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Chapter 1

Introduction and objective

The advancement of autonomous aerial systems needs robust estimation and control bases to ensure re-
liable and efficient flight. This project focuses on the implementation of an estimator and motion control
pipeline for a drone operating in a simulated environment using ROS 2.

The main objective of our project is to estimate the drone’s position and velocity as accurately as
possible by using kinematic equations and sensor data readings from IMU, magnetometer, GPS and
sonar. The project also includes the implementation of behavior functions to manage transitions be-
tween different flight modes and simple control functions to follow the planned paths.

Estimation is achieved through a node using basic kinematic models and process noise assumptions.
These estimations are then refined using the different sensor data. For control, a proportional approach
is adopted, where commands are generated based on position errors with respect to a dynamically se-
lected lookahead point.

The system is tested in a Gazebo simulation environment. The performance of our implementation
is tested qualitatively by observing the drone’s responsiveness and behavior, and quantitatively by track-
ing the estimation errors by comparing the estimations to the real, expected values.



Chapter 2

Method and implementation

The project focuses on three specific nodes : The behavior node, the controller node and the estimator
node. Each one has a specific role and contains functions to be written or completed.

2.1 Behavior

The behavior node is responsible for the drone’s decision-making. It consists of a state machine that
determines the behavior of the drone and manages its transition between the different flight modes. Most
of the work happens inside Behavior::cbTimer().

In that function, the distance between the drone and the current goal is compared to a threshold, deciding
if the drone has reached its destination. If it is the case, a state machine is implemented to change the
current state of the drone. The Behavior::transition() is then called to change the goal points of the
drone based on the new state.

The expected behavior of the drone is as follows : The drone has to take off and move upward toward
the initial position at the specified cruise height. Then it enters a specific cycle : It moves toward the
turtle-bot’s current position, then the turtle-bot’s goal point and finally to the initial position. The cycle
ends if the drone reaches the initial position while the turtle bot is no longer moving. In that case, it
should land and stop.

A request for a plan is continuously made to the planner, at the end of the function, to create a path
between the drone and the goal point.

Behavior::chTimer() architecture

initial state
v
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g

Figure 2.1: the architecture of the Behavior::cbTimer() function




2.2 Controller

The role of the controller is to compute the drone’s velocities by finding the lookahead point along the
path and moving the drone towards it.
It is implemented as follows :

Finding the Closest Point

The first step is to find the closest point. The algorithm iterates through the points along the path to
find the closest one to the drone. The Euclidean distance is used following that formula

d= \/Ax2+Ay2+A22

The point with the smallest value is stored as the closest point.

Getting the Lookahead Point

The controller iterates through the points along the path, starting from the closest point to find the
lookahead point, which is the closest point to the drone whose distance is greater or equal to the desired
lookahead distance.

Remark : If the distance to the goal point is smaller than the desired lookahead distance, then the
lookahead point is the goal point.

Computing the distance to the lookahead point in the world frame

The controller computes the x,y and z distance to the lookahead point in the world frame using the
formulas :
Az = Tlookahead — Tdrone

Ay = Ylookahead — Ydrone

Az = Zlookahead — Zdrone

Transforming the distance into the drone frame

These distances need to be transformed to the drone’s frame. This step is essential so the velocities
computed later are in the drone’s frame leading to a correct behavior.
The transformation is performed by these equations.

Az’ = Az cos(¢,) + Aysin(ey)

Ay' = Aycos(¢,) — Axsin(¢,)
A = Az

Computing the velocities

The velocities are then computed by multiplying the distance by proportional control gains &, 5, and
Ky,
vy = Az’ kyp 1y

Uy = Ay'.kp,w
v, = A2k,

This allows us to have velocities proportional to the computed distances.



Constraining the velocities

Constrain the velocity in each of the directions between their maximal and minimal possible value as
follows :

v — Vg if |Uw| < Vzy,max
T .
$gN(Vy) Vgy,maz, Otherwise

Then do the same operation for v, and v, constraining them between +v,y mas and v, ymae, respec-
tively.
This step is crucial, in order to avoid any unexpected behavior of the drone.

Remark : The angular velocity of the drone is constant and equal to -0.3 (rad/sec)

2.3 Estimator

The estimator node consists of a simplified Kalman Filter, coupled with multiple corrections that use
data from different sensors.
It is composed of the following functions :

2.3.1 Estimator::cbIMU() :

This function implements the prediction step of the Kalman Filter. It makes use of the Jacobian matrices
F and W, which represent the partial derivatives of the predicted state )A(k‘k_l with respect to the
previous state X k—1/k—1 and the control input Uy, respectively. These matrices are used to update the
state estimate and the error covariance, accounting for the drone’s dynamics and process noise.

