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The problem of automatic recognition of the fish from the video sequences is discussed
in this Master’s Thesis. This is a very urgent issue for many organizations engaged in fish
farming in Finland and Russia because the process of automation control and counting of
individual species is turning point in the industry. The difficulties and the specific features
of the problem have been identified in order to find a solution and propose some recom-
mendations for the components of the automated fish recognition system. Methods such
as background subtraction, Kalman filtering and Viola-Jones method were implemented
during this work for detection, tracking and estimation of fish parameters. Both the re-
sults of the experiments and the choice of the appropriate methods strongly depend on
the quality and the type of a video which is used as an input data. Practical experiments
have demonstrated that not all methods can produce good results for real data, whereas
on synthetic data they operate satisfactorily.
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1 INTRODUCTION

1.1 Research problem

The fishing industry is highly developed in Finland and Russia. However, this area needs
many processes to be automated, but the specific nature of the field causes certain diffi-
culties in the performance of this task.

The aim of the thesis is to develop a solution of the adaptive pattern recognition, applica-
ble in practice and capable of working with complex data types, such as three-dimensional
scenes in video sequences. This development may be used to speed up operations such
as identification and classification of the fish from video sequences. The testing video se-
quences examples are used as an initial data. In this research there are two types of video
sequences for making experiments: the wildlife (real) video and synthetic video. The first
type is a low quality video, which is made by a stable position camera in a special tube
where the fish are moving, and the second type is made by professional camera and has a
higher image quality. The methods which are described in this paper are implemented in
both of these video types, but the performed experiments show different results.

1.2 Objectives and delimitations

The goal of this thesis is to study the opportunities of automated image recognition sys-
tems in relation to the recognition of the fish under water. Tasks such as object detection,
object tracking and object recognition are considered. Effectively, the following questions
are answered:

• "How the object if interest (in our case it is a fish) can be defined and detected from
the video sequence? Which methods need to be implemented?"

• "How the object of interest can be tracked?"

• "Is it possible to estimate type of fish from the video sequences?"

• "Is it possible to estimate parameters (e.g. size) of the fish from the video se-
quences?"

• "What problems may occur in the testing phase while using the selected methods?"
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The issues that are outside the scope of this work, such as the requirements for the tech-
nical components of the system or camera calibration problem are not considered.

1.3 Structure of the Thesis

The Master’s thesis paper consists of six sections. Section one gives the introduction
and the task statement. The related work survey can be found in section two. The most
significant methods are reviewed in section three. Section four contains description of the
initial data and preprocessing and implemented methods of the performed experiments.
In the last two sections the results of experiments and future work are described and
analysed.
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2 BACKGROUND

2.1 Object recognition and object tracking tasks

The task of object recognition in the field of computer vision means the finding of a given
object in an image or video sequence. This problem is the one of the most complicated
targets for computer vision systems in the modern world. Suchlike tasks are trivial for
Humans, because humans can recognize objects even if they are rotated, translated, scaled
or partially obstructed from the view. There are many approaches which can be applied
to object recognition in single images or still images of the object taken from different
perspectives and in different poses. Some of the challenges posed by this particular task
include recognizing the object when looking at it from a different perspective and pose,
recognizing the object when it is partially occluded and tracking the object while it is in
motion (Guo, 2001).

Videos are actually sequences of images (Figure 1), each of which is called a frame,
displayed in fast enough frequency so that human vision system percepts the continuity of
its content. It is obvious that all image processing techniques can be applied to individual
frames. Besides, the contents of two consecutive frames are usually closely related.

Figure 1. The dimensionality of images and video, where dimensions 1 and 2 are spatial dimen-
sions and dimension 3 is a time (Bovik, 2005).
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Visual content can be modeled as a hierarchy of abstractions. At the first level are the raw
of pixels with color or brightness information. Further processing yields features such as
edges, corners, lines, curves, and color regions. A higher abstraction layer may combine
and interpret these features as objects and their attributes. At the highest level are the
human level concepts involving one or more objects and relationships among them (Guo,
2001).

Following are the basic steps (Figure 2) for tacking an object, as described in literature
(Parekh et al., 2014):

• Object detection

Object detection is identifying objects of interest in the video sequence. Object
detection can be done by various techniques such as frame differencing, optical
flow and background subtraction.

• Object Classification

Object can be classified as vehicles, birds, floating clouds, swaying tree and other
moving objects. The approaches to classify the objects are e.g. shape-based clas-
sification, motion-based classification, color based classification and texture based
classification.

• Object Tracking

Tracking can be defined as the problem of approximating the path of an object in
the image plane as it moves around a scene. The approaches to track the objects are
point tracking, kernel tracking and silhouette.

Following challenges should be taken care in object tracking as described in (Athanesious
et al., 2012):

• Loss of evidence caused by estimate of the 3D realm on a 2D image.

• Noise in an image.

• Difficult object motion.

• Imperfect and entire object occlusions.

• Complex objects structures.
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Figure 2. Basic steps for tracking an object (Lee et al., 2011).

2.2 Related work in automatic recognition of animals and fish

Nowadays the problem of recognition animals and fish from images or video sequences
is a very common and complicated task. The biologists usually need to investigate a large
amounts of video files during the studies of behavior of animals, birds, fish and plants.
Such type of the task is a time-consuming because very often the data is not sufficiently
indexed. Therefore, computer-based visual analysis methods are able to considerable ac-
celerate the process of video indexing and searching in the large video collections (Zep-
pelzauer, 2013).

In the related work (Zeppelzauer, 2013) a fully automated method for the detection and
tracking of elephants in wildlife video which has been collected by biologists in the field
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was proposed. The main idea is to represent a solution for the problem of automated de-
tection of elephants in wildlife by using color-based object detection methods and object
tracking methods. The method which was used in (Zeppelzauer, 2013) dynamically learns
a color model of elephants from a few training images. It localized elephants in video se-
quences with different backgrounds and lighting conditions based on the color model.
The goal is to detect elephants (or groups of elephants) performing different activities.
The animals can be of different sizes and poses. Performed experiments showed that both
near- and far-distant elephants can be detected and tracked reliably. The method (Zep-
pelzauer, 2013) does not make hard constraints on the species of elephants themselves.
Therefore, same method can be easily adaptable to other animal species.

