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1 Introduction

e Assisted landing Vs. Unassisted landings wrt. to the data

e No qualitative findings in this report

1.1 Safety

Aviate-Navigate-Communicate

Speed is safety, height is safety insurance

2 Research Questions

1. The project in a nutshell. Ten pilots assess and rate of a new landing
assistance system under differing stressed situations. What confidence
level can be postulated that the cockpit experience mimics the real world
conditions adequately well?E]

2. A longitudinal data study. Experienced pilots report on X landing sce-
narios at Munich airport. Their opinions are garnered via i) a structured
qualitative study and a ii) free-form 15 minute discussion. The dataset was

T would drill down on the validity of having 10 (small sample size, experimental design)
and defining confidence levels p-tests given the samples).



derived from instrumenting the same scenarios as the pilots used. Oscars
work and the questionnaire produced.

An initial research question is What interpretations can be found from a
machine produced dataset?. Follow-up questions are Can the quantitive
data predict the pilots and indeed the planes’ responses?

3. Data-driven forecasting. Pilots state that they strive to be ’ahead of the
plane’. For events that are not themselves pilot induced, can any corrective
measures in response to an unstable landing be?

3 Related work

Machine learning-based go-around predictions have been discussed in the re-
search community in the following articles [BOSH24, [FSF]. Much work has
been done developing algorithms and testing their accuracy, motivated by the
assumption that time-in-advance information on the go-around likelihood of
arrival aircraft will benefit air traffic controllers.

The question of how to incorporate predictive and probabilistic informa-
tion into the operation and how to evaluate their operational impact has yet
to be investigated. This paper presents a first step toward assessing the oper-
ational impact of a machine learning-based decision support tool. Therefore,
a low-fidelity, human-in-the-loop simulation exercise with air traffic controllers
discovers potential new tactics enabled by a go-around prediction tool and eval-
uates them regarding safety, resilience, and capacity.

4 A standard descent

A bird’s eye view and instrument view of a landing for most passenger planesﬂ
It is a controlled procedure as shown in Figure |1} which is a 3 descent to the
runway. The left image shows this from outside the aircraft whilst the right
shows the instruments. The pilots’ view is as Figure ?? in the primary flight
display (PFD).

1. Flight Parameters:

Aircraft: A320

Flight: LEJR (Jerez, Spain) to EDDM (Munich, Germany)

Approach Type: VMC (Visual Meteorological Conditions)

Initial approach speed: 129.5 knots
e Various flight and safety parameters are being recorded

2. The data structure captures measurements at different distances from the
runway:

2Note this might not be the same for cargo planes
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Figure 1: Glide Path example, source link (Replace).

Figure 2: Technical University of Munich’s (TUM) cockpit mock-up of a primary
flight display. Note the yellow chevron indicating a glide angle of 3°. The
pink chevron indicates the current aircraft pitch. Details of the simulation
environment can be found in [?].

e Measurements from 10.0 nm to 4.0 nm in 0.5 nm increments
e For each distance point, it records:

e Airspeed


https://www.linkedin.com/pulse/localizer-glide-slope-pramod-prabhakaran/

e Airspeed

e Angle of attack (AOA)

e Ground speed

e Barometric height

e Energy level

e Flaps position

e Aircraft attitude (pitch, roll)
e Autopilot status

e Wind conditions

e Flight controls and more

3. The system appears to be a safety/training simulator for analysing ap-
proach procedures, with particular attention to:

e Energy management during approach
e Aircraft configuration changes (flaps, gear)
e Flight path stability

e Pilot control inputs

5 A longitudinal approach

Subjective Vs. "Objective" approach. Above are the examples of the subjective
measures from the pilot, whilst below are some parameters from the model.

"Pilot-Model-Data"

6 A data-driven landing

7 Feature importance:modelling

Feature importance for the model in general (not individual) cannot say increase
or decrease the prediction classification cannot say how the features affect the
probability of a positive prediction.

