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Abstract. The North Sea is a productive shelf sea with a wide variety of hydrographic and biological conditions. It is sub-

ject to high anthropogenic pressures, including climate change, terrestrial nutrient loading, and the development of offshore

wind farms, and the associated environmental changes have major consequences for zooplankton abundance and community

composition. In situ imaging provides new opportunities to monitor meso- and macrozooplankton, as it enables sampling at

meter-scale resolution and improved assessments of fragile gelatinous taxa. The vast amounts of data that can be collected with5

in situ imaging necessitate the use of automated data processing pipelines. However, developing these requires a substantial

amount of expert-annotated data. In this paper, we share a large annotated set of plankton and particle images from an in

situ shadowgraph imager (ISIIS-DPI, 46,331 images) and the Continuous Particle Imaging and Classification Sensor (CPICS,

14,496 images) among, respectively, 64 and 42 taxonomic and trait-based classes that were collected in the Greater North Sea

and complemented with data from Greenland. Based on the geographical coverage, size distribution, and environmental data10

collected simultaneously with the images, we show that this set is taxonomically representative of the Greater North Sea. In ad-

dition, we trained Convolutional Neural Network classifiers, one for the ISIIS-DPI and one for the CPICS, and both achieved

an F1-score of 80.1%, showing that these classifiers can be reliably used on newly collected ISIIS-DPI and CPICS data in

this region. All annotated images, as well as location and environmental data, are shared publicly (10.5281/zenodo.21737141,

Hovenkamp et al., 2026c) following a flexible taxonomic classification scheme to ensure flexible use and inter-operability with15

similar (future) sets. The annotated data and classifiers that we present should greatly facilitate zooplankton studies employ-

ing in situ imaging in the Greater North Sea. This improves our ability to assess how zooplankton communities are likely to

respond to the ongoing anthropogenic pressure on the North Sea and addresses a critical knowledge need.

1 Introduction

The North Sea is a productive continental shelf sea that is under high anthropogenic stress (Emeis et al., 2015; McQuatters-20

Gollop et al., 2022). The sea surface temperature in the North Sea has increased rapidly compared to the global average
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(Simpson et al., 2011) with roughly 0.2 to 0.4 ◦C per decade (Dye et al., 2013) and is projected to continue warming throughout

the century (Dye et al., 2013; Quante and Colijn, 2016). Changes in terrestrial nutrient loading have affected pelagic ecosystems

(Capuzzo et al., 2018; Desmit et al., 2020), which may additionally be impacted by the recent upscaling of offshore wind energy

(Floeter et al., 2017; Isaksson et al., 2025; Zampollo et al., 2025). Zooplankton is highly sensitive to environmental conditions25

and climate change (Williams et al., 1994; Taylor et al., 2002; Drinkwater et al., 2003; Richardson, 2008), and forms a vital link

in marine pelagic ecosystems, being the link between primary production and higher trophic levels. Moreover, zooplankton

plays an important role in the global carbon cycle (Steinberg and Landry, 2017; Rohr et al., 2023). As such, zooplankton was

used in several quality indicators in the latest OSPAR’s quality status report (Holland et al., 2023), and therefore continued and

novel monitoring of zooplankton dynamics is critically needed.30

The Greater North Sea has a wide variety of hydrographic and ecological zones: southern regions are vertically mixed

throughout the year, whereas northern regions are seasonally or permanently stratified, and transitional zones between the two

exist (Van Leeuwen et al., 2015). In addition, differences exist between regions that are mostly influenced by Atlantic inflow,

inflow from the Channel or dominated by river outflow (Otto et al., 1990; Enserink et al., 2019). As such, in recent OSPAR

assessments the Greater North Sea (OSPAR region II) was divided into 29 distinct hydrographic zones, depending on physical,35

chemical, and biological conditions (Enserink et al., 2019). The wide variety of hydrographic zones reflects that biological

data from a single location or depth are not necessarily representative of the whole region. For example, long-term changes in

phytoplankton primary production were observed to vary between hydrographic regions (Capuzzo et al., 2018). This drives the

need for increased, depth-resolved sampling efforts that better cover the Greater North Sea.

In situ imaging provides new opportunities for zooplankton sampling, overcoming some of the limitations of traditional40

sampling with nets or the Continuous Plankton Recorder Continuous Plankton Recorder (CPR, Batten et al., 2003). Gelatinous

groups can be sampled more accurately (Remsen et al., 2004; Luo et al., 2014), and the meter-scale resolution of in situ imaging

(Gallager, 2016; Cowen and Guigand, 2008) allows studying fine-scale vertical distributions and habitat preferences of meso-

and macrozooplankton (e.g. Luo et al., 2014; Greer et al., 2015; Schmid et al., 2023). Moreover, planktonic size spectra can

be constructed relatively easily from images (Grosjean et al., 2004; Hovenkamp et al., 2026a). From size spectra, the trophic45

transfer efficiency can be estimated (Zhou, 2006) through a single and inter-comparable index, allowing for large-scale analysis

of planktonic food webs (e.g. Atkinson et al., 2021, 2024). With in situ imaging, a vast number of plankton images are collected

(up to millions per study, Schmid et al., 2020; Hovenkamp et al., 2026a). This drives the need for automated data processing

pipelines for taxonomic classification (Irisson et al., 2022), which have been successfully applied in various recent studies (e.g.