Very often in real-life settings with unconstrained video material, the detection of animals
by specialized detectors becomes unsuitable and does not work stable due to the large
number of unpredictable environmental influences, such as occlusions, lighting variations,
and background motion. For this reason only a limited number of approaches has been
introduced that faces the challenges of unconstrained wildlife video (Zeppelzauer, 2013).

Figure 3 represents the basic steps of the approach (Zeppelzauer, 2013): "First, a color
model is generated from labeled ground truth images. Next, image segments are classi-
fied by the color model. Positively detected segments (candidates) are tracked through
the sequence resulting in spatiotemporally coherent candidates. The final detections are
obtained by validating the spatiotemporal candidates by shape, texture, and consistency
constraints. Finally, postprocessing fills gaps in tracking for each detection."

The elephants are detected with high accuracy, but at the same time many false-positive
detections are generated (Zeppelzauer, 2013): "The mean color seems to be a subopti-
mal representation that removes too much information about the color distribution in the
segments. To compensate for this limitation, we propose a more fine-grained two-stage
classification that operates on the individual pixels of a segment."
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Figure 3. Overview of automated elephant detection (Zeppelzauer, 2013).

According to this idea, at first, each pixel was classified by the classifier used in one-stage
classification and then voting to the individual predictions was applied. If the percent-
age of positively classified pixels was above two thirds, the segment was classified as
positively detected; otherwise, the entire segment was reject. Results in Figures 4 and 5
show that the two-stage classification is more robust in false detections while it detects
elephants equally well. In Figure 4 the input image represented in image (a), the results of
one-stage classification presented in images (b,c), and results of two-stage classification
in images (d,e). Positively detected regions are highlighted by red contours in (b) and (d).
The remaining segments in the image are shown in (c) and (e).
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Figure 4. Color classification of an input image using two different classification schemes (Zep-
pelzauer, 2013).

Figure 5. Ground truth for different sequences. Left is original image, in the middle is labeled
image, and right is ground truth the mask (Zeppelzauer, 2013).
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Another related work is presented in (Christiansen et al., 2014) where the videos are
captured using thermal camera. In (Christiansen et al., 2014) the problem of wildlife
mortality in agricultural mowing operations were considered. Thousands of animals are
injured or killed each year, due to the increased working widths and speeds of agricultural
machinery.

Several approaches and methods are proposed to reduce this wildlife mortality: "The work
presented in this paper contributes to the automated detection and classification of animals
in thermal imaging. Hot objects are detected based on a threshold dynamically adjusted
to each frame. For the classification of animals, we propose a novel thermal feature
extraction algorithm. For each detected object, a thermal signature is calculated using
morphological operations. The thermal signature describes heat characteristics of objects
and is partly invariant to translation, rotation, scale and posture. The discrete cosine
transform (DCT) is used to parameterize the thermal signature and, thereby, calculate a
feature vector, which is used for subsequent classification." (Christiansen et al., 2014)

Figure 6 represents a visual RGB and thermal images. The same scene was captured from
distance 5 m (a), 15 m (b) and 30 m (c). The scene consists of four halogen spotlights
which can be easily visible in all images, a molehill, a rabbit and a chicken. A molehill, a
rabbit, a chicken and three halogen spotlights are marked in image (d).

Figure 6. Visual RGB and thermal images (Christiansen et al., 2014).
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In (Christiansen et al., 2014) the methods for classification using measurements from
both single and multiple frames are presented. The best performance can be achieves by
combining measurements from multiple frames, with a balanced classification accuracy
of 93.5% in the altitude range of 3-10 m and 77.7% in the altitude range of 10-20 m.
The results demonstrate a clear relationship between the performance of detection and
classification relative to altitude: "The simulated and limited dataset is favorable in terms
of performance for the given algorithms. The actual applicability of the system should
therefore be determined using footage from an actual UAV. The proposed detection and
classification scheme is based on top-view images of wildlife, as seen by a UAV. The use
of UAV-technology for automatic detection and recognition of wildlife is currently part of
ongoing research towards wildlife-friendly agriculture."(Christiansen et al., 2014)

Another work proposes an automatic fish classification system that operates in the natural
underwater environment (Spampinato, Giordano, et al., 2010). This system should assist
marine biologists to understand fish behavior. The study considers the fish classification
problem.

The two types of features perform a fish classification: the first is a texture features which
were extracted by using statistical moments of the gray-level histogram, spatial Gabor fil-
tering and properties of the co-occurrence matrix and second is a shape features extracted
by using the curvature scale space transform and the histogram of Fourier descriptors of
boundaries. An affine transformation is applied to the acquired images to represent fish
in 3D by multiple views for the feature extraction (Spampinato, Giordano, et al., 2010).

Figure 6 shows the output of the detection system, where a bounding box is drawn around
each fish. The first step of the proposed system aims at extracting trajectories by tracking
fish over consecutive frames. The tracking system firstly automatically detects fish by
means of a combination of the Gaussian mixture model and moving average algorithms,
then tracks the fish by using the adaptive mean shift algorithm. The obtained accuracy for
both fish detection and tracking is about 85% (Spampinato, Giordano, et al., 2010).

The results of system implementation are described as: "The system was tested on a
database containing 360 images of ten different species achieving an average correct rate
of about 92%. Then, fish trajectories, extracted using the proposed fish classification com-
bined with a tracking system, are analyzed in order to understand anomalous behavior.
In detail, the tracking layer computes fish trajectories, the classification layer associates
trajectories to fish species and then by clustering these trajectories we are able to de-
tect unusual fish behaviors to be further investigated by marine biologists."(Spampinato,
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Figure 7. Output of the detection system (Spampinato, Giordano, et al., 2010).

Giordano, et al., 2010)

The approach which is used in the analysis of fish trajectories (Spampinato and Palazzo,
2012) based on the work which is proposed in (Suzuki et al., 2007). The characteristics of
fish motion makes difficult estimation of events in terms of a sequence of simple moves.
Such approach (Suzuki et al., 2007), which belongs to "clustering" category, makes it
suitable to study the fish trajectories (Figure 8).
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Figure 8. Examples of fish trajectories. (a) and (b): simple trajectories; (c): complex but still
correct trajectory; (d): a wrong trajectory, due to background plant movements (Spampinato and
Palazzo, 2012).

