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A Study on the Impact of LED Aging and Failure
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1. Introduction 3. LED Degradation Modeling 5. Results
- Model Positioning Error Over Time To assess how LED degradation affects our solution, we developed a simulation framework to We compare positioning accuracy across different processing methods under varying LED
o T et pertormance 7 model the effects of LED aging and failure on the visible light positioning system based on the degradation levels. This demonstrates our method'’s robustness to LED aging, without requiring
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Visible Light Positioning (VLP) uses LED lights to determine the position of objects or people O Aged Data for LED 16 (51322 Hours) - Basglmemnnnemmmg e
indoors, offering an accurate and cost-effective alternative to traditional positioning systems like S e L Residual MLP + Oniine Learning //
GPS [4]. However, its accuracy degrades significantly when the LEDs themselves degrade. :>E’ | £ /
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As a basis for this research, we take the VLP system designed by Zhu et al. [3] as our baseline. 0.5 - E 5 19 //
Research Question How can we efficiently pre-process data for visible light positioning to reduce o S 7s //
fingerprinting needs, maintain accuracy, and ensure resilience to infrastructure degradation? 5 0600 20000 50600 20000 100000 * £ 5 . /J,_/
Time in hours passed I — EEJNE | 25 5{__/*//”/
2. Improving LED Cleaning e
(a) Decay over time for all LEDs. Notice how all LEDs have drastically (b) New vs aged data. Time (Hours)
To improve data cleaning, we propose using more accurate LED positions, as well as using inverse different decay patterns. This is the most pessimistic case, making it
distance weighted (IDW) interpolation. perfect to benchmark against. Figure /. Positioning error over time for the baseline and the proposed model, each evaluated with and without
o | o | online learning. In both cases, the error remains stable over time when our online learning method is applied.
LED 29 - Circle Fit Comparison Lo 260Cleanlng interpolation example for LED 29 010
| o | Figure 5. Figures showing LED degradation and signal comparison. The left subfigure presents the decay in light
0 . . : 0.0s output over time for multiple LEDs. The right subfigures compare signal data from a new LED and one that has
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] . . e 6. Conclusions
£ > | v : : : : : : We address two key challenges in Visible Light Positioning (VLP): LED degradation and the cost
a0 T e e o 4. Compensating LED Degradation with Processing and Online Learning of dense fingerprinting. Our contributions include:
oL S Our method combmes data augmentation with orjIme learning moorder j:o combat LED d@gra- « Improved data cleaning via early LED positions and IDW.
x-axis (cm) x-axis (cm) dation. By keeping a pool of samples and comparing these to their predicted reference using a . . . . . . . . .
N o . . . . = A simulation framework for LED aging and failure, including flickering and random noise.
(a) Position estimation on raw data for  (b) Data cleaning with IDW, colors show RANSAC-based method, we are able to accurately predict the degradation factor of the LED. | | | | |
LED 18. the sample quality score. = Online learning with RANSAC-based degradation correction.
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Figure 3. Our changes made to the data cleaning methods. The LED position is able to be estimated much more — (EDGpredicted e redicted Our method reduces positioning error by up to 96% under heavy degradation, with no need
accurately without any preprocessing having to be done. The interpolation correctly weighs closer samples much 100 09 ’

heavier, while still being able to use further samples to reduce the impact of noise. A - \]A fO[) reJ—Eﬁlngerpl’lr.W’Ejltﬂg. ThlS, d(jemOTStraleeSﬁthe potential of TinyML and lightweight adaptation for
%] rOpust, IOW-Malntenance INaoor 1ocallZation.
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(a) Raw LED 7 (b) Old clean LED 7 (c) Improved clean LED 7 Fieure 6. Degradation scalar prediction for 2 LEDs predicted in the same simulation run. Note how regardless of
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