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About CO-OPS

Grow the Blue Economy

e [Each year, commercial mariners move 2.3 billion short tons of goods
through U.S. waterways — contributing $397 Billion to the U.S. GDP

e These mariners rely daily on NOAA’s network of real-time sensors to
provide accurate navigation data and help ensure successful deliveries

Ensure Safe Navigation

e Since its inception in 1991, NOAA’s PORTS® Program has contributed to a
33% reduction in maritime accidents and 59% reduction in groundings

Protect Coastal Communities

e 40% of the Nation’s population lives within 100 miles of the coast.
e CO-OPS delivers 10+ products designed to help these regions face their
unique threats, from hurricanes and tsunamis to high tide flooding

Invest In Innovation

e CO-OPS is consistently innovating — we regularly test/install cutting-edge
equipment/infrastructure and research/develop new products and models to
ensure our systems stay resilient, robust, and cost-effective
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Background

300+ Active NOAA NOS Water Level Stations
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ty Issues

Common Data Qual
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Research Objectives

Develop an Al-enabled quality control system that reduces resources needed to produce
CO-OPS’ verified 6-minute water level observations. The system should be able to:

1. Classify 6-minute water level preliminary sensor data as good or bad at a high accuracy
and

2. Replace and/or fill gaps in the resultant time series.
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Data Preparation

Table 1. Data split (training, validation, and test) based on different periods.

Training Validation Test
# of stations | 2007-01-01 to | 2017-01-01 to 2019-01-01 to | Computation
2016-12-31 | 2018-12-31 | 2020-03-31

5 3,144,705 764,444 516,366 6 hours (PC)

29 19,441,272 4,116,428 2,558,610 ~ 3 days (PC)
33 22,189,643 4,695,458 2,902,359 | ~4 days (HPC)
47 30,859,929 6,901,834 4,164,507 | ~ 6 days (HPC)

= Number of data points in 6 minutes water level
= Training time computed based on running on CPU from:
 In-lab PC: Intel(R) Core(TM) i9-10940X CPU @ 3.30GHz (28 CPUs), ~3.3GHz, 128 GB RAM
« TAMUCC HPC: Dual AMD EPYC 9334 32-Core Processors (64 cores), 377 GB RAM
= 5 stations (Newport (RI), Galveston Pier 21 (TX), Port Isabel (TX), Santa Monica (CA), Honolulu (HI).
» 29 stations (Northeast, Mid-Atlantic, Southeast, Gulf, West)
= 33 and 47 stations (Pacific Island, Northeast, Mid-Atlantic, Southeast, Gulf, West, Caribbean)
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JEPA: Joint-Embedding Predictive Architecture

Predicting temporal state transitions within a latent space rather than directly reconstructing raw sensor data

Loss Function = Reconstruction + Latent Alignment + Sensor Agreement + Tidal Phase

| > (Loss Function < I
) : Target
Latent Space mmmp ETPeInGs iy g Embeddings mmm-m Late;tt) Space
RP (Z,) attime k
(Zx )
Context A simple and lightweight neural network Target

Encoder Encoder
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Context @ — > > Non — PRED Target
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PRIMARY, BACKUP sensors VERIFIED water level

The input features from each sensor including different characteristics, as following:

Group 1: The actual value (PRIMARY, BACKUP, VERIFIED, TIDAL PREDICTION)
Group 2: The local dynamics from last 72 minutes (the _DIFF1, ROLL_STD_*, ROLL_RANGE_* features)
Group 3: The shared context (cyclic time, tidal phase, station metadata, geography)
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Results # of stations MAE (m) RMSE (m) R2

Overall performance on models 5 0.0087 0.0145 el
trained on 5, 29, 33, and 47 stations, 29 0.0017 gibteg U
and all tested on 47 stations. 33 0.0010 0.0020 i)
47 0.0011 0.0017 0.9999

