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A revolutionary approach for improving age determination
efficiency in fish using Fourier transform near infrared

spectroscopy (FT-NIRS)
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Envisioning the future of production fish ageing: end-to-end
integration of the FT-NIRS age estimation enterprise

Where to /e/y/}( 7

» Some background of FT-NIRS & age prediction

» How does FT-NIRS age estimation fit into the TMA process (maintain
consistency in both TMA and FT-NIRS)

» Describe a (hypothetical) system of process control and data quality control
from end-to-end (reporting examples)

» Emulate the future process: 1) build predictive model on data from past
(2014-2018) and predict ages from future collections (2019 and 2021)



Interaction of electromagnetic radiation and matter

Lambert-Beer's Law: Sample
Absorption
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NIR Spectroscopy: measurement of intra-molecular vibrations
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How are the molecular motions detected and measured ?

Fourier transform near infrared spectrometer

/ frequency

Interferometer

Interferometer detector

NIR source




How is fish age predicted from otolith spectra?

"B Measured by FT-NIR Spectral Data
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Operational framework
FT-NIRS ageing

approach 1
Maintaining
consistency in
Reference age = Double reads Maintaining
data = Unscannable consistency in

FT-NIR otolith
scanning

spectral data

* In-scan check (model based)
» Operator level check
Ctools
Q * Manager level check (PLSr)

<

Evaluate model
performance

Microscopic ageing "
bad I

QC tools
good

(10% -20% double read

subsample) New ages +
spectra Reasons to update
QC tools P Model * Instrument (operating
\ j------.’ S mp Update model ™, Lo environment)

re-calibrate + Sample domain shift

» Unobserved variability
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Key personnel:

« Database manager

« Operator A\ \
« Manager QCtooIs <
* Analyst > Stock Assessment

Edit, QC,
reporting




Pretend it is August of 2018.

« Using otoliths from past EBS 2014-2018
surveys build a predictive CNN model.

* Predict ages for 2019 & 2021 using FT-NIRS
(2014 — 2018) model




T ade 1

EBS walleye pollock (2014-2018)
Age data

° Precision statistic Value i
° 7z ® | Percent agreement (PA) 66.9%
@ 7 Average percent error (APE) 3.05%
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EBS walleye pollock base model (2014-2018)
Otolith spectra

Scores on PC 2 (2.64%)

0.03

BS survey pollock 2014-2018, preprocessed data

@ Calibration
¢ Test

0.02 -

0.01F

-0.01 f Pt
-0.02 - 1
-0.03 - 1
-0.04 : ‘ w
-0.1 -0.05 0 0.05 0.1
Scores on PC 1 (96.51%)
- Features Subset Values
Mean fish age* train 5.72(3.3)
(standard deviation) po— 582 3.14)
Fish age range* train 1-23
test 1-23
Fish length range train 90 — 870
test 100 — 800
Latitude range train 53.13822 - 65.25117
test 53.15808 — 65.23351]
Gear depth range train 18 — 695.79
test 18 — 640
Gear temperature range train -1.6-99

-1.6-9.6

n=_8,617

Onion algorithm to split
train & test (applied to

each year)
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Convolutional Neural Network

Non-linear activation functions
introduce non-linear properties into
network.

—

RELU
activation

Convolutional layer consists of a kernel /—
that slides along our data and applies its S Biological and
weights to the data values. " geospatial data:

ectral data:

input data output array

5X1+1X2+3X3=16

We used Rectified linear unit (RELU)
functions which outputs the input
directly if it is positive, for negative
input outputs zero.

Deep learning networks will have
multiple kernels and will produce

multiple output arrays. .
Flatten Layer To implement our models we
i employed Python using TensorFlow
Neurons are core processing units of Dense Layer Input Layer .Wl.th Iferas API and hyperband
h K optimization (HB) for hyperparameter
the network. e tuning.

