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Abstract

Softwares to track particles often use algorithmic approaches to detect particles and
to create tracks using the found positions, requiring human �ne-tuning of parame-
ters to achieve sought-for results. This can be time consuming and di�cult, while
also creating opportunities for human error and bias. With the developments of
computational power and machine learning techniques such as deep learning, data
driven approaches have made their way into many �elds of science. Barriers prevent-
ing advances of such methods are the lack of available training data within a �eld
and the level of pro�ciency required to create custom machine learning solutions.
DeepTrack 2.0 is a software providing us with means to simulate digital microscopy
images, build and train neural networks such as U-nets. In this paper DeepTrack 2.0
is utilized and built on to �t the needs of marine biologists when tracking plankton.
Here I show that DeepTrack 2.0 provides us with the tools necessary to detect and
track di�erent types of plankton �lmed in a variety of conditions with performance
on par with and with the potential to outperform conventional tracking softwares.
I also show that for plankton in a messy environment moving uniformly a network
trained to detect motion rather than a shape proves more successful. These results
demonstrate the versatility of deep learning methods and the potential of training
networks on simulations for applications on real data, as is the case for marine bi-
ologists studying plankton. They also show the impact the structure of the training
data has on the nature of the network.

Keywords: deep learning, U-net, digital microscopy, deeptrack, �ji trackmate.
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1
Background

Plankton are organisms de�ned by their motility; they can't swim against the cur-
rent of the �uid that they reside in [2]. Their size vary from less than a micron [3]
(eg. protists) to metres (eg. jelly�sh) [4]. Many species of �sh are also plankton
during their early larvae stage [5]. Plankton contribute to about 70% of the world's
total production of oxygen [6] and is the food source for almost all �sh at some stage
in their life [7]. Marine biologists that study plankton sometimes want to track them
in a microscopy sample, to do this they can use softwares that use algorithms to �nd
the plankton frame by frame in the video. However, there are a set of assumptions
made when running such a program, as well as hyper parameters to adjust to get the
best result [8]. This makes the methods subject to human bias and mistakes, both
with regards to how the algorithms themselves are designed but also how skilled
the person using the software is at optimizing the hyper parameters. Thanks to
recent developments of powerful computers and machine learning techniques, such
as deep learning, data driven approaches has become more prevalent for both indus-
trial purposes and various scienti�c �elds [9]. These approaches has also made their
way into the �eld of particle tracking [10, 11], but for the purpose of tracking plank-
ton the lack of available training data has hindered their advance [12, 13, 14, 15, 16].

DeepTrack 2.0 is a deep learning framework for digital microscopy, providing func-
tions to generate di�erent types of arti�cial neural networks and to simulate mi-
croscopy images to use as training data. In this paper DeepTrack 2.0 is used and
built on to train networks on simulated training data to detect and track plankton
in real microscopy samples. The functions and methods that has been added and
used through this project are described in chapter Methods. [17]

To solve the task of segmenting biomedical images where localization of cells is
of interest the U-Net can be used. The output then is an image of the same width
and height as the input where a class label is assigned to each pixel. [1] In this
paper we expand on the approach of using the image to be segmented as input to
also include using a sequence of images and also the computed di�erence between
the images as input. The particles are then assigned helical motion to update their
positions [18]. The idea behind this choice is that there is valuable information in
comparing frames since it is easier for humans to notice something that is moving
compared to �nding something that is stationary. [19]

1



1. Background

1.1 UNet

The UNet is a type of convolutional neural network (CNN) [20] that outputs a
segmentation of the image instead of a classi�cation. This is done through symmet-
rically adding an expansive up-convolution path at the end of a typical CNN as seen
in �gure 1.1.[1] The segmentations in �gures 1.2b, 1.2c and 1.2d will be annotated
as segmentation layers in this paper.

Figure 1.1: Architecture of a UNet. The left side follows the structure of a typical
convolutional neural network contracting the image while the right side expands the
image. The output of such a network can be seen in �gure 1.2. Figure from [1].

(a) Simulation (b) Background (c) Particle 1 (d) Particle 2

Figure 1.2: One simulated image as input with corresponding target outputs. Each
particle gets segmented to the layer corresponding to its label.

2



1. Background

1.2 ImageJ TrackMate

The software the network will be compared to is ImageJ TrackMate [21]. The main
points they will be compared on are

ˆ Detection of plankton.
ˆ Linking the positions of found plankton.

For detection of plankton TrackMate uses three algorithms based on Laplacian of
Gaussian segmentation, these are

ˆ Laplacian of Gaussan detector.
� It applies a Gaussian �lter to the image after which the Laplacian is

calculated, which results in strong positive responses for dark blobs and
strong negative responses for bright blobs. This method is strongly sense-
tive to the relationship between the size of the blob structures and the
scale of the Gaussian �lter. Recommended for spots of sizes between� 5
and � 20 pixels in diameter.

