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Self-Supervised Monocular Visual Drone Model Identification through
Improved Occlusion Handling

Stavrow A. Bahnam1, Christophe De Wagter1, Guido C.H.E. de Croon1

Abstract— Ego-motion estimation is vital for drones when fly-
ing in GPS-denied environments. Vision-based methods struggle
when flight speed increases and close-by objects lead to difficult
visual conditions with considerable motion blur and large
occlusions. To tackle this, vision is typically complemented by
state estimation filters that combine a drone model with inertial
measurements. However, these drone models are currently
learned in a supervised manner with ground-truth data from
external motion capture systems, limiting scalability to different
environments and drones. In this work, we propose a self-
supervised learning scheme to train a neural-network-based
drone model using only onboard monocular video and flight
controller data (IMU and motor feedback). We achieve this by
first training a self-supervised relative pose estimation model,
which then serves as a teacher for the drone model. To allow
this to work at high speed close to obstacles, we propose an im-
proved occlusion handling method for training self-supervised
pose estimation models. Due to this method, the root mean
squared error of resulting odometry estimates is reduced by an
average of 15%. Moreover, the student neural drone model can
be successfully obtained from the onboard data. It even becomes
more accurate at higher speeds compared to its teacher, the self-
supervised vision-based model. We demonstrate the value of the
neural drone model by integrating it into a traditional filter-
based VIO system (ROVIO), resulting in superior odometry
accuracy on aggressive 3D racing trajectories near obstacles.
Self-supervised learning of ego-motion estimation represents
a significant step toward bridging the gap between flying in
controlled, expensive lab environments and real-world drone
applications. The fusion of vision and drone models will enable
higher-speed flight and improve state estimation, on any drone
in any environment.

I. INTRODUCTION

Accurate ego-motion estimation is crucial for controlling
autonomous drones. However, this is still challenging in
GPS-denied areas. An often employed approach is to have
the drone perform Visual Inertial Odometry (VIO), which
makes use of a camera and an inertial measurement unit
(IMU) to determine its velocity and rotation rates [1]. Since
VIO only requires lightweight sensors (a camera and IMU),
it is suitable for drones that have Size Weight and Power
(SWaP) restrictions, like Micro Air Vehicles (MAVs).

For certain drone applications, the drone requires a high
flight speed. For example, for search and rescue, it would
be desirable to find the victims as fast as possible and to
cover the maximum amount of area with a single battery.
Fast flight does make visual navigation more difficult, as it
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Fig. 1: We introduce a self-supervised learning approach that
only uses data from onboard the drone to learn ego-motion
estimation. Specifically, this data consists of the inertial
measurements and control commands available in the flight
controller (left), and monocular camera images (right). The
approach does not require any external infrastructure and
allows to scale the monocular vision-based estimates.

leads directly to a higher optical flow and motion blur in
images. The effects of occlusions also increase when flying
very fast near obstacles, as this increases the portion of pixels
that cannot be matched from one frame to the next. This is
problematic for traditional VIO methods that detect and track
features across frames like ROVIO [2]. Learning-based VIO
has the potential to be more robust to fast-flight conditions,
leveraging the capability of deep neural networks to cope
with degraded images, cf. [3]–[5]. However, learning-based
VIOs are not as accurate as traditional VIO methods yet and
are computationally more expensive, requiring an onboard
computer with a GPU, like an NVidia Jetson Orin NX.

Autonomous drone racing is the perfect scenario to test
the performance of state estimation algorithms during fast
motion. While detection of racing gates can be used to
infer the drone’s absolute position on the track, gates may
not be visible during substantial parts of the flight. Hence,
odometry based on ego-motion estimation is important for
continuous position feedback control. In the AlphaPilot 2019
race, the runner-up solution employed a filter-based visual-
inertial odometry method based on ROVIO [2]. However,
the authors noted in [6] that at higher speeds VIO track-
ing failures resulted in crashes. The winning solution used
model-based inertial odometry, combining a drone model
with IMU measurements [7]. This type of model is not as
accurate as VIO, but was shown to increase the long-term
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stability of the motion-prediction. Such a drone model is
typically estimated based on data with available ground-truth
positions and velocities, as obtained using a motion capture
system. For example, based on motion tracking data, in [8]
a quadrotor model was learned and fused with an inertial
odometry model to get accurate state estimation. Besides
the need for an external motion tracking system, the use of
global coordinates also limits the approach in [8] to known
trajectories.

