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1. Motivation 2. Contributions

Context: Theoretical: We provide a comprehensive

comparative study that encompasses the

whole spectrum of ML approaches.

» First of its kind for the application of
marine species detection in

* Marine biologists use acoustic images to monitor underwater sites in a thorough
and non-invasive manner.
Acoustic surveys are typically carried out using multifrequency echosounders,

Zooplankton

such as the Acoustic Zooplankton Fish Profiler (AZFP) [1]. ‘ echograms.

. Acoustlc data_ are d|§played in 2D (vertical axis: depth or range, horizontal axis: ""‘;:f;:'n:z: > We focus on schools of herring for a
time), producing an image called echogram. Echograms use colour codes Migration well-crafted and bounded study.
representing the volumetric backscatter strength of fish, plankton, etc. £ P tical: W - : - .

X Echograms are typically interpreted with manual or semiautomatic methods, Schoolof i ractical: bi;:c:g:?:rt e?sp;)l;cer:g ora(rj:stel;:tmg
which are time-consuming and prone to inter-expert disagreements. A 9ic gets | grams Dy
proposing a functional and high-
A performing framework that can be readily
Solution: T —— scaled to accommodate new species.
Y- Machipe Iearning (ML) m‘eth.ods can provide solutions for the automatic lllustration of an AZFP- Our goal is to take advantage of decades of
detection of marine species in echograms. generated echogram [1]. contributions and expertise from traditional approaches
[1]1 D. Lemon, P. Johnston, J. Buermans, E. Loos, G. Borstad, and L. Brown, “Multiple-frequency moored in fisheries acoustics and to assess what parts are still
sonar for continuous observations of zooplankton and fish,” in 2012 Oceans. |[EEE, 2012, pp. 1-6. relevant in the DL era.

3. Challenges

Schools of herring (red boxes): typlcally elongated shape (a) that can vary in size (b) and shape (c), sometimes found in close proximity (d), with boundaries that may appear fuzzy due to bubbles (e).

4. Proposed Method

Three compared approaches: Block diagram of hand-crafted and hybrid approaches:
Approach | Localization | Classification
1) Hand-crafted | Custom ROI extractor | ML image classifier %“i —: im— | et thecption, |
2) Hybrid Custom ROI extractor | DL image classifier IS Pain DRuener,
_ - [200kHz | _» Extraction OR
3) End-to-end DL object detector DL object detector T i o Coed > HandCratea L
—p | ezt pproac -
ROI = region of interest, ML = machine learning, DL = deep learning e ¥ s (VD
Localization Classification

Features:
energetic (mean intensity), morphometric (ratio between a .
ROI extraction: major and minor axis, eccentricity, circularity) Block diagram of end-to-end approach:

Detected sthanls

End-to-end
approach

(YOLOw2,

Faster-RCNN)

67 kHz echogram (Sv)

Tiling to deal

with small
= .
®)| Denoising Q Morphological Q
| Thresholding Operations
=

H
. scale issue
o Post-Processin
eors || Filtering g
Median fitering _ Opening
Adaptive llueslmllmg (hsmz Onennnnn i

Dataset: Quantitative evaluation:
+ 358 annotated echograms.

4-frequency echogram

Ground truth

) - ) Method [U[P | R | FI D .
. etection
CoII(’ected by F_|sher|es gnd Oceans Canada with Ty Tand-crafied SV 03 T34 663 | 5367 —1
ASL’s AZFPs in the Okisollo channel, BC, Canada 1) Hand-crafted (SVM) 05 | 4162 | 60.16 | 4920
between May and October (2015-16). 2) Hybrid (ResNet-50 03 | 7237 | 8594 | 1857
+  Training/valiation set: 80% (286 echograms with g; gygffj ?I;?NCISSO)ZOI) gi 2:212(7) Z‘;—gg gz-?‘; +  Generally, the hybrid and
B ; ybri nseNet- .3 X 2 . _to-
617 instances of schools of herr!ng). ‘ 3) Hybrid (DenseNet-201) 05 5575 5578 [ eaza end-to-end approaches
+ Test set: 20% (72 echograms with 128 instances 2) Hybrid (InceptionV3) 03 [ 7899 | 85.16 | SL95 perform better than the
of schools of herring). 2) Hybrid (InceptionV3) 05 | 68.12 | 73.44 | 70.68 hand-crafted one.
T — 2) End-to-end (Y8L8v§) 8.3 gz.gs gz.gg :g;ﬁ «  The performance of the
. 3) End-to-end (YOLOV2) 5 7.31 X . L .
. T—— 3) End-to-end (Faster R-CNN) | 03 | 6690 | 74.22 [ 7037 e Reait 2 e (e
3) End-to-cnd (Faster RCNN) | 05 | 4507 | 50 | 4741 approaches is limited by

the ROI extractor’s
performance.

*  When two schools are
very close: very difficult
case for all approaches.
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An end-to-end DL-based framework is preferable to other learning approaches for marine species detection in echograms: performs and ASL Environmental Sciences through the

equally or better than time-consuming hand-crafted methods even with limited training samples, and is readily scalable to new species. Engage and Engage Plus Grants programs.

IoU = intersection over union, P = precision, R = recall, F1 = Fl-score

10 cm
.l i The best detection depends on the user’s priorities:
) «  Best precision: hybrid (InceptionV3).
358 annotated 571 piscls (55 m) «  Best recall: end-to-end (YOLOV2).
cchograms *  Best high-quality: end-to-end (YOLOv2).
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