The basic idea of (Spampinato and Palazzo, 2012) is to use hidden Markov models
(HMMs) to represent trajectories in a uniform way, without having to deal with differ-
ent path sizes while keeping the underlying trajectory’s dynamics. Based on (Spampinato
and Palazzo, 2012): "A metric for HMMs is introduced in order to build a similarity
matrix between all objects in the learning set which is used by a multi-dimensional scal-
ing (MDS) algorithm to project trajectories onto a lower-dimensional space, where it is
more feasible to perform trajectory clustering to identify classes corresponding to com-
mon patterns. In order to decide whether a new trajectory is anomalous, for each cluster
a corresponding HMM is built and used to check whether the input trajectory matches it;
trajectories that do not match significantly any of all the identified clusters are therefore
detected as anomalous."

The methods of computer vision widely spread in the fish industry. This problem is
particularly relevant for the food industry. The two following related works are dedicated
to the methods for solving the problem of determining of the fish quality.
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In the related work (Misimi et al., 2007) the computer vision method was used for color
evaluating of the Atlantic salmon fillets. The review showed that the automation of the
fish processing using computer vision and other robotic equipment to replace human in-
spectors will bring savings in labor costs about $ 1 per kilogram of fish produced. One
of the processing operations of fish is grading line salmon. It is usually assumed that the
color of salmon products is one of the most important parameter of quality in fish pro-
cessing. In addition to saving labor costs, a system of computer vision-based automated
processing of fish can improve the quality of the product (Arnarson et al., 1988).

As in the similar systems used in food industry, the computer vision system consist of the
illumination setup, camera and a PC. When the image is captured it can be sent to the
computer for further processing. A computer is used to implement an algorithm that al-
lows the feature extraction, segmentation, classification, and quantification of images and
objects of interest are contained in those images. Feature extraction consists of selecting
distinct features, which can be used to recognize patterns in the different categories (Duda
et al., 2000). The image is subdivided into its constituent regions of interest by using seg-
mentation process. The goal of segmentation is to simplify or change the representation
of an image into its constituent regions of interest that is more meaningful and easier to
analyze (Gonzalez et al., 2003).

In the (Misimi et al., 2007) the fish from two different fish processing plants (Marine Har-
vest and Salmar AS, Hitra, Norway) was used. This two groups have different condition
factor, which can be estimated by formulas: K = 105W/L3 where W is the weight of the
fish in grams (g), and L is the length of fish in millimeters (mm).

The classification of the fish can be performed in following rule: K = 1 means that the
fish is a very long and thin, in that reason it can be considered as poor fish (Misimi et al.,
2007); K = 1.4 are considered to be good fish or well proportioned; K = 1.6 are fish in
excellent condition. In both groups the color of the fillets was evaluated by commission
according to the Norwegian Standard NS 9402 (1994) for measuring color of Atlantic
salmon. The evaluation was performed visually in the daylight with using Roche color
cards.

As described in (Misimi et al., 2007) color analysis and classification of fillets according
to Roche cards by computer vision were performed in red, green, and blue (RGB) and
CIE (Lab) color space. Figure 9 depicts the sequence of the classification algorithm.

The fillet could be isolated from background and be considered as a single region of
interest for further analysis. For the purpose of the work (Misimi et al., 2007), the seg-
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Figure 9. The scheme of the computer vision system for color evaluation (Misimi et al., 2007).

mentation was necessary for the purpose of color matching. The experiments showed
that for both groups there are no significant differences in the color values according to
Roche card were found between the computer vision method and the traditional method
of sensory evaluation of color by human inspectors.

The main advantages of using computer vision to automate the sorting salmon are long-
term working capacity and objectivity in the evaluation of color. This is possible because
in the computer vision field, there is no eye fatigue or lack of color memory and lighting
conditions are uniform. A computer vision system is able to process at least one fillet per
second, whereas the human inspectors need a longer time. As was indicated above the
introduction of such systems can save at 1$ per kilogram in labour costs.

One more related work refers to the fish industry. The article (Mathiassen et al., 2006)
contains a description of a proof-of-concept prototype of an automated system for weight
and quality grading of pelagic fish using a multi-modal machine vision system combined
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with robotized sorting. Such type of the systems may be able to replace the majority of
the manual operators needed today.

The reason for system implementation is an increased demand, and value attributed to
higher quality of mackerel and herring. The demands usually include more precise weight
class distribution and less damaged fish. The goal of the work (Mathiassen et al., 2006) is
to find more accurate methods for weight and quality grading.

Nowadays weight grading is completed by using of V-belts or rotating rollers that separate
the fish into four or more weight classes (Mathiassen et al., 2006). The accuracy of the
such methods depends on the condition of the fish texture and the its body index. The
catch quality also strongly depend on how the catching and handling has been carried
through and from the skills of vessel crew. Today the quality grading today is done by
the operators who control a fish species, check for over- or undersized fish and remove
defective or damaged fish.

The suggested solution is designed for detecting defective whole pelagic fish such as her-
ring and mackerel. The types of the defects are a superficial wounds indicated by broken
fish skin exposing the underlying muscle and a scratches or scrapes without exposure of
the underlying muscle.

Figure 10 depicts the scheme of the system prototype. The prototype consist of the con-
veyor belt (1), a robot (2), a diffuse illuminator (3), a laser (4) attached to the camera (5),
a second laser (6) at an angle to the camera, and a computer workstation (7) (Mathiassen
et al., 2006).

The machine vision system which is used for generating of the multimodal images con-
sisting of gloss, scatter and 3D images. 3D images can be computed through triangulation
of the image of laser line.
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Figure 10. Overview of the prototype system for automatic sorting of pelagic fish (Mathiassen
et al., 2006).

The 3d model is used to detect the correct orientation of the fish that makes optimum using
of the information on the blaze and spread to detect surface defects. Also, this method is
used to generate 3d images to detect defects such as the absence of head or tail. The 3d
images were processed using computer vision algorithms to detect the fish defects.

The results of the developing of the prototype can be a sorting system which is able to
detect of defects of the fish in real-time at a conveyor speed of 50 cm/s with a resolution
in the multi-modal images of 0.3 mm in both dimensions of the conveyor plane and a
height resolution of 0.25 mm in the 3D images. The conveyor speed limit is to 90 cm/s at
this resolution (Mathiassen et al., 2006). Take in to account this requirement, the number
of fish that can be checked for defects is limited only by the amount of fish that can be
conveyed at 50 cm/s. The experiments showed a good quality high-resolution images of
gloss and scatter that enhance the visibility of superficial wounds which were got from the
multi-modal machine vision setup that enabled an automatic weighing of the fish. Using
the present system, balance the classification will become more accurate than with the
current use of the mechanical graders (Mathiassen et al., 2006).
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3 METHODS

Moving object detection in a video is the process of identifying different object regions
which are moving with respect to the background. More specifically, moving object de-
tection in a video is the process of identifying those objects in the video whose movements
will create a dynamic variation in the scene.

