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Resumo 

MATUSZEWSKI, D. J. Visão computacional para o monitoramento contínuo de 

plâncton. 2014. Dissertação de Mestrado – Instituto de Matemática e Estatística, 

Universidade de São Paulo, São Paulo, 2014. 

Microorganismos planctônicos constituem a base da cadeia alimentar marinha e 

desempenham um grande papel na redução do dióxido de carbono na atmosfera. Além 

disso, são muito sensíveis a alterações ambientais e permitem perceber (e 

potencialmente neutralizar) as mesmas mais rapidamente do que em qualquer outro 

meio. Como tal, não só influenciam a indústria da pesca, mas também são frequentemente 

utilizados para analisar as mudanças nas zonas costeiras exploradas e a influência destas 

interferências no ambiente e clima locais. Como consequência, existe uma forte 

necessidade de desenvolver sistemas altamente eficientes, que permitam observar 

comunidades planctônicas em grandes escalas de tempo e volume. Isso nos fornece uma 

melhor compreensão do papel do plâncton no clima global, bem como ajuda a manter o 

equilíbrio do frágil meio ambiente. Os sensores utilizados normalmente fornecem 

grandes quantidades de dados que devem ser processados de forma eficiente sem a 

necessidade do trabalho manual intensivo de especialistas. Um novo sistema de 

monitoramento de plâncton em grandes volumes é apresentado. Foi desenvolvido e 

otimizado para o monitoramento contínuo de plâncton; no entanto, pode ser aplicado 

como uma ferramenta versátil para a análise de fluídos em movimento ou em qualquer 

aplicação que visa detectar e identificar movimento em fluxo unidirecional. O sistema 

proposto é composto de três estágios: aquisição de dados, detecção de alvos e suas 

identificações. O equipamento óptico é utilizado para gravar imagens de pequenas 

particulas imersas no fluxo de água. A detecção de alvos é realizada pelo método baseado 

no Ritmo Visual, que acelera significativamente o tempo de processamento e permite um 

maior fluxo de volume. O método proposto detecta, conta e mede organismos presentes 

na passagem do fluxo de água em frente ao sensor da câmera. Além disso, o software 

desenvolvido permite salvar imagens segmentadas de plâncton, que não só reduz 

consideravelmente o espaço de armazenamento necessário, mas também constitui a 

entrada para a sua identificação automática. Para garantir o desempenho máximo de até 

720 MB/s, o algoritmo foi implementado utilizando CUDA para GPGPU. O método foi 

testado em um grande conjunto de dados e comparado com a abordagem alternativa de 

quadro-a-quadro.  As imagens obtidas foram utilizadas para construir um classificador 

que é aplicado na  identificação automática de organismos em experimentos de análise de 

plâncton. Por este motivo desenvolveu-se um software para extração de características. 

Diversos subconjuntos das 55 características foram testados através de modelos de 

aprendizagem disponíveis. A melhor exatidão de aproximadamente 92% foi obtida 

através da máquina de vetores de suporte. Este resultado é comparável à identificação 

manual média realizada por especialistas. Este trabalho foi desenvolvido sob a co-

orientacao do Professor Rubens Lopes (IO-USP). 

Palavras-chave: monitoramento de ambiente marinho, detecção de plâncton, Ritmo 

Visual, análise de vídeos longos, e-Science, Big Data  
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Abstract 

MATUSZEWSKI, D. J. Computer vision for continuous plankton monitoring. 2014. 

Dissertação de Mestrado – Instituto de Matemática e Estatística, Universidade de São 

Paulo, São Paulo, 2014. 

Plankton microorganisms constitute the base of the marine food web and play a great 

role in global atmospheric carbon dioxide drawdown. Moreover, being very sensitive 

to any environmental changes they allow noticing (and potentially counteracting) 

them faster than with any other means. As such they not only influence the fishery 

industry but are also frequently used to analyze changes in exploited coastal areas 

and the influence of these interferences on local environment and climate.  As a 

consequence, there is a strong need for highly efficient systems allowing long time 

and large volume observation of plankton communities. This would provide us with 

better understanding of plankton role on global climate as well as help maintain the 

fragile environmental equilibrium. The adopted sensors typically provide huge 

amounts of data that must be processed efficiently without the need for intensive 

manual work of specialists. A new system for general purpose particle analysis in 

large volumes is presented. It has been designed and optimized for the continuous 

plankton monitoring problem; however, it can be easily applied as a versatile moving 

fluids analysis tool or in any other application in which targets to be detected and 

identified move in a unidirectional flux. The proposed system is composed of three 

stages: data acquisition, targets detection and their identification. Dedicated optical 

hardware is used to record images of small particles immersed in the water flux. 

Targets detection is performed using a Visual Rhythm-based method which greatly 

accelerates the processing time and allows higher volume throughput. The proposed 

method detects, counts and measures organisms present in water flux passing in 

front of the camera. Moreover, the developed software allows saving cropped 

plankton images which not only greatly reduces required storage space but also 

constitutes the input for their automatic identification. In order to assure maximal 

performance (up to 720 MB/s) the algorithm was implemented using CUDA for 

GPGPU. The method was tested on a large dataset and compared with alternative 

frame-by-frame approach. The obtained plankton images were used to build a 

classifier that is applied to automatically identify organisms in plankton analysis 

experiments. For this purpose a dedicated feature extracting software was developed. 

Various subsets of the 55 shape characteristics were tested with different off-the-

shelf learning models. The best accuracy of approximately 92% was obtained with 

Support Vector Machines. This result is comparable to the average expert manual 

identification performance. This work was developed under joint supervision with 

Professor Rubens Lopes (IO-USP). 

Keywords: marine environment monitoring, plankton detection, visual rhythm, long 

video analysis, e-Science, Big Data 
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1 Introduction 

1.1 Motivation 

Plankton microorganisms constitute the base of the marine food web and are 

responsible to a great extent for the CO2 draw-down from the atmosphere. In 

addition, they have a key role in the global cycle of several chemical elements such as 

oxygen, nitrogen and phosphorus [1, 2]. Both marine food webs and climate are 

strongly affected by spatial and temporal variations of plankton communities [3, 4]. 

Plankton distribution and metabolism are often used as highly sensitive 

environmental quality indicators and as tools for the prediction of ecosystem-level 

changes. Plankton populations are often monitored in areas of intensive industrial 

activity [5] and, more recently, have been intensively investigated as a potential 

source for the production of biofuel [6]. These diverse interests in plankton research 

has raised the need for developing methods for plankton automatic detection, 

counting and identification both in situ and from samples gathered offshore and 

brought to laboratories [7].  

Recent advances in plankton monitoring at sea have included underwater flow 

cytometers, submersible video cameras, particle counters, high-frequency acoustic 

sensors, and in situ hybridization devices, among other approaches [8, 9, 10]. 

Nevertheless, none of the currently available imaging instruments in use by the 

oceanographic community can be easily adapted for long-term monitoring with 

minimal human supervision.  The developer community must seek novel real time 

alternatives to detect, count and measure biological entities of a wide size range 

within large and fast-flowing water volumes. In addition, it is highly desirable for 

such systems to be able to operate continuously during extended time periods. A 

successful solution for long-term, unsupervised in-situ plankton image acquisition 

will have to face many technological challenges. These include the ability to detect 

small target organisms (tens of μm) combined with large water volumes (up to 

hundreds of thousands of m3), and to process large data sets, i.e. hours of video 

sequences acquired with high-speed and high-resolution digital cameras (capable of 

generating up to 720 MB of raw images per second). [11] 

Visual analysis is a promising approach for the development of instrumentation for 

automatic quantitative and qualitative evaluation of plankton presence in great water 

volumes. Recent technological progress in both digital image acquisition and 

processing brought means for discovering, testing and implementing new visual 

analysis methods. Many research projects have been conducted in order to provide 

tools for automatic plankton detection and recognition using novel algorithms and 

resources. However, large diversity of plankton species with extremely different 

morphologies and dimensions has made this task a considerable challenge that is still 

requiring a practical and complete solution. [12] It is virtually impossible to acquire 
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plankton images covering a wide size range with a single optical system due to 

inherent physical constraints. Therefore, most of the recent investigations on 

plankton detection and identification algorithms treat organisms belonging only to a 

particular size class. Moreover, they only work with carefully prepared static images 

captured in laboratory conditions that significantly facilitate the identification, i.e. 

targets generally were captured with perfect lighting, focus, appropriate resolution 

and in optimal 3D orientation.  [13] 

A new system for general purpose particle analysis in large volumes is presented. It 

has been designed and optimized for the continuous plankton monitoring problem; 

however, it can be easily applied as a versatile moving fluids analysis tool or in any 

other application in which targets to be detected and identified move in a 

unidirectional flux. Another important application of the proposed system is ballast 

water quality assessment. The huge marine transit contributes to the exchange of 

water and thus plankton from different parts of the world. Research on visual 

methods is necessary because currently there is no real-time sampling strategy 

available to verify ship's conformity to ballast water standards established by the 

International Maritime Organization [14]. Existing techniques, which rely on 

collecting a physical sample to be later analyzed in a specialized laboratory, may 

either cause ship's operational delays (with extremely high costs) or detection of 

potentially invasive or pathogenic organisms only after they had been released to the 

environment at the destination port. A successful automatic monitoring system 

besides overcoming the mentioned challenges must be implemented on board of the 

ships in a way that would not disturb the standard procedure of ballast water 

discharge. 

1.2 Bibliographical background 

A successful automatic plankton monitoring system must overcome many 

technological challenges including generating highly reliable results without the need 

for expert intervention, large amount of data to process - hours of video sequences 

acquired with high-speed and high-resolution digital cameras, and the microscopic 

nature of target organisms (tens of µm) combined with large ballast water discharge 

volumes (up to hundreds of thousands of m3). As a consequence, although automatic 

solutions for multiple targets tracking [15] as well as for plankton detection, counting 

and recognition have been described in the literature [7, 16], none of the available 

methods can be easily adapted as a solution for long-term, unsupervised plankton 

monitoring. Most of the recent investigations on plankton detection and identification 

algorithms are aimed at organisms belonging only to a particular size class [10]. 

