desired yaw angle and
distance to home, which are relayed back to the main navigation node
for flight control. The ‘navigation node’ runs in a separate container
using ROS2. It receives the output from the neural network as well as
currentstate estimates (position and heading) from the PX4 autopilot®.
Onthebasis of this information, it sends high-level control commands
back to the PX4.Sensor data are routed directly to the flight controller:
optical flow data are transmitted by means of UART and distance sensor
data are passed by means of 12C.

Visual homing model

Image processing. A catadioptric omnidirectional camera, which
uses a convex mirror and a vertically oriented lens, captures a 360°
panoramicview. As canbe seenin Extended DataFig. 3a, the raw output
isanannular (ring-shaped) RGB image, in which the central and outer
areas contain no useful visual information. A preprocessing pipeline
isapplied to eachimage. First, the annular region of interest is isolated
using a predefined binary mask. Second, this region is unwrapped
into arectangular panorama through a linear-polar transformation,
implemented with the linearPolar function from the OpenCV library.
Finally, the resultingimage is rotated to align with the body-frame ori-
entation of the drone and resized to 3 x 192 x 1,800 pixels, as required
by the neural network.

Data labelling. The network training uses a self-supervised learning
approach in which ground-truth labels are derived directly from the
onboard odometry data of the drone. As described in Extended Data
Fig. 4, for each captured image, the estimated global position of the

D,
drone to home, represented by the vector p = L’x} and its estimated
y

heading (yaw), ¥4..ne, are logged. The objective is to calculate a target
home vector label, L, which represents the home position in the
body-fixed reference frame of the drone. This vector is computed in
two steps. First, the vector pointing from the current position of the
dronetothe home origin (0, 0) in the world frameis determined, which
issimply —p.Second, this vector is transformed into the reference frame
of the drone by applying a clockwise 2D rotation matriX, R(=¥gone)»
which aligns the world frame with the current heading of the drone.
The final label vector Lis calculated using the following operation:

L= Lx _ Cc's((pdrone) Sirl(l'[)drone) _pX
B LJ’ B _Sin(wdrone) cos(lpdrone) Py

Theresulting components, L, and L, directly represent the coordi-
nates of the home location relative to the forward-facing perspective
ofthedrone. This vector L serves asthe ground-truth label for training
the neural network.

Wind correction. Strong wind conditions (> 5m s withgust>10 ms™)
pose a substantial challenge during outdoor flights, forcing the drone
tomaintainalargetilt angle—up to30°—to counteract the aerodynamic
forces. This tilt introduces two primary issues in the captured omnidi-
rectional images, which can provide false cues to the neural network.
First, if wind conditions cause the tilt of the drone to differ from what
it was during the learning phase, the learned visual cues—such as the
apparent distance from landmarksto the bottom of the frame—become
unreliable. This canlead to afaulty estimation of the true position of the
drone, evenwhenitis at the correct spot. Second, it causes asinusoidal
distortion of the horizonlinein the unwrapped panoramicimage, which
inturncorruptsthe perceived spatial relationships between landmarks.
These problems caused by camera tilt are well knownin the omnidirec-
tional vision-based homing literature. To mitigate these effects, we
correct the distortion by dynamically adjusting the centre point usedin
thelinearPolar unwarping process (also see Extended Data Fig. 3d). Two
methods are used to determine the necessary offset for this unwarping
centre: (1) model-based correction: alinear model maps the current pitch
androllangles of the drone, obtained from the extended Kalman filter,
totherequired x-y offset for the unwarping centre and (2) vision-based
correction: whenaclearhorizonis visible, itis detected in theimage and
used asageometricreference to calculate the centre point that flattens
thesinusoidal distortion. This vision-based method is reminiscent of the
method presented in ref. 58. Both methods have their weaknesses, so
the choice between these two correction methods is made dynamically
onthebasis of environmental conditions. The vision-based correction
isgiven priority in environments with a consistently visible ground ho-
rizon, asitadaptsinreal time to the currentimage and is independent
of other sensor measurements that may be subject to delay. Inenviron-
ments in which a stable horizon is not available, the system defaults
to the model-based correction, which provides sufficient reliability.
Please note that, if the model-based correction relies on attitude esti-
mates based on the inertial measurement unit, it will be susceptible to
drift over time. This can deteriorate the results for long trajectories.