3.1 Background subtraction

Segmentation of moving regions in image sequences in real-time is a fundamental step
in many automated visual surveillance systems. Background subtraction is one of the
simple and typical methods which is used to segment moving regions in image sequences
by comparing each new frame to a model of the scene background. Nevertheless, this
method cannot distinguish between moving shadows and moving objects.

In (Kaewtrakulpong et al., 2001) a shadow detection scheme is introduced. As written in
(Kaewtrakulpong et al., 2001) a background subtraction involves calculating a reference
image, subtracting each new frame from this image and thresholding the result. Result is
a binary segmentation of the image which highlights regions of non-stationary objects. A
time-averaged background image is the simplest form of the reference image. The method
which was considered in (Kaewtrakulpong et al., 2001) exposed to such problems such as
e.g. impossibility to cope with gradual illumination changes in the scene. This approach
requires a training period absent of foreground objects. The motion of background ob-
jects after the training period and motionless of foreground objects during the training
period would be considered as permanent foreground objects. These problems lead to the
requirement that any solution must constantly reestimate the background model.

The basic scheme of background subtraction assumes subtraction of the image from a
reference image that models the background scene. Typically, the basic steps of the algo-
rithm are as follows (Horprasert et al., 1999):

• Background modeling constructs a reference image representing the background.

• Threshold selection determines appropriate threshold values used in the subtraction
operation to obtain a desired detection rate.

• Subtraction operation or pixel classification classes the type of a given pixel, i.e., the
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pixel is the part of background (including ordinary background and shaded back-
ground), or it is a moving object.

Background subtraction is important part of the algorithm in many computer vision ap-
plications such as surveillance tracking and human poses estimation.

3.2 Motion Analysis and Object Tracking

From the viewpoint of reducing the amount of computation one of the promising ap-
proaches is a method in which a computationally complex operation (e.g. the detection of
the object) is performed as infrequently as possible and some of the object detection and
object tracking algorithms are used. In this case, when the detection object is performed
less frequently, (e.g. only for the first frame of a video sequence) the position of each
object in a subsequent frame is determined on the basis of information about the previous
position of the object and information of the current frame. Typically, this approach leads
to a significant decrease in total computational cost (Frantz et al., 2013).

The important part of computer vision systems is the tracking algorithm of the object
from video sequence over time. The task of the tracker is to assess the trajectory of the
object. The easiest way to track the position of an object from a sequence of frames is to
use pattern matching. Search of the object position in the subsequent frame is performed
in a sliding window and uses of a measure of similarity (e.g. the Euclidean distance). The
most efficient algorithms that belong to the family of tracking algorithms are based on
the using of kernel. In the other words it uses an iterative procedure that maximizes some
measure of similarity. As the analysis of the literature (Frantz et al., 2013, Maggio et al.,
2011), the existing methods of tracking objects have a number of drawbacks. One of the
major drawbacks is the low accuracy of determining the position of the object. The input
video sequence and the tracker receives an initial position of the object or objects that can
be evaluated automatically or specified by the user. The tracker can automatically obtain
an estimate of position of an object on all subsequent frames.

Tracking methods can be divided into two classes: the methods which track only one
possible path and the methods which track multiple paths, and the better one should be
chosen. Unfortunately, the problem of tracking the position of an object can be difficult
for the following reasons (Hartley et al., 2004):

• Non-stationary background: not only foreground objects can be moved, but also
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elements of the background.

• Slow motion of foreground objects. Therefore, if the foreground object is stationary
or moves slowly, it cannot be distinguished from the background.

• Variability of lighting conditions: stage lighting changes frequently depending on
the time of day and weather.

• Movement of objects in the scene cannot be predicted in advance. Furthermore, the
position of the camera relative to the scene may change from frame to frame.

In this way, a particular approach to tracking the object in the video sequence must make
a number of assumptions:

• The position of the object from frame to frame changes slightly.

• The camera may be moved, but only parallel to the plane of the sensor.

• Moving objects vary in size, but not very much.

3.3 Kalman filter

The object, which has already been detected, next can be traced along its path. One of the
methods, which can be used for object tracking is the Kalman filter. Kalman filter is an
efficient recursive filter which is able to estimate the state vector of the dynamic system
using a series of incomplete and noisy measurements. It was performed by R.E. Kalman
In 1960 when he published his famous paper which describes a recursive solution to the
discrete-data linear filtering problem(Kalman, 1960).

The algorithm works in two steps. In prediction step Kalman filter extrapolates values of
the state variables and their uncertainties. In the second stage, according to measurements,
obtained with an error, the result of extrapolation is clarified. Due to incremental nature of
the algorithm, it can monitor the status of the object in real-time (without looking forward
using only current measurements and information on the previous state and its uncertainty
(Grewal et al., 2001).
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Figure 11. The Kalman filter discrete cycle (Welch et al., 1995).

The Kalman filter is an efficient recursive filter that estimates the internal state of a linear
dynamic system from a series of noisy measurements (Faragher, 2012). Its model assumes
the true state at time k is evolved from the state at (k − 1) according to

xk = Fkxk−1 +Bkuk +wk (1)

where

• Fkis the state transition model which is applied to the previous state xk−1;

• Bkis the control-input model which is applied to the control vector uk;

• wkis the process noise which is assumed to be drawn from a zero mean multivariate
normal distribution with covariance Qk (Faragher, 2012).

wk ∼ N(0,Qk) (2)

At time k an observation (or measurement) zk of the true state xk is made according to

zk = Hkxk + vk (3)

where Hk is the observation model which maps the true state space into the observed
space and vk is the observation noise which is assumed to be zero mean Gaussian white
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noise with covariance Rk.

vk ∼ N(0,Rk) (4)

The initial state, and the noise vectors at each step {x0,w1, . . . ,wk,v1 . . .vk} are all
assumed to be mutually independent.

The Kalman filter is a recursive estimator. This means that only the estimated state from
the previous time step and the current measurement are needed to compute the estimate
for the current state. In contrast to batch estimation techniques, no history of observations
and/or estimates is required. In what follows, the notation x̂n|m represents the estimate of
x at time n given observations up to, and including at time m ≤ n.