The most used variables are :

The position and velocities matrices :

wo=[i] 5 2] - ]

The covariance matrices : P, , P, , P, .

The function is structured as follows :

Step 1 : Predicting the drone’s state X, along the x-axis :

The drone’s x position and velocity along the x-axis X, are predicted using the state transition model and
the measured accelerations. The prediction uses the previous state X ;_1x—1 and the current control
Ug, k

input U, = LL .
y.k

] as follows :

Xa:,k\k—l = me,ka,k—Hk—l + Wr,kUm,k

with
1Atcos(y) —3Atsin(y)

F. cos(v) —sin(v)

zy,

[1 At
k:

0 l}andWLk:[

Step 2 : Updating the covariance matrix for the x-axis P, :

The predicted covariance P, is computed to account for the uncertainty in both the model and the

measurements:
T T
Prki—1 = FoykPo k- 1jp—1F5y p + Wa ke QW y,

with the IMU noise covariance matrix:



Step 3 : Repeating Step 1 and 2 for the y-axis :

The exact same prediction and covariance update steps are applied to the y-axis state vector Xy and
covariance matrix Py :
Xy k=1 = Fry ke Xy p—1jp—1 + Wy xUy

T T
Py k-1 = Foy Py r—11k—1F5y 1 + Wy kQyWy i,
with

Qy=Qu, Wyi = 3Atsin(y) ;Atcos(w)] = {1 At]

sin(¢)) cos(1)) 0 1
Step 4 : Implementing the prediction for z-axis :

This part was implemented in Lab 2. It predicts the drone’s vertical motion using the vertical acceleration
input. The equations are: . .
Xoph—1 = Fo e Xopoqpp—1 + Wo Uz

Pz,k\k—l = Fz,sz,k—Hk—lej:k + Wz,szW;I:k
with

_ 2 _ _
Qz = Oimu,z » U, = Az = Uz k- 8

L(At)? 1 At
w. — |2 —
Zﬁk—{ At }’Fz;k_L 0}

Step 5 : Implementing the prediction for the drone’s yaw and yaw velocities :

We predict the yaw and yaw velocity using the measured yaw velocity wy j as follows :
X klk—1 = Fy 1 Xy p1jk—1 + Wy kUyp i

Py kjk—1 = Fw,kpw,k—llk—quf,k + Ww,kaqu;,k
with

Qd’ = O-iQmu,w ’ Uw = Uy,k »

Lar? 1 At
— |2 —
Wwv’“_{ At }’va’f_[o 1}

2.3.2 Correction using Kalman filter

The problem with estimations is that they can be far off as they are only guesses. To ensure a better
known position of the drone, a correction of the estimation is necessary. The correction is done with
a Kalman filter that tries to minimize the error between the estimated position X and the measured
sensor data Y.

Ky = Py Hy, (HiPyo—1 H! + VkRkaT)_l
Xk|k = Xk\kfl + Ky (Yk - ka(k\kq) (2.1)
Py = Pyjp—1 — KeHy P
The correction is done by calculating the Kalman gain, which determines how much the position and
covariance P should be update depending on the observed data from a sensor. The H matrix is the

Jacobian describing the relation between measurement and the drone, which part of the measurement
to use.



2.3.3 Estimator::cbSonar() :

The function Estimator::cbSonar () is responsible for correcting the drone’s vertical state estimate
(the z position) using sonar measurements. In our setup, the sonar sensor always returns the distance
to the nearest object. However, in environments cluttered with walls, tables, or chairs, this reading
may not correspond to the floor. To address this, the implementation includes logic that ignores sonar
measurements if they deviate too much from the current estimate of the drone’s altitude (the Xz
value).

The function first checks whether the sonar reading exceeds the sensor’s maximum range. If so, the
measurement is discarded to avoid erroneous updates. It then compares the absolute difference between
the measured range and the estimated altitude. When this difference exceeds a predefined threshold
(SONAR_THRES), the reading is assumed to be influenced by an obstacle rather than the floor and is
ignored. Only when the sonar reading is within the acceptable range is it used for a Kalman filter
correction.