E(f(x)) of all f(x) for an individual



No. | Parameter Value

1 Airspeed mds 106.7

2 aoa_rad var 1.14e-32
3 ap_status 0.0

4 distance m 655200.68
5 energy level 15366.52
6 flaps rad 0.0

7 flight time s 50644.4
8 gndspeed mds 115.06

9 hbaro m 1409.60
10 hdot mds -12.92
11 heading rad var 4.06e-30
12 holdings 0.0

13 mass kg 31.52

14 p_radds var 6.26e-33
15 pilot _flying 1.0

16 pitch rad var 7.73e-35
17 pstatic ndm?2 85953.79
18 q_radds_var 4.92e-39
19 r _radds var 5.16e-34
20 rheight m 891.568
21 roll rad var 4.95e-33
22 utc_time s 1194.4
23 vhf keying 0.0

24 wind dir rad 3.14

25 wind dir rad var 7.28e-29
26 wind spd mds 0.0

27 wind_spd_mds_var 0.0

28 gearDown 1.0

29 slantDistanceToThreshold NM | 10.26

Table 1: Parameters and values from TUM’s ML model for 1 landing,
20241218 112711 (Landing E). (caveat: Ian edited down to two decimal places.)
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Figure 3: Results rolled into 1
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Figure 4: A SafeTeam landing in Excel

8 Capturing stability

The values range from 0 to 1, inclusive. 0.9 means 90% of the time. Stable ¥ Unstable
is a move from stable to unstable and B ¥ from an unstable to a stable state.
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Figure 5: An simple 2-state Markov model, so called a Gilbert model.

The arrows back to the same state means the state remains unchanged. Note
the probabilities in and out of a state have to sum to 1 (0.9+0.1 = 1.0). Hope-
fully the majority of the time will be in "stable" shown by the high probability.
Conversely, there is a low probability of entering the Unstable state (0.1) and a
high probability to exit it (0.8). Two probabilities (1 - other) capture how the
plane stability can be quantified. What is not defined is the time the plane or
model are sampled (probably something sensible e.g. 10 seconds.)

9 Model analysis
SHAP examination:

e The system uses a pre-trained SHAP explainer (loaded from shap _explainer.joblib)

e SHAP values are calculated for each prediction when the model detects a
potentially unstable approach

e The implementation focuses on the top 5 most influential features

Use code format.

# Calculate SHAP values for the prediction
shap_values_test = explainer.shap_values(query)

# Get the absolute SHAP values for the prediction
abs_shap_values = np.abs(shap_values_test)[1]

# Sort features by absolute SHAP values and get top 5
sorted_indices = np.argsort(abs_shap values)[O0][-5:1[::-1]

# Select the top 5 features and their importance values

top 5 features = [[query.columns[i], abs_shap values[O][i]] for i in sorted_indices]

11 available approach data files (see below)



Principal
Components PC1 | PC2 | PC3
(example)
Airspeed 0.55 | 0.10 | 0.20
Ground Speed 0.50 | 0.15 | 0.25
Descent Rate 0.10 | 0.60 | 0.05

Wind Speed 0.20 | 0.50 | 0.10
Aircraft Weight | 0.45 | 0.05 | 0.15
Flap Setting -0.25 | 0.30 | 0.60

Table 2: An example of 6 parameters and components.

1. approach_20241218 123453.csv - 4098.0 KB
2. approach_20241218 112711.csv - 5560.6 KB
3. approach_20241218 133345.csv - 560.3 KB
4. approach_20241218 125851.csv - 2073.9 KB
5. approach_20241218 124556.csv - 2512.9 KB

9.1 Feature engineering and the model
e Simple example
e TUM data
e PCA and variants (ZCA)

2 state modelling

Figure 6: PCA example

Table (4] show examples of variance from data as a simple example only.



Figure 7: PCA of one landing (A scree plot is a histogram of the components).

DETAILED DESCENT PROFILE ANALYSIS

Descent Rate Variations:
Found 1 significant descent rate changes:
At 0.0nm: 0.0 m/s

Energy Profile Details:
Found 1 significant energy changes:
At 0.0nm: Change of -6266.0

Configuration vs Energy:
Flaps changes:
At 11.0nm: 0.349 rad, Energy: 9640.3

Parameter Covariance Possible explanation
(estimate)

Airspeed & Ground Speed 0.9 Linked via speed

Airspeed & Weight 0.6 Heavier planes land faster

Descent Rate & Wind Speed 0.4 Wind affects approach

Flap Setting & Airspeed 0.5 More flaps, lower speed

Table 3: Example of parameter linkage.