Furthermore, they only work with carefully prepared static images captured in 

laboratory conditions. The targets generally are captured with perfect lighting, focus, 

appropriate resolution and in optimal 3D orientation which significantly facilitates 

the identification. [13, 16, 17] Campbell et al. [18] described an early warning system 

for harmful algal bloom detection that uses continuous automated Imaging 
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FlowCytobot (IFCB). Although their solution addresses a relatively wide size range of 

microorganisms (10 to 150 μm), it does not provide real time detection and 

classification. Moreover, their system focuses on identification of only one plankton 

species. Goda et al. presented another automatic particle identification system based 

on flow-through optical microscope [19]. Despite generating real time results their 

solution could not be applied to the large scale plankton monitoring because it 

handles only very small particles (below 30 µm). Furthermore, their system 

processes images with only one target per frame, which further decreases the sample 

throughput. On the other hand, an automatic system for in situ plankton monitoring 

has to maximize the sample flow rate and handle organisms belonging to various size 

groups that may differ even several orders of magnitude. Moreover, the detection and 

identification processes should be robust and orientation invariant. Since planktonic 

microorganisms are to be captured by the camera while passing with water flux the 

algorithms have to detect, measure and identify organisms correctly independently of 

their actual 3D orientation.   

1.3 Goals 

Given the motivation described in Section 1.1, the goal of this work is to develop a 

new versatile methodology for particle detection in large volumes of moving fluids, 

which has a direct application in the analysis of ballast water discharges. The 

proposed method is based on the Visual Rhythm and allows real time detection and 

counting of planktonic microorganisms captured while travelling with uniform and 

unidirectional water flux. Since only the detected and cropped organisms and their 

statistical measurements (features used for particle identification) are stored in a 

database, the method efficiently reduces memory usage and thus represents an 

important step towards the implementation of an automatic solution for ballast water 

quality assessment problem. The described system can be successfully adapted for 

extended in situ plankton monitoring. Moreover, the proposed processing algorithm 

is considered a suitable approach for the analysis of other long video sequences with 

the targets behaving in a similar way, i.e. passing in the same direction in front of the 

camera. 

1.4 Contributions 

The contributions of this work are: 

 New scientific dataset containing plankton image sequences and segmented 

plankton images that can be used for designing and testing new methods for 

automatic plankton segmentation and classification, 

 Innovative visual method for continuous plankton monitoring, 

 Alternative method for minor dimension extraction from segmented targets, 

 Classification model for images generated and processed by the proposed 

system. 
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1.5 Organization 

This work presents details of the image acquisition (optical hardware described in 

section 2.1) and analysis (software – sections 2.2 and 2.3) methods designed to 

perform continuous monitoring of small particles immersed in the water flux. The 

main focus of this work is video sequence processing. Two approaches for targets 

detection and segmentation were proposed. The first, described in section 2.2.1, 

processes each frame of the sequence independently of its content. On the other hand, 

the second, presented in section 2.2.2, uses Visual Rhythm representation of the 

entire sequence to first localize targets and then focuses on processing only those 

fragments of images that contain them. The two video processing methods were 

optimized and implemented using the newest technology advances and trends such 

as GPGPU and parallel programming. A preliminary description of the proposed 

image processing steps has been presented in [20, 21]. The two methods were tested 

on a set of 35 videos that in total contained over 21,700 frames. The results of their 

comparison under computation time (considering different implementations), 

accuracy and precision criteria are presented in section 3.1. Section 2.3 specifies the 

automatic classification model build on the segmented plankton images. Its results 

are presented in Section 3.2. Finally, Chapter 4 concludes the completed work and 

discusses the future steps of this research. 
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2 Proposed system 

The proposed plankton monitoring system is composed of dedicated image 

acquisition hardware (pipeline and optical system) and a computer running the 

designed software – Plankton Counter. The pipeline is responsible for controlling the 

flow of the liquid sample and placing the targets in appropriate plane of the optical 

instrumentation. The digital camera of the image acquisition hardware captures 

images of the organisms passing in the pipeline and sends them via CameraLink or 

Gigabit Ethernet connection to the computer. The images are then processed and 

segmented with the methods described in section 2.2. Next, 55 different features are 

measured and extracted from each plankton image. Finally, the classifier presented in 

section 2.3 automatically identifies the species of individual specimens using the 

features set. Figure 1 presents the processing pipeline of the proposed system.  

 

Figure 1: Processing pipeline of the system. 

The developed long image sequence processing method was summarized in a short 

video presented during the master defense. Four selected frames from this movie are 

presented in Figure 2. The video is available online at http://youtu.be/yNY-zl6mw1I. 

 

Figure 2: Selected frames from the video summarizing the developed method. 

http://youtu.be/yNY-zl6mw1I
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2.1 Image acquisition 

Figure 3 presents the framework for phase contrast microscopy (PCM) – the optical 

setup used in the designed prototype instrumentation for capturing plankton images, 

and a sample frame. The main advantages of this imaging technique are its ability to 

enhance edges of the observed objects and visualization of transparent targets.  The 

latter is especially useful in plankton monitoring as many species are diaphanous and 

thus difficult to observe with a regular microscope. [22] On the other hand, using the 

frequency filter decreases the focal depth of the instrumentation and, as a 

consequence, some of the obtained images are blurred as they were captured in the 

boarder or out of the focus region. This is particularly problematic in case of 

observing very small organisms (below 50 μm) as in this case a higher optical 

magnification needs to be applied which even further decreases the focal depth.  

 

Figure 3: Framework for the phase contrast microscopy and a sample image. 

A picture of the PCM prototype hardware setup is presented in Figure 4. In order to 

maximize the sampling volume a special pipeline was designed. It pumps the 

seawater with organisms through a glass-windowed chamber (see Figure 5) placed in 

the input plane. Plastic straws are used in the pipeline segment preceding the 

chamber to obtain optimal nearly unidirectional and uniform flux of sampled water. 

Organisms passing through the chamber are back-illuminated with the expanded and 

collimated laser beam. Then their images are magnified with the objective lens, 

filtered with a highpass filter (often called “black dot” for its appearance) and finally, 

captured with the high speed and high resolution digital camera.  

During the optical formation of the image, the light stream passes through the so-

called frequency plane of the image. When a sheet of paper or camera sensor is placed 

in this plane one can observe the representation of the image in the frequency 

domain. This is why the “black dot” is considered a highpass frequency filter. 

Appropriately magnified image of the sample is formed on the sensor of the camera 

on the other side of the filter. Different magnification can be obtained by changing the 

distances of the camera and the glass chamber with respect to the objective lens or by 

using lens with other focal distance.  
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Figure 4: Picture of the PCM hardware setup prototype. 

 

Figure 5: Flux chamber used in the acquisition hardware pipeline. 

In order to overcome the limitations of the PCM setup several other optical 

techniques were investigated. These studies resulted in migrating from PCM to bright 

field microscopy (BFM). Figure 6 presents the framework of the BFM hardware setup. 

One obvious difference between the two imaging techniques is the light source used. 

In the developed BFM setup a blue 1 Watt 455 nm light emitting diode is used as the 

light source. The choice of the light wavelength emitted by the led is not accidental. 

The ability of light to penetrate water decreases as the light wavelength increases. 

Blue light is very close to the shortest wavelength in the visible spectrum (that 

spreads between 390 and 700 nm) and therefore, it is transmitted in water very well. 

As a consequence, the light attenuation and, thus, its depth heterogeneity in the 

observed sample can be neglected. Moreover, blue light easily reaches deep water 

regions and as a consequence, can be considered as the closet to natural for 

practically all marine organisms. Therefore, the blue led may help to avoid the 

plankton being attracted by the light and consequently their undesired opposing the 

current in the illuminated section of the pipeline. 
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Figure 6: Framework of the bright field microscopy and a sample image. 

Another hardware difference is the absence of the objective and frequency filter. Led 

unlike laser does not emit light coherently which allows to treat it directly as a point 

light source and skip the objective in the setup. Using fewer devices brings several 

benefits to the acquisition hardware, e.g. easier aligning and setting up, more compact 

size of the final instrument and reduced costs of the final system. Figure 7 shows a 

picture of the prototype hardware setup using BFM method. The optical parts were 

placed in vertical frames that in the future will be inserted in sealed tubes and 

immersed in the ocean to perform continuous plankton monitoring. 

 

Figure 7: Picture of the BFM hardware setup prototype (second generation). 

Figure 8 presents sample images obtained with the two acquisition techniques. It can 

be easily noticed that the images captured with the BFM technique preserve more 

morphological details of the organisms, which facilitates their potential identification. 

Moreover, since BFM does not use the spatial filter the focal depth of the acquisition 

hardware is bigger. As a consequence, less organisms appear blurred in the images. 

All these features caused the migration towards the BFM hardware setup for final 

plankton imaging system.  
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Figure 8: Segmented images acquired with PCM (the first row) and BFM (the second row). 

The images presented in this work were captured using PhotonFocus MV1-D1312C-

160-CL and Basler acA2040-25gm monochromatic digital cameras. Their technical 

details were gathered in Table 1. Both cameras allow capturing high resolution 

images at high frame rate which translates to overwhelming amounts of data to be 

processed. For comparison consider currently popular Full HD TV standard that has 

1920 x 1080 pixels resolution and 30 fps. This is equivalent to approximately 60 

MB/s of data, i.e. much less than the data generated by either of the two cameras. 

Nevertheless, the proposed image processing method is able to analyze all this data in 

real time. In fact, the computation time results presented in section 3.1 suggest that 

the method can be successfully applied to process in real time images acquired with a 

much faster camera such as the Basler acA2040-180km presented in the table. 

Table 1: Comparison of the high-speed high-resolution cameras available at the Laboratory of 
Plankton Systems, University of São Paulo. 

Camera Resolution 
Maximal 

frame rate 
Generated 

data 
Connection 

PhotonFocus 
MV1-D1312C-160-CL 

1312 x 1082 108 146 MB/s Base CameraLink 

Basler  
acA2040-25gm 

2048 x 2048 25 100 MB/s Gigabit Ethernet 

Basler  
acA2040-180km* 

2040 x 2048 180 
717 MB/s Full CameraLink 

2040 x 512 720 

* the developed software was not tested with this camera; however, the computation time results 

(see section 3.1) suggest that the proposed processing method can handle in real time even such 

high data stream.  
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2.2 Image processing 

A new advanced instrument, in order to assure its proper functionality and maximal 

performance, requires specialized, dedicated software. The proposed system oriented 

at sampling volume maximization assumes usage of a state-of-the-art high speed and 

high resolution camera. These devices are capable of generating overwhelming 

amount of data in short time (see Table 1 for details), which makes it impossible to 

process all frames in real time with traditional means. Therefore, a novel image 

processing approach was developed and implemented using the newest technology 

advances and trends such as GPGPU and parallel programming. 