The update uses a standard Kalman Filter formulation, where the measurement matrix H,, measurement
transformation matrix V,, and sensor noise variance R, are defined as:

H.=[1 0], V.=1 R.=0},.
Given the sonar measurement Ysonar, the Kalman gain K, innovation, and state updates are computed
as:

innovation = Yionar — HZXZ
S=H.,P.H +V.R,

P.H]
KZZQ
S

X'Z — XZ + K, - innovation
P, «+ P, —K,H,P,

Tuning the SONAR_THRES parameter: The threshold value SONAR_THRES was experimentally
tuned by running multiple simulation trials with different values. For each trial, the estimated z position
(after fusion) was plotted against the ground truth z. As shown in Figure setting SONAR_THRES
too low (e.g., 0.05) causes the estimator to ignore almost all sonar readings, resulting in poor tracking.
Conversely, a value too high (e.g., 0.3-0.5) allows erroneous measurements when the drone is above
obstacles to significantly distort the estimate.

The issue is that once an incorrect sonar reading begins influencing the state, the estimate drifts such
that future sonar readings remain within the threshold. This “bootstraps” a feedback loop of bad
updates. Thus, a carefully tuned “Goldilocks” threshold was necessary to strike the right balance between
correction and robustness. The final value was chosen as the one where the estimate most closely followed
the ground truth while remaining immune to spurious data. In our case, SONAR_THRES = 0.1.
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Figure 2.2: Effect of SONAR_THRES on drone height estimation. Best performance was observed at inter-
mediate threshold values of 0.1 to 0.2.

snr,z

both sonar and ground truth z values. We then computed the residuals (difference between sonar and
ground truth), and calculated the variance of these residuals using a custom Python script This
empirically-derived value improves the robustness of our altitude correction in cluttered environments.

The variance o2, . was obtained experimentally We let the drone drift slowly upwards and logged

2.3.4 Estimator::cbGPS() :

This function is used to correct the estimated position with the help of a GPS sensor. The callback
function is triggered when the GPS sends a new position. However, the GPS gets its position in Earth-
centric, Earth-fixed coordinate system (ECEF). To be able to use the GPS reading for correction of
position, we need to turn them into North, East, Down (NED). The following formulas are used to
convert from ECEF to NED coordinates:

Tn Te Te0 —sin(gp) cos(A)  —sin(A\) — cos(y) cos(N)
Yn | = RZ/n Ye | = |Yeo| | s Rem = |—sin(p)sin(A) cos(A)  —cos(p)sin(N)
Zn Ze Ze,0 COS(SO) 0 - SIH(QO)

The R, /, matrix is the transformation matrix from ECEF to NED based on the longitude A and latitude
. The parenthesis is the difference between the current position and the initial position in ECEF
coordinates.

Now that the coordinates are in a format that we can use, we need to transform them from the drone
frame into the world frame. From the WGS84 convention, the x-axis points to the East, the y-axis points
to the North, and the z-axis points up. Using the following formulas to transform into the world frame:

Lgps Tn To 01 0
Ygps | = Rm/n Yn| + (Yo, Rm/n =10 0
“gps Zn 20 0 0 -1

The R,y is the transformation matrix from robot to world frame and the matrix [z9 o zo]” is the
initial position of the drone. With the measured GPS position transformed into the world frame and the
correction equations presented in equation [2.1] we can correct the estimated position.

X-axis correction is done by using the correction equations with the following variables:
Vor =L Hpp=[1 0, Ra =055, 0 Yok = Tgps
Y-axis correction is done by using the correction equations with the following variables:

Vykr =1,Hy = [1 0], Ry = ngs,y’ Yy = Ygps



Z-axis correction is done by using the correction equations with the following variables:

Vz,k = 1;Hz,k = [1 0 0];Rz,k = ng&zayz,k = Zgps

2.3.5 Estimator::getECEF() :

The function getECEF () converts GPS measurements from geodetic coordinates (latitude, longitude, al-
titude) into the Earth-Centered Earth-Fixed (ECEF) coordinate system. This transformation is essential
because GPS sensors provide data in terms of latitude, longitude, and altitude, but for our estimation
and sensor fusion process, the measurements need to be expressed in a Cartesian coordinate system.

The conversion begins by calculating the first eccentricity squared using the equatorial radius a and polar

radius b:
b2
2 _
e =1- <)

Next, it computes the radius of curvature in the prime vertical:

N = ¢

1 — e2sin?(p)
Using N, the ECEF coordinates are then calculated as:

e = (N 4+ h) - cos(p) - cos(N)
Ye = (N + h) - cos(ip) - sin(A)

b2
Ze = (a2 . N—i—h) -sin(yp)

Here, ¢ and A are the latitude and longitude in radians, and h is the altitude. This procedure yields
an Eigen: :Vector3d containing the ECEF coordinates. The converted ECEF values are subsequently
used to compute the North-East-Down (NED) coordinates, and then transformed again into the world
(map) frame for integration with other sensor data during the GPS correction step.

