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At smaller airports without an instrument approach or advanced equipment, automatic
landing of aircraft is a safety-critical task that requires the use of sensors present on the
aircraft. In this paper, we study falsification of an automatic landing system for fixed-wing
aircraft using a camera as its main sensor. We first present an architecture for vision-based
automatic landing, including a vision-based runway distance and orientation estimator and an
associated PID controller. We then outline landing specifications that we validate with actual
flight data. Using these specifications, we propose the use of the falsification tool Breach to find
counterexamples to the specifications in the automatic landing system. Our experiments are
implemented using a Beechcraft Baron 58 in the X-Plane flight simulator communicating with
MATLAB Simulink.

I. Introduction
Single-pilot operations and fully automatic flight for large commercial aircraft promise cheaper air transportation for
both passengers and cargo. One remaining technical challenge is to enable automatic landing at all airports. Automatic,
pilot-supervised landings for large aircraft such as airliners have been available since the late 1960s with the invention of
the Autoland system [1]. However, these systems require not only a qualified aircraft and crew, but also very expensive
equipment on the ground in the form of an Instrument Landing System (ILS), often Category II or Category III. As a
result, Autoland is only available at the biggest airports in the world, or at airports which most often have bad weather.
With the recent interest in single-pilot and unmanned operations for commercial aircraft, there is an increased interest in
expanding automatic landing operations to smaller airports without special equipments and often no Instrument Flight
Rules (IFR) approach.
In Visual Meteorological Conditions (VMC), pilots operating aircraft mainly rely on their vision to estimate the
position and safely land on the runway. This paper explores how to exploit this intuition to create an automatic landing
system that uses a camera as a sensor, and vision algorithms to identify the runway on the images, estimate the position
of the aircraft with respect to the runway, and safely control the aircraft to a landing. In addition to the camera, the
algorithm can also use instrument data from the airplane such as Global Positioning System (GPS), gyroscopes, and
velocity measurements. We use vision as a primary sensor because the GPS signal is typically not precise enough
(especially in terms of the altitude of the aircraft) to enable a fully automatic landing on its own, and it would also
require expensive calibration at the airport. A prototype of the system was implemented using MATLAB Simulink
connected to the X-Plane flight simulator via the X-Plane Connect Toolbox [2]. Results are demonstrated on a Baron 58
at Ann Arbor Airport.
Automatic landing systems are safety-critical for the operation of the controlled aircraft, and the algorithms they
use must be carefully verified. Our primary interest in designing this automatic landing system is to run falsification
algorithms to find potential counterexamples in the design or implementation. As a first step, we precisely specify the
requirements of an automatic landing system using linear temporal logic [3], and we validate those specifications using
two different flights, one airline flight and one private flight. Once the requirements are specified, the falsification tool
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Breach [4] is run to find counter-examples to either the image processing algorithms or the tracking controllers. The
proposed vision-based automatic landing system and its interface with the falsification tool is shown in Figure 1.

Fig. 1 The proposed vision-based automatic landing system is shown in the system box. Its interface with the
falsification tool Breach for analysis purposes is also depicted.
Instrument-based automatic landing systems have been available since the 1960s [1], but vision-based methods
for automatic landing of fixed-wing UAVs have only been proposed recently [5–14]. To the best of our knowledge,
falsification or verification techniques have not been previously employed on any of these systems, and verification
work has focused on landing protocols rather than full systems [15–17]. On the industrial side, Garmin is currently
developing an emergency autoland feature for small general aviation aircraft [18]. Additionally, a similar architecture
to the one presented in this paper targets automatic taxiing [19], where a vision algorithm was originally part of the
proposed architecture, but was not implemented or analyzed.

II. Automatic Landing Architecture
A prototype vision-based automatic landing architecture is developed as shown in Figure 1 inside the System
block. We use X-Plane as the aircraft simulator, which can provide both data from flight instruments and real-time
video feed from cameras located at desired positions on the aircraft. The architecture consists of a perception module
for processing the camera data, a reference glideslope generator which creates waypoints along the approach path, and a
feedback controller that aims to generate control inputs in order to track the waypoints. Specific architecture components
for automatic landing and the results after implementation are discussed in the following sections.
A. Vision-based Runway Distance And Orientation Estimation
In this section, we describe our vision-based position and orientation estimation algorithms. Camera pose and
aircraft pose are used interchangeably as we assume a single camera attached to the tail of the aircraft. As a result,
there is a known constant transformation between the two poses. Our proposed vision pipeline consists of three main
modules: (i) rough localization and masking of the runway in the image; (ii) precise detection of the pixel coordinates
of the runway landmark points on the image; and (iii) estimation of the camera pose based on the pixel coordinates of
the runway landmarks, the camera parameters, and the known 3D world coordinates of the landmarks.
Our vision-based runway location and orientation estimator is a modular vision pipeline – as opposed to, e.g., an
end-to-end neural network – and uses several well-known techniques and algorithms:
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• YOLO Neural Network: YOLO [20] is a neural network for real-time object detection that determines particular
objects’ locations in the image. YOLO creates a one-step process, applies the model to images at multiple
locations and scales, and then considers the boxes with high scoring as the detected bounding boxes.
• SIFT and Matching points in two images: SIFT [21] is a feature detection algorithm to detect local features
from the images. A set of keypoints is extracted from the detected SIFT features for two different images. The
matching feature points are detected based on comparing each feature from the first image with the second image
and minimizing the Euclidean distance of the points’ feature vectors.
• ASPnP and IPPE: The goal of the Perspective-n-Point (PnP) problem is to determine the position and orientation
of the camera given its intrinsic matrix and a set of 𝑛 points with their 2D and 3D coordinates. ASPnP [22] and
IPPE [23] are two recent algorithms that provide a solution to the PnP problem. The main idea of ASPnP is to
estimate the orientation and position parameters by directly minimizing a properly defined algebraic error. The
main idea of IPPE is to estimate the parameters using the transform about an infinitesimally small region on the
surface (by solving a 1st-order partial differential equation).
The overall vision pipeline with the corresponding algorithms are shown in Figure 2, and we explain the details next.

Fig. 2

The proposed vision pipeline.