The state of the filter is represented by two variables:

• x̂k|k, the a posteriori state estimate at time k given observations up to and including
at time k;

• Pk|k, the a posteriori error covariance matrix (a measure of the estimated accuracy
of the state estimate).

The Kalman filter algorithm involves two stages: prediction and measurement update.
The predict phase uses the state estimate from the previous timestep to produce an esti-
mate of the state at the current timestep. This predicted state estimate is also known as
the a priori state estimate because, although it is an estimate of the state at the current
timestep, it does not include observation information from the current timestep. In the
update phase the current a priori prediction is combined with current observation infor-
mation to refine the state estimate. This improved estimate is termed the a posteriori state
estimate.

The standard Kalman filter equations for the prediction stage are:

• Predicted (a priori) state estimate

x̂k|k−1 = Fkx̂k−1|k−1 +Bkuk (5)
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• Predicted (a priori) estimate covariance

Pk|k−1 = FkPk−1|k−1F
T
k +Qk (6)

The standard Kalman filter equations for the update stage are:

• Innovation or measurement residual

ỹk = zk −Hkx̂k|k−1 (7)

• Innovation (or residual) covariance

Sk = HkPk|k−1H
T
k +Rk (8)

• Optimal Kalman gain
Kk = Pk|k−1H

T
kS
−1
k (9)

• Updated (a posteriori) state estimate

x̂k|k = x̂k|k−1 +Kkỹk (10)

• Updated (a posteriori) estimate covariance

Pk|k = (I −KkHk)Pk|k−1 (11)

The Kalman filter is optimal when the model perfectly matches the real system or the
entering noise is white and the covariances of the noise are known.

3.4 Haar-like features for recognition

In 2001, P. Viola and M. John proposed the algorithm for adaptive face recognition, which
became an innovation in the face recognition field. This method uses a sliding window.
The frame of smaller size than the original image is moved over the input image with
some step and a cascade of weak classifiers determines is there a face in this window
or not. This sliding window method is effectively used in various problems of computer
vision and object recognition (Viola et al., 2001).
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One of the advantages of this methods is the possibility to recognize more than one face
in the image. Although the method was developed for face recognition problem it can
be also used for the recognition of the other objects. Also the using of simple classifiers
shows a good speed of work which allows to find objects in real-time.

The method consist of two parts: algorithm of training and algorithm of recognition. In
practice the rapidity of learning is not important. Nevertheless the learning algorithm
requires a large amount of the test data and training can take days.

There are several principles which the method of Viola-Jones is based:

• Image used in the integral representation that allows to calculate quickly the re-
quired objects.

• Haar features are used by which the desired object is searched (in this context, and
its face features).

• Boosting is used to select the most suitable characteristics for the desired object in
this part of the image.

• All features are input to the classifier, which gives the result of "true" or "false".

• Cascades of features are used for rapid excluding of windows where the object of
interest is not found.

3.4.1 Haar Cascades

Haar-like features are the signs of digital images used in pattern recognition. This name
was intuitively chosen because of the similarity to Haar wavelets. Haar-like features were
used in the first people faces detector working in real time. Historically, the algorithm
that worked only with the intensity of the image (for example, RGB value in each pixel)
has greater computational complexity. In the paper (Viola et al., 2004) the work with a
variety of features, based on the Haar wavelet was considered. Viola and Jones adapted
the idea of using Haar wavelets and developed what was called Haar-like features. Haar-
like features consist of adjacent rectangular regions, as visualized in Figure 12. They
are positioned in the image, then pixel intensities are summed in regions, and finally the
difference between the sums is computed. This difference is the value of a particular trait,
a certain size, a certain way to position the image.
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Figure 12. Haar-like features (Viola et al., 2004).

The features are represented by a set of rectangles (Figure 12). A rectangular Haar-like
feature can be determined as the difference of the sum of pixels of areas inside the rect-
angle, which can be at any position and scale within the original image

The integral image I(x, y) in location x, y represents a sum of brightness values of the
points for which the horizontal and vertical coordinates are smaller than x and y. In the
other words, each element of the integral image contains the sum of all pixels located on
the up-left region of the original image in relation to the element’s position (Simard et al.,
1999):

II(x, y) =
∑
x′≤x
y′≤y

I(x′, y′), (12)

where II(x, y) is the integral image and I(x, y) is the original image (Viola et al., 2004).

The integral image can be easily computed over the original image by following recur-
rences:

S(x, y) = S(x, y − 1) + I(x, y) (13)

II(x, y) = II(x− 1, y) + S(x, y) (14)

where S(x, y) is the cumulative row sum, S(x,−1) = 0 and II(−1, y) = 0.

This allows to compute sum of rectangular areas in the image, at any position or scale,
using only three integer operations:
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∑
x0<x≤x1
y0<y≤y1

i(x, y) = I(D) + I(A)− I(B)− I(C), (15)

where points A, B, C, D belong to the integral image I , as visualized in the Figure 13
(Viola et al., 2004).

The algorithm uses a database of features for the object detection. It is possible to generate
all combinations of Haar-Like features by screening of "weak" classifiers that give the
error of the "second kind". Such mistake means that the object in the image is not find.
One way to obtain the database is the AdaBoost algorithm which is described in (Viola
et al., 2004).

Figure 13. Integral representation of the image (Viola et al., 2004).

Cascade features consist of several stages. Each stage includes a set of features, which
are divided into monochromatic rectangles, each of which assigned positive or negative
weight. During the execution of the algorithm, a "window" size Wh ·Ww pixels moves
across the image horizontally and vertically. The initial size of the window is equal to
the size of the window, recorded in the cascade classifier. At each step, the window size
is increased, there are two ways to increase the window size. The first is to calculate the
scaling factor and adjusting a rectangle inside features. The second is the scaling of the
original image.

The disadvantages of the method are:

• Instability in changing lighting (possible solution is lighting neutralized normaliza-
tion or transition to binarization area).
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• Instability when zooming or rotating an image.

• Instability when the part of an image is a shifting background.

A key characteristic of the Haar-like features is a high speed compared with other meth-
ods. When the integral representation of the image is used a Haar-like features can be
computed in constant time that allows to use classifiers in real time (Viola et al., 2001).