This limitation also applies to Swift [9], the seminal
autonomous drone system that for the first time beat human
FPV (First Person View) drone racing champions. The state
estimation of Swift consists of two parts: VIO from an Intel
RealSense T265 [10] and gate detection to correct for the
drift. Furthermore, the authors model a Gaussian noise of
the VIO, by fitting it through the position residual obtained
from external motion capture measurements to refine the
training of their control policy. Visual odometry can behave
differently in different environments, due to changes in
illumination and the amount of texture. Therefore, for a new
environment the control of Swift would need to be retrained
with a newly estimated Gaussian noise to keep up the
same performance. However, motion capture is not available
everywhere. In another recent study, reinforcement learning
was used to directly map racing-gate-segmentation images
to control commands for drone racing [11]. The trained
neural network successfully exploited the specific properties
of the segmented racing gates to seamlessly transfer from
simulation to an identical track in the real world. The
generalization of this method to other applications will be
limited, though.

In contrast, humans can learn to estimate the state of a
drone from only monocular FPV video stream combined with
own control inputs. After getting used to a particular drone,
this experience seamlessly transfers to new environments,
including a-priori unknown environments. Motivated by this,
in this article, we train a self-supervised visual ego estimation
network for autonomous drone racing using a monocular
video only, such that it can learn in any environment. To
also make this possible in racing environments at very high
speeds close to obstacles, we first improve existing self-
supervised learning (SSL) methods for ’pose’ estimation (the
translation and rotation between two images). In particular,
we propose a novel approach for dealing with parts of the
environment that are occluded and with pixels moving out
of view - phenomena that are exacerbated by agile drone
flight. Moreover, we investigate the self-supervised learning
of a neural drone model that uses inertial measurements and
motor feedback as inputs. We show that the learned drone
model can predict accurate velocities and can complement
the visual ego-motion estimates in visually challenging con-
ditions.

Our main contributions are:
• We propose a modified combination of the photometric

and depth loss functions in the self-supervised learning
of ego-motion to handle occluded areas better

• We train for the first time a self-supervised drone

model based on images and onboard sensor data, that
outperforms its teacher (PoseNet) in velocity estimation.

• We show that the learned drone model can be success-
fully integrated into an odometry pipeline, leading to
accurate high-speed racing trajectory estimation.

Section II presents the PoseNet, the learned quadrotor
model and describes the occlusion problem and the proposed
solution. Section III presents the performance of the various
networks. Finally, the implications and future work are
discussed in Section IV.

II. METHODOLOGY

Our main methodology is as follows. First, we use self-
supervised learning of a PoseNet and DepthNet, with the
same network structure as Monodepth2 [12] with a modified
loss function. This monocular SSL scheme relies on the
prediction of a target image from a source image. The main
concept is that in a static environment, pixel displacements
between the source and target image can be inferred from
the depth and the relative camera pose between the two
images (translation and rotation). Given the frame rate of
the camera and the output of the SSL (Self-Supervised
Learning) PoseNet, we get an unscaled velocity estimate in
the camera frame. We then train a drone model, that estimates
the specific forces that act on a drone (without external,
wind disturbances) using inertial data and the rotor speeds.
The unscaled velocities estimated by PoseNet serve as su-
pervision. Given the attitude estimated from the IMU and
the gravitational acceleration of 9.81 m/s2, we can recover
metric accelerations and hence find the scale parameter of
PoseNet and DepthNet for a certain environment.

A. PoseNetwork

We use the Depth network that predicts a disparity map
similar to Monodepth2 [12] that is based on the U-net
architecture [15] with ResNet-18 [16] as the encoder. The
PoseNetwork is a separate network that has the same net-
work structure as the depth network, without having skip
connections.