2.3.6 Estimator::cbMagnetic() :

It is not only the position of the drone that requires correction during estimation. Its orientation,
particularly the yaw angle, must also be regularly updated to maintain accurate tracking of its heading.

To achieve this, the drone is equipped with a magnetic compass sensor that measures the magnetic force
vector exerted by the Earth’s magnetic field. By interpreting this force vector, we can estimate the
drone’s actual yaw angle relative to the world frame.

We extract the x and y components of the force vector from the sensor message. Using a trigonometric
function such as atan2(z,y), the measured yaw ¢4 is computed. This measured yaw provides a real-
time observation of the drone’s heading, which can then be used to correct the estimator’s predicted
yaw.

This correction step is implemented using a Kalman Filter measurement update, where the measured
yaw is used to refine the previously predicted yaw. The Kalman correction uses the following variables
in the update equations (Equation [2.1)):

Vmgn,k’ =1, H= [1 O]a ngn,k =02

mgn

With these parameters, the Kalman Filter adjusts the estimated yaw to bring it closer to the true yaw
measured by the magnetometer, while accounting for the known uncertainty in that measurement.



2.3.7 Experimentally Calculated Sensor Noise Variances

To improve the performance of the Kalman Filter, the noise variances for each sensor were calculated
empirically using simulation logs. For each sensor, the true measurement was compared to ground truth
data, and the residuals were used to compute the variance. The procedure is demonstrated in the
appendix using the sonar sensor as an example.

The table below summarizes the final variance values used in our estimator configuration:

Sensor Variance Symbol | Value
IMU (x-axis) 0 0.05463
IMU (y-axis) Ty 0.04672
IMU (z-axis) ol . 0.19354

IMU (yaw rate) T 0.30000
GPS (x-axis) O s 0.06691
GPS (y-axis) Orpsy 0.04453
GPS (z-axis) Oips.e 0.03798
Sonar (z-axis) s 0.00068
Magnet (yaw) afngn y 0.00067

Table 2.1: Sensor noise variances used in the Kalman Filter.

Most values were obtained by logging both sensor readings and ground truth data, computing their
residuals, and then calculating the variance of these residuals. However, for the IMU yaw rate (¢), the
variance computed from logs was zero, likely an artifact of how the simulation publishes IMU data in
ROS 2. Since this would result in an unrealistically overconfident update during Kalman correction, we
manually set o7, ,, = 0.3 based on the approximate variance observed in the other IMU axes. This

prevents the filter from over-trusting perfect (and simulated) yaw rate readings, and yields more stable
estimation behavior.
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Chapter 3

Final Results

3.1 Estimator Evaluation

To assess the performance of our Kalman Filter-based state estimator, we conducted a full simulation
run and recorded both the estimated and ground truth drone poses. Figures and [3.4] present
the comparison of the estimated and true values for the x, y, z, and yaw components, respectively.

Overall, the estimator shows good performance:

e The estimated x and y positions closely track the ground truth, showing good accuracy and re-
sponsiveness (Figures and 3.2)).

e The z estimate (Figure [3.3) is slightly noisier due to sonar measurements, but remains well-aligned
with the true altitude throughout the trajectory.

e The yaw estimate (Figure|3.4]) is stable and accurate, with low drift and consistent tracking of the
drone’s heading.

These results confirm that our sensor fusion strategy, particularly the use of heuristics for noisy sonar
readings, results in robust state estimation across all axes of motion.

X Estimate vs. Ground Truth
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3 === Ground Truth
5
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40 60 80 100 120 140
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Figure 3.1: X Estimate vs. Ground Truth
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Y Estimate vs. Ground Truth
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Figure 3.2: Y Estimate vs. Ground Truth
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Figure 3.3: Z Estimate vs. Ground Truth
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YAW Estimate vs. Ground Truth
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Figure 3.4: Yaw Estimate vs. Ground Truth

3.2 Future improvements

3.2.1 Barometer correction

We attempted to implement a correction step using barometer readings to improve the estimation of
the drone’s altitude. However, several issues arose during this process. One of the major challenges was
tuning the variance parameter associated with the barometer measurements. The accuracy and stability
of the Kalman correction heavily depend on properly setting this variance, as it reflects the sensor’s
confidence level. Due to time constraints and the nontrivial nature of this tuning process, we were not
able to finalize a reliable correction mechanism using the barometer in time.

