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Abstract

Manual annotation and counting of entities in underwater photographs is common in many branches of
marine biology. With a marked increase of jellyfish populations worldwide, understanding the dynamics
of the polyp (scyphistoma) stage of their life-cycle is becoming increasingly important. In-situ studies of
polyp population dynamics are scarce due to small size of the polyps and tedious manual work required to
annotate and count large numbers of items in underwater photographs. We devised an experiment which
shows a large variance between human annotators, as well as in annotations made by the same annotator.
We have tackled this problem, which is present in many areas of marine biology, by developing a method for
automated detection and counting. Our polyp counter (PoCo) uses a two-stage approach with a fast detector
(Aggregated Channel Features) and a precise classifier consisting of a pre-trained Convolutional Neural
Network and a Support Vector Machine. PoCo was tested on a year-long image dataset and performed with
accuracy comparable to human annotators but with 70-fold reduction in time. The algorithm can be used
in many marine biology applications, vastly reducing the amount of manual labor and enabling processing
of much larger datasets. The source code is freely available on GitHub.
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1. Introduction

Jellyfish represent an important component of ma-
rine biota characterized by a large numerical variabil-
ity (Boero et al., 2008) and sometimes appear in huge
masses (blooms). These mass events attract public
attention since they prevailingly occur in coastal and
shelf seas and frequently interfere with human enter-
prises (Lucas et al., 2014). An increase in frequency
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and intensity of jellyfish blooms has been reported in
areas worldwide (Brotz et al., 2012; Purcell, 2012; Ko-
govsek et al., 2018). In these locations jellyfish are af-
fecting tourism, clogging intakes of power-plants and
desalination facilities and are also causing harm to
fisheries and aquacultures (Richardson et al., 2009;
Purcell, 2012; Gershwin, 2013). On the other hand,
the high demand for jellyfish in some Asian food
markets has opened new possibilities to fishermen in
many parts of the world (Brotz and Pauly, 2016).
Recent research shows that the role of jellyfish in the
ecosystem is far from negligible. They are voracious
predators of plankton including fish eggs and larvae,
they deplete food for other plankton feeders (Graham
et al., 2014) and might be crucial in transporting or-
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ganic carbon into deeper parts of the water column
(Lebrato et al., 2013). When decomposing in large
numbers, jelly�sh cause signi�cant bacterial commu-
nity shifts (Tinta et al., 2010, 2012) and in�uence the
nitrogen cycle (Tinta et al., 2016).

Seventy percent the reported mass occurrences
of gelatinous taxa are attributable to scyphozoans
(Lucas and Dawson, 2014). Among the key traits
that facilitate production of large number of indi-
viduals is a bipartite life history � the life cycle of
most Scyphozoa alternates between a free-swimming
medusa and an attached polyp. Sexually-reproducing
pelagic medusa generates planulae which, after set-
tling, develop into polyps, which in turn asexually
produce free-swimming ephyrae (juvenile medusae).
While most medusae reach sizes in the order of tens
of centimeters, the polyps are much smaller (few mil-
limeters) and are much harder to �nd and monitor.
Consequently most scienti�c research focused on the
medusa phase. Understanding the polyp population
dynamics is vital for explaining the mechanisms and
dynamics of jelly�sh blooms since polyps have the
potential to produce large numbers of recruits to the
medusa population (Lucas and Dawson, 2014). De-
spite the importance of the perennial polyp phase, the
in-situ population studies are scarce (Willcox et al.,
2008; Purcell et al., 2009; Makabe et al., 2014; Ho£e-
var et al., 2018; Fox et al., 2016). Our knowledge
is largely derived from laboratory experiments (Lu-
cas et al., 2012) and the reason likely lies in the sub-
stantial and tedious work required for obtaining su�-
cient amounts of representative data (Olariaga et al.,
2014).

Recent research shows that coastal (Malej et al.,
2012; Makabe et al., 2014; Ho£evar et al., 2018) and
o�shore (Janÿen et al., 2013; Vodopivec et al., 2017)
man-made structures could have a signi�cant impact
on jelly�sh populations in many areas. The polyps
preferably attach to downward facing hard substrate
(Schiariti et al., 2014) and such structures are scarce,
which results in polyp populations clustering on rel-
atively small regions. Understading the causes of jel-
ly�sh blooms and properly evaluate the in�uence of
marine man-made constructions on jelly�sh popula-
tion dynamics, requires numerous �eld studies, based
on quantifying polyp abundance over a period of sev-

eral months/seasons. The change at each temporal
unit is estimated by counting the number of polyps
in a wild population, which can be done using un-
derwater photographs. Each image may contain over
a thousand polyps (Ho£evar et al., 2018), which de-
mands a signi�cant focus, accuracy and time from the
expert. Therefore, a method that could speed up the
annotation process and reduce the amount of man-
ual work would signi�cantly improve the feasibility
of large scalein-situ experiments.