3.5 Scale Invariant Feature Transform (SIFT)

Image matching is a fundamental aspect of many problems in the field of computer vision.
Large numbers of features can be extracted from typical images with efficient algorithms.
The cost of extracting these features is minimized by taking a cascade filtering approach,
in which the more expensive operations are applied only at locations that pass an initial
test. Among the variety of feature detection and description algorithms the Scale Invariant
Feature Transform (SIFT) algorithm can be allocated as a method, which ensures that the
features are invariant to image translation, scaling, rotation, and partially invariant to
illumination changes and affine or 3D projection (Lowe, 2004).

Generally the SIFT algorithm consists of four steps (Lowe, 2004): scale-space extrema
detection, keypoint localization, orientation assignment and keypoint descriptor.

• Detection of scale-space extrema

The cascade filtering approach is used for keypoints detection. The first stage of keypoint
detection is identification of locations and scales that can be repeatably assigned under
differing views of the same object (Lowe, 2004). In fact that it is impossible to use the
same window to detect keypoints with different scale for larger corners the larger windows
are needed. In SIFT, a scale-space filtering is used. Difference of Gaussian is obtained as
the difference of Gaussian blurring of an image with two different scales (Figure 14). The
scale space of an image can be defined as a function, L (x, y, σ), that is produced from
the convolution of a variable-scale Gaussian, G (x, y, σ), with an input image, I (x, y):

L (x, y,σ) = G (x, y,σ) ∗ I (x, y) , (16)
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where ∗ is the convolution operation in x and y, and

G (x, y,σ) =
1

2πσ2
e−(x

2+y2)/2σ2

. (17)

Scale-space extrema in the difference-of-Gaussian function convolved with the image:

D (x, y,σ) = (G (x, y,kσ)−G (x, y,σ)) ∗ I (x, y) (18)

= L (x, y,kσ)− L (x, y,σ) (19)

Figure 14. Scale space filtering (Lowe, 2004).

The candidates for the keypoints are the local extremes which were found in the DoG be-
tween two neighboring scales. For the local maxima and minima of D (x, y, σ) detection,
each pixel is compared to its eight neighbors in the current image and nine neighbors in
the scale above and below (Figure 15). If it is large or smaller than all of this neighbors it
can be selected (Lowe, 2004).

• Key point localization

When the potential keypoints locations are found, they have to be refined to get more
accurate results. Taylor series expansion of scale space is used to get more accurate
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Figure 15. Potential keypoint (Lowe, 2004).

location of extrema. If the intensity at the extrema is less than a threshold value, it is
rejected. DoG has higher response for edges, in this reason edges also need to be removed.
The 2x2 Hessian matrix (H) is used to compute the principal curvature ratio. If this ratio is
greater than a threshold, that keypoint is discarded. It allows to eliminate any low-contrast
keypoints or edge keypoints what remains only strong interest points.

• Orientation assignment

To achieve invariance to image rotation an orientation must be assigned to each keypoint.
A neighborhood is taken around the keypoint location depending on the scale, and the
gradient magnitude and direction is calculated in that region.

For each image sample L (x, y) the gradient magnitude m (x, y) and orientation θ (x, y)
can be calculated as:

m (x, y) =

√
(L (x+ 1, y)− L (x− 1, y))2 + (L (x, y + 1)− L (x, y − 1))2 (20)

θ (x, y) = tan−1 ((L (x, y + 1)− L (x, y − 1)) / (L (x+ 1, y)− L (x− 1, y))) (21)

Based on original source (Lowe 2004): "An orientation histogram is formed from the
gradient orientations of sample points within a region around the keypoint. The orienta-
tion histogram has 36 bins covering the 360 degree range of orientations. Each sample
added to the histogram is weighted by its gradient magnitude and by a Gaussian-weighted
circular window with a σ that is 1.5 times that of the scale of the keypoint.

Peaks in the orientation histogram correspond to dominant directions of local gradients.
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The highest peak in the histogram is detected, and then any other local peak that is within
80% of the highest peak is used to also create a keypoint with that orientation. Therefore,
for locations with multiple peaks of similar magnitude, there will be multiple keypoints
created at the same location and scale but different orientations."

The highest peak in the histogram is taken and any peak above 80% of it is also considered
to calculate the orientation. It creates keypoints with same location and scale, but different
directions. It contribute to stability of matching.

• Key point descriptor

When the keypoint descriptor is created a 16x16 neighborhood around the keypoint can
be taken and divided into 16 sub-blocks of 4x4 size. For each sub-block, 8 bin orientation
histogram is created and total of 128 bin values are available. It is represented as a vector
to form keypoint descriptor (OpenCV Tutorials 2015). Key points between two images
can be matched by using their nearest neighbors. KNN algorithm can be used for search
to locate close matches for further classification. The quantity of features is particularly
important for object recognition, where the ability to detect small objects in cluttered
backgrounds requires that at least three features be correctly matched from each object
for reliable identification.
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4 EXPERIMENTS AND RESULTS

4.1 Data acquisition and pre-processing

The two types of video sequences are used as an initial materials for this work. The
first type is synthetic video sequence, which was made in non-real nature situation, for
example, the video of the fish in aquarium. This type of data of a very good quality and
it almost impossible to obtain in real nature. This video can be used for development of
methods of the research. For this research work the synthetic video example was made
in Kotka Maretarium, Finland (address: Sapokankatu 2, 48100 Kotka). The second type
consist of the materials which were made in real environment by organization "Kymijoen
vesi ja ympäristö ry" (address: Tapiontie 2 C, 45160 Kouvola) in 2013 (Figure 16). In
this case there are a lot of difficulties refering to specific type of lighting, reflection and
color reproduction. This type of video sequences are used for finding and subsequent
tuning of parameters, testing. For real type video it is reasonable to apply the background
subtraction (BS) methods.

Figure 16. Real (left) and synthetic (right) video sequence examples.

The problem of the recognition of fish from real video is also simplified by the fact that
the fish in the considered real video material always moves upstream, from right to left.
Meanwhile, irrelevant objects are always moving from left to the right side. In this case it
is possible to determine a fish and calculate the amount of fish by tracking the objects.

The scheme of camera position and fish position based on the information which was
received from "Kymijoen vesi ja ympäristö ry" are presented in Figure 17.
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Figure 17. Scheme of the scene and camera position for real type video.