Furthermore, for training our networks we use three
different losses. Firstly, the appearance loss, which is a
combination of the L1 loss and the Structural Similarity
(SSIM) loss [17]. In Equation 1 we show the appearance
loss per pixel.

lp(i, j) =(1− α) |Is→t(i, j)− It(i, j)|
+ αLSSIM (Is→t(i, j), It(i, j))

(1)

Next, we use a depth consistency loss that minimizes
the difference of two consecutive predicted depth maps and
the corresponding predicted relative pose. This loss tries to
enforce scale consistency over a trajectory. In Equation 2
we show the depth loss per pixel from [14]. It relies on
the estimated transformation matrix between the frames from
PoseNet:

lD(i, j) =
|Ds→t(i, j)−Dt(i, j)|
Ds→t(i, j) +Dt(i, j)

(2)
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Fig. 2: Validity image reprojection: Given three images at timestep t − 5, t and t + 5, two reconstructions of image It
can be computed. By estimating a depth map at time t and two translation and rotation estimations, Tt−5→t and Tt+5→t.
In the occluded parts, this reconstruction is undefined and creates artefacts. For instance, in the reconstructed image that
uses image t− 5 as input (top row), the pixels right and below of the gate can not be reconstructed as they were occluded
in It−5. The reconstructed image using image t+ 5 as input (bottom row), cannot reconstruct the right edge of It as they
exited the frame. Both cases can theoretically not be correctly reconstructed, which leads to errors in the loss. This can be
reduced by taking the minimum [12] as the errors are on the other side of edges (MD loss) is used. Pixels that move out
of the image can be ignored using a valid pixel mask (light-gray, last column) as proposed by [13]. However, [13] only
considered a single reconstruction (top/bottom row). We propose to use the minimum per valid pixel of both error maps
that solves all edge cases, and we call it the 3F scheme.

Fig. 3: Validity depth reprojection: When approaching a gate, the reprojected depth map perceives similar artefacts as
reprojected images due to occlusion. This causes an error in the depth consistency loss. In [14] only one projection was
considered and used the depth consistency loss based on the top Error Map. In our 2F method we reprojected Dt as well
(bottom row) using the inverse of the estimated relative pose (T), followed by taking the minimum of both reprojection
errors (last column). Note that we also apply a valid pixel mask for depth consistency but do not show it here.

Lastly, we use the disparity smoothness loss from [18],
as defined in Equation 3. The disparity smoothness loss
encourages local smoothness in the predicted disparities by
applying an L1 penalty on the disparity gradients, ∂d. Since
depth discontinuities often coincide with image gradients, the
loss is weighted using an edge-aware term that incorporates
the image gradients, ∂I .

Ls =
1

N

∑
i.j

|∂xdi,j | e−|∂xIi,j | + |∂ydi,j | e−|∂yIi,j | (3)

B. Gate Occlusion
In autonomous drone racing, the goal is to fly through a

set of gates. Each time the drone flies through a gate, a large

number of pixels move out of the image and a previously
occluded area appears. This is problematic for SSL from
reconstruction as the appearing pixels cannot be predicted
from the previous image, but do lead to errors. Compared to
car datasets like KITTI [19], occlusions and dis-occlusions
(accretions) include more pixels in drone racing as the gates
get closer to the camera and thereby affect the overall solu-
tion greatly. On the other hand, in autonomous drone racing
datasets, there are currently no dynamic objects. Therefore,
dynamic object masking networks are not necessary.

In [13] a validity mask is used to remove pixels that
moved out of the image from the loss function. However,
(dis-)occlusion is not taken into account. In MonoDepth2
a solution is proposed that should solve both problems, by
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reprojecting both of the frames It−1 and It+1 to It and take
the minimum error per pixel location of both reprojections
as in Equation 4 [12].

Lp =
1

N

∑
i,j

min
(
lp1(i, j), lp2(i, j)

)
(4)

The idea is that pixels that appear in It due to disocclusion
will still be visible in It+1. The loss map of this method is
shown in Figure 2 as ”MD loss”. It can be observed that the
error induced by the occluded area due to the left and top
part of the gate in It−5 is corrected by the reprojection of
It+5→t.

However, the right side of It is occluded in It−5 and
moves out of It+5 due to an aggressive yaw motion. As
a result, an incorrect error is back-propagated when using
the loss proposed in [12], which is commonly employed in
self-supervised monocular depth and ego-motion networks,
such as [4].