With a rapid development of digital imaging tech-
niques manual counting issues are becoming common
in various branches of biology. The capacity to ana-
lyze images has not advanced at the same pace as the
ability to collect them (Durden et al., 2016a; Beijbom
et al., 2015). Monotonous operations like manual tag-
ging and counting lead to reduction of the annotator's
concentration. Furthermore, the manual work is sub-
jected to the annotator's bias and their prior experi-
ence with the annotation domain (Schoening et al.,
2017). The obtained counts of target entities allow re-
searchers to estimate their population and infer indi-
vidual characteristics, yet the amount of manual work
often precludes large-scale studies. Therefore, auto-
matic counting solutions based on image-processing
techniques are often sought, both in order to allevi-
ate the manual work-load and to reduce inter- and
intra-operator variance.

In most cases, automatic counting is used on in-
vitro samples since it allows a high degree of control
over the image background (Friedland et al., 2005).
Typically the samples are further stained with con-
trasting agent to increase the foreground-background
separation (Di Mauro et al., 2011). This signi�-
cantly simpli�es the problem and allows application
of basic image processing techniques. Several ap-
proaches are in fact implemented as macros or plugins
within available image-processing suites, such as Im-
ageJ software (Rasband, 2012). On the other hand,
jelly�sh polyps are typically observed in highly di-
verse environments that surpass the capabilities of
basic image processing (Durden et al., 2016b). Over
the last �ve years, signi�cant advances have been
made in the �eld of computer vision, particularly
in object detection and recognition, as demonstrated
on established large-scale benchmarks (Everingham
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et al., 2010; Russakovsky et al., 2015). The state-
of-the-art detection approaches are based either on
fast hand-crafted features (Dollár et al., 2009), or,
with increasing prevalence, on deep learning (LeCun
et al., 2015; He et al., 2017). For example, Gir-
shick et al. (2014); Girshick (2015) decompose im-
ages into regions of interest using an object-agnostic
region proposal algorithm, and classify them using
features extracted from a pre-trained convolutional
neural network (CNN) (Krizhevsky et al., 2012). Ren
et al. (2015); He et al. (2017) extended this approach
with end-to-end learning, in which the region pro-
posal algorithm is also trained inside the CNN frame-
work. We leverage these modern computer vision ap-
proaches to enable semi-automatic polyp population
census. In particular, we train a fast detector from
Dollár et al. (2010) to generate potential regions of
interest, and classify them using the approach aking
to R-CNN Girshick et al. (2014). As such, our ap-
proach addresses the polyp appearance variations and
is robust to the challenging background environment.

We make the following two contributions. Our
primary contribution is a two-stage detection algo-
rithm for automatic polyp count estimation (PoCo).
The PoCo approach combines state-of-the art com-
puter vision and machine learning methods, tailored
to the speci�c domain of polyp counting. PoCo is
evaluated on a set of human-annotated images (Sec-
tion 3.2). To provide accurate ground truth for our
algorithm evaluation, these images have been anno-
tated by several annotators. Our second contribu-
tion is a quantitative evaluation of human annotator
variation in counting from typical polyp images (Sec-
tion 3.1). PoCo was applied to a one-year popula-
tion dynamics analysis of moon jelly�sh polyps from
Ho£evar et al. (2018). Based on our in-depth anal-
ysis of the annotation problem from perspective of
count variance and PoCo failure cases, image acqui-
sition guidelines are outlined to facilitate future use
in population studies (Section 4.1). To the best of
our knowledge, this is the �rst work that holistically
addresses the problem of automated polyp count es-
timation and quantitatively exposes the problem of
human annotation errors in this task.

2. Methods

The purpose of this research is development and
evaluation of a computer-vision based automated
polyp counting approach. For evaluation purposes
we acquired a large annotated dataset of3894polyps
from 7 sample images using manual annotation. This
dataset has two purposes: evaluation of the algorithm
and evaluation of human annotation quality.

2.1. Image acquisition

Underwater polyp images were obtained by scuba
divers during a 3-year survey in the Port of Koper
(northern Adriatic) where polyps were found at-
tached to under-surfaces of oysters growing on port
pillars (Malej et al., 2012). The entire under-surfaces
of �ve selected shells were photographed once per
month at depth ranging from 2 m to 6 m and were
taken with two cameras of di�erent quality (Nikon
D2X with Nikkor AF-D micro 60 mm f/2.8 lens and
Pentax Optio WG-1 compact camera). The images
varied in resolution from 1180x863 to 4288x2848 pix-
els. The distance varied as well, since no distance rig
was used. Nikon D2X shots were made using two ex-
ternal lights (Subtronic Pro270 �ash and Nikon SB-
800 AF Speedlight �ash in Sealux CX-800 housing,
both mounted to Sealux CT25 �ash arms), while the
Pentax Optio WG-1 shots were taken with a built-in
�ash only. An approximate metric calibration was
performed for each shell at the start of the moni-
toring campaign. A photograph of each shell with a
ruler placed next to it was taken to estimate the shell
surface area, which was subsequently used to obtain
the polyp densities from the obtained polyp counts.
Further details about in situ study and the results of
manual counts are given in Ho£evar et al. (2018).