In order to demonstrate the benefits of the proposed image processing method an 

alternative frame-by-frame approach was developed and implemented for 

comparison purposes. Both methods were optimized and implemented using OpenCV 

with CUDA for GPGPU, which proved to significantly accelerate some of the image 

processing operations [23, 24]. Moreover, the two developed approaches were 

adapted to process image sequences acquired with both PCM and BFM. Their final 

versions were included in the Plankton Counter – complete solution for segmenting, 

measuring and counting plankton in images. This software has embedded graphical 

user interface for easy parameter adjustment (described in section 2.2.3).  

The two proposed video processing methods use the same segmentation algorithm. 

The main difference between them is that while frame-by-frame approach processes 

each frame in the video sequence independently of its content, the Visual Rhythm-

based approach first detects the frames of interest (i.e. those containing targets) and 

then processes only their fragments corresponding to the closest neighborhood of the 

targets. This significantly accelerates detection and segmentation of objects in the 

video sequence because all images with no targets are skipped. It is important to 

mention that in order to minimize the per frame computation time and maximize the 

sample throughput plankton segmentation used in presented methods was 

deliberately simplified to a dynamic threshold based approach. Although more 

sophisticated algorithms like region growing with prior edge detection or watershed 

used in similar works [17, 25] tend to provide more accurate results they are much 

more computationally demanding (see Table 2) and would impose significantly 

smaller sample flow rate. Performed tests showed that the proposed segmentation 

method constitutes the best tradeoff between the segmentation accuracy and the 

computation time. 

2.2.1 FRAME-BY-FRAME APPROACH 

The method takes as an input frames captured in equal time intervals directly from 

the camera or loads them from a local hard drive. Due to the per frame computation 

time these images have to be either recorded with much slower frame rate or down-

sampled from a stored high frame rate sequence. 
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Figure 9 presents a flowchart demonstrating the processing steps of this approach. 

First, the static noise present in all frames is removed.  This is done by calculating the 

static noise image using 10 representative frames retrieved from the input source. In 

case of processing frames stored in local drive the whole sequence is divided into 10 

equal intervals and corresponding frames are used. This assures uniform and 

representative subsampling. In case of input from the camera the frames are captured 

in equal time intervals before the actual monitoring starts. It is strongly 

recommended that this procedure is done with the pipeline filled with seawater but 

without any target organisms. This results in recording only the static background 

noise. Next, all retrieved frames are binarized with a threshold value calculated for 

each frame using Eq. (1). It is important to note that the same equation and scaling 

coefficient are used later during segmentation of the targets. Once all frames are 

binarized the intersection among them is calculated. The obtained mask represents 

all static objects in the frames. These are generally caused by microorganisms glued 

to the glass of the flux chamber or by imperfections of the optical instruments such as 

dirty or scratched lenses. Finally, the binary noise mask is used to substitute the static 

background noise pixels with average intensity value in each frame.  

 

Figure 9: Flowchart of the frame-by-frame method processing steps. 
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Once the static noise is removed the image is ready to be segmented. As mentioned 

earlier due to the maximal throughput requirement the segmentation in both frame-

by-frame and Visual Rhythm-based approaches was deliberately simplified to a 

dynamic intensity threshold. Table 2 presents computation times of selected 

segmentation methods. They were implemented and optimized in the OpenCV library 

[26] and tested on selected 20 BFM images with different concentrations and 

illumination levels. The fastest approach is a simple user-predefined fixed-level 

threshold preceded by smoothing with an averaging 5x5 pixels filter. However, this 

method suffers from accuracy varying with temporary illumination fluctuations (see 

Figure 10). In order to handle this problem an automatic threshold level adjustment 

basing on the average pixel intensity and standard deviation was suggested. In this 

case the dynamic threshold   is calculated using Eq. (1), where   ̅ is the average pixel 

intensity of the entire image,   – standard deviation and   is a floating point scaling 

factor. Although this coefficient is preset to 1.5 and it is not expected to be changed 

while using the tested hardware, the value can be still adjusted in the user interface 

(Figure 17 presents the coefficient selection tool). Changing the scaling coefficient 

allows segmentation correction that can be crucial for some experiments.  

     ̅      (1) 

A special care was taken to assure that images with no organisms would not be 

processed. After the threshold level calculation it is checked if the value is not too 

close to the mean intensity. Performed tests with both PCM and BFM images showed 

that a fixed difference of 25 intensity levels was sufficient to assure that no local 

background heterogeneity would be segmented and considered as a target organism.   

Table 2: Computation time comparison of selected segmentation methods. 

Segmentation 

Method 
Number of 

images 
Total computation 

time [s] 
Average per image 

computation time [s] 

Threshold fixed 20 4,8   0,24 

Threshold dynamic  20 5,3   0,26 

Watershed 20 5,9   0,29 

GrabCut 20   244,4 12,22 

Both Watershed [27] and GrabCut [28] methods require that obvious background and 

foreground regions are predefined, leaving the disputed or undefined pixels to be 

assigned by the method. In order to accelerate the two algorithms the obvious regions 

have to be well marked with just few pixels to be predicted. During the computation 

time comparison experiment the backgrounds were always defined by  ( )   ̅   , 

i.e. pixels with intensity bigger than the average image intensity decreased by the 

standard deviation. On the other hand, the obvious foreground regions were defined 

by  ( )   ̅    , i.e. those pixels with intensity lower than the average image 

intensity decreased by tripled standard deviation.  
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Figure 10: Temporal illumination fluctuations cause that fixed intensity threshold cannot be 
used for segmentation. 

Figure 11 presents juxtaposition of the selected representative segmentation results 

of the two most promising approaches: dynamic intensity threshold and watershed.  

It is clearly visible that the differences are negligible. This shows that the slightly 

faster dynamic intensity threshold constitutes the best tradeoff between the 

segmentation accuracy and the computation time and the right choice for the 

Plankton Counter implementation. 

 

Figure 11: Accuracy comparison of the two best segmentation methods: dynamic intensity 
threshold and watershed. Red line marks the segmentation boarder, whereas, internal holes 

were marked with blue. 
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After the segmentation a binary, black and white mask image is obtained. The 

software measures each of the white blobs (representing detected targets) in this 

mask image and rejects those that did not fit in the predefined size range. The 

remaining mask blobs are used to find and extract the plankton images from the 

original frame. An offset is added to each blob so that even if some parts of the targets 

were cut off during segmentation they will be still present in the cropped images. This 

offset is calculated as 25% of the width (or height) of the target measured in pixels, 

but no less than 5 and no more than 30 pixels. This value is added to each side of the 

blob before cropping. In addition to saving those cropped images on a local hard 

drive, the software prepares a report listing the file names and sizes of all detected 

organisms as well as the total count of particles in each of the predefined size groups.  

To decide whether an organism present in an image fits in the predefined size range, 

both its area and minor dimension are measured. These measurements are first taken 

in pixels and later the real values are calculated using the known magnification factor 

(a constant depending on the optical setup). It is common for the currently available 

plankton identifying software [29] to use the minor axis of the best fitting ellipse as 

the minor dimension of an organism. This approximation, however, often can be very 

inaccurate, as presented in Figure 12. 

 

Figure 12: Using minor axis of the best fitting ellipsis (red arrows) in some cases may give 
results very far from the actual target’s minor dimension (green arrows). 

Another, much more accurate way to define the target’s minor dimension is the 

diameter of the biggest inscribed circle. There are two approaches to calculate this 

value: by using the distance transform or multiple erosions. Both operations are 

relatively computationally expensive. Therefore, the software should perform either 

on merely a fraction of the binary mask image – the segment cropped around the 

target’s blob. In the first approach the distance transform calculates distance to the 

closest zero pixel for each pixel in the image. The global maximum of these values 

corresponds to the radius of the biggest inscribed circle. OpenCV contains two 

implementations of this function: the one that calculates the exact distance, proposed 

by Felzenszwalb in [30], and the one computing its approximation, proposed by 

Borgefors in [31]. 
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The alternative approach uses multiple morphological erosions with square 2x2 

structuring element. The operation is repeated until the whole target’s blob 

disappears. Then the minor dimension of the target can be calculated using Eq. (2), 

where   is the minor dimension,   – size of the structuring element (in this case 2) 

and   – number of iterations necessary to erode the entire blob. 

   (   )  ( ) 

Significant acceleration of this method can be achieved by increasing the size of the 

structuring element. However, this results in decreasing the precision of the 

measurements. 

Performed tests revealed that the distance transform was on average 4.6 (precise) to 

5.8 (approximated) times faster than the multiple erosion approach. Moreover, since 

both the precise and approximated distance transform methods apply different 

weights to diagonal and horizontal (or vertical) shifts the final results are in general 

much more accurate than in the case of the multiple erosions. In the final system 

implementation the minor dimension is calculated with the approximated distance 

transform. The tests proved that it is the fastest method and the approximation error 

is negligible.  

2.2.2 VISUAL RHYTHM-BASED APPROACH 

The frame-by-frame approach suffers from slow per frame computation time being 

also prone to miss targets that pass in front of camera faster than the majority, 

whereas duplicating those that are much slower. In order to resolve these constraints 

a new method was developed. The main idea behind this approach is to search for 

targets in a part or even whole sequence simultaneously rather than in each frame 

separately.  

The proposed method is based on the Visual Rhythm (VR), a video sampling 

technique used mainly in indexing and retrieval domain [32]. It generates a 2D 

representation of a part or the whole video sequence that allows camera motion 

estimation and shot boundaries detection which found the applications e.g. in 

automatic commercials removal, soccer videos summaries, choosing region of 

interest on the basis of the user attention analysis and face spoofing detection. [33, 

34, 35] However, it can also be used to detect and count objects crossing a particular 

frame area, supposing they move in the same direction and with velocity that does 

not exceed the camera frame rate. [20] This, together with the possibility of 

processing subsets of many frames simultaneously rather than analyzing the whole 

sequence frame by frame, constitutes both the core and main advantages of the 

presented method.  

VR is the 2D image obtained from the reduction of a 3D video stream in a way that its 

pixels along the vertical or horizontal plane are uniformly sampled along a reference 

line in the corresponding direction of the video frames [32]. More formally, a video 
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sequence   of size   is a sequence of frames        . Each frame is a gray scale image 

of size    . The brightness level of pixel (   ) is noted by   (   ). A VR of sequence   

is the grayscale image    of size     such that   (   )          , i.e., the gray level 

of pixel (   ) is given by a transformation over frame    and   [36]. A VR example is 

the image of size     defined by    (   )      (        ), where               and 

           . In this case each line in     is equal to the middle line in the 

corresponding frame.  

 

Figure 13: Visual Rhythm generation. 