Luo et al., 2018; Schmid et al., 2020). With the combination of in situ imaging and automated processing of the data, sampling50

efforts can be increased with limited additional costs, and this enables a potentially vast increase in the spatial and temporal

scale of zooplankton monitoring.

For successful application of a fully automated classification pipeline, a manually annotated set of images is required for all

taxonomic groups of interest that can be expected (e.g. Orenstein et al., 2022). However, obtaining a representative annotated

set comes with challenges. Manual annotation of images is time-consuming, especially when large amounts of marine snow,55

often present in shelf seas, can reduce the number of living images to as little 1% of all data (Forest et al., 2012). In addition,
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Figure 1. Map of the study region with markers for all transects that were sampled with the ISIIS-DPI and CPICS that were included in the

annotated set. Solid lines denote the pelagic OSPAR Common Procedure Assessment Units for the Greater North Sea (Enserink et al., 2019),

and sampling sites are colour-coded accordingly, with additional regions defined for Zeeland (The Netherlands), Limfjorden (Denmark) and

Greenland.

with the variety of ecological zones within the Greater North Sea, using a learning set from one area to classify data from

another area carries the risk of missing organisms that are characteristic of the study region. This underlines the need for

a learning set with a broad geographical coverage. Finally, useful exchange of annotated data between research groups, if

available, is commonly inhibited due to a lack of provided metadata (e.g., sampling location) and a common classification60

scheme (Horton et al., 2021; Irisson et al., 2022).

In this paper, we present a large, annotated set of over 60000 images from two in situ imaging instruments: the In Situ

Ichthyoplankton Imaging System Deep-focus Particle Imager (ISIIS-DPI) and the Continuous Particle Imaging and Classifi-

cation Sensor (CPICS). By combining images from various regions representing different ecological zones, we create a set

that is representative of the meso- and macrozooplankton communities in the Greater North Sea. Taxonomic information and65

metadata of all images are stored in line with the framework presented by (Van Walraven et al., 2026, under review), so that

3
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Findable, Accessible, Interoperable, and Reusable (FAIR) usage of the set is guaranteed. This enables users to create subsets of

the annotated data that are relevant for their use-case. In addition, we present a Convolutional Neural Network (CNN) classifier

that is trained on the annotated set per instrument and can be used in an automated classification pipeline. With the published

data sets and classifiers, we aim to facilitate zooplankton monitoring efforts and studies that use in situ imaging within the70

Greater North Sea.

2 Methods

2.1 Study regions

Data were collected in the Greater North Sea region between February 2021 and June 2024. The Greater North Sea dataset

was further complemented with annotated ISIIS-DPI data (11829 images) from a research campaign in southwest Greenland75

in 2023 (Hovenkamp et al., unpublished). Although the focus of the present study was the Greater North Sea, data from

Greenland were added due to the observed similarity of taxonomic classes between Greenland and some North Sea regions

and the associated potential to improve the classification of North Sea plankton by increasing the size of the annotated set. An

overview of the study sites and research cruises is presented in Figure 1 and Table 1, respectively.

We grouped the annotated data following the pelagic OSPAR Common Procedure Assessment Units for the Greater North80

Sea, which were developed by Enserink et al. (2019) and used in the 2023 OSPAR Quality Status Report to assess, among

others, phyto- and zooplankton communities (Holland et al., 2023). Additional regions were defined for Greenland and the

inshore marine sampling sites in the Dutch Zeeland delta (hereafter ‘Zeeland’) and the Danish Limfjorden, as these are not

within the regional assessment units. For two cruises (Northern North Sea, 2023, and Norwegian Trench, 2024, Table 1),

location data that were just outside the defined regional assessment units were assigned to the nearest unit (‘Scottish Sea’ and85

‘Atlantic’, respectively, Figure 1).

The presented manually annotated data are a subset of all images that were collected in these campaigns. The ecological

analysis of the complete data sets is presented in separate manuscripts, e.g., for the North Sea Doggersbank (Hovenkamp

et al., 2026a), southern Greenlandic fjords (Hovenkamp et al., unpublished) and for the Norwegian Trench and Norwegian Sea

(Temmerman et al. in preparation).90

2.2 Imaging instruments

The ISIIS-DPI (Bellamare, Cowen and Guigand, 2008; Greer et al., 2025) is an in situ shadowgraph imaging system, of which

we used an area-scan configuration with a field of view of 8.83 cm (5328 pixels) × 7.64 cm (4608 pixels). The pixel resolution

and maximum frame rate were, respectively, 17 µm (5328 × 4608 pixels) and 5 Hz from June 2022 to August 2023, and 38 µm

(2448 × 2048 pixels) and 20 Hz from September 2023 onwards. In September 2023, the internal camera was replaced. This95

was necessary to reduce the data flow between the camera and storage device and did not lead to a visible reduction in the image

quality or amount of taxonomic detail. The adjustable depth of field varied between 10 cm (in turbid conditions) and 35 cm (in

4

https://doi.org/10.5194/essd-2026-614
Preprint. Discussion started: 2 September 2026
c© Author(s) 2026. CC BY 4.0 License.



