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[Abstract]

In this paper, we propose an Al-based learning pipeline for velocity-based autonomous drone
navigation. The proposed method utilizes a supervised learning approach that integrates the drone's
current state information (velocity and orientation) with future path data to predict velocity commands
in real-time. The hybrid LSTM-based model classifies diverse flight patterns such as hovering, straight
flight, turning, ascending/descending, obstacle avoidance, and takeoff/landing, generating adaptive velocity
commands suitable for different flight scenarios. Consequently, this method enables smooth and efficient
path following in complex and dynamic environments. Evaluated within ROS 2 and PX4 simulation
environments, the proposed model demonstrates excellent performance metrics, including RMSE of
0.0347, MAE of 0.0225, and an R*> of 98.67%. By recognizing various drone flight modes and
dynamically calculating appropriate velocities based on current position and speed, the method ensures

natural trajectory control and responsive maneuverability.

» Key words: Autonomous drone, velocity-based control, Al controller, learning-based model,
path tracking, ROS 2, PX4
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I. Introduction

1. Research Background
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2. Objectives and Methods
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II. Preliminaries
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Fig. 1. Autonomous Drone System Architecture
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III. The Proposed Scheme

1. Al Cotrol Model and Learning Pipeline
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v
One hot encoding
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Fig. 2. Al Inference Flow for Velocity—-Based Control
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2. Construction of Training Data
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3. Data Collection Methodology
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Table 1. Configuration of Waypoint Interval and

Path Length

Item Value Description

Interval 0.2 sec | Time interval between consecutive points

Duration | 2.0 sec | Total time range covered by the input

N 10 Number of path points included
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4. Categorization of Drone Flight Patterns
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Table 2. Definition of Drone Flight Patterns

Pattern Features
Nearly stationary data
Hover . . L
Very slight velocity variations
Straight Stable straight-line data
Flight Maintains constant velocity
Turn Varying cgrvature .
Changes in curve center point
Ascend/ Altitude change data
Descend Maintains steady asc/des speed
Obstacle Rapid changes and responsive behavior
Avoidance Proximity data near obstacles
Takeoff/ Rapid altitude change
Landing Precise speed control data




Development of an Al-Based Velocity Control Learning Pipeline for Autonomous Drone Navigation 105

£ Aoz MdAst
o] ojelE EsIgt. &l 2&7H107] HlolE, 0.2%
1A)Y Fd £= (sqri(vx’+vy’+vz?)) < 0.1m/s Y&| ©
g7t Aokl yawe] $sl} 0.010]51e) £1& 71410

*Jﬂlsé* (straight)

YO|ZRIET} U7 V=F /A
A= S} yaw HEP F 4
s PEiE 7 U3t H=ot A E AAeh oot
clo]&i7} = asict. 75.’?1 v]ed HlojE}= H&] Hlojg 9] Al
XA (Linearity)o] =1 £%9] Wglyp A1 AT
71F0s HEEIIL. & B0 79 IRt £ U
= HHEA] oL Al PEj= o]sstal 9l O o]&
v]gRIAlstE S Hdstoint.
A)E ZEsto] 2T 1071022 ?_73.
tlol8lE 714et PCA 45

A WA 2720 dgshe 24t &0 7873]4 8% 0]”
ol3 XPHMo2 Wehslo] AM B

.L'n

>

Table 3. Criteria for Determining Straight Flight

Threshold Condition
explained variance > 0.98

Item
Linearity (PCA)
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Table 4. Conditions for Ascend/Descend Flight

Item Threshold Condition
Altitude Change > 0.5m
Mean Vertical Speed > 02 m/s
Horizontal Movement ~ 05m
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Table 5. Criteria for Obstacle Avoidance Behavior

Velocity Variation speed_change < 0.2 m/s Item Threshold Condition
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Table 6. Conditions for Takeoff and Landing

Item Threshold Condition
Altitude Change > 0.5m
Mean Vertical Speed > 02 m/s
Horizontal Movement < 05m

Distance Limit
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5. Al Model for Flight Pattern Recognition
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Fig. 4. Al for Velocity Control in Drone Flight
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Fig. 3. Al Model for Flight Pattern Recognition

6. Al for Velocity Control in Drone Flight
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! v No Model Flows for Velocity Control
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Concatenate 2 | Predict flight mode using the FlightModeClassifier
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IV. Experiment and analysis
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Table 8. Evaluation criteria and conditions

Evaluations Conditions

Path Types Hove.r, Stra.ight, Curve, Obstac.le Avoidance,
Turning Flight, Takeoff/Landing

Path Data [dx, dy, dz] * N_path (N = 10)

Interval 0.2 sec (0.2 * 10 = 2 sec)

RMSE \I/D;flfoecritteir:;e between predicted and actual

MAE Mean Absolute Error

R? Score Regression performance indicator

2. Analysis of the FlightModeClassifier Inference
EEo] AR £=(vx, vy, vz, yaw) ¥ “J=Z(relative
path)] AJAE JE(dx:, dy, dzi, ..., dxwo, dyw, dzio)E
Qg o g dro} t20] H|3i 1fjEl(flight mode)S E&5t
£ LSTM 7]3te] 25 e st sig Bde @
N &= Frof AR &4 A aLeisty,
29| vled RFCEReIRY, AR, oA, s/
o 52 suRlor RESIT Shg WM = U
tlol8E AM Zelet &, CrossEntropylossE &4
42, Adam Optimizerg %ot 7| o2 ARESHITE
L2 v|oy " QAo St LSTM 20 &% A8
15t slo|B2]E e FTAEon, AAE A=
i} AR e 2R E/do] Il BHgEES
.} @olo] M= m7t= Confusion Matrixs 7]
atglon), 7t vja 93 Bi HEE U
AIZPA 0 2 sttt
1 A FREES 0%sFoz A
A AE BAA S/ &
S-otal Aol 3l ojuf wet
o7 AL

w19 mu
re, m“
oo *
ox T

%

1o
)