Figure 13 illustrates the generation of a VR record. Usually VR images are created by 

taking one line (vertical, horizontal or diagonal) from each frame in the video and 

stacking them one over the other. In the introduced method only the middle line 

perpendicular to the water flux direction is taken from each frame to build the VR 

representation. In this way every particle that passes through that reference line will 

be registered as brighter elongated pattern. The implemented method assumes by 

default that the water flow is from the top to the bottom; hence, the VR is generated 

using the horizontal middle rows of each frame. 
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Figure 14: Flowchart demonstrating important steps of the VR processing. 

VR record has to be appropriately preprocessed to enable targets detection. Figure 14 

demonstrates the data flow during VR preprocessing. First, a video sequence is 

acquired with the dedicated optical system. Next, the VR representation of the 

sequence is composed. Since camera position is fixed and middle row of each frame is 

used for VR generation all static objects and optical noise present in the reference line 

are visible as vertical lines (see Figure 14). On the other hand, all targets passing 

through the line are represented by bright horizontal patterns. The undesired vertical 

background can be easily removed in the frequency domain using a selective spatial 

filter (horizontal center-positioned black stripe with a window in the middle on a 

white background). The frequency spectrum of the VR image is calculated using the 

Fourier transform. It is then multiplied by the filter mask and the Inverse Fourier 

transform is used to calculate the result in the spatial domain. Next, morphological 

closing is used to assure the lines (representing real organisms in the video) are 

uniform before binarization. Finally, the resulting binary image is used to find all the 

lines and to remove those that are under a predefined area. Remaining patterns can 

be used to estimate the target abundance in the captured sequence and give a very 

initial presumption about their distribution and sizes. However, their key role is to 

enable targets localization in the original frames, as presented in Figure 15. The 

vertical coordinate of the bright line center is used to find the corresponding original 

frame. Since the VR is composed always with the same reference line the target’s 

location in the original frame is immediately known: its vertical position is exactly in 
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the middle, whereas its horizontal position is roughly the same as in the VR. As a 

consequence, the original frames can be cropped down to the closest neighborhoods 

of the targets which accelerates their segmentation. These neighborhood regions are 

calculated using the length and height of the target lines in processed VR. An offset is 

added to both ends of the line and the line’s thickness is multiplied by a scaling factor 

that depends on the flux speed and that optical magnification used. In practice the 

faster the flux, the more volume is passing between the VR lines and the higher this 

coefficient has to be to compensate this. Individual localized organisms are 

segmented, measured and stored in the same manner as in case of frame-by-frame 

approach. In addition, a similar measurement report file is generated. The main 

difference is that in the VR-based approach the processed data is significantly 

narrowed – only those frames that contain targets are analyzed and those are further 

cropped to process only the closest neighborhood of the localized target. As a 

consequence, this method allows processing high resolution sequences captured with 

high speed camera in real time.  

In order to assure that exactly all objects passing the reference line are detected the 

water flux must be as uniform and unidirectional as possible. The method handles 

well even significant variations in velocity between observed targets, however, the 

overall linear flux speed cannot exceed the product of the frame rate of the camera 

and the minimal dimension of particles to be detected, i.e. the smallest and fastest 

target cannot move more than its body length in a time between two consecutive 

frames. In addition, a continuous operation of the presented method can be obtained 

using two buffers with equal number of images allocated in computer’s RAM. When 

the first buffer is full a new VR image is immediately generated and processed, 

whereas the new images captured from the camera are simultaneously stored in the 

second buffer. After the processing is finished the first buffer is cleared and the 

software waits for the second buffer to be filled with unprocessed frames. Then the 

buffers are swapped and the whole procedure repeats, which assures continuity in 

image acquisition and plankton detection. 

 
Figure 15: Data flow in the VR–based video sequence processing method.  
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2.2.3 SOFTWARE IMPLEMENTATION AND GRAPHICAL USER INTERFACE 

The software was written in C++ using OpenCV library for image processing, Qt for 

the graphical interface and Pylon SDK for communication with Basler cameras. Both 

libraries are free (also for commercial use) and cross platform which means that even 

though the software is being developed in Windows environment, it can be easily 

adapted to run on Linux or Mac OS. Both image processing methods were carefully 

optimized in order to minimize per frame computation time and thus maximize the 

sampling volume throughput. All processing suitable for parallelization has been 

implemented on NVIDIA GPU using CUDA and OpenCV CUDA API, which has proven 

to decrease the computation time between 2.5 and 80 times with respect to currently 

available multicore processors (exact value depends on the method used to build the 

comparison, chosen optimization techniques and hardware specification). [37, 38, 39] 

In particular blurring and thresholding of the frame-by-frame method were 

implemented on GPU. On the other hand, in case of the Visual Rhythm-based 

approach the whole preprocessing of the VR image is done on GPU. The main reasons 

against implementation of the entire methods on GPU are the absence of a stable and 

efficient GPU implementation of the connected components labeling and the fact that 

using GPU is not efficient when there are many images of different sizes to be 

processed (as in case of segmenting and measuring individual targets in both 

approaches). 

Figure 16 presents the graphical user interface of the latest software version. It 

allows choosing between the two input sources (local hard drive or a connected 

camera), selecting the working mode and setting the configuration-specific 

parameters. Moreover, the current software version allows easily switching between 

the PCM (dark background) and BFM (bright background) image processing mode. 

Finally, custom parameters configuration can be saved to and loaded from a settings 

file. In the future three working modes will be available for the user: the frame-by-

frame processing that takes images equally sampled in time (already available), 

Visual Rhythm-based approach that allows continuous processing of all frames (also 

available) and a mixed method taking the advantages of the other two. The last mode 

(currently under development) is to use simple frame-by-frame approach during 

most of the time and to switch to continuous operation (VR-based method) only when 

some abnormality is detected. All processing modes are to analyze frames until there 

is no more images left in the sequence (in case of input from local hard drive) or until 

STOP button is pressed by the user (in case of input from camera).  

The current interface appearance was designed to conveniently adjust parameters 

during various experiments including those that test different optical hardware 

configurations. Although at first glance it seems that there are many parameters that 

have to be adjusted it is important to keep in mind that most of them are constant for 

particular image acquisition setup. Special care was taken to make the parameters 

adjustment easier. First, they were grouped in boxes according to their functional 

affiliations. Second, selecting an input or processing mode will enable only those 
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parameters that are specific for this configuration, while disabling all the others (in 

Figure 16 the camera parameters were disabled because the user selected the hard 

drive as the input source). Third, holding the cursor over a parameter’s name or value 

makes a small note explaining its role in the processing to appear. Finally, a special 

interactive tool for threshold coefficient selection was designed. It displays histogram 

of the original frame (captured with the camera or loaded from drive), current 

threshold level (red line in the histogram) and the current thresholding result as 

presented in Figure 17.  

 

Figure 16: Graphical user interface of the Plankton Counter. 

 

Figure 17: Threshold coefficient selection tool. 
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2.3 Plankton classification 

There is a huge demand for accurate automatic taxonomic identification. Manual 

identification is slow and requires trained personnel that are not always correct. 

Psychophysical studies show that human performance in sorting objects into groups 

is affected by several psychological factors such as: 

 Fatigue and boredom, 

 Short-term memory, that has a limit of five to nine objects, 

 Recency effect – biasing specimen’s classification towards the set of most 

recently used labels, 

 Positivity bias – biasing new object’s classification by expecting a particular 

category to be present in the sample.   

All these factors cause humans to frequently miss objects presented in a scene and to 

count some targets more than once while misclassifying others. As a consequence, the 

consistence of manual identification is never 100%. Agreement between selections of 

the same expert for the same sample and different days varies between 67 and 95% 

depending on the difficulty of the task. Moreover, the consistency across different 

identifiers can go as low as 43%. [40, 41] 

In addition to this, modern plankton monitoring instruments generate such huge 

amounts of images that their manual classification is inefficient (if not entirely 

impossible considering long term continuous monitoring). The proposed system 

requires an automatic plankton classification solution in order to be fully functional.  

Classification of the images captured and processed with the presented system was 

performed using WEKA, software developed by Machine Learning Group at the 

University of Waikato [42]. Comparison of results of different classifiers and feature 

sets is presented in section 3.2. This section describes the challenges in plankton 

classification and presents details of the data set and feature extraction and selection.   

2.3.1 CHALLENGES IN PLANKTON CLASSIFICATION 

Plankton microorganisms can take all sorts of shapes and sizes. As a consequence, 

their automatic identification constitutes a complex multiclass problem requiring a 

dedicated solution. Wide range of plankton sizes (from few micrometers up to several 

millimeters) causes that the optical magnification of the system has to be adjusted for 

each target size group. In practice very small organisms cannot be efficiently imaged 

with the same hardware as larger ones as they generally require much higher 

magnification in order to capture all the morphological details enabling their further 

identification.  

Depending on the geographical location and time of sampling the abundance of 

various species in a sample may differ. Therefore, it is often necessary to collect 

samples for a long period of time in order to gather enough images of the less 
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abundant species to build a successful classifier. This imposed limitation on the data 

set to use only 16 classes as explained in section 2.3.2. 

Another challenge in plankton classification is posed by the quality of the images 

acquired with the proposed system. Despite the careful design the optical hardware 

still suffers from limited depth of focus. As a consequence, some of the images are 

captured out of focus i.e. blurred in a way impeding or even entirely preventing their 

identification.  

The last great challenge is caused by the fact that the system acquires images of live 

targets while freely passing with the flow in front of the camera. The organisms are 

rotated and pushed by the water flux in the same time moving on their own. This 

results in capturing them in random 3D orientations. As a consequence, some of the 

images do not contain sufficient information for their visual identification. Figure 18 

presents copepod images segmented from subsequent frames of a sequence with a 

slow flux. While passing in front of the camera the organism jumped. It can be easily 

observed that the morphology of the copepod on the images changes drastically and 

that only the first and last two images contain enough level of details allowing their 

visual identification.   

 

Figure 18: Copepod while jumping. The images were segmented from subsequent frames of a 
sequence recorded with a very slow flux. 

2.3.2 DATA SET 

The biological sample used for building the classifier was captured with plankton net 

(80 μm mesh size) in the São Sebastião Channel in October 2013 and diluted in 30 

liters of seawater before passing through the system. The images were acquired with 

the bright field microscopy technique and segmented with the proposed processing 

method. Then, the segmented images were manually classified into 47 classes. The 

number of vignettes per class varied significantly. There were only 2 classes with 

more than 500 images, 16 with more than 100 and 13 with less than 20. In order to 

decrease the negative effect of low number of vignettes per class only the 16 

categories with more than 100 images were selected for the data set. Moreover, the 

number of images was limited to exactly 100 per class in order to balance them. 

Figure 19 presents the representative image of each of these categories. 

