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Goal / Context of Project
Overall Goal: Restore a comprehensive 
30+ year TCOON dataset consisting of 
historical and current data by reimagining 
the Lighthouse data platform 

Data Quality Team's Role: Use/develop 
automated methods to create TCOON water 
level time series approaching the quality of 
NOAA’s verified water levels

Thank you to the Texas General Land Office for 
guidance and supervision and NOAA CO-OPS and 
others for frequent feedback (Lindsay Abrams, Greg 
Dusek, Jimmy Spore, Laura Fiorentino, Katie Kirk, 
Ashley Barrett, Bailey Armos , Matthew Conlin, 
Katerina Glebushko, Laura Rojas-Wiltsee and 
others) 



Visit the Lighthouse Test Site & Share Your Feedback
•Explore the Lighthouse test site 
•Submit your feedback
•New Lighthouse online June 1, 2027

Project focused on historical tide 
gauge data from the Texas Coastal 
Ocean Observation Network or 
TCOON



Data Quality: Overall Data 
Flow 



Data Quality: Overall Data 
Flow 

Presentation focused on 
gap filling



Prior to automated gap filling data goes through QA/QC steps 
to remove unphysical data

QA/QC Step Rational
IOOS Water 

Level QARTOD 
Flags

Hurricanes/TS/extreme 
events test

Identifies and removes from automated process data 
influenced by hurricane and other extreme events

Extreme Event Test

Flat lines removal The exact same water level measurement has never 
been observed for 60 minutes or more 

Water Level Flat Flag

First gradient test and 
spike removal

Expanded maximum 6-min threshold to catch step 
raises type spikes 

First Gradient Test

Median computation and 
other large spikes removal

Water levels 2m above or below median water levels 
have never been observed in Texas even during 
Hurricanes

Water Level 
Maximum/Minimum 
Flag

Expanded third difference 
test 

Tests if a measurement is significantly different from 
its neighbors based on local variability 

Water Level Third 
Difference Flag

Final human review Ensure methods results and remove spikes 
surrounded by missing data

Human Review



• Criterion of average of rmse < 2cm (leads to different size maximum 
gaps that can be filled)

• Backup water levels available: use polynomial based method to fill 
gaps (Tissot et al., 2014)

• No backup water level sensor: fill gaps using AI based methods 
with nearby station water levels and local winds

• The AI based methods presently requires 3 years of data, other 
non-AI based method tested for shorter data sets (Lomb-Scargle 
based)

• All methods include nudging fits on both sides of the gap

Gap Filling of Water Level Time Series

Tissot, P. E., Zhu, W. B., Duff, S., Rink, M., Rizzo, J., & Martin, D. (2014, September). Development, 
assessment and implemenation of an automated gap filling method for tide stations with dual water 
level sensors. In 2014 Oceans-St. John's (pp. 1-10). IEEE.



Nearby Station Water Levels Modeling using Neural 
Networks

• Secondary station selection is based on oceanographic 
consideration and data quality for water levels and winds

• Three years of data are selected for training, validation, and 
testing of the neural networks



Method to Choose Neural Net Hyperparameters
Hyperparameters:  activation functions, number of neural net layers, number of neurons, dropout rate, L1, L2 
losses, batch size, learning rate, past number of hours of winds, past water levels at source station and future 
water levels at future station

• The selection of good hyperparameters for 
each station is based on a 4-step process 
~4,000 neural nets each
o Coarse grid with data as is
o Refined grid
o Coarse grid with detided data
o Refined grid with detided data 

• Removal of the tidal component is done on 
a year-by-year basis using UTide algorithm 
(removes tides, seasonal component, 
equalizes average water levels)Coarse Grid Selected Refined Grid



Selection of Final Neural Network for each Station
• Example for Eagle Point modeled based on Morgans Point in Galveston Bay
• Compare performance of neural networks on testing data - narrow the 

hyperparameter range from coarse to fine grid and select operational neural 
network mostly based on lowest RMSE

Coarse Grid Results
[0.0331m - 0.1791m]

Refined Grid Results
[0.0330m - 0.1406m]

Select 
Station's 

Neural 
Network



Results for Eagle Point
Modeling of Eagle Point based on nearby Morgans Point water levels and 
Eagle Point winds after removing tidal component

2005 test year comparison:
- black - measurements
- orange - neural network 

predictions

Detailed view for October



Nudging before Gap Filling
• Prior to filling a gaps with neural networks or linear 

interpolation, the solution is "nudged"
• The process is illustrated on the right:

1. The prediction (orange) is compared with the data on 
both sides of the gap

2. The last three points before the gap and the first three 
points after the gap are compared and the average 
difference on both sides is computed