Neural networks. Two neural network models have been proposed for
the visualhoming mode: an extremely lightweight convolutional neural
network (referred to as the ‘compact network’) and an only slightly
larger attention-based Inception network (referred to as the ‘attention
network’). The detailed architecture of these two models can be seen



inExtended DataFig. 2. The compact network is designed for high effi-
ciency, containing four convolutional layers and a final fully connected
output layer with two neurons, with a total of only 868 parameters
(3.4 kB). The attention network has 10,820 parameters (42.3 kB) and
is built on two custom Inception modules®’. Each module uses paral-
lel branches with different kernel sizes, pooling and dilated convolu-
tions to capture features at several scales. Crucially, each module also
incorporates a spatial attention mechanism®, which generates amap
to reweight features and allow the network to focus on the most sali-
ent spatial regions of the image. This second, slightly deeper network
is composed of the two Inception modules, two extra convolutional
layers and two fully connected layers, with weights initialized using
the Xavier uniform method. Both models use the tanh activation func-
tion and are designed to take panoramic colour images with a size of
3x192x1,800 pixels asinput.

Use of output. The output of the network is a 2D home vector

h hy .whichrepresents the predicted location of the home posi-

pred = hy
tionin the body-fixed reference frame of the drone. This vectoris direc-
tly translated into control commands, as described in Extended Data
Fig. 5. Therequired changein heading, Ay, is determined by the angle
ofthe vector, calculated as Ay = atan2(h,, h)),inwhicha positive angle
corresponds to a clockwise rotation. The magnitude of the vector,
drea = Iy, qll, determines the step size (distance), s, for the next forward
movement of the drone according to the linear relationship s = kd,,,4
+Smin, in Which kis a scaling factor and s, is the minimum distance it
should take. For our experiments, we use a constant scaling factor of
k=0.13. The minimum step size, S, is set to 0.1during standard tests
andincreased to 0.5in windy conditions to ensure that the drone makes
sufficient progress against aerodynamic forces. After rotating to the
new heading, the drone moves forward a distance s. On reaching this
new position, the cycle repeats with the capture of a new image. This
strategy ensures larger steps when far from home and smaller, more
precise steps near the target to prevent overshoot.

Experiment set-up

Environment. Experiments were conducted across a variety of indoor
and outdoor environments to validate the robustness and scalability of
the system (Extended Data Fig. 6). Initial algorithm validation (visual
learning and homing) was performedin the 10 x 10-m CyberZoo at TU
Delft, a controlled lab space with motion capture system as ground
truth. Full-scale flight tests were conducted in larger, more challenging
locations. To test performance in GPS-denied environments, we used
twoindoor hangars: the 30 x 40-m Unmanned Valley indoor facility in
Valkenburg, the Netherlands (the large indoor area), which provides
alarge, visually structured area, and a 30 x 25-m section of the Delft
Drone Initiative flight hall (the smallindoor area). To test against more
challenging conditions, outdoor experiments were performedin two
distinct open-field environments: the outdoor test field at Unmanned
Valley,a400 x 500-m permissible flight area (the large outdoor area),
characterized by natural terrain and lighting in an open field, and a
35 x 20-mtennis courtinSardinia, Italy (the small outdoor area), which
provided avisually distinct, closed scene.

Learning flight. Inanew environment, the drone acquires training data
duringalearningflight conductedinasmall area around the designated
home location. Because the learning flight trajectory determines the
dataforlearning the homing vector, it has asubstantial influence on the
subsequent homing performance. Inour experiments, we did not mimic
the actual, varying honeybee learning trajectories (Supplementary
Information Section 7). Given the proposed technological solution, we
opted for a trajectory pattern that ensured covering a circular region
around the home location. A comparison of an Archimedean spiral with
a‘wasp-like’ flight pattern®* showed that the latter resulted in better

