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Novel observing systems data is underutilized

Novel observations:

e gliders
(IO0S, OTN, VOTO, ..)

e uncrewed surface vehicles
(SUN fleet, NOAA OASIS..)

Ben Allsup,
Teledyne Webb Research

Current usage: ‘

e ‘local’ science (climatologies, Le M'ji.[”iff.ﬁfi, etalozny 00 E RN AR @O
animal detection,...) Wl ] "

e near real-time models and
operations (weather forecasts,
fisheries)

Missing potential _ M
e regional and global climate modelmg and ocean predlc’rlon



The bottleneck: lack of shared workflows

Pipeline to import data into model-obs %%
comparison and data assimilation tools: In O =
For each observing system: E’y A
1. identify data sources
2. identify QC, data structure =
3. (if needed) apply ‘delayed mode’ QC 5 R
4. standardize data structure for target
application

5. develop ‘forward operators’
(convert observation to model variable)
6. use observations (e.g. in data
assimilation, forecasting)



The bottleneck: lack of shared workflows

Pipeline (for each observing system):
identify data sources:
for each source:

1.

a.
b.

identify QC, data structure

(if needed) apply ‘delayed mode’
QC

standardize data structure for
target application

develop ‘forward operators’
(convert observation to model
variable)

use observations (e.g. in data
assimilation, forecasting)

it o«

often per source
differences!
(e.g. different standards
within gliders data)



The bottleneck: lack of shared workflows

Pipeline for each observing system:
identify data sources:
for each source:

1.

a.
b.

identify QC, data structure

(if needed) apply ‘delayed
mode’ QC

standardize data structure for
target application

develop ‘forward operators’
(convert observation to model
variable)

use observations (e.g. in data
assimilation, forecasting)

shared elements



Our solution: Novel Ocean Observations Data Pipeline Workshop

Novel Ocean Observations Data Pipeline Workshop

When: February 2027 (2.5 days)

Where: NCAR Mesa Lab, Boulder, CO

Format: Hands-on, hackathon style

Participants:

e You! (novel obs systems partners)

e Data assimilation and data
engineering experts from NCAR,
UCAR, WHOI, JCSDA (Joint Center

for Satellite Data Assimilation)




Goal: Develop shared pipelines

Novel Ocean Observations Data Pipeline Workshop

Pipeline for each observing system:
1.

2.
3.
4

requires observing
identify sources system’s

identify QC, data structure / knowledge (You!)
(if needed) apply ‘delayed mode’ QC

standardize data structure for target ——» requires both

application

develop ‘forward operators’ » requires modeling
(convert observation to model variable) and data

use observations (e.g. in data assimilation
assimilation, forecasting) knowledge (NCAR,

DART, JCSDA)



Existing infrastructure: CrocolLake



Existing infrastructure: CrocolLake

Let’s consider NWA temperature from three different products: Argo,
GLODAP, Spray Gliders
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Existing infrastructure: CrocolLake

Let’s consider NWA temperature from three different products: Argo,
GLODAP, Spray Gliders

define filters in time, space, variables
fetch Argo data with filters (e.g. with argopy)
load filtered data into memory (array)

different:
download GLODAP master file (csv) variable
load all data into memory (tabular) names,
filter data (tabular) file format,

data structure
download Spray Glider files (netCDF)
load filtered data into memory (array)

merge them into one structure (table) matching names, etc



Existing infrastructure: CrocolLakeTools to generate CrocolLake

CrocolLakeTools
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https://github.com/boom-lab/crocolaketools-public/tree/develop

Existing infrastructure: CrocolLake

%%time
cols = ["DB_NAME","LATITUDE","LONGITUDE","PRES","JULD","TEMP"]
filter coords time temp = |
("LATITUDE",">",1at@), ("LATITUDE","<",latl),
("LONGITUDE",">",lon®), ("LONGITUDE","<",lonl),
("JuLbp",">",date®), ("JuLD","<",datel),
("TEMP", ">=",-1e30), ("TEMP", "<=",+1e30)

ds = pg.ParquetDataset(parquet dir, schema=crocolake schema, filters=filter coords time temp)
df = ds.read(columns=cols).to pandas()
df