The acquired underwater images signi�cantly vary
in the jelly�sh polyps appearance (Figure 1). This
accentuates subjectivity and is expected to lead to a
wide inter-annotator variation. These factors nega-
tively a�ect the consistency of annotations, and con-
sequently increase the uncertainty of the obtained re-
sults (Durden et al., 2016b).
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Figure 1: Zoom-in on moon jelly�sh polyps in di�erent time of the year and from di�erent angles. The images in the second
row show strobilating (producing ephyrae i.e. baby medusae) polyps. Original photographs are available at (Mandeljc, 2017a).
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2.2. PoCo: An automated polyp counter
In our automated polyp counter, we adopt a two-

stage detection paradigm found in modern computer-
vision based object detection approaches (Girshick
et al., 2014; Girshick, 2015; Ren et al., 2015; He et al.,
2017). In the �rst stage, the image is processed using
an algorithm that produces a large number of regions
that potentially contain objects of interest. In the
second stage, each proposed region is encoded as a
feature vector by a pre-trained convolutional neural
network (CNN), and classi�ed as an object of interest
or discarded as background.

An overview of the PoCo algorithm is illustrated
in Figure 2. As we are interested in a single class
of objects (i.e., polyps), we avoid a generic region
proposal algorithm in the �rst stage and use a fast
Aggregate Channel Feature (ACF) detector (Dollár
et al., 2014) instead. This approach densely scans the
input image with a sliding window at multiple scales.
For each window location and scale, it encodes the
corresponding region using features that describe its
color, gradient magnitude and gradient orientations
(Dollár et al., 2009, 2010), and classi�es it as a po-
tential polyp or background using a fast AdaBoost
cascade (Appel et al., 2013).

The goal of the �rst stage is to quickly identify re-
gions that may contain a polyp. Therefore, the ACF
detector is trained to return as many relevant regions
as possible, even if many of them turn out to be false
positives. Such operating regime with high recall at
the cost of potentially lowered precision (see Section
2.3) is desirable for a region proposal generator, as
it ensures that all relevant regions are passed to the
second stage.

In the second stage, each region proposal is en-
coded using features, extracted from a pre-trained
CNN. In particular, we use the AlexNet network
(Krizhevsky et al., 2012) provided by Girshick et al.
(2014), which was pre-trained on the ImageNet
dataset (Deng et al., 2009) and �ne-tuned on the Pas-
cal VOC dataset (Everingham et al., 2010) for object
detection. The input patch is forward-propagated
through �ve convolutional and two fully-connected
layers. A 4096-dimensional feature vector is obtained
by collecting the response from the seventh, fully-
connected (FC7), layer of the network. The obtained

feature representation is classi�ed as a polyp or back-
ground using a Support Vector Machine (SVM) clas-
si�er (Cortes and Vapnik, 1995). The paradigm of
using generic features, obtained from a pre-trained
CNN, and training a relatively simple task-speci�c
classi�er (Razavian et al., 2014) both simpli�es and
speeds up the training of our detector, and alleviates
the over-�tting due to limited number of available
training samples.

The obtained detections (bounding boxes) are fur-
ther post-processed with an additional non-maxima
suppression step, which removes highly-overlapping
detections with low detection scores. As the last step,
we compute the centroids of the �ltered bounding
boxes, and return them as the output of the algo-
rithm.

Our prototype of the PoCo algorithm is imple-
mented in a mixture of Matlab and C++ code, using
open-source libraries. The ACF detector and non-
maxima suppression step are implemented using a
Computer Vision Matlab Toolbox from Piotr Dol-
lar (Dollár, 2016). For the CNN implementation,
we use the Ca�e framework (Jia et al., 2014) with
NVIDIA CUDA support, while the SVM implemen-
tation is provided by the LIBLINEAR library (Fan
et al., 2008). The prototype implementation of the
PoCo algorithm is publicly available at a GIT respos-
itory (Mandeljc, 2017b) and the project page 2.

2.3. Performance evaluation measures
The human and computer annotation performance

were evaluated with respect to the ground truth an-
notations (Section 2.4). The consistency of manual
annotation was primarily measured by the maximum
relative error (Re) per image. The relative error is
de�ned as the absolute di�erence between the number
of manually annotated polyps (N ) and the number of
polyps in the ground truth set ( GT), normalized with
the number of polyps in the ground truth set.

Re = jGT � N j = GT (1)

Additional performance measures are used to provide
an in-depth evaluation of the automated approach.

2http://www.vicos.si/Projects/PoCo
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Figure 2: A schematic representation of the proposed PoCo algorithm, with main components and examples of their intermediate
results (shown on image of shell #1 in March). In the �rst stage, the fast ACF detector performs dense sliding window scan at
multiple scales, returning a large amount of image regions that potentially contain a polyp. These region proposals are veri�ed
in the second stage using CNN features and a linear SVM. The resulting detections are further processed with a non-maxima
suppression to remove highly-overlapping detections. The output of the algorithm is a list of polyp detections, i.e., the center
coordinates of detected bounding boxes. In the last image, false positives and false negatives are marked with red and yellow
colour, respectively.
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The count ratio is computed as the number of de-
tected polyps, divided by the number of polyps in
the ground truth set.