Sa
m

pl
in

g
ar

ea
Pe

ri
od

R
ef

er
en

ce
N

um
be

r
of

de
pl

oy
m

en
ts

To
ta

l
de

pl
oy

m
en

t

du
ra

tio
n

(h
ou

r)

N
um

be
ro

fc
ol

le
ct

ed
im

ag
es

C
PI

C
S

IS
II

S-
D

PI
C

PI
C

S
IS

II
S-

D
PI

C
PI

C
S

IS
II

S-
D

PI
(f

ul
l-

fr
am

es
/R

O
Is

)

Z
ee

la
nd

,T
he

N
et

he
rl

an
ds

20
21

,2
5/

2-
18

/1
1

V
an

O
ev

el
en

et
al

.i
n

pr
ep

.
15

6
-

21
2:

50
-

3,
32

1,
82

4
-

N
or

th
Se

a
B

or
ku

m
G

ro
un

ds
20

21
,4

/4
1

-
5:

57
-

33
7,

40
2

-

B
el

gi
an

N
or

th
Se

a
20

21
,6

/5
-7

/5
5

-
8:

17
-

18
3,

33
4

-

Z
ee

la
nd

,T
he

N
et

he
rl

an
ds

20
22

,2
5/

3-
29

/3
18

-
30

:1
8

-
2,

06
6,

25
5

-

Z
ee

la
nd

,T
he

N
et

he
rl

an
ds

20
22

,2
0/

6-
23

/6
15

15
11

:3
7

11
:3

7
23

2,
29

9
17

4,
12

3
/5

1,
26

6,
17

8

So
ut

he
rn

N
or

th
Se

a
20

22
,2

8/
6-

30
/6

3
3

37
:3

6
37

:3
6

28
2,

09
4

19
8,

23
2

/1
2,

85
5,

08
18

So
ut

he
rn

N
or

th
Se

a
20

22
,5

/7
-1

4/
7

7
6

49
:2

7
45

:4
2

1,
28

3,
23

3
39

9,
30

2
/1

58
,4

35
,9

92

Z
ee

la
nd

,T
he

N
et

he
rl

an
ds

20
22

,2
3/

9-
29

/9
17

16
44

:5
6

42
:0

8
1,

03
4,

11
9

52
5,

86
4

/1
04

,9
25

,7
92

N
or

th
Se

a
D

og
ge

rB
an

k
20

23
,1

7/
6-

25
/6

H
ov

en
ka

m
p

et
al

.(
20

26
a)

22
10

18
:4

4
40

:3
4

13
3,

84
1

24
7,

04
4

/7
2,

48
1,

11
3

So
ut

hw
es

tG
re

en
la

nd
20

23
,1

8/
7-

1/
8

H
ov

en
ka

m
p

et
al

.,
un

pu
b.

11
10

27
:0

3
25

:1
6

15
0,

65
6

38
5,

98
1

/2
3,

44
5,

23
0

Z
ee

la
nd

,T
he

N
et

he
rl

an
ds

20
23

,1
9/

9-
20

/9
-

5
-

9:
07

-
40

7,
84

5
/2

,4
97

,6
51

N
or

th
er

n
N

or
th

Se
a

20
23

,2
/1

0-
9/

10
9

9
19

:3
9

19
:3

9
13

2,
94

5
78

1,
71

0
/1

3,
94

8,
07

6

So
ut

he
rn

N
or

th
Se

a
20

24
,1

6/
4-

21
/4

2
2

5:
04

5:
04

27
5,

85
7

35
3,

67
0

/1
00

,5
50

,8
09

N
or

w
eg

ia
n

Tr
en

ch
20

24
,2

8/
4-

16
/6

Te
m

m
er

m
an

et
al

.i
n

pr
ep

.
9

9
15

:5
3

15
:5

3
20

,8
47

50
2,

86
4

/2
,4

21
,2

43

L
im

fj
or

de
n,

D
en

m
ar

k
20

24
,1

7/
6-

21
/6

8
8

10
:2

5
10

:2
5

80
,3

15
65

7,
15

2
/1

05
,4

46
,4

55

Ta
bl

e
1.

O
ve

rv
ie

w
of

th
e

sa
m

pl
in

g
ca

m
pa

ig
ns

of
w

hi
ch

da
ta

w
as

us
ed

in
th

is
st

ud
y.

C
oo

rd
in

at
es

of
th

e
sa

m
pl

in
g

lo
ca

tio
ns

ar
e

av
ai

la
bl

e
on

lin
e

pe
ra

nn
ot

at
ed

im
ag

e.