Gorsky et al. suggested in [29] that the optimal number of images per category is 

between 200 and 300. During their experiments this amount provided sufficiently 

high recall (true positives) and low contamination (false positives) of the 

classification result. The improvement coming from using more than 300 vignettes 
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per class was negligible. The proposed system is still in the testing phase. Therefore, 

the database for classification was limited to the currently available set of images 

with merely 16 classes having 100 vignettes each.  

 

Figure 19: 16 selected taxa included in the data set and used to build the classifier: Chaetoceros 
(A), Chaetoceros out of focus (B), Copepod without antenna (C), Copepod Calanoid (Acartia) (D), 

Copepod Cyclopoid (Oithona) (E), Copepod (Oithona) out of focus (F), Copepod jumping (G), 
Copepod dead (H), Coscinodiscus (I), Fine fibers (J), Thick fibers (K), Nauplius out of focus (L), 

Neoceratium (M), Neoceratium out of focus (N), Odontella sinesis (O) and Pyrocystis (P). 

The first two challenges in plankton classification presented in section 2.3.1 were 

handled by selecting only those classes with sufficient number of vignettes and by 

balancing the number of images per class. However, the last two challenges are much 

more difficult to handle. Images captured out of focus or from unfortunate 3D 

orientation (obscuring crucial details for target’s identification) constitute a hard 

problem for visual identification even for experts in the field. In order to deal with 

these cases additional classes were created for some of the taxa. Classes B, F and N 

are the unfocused counterparts of respectively classes A, E and M. Moreover, in order 

to handle different visual appearances of various 3D orientations further classes were 

added for some taxa: C for E and G for D. These deliberate splits of some particular 

species into more than one class were made in order to increase the final accuracy of 

the classifier by avoiding putting together images with too different visual 

appearances. Nevertheless, there were still some images that were impossible to be 

manually identified by experts. These hardest cases were put in a separate category 

of the data set. 
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2.3.3 SELECTION OF FEATURES 

Various ways of measuring and characterizing segmented images are described in the 

literature [43]. New software was developed for extracting a set of 55 features 

presented in Table 3. It was written in C++ and designed to work with the images 

recorded and processed with the proposed system. It takes as input path to a 

directory with images organized in individual subfolders according to their classes. It 

processes all of them and stores the extracted features in two file formats: .arff 

(WEKA specific) and .txt. In the latter file the features of individual images are stored 

in tabulated rows. This allows convenient data exportation to various available data 

visualization tools.  

Table 3: List of all extracted features. 

File name 22.  Feret diameter 2 [μm]  

Magnification 23.  Bounding box area [μm2] 

Pix size [μm] 24.  Min encl. circle R [μm] 

1. Area [μm2] 25.  Ellipsis min axis [μm] 

2. Area excluding holes [μm2] 26.  Ellipsis maj axis [μm] 

3. Solidity 27.  Ellipsis area [μm2]  

4. Perimeter [μm]  28. Rel. dist. centroid – bounding box center [μm] 

5. Convex hull perimeter [μm] 29. Rel. dist. centroid – convex hull centroid [μm] 

6. Convexity  30. Rel. dist. centroid – best fitting ellipse center [μm] 

7. Max. convexity def. [μm] 31. Rel. dist. centroid – min. enclosing circle [μm] 

8. Compactness factor 32. Mean intensity 

9. Circularity 33. Mean intensity excluding holes 

10. Drainage-basin’s circularity 34. Standard deviation (intensity) 

11. Heywood’s circularity 35. Standard deviation (intensity) excl. holes 

12. Wadell’s circularity 36. Minimal intensity 

13. Rectangularity 37. Maximal intensity 

14. Eccentricity 38. Median intensity 

15. Elongation   39. Entropy (intensity) 

16. Minor dimension [μm] 40. Skewness (intensity) 

17. Euler number 41. Kurtosis (intensity) 

18. No. of holes in conn. comp. 42-48. Hu moment (1-7) 

19. Biggest hole area [μm2] 49-55. Log of Hu moment (1-7) 

20. Hole area ratio Class number 

21. Feret diameter 1 [μm] Class name  

 

Beside the 55 numerical features the software also stores metadata of the images 

(unnumbered items in Table 3) i.e. corresponding file names, optical magnification 

used during the acquisition, pixel size (the side length of real world square covered 

by one image pixel), class name and class number. The magnification and pixel size 

are constant for all the images acquired with a given optical hardware and have to be 

provided by the user. On the other hand, corresponding file names, class names and 
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class numbers are set automatically based on the names of directories and image 

files. The magnification and pixel size provided by the user are kept for reporting and 

allow to some extent scaling the features in case images acquired with different 

optical hardware configurations are to be analyzed together. The feature units are 

presented in the table next to their names. Those features that have no units are in 

general ratios of other characteristics and therefore, are scale invariant by default.  

Since the images acquired with PCM and BFM are completely different the feature 

extracting software allows switching between the two types of input images. The 

current implementation does not allow mixing the images acquired with different 

imaging techniques in one data set. All the classification results presented in this 

work were obtained using images acquired with the BFM technique. 

After all the features are extracted it is important to decide about their subset that 

will be used during the classification. Not all attributes are equally useful for 

distinguishing between the categories. Some of them are redundant while others 

simply do not introduce any valuable information for species identification. 

Eliminating these weak attributes makes the final classifier lighter and more stable. 

Moreover, a significant speed up can be achieved during feature extraction as only the 

truly important attributes are measured and stored. Testing all possible combinations 

of feature subsets would take too long even on a powerful computer. Fortunately, 

WEKA contains smart tools for automatic feature selection. First, it is necessary to 

decide which method should be used for attribute subset evaluation. Then, the search 

algorithm responsible for finding the potentially optimal feature subsets must be 

selected from the list of methods implemented in the software. Focusing on testing 

only the potentially best subsets significantly reduces the number of tested 

combinations and accelerates the attribute selection process. Table 4 presents the 

combinations of attribute evaluators and search methods used for feature selection.  

Once all the potentially optimal subsets were found the attributes were ordered 

according to the frequency they had been selected by all the methods. Then, three 

thresholds of above 20 %, 35 % and 50 % were used to find new subsets. They 

represent the most often selected attributes and hence constitute good candidates for 

the optimal subset providing highest classification accuracy while keeping the 

number of used features low. These subsets were compared with three subsets with 

the best coverage of the most selected attributes, set of all 55 of them and 15 

principal components calculated over all of them. The final list of feature subsets used 

to build and compare different classifiers was marked with asterisks in Table 4. The 

performance comparison of different classifiers and the feature subsets combinations 

is presented in section 3.2. 
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Table 4: Combinations of attribute evaluators and search methods in WEKA used for automatic 
feature selection. Asterisks indicate subsets selected for testing with different classifiers. 

Attribute evaluator Search method 
No of selected 
features 

Correlation-based Feature Subset 
Selection [44] 

Best-first [45]  28 * 

Greedy stepwise [45] 25 

Rank Search [46] 43 

Classifier – Random Forest [47] 

Best-first  13 

Greedy stepwise 6 

Race Search [48] 3 

Rank Search   40 * 

Classifier – J48 (C4.5) [49] 

Best-first  15 

Greedy stepwise 15 

Race Search  6 

Rank Search  41 

Classifier – Bayes Network [50] 

Best-first  16 

Greedy stepwise 16 

Race Search  14 

Rank Search  54 

Consistency [51] 

Best-first  11 

Greedy stepwise  11 

Rank Search   25 * 

Frequency of appearance in the 
subset selected by other methods 

Above 50 %  17 * 

Above 35 %  31 * 

Above 20 %  47 * 

Principal Components Analysis Ranker  15 * 
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3 Experimental results 

3.1 Segmentation results 

The presented segmentation and counting tool (Plankton Counter) was tested on 

biological samples captured with 100 µm mesh-size plankton nets in the coastal area 

of Ubatuba, São Paulo, Brazil. The diluted seawater sample was pumped in the 

pipeline and captured at 108 frames per second with the phase contrast microscopy 

setup equipped with the 1312 x 1082 pixels PhotonFocus camera. The recordings 

have in total 21,779 images. Although the processing methods are best optimized for 

operating in real time mode, entire sequences were stored in a hard drive to allow 

comparison of the two approaches while processing exactly the same data. Tables 5 

and 6 present details of a representative subset of that database and corresponding 

results. 

The video sequences were divided into three groups: A, B and C, according to 

different organisms’ abundance. The first group, with names in the two tables starting 

with A, contained movies with relatively small number of targets. In these sequences 

organisms were captured crossing the frame area separately i.e. one in a time. The 

second group labeled B corresponds to videos with medium target concentration. In 

these sequences up to three organisms are visible passing through the capture area 

simultaneously. Figure 15 presents a sample frame, the VR representation and 

segmented organisms from sequence B-1. All the other movies with many targets 

recorded while passing together in front of the camera belong to the last group – C. It 

can be very often observed that organisms in these sequences were so abundant that 

they started to overlap and occult each other. Figure 20 presents segmentation 

results of various plankton species found in the PCM testing sequences. 

 

Figure 20: Sample segmentation results of the PCM images. 

Table 5 presents accuracy and precision results of the two approaches. The frame-by-

frame method was tested in two configurations: processing every twenty-second and 
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twenty-forth frame respectively. In the first case this approach was characterized by 

nearly 100% accuracy, except for the two sequences with relatively low target 

concentration: A-2 and A-3. On the other hand, it had the lowest precision. The 

second frame-by-frame configuration had slightly higher precision rate, however, for 

the cost of decreased accuracy. All accuracy problems in the frame-by-frame method 

correspond to targets that were not detected properly because they were moving 

faster than the majority. In such cases the gap between processed frames was too big. 

On the other hand, the main precision issues of all compared approaches were caused 

by undesired duplications of detected targets.  Therefore, the two configurations of 

the frame-by-frame method demonstrate the compromise between the accuracy and 

precision results as the sampling period changes. Analyzing Table 5 it can be also 

observed that the poorest results of each method were obtained for the most 

abundant in plankton in the set sequence – C-1. High concentration of targets and 

their often mutual partial or entire occultation caused that many particles were not 

detected correctly. Moreover, their speed in this video was varying more than in 

others which also influenced the precision rate.   

Table 5: Accuracy comparison of Visual Rhythm-based and simple frame-by-frame (F-B-F) 
approaches. The number in brackets by the latter informs about the frame interval between 

processed images. 