1. Rough localization and masking of the runway in the image
Running SIFT on the entire image is time consuming. The goal of this step is to improve the computation time for
the SIFT method by making sure it runs only on a small portion of the image that contains the runway. The bounding
box of the runway is localized in each frame using YOLO. To reduce the risk of over-fitting and make the process of
training faster and more robust, the fine tuning technique from [24] is applied. This approach initializes the network
parameters for the target task from the parameters of the network pre-trained on another related task. 450 images are
gathered during the landing approach from the X-plane simulator and the runway’s bounding boxes are localized on each
picture manually. After collecting the dataset, it is fed into the pre-trained YOLO network and the model is re-trained
based on the collected dataset. The trained model is able to find the rough localization of the runway. We apply the
trained neural network model to both reference and target frames and localize the location of the runway’s bounding
boxes. Then, we mask out the bounding boxes from both images and perform the next step on them.
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2. Precise detection of the pixel coordinates of the runway landmark points on the image
This step aims to estimate the pixel coordinates of runway landmark points on the images. The vision algorithm
switches between two different landmarks: corners of the runway and the runway aiming point markings. When the
airplane distance from the runway is between 800 (m) and 20 (m), the vision method uses the runway’s corners as
the landmark points. However, as the airplane gets closer to the runway, the corners of the runway start vanishing.
Therefore, the vision algorithm uses the runway aiming points markings, two rectangular markings consisting of a broad
white stripe located on the runway, when the airplane distance from the runway is less than 20 (m).
In order to detect the exact pixel coordinates of the runway landmark points, we perform image registration against
a stack of reference images generated in X-Plane on the ideal approach path, in which the pixel coordinates of the
runway’s landmark points are manually annotated. Any two pictures of the same planar surface in space are related by a
3 × 3 matrix, called the homography matrix, which we use to compute the location of the landmark points in the test
frames [25]. Scale-Invariant Feature Transform (SIFT) is utilized to find the reference images’ matching points and
their corresponding points in the test images. Subsequently, the Alternating Direction Method of Multipliers (ADMM)
and Proximal Block Coordinate Descent (BCD) are applied to compute the homography matrix in an efficient and
deterministic way [26]. Additionally, the resulting homography matrix from the previous frame is used to warm-start
the optimization in the next step. Since the accuracy of landmark points’ localization is crucial for the next step, we
use a Kalman filter [27] to predict the landmarks’ future locations. The Kalman filter addresses two distinct scenarios:
1) when the landmark points are detected, and they are close enough to the previous detection, the Kalman filter first
predicts the states of the landmark points in the current frame and then uses the newly detected coordinates for the
landmark points from the vision module to correct the states; and 2) when the detected landmark points are far away
from the landmark points in the previous frame, the Kalman filtering relies on its prediction for the states and replaces
them as the new landmarks’ location.
At runtime, for each frame of the landing approach, we need to find the reference image that best matches the
incoming frame. In order to achieve this efficiently without needing to search through all reference images, we define a
best-index variable, which is the index of the reference image that is most similar to the test frame. The best-index
variable is increased periodically every frame. By knowing the best-index for the previous frame, it is not necessary to
match the target frame against all reference frames. We assume that the most similar reference image frame has the
highest number of SIFT matching points, which produces the most accurate registration. Each incoming image should
be compared with the three reference images corresponding to the previous best-index and its two following indices.
The best-index is updated with the index of the reference image that has a higher number of SIFT matching points.
The output of this step is the pixel coordinates of the landmarks on the current frame.
3. Estimation of the camera position and orientation based on the pixel coordinates of the runway landmarks
In order to be able to estimate the camera position and orientation, the camera located on the airplane must be
calibrated. We assume a simple pinhole camera model and estimated its 3 × 4 intrinsic camera matrix. We obtained
the intrinsic camera matrix by annotating a few points on each image and solving a linear least-squares problem. The
annotated points have the known world coordinates and the images were taken at various distances from the camera.
Given the pixel coordinates of the landmarks on the current frame, which are computed in step 2, with their 3D
coordinates in the world and the camera intrinsic matrix, it is possible to estimate the camera position and orientation
via the PnP problem. We have tried several existing algorithms to solve the PnP problem. We have decided to use the
ASPnP algorithm to estimate the position and IPPE to estimate the orientation, since ASPnP can perform better than
IPPE in position estimation, but it can have more significant errors on the orientation estimation than IPPE. We have
combined these two methods to solve the PnP problem. Altitude estimates from vision were less reliable. To address
this issue, we obtained the aircraft’s height from the onboard barometer and use that value to enhance the estimation of
the orientation, altitude, and lateral deviation.
Figure 3 shows, on the right image, the detected corners together with the position and orientation estimations of
the airplane, based on the left image. The left image is one of the reference images with which image registration is done.
The reason for choosing the left image for image registration is because of the best-index variable defined in step two.
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Fig. 3 The result of implementing the registration between a reference frame (left) and a test frame (right),
and the airplane’s position and orientation estimations. The reference image is taken on the glide path. The
corners of the runways in the test frame are computed and shown in the picture. The calculated distance of the
camera with respect to the runway is shown in the blue box on the top of the test frame.
B. System Modeling and Control Design
Given a specific runway for the final approach, we assume the guidance glideslope to the runway can be defined by
an angle and a Threshold Crossing Height (TCH). This information is provided on the approach charts for a runway. For
Runway 06 at Ann Arbor airport (KARB), the approach plate (Figure 4) shows a typical glideslope angle of 3 degrees,
and a TCH of 20 ft. Using the geometry information for the desired runway, the reference glideslope generator generates
several waypoints, forming a consecutive sequence of positions along the correct glideslope from the aircraft’s current
position to the runway. Figure 5 shows a sample of glideslope waypoints generated for Ann Arbor airport.

Fig. 4 Part of the approach chart for Runway 06 at KARB (FAA documentation [28]). Approach for runway 06
(RW06) goes through waypoints YACNU and VUZJU, has a visual glide slope indicator (VGSI) set to 𝛼 =3.00◦
and a threshold crossing height (TCH) of 20 ft. The heading on approach is 059◦ , the minimum altitudes at
YACNU and VUZJU are 3,000 ft and 2,500 ft, respectively. The distance between YACNU and VUZJU is 7 NM
(nautical miles), and the distance between VUZJU and the runway threshold is 3.5+1.6=5.1 NM. In this paper
we are only looking at the last 800 meters (0.43 nautical miles) of the approach. Some information has been
removed for clarity.
The pre-generated glideslope waypoints are then sent to the closed-loop system to serve as the controller’s reference
input. To design a proper low-level tracking controller for the automatic landing system, we first identify sufficient
variables to represent flight dynamics during the final approach. We use the fixed-wing aircraft dynamics from [29],
where the aircraft is considered a six-degree-of-freedom model described by twelve dynamic or kinematic equations.
To briefly present the twelve state variables of the flight dynamics, we consider two reference frames: 1) 𝑂 𝑟 𝑋𝑟 𝑌𝑟 𝑍𝑟 –
the runway threshold frame (a fixed frame with the origin located at the center of the runway threshold and its axes
directly backward, left, and vertically upwards with respect to the direction of the runway); and 2) 𝑂 𝑋𝑌 𝑍 – the aircraft
5