homing performance, asit does not lead to thelearning of spurious cues
(Supplementary Information Section 6). Hence, the wasp-like pattern
was used for all experiments. This patternis generated algorithmically,
starting with a classical Archimedean spiral defined in polar coordi-
nates by the equation r= b6, in which ris the radius, @is the angle and
the parameter b controls the distance between the arms of the spiral.
The angle @ is discretized into m steps over a total of n full rotations,
spanning from O to 2nt. The key ‘wasp-like’ modification is a periodic
mirroring of the trajectory: each time the path crosses the negative
y-axis, the x-coordinates for all subsequent points are inverted. This
creates a series of back-and-forth loops that expand outwards from
the centre. The parameters are adjusted on the basis of the environ-
mentsize; for example, for asmall10 x 10-m area, the path consists of
Nyoops = 4 discretized into my;,. = 36 waypoints with by, = 0.1, creating
alearning flight with a maximum radius of approximately 2.5 m. For
larger outdoor areas, the pattern is expanded to 1y, = 5 loops with
Mipoines = 36 Waypoints and by,,cing = 0.2, resulting inalearning flight with
amaximum radius of approximately 6.3 m. Once learningis completed,
the network s trained using one of the learning set-ups described below.

Network learning set-up. Depending on the mission constraints and
resource availability (for example, time, hardware and so on), one of
threedistinctlearning set-ups can be used: offboard, offline learning;
onboard, offlinelearning; and onboard, online learning. Extended Data
Table 1summarizes the computational requirements and performance
in one of the experiments for each set-up. Offboard, offline learn-
ing is used when a ground station with sufficient processing power
(amodern CPU) and data transmission (for example, Wi-Fi, capable
of transferring approximately 100 MB of data) is available. On com-
pletion of the learning flight, the raw omnidirectional images and
associated labels (generated from the specific odometry data; see
the ‘Datalabelling’ section) are transferred to aground station laptop.
During the experiments, we used an Apple MacBook Air, with Apple M1
chip and 8 GB unified memory. The network is trained using extensive
data augmentation to improve generalization, specifically by means
of virtual rotation and colour augmentation (also see Extended Data
Fig. 3b,c). For virtual rotation, we make use of the panoramic nature
of the omnidirectional images to simulate different camera head-
ings from a single captured frame. This is achieved by horizontally
shifting the image pixels to rotate the gaze direction of the camera.
For each captured image, we generate 360 new training samples by
rotating the gaze in1° increments. The corresponding label vector is
recalculated for each shift to reflect the new relative heading to the
home position. Subsequently, colour augmentation is applied to ac-
count for variable outdoor lighting. We duplicate each virtually rotated
image and adjust its brightness by a factor sampled from U(0.9, 1.1)
andits contrast by avalue from U(-10, 10). For onboard, offline learn-
ing, when aground stationis unavailable or data transmissionis unreli-
able, training is performed locally on the drone’s onboard computer
(Raspberry Pi4). Toaccommodate faster training with the more limited
computational resources, we introduce two optimizations compared
with the offboard approach. First, colour augmentation is omitted
toreduce preprocessing overhead and duplication of the dataset.
Second, the virtual rotation step size is increased from 1° to 5°, re-
ducingthe training dataset size by a factor of five. Despite the slower
onboard processor, these optimizations ensure that the total training
time remains comparable with offboard methods while maintaining
successful homing performance. For missions requiring immediate
execution (forexample, outbound flights have to be executed less than
2 minafter the learning flight), we use onboard, online learning. In this
mode, training initiates in-flight immediately after the first image is
captured. We use multithreaded processing on the Raspberry Pi: spe-
cific cores are dedicated to navigation and communication, whereas
two cores areisolated for network training. Image capture and training
happenasynchronously. Captured images are continuously appended
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to animage bank (stored as tensors in RAM), which serves as areplay
buffer for the training thread. Given the short duration of the learn-
ing flight and the small number of images, the memory footprint is
manageable, eliminating the need for a deletion policy. The training
thread continuously samples batches from this buffer and applies
randomvirtual rotation (sampled from virtual rotation step size of 1°).
Training concludes exactly one minute after the learning flight ends;
this interval ensures that the final learning images are sufficiently
represented in the training distribution. All training configurations
use the Adam optimizer with alearning rate of 9 x 10™*and abatch size
of 4. The offboard and onboard methods are trained for one epoch,
whereas the online learning set-up uses a continuous rolling update
strategy. All methods were validated in the CyberZoo environment,
achievingal00% success rate across all visual homing trials. Extended
Data Table 1and Fig. 3b summarize the training configuration and
navigation performance for each method.