In [13] a valid pixel mask method is proposed to deal
with pixels that move out of the image. However, in their
approach, they only considered a single reprojection loss,
It−5→t. The invalid pixels identified by this method are
shown in gray in Figure 2 (last column). Therefore, we pro-
pose combining both methods to improve occlusion handling
in self-supervised learning for ego-motion and mnonocular
depth networks. The result is titled ”proposed” and shown
in Figure 2, and is formulated in Equation 5, where V
represents the valid pixel mask (set to 0 if the pixel moves
out of the image):

Lp =
1

N

∑
i,j

V1(i, j) V2(i, j) min
(
lp1(i, j), lp2(i, j)

)
(5)

Similar to image reconstruction, depth map reprojection
also encounters occlusion-related issues. However, the depth
consistency loss from [14] (Eq. 2) does not account for oc-
clusions, as it reprojects a single depth map from t−1 to the
depth map at t. This leads to errors in occluded areas, such
as when moving toward a gate, as illustrated in Figure 3. To
address these occlusion issues, we apply a similar minimum
depth reprojection and valid pixel masking approach. The
formulation of this method is given in Equation 6.

LD =
1

N

∑
i,j

V1(i, j) V2(i, j) min
(
lD1(i, j), lD2(i, j)

)
(6)

The total loss function for the self-supervised PoseNet
combines the photometric loss, depth consistency loss, and
smoothness loss as in Equation 7. Where λ1 and λ2 are
weighting factors set to 0.15 and 0.001, respectively.

Ltotal = Lp + λ1 LD + λ2 Ls (7)

We investigate two alternative schemes for handling oc-
clusions in self-supervised learning. In the first scheme, we
use two adjacent source frames, It−1 and It+1 along with
a target frame, It, and take the minimum reprojection error

per pixel. This scheme is similar to MonoDepth2 [12] (for
the photometric loss). From hereon, we refer to this scheme
as ”3F” (three frames).

In the second scheme, we use only two frames, It−1

and It. These frames are reprojected onto each other using
a single transformation (translation and rotation) and its
inverse. Specifically, It−1 is first used as the source frame
with It as the target, and then the roles are reversed, with It
as the source and It−1 as the target. We refer to this scheme
as ”2F” (two frames). We hypothesize that applying the
estimated transformation twice provides a stronger constraint
on the solution, particularly when accounting for occlusions
and disappearing pixels.

C. Learned Drone Dynamics

Once the self-supervised PoseNet is trained, we can obtain
an estimate of the drone’s velocity by multiplying the pre-
dicted translation by the camera’s frame rate (FPS). However,
PoseNet is inherently scale-ambiguous, as scale cannot be
directly observed from monocular vision. Despite this lim-
itation, the depth consistency loss in PoseNet encourages a
consistent scale across the predictions of a trajectory. As a
result, PoseNet’s velocity estimates should be proportional
to the true scale by a single unknown factor. This allows us
to still use PoseNet as a teacher to train the drone model,
by simultaneously learning a scaling parameter to correct the
scale. Furthermore, the camera-IMU extrinsics are required
to transform the velocity from the camera frame to the body
frame, assuming the IMU is located in the body frame. With
this transformation, the body-frame velocities from PoseNet
can be computed as shown in Equation 8.

Vbpnet
= s ·Rc→bV̄c (8)

in which s is a single learnable parameter to correct the scale
of PoseNet across the entire trajectory. Thus, for n training
sequences, there are n separate learnable scaling parameters.

The primary forces acting on the drone are thrust, drag,
and gravity. For the drag forces we assume that external
disturbances (from wind for example) are negligible, because
we are considering indoor environments only. Furthermore,
we assume that thrust is aligned exactly with the body z-axis
(upward direction), as we consider a quadrotor in this work.
Under these assumptions, the sum of forces can be expressed
as shown in Equation 9.∑

F = Tz +D+mg (9)

where g is the gravity vector, Tz the thrust and D drag.
The gravity vector is computed by estimating the drone’s
attitude (roll and pitch) using an Extended Kalman Filter
(EKF) on IMU data (accelerometer and gyroscope). The
EKF implementation is similar to the one used in BetaFlight
flight controllers [20], where the gyroscope measurements
are integrated, and an update step is performed when the
accelerometer readings are in the range [0.95, 1.05] g.

The thrust generated by a quadcopter is a function of the
relative airspeed of the rotor blades and their angle of attack
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Fig. 4: Single learnable parameter (in T) is used to transform the scaleless PoseNet velocity to a scaled body velocity. This
is then used together with the IMU and motor RPMs to estimate a residual on the accelerometer-z and drag. By integrating
the specific forces and the gravitational acceleration of 9.81m/s2 the drone model is forced to recover the scale correctly

(AoA), both of which depend on the rotor RPM (ω) and the
body velocities (Vb). Additionally, the relative airspeed of
each rotor is slightly influenced by the yaw rate. For example,
when the quadrotor rotates to the left, the advancing blade
on the right side of the drone experiences a slightly higher
airspeed than the retracting blade. The opposite occurs on
the left side. Similarly, the AoA is affected by the pitch and
roll rates, further influencing the thrust dynamics.