Fig. 5

Visualization of the generated glideslope for Runway 06 at KARB

body-fixed reference frame, whose origin is at the center of gravity of the aircraft, with the 𝑋 axis pointing towards the
front of the aircraft, the 𝑌 axis pointing to the right side of the aircraft and the 𝑍 axis pointing downwards. We then have
the following state variables: 𝑉 = [𝑢, 𝑣, 𝑤] 𝑇 , which is the aircraft’s linear velocity in the aircraft body frame (𝑢 directs
towards the aircraft nose, 𝑣 towards the right wing, and 𝑤 down)∗ ; the angular velocities 𝑝, 𝑞 and 𝑟 (roll rotation rate,
pitch rotation rate, and yaw rotation rate); the Euler angles 𝜑, 𝜃, 𝜓 (also expressed in the aircraft frame); 𝑥, which is
the horizontal displacement from the aircraft to the runway threshold; 𝑦, which is the lateral deviation with respect to
the runway; and ℎ, which is the flight altitude. All of these state values, which can be obtained or calculated from the
combination of the vision data and aircraft instrument data, are then employed by the tracking controller to compute
the control signals. Moreover, there are four control inputs, which can change the dynamics of the aircraft: throttle
𝛿𝑡 , elevator deflection 𝛿𝑒 , aileron deflection 𝛿 𝑎 , and rudder deflection 𝛿𝑟 . The summary of state variables and control
inputs are shown in Table 1.
Table 1
Param.
𝑢
𝑣
𝑤
𝑝
𝑞
𝑟
𝛿𝑡
𝛿𝑒

Summary of state variables and control inputs

Description
longitudinal velocity
lateral velocity
vertical velocity
roll velocity
pitch velocity
yaw velocity
throttle control
elevator deflection

Unit
𝑚/𝑠
𝑚/𝑠
𝑚/𝑠
𝑑𝑒𝑔/𝑠
𝑑𝑒𝑔/𝑠
𝑑𝑒𝑔/𝑠
𝑁
𝑑𝑒𝑔

Param.
𝜑
𝜃
𝜓
𝑥
𝑦
ℎ
𝛿𝑟
𝛿𝑎

Description
roll angle
pitch angle
yaw angle
horizontal distance
lateral deviation
aircraft altitude
rudder deflection
aileron deflection

Unit
𝑑𝑒𝑔
𝑑𝑒𝑔
𝑑𝑒𝑔
𝑚
𝑚
𝑚
𝑑𝑒𝑔
𝑑𝑒𝑔

The low-level controllers are separately designed for the lateral and longitudinal dynamics. As the aircraft
approaches the airport, the lateral dynamics controller aims to decrease the roll angle, yaw angle and lateral deviation
with respect to the runway, while the controller for longitudinal dynamics aims to keep a constant descent speed and a
∗ We

assume there is no wind and therefore the ground speed coincides with the horizontal airspeed.
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three-degree glideslope angle.We implement a proportional-integral (PI) controller for the lateral control, defined as:
𝑢𝑟 (𝑡) = −𝑘 𝜓𝑃 𝜓(𝑡) − 𝑘 𝑦𝑃 𝑦(𝑡) − 𝑘 𝐼𝜓

𝑡
Õ

𝜓(𝜏) − 𝑘 𝑦𝐼

𝜏=0

𝑢 𝑎 (𝑡) =

−𝑘 𝜑𝑃 𝜑(𝑡)

−

𝑘 𝐼𝜑

𝑡
Õ

𝑡
Õ

𝑦(𝜏),

𝜏=0

(1)

𝜑(𝜏).

𝜏=0

where 𝑒 𝜓 , 𝑒 𝑦 , 𝑒 𝜑 are the error states, 𝑘 𝜓𝑃 , 𝑘 𝑦𝑃 , 𝑘 𝜑𝑃 are the proportional coefficients, and 𝑘 𝐼𝜓 , 𝑘 𝑦𝐼 , 𝑘 𝐼𝜑 are the integral
𝛿 𝑚𝑎𝑥

coefficients. The output 𝑢𝑟 and 𝑢 𝑎 of the controller are saturated to compute the input to the system by 𝛿𝑟 = 𝑠𝑎𝑡 𝛿𝑟𝑚𝑖𝑛 (𝑢𝑟 )
𝑟

𝛿 𝑚𝑎𝑥

and 𝛿 𝑎 = 𝑠𝑎𝑡 𝛿 𝑎𝑚𝑖𝑛 (𝑢 𝑎 ) † . Additionally, we implement a PI controller for longitudinal dynamics, which is defined as:
𝑎

𝑢 𝑡 (𝑡) = −𝑘 𝑢𝑃 (𝑢(𝑡) − 𝑢 𝑑𝑒𝑠 ) − 𝑘 𝑢𝐼
𝑢 𝑒 (𝑡) = −𝑘 𝑃𝜃 (𝜃 (𝑡)
𝜃 𝑐 (𝑡) =

−𝑘 ℎ𝑃 (ℎ(𝑡)

𝑡
Õ

(𝑢(𝜏) − 𝑢 𝑑𝑒𝑠 ) + 𝑘 𝑡 ,

𝜏=0
𝑃
− 𝜃 𝑐 (𝑡)) − 𝑘 𝑞 𝑞(𝑡),
𝑡
Õ
− ℎ 𝑐 (𝑡)) − 𝑘 ℎ𝐼
(ℎ(𝜏)
𝜏=0

(2)
− ℎ 𝑐 (𝜏)),

ℎ 𝑐 (𝑡) = ℎthreshold + 𝑥(𝑡)tan𝛾.
where 𝑒 𝑢 , 𝑒 ℎ are the error states, 𝑘 𝑢𝑃 , 𝑘 𝑃𝜃 , 𝑘 𝑞𝑃 , 𝑘 ℎ𝑃 are the proportional coefficients, and 𝑘 𝑢𝐼 , 𝑘 ℎ𝐼 are the integral coefficients.
𝛿 𝑚𝑎𝑥

The output 𝑢 𝑡 and 𝑢 𝑒 of the controller are saturated to compute the input to the system by 𝛿𝑡 = 𝑠𝑎𝑡 𝛿 𝑡𝑚𝑖𝑛 (𝑢 𝑡 ) and
𝑡

𝛿 𝑚𝑎𝑥

𝛿𝑒 = 𝑠𝑎𝑡 𝛿 𝑒𝑚𝑖𝑛 (𝑢 𝑒 ). The parameter values of both the lateral and the longitudinal controller are listed in Tables 5 and 6 in
𝑒
Appendix A.
Figure 6 presents the path of landing in the vertical and horizontal plane for a Baron 58 (simulated in X-Plane) on
Runway 06 at Ann Arbor airport using the designed controller. GPS and other aircraft instrument data have been used
for accurate state feedback.