Ratio = N=GT (2)

Two established measures from the detection liter-
ature (Fawcett, 2006) are used: precision (P r ) and
recall (Rec):

P r =
TP

TP + FP
; Rec =

TP
TP + FN

; (3)

where TP, FP , and FN stand for true positives,
false positives, and false negatives, respectively. The
true positives are detections that are included in the
ground truth, the false positives are detections that
are falsely detected (false hits), and false negatives
are the ground truth data that were not detected
(misses). Precision thus re�ects the fraction of detec-
tions that have corresponding ground truth. Recall,
on the other hand, re�ects the fraction of the ground
truth polyps that were captured by the detections.

In an automated detection system, it is usually pos-
sible to adjust the parameters (e.g., detection thresh-
old) to increase the overall number of detections, thus
improving recall (more true positives) at the cost of
lowered precision (more false positives), or vice versa.
A standard measure that combines precision and re-
call to summarize the overall system performance is
the F1-measure (Fawcett, 2006; Powers, 2011), which
we will denote asF :

F = 2
Pr � Rec
Pr + Rec

: (4)

This measure places an equal importance on both
precision and recall. For example, a system with per-
fect recall of 100 % and poor precision50 % (or vice
versa) will scoreF = 67 %, while a system with both
moderate precision of70 % and moderate recall of
70 % will rank higher, with F = 70 %.

2.4. A dataset for count variability analysis - Dataset
A

Seven diverse images were selected from a three
year survey to re�ect realistic variations in polyp ap-
pearance. We paid attention to select sharp images

with clearly distinguishable polyps. All of them were
taken using the Nikon D2X and additional lighting.
To see the images from dataset, we refer the reader to
the supplementary material (Figure S1) or our pub-
licly available datasets (Mandeljc, 2017a).

In each image, a region of interest (RoI) was se-
lected for counting. The selected region covers a large
part of the shell with well-discernible polyps, while
avoiding ambiguous out-of-focus regions and regions
with signi�cantly overlapping polyps (Figure 3). An-
other constraint was that the region had to be ap-
proximately �at, and that the line of view was per-
pendicular to the surface in order to mitigate the per-
spective projection distortion. Such setup reduces
the errors in estimating the polyp density in terms of
number of polyps per square centimeter, but of course
also demands certain amount of work and time from
the user. This task requires 10 to 30 seconds, depend-
ing on the complexity of the image. The regions of in-
terest in our dataset contain roughly 350�770 polyps
per image, which adds up to 3894 polyps. An exam-
ple image with corresponding RoI polygon is shown
in Figure 4.

Care was taken in obtaining the annotation ground
truth, i.e., the position of each polyp within the RoI.
We prepared a graphical user interface that allows
marking and un-marking the polyp position in image
coordinates. To resolve potential visual ambiguities,
the interface allows zooming in and out of the image.

Several annotators with various levels of expertise
annotated all images using our annotation tool. The
annotators were: an expert diver that acquired the
images, an experienced annotator, and a volunteer
with limited experience. To increase the consistency
across the annotators, each annotator was shown sev-
eral examples of polyps. For intra-annotator consis-
tency check, one of the annotators was required to
annotate a selected image (image #5) several times.

Annotations from each image were consolidated.
For a given image, the union of all annotations was
created. Annotations with centers closer than half
of polyp size were considered to belong to the same
polyp and were averaged into a single center, while
other were left unchanged. This ensured that polyps
missed by some annotators, but captured by oth-
ers, were identi�ed and introduced into the ground
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(a) (b) (c)

Figure 3: Examples of problematic areas that should be avoided when selecting the region of interest for automated detection:
(a) surfaces not perpendicular to the line of sight, which results in polyp overlap and defocused areas, as well as incorrectly
estimated surface area; (b) edges of the shell; (c) poorly lit areas with low contrast.

Figure 4: Image #1 from the polyp dataset. During the leave-one-out evaluation, our PoCo algorithm performed best on this
image. Therefore, this image may serve as a good example for image acquisition guidelines. The polygon denoting the chosen
area of interest is drawn in yellow. The edges of the shell, where polyps are out of focus and overlapping each other, are
excluded. Note the variation in both polyp and background appearance in the zoomed-in areas of the image.
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truth annotation. The merged annotations for all im-
ages were carefully reviewed by the authors in several
passes and false annotations were removed from the
union. This reviewed and consolidated ground truth
annotation was used as a "gold standard" in our sub-
sequent evaluation. Despite our signi�cant care in-
vested in constructing the ground truth, it turned out
that a certain level of ambiguity remains and a few
features in each image cannot be reliably identi�ed.

2.5. Population dynamics analysis dataset - Dataset
B

Reproducing of the population dynamics by using
PoCo was analyzed on a larger collection of 48 im-
ages, containing roughly 40.000 polyps. The dataset
contained images of four shells, taken over a period
of one year (from February 2012 to January 2013) at
monthly intervals. Most of the images were taken us-
ing the Nikon D2X, but a small number of them were
taken using Pentax Optio WG-1 (in September and
October). These images were annotated only once by
Sara Ho£evar (Ho£evar et al., 2018), thus the ground
truth of these counts is unknown due to annotation
subjectivity. This dataset is not appropriate for a rig-
orous analysis of PoCo polyp detection quality, but
it can be used to analyze polyp density dynamics es-
timation properties in comparison to the results ob-
tained in Ho£evar et al. (2018).