CPU times: user 21.5 s, sys: 894 ms, total: 22.4 s
wall time: 2.42 s

DB_NAME LATITUDE LONGITUDE PRES JULD TEMP

0 ARGO 32.115 -64.427 436 2010-01-0203:16:13.999788544 20.747

1 ARGO 32.115 -64.427 596 2010-01-0203:16:13.999788544 20.747999

2 ARGO 32.115 -64.427 7.96 2010-01-02 03:16:13.999788544 20.747

3 ARGO 32115 -64.427 10.160001 2010-01-02 03:16:13.999788544 20.740999

4 ARGO 32.115 -64.427 12.160001 2010-01-02 03:16:13.999788544 20.742001
8150312 OleanderXBT 32.670734 -64.745903 911.322876 2019-11-04 07:35:04.999995136 9.16
8150313 OleanderXBT 32.670734 -64.745903 911.929749 2019-11-04 07:35:04.999995136 9.15
8150314 OleanderXBT 32.670734 -64.745903 912.546814 2019-11-04 07:35:04.999995136 9.15
8150315 OleanderXBT 32.670734 -64.745903 913.153687 2019-11-04 07:35:04.999995136 9.14
8150316 OleanderXBT 32.670734 -64.745903 913.770691 2019-11-04 07:35:04.999995136 9.13

8150317 rows x 6 columns



Existing infrastructure: CrocolLake

%%time

cols = ["DB_NAME","LATITUDE","LONGITUDE","PRES","JULD","TEMP"]

filter coords time temp = |
("LATITUDE",">",1at@), ("LATITUDE","<",latl), fi I‘I'e rS
("LONGITUDE",">",lon®), ("LONGITUDE","<",lonl), .

("JuLp",">",date@d), ("JuLD","<",datel),
("TEMP", ">=",-1e30), ("TEMP", "<=",+1e30)

as = pq.ParquetDataset(parquet dir, schema=crocolake schema, filters=filter coords time temp) Ioad fil'l'ered quq
df = ds.read(columns=cols).to pandas() . R .
= e (similar syntax in
CPU times: user 21.5 s, sys: 894 ms, total: 22.4 s 3
wall time: 2.42 s — Mquqb, JUIIG)
DB_NAME LATITUDE LONGITUDE PRES JULD TEMP

0 ARCO 32.115 -64.427 436 2010-01-0203:16:13.999788544 20.747

1 ARGCO 32.115 -64.427 5.96 2010-01-0203:16:13.999788544 || 20.747599

2 ARCO 32.115 -64.427 7.96 2010-01-0203:16:13.999788544 20.747 .

e datainsame
3 ARGO 32.115 -64.427 10.160001 2010-01-02 03:16:13.995788544 | 20.740999
4 ARGCO 32.115 -64.427 12.160001 2010-01-02 03:16:13.999788544 | 20.742001 Unlform STrUCTure
—/

- (pandas dataframe)
8150312 OleanderXBT -64.745903 911.322876 2019-11-04 07:35:04.999995136 9.16
8150313 OleanderXBT i -64.745903 911.929745 2019-11-04 07:35:04.999995136 9.15
8150314 OleanderXBT . -64.745903 912.546814 2019-11-04 07:35:04.999995136 9.15
8150315 OleanderXBT g -64.745903 913.153687 2019-11-04 07:35:04.999995136 9.14
8150316 OleanderXBT 5 -64.745903 913.770691 2019-11-04 07:35:04.999995136 9.13

8150317 rows x 6 columns



Existing infrastructure: CrocolLake

North-West Atlantic temperature 2010-2019 (°C)
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Use case example

model2obs : model-data comparison

PP~
Ocean model output . s
P model interpolated

(MOM6, ROMS) onto observation
location

from crococamp.workflows import WorkflowModelObs
from crococamp.viz import InteractiveMapWidget

# interpolate model onto obs space

workflow = WorkflowModelObs.from config file("config.yaml") _>
workflow. run(clear output=True)

# interactive map
widget = InteractiveMapWidget(ddf)
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https://github.com/CROCODILE-CESM/CrocoCamp

Our solution: Novel Ocean Observations Data Pipeline Workshop

When: February 2027 (2.5 days)
Where: NCAR Mesa Lab, Boulder, CO
Format: Hands-on, hackathon style

Participants:

e You! (novel obs systems partners)
e Data assimilation and data

engineering experts from NCAR,
UCAR, JCSDA, WHOI

Seeking feedback: how can we design it for you ?

enrico.milanese@whoi.edu nrome@ucar.edu

damrhein@ucar.edu
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