5

https://doi.org/10.5194/essd-2026-614
Preprint. Discussion started: 2 September 2026
c© Author(s) 2026. CC BY 4.0 License.



clear conditions), resulting in a sampling volume of 12 to 43 m3 h−1 (at 5 Hz) and 49 to 170 m3 h−1 (at 20 Hz). The ISIIS-DPI

is able to sample plankton from (approximately) 500 µm up to several centimeters in length, a size range that includes large

phytoplankton (e.g. Phaeocystis colonies, long-chained diatoms), large copepods, meroplankton, gelatinous zooplankton and100

ichthyoplankton. The ISIIS-DPI stores full-frame images that contain tens to hundreds of organisms and particles. Therefore,

a post-processing segmentation procedure (following Hovenkamp et al., 2026a) was applied to extract individual Regions of

Interest (ROIs, see Figure 2 for examples).

The CPICS-1000-e (referred to as CPICS hereafter, Gallager, 2016, Coastal Ocean Vision) is an in situ imaging system that

collects dark-field colour images of plankton and particles of approximately 200 µm to 1.5 cm. We used a set-up with a 0.9×105

magnification lens, a pixel resolution of 4.54 µm, an image resolution of 2736 × 2192 pixels, and a factory-calibrated depth

of view of 2 mm. This results in a field of view of 15 mm × 11 mm and a sampling volume of 0.33 mL per full-frame image.

The frame rate of the system can theoretically reach 13 Hz, although in practice the maximum achievable frame rate was ∼
8 Hz throughout our sampling campaigns, leading to a realized sampling volume of 9.5 Lh−1. The CPICS uses an on-board

segmentation procedure that detects and stores ROIs (Figure 3). A considerable amount of ROIs that we collected were too110

unsharp for taxonomical classification. Therefore, during post-processing we used Canny’s edge detection algorithm (Canny,

1986, using σ = 3, and as low and high threshold, respectively, 10% and 20% of the maximum pixel intensity) to remove all

unsharp ROIs, i.e., those that contained no detected edge pixels.

Depending on the campaign, either one or both the CPICS and ISIIS-DPI were mounted on a frame (Figure A1) along

with a CTD (Conductivity Temperature Depth, RBRMaestro or Sea-Bird SBE9) with additional sensors for turbidity (Seapoint115

Tu or WET Labs ECO), dissolved oxygen concentration (RBRcoda T.ODO or SBE 43), and fluorescence (Turner Cyclops

or Chelsea Aqua 3). This frame was towed from the aft of a vessel with a towing speed of 2 to 5 knots while undulating

between the surface and sea floor (i.e. ‘tow-yo’-ing), it or was undulated while the vessel was stationary (i.e. ‘yo-yo’-ing). In

some surveys, the imaging instruments were mounted on a video frame alongside a seafloor observing camera system, and this

frame was slowly towed (0.5 to 1 knots) at 1 to 2 m above the seafloor. The deployment method depended on the research120

vessel, the oceanographic conditions, and the objectives of the study.

2.3 Annotation workflow

For the ISIIS-DPI set, 13,417 ROIs were annotated by Hovenkamp et al. (2026a) in a study on the North Sea Dogger Bank,

and 11,829 ROIs (hereafter referred to as ‘images’) in a study in southwest Greenland (Hovenkamp et al., unpublished). In

this paper, we significantly extended this annotated set to make it representative of the Greater North Sea by annotating a large125

additional set of images and extending the number of taxonomic classes.

Finding images of living plankton in large amounts of unlabeled data can be a needle-in-a-haystack problem as a result of

the large fraction of non-living particles that is often present in shelf seas (Forest et al., 2012) and the strong imbalance in

the natural abundances of taxonomic classes (Schröder et al., 2019; Eerola et al., 2024). Therefore, we applied the following

procedure to annotate images. First, we applied the automated CNN classifier presented by Hovenkamp et al. (2026a) to a130

size-stratified subsample of at most 10 million collected ISIIS-DPI images of each campaign listed in Table 1, except for the

6
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Figure 2. Regions of Interest (ROIs) of the ISIIS-DPI (caption continues on next page)
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for all classes in the annotated set. The size of ROIs is indicated by scalebars of the same colour: white is 0.5 mm (panel bl and f), green is

1 mm (panel a, c, e, o, t, u, w, x, y, z, aa, ab, ac, ad, ae, af, ag, ai, aj, ak, al, ao, ap, aq, as, at, aw, ax, ay, az, ba, bc, bd, be, bg, bh, bj and bk),

orange is 5 mm (panel b, d, g, h, k, m, q, r, s, p, am, an, bb, bf, bi, au, av, ah and ar) and blue is 10 mm (panel n, j, i, l and v) true size. The

corresponding class names are: a) Appendicularian, b) Appendicularian house empty, c) Diatom chain with appendicularian, d)

Chaetognath, e) Ctenophore Tentaculata small, f) Thaliacea Doliolida, g) Cnidarian bell-shaped, h) Cnidarian Eirenida, i) Ctenophore

Dryodora glandiformis, j) Cnidarian Leuckartiara sp., k) Cnidarian Corymorpha nutans, l) Ctenophore Mertensia ovum, m) Cnidarian

