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SEGMENTATION-BASED APPROACH
FOR OBJECT DETECTION

H. Bonxosa, M. Illeanom. Tlixxin Ha 0CHOBI cerMeHTANii 1151 BUSIBJIEHHSI 00’ €KTIiB. Y IbOMY JOCIHKCHHI 3alPONIOHOBAHO ITiIXi[T
BUSABIICHHS 00’€KTIB Ha OCHOBI CerMeHTallii, PO3pOOJICHHIA [ aHaIli3y MOBEAIHKH BOJHHMX OPraHi3MiB y KOHTPOJIbOBAHMX JIAOOPATOPHUX
yMmoBax. PoboTa cpsMoBaHa Ha BHpIIIEHHS TPYIHOLIIB, [0 BUHUKAIOTH IIiJ{ Yac TPHUBAIMX BiJ€O3alUCiB OMUKIB y 3aKpUTUX aKBapiyMax -
30KpeMa, HeCTaOUIbHICTL (DOHY, MEPEHECEHHs OCaay Ta YaCTKOBI MEPEKPHUTTS OCOOMH, SIKi YCKJIAIHIOIOTH 3aCTOCYBAHHS TpaJWIiHHUX
METOJIB TpekiHry. J{is mporo OyJio 3amporOHOBAHO ITiJIXiJ HA OCHOBI BIOCKOHAJICHOro B poboTi meromy cermenraiii SLIC Superpixel.
Bazosuit Mmetox SLIC 6yn0 BIOCKOHAICHO NUIIXOM BKIIOUEHHS 0araTomIapoBHX KOHTPACTHHX O3HAK i NMEPEBIPOK OJHOPIJHOCTI MIKCEIB Y
MEKax JIOKQJIbHOTO OTOYCHHS. 3alpONOHOBAHMH IMiAXiJ MICTUTh HACTYIHI €Tamu: MomepeaHs oO0poOKa, CerMeHTallis, KiIacTepH3allis,
noctobpodka. Etan nornepenHpoi 00poOKH BKIIFOYAa€e JBOCTOPOHHIO Ta MeIiaHHy (ilbTparlito, HOpMalli3alio KOHTPACTy i SICKPaBOCTI Ta 3a
noTpedH — MacmTaOyBaHHS 300paXkeHHs UL IMOKpaIieHHs JiTkocTi. [lomanbime BinHiManHs (GOHY 1 MOpOroBe 3HAYCHHS MIKCEIB y MexXax
CErMEHTOBAHHX 00JacTel JO3BOJIIOTH YCYHYTH XUOHI CIPalbOBYBaHHS, CIIPUYHHEH] Bi3yalbHHMH apTedakTaMu Ta okmosismu. Ha erami
KIIaCTepH3allii 3aCTOCOBYEThCS yTOUHEHa METPUKA BifCTaHI JUIS OLIHKHU Y3TOJDKEHOCTI MiKceliB y OGararomapoBoMy mpoctopi o3Hak (LAB,
HOpMaJli30BaHe 300pa)kKeHHS y BiATIHKaX CIiporo, pe3ysbTaTH CyOTpakiiii), IO MiABMILYE TOYHICTH cerMmeHTallii. Ha erami moctoGpoOku
(parmenToBani o0macTi 00’€kTiB 00 €JHYIOTBCS UL IOKPAIIEHHS IPOCTOPOBOI KOTepeHTHOCTI. EkcmepumeHTanbHa IepeBipka Ha
BiJleokaapax 3 OMYKaMM MPOJSMOHCTPYBaJa IiJBHIICHHS TOYHOCTI BUSIBJICHHsS 00’€KTiB moHan 6% y MOPIBHAHHI 3 MiJXOJOM Ha OCHOBL
6a3zoBoro mMeroxy SLIC. Moy bHICTb i IPOCTOTA 3alPONOHOBAHOTO MiXOLY JA03BOJISIOTH JIETKO PO3LIMPIOBATH HOr0 3aCTOCYBaHHS Ha 1HIII
6ionoriuni 00 €KTH — 30KpeMa, Ha IIOBEAIHKOBUH aHA3 TPU3YHIB - 0e3 MOTpeOH BUKOPHCTAHHS INIMOOKOTO HABUAHHS YU PECYPCOEMHUX
apXIiTEKTyp, 10 POOUTH HOro MPUAATHUM IS 33/1a4 €TOJIOTii, Hel{poHayKH Ta Mpenu3iiHol akBakynbTypu. [lomanbun qociimpkeHHs Oy ayTh
TIPUCBSYCHI pealti3alii miaxoay B peXKHMi pealbHOTO Jacy Ta pO3IIHPEHOMY aHaNi3y TPAEKTOPIil.