At 10.7nm: 0.611 rad, Energy: 9644.8

STABILIZED APPROACH CRITERIA

At 10nm:

Speed: 135.6 kts

Vertical Speed: 434 ft/min
Height: 1176.6m

Flaps: 0.611 rad

Energy Level: 9795.5

At 8nm:

Speed: 134.5 kts

Vertical Speed: 39 ft/min
Height: 1203.5m

Flaps: 0.611 rad

Energy Level: 10260.1

At 6nm:

Speed: 150.9 kts

Vertical Speed: 178 ft/min
Height: 1113.7m

Flaps: 0.611 rad

Energy Level: 9119.1
CONCERNS:

- Speed outside normal range

At 4nm:

Speed: 133.1 kts

Vertical Speed: -652 ft/min

Height: 885.3m

Flaps: 0.611 rad

Energy Level: 6335.2

This analysis confirms this is an unstable approach with multiple serious issues, issues:

. Early Configuration Changes (Highly Unusual):
Flaps went to 0.349 rad at 11.0nm
Full flaps (0.611 rad) deployed at 10.7nm
This is extremely early - should typically occur between 3-6nm

LI B B

. Speed Profile Issues:
Speeds fluctuate significantly
Most concerning at 6nm: 150.9 kts (significantly above normal approach speed)
Speed variations from 133.1 to 150.9 kts show poor speed control

LI B N

. Vertical Profile Problems:
Inconsistent descent rates:
At 10nm: +434 ft/min (climbing!)
At 8nm: +39 ft/min (nearly level)
At 6nm: +178 ft/min (climbing again)
At 4nm: -652 ft/min (finally descending)
This saw-tooth profile indicates poor vertical path control

0 0 0 00 W

. Energy Management Issues:
Energy increases from 10nm (9795.5) to 8nm (10260.1)
Sudden drop to 6335.2 at 4nm
Two significant energy changes detected
Energy profile suggests poor approach path management

* 000D

. Stabilized Approach Criteria Violations:
Speed exceedance at 6nm (150.9 kts)
Inconsistent vertical speeds
Height profile shows unusual climbing segments

LI I B

This approach shows characteristics of:
1. Poor energy management
2. Incorrect configuration timing

10



Component | Variance coverage | Combination thereof
PC1I: 55% Speed-weight axis
PC2: 25% Descent-wind axis
PC3: 10% Flap influence.
Total PC1 + PC2 + PC2 90%

Table 4: Example of parameter combinations & components (3 only)

3. Unstable vertical profile
4. Speed control issues
5. Non-standard procedure execution (especially regarding flaps deployment)

The model would likely classify this as unstable primarily due to the early configuration changes and the unstable energy/vertica

10 Initial Results

I think we can reduce the 29 factors, or features to less than 12 (see below).
We should check with Lukas, of course. The other landings are quite similiar.
Note, combinations of factors needs also to be considered.

Figure 8: PCA of one landing (A scree plot is a histogram of the components).

11



11 Discussion

We have used PCA as the main method to ascertain which factors contribute,
most, statistically to the factors explaining the data. The principal components
identify the factors with the most variation, this also helps us reduce factors
that do not vary in the data analysis. Some call this feature engineering.

Other methods for feature extraction include Kernel PCA, autoencoders,
Laplacian Eigenmap (LE), locally Linear Embedding (LLE), Isometric Mapping
(Isomap), Singular Value Decomposition (SVD), Maximum Variance Unfolding
(U), locality preserving projection (LPP), similiar to ZCA in some way, diffusion
maps (DM) and the Discrete Fourier Transform (DFT).

12 Conclusions

There are 29 factors in the data we received. We could take a black box i.e.
agnostic approach to the data, to reduce their number. However, a more trans-
parent approach is to use shallow learning statistical processing + Domain Spe-
cific Knowledge (DSL). Automated feature learning is an interesting approach
for the future.
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pilots. Blue is an AI model and orange the pilots overall ranking of the experi-
ence.
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Appendix I: Mathematical data preparation
12.1 Min-Max Scaling

Let x be an individual feature value (i.e., a value of the feature in some data
point), and min(x) and max(x), respectively, be the minimum and maximum
values of this feature over the entire dataset. Min-max scaling squeezes (or
stretches) all feature values to be within the range of [0, 1]. Figure [10| demon-
strates this concept. The formula for min-max scaling is:

_ X min(x)
~ max(x) min(x)

MIN-MAX SCALING

)
‘-‘% gt L L

;'x“ _ X —min(X)
T ax(%) = min(x)

Figure 10: Min-max scaling

12.2 Standardization (Variance Scaling)
Feature standardization is defined as:

-~ _ X mean(x)
X=—=
sqrt(x)

It subtracts off the mean of the feature (over all data points) and divides
by the variance. Hence, it can also be called variance scaling. The resulting
scaled feature has a mean of 0 and a variance of 1. If the original feature
has a Gaussian distribution, then the scaled feature does too. Figure[11]is an
illustration of standardization.
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