Fig. 6

Path of landing for Baron 58 in the vertical plane (left) and the horizontal plane (right)

C. System integration
In this section, we integrate the controller described in section II.B with the vision-based estimator described in
section II.A. The overall system is implemented in MATLAB/Simulink by integrating several modules. We use X-Plane
as the flight dynamics simulator and use the X-Plane Connect Toolbox [2] for interfacing between the controllers, vision
† Throughout

the text, we use the following notation for the saturation function: 𝑠𝑎𝑡𝑎𝑏 ( 𝑥)  max(𝑎, min(𝑏, 𝑥)).
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modules, and X-Plane. The values of 𝑥, 𝑦, ℎ, 𝜃, 𝜑, and 𝜓 in state feedback are computed through the vision pipeline,
and the values of 𝑢, 𝑞 are taken from the instrument data in X-plane. Figure 7 shows the comparison between the state
values from the vision-based estimator and the ground-truth during the landing approach. Although the estimation from
the vision-based estimator is noisy, the error between the estimation and the ground-truth values are close to tolerable
ranges, discussed further in Section III.B. In particular, the estimator is able to catch small changes of the orientation.
Since the accuracy of ℎ is crucial during the landing approach, we also implemented a method to get the value
of ℎ from the barometer and feed it to the vision algorithm to enhance the estimation of the orientation, aircraft’s
altitude, and lateral deviation. Moreover, a Kalman filter is implemented to reduce the delay of the barometer. Figure 8
shows the performance of the vision-based estimator during the landing by feeding the value of ℎ taken from the
delay-compensated barometer. The mean and the standard deviations of the absolute error values between estimated
variables and the ground-truth are shown in Table 2. The error from the estimation of ℎ is reduced when using the
delay-compensated barometer while the errors from other states remain similar.

Fig. 7

The comparison between the values taken from vision-based estimator and ground-truth.

Fig. 8 The comparison between values in state feedback and ground-truth when landing with the vision-based
estimator with ℎ from the delay-compensated barometer
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Table 2 Mean and the standard deviations of the absolute error values between estimated variables and the
ground-truth. ℎ 𝑏𝑎𝑟 𝑜 indicates the height data taken from the delay-compensated barometer.