Siphonophore Physonect colony, n) Cnidarian Scyphozoa, o) Cnidarian Siphonophore Physonect zooid, p) Ctenophore Beroe sp., q)

Diatom chain with Aglantha digitale, r) Ctenophore Lobata, s) Cnidarian oblate, t) Cnidarian Scyphozoa ephyra, u) Cnidarian

Siphonophore Calycophora, v) Ctenophore Cydippida, w) Cnidarian Euphysa Aurata, x) Tentacle, y) Cnidarian Narcomedusa, z) Cnidarian

A. digitale, aa) Diatom chain with copepod, ab) Cnidarian Obelia sp., ac) Crustacean Brachyura zoea, ad) Crustacean Cumacea, ae)

Calanus sp. antennae extended, af) Copepod antennae folded, ag) Copepod multiple, ah) Crustacean Amphipod, ai) Copepod other

antennae extended, aj) Copepod exuvium, ak) Copepod with eggs, al) Crustacea other small, am) Crustacea other large, an) Crustacean

other exuvium, ao) Eggs unknown, ap) Fish larva, aq) Cirripedia moult, ar) Crustacean Megalopa, as) Echinoderm Asteroidea, at)

Echinoderm pluteus, au) Diatom chain with particle, av) Diatom chain with Phaeocystis, aw) Phaeocystis, ax) Diatom chain region, ay)

Diatom chain with setae, az) Polychaete other, ba) Polychaete with tube, bb) Polychaete Tomopteris sp., bc) Diatom chain curled, bd)

Worm unknown, be) Noctiluca scintillans with ingested diatom chain, bf) Diatom chain, bg) N. scintillans, bh) N. scintillans with detritus,

bi) Diatom chain with Tomopteris sp., bj) Bubble, bk) Non-living, bl) Polyp benthic fragment.

campaigns to the Dogger Bank and Greenland, as these were already annotated. Per predicted class, a subset of images with the

highest and lowest classifier confidence was annotated from each campaign. Annotating low-confidence predictions is thought

to be an efficient way of providing ‘new information’ to a classifier (Bochinski et al., 2019), and we experienced that images

with a low-confidence prediction often contain unseen or rare organisms. By using size-stratified subsampling, it was ensured135

that all size classes are represented in the annotated set. Omitting this step would lead to a heavily under-representation of the

larger size classes, given the exponential decrease of organism abundance with increasing size (Sheldon et al., 1972) and the

fact that the images span a size range of roughly two orders of magnitude.

The CPICS set was based on a set of 8037 ROIs (hereafter ‘images’) collected and annotated by Van Oevelen et al. (in

preparation) in Zeeland. Similar to the ISIIS-DPI set, this set was substantially expanded to a set that is representative for the140

Greater North Sea: A previous CNN classifier (Hovenkamp et al., 2026b) was applied to the CPICS images of all campaigns

(Table 1), and we annotated a subset of images for each predicted class per campaign.

In addition to the taxonomic identifications of the images, several descriptive features were encountered during annotation

of the ISIIS-DPI and CPICS sets. These attributes were annotated separately and are discussed in more detail in the Results

section. The annotations of all ISIIS-DPI and CPICS images were validated by two observers (PH and LvW).145

2.4 Data set structure

The annotations assigned to the images were structured following the flexible image classification scheme described by

Van Walraven et al. (2026, under review). The core of this classification scheme is that the information of each image is

8
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Figure 3. Regions of Interest (ROIs) of all CPICS classes in the annotated set. The size of ROIs is indicated by scalebars of the same colour.

green is 0.1 mm (panel t, ae and s), white is 0.2 mm (panel a, b, c, d, e, h, j, k, l, n, o, p, q, r, u, v, w, y, z, ab, af, ag, ah, ai, aj, al, am, an and

ao), and blue is 0.5 mm (panel f, m, g, i, aa, ac, ap, ad, ak and x). The corresponding class names are: a) Appendicularian, b) Appendicularian

house (part), c) Copepod calanoid, d) Copepod calanoid with eggs, e) Copepod nauplius, f) Cnidarian hydrozoan, g) Tentacle, h) Ascidian

larva, i) Crustacean amphipoda, j) Copepod cyclopoid, k) Copepod exuvium, l) Copepod harpactacoid, m) Ctenophore, n) Diatom chain,

o) Diatom Pleurosigma, p) Noctiluca scintillans, q) Copepod cyclopoid with eggs, r) Copepod harpactacoid with eggs, s) Trochophore,

t) Ctenophore egg, u) Diatom centric, v) Crustacean decapod larva, w) Balanoid nauplius, x) Echinoderm Asteroidea, y) Flatworm, z)

Echinoderm pluteus, aa) Crustacean caprella, ab) Gastropod veliger, ac) Balanoid exuvium, ad) Fish larva, ae) Crustacean cladocera, af)

Cnidarian planula, ag) Polychaete larva. ah) Polychaete metatrochophore ai) Rotifer aj) Rotifer with eggs ak) Macroalgae fragment al)