ˆ Di�erences of Gaussians detector
� Can be seen as an approximation of the Laplacian of Gaussian detector.

Recommended for spots of sizes smaller than� 5 pixels in diameter.

ˆ Downsample Laplacian of Gaussan detector.
� Downsizes the image before applying Laplacian of Gaussian detector.

Recommended for spots of sizes bigger than� 20 pixels in diameter.

[22], [23]
For linking of positions the software also has three algorithms,

ˆ Linear Assignment Problem (LAP) framework by Jaqaman et al [24]
� Links positions based on a linking cost calculated based on square dis-

tance. The calculation of cost can be modi�ed to add penalties if the
particles have di�erent intensities, shapes etc.

ˆ Kalman �lter [25]
� Traces particles and predicts their next most probable position based on

their previous positions and an assumption of constant velocity.

ˆ Nearest-neighbour
� Links the positions closest to each other between frames.

[26]
Of these algorithms nearest-neighbour is the one most similar to what is used by
our software.

3



2
Methods

This chapter can be seen as a user manual of how to use DeepTrack 2.0 to track
plankton. The functions will be explained in a suggested order of usage. A couple
of notebooks will also be provided showing how to implement these functions. The
order followed here is

ˆ Generating training data
� Simulating particles
� Simulating objective
� Creating a sample, image, sequence
� Plotting image
� Creating labels
� Plotting label

ˆ Training network
� Create batch function
� Create training data generator
� Create network
� Train network
� Evaluating network
� Saving/loading model

ˆ Analyze footage
� View network's classi�cation
� Segmenting images and extracting positions
� Create list of plankton with assigned positions, processing of positions
� Plot and save track, create video
� Plot net- vs gross distance, export positions

2.1 Generating training data

This section contains function used to generate and visualize training data.

2.1.1 load_and_plot_folder_image

Plots and returns an image in a folder.
Inputs:

ˆ folder_path
� The path to the folder with the images.

ˆ frame

4



2. Methods

� The number of the frame one wants to plot (assuming the images are
sorted alphabetically).

Outputs:
ˆ Plots the image
ˆ image

� The image is returned as a numpy array in RGB-format.

2.1.2 stationary_spherical_plankton

This function uses the function Sphere in DeepTrack 2.0 with some preset values to
simplify generation of plankton-like particles. The particles will look like small,
black dots. In this function im_size_height and -width de�ne the area within
which the particles will be simulated. The sphere will have a radius in the interval
[input radius, input radius + input radius � 0:5].
Inputs:

ˆ im_size_height
� Image height with regard to number of pixels.

ˆ im_size_width
� Image width with regard to number of pixels.

ˆ radius
� Radius of one plankton measured in meters. However, the microscope

function used uses a preset magni�cation such that values in the order of
10� 7 should be used for usable results.

ˆ label
� Label of generated particle, decides segmentation layer. If set to -1 plank-

ton will be classi�ed to background.
Output:

ˆ plankton
� A spherical scatterer with the speci�ed properties.

2.1.3 stationary_ellipsoid_plankton

This function uses the function Ellipsoid in DeepTrack 2.0 with some preset values
to simplify generation of plankton-like particles. The particles will look like small,
black ellipses. In this function im_size_height and -width de�ne the area within
which the particles will be simulated. Each of the radiuses of the ellipsoid will be
in the interval [input radius, input radius + input radius � 0:5].
Inputs:

ˆ im_size_height
� Image height with regard to number of pixels.

ˆ im_size_width
� Image width with regard to number of pixels.

ˆ radius
� Radius of one plankton measured in meters in x-, y- and z-direction.

However, the microscope function uses a preset magni�cation such that
values in the order of magnitude10� 7 should be used for viable results.

5



2. Methods

ˆ label
� Label of generated particle, decides segmentation layer. If set to -1 plank-

ton will be classi�ed to background.
Outputs:

ˆ plankton
� An ellipsoidal scatterer with the speci�ed properties.

2.1.4 moving_spherical_plankton

This function uses the function Sphere in DeepTrack 2.0 with some preset values
to simplify generation of plankton-like particles. The particles will look like small,
black dots. In this function im_size_height and -width de�ne the area within which
the particles will be simulated. To make the particles move between images in a
sequence a function that de�nes their motion is necessary. The sphere will have a
radius in the interval [input radius, input radius + input radius � 0:5].
Inputs:

ˆ im_size_height
� Image height with regard to number of pixels.

ˆ im_size_width
� Image width with regard to number of pixels.