TEST DATA VISUAL RHYTHM F-B-F (22) F-B-F (24) 

Sequence 
No of 

frames 
No of 

organisms 
Accuracy Precision Accuracy Precision Accuracy Precision 

A-1 2000 15 100,0% 100,0% 100,0% 26,8% 100,0% 28,8% 

A-2 1894 24 100,0% 100,0% 96,0% 66,7% 96,0% 72,7% 

A-3 2000 32 100,0% 94,1% 87,9% 76,3% 93,9% 79,5% 

Subtotal: 5894 71 100,0% 97,3% 93,2% 52,3% 95,9% 56,5% 

B-1 2000 56 98,2% 94,8% 100,0% 81,4% 91,2% 82,5% 

B-2 1902 76 98,7% 97,4% 100,0% 80,8% 95,2% 85,1% 

B-3 1964 52 98,1% 100,0% 100,0% 36,0% 100,0% 39,9% 

Subtotal: 5866 184 98,4% 97,3% 100,0% 58,5% 95,6% 61,9% 

C-1 1881 108 91,7% 91,7% 100,0% 51,3% 97,6% 53,6% 

Subtotal: 1881 108 91,7% 91,7% 100,0% 51,3% 97,6% 53,6% 

TOTAL: 13641 363 96,7% 95,6% 98,8% 54,9% 96,3% 58,1% 

 

For this comparison studies the computation time and accuracy were considered as 

the primary priorities. Precision of the frame-by-frame method can be improved by 

including a post-processing routine of the results. It would match multiple copies of 

the same target basing on both their morphology and recording time and remove all 

but the best one. Such approach however would add a complicated algorithm to the 

processing pipeline, which could result in lower per frame processing time.  
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The Visual Rhythm-based approach is characterized by very balanced accuracy and 

precision rates. When the flux speed is matching well the recording frame rate the 

chance of missing a target is very low. The method handles temporal velocity 

variations between various targets much better than the frame-by-frame equivalent. 

Moreover, the concept of using Visual Rhythm does not allow multiple detection and 

segmentation of the same object. In fact the only situation in which this method 

present potential problem is when living targets oppose the flux and cross the 

reference line more than once. The final count might be underestimated with those 

organisms that enter or leave the capture area before or after the line used to 

compose the VR image. The influence of these difficulties can however be greatly 

diminished by accelerating the flux speed to the maximum allowed for the used 

camera and narrowing the flux chamber dimensions so that the whole area is 

captured. Majority of the detection issues that decreased the accuracy and detection 

rates for the sequences presented in Table 5 were caused by exactly these reasons. 

The rest resulted from organisms overlapping each other and thus being detected 

incorrectly as one or due to the imperfection of the optical system. Figure 21A 

presents frames fragments extracted from real video on 20%, 50% and 80% of its 

height from three frames separated in time. It is clearly visible that the two animals 

first apart overlap over each other and then separate again. Such situations are 

caused by two factors: 

1) it is very difficult to obtain an ideally uniform and unidirectional water flux, 

even in the controlled conditions;  

2) the organisms are alive and thus swim in a way that is difficult to predict. 

 

 

Figure 21: Possible problems encountered during the detection of the animals in the water flux. 
The vertical arrow in the middle indicates the direction of the flux and thus the order of frames 

from which the fragments were extracted. 
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The presence of these collisions leads to the incorrect detection and counting results. 

In order to avoid this inaccuracy a small modification in the method can be applied. 

Instead of taking only a single, middle row from each frame to create VR, several 

equally distributed lines should be used to create few independent VRs from the same 

video sequence (naturally their creation should be delayed by the time necessary for 

a target to pass from one chosen row to the other). The animals that overlap each 

other in the neighborhood of one of these lines (and are thus improperly detected) 

are very likely to be counted correctly in the remaining VRs, as presented in Figure 

22. Analysis of data obtained from processing of different VRs composed from the 

same frame sequence can significantly increase the robustness of the final results. On 

the other hand, this modification will introduce repetitions in the segmentation and 

subsequent feature extraction steps which would drastically increase per frame 

computation time. 

 

Figure 22: Targets with area larger than 100 pixels detected in testing video sequence using 
three different lines to create the VR: a) 20%, b) 50% and c) 80% of the frames height. The four 

occurring collisions between the animals were marked with colorful ellipsis. 

Figure 21B presents the same animal crossing the three lines used to create three 

independent VRs. It can be easily noticed that as the microscopic organism moves, it 

is rotated and therefore its image has a completely different morphology. This in turn 

can be a great challenge for the identification of the plankton species in the samples 

cropped and stored with the presented methods. Although currently existing 
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algorithms for pattern identification allow precise recognition between animals' 

species, they often require that the pictures are taken always in the same, optimal 

orientation with respect to the camera. Orientation normalization methods should be 

developed in order to minimize this drawback. 

Phase contrast microscopy allows visualization of diaphanous objects by enhancing 

their edges. This may however cause some difficulties for the VR-based method. 

Consider an opaque target passing in the capture area. The optical technique will 

enhance its outline and leave the interior part very dark (see the first two organisms 

of the first row presented in Figure 8). In this case the line in the generated VR record 

corresponding to such target will most likely be full of holes or in the worst case 

divided into several smaller patterns. The smoothing step during VR image 

preprocessing is responsible for handling most of these situations. Nevertheless, they 

may cause occasional duplicates (as more than one line will link to the same target) 

or even omission of some of such targets (when the line is so scattered that the 

preprocessing method is not able to join it back together; then its parts may be 

removed in the next step as separately they have too small area). Despite all these 

potential difficulties the VR-based method represents the best compromise between 

the two detection results characteristics with overall accuracy above 96% and 

precision above 95%.  

Table 6 presents average computation time comparison of the two methods and their 

different implementation options for three video sequences: A-2, B-1 and C-1. The 

results were measured on the testing device running 64-bit Windows 7 Ultimate with 

Intel Core i7 2.80 GHz, 24 GB RAM and NVIDIA GeForce GTX 480. The two approaches 

were implemented in versions using MATLAB, C++ (pure CPU) and C++ with CUDA 

(GPU-CPU hybrid implementation). 

Table 6: Computation time comparison between different implementation options of the two 
video sequence processing methods. All values were measured in seconds. 

Sequence 
No of 

frames 
No of 

organisms 
Method MATLAB C++ CPU 

C++ GPU 
& CPU 

A-2 
1894 

24 

VR complete 
(with sequence loading) 

130,809 
23,068 23,494 

11,969* 

VR processing only 2,531 0,257 0,111 

78 Frame-by-frame (24) 22,958 2,564 2,756 

B-1 
2000 

56 

VR complete  
(with sequence loading) 

184,216 
24,557 24,718 

14,840* 

VR processing only 4,848 0,388 0,239 

83 Frame-by-frame (24) 25,861 2,920 3,086 

C-1 
1881 

108 

VR complete  
(with sequence loading) 

144,562 
24,179 23,506 

18,898* 

VR processing only 9,418 0,665 0,546 

78 Frame-by-frame (24) 31,345 3,758 4,352 
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Although the proposed methods were designed to process frames in real time directly 

from the camera they had to be adapted to work with image sequences loaded from 

local hard drive in order to enable comparison of different implementations 

performance on the same data. As a consequence, the computation time results of 

complete VR-based method include time necessary for loading an entire image 

sequence to the RAM. Reading from drive and allocating such large amount of data is 

very time consuming. Hence, to expose better the processing time differences the 

comparison table also includes the processing time without this loading delay but 

including all the rest of the process i.e. VR record generation, its preprocessing and 

targets detection, measuring, segmentation and saving in local hard drive. These 

results are expected to be much closer to the final performance of the proposed 

method as images captured with the high speed camera will be automatically 

allocated to computer’s RAM and from there accessed directly by the software.  

Analysis of Table 2 reveals dependencies between image sequence length, targets 

concentration and computation time. The longer the sequence, the more time is 

necessary to process it. Moreover, high abundance of targets significantly extends the 

computation time. In addition, Table 6 demonstrates how different implementations 

of the same algorithm may vary its final performance. In order to maximize the 

number of analyzed images it was decided to implement the method in GPU. 

Unfortunately not all algorithms can be efficiently implemented in this architecture. 

The detection of connected components in images has not yet been implemented in 

GPU. Therefore, this procedure was implemented in CPU. Nevertheless, the whole 

preprocessing part of each method (VR image and selected raw frames preprocessing 

respectively) was entirely coded for the graphic card. As a consequence, the current 

implementation is a GPU-CPU hybrid and takes benefits from both devices. It can be 

observed that MATLAB implementations are always the slowest. This is caused by 

several factors: MATLAB is an interpreted language, C++ offers better means to 

parallelize the code execution and manage memory more efficiently; in addition, 

modern compilers enable high optimization of the final application. This acceleration, 

however, has its cost in more complicated development and testing processes. In 

practice the obtained speed up is between 9 and 14 times when migrating from 

MATLAB to C++ and from 17 to 22 times if preprocessing part was additionally 

implemented in GPU. It is important to mention that the computation time may vary 

depending on specification of the used hardware. Nevertheless, considering different 

currently available CPUs and GPUs (it is difficult to predict the future trends in 

computer hardware development) these differences should be relatively small and 

should not change the general relation.  

Two average computation times of the complete VR-based method MATLAB 

implementation were presented in Table 6. The lower value (marked with an 

asterisk) corresponds to a modified VR-based approach in which instead of loading 

the entire sequence to RAM each frame is read and released immediately after its 

middle line is extracted. As a consequence, the software does not need to allocate 
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such a large amount of memory which results in faster processing time. Nevertheless, 

this approach can be only used to process frames previously stored in a hard drive. 

Therefore, this modification was neglected in the final implementation written in C++.   

Performed tests revealed that the proposed VR-based method is between 7 and 23 

times faster in processing long video sequences (considering most optimal 

implementations for each method) than a more traditional frame-by-frame approach. 

This value depends strictly on both sequence length and the number of present 

targets. Processing time of VR-based method is shortest when VR representation 

preprocessing is implemented on a graphic card. However, it can be observed that in 

general computation times of complete VR and frame-by-frame methods are slower 

in case of the hybrid implementation. This is caused by the fact that memory 

initialization and data transfer to and from the GPU card consumes a lot of time. As a 

consequence, GPU implementation is most efficient only when a single large matrix is 

uploaded and processed with many routines before the download. In the case of 

frame-by-frame approach many frames are to be processed one after the other which 

resulted in slightly slower results when implemented in GPU. 

3.1.1 VOLUME THROUGHPUT 

The final volume throughput depends on many factors: 

 optical magnification – strictly connected to the size range of observed targets 

and pixel size of the camera sensor; 

 depth of focus – the thickness of the observed volume in which targets are 

captured with detail level allowing their automatic identification; 

 flux chamber thickness; 

 camera exposure time and frame rate – decreasing the exposure time allows 

higher frame rate but requires more powerful light source to provide sufficient 

illumination level; 

 flux speed, 

 per frame computation time. 