Gastropod egg am) Bivalve veliger an) Bubble ao) Detritus ap) Phaeocystis.
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stored in a database (see Table 2 for an example). This database contains taxonomic information on each image, as well as

several additional attributes, holding information such as ‘carrying eggs’ or details on larval stages. The detailed taxonomic150

identifications are grouped into three larger categories: one for organisms, which are identified up to the highest taxonomic

level we were able to achieve, one for particles that carry taxonomic information (‘taxo particle’), such as barnacle moults

and copepod exuvia, and one for particles that do not hold any taxonomic information (‘non-taxo particle’). By adopting this

scheme, we explicitly distinguish between the annotated set, being the set of images with all taxonomic and descriptive infor-

mation, and a learning set, which is used to train a machine learning classifier. For a learning set, taxonomic groups or images155

from specific regions of the annotated set can be selected, omitted, or merged, depending on the application. Thus, by querying

the database, a learning set instance can be easily generated that best suits the classification problem at hand.

The annotated sets were published on Zenodo (10.5281/zenodo.21737141, Hovenkamp et al., 2026c) via a zip-file contain-

ing all images, and an accompanying csv-file with per image: a unique identifier, the assigned label including the aphiaID from

WoRMS (Ahyong et al., 2026), attributes, CTD data, date and time of collection, and geographical coordinates (Table 2). In160

case of future improvements of the annotated set, e.g. by further increasing the taxonomic resolution of labels or by adding

new images, each previous version will be kept publicly available to ensure reproducibility of scientific output that is based on

the current set.

2.5 Convolutional Neural Network training

To showcase the value of the annotated sets for automated image classifcation, a CNN called ‘EfficientNetV2S’ (Tan and Le,165

2021) was trained based on the annotated sets, one for the ISIIS-DPI and one for the CPICS. The learning sets were generated

from all combinations of taxa and attributes that contained at least 20 images. For the ISIIS-DPI and CPICS, classes with

more than 100 images were shown to give a reliably high class-specific performance with a CNN classifier (Hovenkamp et al.,

2026b). Below this number, the performance may be lower depending on, for example, morphological resemblance with other

classes. Here, we nevertheless included classes with 20 to 100 images in the learning set in order to showcase the capacity of170

the classifier on a large number of classes, including classes with few data, but we note that the most substantial improvements

to the classifiers could be made by expanding these rare classes within our annotated sets.

The procedure we applied to train the CNNs involved transfer learning using ImageNet weights (Deng et al., 2009), bal-

anced class weights, and hyperparameter tuning of the learning rate and optimizer’s weight decay, and is further described in

Hovenkamp et al. (2026b). In addition, a hierarchical loss function was utilized to reduce false predictions of (numerically175

dominant) non-living classes into living classes (in line with Bertinetto et al., 2020; Hovenkamp et al., 2026a).

The performance of the classifiers was evaluated on the test set and is reported in terms of per-class precision ( TP
TP+FP with

TP and FP respectively the number of true and false positives), recall ( TP
TP+FN with FN the number of false negatives) and

F1-score (2× precision×recall
precision+recall ). Precision quantifies the number of correct predictions in a class (‘purity’), recall how many true

labels of a class are predicted as that class (‘completeness’) and F1-score (per-class) is the harmonic mean of precision and180

recall.
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Figure 4. The assigned labels in the annotated sets of the ISIIS-DPI (a) and CPICS (b). Labels that were not included as a class in the learning

set of the classifiers are displayed in gray.

To increase the reported precision of both classifiers, probability filtering (Faillettaz et al., 2016; Luo et al., 2018) was applied

by determining class-specific probability thresholds on the validation set. Specifically, for each taxonomic class the threshold

was determined such that i) the precision with respect to false predictions of the ground truth groups ‘non-living’ or ‘detritus’

and ‘bubble’ was greater than 99%, and ii) the precision with respect to false prediction from other taxonomic classes was185

greater than 80%. For the non-taxonomic classes (‘non-living’ or ‘detritus’ and ‘bubble’), a default threshold of 0.3 was used.
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3 Results

3.1 Description of annotated set

3.1.1 Taxonomic composition

For the ISIIS-DPI, a total of 46,331 images was annotated among 64 classes (Figure 4a), of which examples are shown in190

Figure 2. Of these, 28,391 images were in 56 living classes, 3396 in 6 taxonomic non-living classes (‘Appendicularian house

empty’, ‘Cirripedia moult’, ‘Copepod exuvium’, ‘Crustacean other exuvium’, ‘polyp benthic fragment’ and ‘tentacle’) and

14,544 in the remaining non-living classes (‘non-living’ and ‘bubble’). In addition to the taxonomic identifications that were

assigned, attributes were assigned to copepods with antennae extended and antennae folded, as these postures were suggested to

reflect behavioural differences (Vilgrain et al., 2021). Also, a separate attribute was assigned to copepods if they were carrying195

eggs. Given the high density of diatom chains in certain regions (as described by Hovenkamp et al., 2026a), certain taxa were

commonly observed to overlap with a diatom chain within a single image, and for these images an additional attribute ‘with

diatom chain’ was assigned. For all combinations of assigned taxa and attributes, 41 of the ISIIS-DPI classes contain more

than 100 images, and 11 classes contain less than 20 images.