This time PoCo was trained on the ground truth
from the Dataset A (7 images, containing 3894
polyps) and additional 11 imaged were used to ac-
commodate for a larger variance in polyp appearance
through the period of one year. The 11 images were
taken during the period from February 2012 to Jan-
uary 2013, but were not used in the census analysis.
To reduce the amount of annotation in the training
phase, a region with approximately 100 polyps was
annotated and added to the training set, thus enlarg-
ing it to a total of 4960 polyps.

A preliminary analysis showed that PoCo trained
on the Dataset A performed well on majority of the
48 images in the Dataset B except on a small subset.
Visual inspection revealed the images with poor per-
formance considerably di�ered from the ones in the
training set. In particular, the polyps appearance,
the lighting, and the shell fouling varied over the year,

and were not su�ciently represented in Dataset A.
All these images corresponded to the �fth shell in
Ho£evar et al. (2018), located at the shady side of
the pillar and close to the bottom resulting in poor
lighting and decreased visibility which could be a con-
sequence of resuspension of the sediment. The �fth
shell was thus not considered in our experiment with
the Dataset B. All images of the Dataset B includ-
ing the �fth shell can be found in the on-line dataset
repository (Mandeljc, 2017a).

3. Results

3.1. Performance analysis of human annotators
This experiment considered the Dataset A from

Section 2.4. On average, each annotator required
17 min to annotate a single image. A couple of addi-
tional hours were spent reviewing the ground truth
annotations. Even though signi�cant e�ort was in-
vested in the ground truth annotation, there were
several unclear cases in which the presence of a polyp
could not be decided. Even after multiple examina-
tions we could not annotate all polyps with a 100 %
accuracy.

Table 1 shows the counts obtained by three an-
notators on the seven test images from Dataset A.
The counts signi�cantly vary between the annotators,
which is consistent across all images. The average
maximum relative error per image is18 % (� = 4 %)
and can be expected to be as large as nearly25 % in
some cases.

Intra-annotator consistency (Table 2) was evalu-
ated by re-annotating image #5 four times by a
single annotator. Since the same image was anno-
tated, we can expect the annotator to become biased
from learning the annotation. The learning might
introduce correlation across the di�erent annotation
events. To reduce this correlation, consecutive anno-
tations were performed at intervals at least 24 hours
apart. Table 2 shows the results, in which the anno-
tator is denoted as Volunteer 1. By comparing the
annotations on Day 2 and Day 4, we see that the dif-
ference between two counts can be as large as20 %.
The same image was re-annotated by another volun-
teer (Volunteer 2 in Table 2). The worst-case dif-
ference between the two volunteers amounts to over
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Table 1: Manual counts in our dataset of seven test images.

Image Expert diver Expert annotator Volunteer Ground truth Relative error (max.)

#1 358 378 397 455 17 %
#2 617 571 561 655 14 %
#3 455 453 462 543 17 %
#4 637 678 715 770 17 %
#5 622 676 744 723 14 %
#6 336 296 270 350 23 %
#7 384 304 323 398 24 %

40 %. Note that the percentage di�erence does not
involve errors in the ground truth but solely between
the two volunteers.

Table 2: Manual counts in the image #5. Four counts were
performed by a volunteer (denoted by Volunteer 1 ) to evaluate
the consistency of a single annotator. The ground truth was
estimated at 723 polyps.

Image
Volunteer 1

Volunteer 2
Day 1 Day 2 Day 3 Day 4

#5 490 472 576 597 744

In addition to the count estimation accuracy, we
have also investigated the accuracy of polyp detec-
tion across di�erent annotators. The complete table
with precision and recall values was too large to be
placed in the paper, and is available in the supple-
mentary material (Table S1). We noticed that human
annotators attain high precision values, meaning that
they typically do not annotate structures which are
not polyps. On the other hand, the recall values are
lower, meaning that the annotators miss some of the
true polyps.

3.2. Performance analysis of the PoCo algorithm
3.2.1. Polyp detection accuracy analysis on Dataset

A
Our polyp detection algorithm (PoCo) was evalu-

ated on Dataset A (Section 2.4) by performing the
leave-one-out evaluation, which ensures that polyps
from the same images are not used in train and test
set. In this setup, both stages of the PoCo algo-
rithm (the ACF detector from the �rst, and SVM

classi�er from the second stage) were trained on six
out of seven images and tested on the remaining
one. The evaluation is repeated for all seven pos-
sible training/test splits. Results are shown in Ta-
ble 3. PoCo delivers highly accurate estimates of the
polyp counts. The relative error was17 %(� = 9 %),
which is comparable to the average maximal human
annotation error (18 %, � = 4 %).

Note that when considering only the overall num-
ber of detected polyps, the failure in detection (i.e.,
false negatives) may be compensated with detection
of false positives. Such failures are better re�ected in
evaluation with precision and recall. The average pre-
cision of PoCo is96 %and average recall is83 %. This
means that, on average,96 % of the PoCo detections
match the ground truth, but 17 %of the polyps were
not detected. This is inferior to human performance
(Table S1 � average precision is almost 100 % and
average recall is87 %). On the other hand, PoCo is a
deterministic algorithm and always delivers the same
number of counts for the same image, meaning that
the consistency is expected to outperform a human
annotator (see our results in Table 2). We therefore
�nd the precision/recall performance acceptable for
most practical applications.

