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I. INTRODUCTION 

  Plankton play an important role in marine 

ecosystem as they occupy the base of natural food 

chain. Some plankton species are harmful and others 

are not. To keep marine ecosystem healthy, it is 

critical to monitor the distribution of plankton species 

and generate alarm if needed. Monitoring can be done 

either manually or automatically. As can be expected, 

manual approaches based on human expertise are 

tiring, time consuming, and error prone. Thus many 

automatic approaches having recognition functionalities 

were proposed in the literature. 

  Until recent years recognition is mostly based on 

feature extraction followed by pattern recognition or 

classical machine learning method. Features used 

include shape, texture, invariant moments, etc., and 

support vector machine (SVM), ensemble classifier, 

and shallow neural network (NN) were frequently used 

for recognition. Only a few adopt deep learning 

framework to recognize plankton species (classes) and 

outperform conventional approaches. However almost 

all deep learning based methods assume that single 

image has only one plankton so that they cannot 

handle the case where multiple plankton of same 

species are clumped (homogeneous clumping) or there 

are multiple plankton of different species scattered in 

an image (heterogeneous interspersion). They do not 

have localization or detection ability either.  

  In this paper, we propose a deep learning based 
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method that can detect individual plankton in an 

image with homogeneous clumping, heterogeneous 

interspersion, or combination of both and recognize 

their classes. Our work was inspired by the system 

named “You Only Look Once (YOLO)” [1], a 

descendant of R-CNN family [2,3]. We applied the 

method to many real flow cytometer and microscope 

(FlowCam) [4] images and manmade examples and 

obtained almost perfect results.

II. RELATED WORKS 

  Luo et al. [5] proposed an active learning approach 

where they used shadow image particle profiling 

evaluation recorder (SIPPER II) images. They first 

extracted 49 features including normal/weighted 

moment invariants, Fourier descriptors, and textural 

features and apply multi-class SVM for recognition. 

The number of samples tested was 8,440 of only 5 

species and resulting recognition accuracy was 61%. 

  Hu et al. [6] used co-occurrence matrices as 

features obtained from images captured by video 

plankton recorder (VPR). SVM was used as a classifier 

to recognize 20,000 examples of 7 species. They 

reported that the accuracy was 72% which is better 

than [5].

  Blaschko et al. [7] also extracted various features 

such as moment, texture, contour, and differential 

features from images captured by low resolution in 

situ FlowCam image sensor and used a single or 

ensemble classifiers for recognition. They tested 982 

examples of 13 species and reported 53% to 73% 

accuracy depending on ensemble method.

  Cowen et al. [8] used high resolution line scan 

camera system called ISIIS to get images. They allow 

multiple organism present in single image. They used 

mixture of Gaussian based background models to 

detect objects. Next they extracted features including 

shape histogram, blob solidity, Hu moments up to third 

order, Fourier descriptors, and circular projection 

descriptors. Finally multiclass SVM was applied for 

recognition. They tested 1,110 examples of 5 species 

and reported 61% to 97% accuracy depending on taxa.

  Schulze et al. [9] used Sobel operator and histogram 

normalization for preprocessing and adopted region 

growing method to segment the plankton from images 

captured by FlowCam imaging sensor. Next they 

extracted features including elliptic Fourier descriptors, 

co-occurrence matrices, directionality histogram, 

moments, rotation invariant local binary pattern, etc. 

Finally two stage shallow neural networks were used 

for plankton/non-plankton separation and recognition. 

They used 1,418 plankton images of 10 species and 

reported 94.7% accuracy in average. This system was 

developed as an integrated system known as 

PlanktoVision.

  There was a competition for plankton classification 

presented by National Data Science Bowl (NDSB) [10] 

from Dec. 2014 to Mar. 2015. More than 1,000 teams 

participated and the team named “Deep Sea” won 

the prize. There were 30,000 examples of 121 species 

and the task was to correctly classify them. Most top 

rankers adopted deep learning architectures and Deep 

Sea reported log loss of 0.595671.

  Almost all the previous studies do not allow 

homogeneous clumping and heterogeneous 

interspersion that frequently happen in real 

environment. In the next section we propose a deep 

learning based method that overcomes these 

difficulties and produces high detection and 

recognition accuracies.

III. THE PROPOSED METHOD 

  As was mentioned in Chapter 1, our work was 

inspired by YOLO [1] which is a descendant of 

R-CNN family [2,3]. YOLO was originally developed to 

detect and classify objects in image database such as 

ImageNet [11], Coco [12], etc. Later it was used in 

other applications including traffic sign detection [13]. 
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(a)

(b)

Fig. 1. Deep neural network architecture for plankton detection and recognition: (a) YOLO and (b) PROPOSED

  A prominent advantage of YOLO over other deep 

learning based object detection scheme is execution 

speed with a bit more sacrifice on performance. 