2
lo

r
|

19
=
@)

=]

2

1% )
Y
o

[u]

30

>
S
o

=

s}

|o
_EL
O|l‘ _|\J

> Db
M Hu
ilte %)
N

i)

i}

Mo > P

) o fro
!

o5

i w

pad

7

_l

Table 9. Training and Validation Result

Flight Pattern Precision | Recall F1-Score
ascdes 0.9934 0.9676 0.9803
avoid 0.8396 0.8039 0.8000
hover 0.8235 0.9432 0.8615
straight 0.8707 0.9032 0.8914
takeoff_land 0.9671 0.9932 0.9800
turn 0.8739 0.8472 0.8604

Confusion Matrix (Normalized)
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Fig. 5. Confusion Matrix of the Flight Pattern

3. Analysis of the Velocity-Based Control Model
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Table 10. Analysis of Training Performance

Evaluations Values
RMSE 0.0347
MAE 0.0225
R? 0.9867
Accuracy(10%) 94.34%
Precision(5%) 72.05%
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FlightControlLSTM_Optimized Test Set True vs Predicted
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Fig. 6. Prediction Accuracy of the Velocity Model

V. Conclusions

|2y

=]

A AOPEH.% 7§i 3uz geoz

ol AARIOR A% AL 2

Alol712 Akt ROS 2 % A

N2 AFoITE S UAR Hejet A2 2 se
q

I Aloj7]= 7]& PID
8 27 AR ol 7éi 55 9 45 3o
02 Reele do) #42 ABE 4 Uk E3t A A
o] 552 ROS 2 71U AAHl0 2 SHFOLM, HARY
FE 9 Aop} 7ksd PES AXSC o2 58 o
ot B AlUEleolM SISt a8l Aozt ks
sj0f, ALu|eY S AASI] K ST} oS Y A
2 4 g ol

REFERENCES

[1] Zhou, Xin, et al. "Ego~planner: An esdf~free gradient™based local
planner for quadrotors.”, IEEE Robotics and Automation Letters,
Vol. 6, No. 2, Dec 2020. DOI: 10.1109/LRA.2020.3047728

[2] Liu, Xu, et al. "Large~scale autonomous flight with real-time

semantic slam under dense forest canopy.", IEEE Robotics and
Automation Letters, Vol. 7, No. 2, Feb 2022. DOI: 10.1109/LRA.
2022.3154047

[3] Zhou, Boyu, et al. "Robust and efficient quadrotor trajectory
generation for fast autonomous flight.", IEEE Robotics and
Automation Letters, Vol. 4, No. 4, Oct 2019. DOI: 10.1109/LRA.
2019.2934217 7?7

[4] Devo, Alessandro, et al. "Autonomous single~image drone
exploration with deep reinforcement learning and mixed reality.",
IEEE Robotics and Automation Letters, Vol. 7, No. 2, Apr 2022.
DOI: 10.1109/LRA.2022.3154019

[5] Moon, S.T., Lee, D.G., Kim, D.Y., "Analysis of PX4"ROS2
System For The Swarm Reconnaissance System.", Spring

Conference of The Korean Society for Aeronautical and Space

Sciences, 2020.

Sadeghi, F., Levine, S. "CAD2RL: Real Single-Image Flight

without a Single Real Image.", arXiv preprint arXiv:1611.04201,

Nov 2016. arXiv DOI: 10.48550/arXiv.1611.04201

[7] Kaufmann, E., Loquercio, A., Ranftl, R., Dosovitskiy, A., Koltun,
V., & Scaramuzza, D. "Deep Drone Acrobatics." arXiv preprint
arXiv:2006.05768., June 2020 arXiv DOIL: 10.48550/arXiv.2006.
05768

[8] Loquercio, A., Kaufmann, E., & Scaramuzza, D., "Leaming
High-Speed Flight in the Wild", Science Robotics, Vol. 6, No.
59, Oct 2021.

[9] Huang, Y., Faust, A, & Murphy,
Predictive Control for Safe Exploration”, arXiv preprint
arXiv:2109.07044., Sep 2021. DOIL: 10.48550/arXiv.2109.07044

[10] Kim, D.-H., Lee, J.-H., & Kim, Y.-J., "Design and Performance
Evaluation of a Reinforcement Learning-Based Autonomous

—
[=))
—_

K., "Learning-based Model

Drone Controller”, Journal of the Institute of Electronics and
Information Engineers, Vol. 59, No. 4, pp.404-412., 2022.

Authors

Woon-Yong Kim received the M.S. and
Ph.D. degrees

KwangWoon

Science from
1999,
2006, respectively. Dr. Kim joined the faculty

in Computer

University, Korea, in

\ "4
‘ of the Department of Computer Application
at Gangwon State University, Gangneung city, Gangwon-do,

Korea, in 2006. He is currently a Professor in the

Department of Drone Convergence Technology, Gangwon
State University. He is

embedded

interested in parallel computing,

mobile computing, computing and artificial

intelligent.



