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Computer vision vs machine learning vs deep learning
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WGMLEARN’s study

Assemble potential literature on ML and
marine ecology (through search terms +
bibliography mining)

Curate to keep peer reviewed, using ML,
effectively on marine

Tag papers according to data, task,
method, or other aspects (meta)
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WGMLEARN’s study

Assemble potential literature on ML and
marine ecology (through search terms +
bibliography mining)

Curate to keep peer reviewed, using ML,
effectively on marine

Tag papers according to data, task,
method, or other aspects (meta)

Select papers to cite

Write summary in sections organised
according to input data
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Machine learning to extract ecological
information from observational data
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Historical approaches to (plankton) image classification

100% RandomForest was popular in technical papers but

even more in actually implemented methods

Gradual transition from classical feature extraction +
classification to CNNs
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vs deep: deep is better, for rare classes

Accuracy Balanced accuracy
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Random

Native features

Nat + RF \ A

Nat + RF (NW) {
31-72 \®/ RF
MobileNet
B Mob + MLPg, = §
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MLP

Panaiotis et al, in prep



Classic segmentation:
(adaptive) thresholding

Panaiotis et al, 2022



Classic segmentation:
(adaptive) thresholding
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Deep object detection/segmentation:
©© Detectron2
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Deep object detection/segmentation:
©© Detectron2

Panaiotis et al, 2022



“Intelligent” segmentation uses context to improve precision

# segments
per minute
of deployment
Segmentation
pipeline
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B T-CNN
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Precision
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5,000
Panaiotis et al, 2022



“Intelligent” segmentation uses context to improve precision

Segmentation
pipeline
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Classification from passive acoustics:
classic feature extraction

Feature extracted: distance between Good separation for most signhals
Zero crossings

Amb. Noise
Beak -buzz
Rissos dolf.
Beak -forage
Pilot whale

Time (ms)

Figure 3: The times between zero-crossings and normalized
envelope amplitudes were selected as features for classifying
individual clicks.

Figure 6: Distribution of the periods between three consecutive
zero-crossings for ambient noise, M. desirostris (buzz), Grampus
griseus, M. desirostris (forage), and Globicephala
macrorhynchus.

_~

SVM for classification

Good performance on training set

Class Pec
Mesoplodon (forage) 1.0000
Mesoplodon (buzz) 0.7900
Globicephela 0.9380
Grampus 0.9451

Does not generalise well (in

miss

0.0000
0.2100
0.0620
0.0549

0.9680
0.9600
0.9682
0.9721

particular to species not seen during

training)

Jarvis et al, 2008



Classification from passive acoustics:

deep approach

Sound converted to spectrogram using Short Term Fourier

Transform with various parameters

—

(1) STFT

—> | (3) Interpolation

Detection and annotation by humans
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Test of classification based on human annotation, from the
iImage of the spectrogram, with two CNNs

NFFT

ResNet-50 Performance

Accuracy

Precision

Recall

F-1 Score

3-channels (Hz)

1-channel (Hz)

1-channel (mels)

256
2048
16384
2048

NFFT

0.953 (£0.016)
0.883 (+0.022)
0.944 (=£0.009)
0.943 (+0.013)
0.895 (+0.031)

0.887 (+0.045)
0.714 (+0.060)
0.863 (+0.036)
0.860 (+0.032)
0.762 (+0.067)

VGG-19 Performance

Accuracy

Precision

0.871 (+0.036)
0.641 (£0.037)
0.838 (+0.039)
0.847 (+0.058)
0.723 (+0.048)

Recall

0.878 (£0.031)
0.675 (£0.046)
0.850 (+0.023)
0.853 (+0.031)
0.742 (£0.044)

F-1 Score

3-channels (Hz)

1-channel (Hz)

1-channel (mels)

256
2048
16384
2048

0.961 (£0.017)
0.914 (£0.024)
0.959 (£0.019)
0.951 (£0.017)
0.918 (£0.022)

0.906 (+0.044)
0.790 (+0.048)
0.899 (+0.041)
0.871 (£0.037)
0.818 (4+0.043)

0.892 (40.049)
0.771 (£0.070)
0.889 (40.048)
0.878 (+£0.038)
0.784 (+0.036)

0.899 (+0.041)
0.780 (£0.053)
0.894 (+0.039)
0.875 (£0.028)
0.801 (+0.034)

Thomas et al, 2020



Target classification from active acoustics:

classic approach

Extraction of various features of each school
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Classification using an Artificial Neural Network

Weight

P b Bk

Weighted input

¢
Il

Total
weighted
input

\

OUTPUT

Transfer function

Recognized category (%)

-37 —

51
| 4

=N
-~
I

Latitude (°S)

.52 — N

i '80}1‘\

America

[ |
-70 -65 60 -55
Longitude (°W)

FF Bonaerensis anchovy Sprat Rough scad Hoki Blue whiting Patagonian anchovy
True category (%) Bonaerensis anchovy 93.3 0 0.7 0.9 0.1 5.1