Stations (Trained on 29/ tested on 47) Region Unseen MAE (m) RMSE (m) R2
Honolulu (1612340) Pac Islands v 0.0052 0.0065 0.998
Kawaihae (1617433) Pac Islands v 0.0056 0.0071 0.998
Portland (8418150) Northeast 0.0014 0.0017 0.999
Newport (8452660) Northeast 0.0011 0.0013 0.999
Atlantic City (8534720) Mid-Atlantic 0.0012 0.0018 0.999
Baltimore (8574680) Mid-Atlantic 0.0014 0.0029 0.999
Charleston (8665530) Southeast 0.0008 0.0010 0.998
Trident Pier (8721604 ) Southeast v 0.0011 0.0015 0.999
Pier 21 (8771450) Gulf 0.0011 0.0019 0.999
Port Isabel (8779770) Gulf 0.0007 0.0009 0.999
Santa Monica (9410840) West 0.0012 0.0014 0.999
King Cove (9459881) West v 0.0103 0.0144 0.999
Lameshur Bay (9751381) Caribbean v 0.0028 0.0030 0.999
Charlotte Amalie (9751639) Caribbean v 0.0027 0.0029 0.966
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Results
The model generalizes, and it works near-perfect accuracy in a failure scenario.

=== PRIMARY === BACKUP === VERIFIED = AI VERIFIED ® Residual (GOOD)
1612340 (Honolulu) | 2020-01-15 — 2020-01-30 |

GOOD rows: 2,650 | RMSE: 1.33 mm | R2: 0.9999

% The model tracks the
true water level through . 1!

a major sensor anomaly§ 0.5 A/\N\/\/\/\,\/\,\/\M
% Model can make good '
N . < -=0.5
prediction with low g
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Results

It doesn't just handle primary sensor issues; it actively recognizes and discards corrupted inputs.

== PRIMARY == BACKUP === VERIFIED = AI VERIFIED ® Residual (GOOD)
8418150 (Portland) | 2019-08-15 — 2019-09-05 |

GOOD rows: 2,526 | RMSE: 2.31 mm | R2: 1.0000 & SI(\)/I(ngp(rZG%i?tion \;Vith r|]0r\:v h
.31 mm) with hig
2 ”MM MMM confidence R2
' \ % Ignores a failure of
t o BACKUP sensor
B '
& I I
= -2
~3 \. 1 \ A
-4 E 0 \ d : ,I
n Residual: VERIFIED — AI_VERIFIED e '
g S g P e bk bt e MRMBE g2, 30|
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Results

When pushed to its absolute limit, the model fails safely and still delivers useful results.

=== PRIMARY == BACKUP === \/ERIFIED = AI_VERIFIED ® Residual (GOOD)
8452660 (Newport) | 2015-02-13 — 2015-03-08 |

GOOD rows: 1,571 | RMSE: 5.19 mm | R2: 0.9999

% The model degrades
gracefully when both
sensors fail

, G
simultaneously. =
>
()
% Rather than producing o
nonsensical values, it =
stays physically plausible
by leaning on tidal phase N,
and context alone.
_ Residual: VERIFIED — AI_VERIFIED
£ 20 -
e I—  ——— . +RMSE (5.19 mm)
SN A T 0 > LA SRR o
% -18M~‘ """"""""" 3} """"""""" :..- """""""" -RMSE
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Results

The classification is largely correct where it matters most:
% The model correctly flags the extended flat-line period as bad
% False positives exist but are minimal and localized

¢ PRIMARY GOOD = PRIMARY BAD —— VERIFIED (reference)

Station 8452660 (Newport) | 3,514 flagged BAD of 5,760 rows (61.0%)
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Experiment Results

The model correctly flags nearly the entire data-shifted region as bad (in RED),
since it can catch a large, persistent sensor offset.

e PRIMARY GOOD = PRIMARY BAD — VERIFIED (reference)

Station 8771341 (Galveston Bay Entrance) | 1,664 flagged BAD of 2,880 rows (57.8%)
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Conclusions and Discussion
« JEPA latent space-based model perform well to identify unphysical data