ˆ radius
� Radius of one plankton measured in meters. However, the microscope

function used uses a preset magni�cation such that values in the order of
10� 7 should be used for usable results.

ˆ label
� Label of generated particle, decides segmentation layer. If set to -1 plank-

ton will be classi�ed to background.
ˆ di�usion_constant_coe�

� Constant multiplied to preset di�usion constant, can be seen as velocity.
Outputs:

ˆ plankton
� A spherical scatterer with the speci�ed properties.

2.1.5 moving_ellipsoid_plankton

This function uses the function Ellipsoid in DeepTrack 2.0 with some preset values
to simplify generation of plankton-like particles. The particles will look like small,
black dots. In this function im_size_height and -width de�ne the area within which
the particles will be simulated. To make the particles move between images in a
sequence a function that de�nes their motion is necessary. Each of the radiuses of
the ellipsoid will be in the interval [input radius, input radius + input radius � 0:5].
Inputs:

ˆ im_size_height
� Image height with regard to number of pixels.

ˆ im_size_width
� Image width with regard to number of pixels.

6



2. Methods

ˆ radius
� Radius of one plankton measured in meters in x-, y- and z-direction.

However, the microscope function used uses a preset magni�cation such
that values in the order of10� 7 should be used for usable results.

ˆ label
� Label of generated particle, decides segmentation layer. If set to -1 plank-

ton will be classi�ed to background.
ˆ di�usion_constant_coe�

� Constant multiplied to preset di�usion constant, can be seen as velocity.
Outputs:

ˆ plankton
� An ellipsoidal scatterer with the speci�ed properties.

2.1.6 Generating a sequence of moving plankton

To make the plankton move between frames they need to be turned into sequential
particles. This is done by feeding the plankton into the function Sequential together
with a function that updates the feature (eg. position) that one wants to change
between the frames. The function Sequential is in the original library of DeepTrack
2.0 so it wont be described here, but the functions used to update the positions will.

2.1.7 get_position_moving_plankton

Many plankton move in a helical trajectory [18], this function updates the positions
of the plankton in such a manner. What I found most e�ective though was to only
generate a sequence of three images so the type of motion isn't very important. The
function receives its inputs from the already generated plankton.

2.1.8 get_position_stationary_plankton

If one wants to add stationary particles to the sequence this update function simply
returns the previous position of the particle as its next position.

2.1.9 plankton_bright�eld

This function creates a bright�eld microscope with an illumination gradient of white
light using functions available in DeepTrack 2.0.
Inputs:

ˆ im_size_height
� Image height with regard to number of pixels, must be divisible with 16

since a U-net is used.
ˆ im_size_width

� Image width with regard to number of pixels, must be divisible with 16
since a U-net is used.

ˆ gradient_amp
� Sets the amplitude of the illumination gradient.

Outputs:
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ˆ bright�eld_microscope
� The microscope object that will be used to create an image with the

sample.

2.1.10 create_image

This function creates an image with the plankton sample and microscope. It also
adds a poisson noise to the image, normalizes it and �ips the image so that one
simulated image creates four training images. To create strongly shaded areas and
strongly lit areas one can set the normalization values to values outside the range 0
and 1, then the values above and below will be clipped to 0 and 1.
Inputs:

ˆ noise_amp
� Amplitude of noise.

ˆ sample
� The plankton sample.

ˆ microscope
� The microscope.

ˆ norm_min
� The lower bound for the normalization.

ˆ norm_max
� The upper bound for the normalization.

Outputs:
ˆ image

� The image object, like a recipe for how the image shall be generated.
Must use image.resolve()generate an image.

2.1.11 create_sequence

This function creates a sequence with the plankton sample and microscope. It also
adds a poisson noise to the images and normalizes them. To create strongly shaded
areas and strongly lit areas one can set the normalization values to values outside
the range 0 and 1, then the values above and below will be clipped to 0 and 1.
Inputs:

ˆ noise_amp
� Amplitude of noise.

ˆ sample
� The sequential plankton sample.

ˆ microscope
� The microscope.

ˆ norm_min
� The lower bound for the normalization.

ˆ norm_max
� The upper bound for the normalization.

Outputs:
ˆ sequence
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� The sequence object, like a recipe for how the sequence shall be generated.
Must usesequence.resolve()generate a sequence.

2.1.12 plot_image

Updates and plots the image.
Input:

ˆ image
� The simulated image you want to plot.

Outputs:
ˆ Plots the image.

2.1.13 plot

To plot a sequence writesequence.plot()where sequence is the sequence of images
to plot. This is a function from DeepTrack 2.0 and will create an animation of the
sequence. Writecmap='gray' to plot the image in gray scale, more arguments are
found in the DeepTrack 2.0 documentation.