Concatenate Layer '
* 09 Loss

.....-lllllllll' Dense Layer ' -
h 4

0.7
Dropout Layer
0.6
. T 0.5
Dense layers of neural network is made Dense Layer '
-l
up of layers of neurons. 04

ConvlD Layer
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Predictive results from CNN *

Canadian ‘ Canadian Journal of Fisheries
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W SF :iy ; The future of fish age estimation: deep machine learning
- e i coupled with Fourier transform near infrared spectroscopy
of otoliths.
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Table 3. Prediction results of multi-modal CNN and PLS models. Blalogy and Life History Branch, Panama City Facllity
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Dropout as a Bayesian Approximation:
Representing Model Uncertainty in Deep Learning

Proceedings of the 33 ™ Iniernational Conference on Machine
Learning, New York, NY, USA, 2016, JMLR: W&CP volume
48. Copyright 2016 by the author(s).

nature > nature reviews physics > viewpoint > article

Viewpoint ‘ Published: 22 August 2022

Bayesian uncertainty quantification for machine-
learned models in physics
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PART I. Collection of pollock otolith NIR spectra (Still in
2019, but jump to the future to 2021)




Consistency in otolith spectra

FT-NIR otolith
scanning

QC tools
QA/QC standardized reports ex. 2019 survey walleye pollock

Analysis by session Total Unscannable Broken Crystallized Other | Outliers Unusual
scans issue

NIR_162201901201A 138 2 2 3 5 2 3 4 )

Outliers — Rescan or
NIR_1622019012018 261 11 1 10 16 2 12 6 traditional ageing
NIR_162201901201C 140 0 -+ 4 5 1 9 4

— Pass QA/QC

NIR_162201901201D 140 0 0 6 9 1 12 6 if there are no issues
NIR_162201901201F 85 0 0 1 2 0 7 2 based on metadata
NIR_94201901201A 124 7 6 6 4 0 10 6 Unusual —

*  Confirm outliers
NIR_942019012018 236 44 13 10 30 1 24 4

* Possibly add data to
NIR_94201901201C 138 2 0 7 7 1 11 4 calibration model
o 2019 warm year

NIR_94201901201D 138 2 2 6 7 1 11 2 .
o Many small fish
NIR_94201501201E 78 0 0 0 3 0 4 4 Include time-flow stats to monitor
utilization and efficiency:
Separ.ate analysison 1478 68 28 53 88 5 82 42 > 10 operators
combined 2019 scan
sessions » 1.66 — 2.43 hrs/session
Future scan sessions — standardized at Higher efficiency may be realized > 3.0 — 50 scans/person/hour (as
~ 2 boxes (200+ otos) (w/o weighing otoliths) high as 67 scans/hour)




QA/QC standardized reports
ex. 2019 survey walleye Pollock Session NIR_162201901201A

Raw data: new scans
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Part 1: Extremes & Outliers
PCA by scan session

: determine cause (small
otolith, broken, etc.)
Significance level = 0.05

- Outliers: rescan or age
traditionally.
Significance level = 0.01

0.01+

0.00+

S
=
—_

PC2 (1.99%)

Pre-processed data

Q1

o
o
W]

Collection
year

2018

2017
2016
2015
2014

® 2019

-0.05 0.00

0.05 -0.05
PC1(97.21%)

Part 2: Unusual spectra
New scans vs. past scans
*  PCAs with all data

*  99% data ellipse by length quartile

- outliers & specimens that expand data domain




' PART II: Processing 2019 & 2021 age data
H (only ageing 20% of entire collection)




Test Age (yr)

Consistency in Reference

age data (assumes 20%

double reads)

2019

Table 1: Precision statistics for the Walleye Pollock 2019 Bering Sea Survey collection.