All these factors except for the last two are specific and constant for a given 

experiment. The optical magnification has to be adjusted accordingly to the sizes of 

the observed targets and available camera specification. The depth of focus is limited 

by magnification, optical hardware and the flux chamber thickness. The acquisition 

frame rate depends on the camera configuration. On the other hand, the flux speed 

depends only on the per frame computation time. It has to be adjusted in a way that 

in any moment no sample volume will be analyzed twice, while in the same time 

minimizing the information loss between the captured frames. 

Final volumetric throughput strongly depends on the hardware used in the 

monitoring system. Both image processing methods were optimized to minimize the 

per frame computation time and hence, maximize the sample throughput by 
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maximizing the flux speed. In case of the VR-based approach the main limitation is the 

flux speed       that must fulfill the condition given by Eq. (3), where       is the 

minimal minor dimension of the observed targets and      is the camera frame rate. 

                   (3) 

The maximal volume throughput      can be calculated using Eq. (4), where       is 

the camera pixel size,     – length of the VR line,   – optical magnification and    - 

thickness of the flux chamber 

      
         

 
           (4) 

Substituting the flux speed with the maximal value assuring that no target passing 

through the reference line will be skipped we obtain: 

      
         

 
                (5) 

Table 7 presents the simulation of the maximal volume throughput obtained with the 

VR-based method and two different cameras. The first camera is the same as used in 

the previous comparison experiments. However, the second – Basler acA2040-180km 

was not tested with the Plankton Counter yet and was put in the table just to estimate 

the sample throughput while working with the currently fastest commercially 

available camera (the speed limit is imposed by the Full CameraLink standard). The 

maximal volume throughput was calculated assuming that the depth of focus covers 

the entire flux chamber thickness equal to 12.5 mm. The two camera sensors have 

different pixel sizes. As a consequence, the optical magnification had to balance this 

fact to assure that both configurations generate images with the same pixel resolution 

which in this case was fixed at 5 µm per image pixel. This corresponds to a 

representation of 100 x 100 µm square targets with 20 x 20 pixels. 

Table 7: Theoretical maximal volume throughput of the VR-based method using different 
cameras and 12.5 mm thick flux chamber. The amplification was normalized to acquire images 

where 100 µm correspond to 20 pixels. 

Camera specification 
Optical 

magnification 

  

Max. volume 
throughput  

     

Model 
pix. size 

      
frame rate 

     

VR line 
length 

    
[ml/s] [l/h] 

PhotonFocus 
MV1-D1312C-160-CL 

8 µm 108 fps 1312 pix 1.6 0.89 3.19 

Basler  
acA2040-180km* 

5.5 µm 720 fps 2040 pix 1.1 9.18 33.05 

 * the developed software was not tested with this camera. It was placed here to estimate the full 

potential of the proposed method. 
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On the other hand, the maximal volume throughput      for the frame-by-frame 

method can be estimated using Eq. (6), where    and    represent the camera 

resolution (respectively the sensor height and width in pixels) and       is the 

effective frame rate. 

      
     
       

  
          (6) 

Due to the per frame computation time of this method the camera frame rate had to 

be reduced to the average frame rate for medium target concentration. On the other 

hand, the entire volume captured with each frame is analyzed. As a consequence, the 

total maximal volume throughput exceeds the one obtained with the VR-based 

approach. Table 8 presents comparison of the simulated maximal volume throughput 

for the frame-by-frame method and the two tested cameras under the same 

conditions, i.e. 12.5 mm thick flux chamber and the optical magnification normalized 

to acquire the images with 5 µm per pixel resolution. 

Table 8: Theoretical maximal volume throughput of the frame-by-frame method using different 
cameras and 12.5 mm thick flux chamber. The amplification was normalized to acquire images 

where 100 µm correspond to 20 pixels. 

Camera specification Effective 
frame 
rate 

     

Optical 
magnification 

  

Max. volume 
throughput 

     

Model 
pix. size 

      
Resolution [ml/s] [l/h] 

PhotonFocus 
MV1-D1312C-160-CL 

8 µm 
1312 x 

1082 pix 
25.8 fps 1.6 11.45 41.20 

Basler  
acA2040-25gm 

5.5 µm 
2048 x 

2048 pix 
7.7 fps 1.1 10.09 36.33 

The reason for the maximal sample throughput of the frame-by-frame approach being 

higher than that of  the VR-based method is that while the latter analyzes in each new 

frame the volume covered by merely the reference line, the first investigates the 

entire captured volume. Nevertheless, it is very important to remind here about the 

main concept differences behind the two methods. VR-based approach allows 

continuous sample monitoring and captures all targets that pass through the 

reference line. On the other hand, the frame-by-frame approach despite processing 

greater volumes per time unit is much more prone to skip or duplicated targets as 

explained earlier in this section. The F-B-F approach processes all frames regardless 

of their content, whereas, the VB-based method focuses on finding and extracting the 

targets in the entire video sequence, which makes it the preferred method while 

addressing low or unknown target concentrations. As a consequence, each of the two 

methods may find different applications, depending on the priority decision. 

In case of the ballast water quality assessment problem the continuous monitoring 

offered by the VR-based method is much more desirable. However, the imposed short 

analysis time and huge sample volume make it impossible to use this method for the 
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entire tank volume. The proposed solution uses the mixed approach combined with a 

statistical model of the plankton distribution in ballast water tanks. This hybrid 

method is to use simple frame-by-frame approach during most of the time and to 

switch to continuous operation (VR-based method) only when some abnormality is 

detected. By knowing the organisms’ distribution in advance the analyzed volume can 

be concentrated and sampled to obtain small representative samples possible to be 

investigated in real time with the hybrid method without significant loss of the 

information regarding the organisms’ population and species diversity [52].   

It is important to mention that Tables 7 and 8 present theoretical values of the 

maximal throughput. The final volumetric throughput may vary because it strongly 

depends on the used hardware (camera, optical system and the computer: its RAM, 

CPU and GPU) and temporal variation of the data transmission speed between the 

camera and the computer analyzing images. Additional tests with the next generation 

prototypes should be performed in order to estimate the actual volumetric 

throughput with higher accuracy. 
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3.2 Classification results 

This section presents classification results of the data set built with the segmented 

images. The details of the data set and feature selection are described in respectively 

sections 2.3.2 and 2.3.3.  

In order to find the best learning model for the plankton identification problem eight 

classifiers available in WEKA were tested and compared. Table 9 presents the list of 

the selected classifiers. 
Table 9: List of compared classifiers. 

Name Description Ref. 

Bayesian Network 
Bayes Network learning using various searching 
algorithms and quality measures 

[50] 

kNN k=5 
k-Nearest Neighbors  [53] 

kNN k=7 

Random Forest Constructs forest of random trees [47] 

Functional Trees 
Builds classification trees  that can have logistic 
regression functions at the inner nodes and/or leaves 

[54] 

Logistic Model Trees 
Builds classification trees with logistic regression 
functions at the leaves 

[55] 

SVM libSVM implementation of the Support Vector Machine  [56] 

SMO 
WEKA implementation of John Platt's Sequential 
Minimal Optimization algorithm for training a Support 
Vector Classifier 

[57] 

 

The training data contained 16 classes with 100 images each. Each vignette was 

described with 55 numerical attributes. The eight selected feature subsets presented 

in Table 10 were tested with all the classifiers. Table 11 presents the accuracy results 

of all the combinations of the feature subsets and classifiers during 10-fold cross 

validation test. 

Table 10: Feature subsets used in the classifier comparison. 

Subset 
No. of 

features 
Selection criteria Search engine 

I 55 All features – 

II 28 Correlation-based Feature Subset Selection Best-first 

III 40 Classifier: Random Forest Rank Search 

IV 25 Consistency Rank Search 

V 17 
Frequency of appearance in the subset 
selected by other methods 

Above 50 % 

VI 31 Above 35 % 

VII 47 Above 20 % 

VIII 15 Principal Components – 
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Table 11: Comparison of the eight classifiers using different feature subsets. The values 
represent the percentage of correctly classified instances for 10-fold cross validation. The 

maximal accuracy for each feature subset is presented in bold.  

Feature 
subset 

Beyesian 
Network 

kNN 
k=5 

kNN 
k=7 

Random 
Forest 

Funct. 
Trees 

Logistic 
Model 
Trees 

SVM SMO 

I 55 82.7 % 83.2 % 84.1 % 83.9 % 85.6 % 86.4 % 89.4 % 89.5 % 

II 28 84.2 % 82.2 % 82 % 85.2 % 85.7 % 85.4 % 88.4 % 88.7 % 

III 40 82 % 83.2 % 83.2 % 83.8 % 85.9 % 85.1 % 88.5 % 88.2 % 

IV 25 80.6 % 82.8 % 82.4% 82.3 % 85.7 % 86.7 % 87.7 % 87.7 % 

V 17 82.4 % 81.6 % 81.3 % 83.1 % 85.6 % 88 % 87.9 % 87.8 % 

VI 31 83.2 % 82.4 % 82.4 % 84.2 % 87.1 % 87 % 89.2 % 89.2 % 

VII 47 82.7 % 83.1 % 83.5 % 83.2 % 86.9 % 86.5 % 89.5 % 89.6 % 

VIII 15 77 % 79.6 % 80.1 % 81.3 % 83 % 85.8 % 86.1 % 86.2 % 

 

Both SVM and SMO used Radial Basis Function kernel given by equation (7) and 

required tuning of the two hyperparameters: a regularization constant   and a kernel 

bandwidth  . This was performed using grid search method embedded in WEKA. It 

allows simultaneous optimization of the two parameters by predefining two finite 

sets of values – one for each and comparing accuracy of the classifier using all 

possible parameter pairs created by taking one value from each set. The pair 

providing the highest accuracy was considered closest to the optimal. Next, it was 

used as a center for the second round of grid search (this time with much smaller step 

between the grid values) that returned the final values of the two hyperparameters.  

This two-step procedure had to be repeated for both SVM and SMO and all the feature 

subsets. 

  (   )      |   |  (7) 

Most of the tested classifier–feature subset combinations provided accuracy above 

80%. The best accuracy was obtained with the two SVM implementations, followed 

by Logistic Model and Functional Trees. Table 12 presents the confusion matrix of the 

combination with the overall best accuracy result – Support Vector Machine trained 

with the improved John Platt's Sequential Minimal Optimization algorithm [57] (SMO 

with      and    ) using the subset of 47 overall best features (VII). Another 

interesting thing we can observe analyzing Table 11 is that SVM trained using the 

subset V of merely 17 features was only 1.7 % less accurate than the overall best 

combination. As a consequence, the final choice of the classification model is not 

obvious and depends strongly on the specification of the experiment (e.g. precision 

preference of some classes over others, available time for training the classifier and 

per sample classification). 