landing with
vision-based estimator

landing with ℎ 𝑏𝑎𝑟 𝑜 and
vision-based estimator

mean
standard
deviation
mean
standard
deviation

𝑥(𝑚)
4.4422

𝑦(𝑚)
0.2768

ℎ(𝑚)
0.6851

𝜃 (𝑑𝑒𝑔)
0.0577

𝜑(𝑑𝑒𝑔)
0.0691

𝜓(𝑑𝑒𝑔)
0.0425

6.2414
𝑥(𝑚)
4.4674

0.4245
𝑦(𝑚)
0.2484

1.0671
ℎ 𝑏𝑎𝑟 𝑜 (𝑚)
0.0329

0.0887
𝜃 (𝑑𝑒𝑔)
0.0705

0.0156
𝜑(𝑑𝑒𝑔)
0.1038

0.0647
𝜓(𝑑𝑒𝑔)
0.0376

6.2002

0.3791

0.0415

0.1063

0.1530

0.0556

III. Falsification-driven analysis of the vision-based automatic landing system
In order to evaluate the proposed automatic landing architecture, the developed landing controller, and perceptionbased estimation modules, we use the falsification tool Breach [4]. To be able to apply falsification, we first formalize
the specifications for landing.
A. Formal specification of the landing system
Landing specifications include (i) a bound on the maximal deviation from the reference glideslope, (ii) bounds
on the maximal lateral and longitudinal deviation from the target landing point to avoid missing the runway, and (iii)
bounds on the airspeed and vertical velocity in a period slightly before and after touchdown to ensure smoothness of
the landing and to avoid potential damage to the landing gear. Landing can be separated into three phases: (i) final
approach, (ii) flare, and (iii) touchdown. In this paper, we focus on the final approach and formalize final approach
specifications using linear temporal logic [3].
Final approach, which is the first phase of landing, usually begins with either a turn which aligns the plane with the
runway or at an initial approach point, and ends when the altitude is less than 15 ft. Specifications for the approach are
based on FAA sources and pilot experience. They are intended to ensure that the airplane remains safe by controlling
speeds, pitch, roll, and yaw based on recommendations for a stabilized approach and landing. The specifications do not
account for weather, including crosswind yaw corrections and any headwinds or tailwinds, but this eventually can be
added, and the bounds of the specifications allow for some corrections due to wind. An angle of attack specification was
not included because stalls can reasonably be prevented through controlling airspeed and pitch, and angle of attack
data is not easily accessible in most general aviation aircraft or obtainable through the vision algorithm. The first three
specifications are related velocity in 𝑥, 𝑦, and 𝑧 direction, and the last two are lateral deviations from the runway and
glide path [30–33]. A visual summary of the specifications from both a top and side view can be found in Figure 9. The
definitions of each specification are explained below.
Specification on longitudinal speed: Φ1 ≡ 𝑢 𝑐 𝑉𝑠𝑜 − 𝑢 𝑙 ≤ 𝑢 ≤ 𝑢 𝑐 𝑉𝑠𝑜 + 𝑢 𝑢
The variable 𝑢 is the velocity in the 𝑥 direction. In order to maintain a stabilized approach or a constant angle glidepath
without the need for significant pilot adjustment, 𝑢 should be close to 𝑢 𝑐 𝑉𝑠𝑜 , where typically 𝑢 𝑐 = 1.3. 𝑉𝑠𝑜 is the stall
speed of the airplane. Stall speed is different for each plane depending on the shape of the wing and other aerodynamic
factors, but it represents the speed where the plane loses lift and begins to stop flying. There are bounds on either side of
the specification to allow for small deviations. The airplane should not be much slower than 𝑢 𝑐 𝑉𝑠𝑜 on landing but can
be slightly faster, so the bounds are uneven.
Specification on lateral speed: Φ2 ≡ −𝛿 𝑣 ≤ 𝑣 ≤ 𝛿 𝑣
The variable 𝑣 is the velocity in the 𝑦 direction. In order to stay close to the axis of the runway during the entire final
approach, the lateral velocity of the airplane should be close to zero. The bounds are defined to allow for corrections
needed due to changes in wind or small misalignment so that the pilot can get the plane back on the extended center line
of the runway, which would require a small lateral velocity.
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Specification on vertical speed: Φ3 ≡ 𝑤 𝑙 ≤ 𝑤 ≤ 𝑤 𝑢 tan(𝛼)𝑢
The variable 𝑤 represents the velocity in the ℎ direction or climb/descent rate. Since the Z axis points downward, 𝑤 is
positive during approach or when the airplane descends. A constant angle glideslope with the ratio of 3 : 1 should be
maintained for a stabilized approach, which means for every 3 nautical miles (nm) or around 18228 ft flown over the
ground, the aircraft should descend 1000 ft (about 3 degrees). The specification does not allow to climb during the final
approach as the descent should be constant, and adjustments to a large rate of descent can be made by maintaining
altitude as opposed to climbing. The specification allows 𝑤 to be slightly larger than the required rate to account for
re-adjustments due to wind or pilot error; however, 𝑤 must still be within the boundary of 𝑤 𝑢 times the standard rate of
descent for a 3-degree glideslope.
Specification on lateral deviation: Φ4 ≡ −(𝑥 + 𝑑𝑟 ) tan(𝛽) ≤ 𝑦 ≤ (𝑥 + 𝑑𝑟 ) tan(𝛽)
The variable 𝑦 is the lateral deviation from the runway. Similarly to specification on lateral speed Φ2 , the airplane
should stay close to the extended center line of the runway during the final approach. Small deviations up to the bound
are allowed to correct for wind or misalignment due to pilot error. The distance that the airplane needs to be within from
the center of the runway is determined by a deviation angle as opposed to a numerical distance, so the airplane needs to
be closer to the runway center line as the closer it gets to the touchdown point, as shown in Figure 9a.
Specification on vertical position: Φ5 ≡ (𝑥 + 𝑑 − 𝑡) tan (𝛼 − 𝛼ℎ ) ≤ ℎ ≤ (𝑥 + 𝑑 + 𝑡) tan (𝛼 + 𝛼ℎ )
The variable ℎ is the height above the airport. The specification indicates that an airplane should stay within a small
offset of the glideslope during the final approach. The angle of the glideslope has a bound on either side which
corresponds approximately to the glideslope angle where a pilot would see either three red or three white lights on a
PAPI (Precision Approach Path Indicator), and therefore still be within a safe distance from the glideslope. The visual
representation of the specification is shown in Figure 9b.
Putting all the specifications together, the LTL specification for final approach is given by:
!
5
Û
Φ≡
Φ𝑖 U (ℎ ≤ ℎ 𝑓 ft),

(3)

𝑖=1

m where ℎ 𝑓 is the altitude where final approach ends and flare phase starts. Table 3 shows the different parameters used
in our experiments.

(a) Top view

(b) Side view

Fig. 9 Visual representation of specifications for landing (Top View on the left and and Side view on the right).
The blue lines represent the specifications.

Validation with actual flight data
To ensure that our specifications represent a typical final approach well, we have plotted the data from two different
flights to determine whether they satisfy the defined specifications. The first set of graphs, which is shown in Figure 10,
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Table 3

The variables used in each specification and typical numerical values in SI and aviation standard units.

Variable

Description

Value in SI

𝑢𝑐
𝑢𝑙
𝑢𝑢
𝛿𝑣
𝛼
𝑤𝑙
𝑤𝑢
𝑑𝑟
𝛽
𝑑
𝑡
𝛼ℎ
ℎ𝑓

𝑥-velocity constant
Lower bound of velocity in 𝑥 direction
Upper bound of velocity in 𝑥 direction
Bound of velocity in 𝑦 direction
Glide slope angle
Lower bound of velocity in 𝑧 direction
Upper bound of velocity in 𝑧 direction
Distance to the end of the runway (Intersection)
Lateral Deviation Angle
Distance from the runway threshold to touch down marks
Touchdown range
Glideslope angle bound
Altitude at end of final approach

1.3
2.6 m.s−1
5.1 m.s−1
1.51 m.s−1
3◦
0 m.s−1
2
3048 m
2◦
305 m
305 m
0.7◦
5m

Value in Aviation
Standard Units
1.3
5 kts
10 kts
3 kt
3◦
0 fpm
2
10000 ft
2◦
1000 ft
1000 ft
0.7◦
15 ft

are the data taken from a commercial flight tracking website [34] for a flight in a CRJ-900LR airplane. For this dataset,
all the specifications for the position of the airplane are satisfied except for the height at the very end of the approach.
The specifications for vertical and lateral velocity are also satisfied. However, specifications for the longitudinal velocity
of the aircraft were violated at one point. The second set of graphs, shown in Figure 11 are the data taken from a flight
over Ann Arbor in a Cessna 172. The graphs show that the specifications for the aircraft’s position are all satisfied along
with the specification for lateral and vertical velocity, while the specifications for longitudinal velocity are not. We
believe there could be noise caused by imperfect measurements from the sensors. This could be why some specifications
are not satisfied. Also, the exact numbers used for specifications are rough estimates, and pilots do not have to follow
them exactly.