2.1.14 get_target_image

Generates a target image from the simulated image of plankton. The output is a
stack (depends on number of labels) of segmented images of the input, one with
a white background and black dots and the rest with black background and white
dots. The white pixels signify what in the image belongs to the speci�ed label, the
goal is to turn plankton pixels white.
Input:

ˆ image_of_particles
� The simulated image of plankton.

Outputs:
ˆ label

� A three dimensional numpy.array.

2.1.15 get_target_sequence

Generates a target sequence from the simulated sequence of plankton. The output is
a stack of segmented images of the input where each image corresponds to one frame.
The image with a white background and black dots corresponds to the background
label, the rest with black background and white dots corresponds to each of the
images in the sequence. If the sequence contains more than one type of plankton
the label will be of imagesequence_length

2 rounded to �rst integer up. The white pixels
signify what in the image belongs to the speci�ed label, the goal is to turn plankton
pixels white.
Input:

ˆ sequence_of_particles
� The simulated sequence of plankton.

Outputs:
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ˆ label
� A three dimensional numpy.array.

2.1.16 plot_label

Plots the labels generated from the input image.
Inputs:

ˆ label_function
� The function used to generate labels, eitherget_target_image or

get_target_sequence.
ˆ image

� Image or sequence to get labels from.
Outputs:

ˆ Plots the label.

2.2 Training network

This section contains functions to generate and train network.

2.2.1 create_custom_batch_function

Before the network is trained with the simulated images one might want to apply
some functions to them, remove the mean image from them or subtract subsequent
images from each other. This function allows us to customize how the training
images are treated and presented to the network during training. The output is the
batch function which takes the resolved image/sequence as input and outputs the
treated image/sequence.
Inputs:

ˆ imaged_particle_sequence
� The simulated image or sequence.

ˆ outputs
� A list of how the output should be organized. The input [[0,1], [1,2], 0, 1,

2] means that the �rst two outputs is the di�erences image1� image0 and
image2� image1 and the last three outputs are the images image0, image1
and image2 in that order. Image 0 is the �rst image of the sequence. If
one simulates one image this input should be [0].

ˆ function_img
� A list of functions to be applied to the images. Should usually be ended

with some sort of normalization. Example: [lambda img: -img, normal-
ize_image]. Keyword arguments to the functions can be added to the
input. Functions that aren't supported by the function signature (eg.
numpy.exp, numpy.log) must be written as lambda x: numpy.exp(x).

ˆ function_di�
� A list of functions to be applied to the di�erences between the images.

Should usually be ended with some sort of normalization.
Outputs:
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ˆ custom_batch_function
� Function that applies all adjustments to the simulated image/sequence.

2.2.2 plot_batch

Plots the output of the created batch function.
Inputs:

ˆ images
� The simulated image/sequence you use.

ˆ batch_function
� The custom made batch function.

Outputs:
ˆ Plots what the training images will look like.

2.2.3 normalize_image

Normalizes the image between the speci�ed values, default to 0 and 1.
Inputs:

ˆ image
� Image to normalize.

ˆ min_value
� Lower normalization value.

ˆ max_value
� Upper normalization value.

Outputs:
ˆ image

� The normalized image as a numpy.array.

2.2.4 remove_running_mean

The running mean of an image is the mean of its local, surrounding images. This
function removes the running mean from an image, the mean is calculated from a
speci�ed number of images before and after the speci�ed image.
Inputs:

ˆ image
� The image the running mean will be removed from.

ˆ folder_path
� The path to the folder with the images.

ˆ tot_no_of_frames
� Total number of frames to be used in averaging.

ˆ center_frame
� Frame the local mean is calculated around.

ˆ im_width
� Image width with regard to number of pixels.

ˆ im_height
� Image height with regard to number of pixels.

11



2. Methods

Outputs:
ˆ image

� The normalized image with running mean removed as a numpy.array.

2.2.5 get_mean_image

Calculates and returns the resized mean image of the images in the folder.
Inputs:

ˆ folder_path
� The path to the folder with the images.

ˆ im_size_width
� Image width with regard to number of pixels.

ˆ im_size_height
� Image height with regard to number of pixels.

Outputs:
ˆ image

� The mean image of the images in the folder as a numpy.array.

2.2.6 ContinuousGenerator

This function is from the original DeepTrack 2.0 library. It allows us to generate
all the training data before starting training and reuse it during training so that
the training can be run entirely on the GPU. A more extensive documentation is
available on DeepTrack 2.0's github.
Inputs:

ˆ imaged_particle_sequence
� The simulated image/sequence.

ˆ get_target_sequence
� The label function.

ˆ batch_function
� The batch function.

