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OUR MISSION

SOFTWARE + ARTIFICIAL INTELLIGENCE

To drive profitability
and sustainability in the

seafood industry through
better data. Digital.

Real-time. Actionable.
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l.LEARNING GOALS

Al 101

How computer vision works

Al Use Cases
Understanding computer vision models
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@ Al Future
Opportunities & Challenges







Al IS EVERYWHERE!
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INDUSTRIAL REVOILUTIONS

INDUSTRY

INDUSTRY l 4.0

3.0
INDUSTRY

2.0

Automation
Computers
Electronics

=

Digitization
Machine Learning
Internet of Things

Electrification
Mass production
Assembly Line
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DATA SCIENCI:

Artificial Intelligence Machine Learning Deep Learning

©

> Al is a subset of data > ML is a subset of Al & » Deep Learning is a subset
science Data Science of ML, Al & Data Science

> Al represents simulate » Machines making > Artificial neural networks
intelligence in machines decisions without being used to solve complex

programmed problems

» Aim is to build machines
which are capable of » Aim is to make machines » Aim is to build neural
thinking like humans learn through data networks that discover

patterns




DIZEP LEARNING => GEENIEERATIVIZ Al
Large Language Models (LLM)




MACHINIE LEARNING

Can you predict the output?

A
X Y OUTPUT
5 | 7 75
3 | 4 43
6 | 9 96
2 | 5 ?

ALGORITHM (MODEL)
X+(Y*10)=
OUTPUT

B
X1 X2 X3 X4 OUTPUT
80.78 | 89.32 | 64.94 | 68.85 4353.0656
88.61 | 14.89 | 48.51 | 7.63 2385.2166
72.7 | 7.62 | 83.01 | 33.04 6925.7051
2491 | 68.35 | 97.59 | 94.56 ?

ALGORITHM (MODEL)
0.15* X1 + X2 + X32+ 0.5 * X4 =
OUTPUT
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HOW IT WORKS

L

.

COMPUTER

FISH




HOW IT WORKS

HUMAN

COMPUTE
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Al IMPROVIEMENT

ImageNet Large Scale Visual Recognition Challenge
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COMPUTIER VISION

COMPANIES
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Computer Vision Providers

44

15

Aquaculture

7

B

Fisheries

Quality Control



HOW IT WORKS

NowuaswN=

Collect Images
Prepare Data & Images
Choose a Model

Train the model

Test the model

Retrain & Fine Tune
Deploy
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1. COLLECT IMAGIEES




P Labelbox | The data factory fo X -+

(] 25 labelbox.com T w 3 @ & °
B bitbucket E orca_tally JupyterLab Li utoronto mail : confluence +t¢ tableau m hrvey m bitwarden O flexsave o github 2z GCP » 3 All Book:
P Labelbox  Product Solutions Learn Customers Pricing Log in Start for free

The data tactory
for Al teams

Labelbox delivers innovative services and software to operate,
build, or staff your modern AI data factory H /
] ¥