Full-flight implementation. After the learning, the forage part of
the navigation strategy is implemented as a three-phase process: an
outbound search, an inbound return through odometry and a final
visual homing phase. During the outbound phase, the drone follows
apredefined trajectory designed to cover the test area. Throughout
this phase, the drone continuously updatesits state estimate (position
and heading) relative to its starting point using onboard odometry.
Although simple paths are used for most experiments, more complex
patterns, such as a grid search, are also used in some indoor environ-
ments to simulate real-world applications such as search and rescue.
Once the outbound trajectory is complete, the drone switches to the
inbound phase. The flight controller is commanded to return to the
home coordinates (0, 0) based on the current odometry estimate.
The drone executes adirect, high-speed flight towards this estimated
home position. Onreaching the odometry-based goal, the final visual
homing phase is initiated. Owing to the expected accumulation of
odometry drift, the estimated position of the drone does not perfectly
align withits true starting location. Therefore, the system switches to
the neural-network-based visual control strategy, described previously
inthe ‘Use of output’ section, to perform the final, precise approach
to the home location. In all of our experiments, the home location is
notvisible by itself, so we stop the experiments whenthe dronearrives
close enough to the home location. A success is hereby defined as the
drone ending up within 0.5 m of the home location. Some example tra-
jectories of these full flights canbe seenin Extended Data Figs. 7 and 8.

Obstacle avoidance. Inspired by Wedgebug®?, we implemented a
reactive detect-and-avoid system based on a finite-state machine, in
whichthe sensing hardware evolved to match the computational con-
straints of the onboard Raspberry Pi. Initial experiments used an Intel
RealSense D435i depth camerawith the depth map segmented into left,
centre and right average-depth bins, whereas the later experiments
used three TF-Nova LiDAR sensors monitoring a 1° x 14° field of view
foreachsector. The avoidance logicinterrupts the primary navigation
loop whenever the front distance d,,,, drops below a predefined stop-
ping threshold d,,,, at which point the evasion trajectory is calculated
on the basis of the specific flight phase.

For thelearning, outbound and inbound phases, the core avoidance
logicisidentical. The system monitors the left, centre and right sectors.
Ifthe centreisblocked, the drone determines whichside (left or right)
is clear, rotates in that direction and executes a forward movement
of d.,.q.. Immediately after this evasion, it realigns its yaw to face the
original target waypoint. If all three sectors (left, centre and right) are
blocked, the system triggers a panic mode: the dronerotatesby alarger
angle Yy,one, travels a distance of d,,, and attempts to resume naviga-
tion by realigning to the target waypoint again in this new position.
However, if after nyqemys the same target waypoint s still not reached,
the next movement differs by phase:

« Learning phase: if the point remains unreachable after n tries, the
system skips it, takes an image and records the label at the current
position and heading and proceeds to the next learning waypoint.

« Outbound phase: if blocked, the system skips to the next outbound
waypoint.Ifthe outbound pathis completed, it automatically switches
to theinbound phase.

« Inbound phase: the system persists in trying to reach the odometry
coordinates (0, 0). However, if the drone is stuck but within 2 m of
the odometry coordinates (0, 0), it aborts the inbound flight and
immediately switches to visual homing.

Duringthe homing phase, the detection logic (checkingleft/centre/
right) and the evasion movement d,,,,. remain the same. However,
the post-evasion behaviour is different: the drone does not realign
to the previous target. Instead, it simply captures a new image at its
current position, queries the network for a new prediction, rotates to
this new predicted heading and restarts the obstacle detection and
evasion loop again.
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Extended DataFig. 6| Overview of the different experimentenvironments.
a, The CyberZoo flying arenaat TU Delft (10 x 10 m) equipped with an OptiTrack
motion capture system for ground-truth validation. b, The Delft Drone Initiative
flight hall,asmallindoor area (30 x 25 m) with consistent visual features.