3. These differences are called the "left nudge" and the 
"right nudge"

4. A proportional nudge from the left nudge to the right 
nudge is added to the neural net predictions

5. The result, green line, is presented on the bottom right 
graph



Gap filling Performance for Eagle Point

•Gap filling with rmse < 2cm for up to 6 hours



Gap filling Performance for Packery Channel

•Gap filling with rmse < 2cm for at least 150 hours gaps 



The length of the gaps that can 
be filled with rmse < 2 cm 
depends on the station and its 
neighbor
• Big differences between locations 

due to
• Distance between stations
• Similarity of coastal 

oceanography
• Data quality/availability

• For a max rmse of 5 cm, most gaps 
can be filled



Project Status
•Designed neural network-based method to fill gaps in water level 
times series

•Maximum gap length determined by requiring an average rmse of 
2 cm or less 

•Performance varies considerably depending on the station, 
nearby stations and wind data from a 2 hours to > 150 hours

•Implementation to start end of summer 2026
•Data available June 2027
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Questions/Discussion

Lighthouse





Strategy for Historical Data 
& Methods Quality 
Assessment 
• Compare data processed 
independently by the historical and 
new Lighthouse systems with 
NOAA Tides and Currents verified 
water levels for four NWLON tide 
stations: 

• Pier 21 (back of barrier island, near 
ship channel, longest record in Gulf)

• Rockport (shallow bay)
• Bob Hall Pier (open coast)
• Port Isabel (adjacent ship channel)

https://tidesandcurrents.noaa.gov/map/index.html?region=Texas 

https://tidesandcurrents.noaa.gov/map/index.html?region=Texas


Performance of Automated QA/QC

NWLON 
Test 
Stations

Total 
Points

# Unmodified 
Points 

# Points 
Modified 

% Points 
Modified

# Points 
Removed 

% Points 
Removed

Percent 
Difference 

Difference in 
Data Points 
Removed

NOAA CO-OPS Automated CBI QA/QC 
Algorithm

CBI Automated QA/QC vs. 
NOAA CO-OPS 

Port Isabel 876,720 857,785 18,935 2.16% 17,798 2.03% -6.00% -1,137

Bob Hall 
Pier 876,720 869,972 6,748 0.77% 6,564 0.75% -2.72% -184

Pier 21 876,720 836,910 1,888 0.22% 1,932 0.22% +2.22% +44

Results Overview: Automated Method applied to 10 years (2007-2016) of CO-OPS Preliminary 
Data with results compared to CO-OPS verified water levels

Note: a 100% match is not expected as CO-OPS at times will remove groups of points, the CBI has yet to go through the 
final review step and there could be some subjective differences.  



Detailed Performance Results of Automated 
QA/QC

NWLON 
Test 
Stations

Total 
Points 

# Unmodified 
Points 

# Points 
Modified 

% Points 
Modified

# Points 
Removed

% Points 
Removed

Percent 
Difference  

Difference in 
Data Points 
Removed

Points 
Removed 

for Flat 
Lines

Points 
Removed for 

>2m from 
Median

Points Removed 
for First 

Difference >+/- 
1m

Points Removed 
for Expanded 

Third Difference 
Flag

NOAA CO-OPS Automated CBI 
QA/QC Algorithm

CBI Automated QA/QC 
vs. NOAA CO-OPS Automated CBI QA/QC Algorithm

Port 
Isabel 

876720 
857,785 18,935 2.16% 17,798 2.03% -6.00% -1,137 15,568 119 56 1,688

Bob Hall 
Pier 

876720 
869,972 6,748 0.77% 6,564 0.75% -2.72% -184 5,680 17 73 757

Pier 21 876720 
836,910 1,888 0.22% 1,932 0.22% +2.22% +44 1,154 57 7 633

Note: a 100% match is not expected as CO-OPS at times will remove groups of points, the CBI has yet to go through the 
final review step and there could be some subjective differences.  

Automated Method applied to 10 years (2007-2016) of CO-OPS preliminary data with results compared 
to CO-OPS verified water levels



Historic TCOON Data
• Past internal CBI effort to make historic TCOON data available 
prior to ongoing TGLO PSM project

• Data shared through the Texas Digital Library 
(https://www.tdl.org/)

• TCOON: https://tamucc-ir.tdl.org/handle/1969.6/89444 
• Data shared under the Creative Commons, Attribution 3.0 
United States

• Attribution — You must give appropriate credit, provide a link to the license, 
and indicate if changes were made. You may do so in any reasonable manner, but not 
in any way that suggests the licensor endorses you or your use.

• No additional restrictions — You may not apply legal terms or technological 
measures that legally restrict others from doing anything the license permits.

https://www.tdl.org/
https://tamucc-ir.tdl.org/handle/1969.6/89444
https://creativecommons.org/licenses/by/3.0/us/
https://creativecommons.org/licenses/by/3.0/us/
https://creativecommons.org/licenses/by/3.0/us/
https://creativecommons.org/licenses/by/3.0/us/


Historical Data Collection Process
Illustration of data paths from 
measurements to database through 
different communications technologies