 Used of 33 stations to train the operational JEPA-based model to cover
hydrographic diversity (with present data)

Next Step

» Further evaluation on stations without BACKUP data, on Alaska/ice-prone station
subset, and test model on other bad data (spikes, drifts, rare events, etc)

« Eliminating false negative with values very close to VERIFIED water level
* Apply modified method to gap filling data

* And, testing for implementation into operations

Texas A&M University-Corpus Christi | Conrad Blucher Institute | Coastal Dynamic Laboratory | https//www.conradblucherinstitute.org/
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Thank you!
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Exploratory Data Analysis (Newport)

Full signal (downsampled)

Zoom window (first ~500 points)
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* PRIMARY GOOD = PRIMARY BAD — VERIFIED (reference)

Station 8452660 (Newport) | 3,514 flagged BAD of 5,760 rows (61.0%)
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Results

The model performs reliably when sensors behave well.

=== PRIMARY BACKUP === \/ERIFIED = AI_VERIFIED ® Residual (GOOD)
8771341 (Galveston Bay Entrance) | 2020-03-20 — 2020-03-31 |

GOOD rows: 1,136 | RMSE: 19.86 mm | R2: 0.9760

% The model tracks both
sensors accurately in the
early period.

Water level (m)

% The divergence in the second
half is not good enough, since
PRIMARY was pushed away.

Residual: VERIFIED — AI_VERIFIED
S R § . +RMSE (19.86 mm)

Residual (mmy)
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* PRIMARY GOOD =* PRIMARY BAD — VERIFIED (reference)

Station 8771341 (Galveston Bay Entrance) | 1,664 flagged BAD of 2,880 rows (57.8%)
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Al/ML Model

Employing Multilayer Perceptron (MLP), a network that learns complex patterns between inputs and outputs.

BranchEncoder: 3 of them, each per context view (A=primary sensor, B=backup sensor, T=tidal prediction)
Linear(in_dim — 128) — GELU

Linear(128 — 128) — GELU

Linear(128 — 16) # latent

SharedTargetEncoder: encodes the verified/trusted view of VERIFIED into the same latent space
Linear(in_H — 64) — GELU

Linear(64 — 64) — GELU

Linear(64 — 16) # same latent space dimension

SharedPredictor: JEPA head, applied to the outputs of enc_A, enc_B, and enc_T. Maps latent — latent
Linear(16 — 32) —» GELU
Linear(32 — 16) # latent

SharedDecoder: reconstructs the water-level scalar from any predicted latent (used on z_A and z_B to produce
y hat A,y hat B)

Linear(16 — 128) — GELU
Linear(128 — 1)  # scalar value of water level

Texas A&M University-Corpus Christi | Conrad Blucher Institute | Coastal Dynamic Laboratory |
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JEPA

class BranchEncoder(nn.Module):
def __init__ (self, in_dim, latent_dim, hidden_dim,

class SharedPredictor(nn.Module):
def __init_ (self, latent_dim):
super().__init_ ()
self.net = nn.Sequential(
nn.Linear(latent_dim, latent_dim * 2), nn.GELU(),
nn.Linear(latent_dim * 2, latent_dim),

num_stations, station_emb_dim, use_embed=True): )

super().__init_ ()
self.use_embed = use_embed
if use_embed:

def forward(self, z):
return self.net(z)

self.emb = nn.Embedding(num_stations, station_emb_dim)

enc_in = in_dim + station_emb_dim
else:
self.emb = None
enc_in = in_dim
self.net = nn.Sequential(
nn.Linear(enc_in, hidden_dim), nn.GELU(),
nn.Linear(hidden_dim, hidden_dim), nn.GELU(),

nn.Linear(hidden_dim, latent_dim),

def forward(self, x, sid=None):
if self.use_embed and sid is not None:
x = torch.cat([x, self.emb(sid)], dim=1)
return self.net(x)