Knrouosi cnosa: minxiz, 00podka 300paxeHs, 00poOka Bijieo, CerMeHTallist 300pakeHb, BiICTEXKEHHs 00’ €KTIB, BUSBJICHHS 00’ €KTIB

N. Volkova, M. Shvandt. Segmentation-based approach for object detection. This study proposes a segmentation-based approach
for object detection, developed for analyzing aquatic behavior in controlled laboratory environments. The research focuses on overcoming
detection challenges in long-term video recordings of bullheads housed in enclosed aquariums, where sediment drift, background instability,
and partial occlusions often confound traditional tracking techniques. To address these issues, an approach based on the improved SLIC
Superpixel segmentation method was proposed. The basic SLIC method was modified to incorporate multi-layer contrast features and
neighborhood-based pixel uniformity checks. The proposed approach includes the following stages: preprocessing, segmentation, clustering,
and post-processing. The preprocessing stage includes bilateral and median filtering, contrast and brightness normalization, and optional
image upscaling to improve clarity. Subsequent background subtraction and context-aware thresholding within segmented regions help
eliminate false positives caused by floating debris and occluded contours. At the clustering stage, a refined distance metric is introduced to
evaluate pixel coherence in a multilayered feature space, which include LAB components, subtraction results, and histogram-equalized
grayscale representations, improving segmentation accuracy. Additionally, at the post-processing stage fragmented object blobs are merged
to enhance spatial continuity. Empirical validation was conducted on a dataset of bullhead video frames recorded under realistic aquatic
conditions. The approach based on the improved SLIC Superpixel segmentation method demonstrated an increase in object detection
accuracy of more than 6% compared to the approach based on the basic SLIC method. The modularity and simplicity of the proposed
approach allow it to be easily extended to other biological objects — in particular, for the behavioral analysis of rodents — without relying on
deep neural networks or computationally intensive frameworks, making it suitable for tasks in ethology, neuroscience, and precision
aquaculture. Further research will be devoted to implementing the approach in real-time and advanced trajectory analysis.

Keywords: approach, image processing, video processing, image segmentation, object tracking, object detection

Introduction

In recent decades, the study of animal behavior has become increasingly vital across disciplines
such as neuroscience, ethology, environmental monitoring, and agricultural science. Understanding
how animals respond to environmental conditions not only reveals critical insights into their welfare
and health but also serves as a valuable indicator of broader ecological changes [1, 2]. Concurrently,
modern computer technologies, particularly computer vision, have unlocked new possibilities for
quantifying and analyzing these behaviors with high precision, reproducibility, and scalability [3].

Traditionally, behavioral studies relied on manual annotation or rudimentary sensors, approaches
that were inherently time-consuming, limited in resolution, and often prone to observer bias [4]. In
contrast, advances in imaging hardware, motion analysis, and object tracking algorithms now enable
continuous, non-invasive monitoring of animal behavior across a wide variety of settings. While the
role of neural networks and deep learning is certainly influential in this domain, many high-impact
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behavioral studies successfully apply well-established computer vision techniques such as background
subtraction, blob detection, and trajectory clustering without relying heavily on opaque models [5, 6].

The rising popularity of automated behavioral analysis stems from a convergence of technologi-
cal readiness and scientific necessity. Firstly, global challenges such as climate change, disease emer-
gence, and food security demand real-time tools to assess animal responses to environmental pressures
[7]. Secondly, behavior often reflects underlying physiological or cognitive states more rapidly than
biochemical markers can detect. As such, automated behavioral metrics provide a non- invasive view
into animal welfare and can even serve as early-warning systems for stress or illness [8, 9].

Analysis of recent publications and formulation of the problem

As stated previously, mice and fish are widely used in ecotoxicology and ethology research. A
part of such research is based on animal behavior study in an enclosed conditions as an early stage of
study. An example of such enclosed conditions for mice/rats behavior study is a box with holes in it.
Above the box a hard-mounted camera is installed and test subjects are being filmed during a consid-
erable period of time (from 30 minutes to several hours). The observations include counting the
movements of animals between holes and their attempts to look into them as a sign of territory discov-
ering (Fig. 1).

a

Fig. 1. Mice/rats behaviour study: a — test environment (box), b — screenshot of a video with a lab rat,
¢ — screenshot of a video with lab mice

In our research, special attention is given to the behavior of fish, especially bullheads. The en-
closed test environment is represented by a square aquarium filled with real sea water to simulate the
real environmental conditions. The aquarium is also fed by oxygen that is pumped through the pipes.
A hard-mounted camera is installed above the aquarium and is recording the bullheads during some
period of time (it varies from several hours to 1 day). The filming is split into videos of 30 minutes
long to make further analysis easier (Fig. 2).

11+

a b c

Fig. 2. Fish (bullheads) behaviour study: a, b — screenshots from videos with bullheads;
¢ — test environment (aquarium)

The aquarium can hold up to 10 test subjects during the experiment. The behaviour patterns that
currently are of greatest interest to the researchers among other ones are:

— The general number of movements (position changes) for each subject;

— The general number of movements for complete test group;
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— Number of attacks/conflicts between 2 subjects (a movement of subject A towards subject B
that results in subject B escaping in other direction);

— Keeping each object’s ID during the complete recording session. This is particularly important
in case of placement of 2 or 3 different kinds of bullheads into the aquarium.