Analyzing Table 12 we can observe that the confusion between Chaetoceros (class A) 

and Chaetoceros out of focus (class B) (in fact belonging to the same taxa) caused 

significant decrease in the overall accuracy of the classifier. It is a common practice to 
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start the classification with a larger number of categories and then combine those 

that are logically related (i.e. which can be merged without significant loss to the main 

classifier purpose) and show high cross contamination (false positives percentage) 

[29]. Therefore, the two classes A and B were merged and the new resulting category 

was reduced to 100 randomly selected instances. The three best classifier-feature 

subset combinations were tested on this new training set. The corresponding results 

were gathered in Table 13. Table 14 presents the confusion matrix of the best 

classifier for the reduced training set i.e. SMO (        ) using all 55 features 

with accuracy of 91.4 %.   

Analyzing Tables 11 and 13 we can observe that both SVM and SMO provide high 

classification accuracy even when the number of used attributes is reduced. Subset VI 

containing only 31 out of 55 features can be used to train a classifier that is merely a 

fraction of a percent less accurate than the best one. As a consequence, it makes an 

excellent candidate for the final feature subset as it constitutes a reasonable trade-off 

between the feature number (and thus the computation time during their extraction) 

and the classifier’s accuracy and stability. 

Table 12: Confusion matrix of the best classifier for the 16 classes using subset of 47 overall 
best features. The columns are predictions and rows – actual classes: Chaetoceros out of focus 

(A), Chaetoceros (B), Copepod without antenna (C), Copepod Calanoid (D), Copepod Cyclopoid (E), 
Copepod out of focus (F), Copepod jumping (G), Copepod dead (H), Coscinodiscus (I), Fine fibers 
(J), Thick fibers (K), Nauplius out of focus (L), Neoceratium out of focus (M), Neoceratium (N), 

Odontella sinesis (O) and Pyrocystis (P).    
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A 65 14 0 0 0 1 0 4 0 0 2 2 9 2 1 0 65 69 

B 6 90 0 0 0 0 0 2 0 0 0 0 0 1 1 0 90 79 

C 0 0 95 0 0 0 3 1 0 0 0 1 0 0 0 0 95 90 

D 0 0 1 87 4 3 2 3 0 0 0 0 0 0 0 0 87 87 

E 0 0 0 4 95 1 0 0 0 0 0 0 0 0 0 0 95 95 

F 1 0 3 1 0 94 0 0 0 0 0 1 0 0 0 0 94 89 

G 0 0 4 1 1 0 92 0 0 0 0 2 0 0 0 0 92 94 

H 5 6 0 2 0 0 0 83 0 1 0 0 0 1 2 0 83 87 

I 0 0 0 0 0 0 0 0 99 0 0 1 0 0 0 0 99 99 

J 0 0 0 1 0 0 0 0 0 93 6 0 0 0 0 0 93 91 

K 1 0 1 2 0 0 0 2 0 8 83 0 2 0 1 0 83 86 

L 3 1 0 2 0 5 1 0 0 0 0 88 0 0 0 0 88 93 

M 10 0 0 0 0 1 0 0 0 0 3 0 84 2 0 0 84 86 

N 1 1 0 0 0 0 0 0 0 0 1 0 3 94 0 0 94 93 

O 2 2 1 0 0 0 0 0 0 0 1 0 0 1 92 1 92 95 

P 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 99 99 99 
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Table 13: Accuracy of the best classifiers for the reduced data set (15 classes with 100 images 
each) during 10-fold cross validation test. 

Classifier Feature subset No. of features Accuracy 

SMO 

I 55 91.4 % 

VI 31 90.9 % 

VII 47 91.1 % 

Table 14: Confusion matrix of the best classifier for the 15 classes using set of all 55 features. 
The columns are predictions and rows – actual classes: Chaetoceros mixed (A), Copepod without 

antenna (B), Copepod Calanoid (C), Copepod Cyclopoid (D), Copepod out of focus (E), Copepod 
jumping (F), Copepod dead (G), Coscinodiscus (H), Fine fibers (I), Thick fibers (J), Nauplius out of 

focus (K), Neoceratium out of focus (L), Neoceratium (M), Odontella sinesis (N) and Pyrocystis 
(O).    
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A 85 0 0 0 0 0 5 0 0 2 0 1 7 0 0 85 81 

B 0 93 0 0 1 4 1 0 0 0 1 0 0 0 0 93 84 

C 0 1 90 2 3 3 1 0 0 0 0 0 0 0 0 90 89 

D 0 0 4 95 1 0 0 0 0 0 0 0 0 0 0 95 97 

E 0 3 1 0 95 0 0 0 0 0 1 0 0 0 0 95 93 

F 0 8 1 1 0 86 1 0 0 0 3 0 0 0 0 86 91 

G 6 0 2 0 0 0 86 0 1 0 0 1 1 3 0 86 90 

H 0 2 0 0 0 0 0 97 0 0 1 0 0 0 0 97 98 

I 0 0 1 0 0 0 0 0 92 7 0 0 0 0 0 92 90 

J 0 0 0 0 0 0 1 0 9 86 0 0 3 1 0 86 88 

K 1 2 2 0 2 1 0 0 0 0 92 0 0 0 0 92 94 

L 1 0 0 0 0 0 0 0 0 0 0 97 2 0 0 97 95 

M 8 0 0 0 0 0 1 0 0 2 0 3 86 0 0 86 87 

N 4 1 0 0 0 0 0 1 0 1 0 0 0 92 1 92 96 

O 0 0 0 0 0 0 0 1 0 0 0 0 0 0 99 99 99 

 

The obtained classification results for 15 classes are comparable to the average 

human expert performance that varies between 84 and 95 % [40]. Moreover, they are 

better than 3 out of 4 similar works presented in Table 15. The only work that 

outperformed the presented method dealt with static color images captured in the 3D 

orientation optimal for species identification [17]. In addition, the focus of those 

images was greatly enhanced by combining multiple pictures of the same scene 

acquired in different focal planes which significantly improved the segmentation, the 

precision of the extracted features and consequently, accuracy of the classification.  
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Table 15: Comparison of the proposed classification results with similar works. 

Best classifier No. of classes Average accuracy Ref. 

SVM 15 91.4 % This work 

SVM 13 72.6 % [58] 

Random Forest 20 78.0 % [29] 

SVM 3 86.9 % [25] 

Neural networks 10 94.7 % [17] 
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4 Conclusion 

4.1 Concluding remarks 

A new method for general purpose monitoring of particles submersed in moving 

fluids was presented in this work. It was designed for continuous operation during 

extended time periods and can be used both in situ and in laboratories. The system is 

based on visual analysis of particles travelling with water flux in a dedicated pipeline. 

There are three stages of the system: image acquisition, detection of targets in images 

and their classification. To maximize the sampling volume a high resolution and high 

speed camera is used. The dedicated software detects, counts and measures objects 

passing in front of the camera. All targets are then stored in a local hard drive which 

not only greatly reduces required memory space (entire frames are no longer 

necessary) but also constitutes input for their further analysis. The usefulness and 

functionality of the proposed system was demonstrated on the example of long time 

plankton monitoring. Other potential applications of this work include analysis of air 

particles or versatile analysis of particles in moving fluids. 

The proposed video processing method uses Visual Rhythm representation of the 

frame sequence for efficient analysis of large amount of data obtained with the state-

of-the-art camera. It was tested on large dataset of plankton images and its 

performance was compared with traditional frame-by-frame approach. Performed 

tests demonstrated that the VR-based approach is faster and much more precise, 

while having the same accuracy rate as the other method. Moreover, presented 

results revealed performance differences between different implementations of the 

two methods. The VR-based software works much faster when implemented in the 

hybrid GPU-CPU environment. On the other hand, traditional frame-by-frame 

approach cannot be accelerated with such implementation due to time consuming 

data transfer between computer’s motherboard and the graphic card.   

The frame-by-frame algorithm presented here may be successfully used in situations 

when the detection accuracy is not the top priority or when the distribution of targets 

is well known. In such case flux speed could be significantly increased which would 

result in many particles being omitted. Nevertheless, it would also benefit in 100% 

precision (no target duplicates) and a higher volume throughput. On the other hand, 

the VR-based method was designed for continuous operation as part of the 

environmental monitoring system. Moreover, it can be effectively applied in all 

problems where targets to be detected move in the same direction in front of a 

camera. The tests results showed its high accuracy, precision and efficiency while 

working with long videos. As a consequence, it is the best choice for analysis of 

targets in the fluid media when their concentration is low or unknown. In many 

applications, however, a combination of the two approaches would be the best 

solution. In such cases the frame-by-frame method would scan the water volume for 
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interesting occurrences and once those are detected the VR-based method would 

trigger and perform detailed continuous analysis of the volume of interest. Plankton 

Counter, the software created during this project allows easy switching between the 

processing modes and parameters’ adjustment. This makes it a flexible tool for 

processing and analysis of images acquired with different hardware configurations 

customized for particular experiments. 

Segmented images were used to build an automatic plankton classifier. For this 

purpose a dedicated tool extracting 55 numerical features from plankton images was 

developed. Then, various available learning models and different feature subsets 

were compared in order to find the optimal classifier for the plankton identification 

problem. Most of the learning algorithms provided accuracy above 80 %, even with 

significantly reduced number of used features. The result of the best learning model 

using subset of merely 17 features was only 1.7 % less accurate than the overall best. 

The final choice of the classification model depends on the specification of the 

experiment. The proposed solution uses SVM classifier with Radial Basis Function 

kernel. It was tested on a dataset of 15 categories containing 100 vignettes each. The 

obtained accuracy of 91.4 % is comparable to the average human expert performance 

and better than in similar works.  

4.2 Future work 

The acquisition hardware of the system is still a prototype. Additional tests and 

experiments may bring further improvements of the captured image quality. 

Moreover, completion of the proposed environmental monitoring system requires 

integration of Plankton Counter with other environmental sensors measuring among 

others ambient salinity, pressure, depth, insolation and geographic location. In 

addition, in the close future the pump pushing the liquid through the flux chamber 

will be automatized and triggered by the presented software. 

Another area for improvement is connected to the plankton classification. In the 

future it will be added as a module to the Plankton Counter. Moreover, the dataset 

will be extended both in the number of classes and in the number of images per 

category. 
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