Fig. 10 The graphs are for a flight from Washington (IAD) to New York (JFK). The airplane used in this flight
is a Mitsubishi CRJ-900LR. The flight duration was 42 minutes

B. Falsification-based analysis
We use the Breach falsification tool [4], which can search for initial conditions, parameter values, disturbance,
and noise sequences within the given bounds to describe the system’s environment to try to locate trajectories that
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Fig. 11 Data is from a flight by a private pilot (Isabelle Gallagher, an author of this paper) from a flight over
Ann Arbor airport in a Cessna 172. It is important to note that the ideal touchdown point is different for the two
airports because there are different TCH’s for different airports. TCH is the minimum height that the airplane
needs to be above the ground when it reaches the runway threshold [35]. It is 54ft for JFK [36] which puts
the ideal touchdown point at 1030ft into the runway, and 20ft for Ann Arbor airport [28] which puts the ideal
touchdown point at 400ft into the runway
violate a given specification. In the following, we discuss several falsification results of the system with and without the
vision-based estimator. All of the examples are tested without wind and we only focus on the performance during the
final approach. Because the velocities of aircraft in X-plane cannot be initialized at arbitrary values, at the start of each
simulation, the aircraft is accelerated on the runway to get enough longitudinal velocities for the final approach and then
placed at a location on the glideslope – but not at the starting point of the final approach. For landing a Baron 58 onto
Runway 06 at KARB, we place the aircraft with 𝑥 = 2000 m on the glideslope. The aircraft is then controlled to move
along the glideslope. The falsifier only checks the performance or adds disturbances when 𝑥 < 800 m, which is the
normal distance of the final approach for Runway 06 at KARB. The landing process between 800 m ≤ 𝑥 ≤ 2000 m is
used for the aircraft to obtain appropriate vertical and lateral velocities for the final approach. For vision-in-the-loop, the
vision-based estimator is involved when 𝑥 < 800 m. In the following section, we denote 𝑥far = 2000 m and 𝑥 0 = 800 m.
First, we conduct falsification of the system without the vision-based estimator. Under these conditions, all the
values used in the state feedback are taken from the X-Plane simulation engine, which indicates the ground-truth
positions and velocities of the aircraft in X-Plane. We consider each state individually and increment its allowable noise
in the Breach falsifier until the specification is falsified. Table 4 shows the maximum tolerable bounds of noises for
which Breach cannot falsify the specification. Once we have these maximum tolerable noise bounds, we can compare
them to the vision system’s estimation error. More specifically, at each cycle of falsification, the Breach tool only adds
noise to one state, and it is limited to five samples for each bound. The tolerable noise bounds indicate that if Breach is
allowed to choose noises larger than that bound, falsifying trajectory can be generated within five samples.
For vision-in-the-loop, the values of 𝑥, 𝑦, ℎ, 𝜃, 𝜑, and 𝜓, which are used in the state feedback, come from the
vision-based estimator or the barometer. Therefore, if errors between values from the vision-based estimator or the
barometer and ground-truth are larger than tolerable bounds, the specifications will likely fail when vision is in the
loop, according to the Breach falsification results of the system without the vision-based estimator. Two different cases
are tested. First, landing with the vision algorithm in the loop is tested. All six states are taken from the vision-based
estimator. Second, the variable ℎ is replaced by the height data from the modified barometer. Because all of the errors
are smaller than the tolerable bounds under these two circumstances, none of the specifications are falsified, as shown in
Figure 12 and Figure 13.
In the previous falsification examples, we focus on the trajectories starting on the glideslope with and without the
vision-based estimator. Here we analyze how initial deviations from the glideslope affect specification satisfaction using

12

Table 4 The tolerable bound of noises of each state, ℎ𝑡 𝑑 indicates the altitude at the touch down point, which
is 253m at the KARB
noisy state

tolerable bound of noises

unit

𝑢
𝑦
𝜑
𝜓
𝑥
ℎ
𝜃
𝑞

[−4.5, 4.5]
[−6.5, 6.5]
[−2, 2]
[−2.5, 2.5]
[−15%𝑥, 15%𝑥]
[−16%(ℎ − ℎ𝑡 𝑑 ), 16%(ℎ − ℎ𝑡 𝑑 )]
[−6, 6]
large than its magnitude

𝑚/𝑠
𝑚
𝑑𝑒𝑔
𝑑𝑒𝑔
𝑚
𝑚
𝑑𝑒𝑔
𝑑𝑒𝑔/𝑠

Fig. 12

potentially falsified
specifications
Φ1
Φ2
Φ2
Φ2
Φ3
Φ3
Φ3
Φ3

The specifications and actual values when landing with the vision-based estimator

ground-truth positions and comparing the result with the vision-in-the-loop.
We start the simulation with deviations in the direction of ℎ and 𝑦. The initial set of deviations are 𝑑𝑦 ∈ [−10, 10],
and 𝑑ℎ ∈ [−10, 10] (in the unit of the meter) and are meshed into a 21 × 21 grid. In X-plane, the aircraft needs to have
the landing process between 𝑥0 ≤ 𝑥 ≤ 𝑥far to obtain the required vertical velocity and the lateral velocity. During this
process, the aircraft is controlled along the glideslope with deviations. When 𝑥 < 𝑥0 , the aircraft is controlled to move
along the original glideslope. However, because of the controller’s limits, the deviations at 𝑥0 may not be the same as
the deviations at 𝑥 far . Figure 14 is a set of irregular plots, meaning that the points in the plots show the actual deviations
from the glideslope at 𝑥0 . Red points indicate the falsifying initial conditions; green dots indicate the non-falsifying
initial conditions.
Figure 14a shows that the deviations between 𝑑𝑦 ∈ [−6, 7] and 𝑑ℎ ∈ [−9, 8] are acceptable for the system without
the vision-based estimator. Some asymmetrical features of the aircraft may cause the asymmetry between the lower
bound and the upper bound of 𝑑𝑦 and 𝑑ℎ, but this is not fully understood. Figure 14b shows that the specifications are
not falsified when 𝑑𝑦 ∈ [−4, 6], 𝑑ℎ ∈ [−7, 6] for vision-in-the-loop. Because the errors that come from the vision-based
estimator can add other disturbances to the system, the acceptable deviations become smaller than the system without
the vision-based estimator. Additionally, since the vision-based estimator’s errors are not systematic and somewhat
unpredictable, this leads to the blurry boundaries between the falsifying and non-falsifying initial conditions.
Figure 15 shows the satisfaction distribution of each specification when landing with the vision-based estimator
under different initial conditions. Red crosses and green dots share the same meaning with those in Figure 14. The
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Fig. 13 The specifications and actual values when landing with the vision-based estimator with ℎ from modified
barometer

(a)

(b)

Fig. 14 (a) Satisfaction distribution plot of system without the vision-based estimator. (b) Satisfaction distribution plot of vision-in-the-loop.
figure indicates that Φ2 tends to be falsified when the initial conditions have large lateral deviations, and Φ3 tends to
be falsified when the initial conditions have large vertical deviations. Φ1 , Φ4 , and Φ5 are loose enough for the final
approach so they are not falsified under most of the situations. Moreover, the falsifying initial conditions in the top left
subplot indicate that the vision-based estimator fails to provide reasonable outputs during the landing approach, which
leads to the failure of landing. Usually, the failure occurs when the aircraft oscillates severely and the runway disappears
in the image fed into the vision-based estimator.