c,d, Theindoor hangar at Unmanned Valley, Valkenburg, configured asalarge
indoorareawithobstacles (30 x40 m) (c) and without obstacles (d) to test
navigationin cluttered versus open spaces. e, An outdoor tennis/football field
(35x20 m), representing asmall outdoor areaenclosed by trees, providing

distinct peripheral visual cues. f, The opentest field at Unmanned Valley,
Valkenburg, representingalarge outdoorarea (400 x 500-m permissible flight
area) with natural terrainand adistant horizon, in whichaccurate GPS ground
truth canbe obtained. Several objects (alaid-down orange pole and two large
features onthe ground) were placed onthe ground to provide landmarksin

the surroundings of the home location. Although the omnidirectional camera
could only see these features from some distance owing to the narrow field of
view, these objects provided enough information for homing.
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Extended DataFig.7|Robotlearning and full-flight trajectories of the
30-110-mflights. The figure shows trajectories for each of the 30-110-m flights
in four differentenvironments. Each plot shows the robot’s learning flight
(dark grey), the outbound phase (teal), followed by the inbound phase (orange)
and the final visual homing phase (red) of the foraging flight. Trajectories are
plotted using onboard odometry. All of the flights successfully ended up within
0.5maround the home. For visualization purposes, trajectories based on
odometry have been globally translated so that their final recorded point
aligns with the true home position (0, 0), correcting for accumulated drift to
accurately reflect the successful homing. Inset boxes provide quantitative
metrics, including total distance and average velocity, for each phase of the
flight.
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Extended DataFig. 8 |Robotlearning and full-flight trajectories of the
200-600-m flights. The figure shows trajectories for each of the 200-600-m
flightsinthe 400 x 500-m Unmanned Valley, Valkenburg test field. Each plot
shows therobot’slearning flight (dark grey), the outbound phase (teal),
followed by the inbound phase (orange) and the final visual homing phase
(red) of the foraging flight. Trajectories are plotted using high-precision GPS
data. Three flights (marked as ‘Failed’ inred) did not successfully reach home
owingto the challenging conditionsin the large outdoor field. The flight
injreached 0.5 mwithinthe home area, whereas the GPS data were slightly
drifted. Inset boxes provide quantitative metrics, including total distance and
average velocity, for each phase of the flight.
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Extended Data Table 1| Comparison of learning set-up and navigation performance

Configuration Training parameters Navigation performance
Strategy Network Device Training Color Rot. Inference Dir. Err Dist. Err Steps Total Total
time (s) aug. step (°) time (s) (deg) (m) (#) duration (s) dist. (m)
Offboard, offline Attention Apple M1*  704.9 Yes 1 0.04 15.064+20.91 0.39+0.49 103 348.7 46.1
Offboard, offline Compact Apple M1*  173.2 Yes 1 0.004 12.28415.81 0.32+0.67 92 303.2 42.9
Onboard, offline Attention RPi 4 660.3 No 5 0.04 27.72434.23  0.77+0.60 147 575.1 66.8
Onboard, offline Compact RPi 4 132.2 No 5 0.004 37.454+30.48 1.05+0.98 158 544.2 66.9
Onboard, online Attention RPi 4P 320~° No 14 0.04 14.50+£11.94 0.79+£0.79 116 359.9 52.1
Onboard, online Compact RPi 4P 320~° No 1d 0.004 31.87+£39.51 0.65+0.79 128 490.5 63.2

a MacBook Air (2020) configuration with Apple M1 chip and 8 GB Unified Memory.

b Training is isolated to 2 specific cores out of the 4 available on the Raspberry Pi 4 BCM2711 SoC.

¢ Approximation includes the duration of the learning flight plus a 1-minute post-flight buffer.

d Indicates the discretization step for random sampling; due to the rolling nature of online training, the network may not encounter the full 360°
distribution.

The table details the six different learning set-ups and training configurations. These range from training a lightweight compact network onboard a Raspberry Pi4 online during flight, to training
a slightly larger attention network offboard on a MacBook M1 offline after the flight. Each learning set-up features varying training times and data augmentation methods. All tests were conducted
in the same environment. The networks were trained using data from the same flight, with the exception of the onboard, online attention set-up, which required a separate but identical flight to
facilitate another flight of online learning. Performance was evaluated by conducting eight different homing flights from various directions at the edge of the LHA to achieve 0.5-m area around
home, starting with random initial headings. The evaluation metrics used to compare the set-ups include inference time, prediction errors (both absolute angle and distance), number of steps,
flight duration and the total distance covered across the eight homing flights.