The drag consists of two parts, body drag and rotor drag.
The body drag has a quadratic relationship with the body
velocity and is typically small and negligible compared to
rotor drag at low flight speeds (below 5m/s) [21]. Rotor
drag, on the other hand, is more complex and consists of
induced drag. This occurs when a drone is moving with
a certain velocity. One blade of a rotor experiences an
increased incoming airflow, while the other experiences a
reduced incoming airflow. Since drag is proportional to
velocity squared, the induced drag has a linear relationship
to body velocity. Additionally, this effect not only increases
drag but also alters the generated lift, causing the rotor
to flap and further tilt the lift vector. Moreover, during
aggressive turns, the drone can fly into its own wake, leading
to turbulent airflow. This turbulence significantly impacts the
lift and drag forces on the quadrotor and is difficult to model
accurately.

Since it is hard to explicitly measure and model the effects
described above, we train a neural network to exploit the
information available onboard the drone. The inputs to the
network include (its previously) estimated body velocity,
the accelerometer z-axis, gyroscope x, y, z, and the four
motor RPM feedback signals. With these inputs, the neural
network is designed to predict the sum of the specific forces,
excluding gravity. The gravity component is precomputed for
each time sample using the IMU EKF attitude estimation.

After removing gravity, the specific forces in the body x
and body y directions are solely due to drag. Since drag
is directly dependent on body velocity, we output two drag
terms: dx and dy , which are multiplied by the respective
body velocities Vbx and Vby to represent the specific force
in x and y. By having the neural network estimate the drag

terms instead of directly predicting the specific drag force,
the learning process becomes more stable. When velocity
decreases, the estimated drag naturally decreases as well,
preventing oscillations and avoiding the risk of predictions
diverging over long open-loop prediction periods. The output
of dx and dy is limited to [0.0, 2.0].

However, this approach cannot be applied to the z-axis,
as the specific force in this direction is influenced by both
drag and thrust. The accelerometer measures the combined
effect of these forces, so instead of predicting thrust and
drag separately, the neural network is trained to predict the
residual error of the accelerometer, εaccz in the z-axis. Since
the accelerometer in the z-axis is an input to the network
itself, the network has the potential to implicitly learn the
underlying relationship to thrust and drag in the z-axis. The
output range of εaccz is constrained to [−5.0, 5.0].

An overview of the structure can be seen in Figure 4. We
use a feedforward neural network with three fully connected
hidden layers of size [45, 45, 45]. The hidden layers use a
tanh activation function, and the output layer of size 3
uses the sigmoid activation function, properly rescaled to
the relevant intervals. The body velocity is estimated with
Equation 10:

V bt =

t∑
i=0

RT
ω∆ti

V bi +

−dxV bxi + gx
−dyV byi + gy
az − εaz + gz

∆ti

 (10)

in which RT
ω∆ti

is the inverse of the estimated body rota-
tion from the gyroscope during ∆ti, g is the estimated gravity
vector of the attitude EKF, az is the measured acceleration.
During training, V b0 is initialized with PoseNet’s estimate to
allow data shuffling. For evaluation, it is initialized as zero at
the start of a trajectory and relies on open-loop predictions.

III. RESULTS

First, we present the results of our improved occlusion
handling for the self-supervised PoseNet loss. Next, we train
a neural drone model that learns from PoseNet’s output
and demonstrate that its relative velocity error decreases
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compared to its teacher. Finally, we integrate this neural
drone model into ROVIO [2], and show that it enhances
state estimation in aggressive racing flights.

A. Dataset

We train and test our method on the TII Drone Racing
Dataset [22], which was recorded in an indoor environ-
ment where an autonomous drone flies at speeds of up to
22 m/s. The dataset includes monocular camera recordings
at 120 Hz, along with IMU data and motor RPM feedback
recorded at 500 Hz. Currently, this is the only publicly
available dataset that enables us to demonstrate how a neural
drone model can improve state estimation, as our method
relies on both high-speed flight and motor RPM feedback.