Precision statistic Value
Percent agreement (PA) 64.61% Bine disecti
Average percent error (APE) 3.2% (a) Bias direction
Coeflicient of variation (CV) 4.53% minus bias 42 oteliths
Total number of fish in ageing collection 1552 plus bias 67 ofoliths 21.8%
Number of fish unaged 13 (b) Testa of :
. . . . . ) Tests of symmetry
Number of fish in precision-testing sample 308
Number of fish aged by two readers 308 Test name  df Test statistic p
Percentage of fish with paired age readings Bowker's 17 2344 0.14
QC tools Average read age (paired reads only) 5.95 _FvansHoenig 3 9.1 0.03
Average test age (paired reads only) 5.86
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Test Age (yr)

Consistency in Reference
age data (assumes 20%
double reads)

2021

Table 1: Precision statistics for the Walleve Pollock 2021 Bering Sea Survey collection.

Precision statistic Value
Percent agreement (PA) oh.2TR (a) Bins directi
Average percent error {APE) 4.34% o T e
Coefficient of variation (CV) 6.14% “;[n“"; bias ﬁ;m][lthsh.s ;f;lﬁ
" 1. . ; . plus bias otoliths 2%
I!:utalbnumfbgrhnf finhctdn ageing collection laBu complete agreement 202 otoliths 56 3%
umber of fish unag 7
Number of fish in precision-testing sample 359 (b) Tests of symmetry
Number of fish aged by two readers 3540 r— TR TeT——
Percentage of fish with paired age readings 23% o name ik
: ) . Bowker's 28 50.09 0.01
QC tools Average m?d age ':T":T]md reads Gn]z',} G%? Evans Hoenig 4  34.57 0
Average test age |paired reads only) 6.57
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File names : Data
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2014-2018 CNN
base model
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Predicting 2019 & 2021 (ages, spectra &
metadata)
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Assessing CNN model performance of future predictions
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FT-NIRS predicted age
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Age data products for stock assessments

2019
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A revolutionary approach for improving age determination
efficiency in fish using Fourier transform near infrared

spectroscopy (FT-NIRS)
1
00101101 FT-NIRS 2023 Workshop 3-7 April

$
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Envisioning the future of production fish ageing: end-to-end
integration of the FT-NIRS age estimation enterprise

72/62;}/ /M/}(IZ? 7

» Define the “bar” for successful application
» Ageing imprecision for use in stock assessments (TMA + NIR)

» FT-NIRS age data performance in stock assessments — model updating to
accommodate unseen variability

» FT-NIRS operational transition and technological deployment

» Utility function - evaluate trade offs between TMA samples (double reads +
outliers + issue otoliths) and FT-NIRS efficiency gains



The Future:

» Continue to investigate ageing error and bias effects on models (enhance predictive
models to accommodate “known" age fish)

» Improve database interface and architecture (employ time-flow statistics for cost-
benefit analysis)

Broaden simulation framework to accommodate larger range of species & life histories
Leverage cloud computing and machine learning (take advantage of other data types)
Develop predictive model tool box (R, ADMB, OPUS, Python) - standardization

Better define staff needs and skill sets required for future operationalization

Think more about operational transition and technological deployment (where possible)

Communicate to stake holders

Questions?



Strategic Initiative work flow
2020 2021 2022 2023 2025

Instrument optimization (AFSC, Jan-Mar 2019) for otoliths

Application

Development *FT-NIRS Workshop (April 2019; SI planning over 5 years)

. *Otolith spectra acquisition (3 species per region x 5-year time deptt

AFSC PROCESSED REPORT 2019-06 \
A
Ao

Discovery *Predictive model development (calibration/validation)

switchback

FISHERIES

Proceedings of the *Process control, quality control, fault
Research Worksh i ~ati . ’ ’

the Rapid Estimation of Application detection

Fish Age Using Fourier :

Transform Near-Infrared Im pIementatlon «Standards, best practices (simulation)
Spectroscopy (FT-NIRS)

2
Discovery
switchback

*Al/Deep machine learning

*Build scientific basis of tech. (publish)

Stock Assessment

Integration
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