The consistency of PoCo is supported by the F-
measure values in Table 3. The F-measure ranges
from 85 % to 94 %, without signi�cant deviations in
any of the images. The average F-measure is88 %
with standard deviation of 3 %. We can conclude
that in all cases, the learning sample of six images
provided su�cient information for successful detec-
tion in the remaining image. The highest F-score is
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Table 3: PoCo detection performance during the leave-one-out evaluation on our polyp dataset.

Image Ground truth Detection Ratio Relative error Precision Recall F-score

#1 455 451 99 % 1 % 94 % 94 % 94 %
#2 655 494 75 % 25 % 100 % 75 % 86 %
#3 543 441 81 % 19 % 97 % 78 % 87 %
#4 770 571 74 % 26 % 100 % 74 % 85 %
#5 723 647 89 % 11 % 98 % 88 % 92 %
#6 350 274 78 % 22 % 99 % 78 % 87 %
#7 398 464 117 % 17 % 82 % 95 % 88 %

obtained for the image #1 (Figure 4), meaning that
the visual properties were most convenient for polyp
detection. Therefore, this image could serve as an ex-
ample of a photograph that is suitable for computer-
assisted annotation.

The average time required for automated detection
with PoCo was less than 15 seconds per image: it
took 11:3 s to process an input image with resolution
4288� 2848 (and e�ective RoI size of 2722� 2335)
on a mid-range desktop workstation3. The time com-
plexity is dominated by the ACF detector and the
CNN feature extraction. In the previous example, the
ACF detector took 4:5 s and produced 3000 region
proposals. CNN feature extraction from these pro-
posals took6:4 s on a GPU (a CPU-only implemen-
tation takes longer, 162:2 s). Overall, the automatic
polyp counting with PoCo is roughly 70 times faster
than manual annotation, providing a vast improve-
ment in the annotation speed and even more sub-
stantial reduction in human annotation e�ort . The
quoted speed improvement accounts for the counting
process only and does not include preparation and
selection of RoI. The latter should be carefully cho-
sen no matter whether doing the counting manually
or by an automated algorithm.

3.2.2. Population dynamics analysis on Dataset B
This experiment considers polyp count dynamics

reproduction of the results in Ho£evar et al. (2018)

3Quad-core Intel i5-3570K CPU @ 3:40 GHz; 16 GB RAM;
NVIDIA GeForce GTX 970 GPU; 64-bit Fedora 25 linux; Mat-
lab R2016b

by applying the PoCo algorithm on the Dataset B
from Section 2.5. We provide a detailed compari-
son to the human annotations of this dataset in the
supplementary material (Table S4), but focus here
on a practical comparison of the end-results. The
tests were performed on two types of RoI polygons.
The �rst were encompassing the entire shell as in the
original paper Ho£evar et al. (2018), while the second
polygons were smaller to avoid poorly focused areas
with signi�cant polyp overlaps.

3.2.2.1. Counts over the entire shell surface.Us-
ing the large RoI polygons, the best agreement was
observed on shell #1 (Figure 5). The di�erences
between manual and automated counts are within
the interval of the human error, and the automated
counts have captured the dynamics of polyp density
variation. The automated and manual counts agreed
very well on shell #2 in all months except April,
September and October. A similarly good agreement
was observed for shells #3 and #4 in April, May,
and June. We observed a discrepancy in September
and October images of shell #3, and in September,
October and November images of shell #4. A closer
inspection of images revealed that on shells #3 and
#4 in September and October, the polyps appear to
be almost transparent, which is likely due to unfa-
vorable lighting conditions. These images were taken
with the Pentax Optio WG-1 compact camera, using
only the built-in �ash. On the other hand, shell num-
ber #1 was located on the exposed side of the pillar,
close to the surface, and was likely better lit. The in-
consistent image resolution and camera quality likely
in�uenced the results as well.
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(a) Shell #1 (b) Shell #2

(c) Shell #3 (d) Shell #4

Figure 5: Estimated polyp density in year-long population dynamics analysis (Ho£evar et al., 2018). Polyps were counted over
the entire visible surface of each shell. The densities, estimated from manual counts, are shown in red, while densities, estimated
from the automated PoCo counts, are shown in blue. The corresponding shaded areas denote the expected error. The plotted
values are listed in Table S2.

3.2.2.2. Counts over a shell surface region.Perfor-
mance on reduced RoI polygons is shown in Figure 6.
We observe an improvement in agreement between
the densities estimated from the automated and
from the manual counts. The average di�erence
between the estimated polyp density, obtained by
PoCo, and the density, obtained by manual counts,
went from � 1:55 polyps=cm2 when counting over the
entire surface of the shell to� 0:15 polyp=cm2 when
using the reduced RoI polygons.