The dataset includes 12 piloted flights, with 6 elliptical
trajectories (01p− 06p) and 6 lemniscate trajectories (07p−
12p), each lasting ∼ 100 seconds. Additionally, there are 18
autonomous flights, consisting of 6 elliptical (01a− 06a), 6
lemniscate (07a− 12a), and 6 3D racing trajectories (13a−
18a), with durations ranging from 10 to 20 seconds per flight.

We preprocess the data by undistorting the images and
converting them to grayscale for all tests, including for
ROVIO. To speed up training, PoseNet uses resized images
of 448 × 256 pixels. We split the dataset into training,
validation, and test sets as follows. Training set: The first
4 flights of each trajectory type (1 − 4 elliptical, 7 − 10
lemniscate, 13 − 16 3D). Validation set: Flights 6, 12, and
18. Test set: Flights 5, 11, and 17.

B. Self Supervised Visual Ego-motion Estimation

We trained an iterative PoseNet similar to [4], but we
limited the number of iterations to 3 instead of 5 to reduce
training time. We used a learning rate of 5 · 10e−5 with a
decay of 10% every 8 epochs and for the Adam optimizer
we set β1 = 0.9 and β2 = 0.999. The depth consistency
loss and smooth loss have a weight of 0.15 and 1e − 3,
respectively. A batch size of 60 for the 2-frame loss, while
a batch size of 48 was used for the 3-frames loss. This
difference is due to memory constraints, as using only two
images requires less memory, allowing for a larger batch
size. For data augmentation, we augment the brightness and
contrast, and we randomly flip the image horizontally. We
also randomly skip 0 − 3 frames. For the 3D racing track
trajectories we only skip 0 − 2, because those tracks are
more aggressive flight than the others.

We compare the iterative PoseNet trained with the 2F and
3F method. As benchmark we train an additional network
that follows the approach of [4] and use the Monodepth2 [12]
photometric loss, depth consistency loss from [14] and the
disparity smooth loss [18]. For comparison, we integrate the
pose outputs as a straightforward form of visual odometry,
leading to trajectories that can be aligned and compared with
the ground-truth trajectories. We observed that the trajectory
estimations of all PoseNets heavily changed per epoch due to
incorrect attitude estimation, especially for the piloted flights
that have a long duration. Therefore, we stop training based
on the RMS of the absolute position error of the validation

trajectories. For each network we evaluate the epoch that had
the lowest average absolute position root-mean square error
(RMSE) of all validation trajectories.

The absolute position RMSE is presented in Table I.
Since PoseNet predicts scale-ambiguous transformations
from monocular images, we apply a 7-DoF (SIM3) alignment
following [23] to resolve scale inconsistencies. We observe
that the 2F approach achieves a lower RMSE than the
3F approach for nearly all trajectories, with an average
reduction of 25%. Additionally, training is faster for the 2F
method, as the transformations for the two reprojections are
simply the inverse of each other. In contrast, the 3F method
requires computing transformations from t−1 to t and from
t+1 to t for each training sample, increasing computational
complexity. However, this comparison is conducted in a static
environment. In dynamic environments, the 3F approach
may be advantageous, as the additional frame could help
in mitigating the influence of moving objects on the loss.
Furthermore, we observe that the 2F method achieves an
average RMSE reduction of 15% compared to the benchmark
network. Surprisingly, our 3F method, which incorporates
the improved depth and photometric loss, results in a higher
absolute position RMSE than the benchmark on average.

TABLE I: Absolute position RMSE in meters of self-
supervised PoseNets after 7dof (SIM3) alignment.

Bench-
mark

3F
(ours)

2F
(ours)

01-04P 3.64 4.18 1.92
05P (T) 1.94 3.72 1.87
06P (V) 2.35 2.20 1.33
07-10P 3.81 4.25 3.96
11P (T) 4.79 5.45 4.86
12P (V) 4.91 4.00 4.07
01-04A 0.85 0.81 0.89
05A (T) 0.90 1.03 1.08
06A (V) 0.98 0.87 0.65
07-10A 0.75 0.91 1.11
11A (T) 0.90 1.41 1.11
12A (V) 1.41 1.18 1.25
13-16A 2.71 2.11 2.14
17A (T) 3.09 2.77 2.35
18A (V) 2.25 2.04 2.11
Avg 2.35 2.51 2.00
Std dev. 1.40 1.54 1.19