Scheme of the camera position for real video type . The point A is the entering place,
through which the fish enter to the tube. The width of the entrance is 30 cm. The point B
is the camera position. The angle of camera view is 72°. The mean value of the distance
between fish and camera is 55 cm. But the position of fish related to the camera cannot be
estimated based on available information. This fact complicates the procedure of fish size
estimation. For the synthetic video the conditions are different. Although the synthetic
video is a better quality and any fish from this video can be easily recognized for human,
it is still a big problem for computer vision system because of light reflection of water and
aquarium front glass. Moreover, the testing samples contain a big amount of fish in the
scene. It makes difficult the using such methods as e.g. background subtraction method.
Also in this case the fish cannot be calculated correctly because of overlapping and noise
(the tracking task cannot be executed satisfactory).

4.2 Implementation of the methods

The experimental part of the research was conducted on different datasets. This is due to
the fact that with the data obtained in real conditions there are often problems with using
of a particular method because it is impossible to get good results for poor image quality.
At the same time, this fact does not mean that the methods are not applicable to all similar
data set. The same method can be successfully used with test data of higher quality, for
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example. In the program realization the methods which were described in chapter two are
implemented. The OpenCV library are used. Initially the research problem was divided
into several subtasks, namely:

• Object detection.

• Object tracking.

• Object classification and object size estimation.

In perfect conditions the implemented system should work with real type video. But
in real life, as it was indicated above, it is impossible to get good results for real video
sequence. In this case some methods were implemented for synthetic video and then
tested with real video. The goal of this approach is to show that results can be achieved
for the similar detection target if the quality of the video will be improved in future.

In the first experiment with real type video the implemented solution consists of two al-
gorithms: fish detector and fish tracker. Fish detector bases on Gaussian mixture model
background subtraction. Background subtraction is a common and widely used technique
for generating a foreground mask (namely, a binary image containing the pixels belong-
ing to moving objects in the scene) by using static cameras. The real video has static
background. This fact make suitable the implementation of such methods as background
subtraction method, because there is no problem with getting original background image
from video sequences.

Main steps in the "Fish detector" algorithm:

1. Construct the background.

2. Get next frame from the video sequence and perform background subtraction on it.
The result of subtraction performs a foreground mask.

3. Enhance the mask by applying morphological operations to remove noise and fill
in holes.

4. Perform a blob detection.

5. Filter small objects by using area threshold (threshold value was chosen experimen-
tally).

6. Find the bounding boxes for all remaining objects.

37



7. Pass the result to the "Fish tracker" algorithm.

Fish tracker module uses Kalman filter for tracking objects. The filter can be used to
predict the real position of something being tracked at a better accuracy than raw sensor
data. The Kalman filter uses the history of measurements to build a model of the state
of the system that maximizes the probability for the position of the target based on the
past measurements. Kalman filter set up with 4 dynamic parameters and 2 measurement
parameters (no control), where measurement is: 2D location of object, and dynamic is:
2D location and 2D velocity.

Since Kalman filter is a iterative estimator, it needs only the estimated state from the pre-
vious time step and the current measurement to compute the estimate for the current state.
In contrast to batch estimation techniques, no history of observations and/or estimates is
required. This can be very helpful to improve tracking of the objects.

Steps in the "Fish tracker" algorithm:

1. Receive detected objects from Fish detector module.

2. Predict position by using Kalman filter for each tracked object (fish).

3. Find a corresponding detected objects by comparing distance between predicted
and detected position.

4. Correct a Kalman filter with real values.

5. Mark a remaining unmatched fishes for the list of lost fishes.

6. Add remaining unmatched objects into the list of traced fishes and assign an identi-
fications to the each of them.

7. Increase age value of lost fishes and remove old, which have age value more than
threshold.

8. Display detected fishes.

4.3 Results of the experiments

The results of the experiments using background subtraction method and Kalman filtering
are shown in Figures 18 and 19.
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Figure 18. The result of the experiment with real video.

Figure 19. The result of the experiment with real video. Threshold value = 5.

Background subtraction is sensitive to changing illumination and unimportant movement
of the background (such as reflections of sunlight or water in case of the during experi-
ments). Often the choice of threshold value for frame differencing depends on the size
and speed of the object.

As seen from the first experiment, the result contains a lot of noise. This is mainly due
to the reflection of light rays from the water flow. In this case the threshold value is
minimum. The contours of the object of interest (a fish) in this case cannot be clearly
distinguished from the video frame. The rectangle that is drawn around the object has a
visible size much larger than the size of the object of interest (Figure 19), since the area
of the object is considered to be wrong because of the noise of the image. For that reason
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the threshold value of the absolute difference to get the foreground mask was increased in
the next experiment. The result of the second experiment is shown in Figures 20 and 21.

Figure 20. The result of the second experiment with real video. Threshold value = 40.

Figure 21. The result of the second experiment with real video. Threshold value = 40.

Threshold value for second experiment was increased from 8 to 40. The results show
that in this case the object boundaries can be much better estimated from the video. But
the problems relating to the image quality are still presented. In some frames the color
of object is exactly the same as a background color, mainly because light reflection. In
this situation one object can be found as two different objects and object area can be
calculated incorrect. Figure 22 represents a result of the experiment with wrong object
detection case. As we can see, the rectangle is drawn around part of fish, which was
detected by the algorithm as an independent object.
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Figure 22. The problem in experiments with BS method (real video).

A similar experiment was performed with synthetic video, but any acceptable results have
not been reached (Figure 23). Nevertheless, experiment with background subtraction
technique showed very good result for real video type.

Figure 23. The problem in experiments with BS method (synthetic video).

The next experiment was performed with synthetic video sequence. The SIFT algorithm
was selected for fish detection in this video because it show good performance in similar
applications (Zeppelzauer, 2013, Ramanan et al., 2006). Following steps were executed
during the realization:

• Perform a feature extraction on the reference image of the fish (Figure 24).

• Extract a frame from the video source.
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• Perform a feature extraction on the extracted frame.

• Perform a matching between the reference keypoints and frame keypoints by using
kNN algorithm.

• Filter false positive matching using threshold on distance between keypoints.

• Find bounding box for good matches.

Figure 24. Example of the detected keypoints on the reference image.

Figure 25. Example of the detected matches on captured frame.

Unfortunately this method did not show any satisfactory results for synthetic testing data.
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The result of the experiment are shown in Figure 26. The main reason for the poor quality
of the results is a low contrast of image frames and therefore in practice it is impossible
to find a correspondence between features because of similarity. This problem is relevant
to the both of video types.