However, since YOLO has too many unnecessary 

convolution layers for our application, we modify it to 

have a lot less convolution layers with smaller spatial 

dimension. Furthermore,  we changed one of two fully 

connected layers with convolution layer to reduce the 

number of connections that makes training and testing 

faster. The original YOLO (YOLO) and the proposed 

network (PROPOSED) are depicted in Fig. 1(a) and 

1(b) respectively. 

  Convolution layers (CONV) are responsible for 

feature learning, max pool layers (MP) for data size 

reduction and translation invariance, and fully 

connected layers (FC) for recognition. Among various 

convolution filter sizes, 1x1 is used to either increase 

or decrease size of data (feature maps). YOLO has 24 

CONVs, 4 MPs, and 2 FCs, whereas PROPOSED has 

14 CONVs, 4 MPs, and 1 FC. The numbers of CONV 

and FC are cut down to almost half which makes 

both training and testing a lot faster while maintaining 

the similar performance.
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Table 1. The number of samples (training + validation) and example images in each category
Harmful species Non-harmful species Harmful + Non-harmful

Total
Multiple Single Multiple Single Multiple Single
90 47 20 772 20 0 949

IV. EXPERIMENTAL RESULTS

  We used total 949 images (samples) of 18 species. 

Out of 18, 3 are harmful species that cause red tide, 

blood poisoning, etc. and 15 are non-harmful ones. 

We divide samples into these two groups since 

harmful species tend to clump a lot more than 

non-harmful ones. Some of the images in both groups 

have only one plankton body while others have 

homogeneous clumping, heterogeneous interspersion, 

or combination of both. Since it was not easy to get 

FlowCam images of all categories, we combine what 

we already have to produce various heterogeneous 

interspersion cases. Table 1 shows the number of 

samples in each category and some example images 

of each. Among all images in the database, 80% were 

used for training and remaining 20% for validation. 

Before dividing them into training and validation sets, 

we extracted their ground truth locations and classes 

manually. Batch size of 32 was used and 8 times of 

data augmentation was done by applying 6 geometric 

distortions and 2 pixel value modifications. Thus 949 * 

0.8 * 8 = 6,074 images were used for training. There 

were 949 * 0.2 = 189 samples in validation set. Some 

samples have only one plankton while others have 

multiple plankton. The total number of plankton in all 

validation set images were 305. 

  For learning, we adopt leaky ReLU activation and 

batch normalization to prevent gradient vanishing and 

explosion. We use softmax function as a cost function. 

Learning was performed on PC with one i7 CPU and 

one NVIDIA GTX980 GPU board. It took around 20 

hours for 20,000 epochs. For testing, the same H/W 

was used and the processing speed was around 50 

fps. 

  Fig. 2 shows some examples of plankton detection 

and recognition results. Fig. 2(a) is for Harmful 

species (Multiple), Fig. 2(b) for Harmful species 

(Single), Fig. 2(c) for Non-harmful species (Multiple), 

Fig. 2(d) for Non-harmful species (Single), and Fig. 

2(e) for Harmful + Non-harmful (Multiple).
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(e)

Fig. 2 Detection and classification results for each category: (a) Harmful species(multiple), (b) Harmful species(single), (c)
Non-harmful species(multiple), (d) Non-harmful species(single), and (e) Harmful + Non-harmful(multiple)

  Here boxes of various colors represent detection of 

plankton locations and the labels above them show 

recognition results. Our method detected all 305 

plankton and recognized all of them right. To measure 

the detection accuracy, we computed IOU (Intersection 

of Union) between the detected and the ground truth 

boxes. The average IOU all over 305 detections was 

0.86. This means that detected plankton location 

accuracy in average is 86%. While our method 

detected all plankton, there was one false detection 

(false positive) in Harmful (Multiple) category and it is 

depicted in Fig. 3. Fig. 3(a) shows the original and 

Fig. 3(b) the detection result. The box indicated as 

“FP” in Fig. 3(b) is a false detection. There were 

10 plankton named “pseudo-nitchia”(marked as 

pseudo) in the image, but our method found 11 

plankton.

(a) (b)

Fig. 3. False positive (FP) example: (a) Original image and (b) Detection results
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V. CONCLUSION

  Distribution of harmful plankton species in ocean is 

an important indicative of marine ecosystem health. 

There were several deep learning based approaches 

that recognized plankton images. However almost all 

of them assume that there is only one plankton in an 

image and thus no detection is performed. In this 

paper we allow multiple plankton present in an image 

in clumped or scattered fashion and propose a fully 

automatic way of detecting and recognizing them. The 

proposed method produced 100% detection and 

recognition accuracies with 1 false positive in 

detection.

  Currently the proposed method uses data set with 

18 plankton species. We try to extend the number of 

species as we get more data and this is intended for 

future research.
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