A total of 15,659 CPICS images was annotated among 42 classes (Figure 3, and examples in Figure 4b). The annotated200

images were distributed among 36 living classes (11,265 images), 4 taxonomic non-living classes (‘Appendicularian house

part’, ’Balanoid exuvium’, ‘Copepod exuvium’ and ‘Macroalgae fragment’, 94 images) and two non-living classes ‘detritus’

and ’bubble’ (4300 images). Attributes for egg-carrying individuals were annotated for the various copepod orders and for

rotifers. Of all taxa and attributes, 11 of the CPICS classes contain fewer than 20 images, whereas 21 classes contain more than

100 images.205

3.1.2 Regional coverage of annotated set

The origin of the annotated images is shown per taxonomic class in Figure 5. Although the regional distribution does not

necessarily reflect true taxa abundances in the different regions, several species predominantly originate from a single region.

For example, Corymorpha nutans in the ISIIS-DPI set all originated from the Northern North Sea, Narcomedusae from the

Scottish Sea and Siphonophore zoids from the Norwegian Trench. This indicates the importance of basin-wide sampling for210

constructing a taxonomically representative annotated set.

In the CPICS set, several classes mainly originate from Zeeland. This is merely a consequence of our annotation effort. We

started with an annotated set from Zeeland and expanded this set by focusing on the classes with few images and on taxonomic

groups that had not been included yet. The size spectra of the annotated images (Figure 6) plotted on logarithmic axes roughly

follow a negative linear relation, showing that the set adequately represents the expected size distribution of plankton in the215

natural environment (Sheldon et al., 1972).
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Figure 5. The origin of the annotated images of the ISIIS-DPI (a) and CPICS (b) according to the pelagic OSPAR Common Procedure

Assessment Units for the Greater North Sea (Enserink et al., 2019). Panel c and d show the total number of annotated images per region for

the ISIIS-DPI and CPICS, respectively. The colour-coding of the regions corresponds to Figure 1.
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Figure 6. Normalized size spectrum of the annotated data of ISIIS-DPI (a) and CPICS (b) in which ‘size’ denotes the bounding box diagonal

of an image (in mm). The coloured lines mark the relative contribution of a sampling region per size bin. Note the difference in scaling in

the y direction: the total spectrum is plotted on a logarithmic scale, but the regional contributions per size bin are plotted on a linear scale,

where in each size bin, a 100% contribution is marked by the y-position of the total (observed) spectrum. This means that if a region would

contribute 50% of the observed images in a size bin, its curve would be halfway between the x-axis and the total observed spectrum for that

size bin. The colour-coding of the regions corresponds to Figure 1.

3.1.3 Hydrographic conditions

The environmental conditions from which the images were collected are shown in Figure 7. Based on the median values

of temperature, salinity, chlorophyll-a and depth, an evident end-member of the sampling conditions is the inshore area of

Limfjorden and Zeeland, with high temperature (15 to 20 ◦C), low salinity (20 to 30 PSU), high chlorophyll-a concentrations220

(5 µg L−1) and shallow depths (0 to 10 m). The Greenlandic fjords, Norwegian Trench and Atlantic show low temperature (∼
0 to 10 ◦) and low chlorophyll-a (< 1 µg L−1), and higher salinity (median > 32 PSU). For these regions, salinity covers a

wide range due to meltwater influence in Greenland (Hovenkamp et al., unpublished), and possibly due to run-off and Baltic

influence in the sampling sites at the Norwegian Trench and the Atlantic (Otto et al., 1990). Greenland, the Norwegian Trench

and Atlantic are also the only regions with images from below 100 m depth. The Southern, Eastern and Northern North Sea,225

Dogger Bank and Scottish Sea show a wide range of temperature and chlorophyll-a concentration in between the inshore and

northern regions, but a narrow range of salinity (> 34 PSU). Overall, the Greater North Sea covers near-shore areas, a large

continental shelf and oceanic conditions, thus a broad range of hydrographic conditions can be expected. Figure 7 shows that

these are well-represented within the annotated sets.

3.2 Classifier performance230

For the ISIIS-DPI, the CNN classifier was trained on 52 classes (Figure 4a) and achieved an average precision, recall and

F1-score of, respectively, 90.8%, 75.8% and 80.1% on the test set after probability filtering (Figure 8). For all classes except
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Figure 7. The temperature (a), salinity (b), chlorophyll-a concentration (c) and depth (d) from which the annotated images of the ISIIS-DPI

and CPICS were collected per region.
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Figure 8. The confusion matrix of the ISIIS-DPI classifier evaluated on the ISIIS-DPI test set. Class names denote the predicted (x-axis) and

ground truth labels (y-axis). The numbers indicate counts for each combination of predicted and ground truth class, except for the row and

column named ‘Precision’ and ‘Recall’, respectively. Here, numbers denote the performance metric per class as percentage. Numbers on the

diagonal are left out for enhanced visualization. The colour map denotes the counts of prediction-ground truth combinations relative to the

number of ground truth images for a class. The dashed line indicates the grouping of classes used in the hierarchical loss function during

training.
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Figure 9. The confusion matrix of the CPICS classifier evaluated on the CPICS test set. The rest of the description is similar to Figure 8.
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the bell-shaped cnidarians, Mertensia Ovum and the classes with diatom chains, the precision was at least 80%, and for 39

classes the precision was above 90%. The probability filtering that we applied is a trade-off between increasing precision

and decreasing precision (Faillettaz et al., 2016), and as a result, recall was substantially lower (20 to 99%) than precision.235