IV. Conclusions and future work
This paper presented a prototype automatic landing system and a framework for analyzing such systems via
falsification. We described three significant parts of this system: (i) the image processing algorithms that can identify the
runway from images captured from the X-Plane flight simulator and estimate the distance and orientation information;
(ii) the reference glideslope generator which can generate waypoints for the desired glidepath; and (iii) the low-level
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Fig. 15 Satisfaction distribution plot of each specification. The falsifying initial conditions in the top left plot
indicate that the vision algorithm fails to provide reasonable outputs.
controllers that keep the aircraft on the desired glideslope. The paper can be divided into two parts: (i) integrating the
vision-based perception with the automatic landing system to serve as a supplement to the instrument data; and (ii)
formalizing the landing specifications into requirements presented by signal temporal logic, then employing various
falsification techniques to evaluate both tracking controllers and image processing algorithms to find any counterexamples
which do not satisfy the required specifications.
For the future work, monitors (similar to monitors for run-time verification [37]) can be used to compare the results
of vision-based position estimation (i.e., the perception module) with the “actual” position information from X-Plane.
Then, these monitored values can be used to provide diagnostic information when a counterexample for the system-level
specification is found, and to try to understand the landscape of root-causes of failures found by the falsification tool.
Additionally, the spread of identified failures in different parts of the architecture can be identified: are failures mostly
due to an error in perception, an error in the controller, or both?
Acknowledgments: This work is supported in part by Collins Aerospace, a unit of Raytheon Technologies. The
authors would like to thank Eelco Scholte and Claudio Pinello from Collins Aerospace and the United Technologies
Research Center (UTRC) for helpful discussions. The article solely reflects the opinions and conclusions of its authors
and not Collins Aerospace.

References
[1] Charnley, W., “Blind landing,” The Journal of Navigation, Vol. 12, No. 2, 1959, pp. 115–140.
[2] Teubert, C., “X-Plane Connect,” https://github.com/nasa/XPlaneConnect, 2013–2017.

15

[3] Pnueli, A., “The temporal logic of programs,” 18th Annual Symposium on Foundations of Computer Science (sfcs 1977), IEEE,
1977, pp. 46–57.
[4] Donzé, A., “Breach, A Toolbox for Verification and Parameter Synthesis of Hybrid Systems,” Computer Aided Verification,
edited by T. Touili, B. Cook, and P. Jackson, Springer Berlin Heidelberg, Berlin, Heidelberg, 2010, pp. 167–170.
[5] Huh, S., and Shim, D. H., “A vision-based automatic landing method for fixed-wing UAVs,” Journal of Intelligent and Robotic
Systems, Vol. 57, No. 1-4, 2010, p. 217.
[6] Laiacker, M., Kondak, K., Schwarzbach, M., and Muskardin, T., “Vision aided automatic landing system for fixed wing UAV,”
2013 IEEE/RSJ International Conference on Intelligent Robots and Systems, IEEE, 2013, pp. 2971–2976.
[7] Min, B.-M., Tahk, M.-J., Shim, D. H., and Bang, H., “Guidance law for vision-based automatic landing of UAV,” International
Journal of Aeronautical and Space Sciences, Vol. 8, No. 1, 2007, pp. 46–53.
[8] Thurrowgood, S., Moore, R. J., Soccol, D., Knight, M., and Srinivasan, M. V., “A biologically inspired, vision-based guidance
system for automatic landing of a fixed-wing aircraft,” Journal of Field Robotics, Vol. 31, No. 4, 2014, pp. 699–727.
[9] Le Bras, F., Hamel, T., Barat, C., and Mahony, R., “Nonlinear image-based visual servo controller for automatic landing
guidance of a fixed-wing aircraft,” 2009 European Control Conference (ECC), IEEE, 2009, pp. 1836–1841.
[10] Burlion, L., De Plinval, H., and Mouyon, P., “Backstepping based visual servoing for transport aircraft automatic landing,”
2014 IEEE Conference on Control Applications (CCA), IEEE, 2014, pp. 1461–1466.
[11] Coutard, L., Chaumette, F., and Pflimlin, J.-M., “Automatic landing on aircraft carrier by visual servoing,” 2011 IEEE/RSJ
International Conference on Intelligent Robots and Systems, IEEE, 2011, pp. 2843–2848.
[12] Bourquardez, O., and Chaumette, F., “Visual servoing of an airplane for alignment with respect to a runway,” Proceedings 2007
IEEE International Conference on Robotics and Automation, IEEE, 2007, pp. 1330–1335.
[13] Victor, G., and Guilhem, P., “Landing of an airliner using image based visual servoing,” IFAC Proceedings Volumes, Vol. 46,
Elsevier, 2013, pp. 74–79.
[14] Rives, P., and Azinheira, J. R., “Visual auto-landing of an autonomous aircraft,” 2002.
[15] Oishi, M., Mitchell, I., Bayen, A., Tomlin, C., and Degani, A., “Hybrid verification of an interface for an automatic landing,”
Proceedings of the 41st IEEE Conference on Decision and Control, 2002., Vol. 2, IEEE, 2002, pp. 1607–1613.
[16] Umeno, S., and Lynch, N., “Safety verification of an aircraft landing protocol: A refinement approach,” International Workshop
on Hybrid Systems: Computation and Control, Springer, 2007, pp. 557–572.
[17] Johnson, T. T., and Mitra, S., “Parametrized verification of distributed cyber-physical systems: An aircraft landing protocol case
study,” 2012 IEEE/ACM Third International Conference on Cyber-Physical Systems, IEEE, 2012, pp. 161–170.
[18] George, F., “Flying Garmin’s New Emergency Autoland,” Aviation Week, 2019. URL https://aviationweek.com/
business-aviation/flying-garmins-new-emergency-autoland.
[19] Zhang, Y., Poupart-Lafarge, G., Teng, H., Wilhelm, J., Jeannin, J.-B., Ozay, N., and Scholte, E., “A software architecture for
autonomous taxiing of aircraft,” AIAA Scitech 2020 Forum, 2020, p. 0139.
[20] Redmon, J., Divvala, S., Girshick, R., and Farhadi, A., “You only look once: Unified, real-time object detection,” Proceedings
of the IEEE conference on computer vision and pattern recognition, 2016, pp. 779–788.
[21] Lowe, D. G., “Distinctive image features from scale-invariant keypoints,” International journal of computer vision, Vol. 60,
No. 2, 2004, pp. 91–110.
[22] Zheng, Y., Sugimoto, S., and Okutomi, M., “Aspnp: An accurate and scalable solution to the perspective-n-point problem,”
IEICE TRANSACTIONS on Information and Systems, Vol. 96, No. 7, 2013, pp. 1525–1535.
[23] Collins, T., and Bartoli, A., “Infinitesimal plane-based pose estimation,” International journal of computer vision, Vol. 109,
No. 3, 2014, pp. 252–286.

