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[Abstract]

The Extended Kalman Filter (EKF) is widely used for drone attitude estimation, but its accuracy can
degrade when sensor noise deviates from the assumed noise model. Long Short-Term Memory (LSTM)
networks have been applied to IMU-based attitude estimation, yet out-of-distribution (OOD)
generalization remains underexplored. This study examines whether an LSTM trained on low-noise data
can achieve lower root mean square error (RMSE) than the EKF under unseen high-noise conditions. In
the ArduPilot SITL, sensor noise was configured at four levels (LO-L3); a quaternion-output LSTM was
trained on LO-L1 and evaluated on L2-L3. The LSTM achieved 21.4% lower mean RMSE than the
EKF at L2 and 14.1% lower at L3. However, per-window MAX results indicate that this advantage did
not extend to all error metrics. These findings suggest that the LSTM model is better viewed as a

complement to the EKF rather than as its replacement under high-noise conditions.

» Key words: Drone attitude estimation, Sensor fusion, Extended Kalman filter, LSTM,
Out-of-distribution generalization
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I. Introduction
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Fig. 1. Effect of drone attitude estimation
error on flight control and position stability

II. Related Works

1. Quaternion-Based Attitude Representation
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2, EKF-Based Sensor Fusion and Noise-Model
Assumptions
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3. LSTM and Time-Series Attitude Estimation
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III. Proposed Method
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1. Noise Level Design
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L3 10.0 5.0 10.0 0.05/ 0.50
0.05

*All levels use ARMING_CHECK = 0 and SIM_DRIFT_TIME = 5.0.
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2. LSTM Model for Attitude Estimation
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2.3. Loss Function
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3. Evaluation Protocol

3.1. Data Split
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3.3. Evaluation Metrics
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3.4. Baseline Models
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4. Ablation Study Design
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IV. Experimental Setup

1. Simulation Environment
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V. Experimental Results

1. Noise Injection Verification
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Fig. 3. Sensor output variance with respect to noise parameters
Item Value
Training levels Lo, L1 _ _
Test levels L2, L3 ﬁ% l"—olx E]Hﬂo] EKF 7(}}\]708 Qi}oﬂ D]i]% 0']663:
Validation ratio 0.2 2 2007 om]A oA EX 5}
Maximum epochs 50
Batch size 64
Optimizer Adam Table 3. EKF RMSE statistics by level (deg)
Initial learning rate 0.001
Weight decay 1e-5 Level Episodes RMSE Mean RMSE Std
LR scheduler ReducelLROnPlateau LO 50 0.8252 0.0296
(patience=5, factor = 0.5) L1 50 0.8143 0.0213
Early stopping patience = 15 L2 50 2.3918 0.0321
Random seeds 42-51 (10 seeds) L3 50 4.8079 0.1546
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Table 3& -o]= g¥¥ EKF RMSES HojZr} L0
1} L19] RMSE: 7HzF 0.8252°, 0.8143°2 1° m]gto]x,
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2. EKF vs. LSTM Performance
2 CONST 7153t vlw3tc}. Table 4= &h50] ARS8
Al 92 L2-L30)A] EKFQF LSTMO] 00D 452 A2
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Table 4. OOD test performance (deg, mean £ std
over 10 seeds)

Level | Model RMSE P95 MAX
P CONST 7.7603 82559 | 10.6036
(100,00 | +0.0000 | +0.0000 | +0.0000

2.4249 2.9100 2.9924
L2 EKF +0.0000 | +0.0000 | +0.0000
1.9062 2.3283 43924
L2 LST™M +11289 | 411335 | +0.6800
B CONST | 105912 | 120711 | 16.4541
(100,00 | +00000 | +0.0000 | +0.0000

49075 6.3389 6.5952
L3 EKF +00000 | +00000 | =0.0000
42133 5.4352 9.7485
L3 LSTM +05316 | +0.4585 | +0.3603
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Fig. 4. RMSE comparison on OOD test (EKF vs.
LSTM vs. CONST, L2/L3)
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3. Ablation Study
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Fig. 5. Ablation RMSE comparison

Table 5. Ablation results (deg, mean * std over 3 seeds)

Variant Level RMSE P95 MAX
LSTM B 15361 1.9788 42191
W=100 + 00639 | + 00414 | + 0.0505
LSTM B 1.4461 1.8954 40621
W=200 + 02047 | + 01872 | + 0.3338
GRU B 1.6589 2.0478 15.0027
W=200 + 01726 | + 01484 | + 97723
RHei?ngal L 1.8951 2.0580 209773
+ + +
Waz00 + 06104 | + 02278 | £26.4307
LSTM B 42087 5.4931 9.9152
W=100 + 01532 | + 01751 | + 0.3365
LSTM B 3.9438 5.1741 9.5565
W=200 + 04557 | + 05316 | =+ 0.5561
GRU 3 4.2002 55166 10.2321
W=200 + 03808 | + 04013 | + 0.3460
RHei?ngal 3 3.8501 5.2237 5.8165
+ + +
o900 + 01293 | + 0.1548 | * 0.3748

3.1. Window Size Effect (W=100 vs. W=200)
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3.3. Hybrid Residual Model
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3.4. Seed Sensitivity Analysis
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Fig. 6. Per-seed OOD RMSE variation (L2, L3)
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VI. Conclusions
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