National Oceanic and Atmospheric Administration | National Ocean Service |

class SharedTargetEncoder(nn.Module):
def __init_ (self, in_H, latent_dim, target_hidden):
super().__init_ ()
self.net = nn.Sequential(
nn.Linear(in_H, target_hidden), nn.GELU(),
nn.Linear(target_hidden, target_hidden), nn.GELU(),
nn.Linear(target_hidden, latent_dim),

def forward(self, x_H):
return self.net(x_H.float())

class SharedDecoder(nn.Module):
def __init_ (self, latent_dim, hidden_dim):
super().__init_ ()
self.net = nn.Sequential(
nn.Linear(latent_dim, hidden_dim), nn.GELU(),
nn.Linear(hidden_dim, 1),

def forward(self, z):
return self.net(z)

Center for Operational Oceanographic Products and Services www.tidesandcurrents.noaa.gov



JEPA

class DualSensorJEPA_V36(nn.Module):

def

def

__init_ (self, in_A, in_B, in_H, in_T,
latent_dim=32, hidden_dim=128,
target_hidden=64, num_stations=5,
station_emb_dim=24, use_embed=True):
super().__init_ ()
self.enc_A = BranchEncoder(in_A, latent_dim, hidden_dim,
num_stations, station_emb_dim, use_embed)
self.enc_B = BranchEncoder(in_B, latent_dim, hidden_dim,
num_stations, station_emb_dim, use_embed)
self.enc_T = BranchEncoder(in_T, latent_dim, hidden_dim,
num_stations, station_emb_dim, use_embed)
self.predictor = SharedPredictor(latent_dim)
self.tgt_enc = SharedTargetEncoder(in_H, latent_dim, target_hidden)
self.decoder = SharedDecoder(latent_dim, hidden_dim)

forward(self, x_A, x_B, x_T=None, x_H=None, sid=None):
z_A = self.predictor(self.enc_A(x_A, sid))
z_ B = self.predictor(self.enc_B(x_B, sid))
y_hat_A = self.decoder(z_A).squeeze(-1)
y_hat_B = self.decoder(z_B).squeeze(-1)
out = {

2GRS 2R

"z.B": Z_B;

"y_hat_A": y_hat_A,

"y_hat_B": y_hat_B}
if x_T is not None:

out["z_T"] = self.predictor(self.enc_T(x_T, sid))
if x_H is not None:
out["z_H"] = self.tgt_enc(x_H)

return out
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def dual_loss_v36(out, y_true,
lam_r=LAMBDA_RECON,
J E PA lam_t=LAMBDA_TARGET,
lam_a=LAMBDA_ALIGN,

lam_tt=LAMBDA_TIDAL_TARGET,
lam_tp=LAMBDA_TIDAL_PRIOR):

zeAs ZzL By zoH= out[tZ ANE; ouE["z BY] yieutS2 H%]
ZAl = out["z_T"]

"
hul

rec_A .mse_loss(out["y_hat_A"], y_true)

rec_B = F.mse_loss(out["y_hat_B"], y_true)

# Trusted anchor
tgt_A = _hybrid_latent_loss(z_A, z_H)
tgt_B = _hybrid_latent_loss(z_B, z_H)

# A/B consistency
aln = _hybrid_symmetric_loss(z_A, z_B)

# Tidal structural prior only

tgt T = _tidal_cosine_loss(z_T, z_H)

prior_AT = _tidal_cosine_symmetric_loss(z_A, z_T)
prior_BT = _tidal_cosine_symmetric_loss(z_B, z_T)

total = (
lam_r * (rec_A + rec_B)
+ lam_t * (tgt_A + tgt_B)
+ lam_a * aln
+ lam tt * tgt T
+ lam_tp * (prior_AT + prior_BT)

return
“total": total,
"recon_A": rec_A.item(),
"recon_B": rec_B.item(),
"target_A": tgt_A.item(),
"target_B": tgt_B.item(),
"align": aln.item(),
“"target_T": tgt_T.item(),
“prior_AT": prior_AT.item(),
"prior_BT": prior_BT.item(),
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