16

[24] Ouyang, W., Wang, X., Zhang, C., and Yang, X., “Factors in finetuning deep model for object detection with long-tail
distribution,” Proceedings of the IEEE conference on computer vision and pattern recognition, 2016, pp. 864–873.
[25] Miller, A., Shah, M., and Harper, D., “Landing a UAV on a runway using image registration,” 2008 IEEE International
Conference on Robotics and Automation, IEEE, 2008, pp. 182–187.
[26] Wen, F., Ying, R., Gong, Z., and Liu, P., “Efficient Algorithms for Maximum Consensus Robust Fitting,” IEEE Transactions on
Robotics, Vol. 36, No. 1, 2020, pp. 92–106.
[27] Li, X., Wang, K., Wang, W., and Li, Y., “A multiple object tracking method using Kalman filter,” The 2010 IEEE international
conference on information and automation, IEEE, 2010, pp. 1862–1866.
[28] Federal Aviation Administration, “Ann Arbor Municipal (KARB) RNAV (GPS) Runway 6 approach,” https://aeronav.
faa.gov/d-tpp/2012/05506R6.PDF, retrieved November 2020.
[29] Paw, Y. C., “Synthesis and validation of flight control for UAV.” Dissertation, University of Minnesota, 2009.
[30] Federal Aviation Administration, Airplane Flying Handbook (FAA-H-8083-3A), Skyhorse Publishing Inc., 2011.
[31] Marsh, A. K., The quest for the perfect landing, 2020 (accessed July 30, 2020). https://www.aopa.org/training-andsafety/students/solo/skills/the-quest-for-the-perfect-landing.
[32] Saini, M., “Flying by the numbers: A precise approach to landing,” FAA aviation news, Vol. 49, No. 2, 2010, p. 11.
[33] AviationChief, Instrument Landing System (ILS), 2020 (accessed July 30, 2020). http://www.aviationchief.com/ils.
html.
[34] FlightRadar24, “FlightRadar24,” https://www.flightradar24.com/data/flights/dl4755#2552d3cc, retrieved
September 2020.
[35] James Terpstra, “Constant Angle Non-Precision Approaches,” http://www.jeppesen.com/download/aopa/dec99aopa.
pdf, 1999.
[36] AirNav, “John F Kennedy International Airport FAA Information,” http://www.airnav.com/airport/jfk, retrieved
December 2020.
[37] Bartocci, E., Manjunath, N., Mariani, L., Mateis, C., and Ničković, D., “Automatic Failure Explanation in CPS Models,”
International Conference on Software Engineering and Formal Methods, Springer, 2019, pp. 69–86.

17

A. Parameter values for controllers
Table 5

Parameter values for the lateral controller

Param.
𝑘 𝜓𝑃
𝑘 𝑦𝑃
𝑘 𝜑𝑃
𝑘 𝐼𝜓
𝑘 𝑦𝐼
𝑘 𝐼𝜑
𝛿𝑟𝑚𝑖𝑛
𝛿𝑟𝑚𝑎𝑥
𝛿 𝑚𝑖𝑛
𝑎
𝛿 𝑚𝑎𝑥
𝑎

Description
proportional coefficient for 𝜓
proportional coefficient for 𝑦
proportional coefficient for 𝜑
integral coefficient for 𝜓
integral coefficient for 𝑦
integral coefficient for 𝜑
minimum rudder deflection angle
maximum rudder deflection angle
minimum aileron deflection angle
maximum aileron deflection angle

Table 6

Parameter values for the longitudinal controller

Param.
𝜐 𝑑𝑒𝑠
𝑘𝑡
ℎthreshold
𝛾
𝑘 𝜐𝑃
𝑘 𝑃𝜃
𝑘 𝑞𝑃
𝑘 ℎ𝑃
𝑘 𝐼𝜐
𝑘 ℎ𝐼
𝛿𝑡𝑚𝑖𝑛
𝛿𝑡𝑚𝑎𝑥
𝛿𝑒𝑚𝑖𝑛
𝛿𝑒𝑚𝑎𝑥

Description
desired velocity in the direction of 𝜐
thrust constant
desired altitude at the threshold
glideslope angle
proportional coefficient for 𝜐
proportional coefficient for 𝜃
proportional coefficient for 𝑞
integral coefficient for ℎ
integral coefficient for 𝜐
integral coefficient for ℎ
minimum engine thrust
maximum engine thrust
minimum elevator deflection angle
maximum elevator deflection angle
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Value
1 (𝑑𝑒𝑔/𝑑𝑒𝑔)
0.5 (𝑑𝑒𝑔/𝑚)
1 (𝑑𝑒𝑔/𝑑𝑒𝑔)
0.1 (𝑑𝑒𝑔/𝑑𝑒𝑔)
0.01 (𝑑𝑒𝑔/𝑚)
0.1 (𝑑𝑒𝑔/𝑑𝑒𝑔)
−27 (𝑑𝑒𝑔)
27 (𝑑𝑒𝑔)
−20 (𝑑𝑒𝑔)
20 (𝑑𝑒𝑔)

Value
50 (𝑚/𝑠)
5000 (𝑁)
259.51 (𝑚)
3 (𝑑𝑒𝑔)
70 (𝑁/𝑚/𝑠)
8 (𝑑𝑒𝑔/𝑑𝑒𝑔)
0.05 (𝑑𝑒𝑔/𝑑𝑒𝑔/𝑠)
0.3 (𝑑𝑒𝑔/𝑚)
2 (𝑁/𝑚)
0.01 (𝑑𝑒𝑔/𝑚)
0 (𝑁)
10000 (𝑁)
−15 (𝑑𝑒𝑔)
30 (𝑑𝑒𝑔)