ˆ batch_size
� The size of one batch, ex. 8.

ˆ min_data_size
� Number of generated data samples before starting training, must be big-

ger than or equal to the batch size times the number of steps per epoch
in training.

ˆ max_data_size
� The maximum number of data samples generated before new data starts

to replace old data.
Outputs:

ˆ generator
� The generator used during training to generate the training set.

12



2. Methods

2.2.7 generate_unet

This function uses the function unet from DeepTrack 2.0 with some preset param-
eters to create a UNet, the output is the keras model. If the width and height are
set to None then network will be able to segment any image size (divisible by 16).
Inputs:

ˆ im_size_height
� Image height with regard to number of pixels.

ˆ im_size_width
� Image width with regard to number of pixels.

ˆ no_of_inputs
� Number of images per training sample.

ˆ no_of_outputs
� Number of output images.

Outputs:
ˆ model

� The UNet.

2.2.8 train_model_early_stopping

Uses model.train to train the model using early stopping to stop the training when
the loss hasn't improved for a number of epochs.
Inputs:

ˆ model
� The keras model to be trained

ˆ generator
� The generator used to create the training data.

ˆ patience
� Stops training after this number of epochs since the last improvement

ˆ epochs
� Maximum number of epochs to train network.

ˆ steps_per_epoch
� Number of steps per epoch.

Outputs:
ˆ model

� The trained network.

2.2.9 model.save

To save the model you writemodel.save(save_path)(if the network is called model).
Input:

ˆ save_path
� String of the path to where the network will be saved.

Outputs:
ˆ The network will be save in the speci�ed location.
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2.2.10 keras.models.load_model

To load a model you have saved you writekeras.models.load_model(load_path_model,
custom_objects={'softmax_categorical':softmax_categorical}) where the second ar-
gument is used to load the custom de�ned loss function used in the U-Net.
Input:

ˆ load_path_model
� String of the path to where the network to be loaded is saved.

Outputs:
ˆ model

� The model saved at the location of the path.

2.2.11 softmax_categorical

Loss function used when training a U-Net.
Inputs:

ˆ T
� Truth, label of the image.

ˆ P
� The image.

Outputs:
ˆ error

� The error of the prediction.

2.3 Analyze footage

This section contains function used to analyze the plankton video.

2.3.1 get_image_stack

Similar to the create custom batch function. This function is used to structure the
input images to the correct format for the network to predict them. The structure
must be the same as the output from the batch function. The output is an array
with the images stacked on each other.
Inputs:

ˆ outputs
� A list of how the output should be organized. The input [[0,1], [1,2], 0, 1,

2] means that the �rst two outputs is the di�erences image1� image0 and
image2� image1 and the last three outputs are the images image0, image1
and image2 in that order. Image 0 is the �rst image of the sequence. If
one simulates one image this input should be [0].

ˆ folder_path
� The path to the folder with images to analyze. Only images can be in

the folder.
ˆ frame_im0
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� The frame number of the �rst image to be analyzed, this will be image0
in the "outputs" argument.

ˆ im_size_width
� Image width of the output image with regard to number of pixels.

ˆ im_size_height
� Image height of the output image with regard to number of pixels.

ˆ im_resize_width
� If the image is to be up-/down sized this is the width with regard to

number of pixels. For instance the images might be 1280x1024 pixels, but
the training has been done with the dimensions 640x512, this is where
the resizing is done.

ˆ im_resize_height
� If the image is to be up-/down sized this is the height with regard to

number of pixels. For instance the images might be 1280x1024 pixels, but
the training has been done with the dimensions 640x512, this is where
the resizing is done.

ˆ function_img
� A list of functions to be applied to the images. Should usually be ended

with some sort of normalization. Example: [lambda img: -img, Nor-
malize_image]. Keyword arguments to the functions can be added to
the input of im_stack. Functions that aren't supported by the func-
tion signature (eg. numpy.exp, numpy.log) must be written as lambda x:
numpy.exp(x).

ˆ function_di�
� A list of functions to be applied to the di�erences between the images.

Should usually be ended with some sort of normalization.
Outputs:

ˆ im_stack
� The stack of images to be used as input to the network, as numpy.array.

2.3.2 plot_image_stack

Plots the images generated by the image stack function.
Input:

ˆ im_stack
� The output of the get_image_stack function.

Outputs:
ˆ Plots the image stack.

2.3.3 plot_prediction

Plots the prediction of the network on the input image stack.
Inputs:

ˆ model
� The trained model.

ˆ im_stack
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� The output of the get_image_stack function.
Outputs:

ˆ Plots the prediction of the model on the image stack.