However, this can be corrected for by dividing the resulting taxon densities by the class-specific recall (Hu and Davis, 2006).

Finally, it should be noted that the ISIIS-DPI data set consists of images of varying pixel resolution (17 and 38 µm). The fact

that the classifier performance on the ISIIS-DPI set is comparable to the classifier from (e.g.) Hovenkamp et al. (2026a), which

was trained on a data set with uniform pixel resolution (17 µm), suggests that the mix of pixel resolution within our set does

not downgrade the classification performance. This means that within our annotated ISIIS-DPI set, no distinction by pixel240

resolution needs to be made when training or applying classifiers.

The CNN classifier of the CPICS data was trained on 31 classes (15,577 images). The average precision, recall and F1-score

on the test set after probability filtering were 88.5%, 76.1% and 80.1% (Figure 9). The precision was at least 80% except for

the classes ‘Copepod exuvium’, ‘Flatworm’, ‘Bivalve veliger’, and ‘Appendicularian house (part)’, of which the latter class

is missed completely after probabity filtering. The recall of the CPICS classifier varied between 25% and 100% (except for245

‘Appendicularian house part’), but for 22 classes, the precision was higher than 90%. The observed classifier errors (Figure 9)

within the CPICS copepod classes may be a result of the on-board segmentation, which, as we observed, commonly cuts off

the antennae of copepods.

4 Outlook

Public sharing of expert-annotated image datasets was identified as a bottleneck for the application of image processing250

pipelines by various authors (Irisson et al., 2022; Orenstein et al., 2022). Here, we presented a large, annotated set of im-

ages from the ISIIS-DPI (46,331) and CPICS (14,496), and showed that this set is representative for the Greater North Sea

region based on geographical coverage, environmental data and size distribution. In addition, we trained two CNNs with pre-

cision of 90.8% (ISIIS-DPI) and 88.5% (CPICS) that can be used for reliable classification of newly collected data within the

Greater North Sea. By taking subsets or aggregations of the annotated sets, users can create their own learning set and train a255

new classifier that best fits their use-case.

Future work may further expand the size and taxonomic detail of the set that we presented. For example, the geographical

coverage of the set could be further improved by including more sites in the Northern and Eastern North Sea, from which

only the boundary regions were sampled (Figure 1). However, since these areas are predominantly influenced by water masses

passing from the Atlantic along the North-East of Scotland or along the western edge of the Norwegian Trench (Krause et al.,260

1995), we argue that zooplankton of the Northern and Eastern North Sea is nevertheless reasonably covered. We hope that this

work will prove valuable for research groups working in the field of in situ imaging in the Greater North Sea.
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Code and data availability. The presented data, CNN classifiers and Python code used for CNN training and usage are available at 10.5281/zen-

odo.21737141 (Hovenkamp et al., 2026c).
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Appendix A275

21

https://doi.org/10.5194/essd-2026-614
Preprint. Discussion started: 2 September 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure A1. The modular Deep-focus Plankton Imager (ISIIS-DPI), Continuous Plankton Imag-

ing and Classification Sensor (CPICS) and various other sensors mounted on the towed frame

before a deployment.
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Johnson da Silva, W., Johnsson, R., Jordana, R., Jóźwiak, P., Jung, M., Kabat, A., Kajihara, H., Kakui, K., Kantor, Y., Karapunar, B.,

Karthick, B., Kasai, H., Kathirithamby, J., Katinas, L., Katz, A., Kilian, N., Kim, S., Kim, Y., King, R., Kirk, P., Klautau, M., Kmentova,300

N., Kociolek, J., Koekemoer, M., Köhler, F., Konowalik, K., Kotov, A., Kovac, L., Kovács, Z., Kremenetskaia, A., Kristensen, R., Kroh,

A., Kulikovskiy, M., Kullander, S., Kupriyanova, E., Lacroix-Carignan, , Lamaro, A., Lambert, G., Larridon, I., Lazarus, D., Le Coze,

F., Le Roux, M., Leal, M., LeCroy, S., Leduc, D., Lefkowitz, E., Lemaitre, R., Léveillé-Bourret, , Licher, M., Lichter-Marck, I., Lim, S.,

Lindsay, D., Liu, Y., Loeuille, B., Lois, R., Lörz, A., Lu, Y., Luceño Garcés, M., Ludwig, T., Lundholm, N., Maciel Silva, J., Macpherson,
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