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Plankton!




Problem Overview

IFCB takes 100k+ plankton
Images per day

Too many for manual annotation

Previous feature-based classifier
(random forest)

- ~70% effective
Let’'s do better!




Neural Nets

. Emulate, broadly-speaking, the way signals flow
through neurons of a biological brain

iInput hidden output
layer layer layer




Training NNs (supervised)

Known inputs-outputs pairs (labeled data)

Output error (loss)

Updating node weights (backprop)
- backward propagation of errors

— optimizer
Iterate!

Don’t Overfit.




Backprop: it gets complex
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Lots of configurations exist...

A mostly complete chart of

O Backfed Input Cell N e u ra l N etWO r ks Deep Feed Forward (OFF) Deep Convolutional Network (DCN) Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN)
. - - =

©2016 Fjodor van Veen - asimovinstitute.org

Input Cell 3
A\ Noisy Input Cell Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF)
@ Hidden Celt ¢ >. @
© Probablistic Hidden Cell 3 ’ )
@ spiking Hidden Cel Recurrent Neural Network (RNN)  Long / Short Term Memory (LSTM)  Gated Recurrent Unit (GRU)
o o a o o o
@ outputcelt ; i
TN _ ) . , . .
@ watch input Output Cell '( ;'( )'( Generative Adversarial Network (GAN)  Liquid State Machine (LSM) ~ Extreme Learning Machine (ELM) Echo State Network (ESN)

. Recurrent Cell

. Mamoary Cell Auto Encoder (AE) Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)

. Different Memory Cell

&% B

@ Convolution or Pool
Deep Residual Network (DRN) Kohonen Network (KN)  Support Vector Machine (SVM)  Neural Turing Machine (NTM)

/a\
5 \NA VYA ’
om0 :
= «. q -
N\ 2\ W)\ 78\
Markov Chain (MC) Hopfield Network (HN) Boltzmann Machine (BM) Restricted BM (RBM) Deep Belief Network (DBN) < 3 3
SR § Z> S A e ; 5
S / S
S 'l S
-l
e

@) Kernel

\

ORISR SR SR
R A A




So what are we working with
here?|FCB Data

. 300k labeled images over 100-150 classes

. Billion+ images in total
- MVCO dataset, the largest spanning 17 years
« Need:

- Efficient processing of images
— Differentiate output for different classes
- Enough complexity to handle lots of cases/details



What do we need?

« Deep

- Many hidden layers

— Allows for more complex “understanding”
« Convolutional

- Method for reducing complexity of input for next layer by identifying
features, ie patterns.

- Great for rich media (images, audio, 3D)
« Multi-Label Classification

- Many nodes in output layer
- Cross-Entropy loss function



ConvNets
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ConvNets (cont...)
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Leveraging Existing Architectures

Performance of Different Models trained on top-48 ifch Classes
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Inception V3

o @@@K@E

- Convolution - Dropout
AvgPool BB ruly connected

MaxPool B softmax

Concat



Results: Training
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Results: Confusion Matrix

VPR-uw_2020-01-09, f1_weighted=80.00% (epoch 23)
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Results: Confidenc
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Improving IFCB products
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Improving IFCB products
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Results: Class Counts

fl mean

Scatter plot of mean f1_scores vs image counts, per-class
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HPC Stats

« GPU Node: 4x NVIDIA Volta 100’s
 [raining
— half hour per epoch, ~16 epochs per run typically
— 8 hours per fully trained model
« Running
- MVCO data-subset: 29 million images
- Total time: 19.5 hours

- Single GPU Rate: 400 images/sec
- Max Rate: 1600 images/sec with 4 GPU'’s



Outcome




Classification on the Edge

Sending image data
by satellite is costly

Sending counts and
statistics is not!

Nvidia Jetson
modules + other
hardware

Realtime processing _ L




Resources and Obstacles

« GitHub Repo
— qithub.com/WHOIGit/ifcb classifier

« Trained models not currently published/available

« No active support for 3 parties...

« But you're welcome to fork the project!
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