2.3.4 get_blob_centers

Finds clusters of ones in an array and assigns labels to them by changing each cluster
of ones to clusters of another integer. The �lter looking for clusters is a 3x3 array
of ones. Uses the function label from scipy.ndimage.
Inputs:

ˆ prediction
� A prediction from the model where all values are set to ones or zeros.

ˆ value_threshold
� Values in the prediction above the threshold are set to 1 and values below

are set to 0.
ˆ prediction_size

� Filters away clusters with fewer than or equal to the number of pixels
assigned.

Outputs:
ˆ centers

� A numpy.array of the row-/column-coordinates of the blobs.

2.3.5 get_blob_center

Takes the labeled array and �nds the center coordinates of each cluster.
Inputs:

ˆ label
� Integer of which cluster it looks for.

ˆ array
� Clustered prediction array.

Outputs:
ˆ row_center

� The row (y-coordinate) of the center of the blob.
ˆ col_center

� The column (x-coordinate) of the center of the blob.

2.3.6 extract_positions_from_predictions

Uses the model to make a prediction on the image stack and �nds the positions of
all the white dots in the speci�ed layer of the output of the prediction. The output
is a list of x-/y-coordinates.
Inputs:

ˆ im_stack
� The output of the get_image_stack function.

ˆ model
� The trained model.
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ˆ layer
� The layer of the prediction of which to extract positions from.

Outputs:
ˆ positions

� The found positions in one prediction of the network.

2.3.7 extract_positions

Loops overget_image_stackand extract_positions_from_predictions to produce a
list of lists where each nested list contains all found positions in one frame of the
video to be analyzed. All arguments used in aforementioned functions should also
be provided as keyword arguments.
Inputs:

ˆ no_of_frames
� The number of frames to be analyzed.

ˆ frame_im0
� The frame the predictions starts on, useful if one doesn't want to start

on the �rst frame.
ˆ value_threshold

� Values in the prediction above the threshold are set to 1 and values below
are set to 0. Isn't used by this function but gets sent to get_blob_centers,
is mentioned here because of its importance when using this function.

ˆ prediction_size
� Filters away clusters with fewer than or equal to the number of pixels

assigned. Isn't used by this function but gets sent to get_blob_centers,
is mentioned here because of its importance when using this function.

Outputs:
ˆ positions

� A list of the found positions in all of the predicted images.

2.3.8 plot_found_positions

Takes the list of positions and plots the positions of the �rst frame.
Inputs:

ˆ positions
� The positions found by the network and clustering.

ˆ width
� The number of pixels on the width.

ˆ height
� The number of pixels on the height.

Outputs:
ˆ A plot with white dots at the found positions on a black background.

2.3.9 crop_and_append

Can be used to remove parts of an image, useful to save processing time and reduce
risk for misclassi�cations. It will remove the pixels between the speci�ed x-values
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and y-values, and remove rows and columns on the edges of the resulting image to
make the dimensions be divisible by "mult_of" (16 as default).
Inputs:

ˆ image
� The image to crop

ˆ col_delete_list
� A list of an even number of values between which the pixels will be

removed.
ˆ row_delete_list

� A list of an even number of values between which the pixels will be
removed.

ˆ mult_of
� The value the dimensions of the image will be divisible with.

ˆ print_shape
� If True the shape of the resulting image will be printed as well.

Outputs:
ˆ image

� The numpy.array with the speci�ed rows and columns removed.

2.3.10 �x_positions_from_cropping

Takes the positions received fromextract_positions and maps them back to the
positions they would have on the image before cropping.
Inputs:

ˆ positions
� The positions found by the network and clustering.

ˆ col_delete_list
� A list of an even number of values between which the pixels will be

removed, same list as used incrop_and_append.
ˆ row_delete_list

� A list of an even number of values between which the pixels will be
removed, same list as used incrop_and_append.

Outputs:
ˆ positions

� The list of positions where they would have been on the uncropped image.

2.3.11 class Plankton

A class that creates instances called planktonx where x is a positive integer (0 for
the �rst plankton) decided by the order of creation. Each plankton is initialized
by assigning it a position at the row of the speci�ed time step, all other rows are
numpy.nan. The planktons will then be �lled with new positions as the list of
positions is processed.
Inputs:

ˆ position
� The position the plankton is initialized with.
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ˆ number_of_timesteps
� The number of frames to be analyzed.

ˆ current_timestep
� The time step of the position to be assigned.

Outputs:
ˆ plankton

� The plankton.
The methods are:

self.add_position

Adds a position to the plankton at the speci�ed time step.
Inputs:

ˆ position
� The position to be added to the plankton.

ˆ timestep
� The time step of the position to be assigned.