IMAGE
CLASSIFICATION

DEPTH

DEPTH / WEIGHT

ESTIMATION

3. CHOOSI= A MODI:L

OBJECT

OBJECT
DETECTION

FACIAL
RECOGNITION

A

TEXT

OPTICAL CHARACTER
RECOGNITION

EDGE
DETECTION

ANOMALY
DETECTION

IMAGE
SEGMENTATION



SEGMENTATION MODI:L




4. TRAIN THIEE MODI:L

2. PREPARE 3. CHOOSE A MODEL
IMAGES 4. TRAIN & TEST MODEL

kAN

1. COLLECT
IMAGES




4. TRAIN & TEST MODI:L
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MODEL EVALUTATION

1. ACCURACY

TRUE
POSITIVE

FALSE
NEGATIVE

2. PRECISION

3. RECALL

FALSE
POSITIVE

TRUE
NEGATIVE




TRUE
POSITIVE

FALSE
POSITIVE

MODEL EVALUTATION

DEFECT (s
~agse N

FALSE
NEGATIVE

TRUE
NEGATIVE

ACCURACY =

CORRECT PREDICITIONS

ALL PREDICTIONS



MODEL EVALUTATION

ACCURACY =50%

TRUE FALSE
POSITIVE NEGATIVE
2
4
FALSE TRUE
POSITIVE

NEGATIVE




MODEL EVALUTATION

PRECISION =
TRUE FALSE
POSITIVE NEGATIVE
TP
TP + FP
FALSE TRUE
POSITIVE

NEGATIVE




MODEL EVALUTATION

PRECISION = 50%

TRUE FALSE
POSITIVE NEGATIVE
1
1+1
FALSE TRUE
POSITIVE

NEGATIVE




MODEL EVALUTATION

RECALL =

FALSE
NEGATIVE

TP

TP + FN

TRUE

POSITIVE NEGATIVE
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MODEL EVALUTATION

RECALL = 50%

FALSE
NEGATIVE

TRUE

POSITIVE NEGATIVE
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RIETRAIN & IFINIEE TUNIZ MODI:L

FARMED SALMON WILD SALMON




RIETRAIN & IFINIEE TUNIZ MODI:L

FARMED SALMON WILD SALMON
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Sk CASIEES

> =

SEMI-FINISHDED

Count pieces ¢ Visual Seam
Measure Size + Detect Defects

RAW MATERIAL « Classify Colour « Classify quality
Count pieces

Measure Size
|dentify Species
Classify Quality

FINISHED PRODUCTS

=10

Count pieces « Labeling
Detect Defects « Compliance
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DEPTH

DEPTH / WEIGHT
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FILLET DEFECTS
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SHRIMP DEFIZCTS

OBJECT
E BROKEN TAIL
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OBJECT
DETECTION
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CAN TUNA DEFECTS

SCO
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OBJECT
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CAN DEFECTS
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POUCH SEEAL DEFECTS
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IMAGE
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FISH WEIGHT IESTIMATOR
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FILAKE % ESTIMATION




FILAKE % ESTIMATION




FILAKE % ESTIMATION

IMAGE
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RAPID SALINITY TIEST




RAPID SALINITY TIEST
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CAN CODIz READING
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TEXT

OPTICAL CHARACTER
RECOGNITION
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OVIEERALL

OEE

(o)
52%
OEE Metrics
® Availability
@ Performance
{ J Quality
100%

0%

EQUIPMENT EFFECTIVEENESS

Availability

43%

Availability Metrics

500

250

@ 1. Planned Time
@ 2. Run Time
@ 3. Down Time

Performance
121%

Quality

100%

Perfcrmance Metrics

® Planned Cans @ Total Cans

40,000

20,000

Quality Metrics

® Accepted Cans
@ Rejected Cans

20,000

10,000



OVERALL EQUIPMENT EFFECTIVEENESS

Production Status

® Active Time @ Downtime
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PRODUCTIVITY



PRODUCTIVITY

Track number of workers
& time in production area
e Count units produced
e Calculate productivity
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PRODUCTIVITY

quality and/or efficiency

* Monitor workers for



COLD STORAGLE BINS
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PARADIGM SHIIFT

Random =—p Continuous e

Inconsistent —» Consistent
Biased = > Unbiased

Slow —————p Fast

Manual ———p Automated



FUTURE ROLES

Oversight

= Define
standards

= Review
Outputs

= Handle edge
cases

= Refine models

= Monitor Bias

= Continuous
Improvement

Inspection

Repetitive
High-speed
Autonomous
Multi-modal
Al, combing
production,
vision and
sensor data
Predictive
analytics







R&D PARTNERS
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FOOD INNOVATION
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131.LOG POST

I GET DEMO %

Revolutionizing Seafood Visual
Inspection with Al-enabled Smart
Cameras

March 10,2025 -« 6 min(s) reading time

Eric Enno Tamm E E u
wa Co-Founder and CEO of ThisFish

A picture is worth a thousand words and that's certainly true for quality
| and food safety inspection. In seafood processing plants, quality control

|
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eric@this.fish

+1(604) 562-5310



mailto:eric@this.fish