By comparing the population dynamics graphs be-
tween the large (Figure 5) and small RoI polygons
(Figure 6), we observe a sensitivity of the estimated
polyp density to the RoI size. The RoI polygon
should be selected carefully, and should be represen-
tative for the whole shell. The smaller number of
polyps contained within the reduced RoI polygons in-
herently increases the standard error (SE / n� 1=2),
which should also be taken into the account when
evaluating the census results. For example, the sharp

peaks in polyp density for shell #1, appearing at re-
duced polygons (Figure 6a) are probably unrealistic
and are likely the result of the too small polygon ar-
eas. The changes in density are much smoother when
using larger RoI polygons (Figure 5a), and the match
between manual and automated counts is already sat-
isfactory. On the other hand, the results for shells
#3 and #4 (Figure 6c and Figure 6d) do not exhibit
such behavior. In fact, the automated counts in these
cases have improved with area size reduction, which
means that the smaller RoI polygons for shells #3
and #4 were properly chosen.

4. Discussion

Our �ndings support previous published work on
evaluation of manual annotators in other areas of
marine biology. Culverhouse et al. (2003) evaluated
the inter- and intra-consistency of human annotators
on the task of visual identi�cation of six species of
marine dino�agellates. They reported that trained
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(a) Shell #1 (b) Shell #2

(c) Shell #3 (d) Shell #4

Figure 6: Estimated polyp density in year-long population dynamics analysis (Ho£evar et al., 2018), obtained via manual and
automatic counts inside revised (smaller) regions of interest (see text for details). The densities, estimated from manual counts,
are shown in red, while densities, estimated from the automated PoCo counts, are shown in blue. The corresponding shaded
areas denote the expected error. The plotted values are listed in Table S3.

personnel can be expected to achieve self-consistency
of 67 % to 83 % and inter-expert consensus of43 %,
while experts that routinely engage in the task can
achieve accuracies in range of84 %to 95 %. In a more
recent study, Culverhouse et al. (2014) evaluated con-
sistency of both manual counting and visual identi-
�cation of mesozooplankton. They found that self-
consistency in counting ranged from68 % to 99 %,
with 20 %of analysts returning counts that varied by
more than 10 %. Durden et al. (2016a) investigated
the consistency in manual annotation of megafaunal
morphotypes and reported a78 % detection success.
In another study, Kelly (2001) found that Trophic
Diatom Index values, obtained from manual counts
of benthic diatom specimens in 58 UK river samples,
varied as much as30 % between a trained �counter�
and an �auditor�. Schoening et al. (2012) evaluated
consistency of human annotators on quanti�cation of
several megafauna taxa in deep-sea �oor images. For
�small white sea anemone�, which is visually similar
to the polyps, they reported average inter- and intra-

observer agreements of70 % and 79 %, respectively.

Manual counting is a highly time-consuming and
arduous task. Consequently, an annotator usually
processes images only once, and the variance or the
annotation error is often neglected in the published
research (Schoening et al., 2017). Our �ndings show
that single-pass annotations in a typical annotation
task result in errors that are far from negligible, and
are expected to increase when considering even larger
datasets. The surprisingly high di�erences in manual
counts show that care has to be taken when com-
paring results obtained by di�erent human annota-
tors. The discrepancy comes from personal bias in
annotation, as well as the variance in the annotation
process. Furthermore, we have observed considerable
variation in annotations made by the same annotator.
These variations come from expertise in recognizing
the objects of interest, as well as from reduced focus
when annotating large, densely-populated areas. Our
results indicate a non-negligible level of uncertainty
involved in the studies based on manually-obtained
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counts. Comparison across di�erent sites likely fur-
ther increases this variance. This calls for an auto-
mated method which, as imperfect or biased as it may
be, can at least be expected to perform consistently.
Our attempt at this is proposing the polyp counting
algorithm (PoCo).

Even though PoCo annotation accuracy is slightly
inferior to the manual annotation, it enables process-
ing of much larger datasets and o�ers a much higher
consistency. This should result in higher precision
but only under the condition that the automated pro-
cess is supervised by an expert who would identify
cases where the algorithm went astray and would ex-
clude such images or add additional learning samples
to improve performance in these situations.

Given that the images in our datasets were cap-
tured without considering the requirements of au-
tomated counting and considering signi�cant varia-
tions in image quality (two di�erent cameras, di�er-
ent lighting, varying distance and water properties),
the PoCo algorithm performed very well in polyp
population dynamics experiment (Section 3.2.2). In
fact, all cases with signi�cant deviation between the
automatic and the manual counts can be explained
by inferior image quality, which is expected to in�u-
ence not only the automated detection, but also the
accuracy of manual census.

4.1. Guidelines for image acquisition
The image acquisition protocol should be adjusted

to produce images with clearly visible and distin-
guishable polyps. The region of interest should be in-
focus and well lit, ensuring a high level of contrast be-
tween polyps and the background. The water should
be as clear as possible, and the divers should avoid
sediment resuspension. The polyp appearance should
be consistent over the images to increase the consis-
tency with the training set. This could be achieved by
consistent use of the same adequate arti�cial lighting,
the same camera, and by taking images at a constant
distance from the camera. Constructing a distance
rig with a camera mount is highly advisable.

An exemplar image on which the PoCo performed
very well is shown in Figure 4, while an example
where the PoCo performed poorly is shown in Fig-
ure 7. It is obvious that the polyp visibility in Fig-

ure 7 much poorer than in Figure 4. In fact, the
polyps appear to be nearly transparent, with poor
contrast to the background. We believe this is due to
poor visibility and insu�cient lighting, as the visibil-
ity of polyps in images of the two other shells, taken
on the same day, is signi�cantly better.

