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I. INTRODUCTION

The rise in complexity of tasks to be executed by mul-
tirotors has necessitated the development of more accurate
flight controllers that are able to model all forces acting
on these robots. Traditional flight controllers [1] model a
large part of these forces but are unable to model all of
them. The remaining forces, called residual forces, can arise
from diverse sources such as blade flapping, drag, or ground
forces [2]–[4]. Trying to compute residual forces directly
can be computationally complex and intractable for real time
control, especially on quadrotors with restricted hardware.

Recent work has shown that learning algorithms for resid-
ual force prediction can lead to significant improvements
in flight performance [4], even modeling the interaction
forces between multiple quadrotors [2]. By only learning
the residual forces rather than the full dynamics of the
quadrotor, the amount of training data needed is greatly
reduced. In addition, learning models can help improve flight
performance when sensor readings are noisy or lacking.

Incremental Nonlinear Dynamic Inversion (INDI) [5] de-
rives the residual forces from the mismatch between the
nominal dynamic model and real-time sensor feedback. Al-
though INDI can significantly enhance flight performance,
its effectiveness depends on the availability of specific sensor
data and may still be affected by measurement noise.

We propose a neural-network-based approach that
achieves comparable flight performance to the INDI con-
troller without requiring rotor RPM measurements on both
a single multirotor system and one carrying a slung type
payload. By replacing the incremental model with a learned
component integrated into two traditional flight controllers
[1], [6], our approach removes the need for specialized
sensors. Quantitative results show that it matches INDI’s
performance, and we further analyze a hybrid setup com-
bining both INDI and neural network predictions. Figure 1
summarizes the three evaluated approaches.

II. APPROACH

A. Problem Definition

Given the nominal models and feasible reference trajec-
tories xr(t), we are aiming to find controllers that can
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Fig. 1. Overview of the three approaches for computing residual forces
compared in our paper: a) Standard INDI relies on additional sensor
measurements, which can be expensive and prone to noise. b) LINDI
learns the outputs of INDI, eliminating the need for specialized sensors and
yielding smoother predictions. c) NA-INDI fuses LINDI predictions with
the original sensor data, resulting in higher-quality residual force estimates.

minimize the mean tracking error:

argmin
π

1

D

∫ D

t=0

d(xπ(t),xr(t))dt, (1)

where π(x,xr) 7→ u is the control law that influences
the state xπ(t), D the duration of the reference trajectory
xr(t), and d is a distance metric. For the multirotor case,
we consider the positional tracking error, i.e., d(xπ,xr) =
∥pπ−pr∥2 and for the payload transport case the positional
tracking error of the payload.

In this work, we augment classical controllers that ignore
the residual force fa and torque τ a with measured and/or
predicted components to improve the tracking error (1).

B. Background: Incremental Nonlinear Dynamic Inversion
(INDI)

The key idea of Incremental Nonlinear Dynamic Inversion
(INDI) is to estimate the residual force fa and torque τ a

in real time from the discrepancy between IMU-based state
measurements and the state evolution predicted by nominal
dynamics and measured RPM inputs. INDI has been imple-
mented on multirotors in [5], [7].

Within the INDI framework, the multirotor–payload nom-
inal dynamics can be formulated in different ways. Some
approaches explicitly include the dynamics of the payload,
cable, and multirotors [6], [8], [9], while others capture
the coupling through the cable tension, balancing the forces
between the UAV and the payload [10], [11].

C. Learned Incremental Nonlinear Dynamic Inversion
(LINDI)

Using a dataset containing example trajectories with IMU
data, RPM data, and state estimates, one can also compute fa
and τ a. In this case, noisy sensor data can be pre-processed
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Fig. 2. Performance comparison between all four methods. Left to right: no payload (Figure8, Circle) and payload (Figure8, Circle). Each violin plot
shows mean tracking error (centimeters) (1) for ten trials.

using zero-delay filters, such as spline fitting. The resulting
values of fa and τ a are the labels of a supervised learning
problem.

In the single quadrotor case, we use a multi-layer percep-
tron (MLP) with 19 inputs, 6 outputs, 2 hidden layers with
24 dimensions each, and Leaky-ReLU activation. The input
includes v, v̇, ω, the first two columns of the rotation matrix
R, and the motor PWM signal (which is different from ri as
it cannot observe motor delays). The output is the residual
force and torque (fa, τ a)

⊤ ∈ R6. The inputs and outputs of
the network are scaled using min-max normalization to the
range [−1, 1] to mitigate disparities in value magnitudes and
enhance training stability.

For the payload network the input is expanded to include
the payload velocity, acceleration and cable direction, result-
ing in 28 inputs. The architecture remains the same except
for the hidden layers which are reduced to a dimension of
16. This is due to the residual forces in the payload scenario
being more pronounced and making the training process
easier allowing for a smaller network size.

For pre-processing, we fit splines with cubic polynomial
segments minimizing the L2 error on the datapoints, rather
than connecting points exactly. We fit splines on the collected
INDI outputs and use this smooth signal as label for the
training. The effects of training on smooth data can be seen
in Figure 3.

D. Neural-Augmented Incremental Nonlinear Dynamic In-
version (NA-INDI)

We split the unmodeled dynamics in two parts fa =
fa,NN + fa,INDI and similar for τ a, where fa,NN and
τ a,NN are learned functions that were trained using the steps
described in II-C. Then the INDI control law only needs to
reason about the remaining mismatch in the dynamics.

III. RESULTS

We compare our methods with INDI and the geometric
controllers of [1] for the quadrotor system and [6] for the
quadrotor–payload system, without residual force prediction.

Figure 2 shows that residual prediction can reduce the
tracking error to the desired flight trajectory by approxi-
mately 40%. As seen in the results, LINDI achieves perfor-
mance comparable to INDI without relying on RPM mea-
surements. The results also indicate that combining sensor
measurements with learned residuals (NA-INDI) yields the

Fig. 3. The figure shows the residual force predictions of both INDI and
LINDI as accelerations along the y-axis during a Figure8 flight trajectory for
a quadrotor carrying a payload. Using splines to smooth the data collected
with the RPM measurements helps the MLP learn smooth residuals and can
reduce the amount of training data needed to produce accurate predictions.

best performance, albeit by a small margin. This improve-
ment arises because noise in the RPM measurements is easier
to filter when the INDI component only needs to account for
a smaller portion of the residuals, with the remaining effects
handled by the LINDI component.

IV. CONCLUSION

We introduce LINDI, a novel approach for learning resid-
ual predictions which trains a neural network on smooth data
based on spline fitting. The results demonstrate that INDI can
be effectively replaced by a neural network, which can output
smoother residual force predictions without requiring special
sensor measurements. While the proposed method requires
a quadrotor equipped with RPM measurement sensors to
collect the training data, once the neural network has been
trained, it can be deployed on any number of quadrotors with
similar specifications. This can significantly reduce the cost
of maintaining a large fleet of drones with accurate flight
controllers.

This work lays the groundwork for extending learning-
based residual modeling to scenarios with external aerody-
namic disturbances. Studying LINDI under such effects may
enable robust, disturbance-aware residual prediction in real-
world applications.
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