Ybaro = msg.point.z;

nnovation = Ybaro - H * Xz
> = H * Pz_ * H.transpose + V * R;

* H.transpose()) / S;

Figure 3.5: Implementation of cbBaro()

Despite this, the function cbBaro() was implemented, and its structure can be seen in Figure The
main difference in this implementation, compared to other sensor updates, lies in the Jacobian matrix H.
In Kalman filtering, the Jacobian represents the partial derivative of the sensor’s measurement function
with respect to the system’s state vector.

The barometer measurement model is expressed as:
Y = Zbar = Zk|k—1 + bbar,k + €bar

This model differs from other sensor models because the barometer reading includes a bias term, by,

13



which is modeled as part of the system state. Therefore, when taking the derivative of the barometer
measurement with respect to the state vector Xz = [z, 2, bbar]T, we obtain:

azbar o aZbar aZba'r azbar
0X, Ozkjk—1  OZgjk—1  Obpar

=1 0 1]

This Jacobian indicates that the barometer measurement is directly sensitive to the altitude z and the
barometer bias by, but not to the vertical velocity z.

3.2.2 Height map

Another potential improvement is the use of a height map to stabilize sonar readings, especially when
the drone passes over walls or objects that cause sudden changes in sensor data. Without accounting for
these fluctuations, the drone’s position estimation can become inaccurate.

While the idea of implementing a height map was explored, it was ultimately abandoned due to the
complexity and time required. Additionally, height maps are environment-specific, meaning they are
only effective in the area they were created for. If the drone is moved to a different location, the map
becomes unusable.
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Chapter 4

Appendix

4.1 Python Script for Sonar Variance Estimation

This Python script was used to compute the variance of the sonar sensor by comparing its readings
against the ground truth z position. Residuals were computed by matching timestamps between the
sonar and ground truth logs. This approach was similarly applied to other sensors in the system.

import rosbag2_py

import rclpy

from rclpy.serialization import deserialize_message
from sensor_msgs.msg import Range

from geometry_msgs.msg import Pose

import numpy as np

from bisect import bisect_left

def find_closest_gt(timestamp, gt_times):
idx = bisect_left(gt_times, timestamp)
if idx ==
return idx
if idx == len(gt_times):
return idx - 1
before = gt_times[idx - 1]
after = gt_times[idx]
return idx - 1 if abs(timestamp - before) < abs(timestamp - after) else idx

def main():
bag_path =
storage_options = rosbag2_py.StorageOptions(uri=bag_path, storage_id= )
converter_options = rosbag2_py.ConverterOptions(
input_serialization_format= .
output_serialization_format=

reader = rosbag2_py.SequentialReader ()
reader.open(storage_options, converter_options)

sonar_data = []
gt_data = []

reader.set_filter(rosbag2_py.StorageFilter (topics=[ , 1D))

while reader.has_next():

topic, data, t = reader.read_next()

if topic == :
msg = deserialize_message(data, Range)
sonar_data.append((t, msg.range))

elif topic == :
msg = deserialize_message(data, Pose)
gt_data.append((t, msg.position.z))

if not sonar_data or not gt_data:

print( )
return

15




if

sonar_times = [t / 1e9 for t, _ in sonar_data]
gt_times = [t / 1le9 for t, _ in gt_datal
gt_z_vals = [z for _, z in gt_datal

residuals = []

for t_ns, z_meas in sonar_data:
t_sec = t_ns / 1e9
idx = find_closest_gt(t_sec, gt_times)
z_gt = gt_z_vals[idx]
residuals.append(z_meas - z_gt)

residuals = np.array(residuals)
print( )
print (£

print (£

print (£ )
__name__ ==
rclpy.init()
main()
rclpy.shutdown ()

Listing 4.1: Python script used to calculate sonar variance.

16




	Introduction and objective
	Method and implementation
	Behavior
	Controller
	Estimator
	Estimator::cbIMU() : 
	Correction using Kalman filter
	Estimator::cbSonar() : 
	Estimator::cbGPS() : 
	Estimator::getECEF() : 
	Estimator::cbMagnetic() : 
	Experimentally Calculated Sensor Noise Variances


	Final Results
	Estimator Evaluation
	Future improvements
	Barometer correction
	Height map


	Appendix
	Python Script for Sonar Variance Estimation


