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Deep nevral
networks for automated detection
of marine mammal species

Yu Shiu, K. J. Palmer, Marie A. Roch, Erica Fleishman, Xiaobai Liu, Eva-Marie Nosal,
Tyler Helble, Danielle Cholewiak, Douglas Gillespie & Holger Klinck

Correction to: Scientific Reports https://doi.org/10.1038/s41598-020-57549-y, published online 17 January 2020
The original version of this Article contained errors.

Table 1 omitted to reference the experimental data and its funding sources. As the result, References 78-83 were
omitted from Table 1. Added References are listed below:

Hatch, Leila T., et al. Quantifying loss of acoustic communication space for right whales in and around a US
National Marine Sanctuary. Conservation Biology 26.6, 983-994 (2012).

Clark, C.W.,, et al. An ocean observing system for large-scale monitoring and mapping of noise throughout the
Stellwagen Bank National Marine Sanctuary. Cornell University, Ithaca, NY (2010).

Cholewiak, D., et al. Communicating amidst the noise: modeling the aggregate influence of ambient and vessel
noise on baleen whale communication space in a national marine sanctuary. Endangered Species Research, 36,
59-75.(2018).

Rice, A. N. et al. Baseline bioacoustic characterization for offshore alternative energy development in North
Carolina and Georgia wind planning areas. U.S. Department of the Interior, Bureau of Ocean Energy Manage-
ment, Gulf of Mexico OCS Region., New Orleans, LA. (2015).

Salisbury, D. P,, Estabrook, B. J., Klinck, H., & Rice., A. N. Understanding marine mammal presence in the
Virginia offshore wind energy area. US Department of the Interior, Bureau of Ocean Energy Management,
Sterling, VA. (2019)

Bailey, H. et al. Determining offshore use by marine mammals and ambient noise levels using passive acoustic
monitoring. U.S. Department of the Interior, Bureau of Ocean Energy Management., Sterling, VA. (2018)

Consequently, the legend of Table 1 has been corrected accordingly,

“Number of upcalls indicates the number of upcalls annotated by trained analysts. For deployments with two or
more recorders, the number of upcalls indicates the total number of upcalls detected across all recorders. Shaded
rows indicate data used to train neural networks. Non-shaded rows represent evaluation data. Negative examples
for the Kaggle data represent the false detections flagged by the analysts as derived from non-right whale sources”

now reads:

“Data sources used to train and evaluate deep neural network performance. Number of upcalls indicates the
number of upcalls annotated by trained analysts. For deployments with two or more recorders, the number of
upcalls indicates the total number of upcalls detected across all recorders. Shaded rows indicate data used to train
neural networks. Non-shaded rows represent evaluation data. Negative examples for the Kaggle data represent
the false detections flagged by the analysts as derived from non-right whale sources. Contract grants: (i) Office
of Naval Research grant (number N00014-07-1-1029) awarded by the National Oceanographic Partnership Pro-
gram; (ii) U.S. Department of the Interior, Bureau of Ocean Energy Management grant (number M10PC00087);
(iii) U.S. Department of the Interior, Bureau of Ocean Energy Management grant (number M15AC00010); (iv)
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Number Total

Recording . . Number of
date Region of recording upcalls
recorders hours
28-Mar-09 Massachusetts 1 24 767
29-Mar-09 Massachusetts 1 24 2280
DCLDE 30-Mar-09 Massachusetts 1 24 1663
2013 31-Mar-09 Massachusetts 1 24 2206
workshop — 1_Apr-09 Massachusetts 1 24 1328
2-Apr-09 Massachusetts 1 24 545
3-Apr-09 Massachusetts 1 24 894
6-Sep-12 Georgia 3 72 1
14-Oct-12 Georgia 3 72 118
2012-2015  29.pec-12 North Carolina 3 72 12
MARU Lo
deployments 12-Mar-14 Virginia 5 120 8
25-Jan-15 Maryland 9 216 448
24-Jul-15 Maryland 10 240 14
7027
(22973
Kaggle Massachusetts negative
examples)

Table 1. Number of upcalls indicates the number of upcalls annotated by trained analysts. For deployments
with two or more recorders, the number of upcalls indicates the total number of upcalls detected across all
recorders. Shaded rows indicate data used to train neural networks. Non-shaded rows represent evaluation data.
Negative examples for the Kaggle data represent the false detections flagged by the analysts as derived from non-
right whale sources.

U.S. Department of the Interior, Bureau of Ocean Energy Management grant (number M14AC00018); Maryland
Department of Natural Resources grants (14-14-1916, 14-17-2241)”

The original Table 1 and accompanying legend appear below.
Finally, in the Acknowledgments,

“We are grateful to P. Dugan for running the BRP baseline detector; S. Kahl for sharing source code and advice
on the methods; A. Rahaman, K. Hodge, B. Estabrook, D. Salisbury, M. Pitzrick, and C. Pelkie for helping with
data analysis; F. Channell, C. Tessaglia-Hymes, and D. Jaskula for deploying and retrieving MARUs, and the
DCLDE 2013 organizing committee. We thank the Bureau of Ocean Energy Management for the funding of
MARU deployments, Excelerate Energy Inc. for the funding of Autobuoy deployment, and Michael J. Weise of
the US Office of Naval Research for support (N000141712867)”

now reads:

“We are grateful to P. Dugan for running the BRP baseline detector; S. Kahl for sharing source code and advice
on the methods; A. Rahaman, K. Hodge, B. Estabrook, D. Salisbury, M. Pitzrick, and C. Pelkie for helping with
data analysis; F. Channell, C. Tessaglia-Hymes, and D. Jaskula for deploying and retrieving MARUs, and the
DCLDE 2013 organizing committee. We thank S. V. Parijs, G. Davis, C.W. Clark, L. Hatch, D. Wiley, and NOAA
Fisheries for the DCLDE data and analyses. We thank the Maryland Department of Natural Resources secured
the funding for the data collection offshore of Maryland from the Maryland Energy Administration’s Offshore
Wind Development Fund (14-14-1916, 14-17-2241). We thank the Bureau of Ocean Energy Management for
funding MARU deployments and data collection (M10PC00087 for Georgia and North Carolina, M15AC00010
for Virginia, M14AC00018 for Maryland), Excelerate Energy Inc. for the funding of Autobuoy deployment, and
Michael J. Weise of the US Office of Naval Research for support (N000141712867).

The original Article has been corrected.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.
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