Outputs:
ˆ Adds the positions to the plankton.

self.get_latest_position

Extracts the latest position a plankton had in relation to a speci�ed time step.
Inputs:

ˆ timestep
� The time step the position will �rst look for a position at.

ˆ time_threshold
� Number of time steps backwards in time to search if no position is found

at the speci�ed time step.
Outputs:

ˆ latest_position
� The latest found position in relation to the time step and time_threshold.

self.get_mean_velocity

Calculates the mean velocity of the plankton. Outputs:
ˆ mean_velocity

� The mean velocity of the speci�ed plankton.

2.3.12 initialize_plankton

Creates a dictionary where every position found gets assigned to a plankton, the
plankton are named plankton0, plankton1, etc.
Inputs:

ˆ positions
� The list of positions to be assigned.

ˆ number_of_timesteps
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� The number of frames analyzed.
ˆ current_timestep

� If no positions were found in the �rst time step this argument lets us
initialize the plankton from another time step.

Outputs:
ˆ list_of_plankton

� The list of plankton produced by the �rst prediction.

2.3.13 update_list_of_plankton

Assigns the positions found at one time step to the plankton in the list according to
which plankton is closest from the previous time step(s). If two or more plankton
are found the position is assigned trying to maintain each plankton's mean velocity.
If no plankton is found close enough to a position a new plankton is initialized with
that position at the given time step. The option to search for plankton close to
the plankton's extrapolated positions is also possible. The extrapolated position is
calculated through linear extrapolation.
Inputs:

ˆ list_of_plankton
� The list of plankton.

ˆ positions
� The positions at the given time step.

ˆ max_dist
� The maximum distance from a position a plankton will be assigned a

position at.
ˆ timestep

� The time step the positions were extracted from.
ˆ threshold

� The number of time steps back plankton are searched for in the vicinity
of the position.

ˆ extrapolate
� Boolean, True if extrapolation should be used when looking for plankton.

Useful if the plankton have a uniform motion.
Outputs:

ˆ list_of_plankton
� The list of plankton updated with the positions found in the next predic-

tion.

2.3.14 assign_positions_to_planktons

Loops over initialize_plankton and update_list_of_plankton until all found posi-
tions have been assigned.
Input:

ˆ positions
� The list of positions to be assigned.

Outputs:
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ˆ list_of_plankton
� List of plankton with all the found positions assigned to plankton.

2.3.15 interpolate_gaps_in_plankton_positions

If a plankton position wasn't found one time step but found again in the previous
and next this function interpolates to �ll the gap.
Input:

ˆ list_of_plankton
� The list of plankton.

Outputs:
ˆ list_of_plankton

� The list of plankton where missing values, with neighbouring values, has
been interpolated.

2.3.16 extrapolate_positions

If a plankton position wasn't found one time step but found in the previous two this
function linearly extrapolates the position.
Inputs:

ˆ list_of_plankton
� The list of plankton.

ˆ timestep
� The time step of the position to be extrapolated.

Outputs:
ˆ list_of_plankton

� The list of plankton where missing values, two previous values, has been
extrapolated.

2.3.17 trim_list_from_stationary_planktons

This function is used to remove plankton that doesn't move further than a speci�ed
distance in its observed positions.
Inputs:

ˆ list_of_plankton
� The list of plankton.

ˆ min_distance
� The minimum distance a plankton is allowed to travel to not get removed

from the list.
Outputs:

ˆ list_of_plankton
� The list of plankton where plankton moving too short distances have been

removed.
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2.3.18 split_plankton

Splits the list of plankton into two lists depending on the percentage of observed
positions each plankton has. The output is two lists, the �rst one being the list of
plankton passing the threshold.
Inputs:

ˆ list_of_plankton
� The list of plankton.

ˆ percentage_threshold
� A number between 0 and 1 that decides which list the plankton get as-

signed to.
Outputs:

ˆ plankton_track
� The list of plankton with positions found on more of the images than the

speci�ed fraction.
ˆ plankton_dont_track

� The list of plankton with positions found on fewer of the images than the
speci�ed fraction.

2.3.19 plot_and_save_track

Plots the positions as circles on the images analyzed. Possible to: add a trace, add
numbers to the plankton, track one (or more) speci�c plankton, change x- and y-
axis units from pixel to a unit of length. With save_imagesTrue the function wont
output images but will instead save them to a speci�ed path with the number of
order added (0, 1, 2, ...) to the selected �lename.
Inputs:

ˆ no_of_frames
� The number of frames to be plotted.

ˆ plankton_track
� A list of plankton.

ˆ plankton_dont_track
� A list of plankton.

ˆ folder_path
� Path to the folder with the images that was analyzed.

ˆ frame_im0
� The number of the �rst image of the analyzed frames.