To demonstrate that our loss improves self-supervised
learning (SSL), we provide a qualitative comparison of the
results with the original loss and our proposed loss when
flying through a gate, as shown in Figure 5. We observe that
the depth map obtained using our loss is sharper. This is
due to the better occlusion handling, reducing the impact of
erroneous backpropagation from occluded areas behind the
gate. In contrast, the original method struggles with these
occlusions, leading to an underestimated background depth,
which in turn causes an underestimated translation (velocity)
estimate. By improving translation consistency, our approach
results in a more accurate PoseNet teacher, which in turn
enables better training of our student neural drone model.
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Fig. 5: Our loss function improves both depth and velocity
estimation when there are large (dis-)occlusions. Top left:
input image when passing through a gate. Bottom left:
speed, estimated with motion tracking (GT, grey), and with
a PoseNet trained with our loss (green) and the original loss
(blue). Top right: Depth map from PoseNet with our loss,
from close by (dark blue) to far (bright yellow). Bottom right:
Depth map from PoseNet trained with the original loss.

C. Self Supervised Drone Model

We precompute PoseNet estimates and divide by the time
interval between the two input images to obtain scale-less
velocity estimates. Since some frames are missing in the TII
drone racing dataset, we use the PoseNet output to detect
these gaps and correct the corresponding time intervals.
Before using the velocity estimates, we apply a third-order
Butterworth filter (forward and backward) to smooth the data.
Additionally, we observe that the drone model trains better
when using longer training samples, as this reduces the influ-
ence of PoseNet estimation errors. We use a varying training
sample between 0.25−5 s. The training, validation, and test
sets remain consistent with our previous experiments.

In Figure 6, we plot the relative velocity error against
speed. We observe that the learned drone model (student) has
a decreasing relative velocity error at higher speeds, whereas
the error for PoseNet (the teacher) increases. This indi-
cates that the learned drone model outperforms its teacher,
PoseNet, in velocity estimation. However, it is important to
note that PoseNet estimates translation and rotation, while
here we evaluate velocity by simply dividing the translation
by ∆t between two frames. Furthermore, we observe that
PoseNet performs worse on the 3D race track compared to
the 2D track. This degradation occurs because, in the 3D
race track, the drone undergoes more rotations, leading to in-
creased motion blur, whereas motion blur is less pronounced
in the 2D track. Since motion blur does not affect the learned
drone model, we observe less degradation in its performance.

Unlike PoseNet, which directly estimates translation, the
neural drone model predicts acceleration. Velocity estimates
for the drone model are obtained through open-loop integra-
tion, where each trajectory starts with an initial velocity of
Vx, Vy, Vz = 0, and the velocity is computed by integrating
the neural drone model’s acceleration predictions along with

Fig. 6: Relative Velocity Error vs. Flight Speed for Self-
Supervised Vision PoseNet (Teacher) and the standalone
open-loop predictions of the Self-Supervised Neural Drone
Model (Student) on the TII Drone Racing Dataset. The Solid
Line Represents the Mean, and the Shaded Area Indicates
±1 Standard Deviation. It shows that at high speeds the
drone model can predict the speed much more accurately
than vision can measure it.

gyroscope data. Because the neural drone model provides
accurate motion predictions, it can be integrated into filtering
techniques to enhance state estimation.

We integrated the neural drone model with the state-of-the-
art filtering-based visual-inertial odometry (VIO) method,
ROVIO. Specifically, we estimate the drone’s acceleration
using a weighted combination of the neural drone model
(30%) and the IMU accelerometer (70%). We then compare
this hybrid approach to the standard ROVIO implementation,
which relies solely on the IMU for acceleration estimation.

Figure 7 shows the absolute RMSE. The x-axis represents
the processing rate, where 120 Hz indicates no skipped
frames, 60 Hz means every other frame is skipped, 40 Hz
skips two frames and processes one, and so on. The piloted
2D boxplot includes trajectories 01p–12p (12 trajectories),
autonomous 2D includes 01a–12a, and autonomous 3D in-
cludes 13–18. Additionally, the RMSE of the trajectory in the
test set is highlighted with a special marker in the boxplot.