Figure 26. Result of the experiment with using SIFT method.

During the work of algorithm, the image features were not be matched correctly for any
object in scene. Usually the algorithm found certain keypoints, but in each frame these
points are different, which make it difficult to find the object of interest. Quality and quan-
tity of points found was also insufficient. Basically the reason is a changing in lighting
model due to the glare of water in the aquarium and water turbidity.

The last experiment was organized with synthetic video sequence by implementation Haar
cascades. In this method a classifier which is called a cascade of boosted classifiers and
works with haar-like features is trained with a few sample views of a fish, (positive exam-
ples) and with arbitrary images of the same size (negative examples). Figures 27 and 28
show the examples of positive and negative images for real and synthetic video types.
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Figure 27. Positive (left) and negative (right) examples for classifier training (real video).

Figure 28. Positive (left) and negative (right) examples for classifier training (synthetic video).

When the classifier is trained, it can be applied to a region of interest (of the same size as
used during the training) in an input image. The classifier outputs is "1" if the region is
likely to show the object, and "0" otherwise. To search for the object in the whole image
one can move the search window across the image and check every location using the
classifier. The classifier is designed so that it can be easily "resized" in order to be able
to find the objects of interest at different sizes, which is more efficient than resizing the
image itself. Finding of an object of an unknown size in the image the scan procedure
should be done several times at different scales (OpenCV Tutorials 2015).

Figure 29 represents the results of Haar cascades method. The word "cascade" in the
classifier name means that the resultant classifier consists of several simpler classifiers
(stages) that are applied subsequently to a region of interest until at some stage the can-
didate is rejected or all the stages are passed. The word "boosted" means that the classi-
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Figure 29. The results with using Haar cascade.

fiers at every stage of the cascade are complex themselves and they are built out of basic
classifiers using one of four different boosting techniques (weighted voting). The basic
classifiers are decision-tree classifiers with at least 2 leaves (OpenCV Tutorials 2015).
Haar-like features are the input to the basic classifiers and are calculated as described
below.

4.4 Comparison of the approaches

Table 1 demonstrates a compared results of using methods which were described above.
Several video sequences of both types were used in the experiments. The column "Total
frames" contains total number of frames in each video sequence (also represented in per-
cents). The other columns contain the results of implementation indicated methods for
each sample. Last two rows represent the mean value for real and synthetic video type
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separately for each method. The accuracy is calculated as a ratio of the number of frames
in the testing video sequence to the number of frames in which the fish was successfully
recognized:

acc =
Ft
Fd
∗ 100% (22)

where Ft - total number of frames in video sequence which contain object of interest, Fd -
number of frames in which object of interest was successfully recognized. In the context
of the presented experiment the successfully treated frame means a frame in which the
object of interest (a fish) was detected correctly (a boundary box containing more than
60% of the object area). For example, see Figures 21, 29.

Table 1. Results of the experiments

Type of video Total frames BS SIFT Haar Cascades

Video 1 (real) 204 / 100% 145 / 71.1% N/A 0 / 0%

Video 2 (real) 22 / 100% 18 / 81.8% N/A 0 / 0%

Video 3 (real) 26 / 100% 21 / 80.7% N/A 5 / 19.2%

Video 1 (Synthetic) 559 / 100% 0 / 0% 5 / 0.01% 398 / 71.2%

Video 2 (Synthetic) 192 / 100% 0 / 0% 19 / 9.8% 105 / 54.6%

mean for real type - 73% 0 2%

mean for Synthetic type - 0 % 3.2% 67%

Table 2 represents the number of processed frames per second for each methods.

Table 2. Results of the experiments (frame per second score).

Type of video BS SIFT Haar Cascades

Real 12.9 N/A 18.3

Synthetic 9.7 1.55 13.3

The results of the experiments show that for the real video type the highest effectiveness
was received by using the background subtraction method. Whereas for the synthetic
video sequence the method of Viola-Jones with Haar cascades showed the best result.
Nevertheless in both cases the maximum frame per second ratio show method of Viola-
Jones. This parameter is especially important for task of object recognition in real-time.
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5 DISCUSSION

5.1 Discussion of the results

In this section the results of the experiments were considered. Based on the available test
data it is possible to conclude that the problem of detecting and tracking objects can be
completed using the described methods. The problem of the fish size and type estimation
in this case is more complicated by the following facts:

• Inability to determine the exact distance to the object.

• The lack of information about the angle of inclination of the object relative to the
viewpoint.

• Inability to determine the precise boundaries of the object because of the large
amount of noise which impossible completely to get rid of (too much computa-
tional errors even for "successful" frames, hence there are doubts in the objectivity
of the results).

The possible ways of solving problems related to the parameters such as a more high
definition image, adjusting lighting model. It is also possible to use additional equipment
to determine the exact position of an object in the monitored area. The classification
problem has similar challenges to implementation. However, in the case of using a Haar
cascade with the synthetic test data it was impossible to get a good set of a negative
image examples because of the large number of objects in the scene. This fact makes it
impossible to train the classifier with some data sets. Unfortunately, in this research work
only limited set of test samples (examples) for the fish size estimation are available.

5.2 Future work

The subject of automatic fish recognition system has wide field for further work. There
are several ways for improving exist solution, but in the same time the technical parame-
ters of the system also affect to the results. In practice, it is always easier to use camera
with higher resolution than to implement more complex methods for solving of the sim-
ilar problem. From this point of view, the technical parameters of the system should be
improved for getting better video quality. In this case the accuracy of fish classification
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may be improved a lot. The methods Viola-Jones using Haar cascades and background
subtraction may be used for real video sequences.
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6 CONCLUSION

In the current work the methods of detection and tracking of fish in the water were con-
sidered. The results of the experiments show that for this problem the quality of the used
video sequence plays the decisive role. The results of the experiments which are presented
in Table 1 can be interpreted as a comparative analysis of different methods for certain
types of source data sets. The most accurate results (about 73% frames from video se-
quence were recognized correctly) for the real type video have been obtained using the
method of the background subtraction. Meanwhile, for the synthetic video sequence the
best result is achieved by implementation of the method Viola-Jones using Haar cascades.
As can be assumed of the given results, some methods may not give satisfactory results
because the data has a large number of image noise. In the other cases, the techniques
which were described in this Master’s Thesis may be successfully applied to achieve the
goals.
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