ˆ save_images
� True if the images should be saved, False if one wants to see the plots.

ˆ show_plankton_track
� True if one wants to plot the plankton used as input to plankton_track.

ˆ show_plankton_dont_track
� True if one wants to plot the plankton used as input to plankton_dont_track.

ˆ show_speci�c_plankton
� True if one wants to plot a speci�c plankton.

ˆ show_numbers_track
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� True if one wants to plot the number of each plankton in plankton_track
next to them.

ˆ show_numbers_dont_track
� True if one wants to plot the number of each plankton in plankton_dont_track

next to them.
ˆ show_numbers_speci�c_plankton

� True if one wants to plot the number of the plankton in speci�c_plankton
next to it.

ˆ speci�c_plankton
� List of numbers where number [14] would mean plankton14 would get

plotted.
ˆ color_plankton_track

� The color of the circle and trace plotting the plankton entered in plank-
ton_track.

ˆ color_plankton_dont_track
� The color of the circle and trace plotting the plankton entered in plank-

ton_dont_track.
ˆ color_speci�c_plankton

� The color of the circle and trace plotting the plankton entered in spe-
ci�c_plankton.

ˆ im_size_width
� Image width with regard to number of pixels of the images the network

is fed with. This re-scales the positions to �t the in the full size image
they are plotted on.

ˆ im_size_height
� Image height with regard to number of pixels of the images the network

is fed with. This re-scales the positions to �t the in the full size image
they are plotted on.

ˆ x_axis_label
� Text under x-axis.

ˆ y_axis_label
� Text next to y-axis.

ˆ pixel_length_ratio
� Scaling factor for conversion from pixels to the wanted unit of length.

ˆ save_path
� String of the path to where the images will be saved.

ˆ frame_name
� String of the wanted name of each image, a number ranging from 0 to

the number of images will be added to the name.
ˆ �le_type

� A string of the �le type, eg. '.jpg'.
Outputs:

ˆ Either plots or saves the images.
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2.3.20 get_mean_net_and_gross_distance

Calculates the mean gross distance and the mean net distance of the plankton. The
output is �rst the mean net distance and then the mean gross distance.
Inputs:

ˆ list_of_plankton
� The list of plankton.

ˆ use_3D_dist
� Multiplying with scaling factor to adjust for that the calculated distances

don't take into account movement in the z-direction.
Outputs:

ˆ mean_net_distances
� An array of the mean net distances of all the plankton.

ˆ mean_gross_distances
� An array of the mean gross distances of all the plankton.

2.3.21 save_positions

Saves the positions of the plankton in the provided list as either .xlsx or .csv. A
scaling factor needs to be speci�ed or the positions will be in pixels.
Inputs:

ˆ list_of_plankton
� The list of plankton.

ˆ save_path
� Path to where the �le will be saved.

ˆ �le_format
� Format of the �le, '.csv' or '.xlsx'.

ˆ pixel_length_ratio
� The scaling factor between pixels and the unit of length wanted.

Outputs:
ˆ Saves the positions as an .xlsx- or .csv-�le at the speci�ed location.

2.3.22 make_video

Takes the saved images and puts them together to a .avi-video.
Inputs:

ˆ frame_im0
� The �rst frame of the video in the folder.

ˆ folder_path
� Path to the folder where the images are saved.

ˆ save_path
� Path to where the video will be saved.

ˆ fps
� The frame rate of the video in frames per second.

ˆ no_of_frames
� The number of frames to be used in the video.

Outputs:
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ˆ video
� Saves a video at the speci�ed location.

2.3.23 get_track_durations

Creates an array where each row corresponds to a track length. Each row will be
�lled with a number corresponding to the number of plankton having that track
length. Takes the di�erence between the �rst frame and the last frame so missing
values wont change the length.
Inputs:

ˆ plankton_track
� The list of plankton whose track lengths will be summed.

Outputs:
ˆ track_durations

� An array of the number of plankton for di�erent track lengths.

2.3.24 get_found_plankton_at_timestep

Creates an array where each row corresponds to a frame. Each row will be �lled
with a number corresponding to the number of plankton found in that frame.
Input:

ˆ plankton_track
� The list of plankton whose track lengths will be summed.

Outputs:
ˆ found_plankton_at_timestep

� An array of the number of plankton found each frame.

2.3.25 extract_positions_from_list

Creates an array of the positions of the plankton where each row corresponds to a
time step.
Input:

ˆ plankton_track
� The list of plankton.

Outputs:
ˆ positions_array

� An array with the positions of the plankton in all frames.
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2. Methods

2.4 Notebook Segmentation frame by frame
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2.5 Notebook Cropping and removing running mean
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2. Methods

2.6 Notebook Segmenting moving plankton
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