We observe that the primary performance difference oc-
curs in the 3D race track, where the flight is more aggressive
and visual conditions are more challenging. In this scenario,
incorporating 30% neural drone model predictions signifi-
cantly improves state estimation, highlighting its effective-
ness in demanding environments. Moreover, the performance
is more pronounced for lower processing rates, when the
odometry relies more on the inertial and model information.

Furthermore, for the piloted flights, we only present results
up to 30 Hz because, beyond this rate, some piloted trajec-
tories began to diverge. This issue arises because the dataset
captures the drone taking off almost immediately, which can
prevent ROVIO from properly initializing, especially when
frames are also skipped. In these cases, the neural drone
model helps stabilize VIO, as an overestimated velocity leads
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Fig. 7: Absolute RMSE (after 6DOF alginment) vs. Skipping Frames Using Traditional ROVIO and a Neural Drone Model
Hybrid Approach. The Hybrid Method Performs Better in Aggressive Flights (Autonomous 3D race track).

to an overestimated drag, counteracting potential drift. As a
result, at 30 Hz, the mean RMSE for the 30% neural drone
model + IMU combination is lower than using only the IMU.

IV. CONCLUSION

We introduced a novel self-supervised learning approach
for ego-motion estimation, based purely on information
available onboard a drone. We improved occlusion handling
for self-supervised PoseNets, leading to more accurate depth
estimation and, consequently, more scale-consistent transla-
tion predictions. Building on this, we introduced the first self-
supervised neural drone model, trained as a student network
with PoseNet as the teacher. Our results show that the neural
drone model outperforms its teacher, PoseNet, in estimating
body velocities, particularly at high speeds. Unlike PoseNet,
which suffers from increasing errors at high rotational ve-
locities due to motion blur, the neural drone model remains
robust and is barely affected by the aggressive rotations
which are common in drone racing scenarios. Finally, we
integrated the neural drone model into the state-of-the-art
filter-based VIO method, ROVIO, and demonstrated that it
improves state estimation in challenging 3D race trajectories.
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E. Fox, and R. Garnett, Eds., vol. 32. Curran Associates, Inc., 2019.

[15] O. Ronneberger, P. Fischer, and T. Brox, “U-net: Convolutional
networks for biomedical image segmentation,” in Medical Image
Computing and Computer-Assisted Intervention – MICCAI 2015, vol.
9351. Springer International Publishing, 10 2015, pp. 234–241.

[16] K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning for
image recognition,” in 2016 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), 06 2016, pp. 770–778.

[17] Z. Wang, A. Bovik, H. Sheikh, and E. Simoncelli, “Image quality
assessment: from error visibility to structural similarity,” IEEE Trans-
actions on Image Processing, vol. 13, no. 4, pp. 600–612, 2004.

[18] C. Godard, O. Aodha, and G. Brostow, “Unsupervised monocular
depth estimation with left-right consistency,” in 2017 IEEE Conference
on Computer Vision and Pattern Recognition (CVPR), 07 2017.

[19] A. Geiger, P. Lenz, and R. Urtasun, “Are we ready for autonomous
driving? the kitti vision benchmark suite,” in Conference on Computer
Vision and Pattern Recognition (CVPR), 2012.

[20] “The betaflight open source flight controller firmware project.
betafligh,” 2024, computer software. [Online]. Available: https:
//github.com/betaflight/betaflight

[21] J. P. Silva, C. De Wagter, and G. de Croon, “Quadrotor thrust vectoring
control with time and jerk optimal trajectory planning in constant wind
fields,” Unmanned Systems, vol. 6, no. 01, pp. 15–37, 2018.

[22] M. Bosello, D. Aguiari, Y. Keuter, E. Pallotta, S. Kiade, G. Caminati,
F. Pinzarrone, J. Halepota, J. Panerati, and G. Pau, “Race against
the machine: A fully-annotated, open-design dataset of autonomous
and piloted high-speed flight,” IEEE Robotics and Automation Letters,
vol. 9, no. 4, pp. 3799–3806, 2024.

[23] S. Umeyama, “Least-squares estimation of transformation parameters
between two point patterns,” IEEE Transactions on Pattern Analysis
and Machine Intelligence, vol. 13, no. 4, pp. 376–380, 1991.

18984

Authorized licensed use limited to: TU Delft Library. Downloaded on May 06,2026 at 09:11:57 UTC from IEEE Xplore.  Restrictions apply. 