Sprat 41.8 35.4 0 6.3 1.3 15.2

Rough scad 63.5 0 36.5 0 0 0

Hoki 2.3 0.2 0.2 92.7 0.8 39

Blue whiting 0 2.6 0 23.7 73.7 0

Patagonian anchovy 27.1 1.6 0 2.3 0 69.0

Cabreira et al, 2009



Target classification from active acoustics:
semi-supervised deep learning

Cut input in 32x32x4 blocs

Cluster blocs based on similarity, propagate annotations to
similar blocs

e 0o 0O qﬁﬂ!;
A S
@ 09 O G%;
AP
O QO O _ @
®e ‘'Y X @
(b)

OSE @0T

Other species Sandeel

Annotate some

Background
(BG)

nlocs

Other species

@ (OT)

Train CNN on propagated labels: good performance even
with very few annotations

1

Class-bal. Accuracy

test set Semi-supervised Supervised
Annotation U-Im U-Ba AO

ratio Ours S3VM Ours S3VM Ours SDL
1.000 0.8202 0.8000
0.100 0.7814 0.7341 0.7896 0.7340 0.7531 0.7496
0.050 0.7484 0.6668 0.7694 0.6668 0.6899 0.6909
0.025 0.7364 0.5838 0.7159 0.5827 0.6495 0.6108

Choi et al, 2021



- 2 2 3 4 5 6
Tra n5|t|on.towa rds dee|? l.ea rrung b of reforercos .....
for acoustic target classification

Discriminant Analysis
n=6

Gradual in time Mixture Mod%I
n=

Like most other fields! Artificial Neural Network
n=14

K means
n=9

Method

Principal Component Analysis
n=10

Support Vector Machine
n=6

Random Forest
n=11

Convolutional Neural Network
n=8

[1988 ]1998 12008 ]2013 ]2016 ]2018
1998] 2008] 2013] 2016] 2018] 2020]
n=>5 n=5 n=14 n=9 n=15 n=21

Date



Machine learning to improve
ecological understanding




Gradient boosting to predict the basin-scale distribution of organisms
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Drago et al, 2021



Gradient boosting to predict the basin-scale distribution of organisms
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Drago et al, 2021



Gradient boosting to predict the basin-scale distribution of organisms
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Gradient boosting to predict the basin-scale distribution of organisms
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Gradient boosting to predict the basin-scale distribution of organisms
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Gradient boosting to predict the basin-scale distribution of organisms

Longitude
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Gradient boosting to predict the basin-scale distribution of organisms
Predicted biomass (mgC/m3) —

Acantharea, epi, sph > OV

50°N
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100°W 0° 100°E
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100 - P\ n Drago et al, 2021



Predicted biomass (MgC/m3) I
Acantharea, epi, sph > oo

Gradient | anisms
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CNNs to take the context into account

Same approach but consider a full region, summarised by a
CNN, instead of one value
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CNNs to take the context into account

Same approach but consider a full region, summarised by a
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Deep features as objective individual descriptors of morphology

Feature extraction (lassificaTion
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Deep features as objective individual descriptors of morphology

Feature extraction (lassificaTion
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Deep features as objective individual descriptors of morphology

PC2 (25%)
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Overall conclusions
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Data types

Based on the tags of the ~1000 papers in the library

45% images + 15% satellite images = 60% images

Image/video [398]

Why such a success?

Geoloc
[48]

(VMS,
AlS,
etc.)

Optical
Omics [48] spectra
[28]
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— Data types

Acoustics [172]

'~,’ Passive [111] A[c;‘;e
Plankton [158] Benthos [104] Based on the tags of the ~1000 papers in the library

Image/video [398] 45% images + 15% satellite images = 60% images

Geoloc Why such a success?

[48]
(VMS,
tables [130] AlS, Because images are common in everyday life
etc.)

Nekton [77] Litter [S9] Ecological data

Gridded data
§  Insitu

L [49] Optical :
! Omics [48] spectra o
[28]

Satellite [131]




Techniques

Machine learning as a whole is becoming
more popular in marine ecology

As expected, CNNs explode in popularity
In recent years

Proportion of references using the method

(within the filed of marine ecology)
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Techniques
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Limitations of machine learning
applications in marine ecology

Feeling that machine/deep learning is less explainable
than traditional statistics
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Limitations of machine learning
applications in marine ecology

Feeling that machine/deep learning is less explainable
than traditional statistics

Few dominant species/events, many rare ones

= Dataset shift

= Quantification

Quality of training sets

= Need more sharing of quality controlled datasets
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What’s next?

New techniques
CNNs = Vision Transformers
GANs > Diffusion models

Newer models are often more expensive (in data, in
compute) = are they worth the trouble?

Unlocking ML’s potential requires cross field collaboration

= We must train a new generation of scientists!
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A The definition of
machine learning

Has a training and test set

Feature extraction, data transformation,
model fitting, and parameters tuning are
done on the training set only

The model is then applied to the test set

1. Collect data

2. Label data
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Why? It’s the features, not the classifier

Accuracy Balanced accuracy
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... With little influence of size on performance
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Unsupervised clustering in a morphological space

PCA2 (20.1%)
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Unsupervised clustering in a morphological space
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