In addition to paying attention to photograph qual-
ity, care has to be taken to capture photographs with
polyps su�ciently well visible. Polyps have to oc-
cupy su�cient number of pixels to extract discrimina-
tive information to separate from the background. In
our experiments, the smallest polyp size was approx-
imately 5x5 pixels. Experiments have shown that
the algorithm successfully detects polyp even in clut-
tered regions with many polyps touching. Neverthe-
less, in regions where polyps overlap to such an extent
that the background is no longer visible, the detec-
tion quality is expected to drop.

We discourage counting polyps in the whole image.
Care should be taken when selecting the region for
polyp counting. On one hand, the region should be
large enough to encompass a su�ciently large amount
of polyps and thus reduce the standard error. On
the other hand, the region should be limited to the
area with sharp, clearly visible polyps that minimally
overlap each other (Figure 3). The same guidelines
should also be followed when acquiring images for
manual annotation.

5. Conclusions

We addressed the problem of automated counting
of a large number of small objects located on hetero-
geneous background. As a case study, we considered
polyp counting, which is used in the jelly�sh research.
Understanding polyp population dynamics is vital for
understanding the causes of jelly�sh blooms and such
counting tasks are usually performed manually. The
work is tedious, time consuming and, as our experi-
ments show, produces rather inconsistent and unre-
liable counts. According to our measurements, the
manual annotation of an image containing between
300 and 800 polyps requires 17 minutes on average
and the obtained counts can di�er up to 25 % from
the ground truth. Analysis of large datasets there-
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Figure 7: Example of an image where the algorithm performed poorly (shell #4 in October). As can be seen, the polyps are
hardly visible, even in the zoomed-in areas of the image. The contrast is poor and the polyps appear to be transparent. As
performance was better on other images shot during the same day, we attribute these issues to insu�cient lighting.
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fore requires signi�cant amounts of manpower, and
is often not feasible given the available resources.

We propose an automated polyp counting algo-
rithm (PoCo) to address the annotation di�culties.
PoCo applies state-of-the-art object detection and
recognition approaches from computer vision and ma-
chine learning. Results on a carefully annotated
dataset indicate that the PoCo performance in polyp
counts is on par with the human annotation on im-
ages that meet reasonable acquisition quality stan-
dards. Although the precision and recall values are
slightly lower compared to manual annotations, the
reduction in annotation time is roughly 70-fold, en-
abling the annotator to process much larger datasets
than previously possible. With the use of PoCo,
the experiments could be designed with much larger
datasets and with more frequent image acquisition.
This should enable in situ research that was not fea-
sible using manual annotation. Since PoCo can be
trained on di�erent kinds of samples, it is highly �ex-
ible and a�ords a straight-forward specialization to
a wide range of counting problems reaching beyond
moon jelly�sh polyps.

PoCo displayed very good performance on a large
dataset of 48 images containing approximately 40.000
polyps (Section 3.2.2). Note that these images were
captured by two di�erent cameras, at di�erent dis-
tances, di�erent water properties and di�erent light-
ing conditions. The discrepancy from manual counts
in majority of cases was well within margins of hu-
man error, which speaks of a considerable robustness
to the input variability and of a wide applicability.

PoCo is not (yet) available as a part of a com-
puter program or as a stand-alone application, but
a prototype Matlab implementation of the PoCo
algorithm is freely available (along with installa-
tion notes and sample cases) at GitHub (Mandeljc,
2017b). The code was successfully tested by a regular
Linux/MATLAB user, but modi�cation and retrain-
ing of the algorithm would require a computer-vision
specialist. In our future work we plan to streamline
the algorithm and library dependence to increase the
practical accessibility. A potential user is strongly
encouraged to contact the authors of this paper.

Performance of the automated algorithm decreases
with degraded image quality, and in cases when the

polyp appearances signi�cantly di�ers from the train-
ing samples. Such cases could be naturally addressed
by the user-in-the-loop regime. The automatic an-
notations would be visually veri�ed, and potentially
corrected by an experienced annotator. On one hand,
this would ensure a high quality of the results. On
the other hand, the additional manual annotations
could be used to re-train PoCo, thus adapting it to
the current setup. An experienced annotator would
also easily recognize images that are inappropriate
for automated detection, and exclude them from the
dataset. Alternatively, the algorithm could attempt
to automatically detect poor imaging conditions and
notify the user. These will be the topics of our future
work.

Software and data availability

Project name: PoCo
Project page: http://www.vicos.si/Projects/
PoCo
PoCo v1.0 code developer: Rok Mandeljc (Visual
Cognitive Systems Laboratory, University of Ljubl-
jana, Faculty of Computer and information Science)
Code URL: https://github.com/rokm/
polyp-detector
Software required: Linux operating system, Matlab
2015a or higher, Piotr's Computer Vision Toolbox,
Ca�e framework, LIBLINEAR library.
Dataset URL: https://vision.fe.uni-lj.si/
~rokm/polyp-detector
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