Currently the lab personnel is analysing the video sequences manually which is a very time con-
suming task and may lack accuracy as all patterns are being recognized ‘by hand” and roughly. Thus
an method that could automatically detect, track and analyse the subject movements is in order.

The task execution is also complicated by two aspects. Firstly, despite the fact that subject’s posi-
tion cannot change too drastically between 2 or 3 consequent frames, its movement direction change
can be quite radical. And secondly, while the test environment is stable in general, the aquarium back-
ground remains being subject to noticeable changes: before and during test sessions food is being dis-
pensed into the aquarium. Also the results of bullheads’ life activities tend to accumulate on the aquar-
ium bottom. Both these sediments tend to migrate in the form of clots under the influence of water
flows from moving fish and oxygen fed from the tubes. As they can be of the similar colour as some
of bullheads and get quite big in area, it makes sometimes difficult to distinguish the fish position if it
is located above such clot. It also eliminates the ability to use such straightforward approaches as
tracking by colour. All these points are important to be taken into consideration during the develop-
ment of the general algorithm.

An importance to study the aspects of life and behavior of fish has lead to a number of studies re-
lated to attempts to create methods for fish classification, detection or tracking under specific condi-
tions. In [10] a set of review of fish tracking technologies tailored for aquaculture, aiming to solve the
limitations of manual monitoring and delayed intervention is presented. The authors categorize track-
ing systems into acoustic telemetry, RFID tagging, and computer vision methods. Of particular focus
is the integration of deep learning models like YOLOV5 and Faster R-CNN with underwater video
feeds. The study discusses architectural modifications for low-light video processing, including real-
time detection of fish biomass and abnormal behavior. Challenges such as occlusion, fish overlap, and
image noise are tackled through multi-sensor fusion, combining sonar data with visual inputs. The au-
thors propose a hybrid vision-acoustic system that allows scalable monitoring in offshore environ-
ments. Benchmarked models show improved detection accuracies (>90%) under murky conditions.
The paper also suggests future directions: drone-assisted fish tracking, federated learning-based behav-
ior modeling, and ethical implications of using Al in live-animal monitoring.

Targeting fish movement studies in ecology, another research [11] presents a modular open-
source pipeline for automatic detection and tracking. Researchers address the problem of scaling fish
motion tracking using cost-efficient cameras in noisy marine habitats. The pipeline begins with mo-
tion-based frame differencing and blob detection, followed by morphological operations to isolate fish
contours. A Kalman filter-based tracking module enables identification of trajectories over multiple
frames. Validation was performed on field-collected videos from estuarine ecosystems, where tradi-
tional methods fail due to turbidity and background clutter. The system was capable of detecting small
fish with minimal latency. The authors benchmark detection against manual annotations and report
precision scores exceeding 0.89. Key contributions include modularity, real-time adaptability, and
compatibility with ecological databases. Suggested improvements involve using deep learning models
to replace handcrafted motion filters and incorporating stereo cameras for depth-aware tracking in
complex fish schools.

Another study [12] addresses the issue of free-moving fish detection in unconstrained underwater
video environments. A hybrid architecture is developed combining optical flow and Gaussian Mixture
Models (GMM) with convolutional neural networks, specifically YOLO. The system handles occlu-
sions and background noise by applying motion segmentation before feeding candidates to the detec-
tion model. A notable innovation is temporal modeling of fish trajectories, allowing detection across
frames even when fish visibility drops. The pipeline achieves significant gains in recall (over 85%)
under challenging conditions such as poor lighting and fish clustering. Field validation was conducted
using videos from baited underwater stations and natural reef footage. Results show that motion-based
pre-filtering improves deep model precision and reduces false positives. The authors propose scaling
the approach for behavioral studies, integrating fish length estimation and depth mapping. They em-
phasize open-source implementation and hardware-efficiency, making the tool deployable on edge
devices for marine conservation tasks.
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Focusing on underwater species identification, the following research [13] introduces a ResNet
architecture enhanced by cross-layer pooling and transfer learning. The problem addressed is poor
classification performance in noisy, low-resolution underwater imagery. A tailored CNN with residual
blocks extracts features robustly across varied aquatic backgrounds. Transfer learning is employed to
fine-tune pre-trained models from ImageNet on fish datasets with limited annotations. Cross-layer
pooling refines feature selection from deeper layers, mitigating feature dilution. The authors imple-
ment class-balanced focal loss to address dataset imbalance between frequent and rare species. Exper-
iments on in site footage achieved classification accuracies upwards of 94%. Key technical innova-
tions include using temporal context from consecutive frames and classifier fusion. The system is po-
sitioned as an assistive tool for fishery surveys and ecological monitoring where automated annotation
is impractical.

This comprehensive survey [14] studies image-based fish classification methods and evaluates
their strengths across various aquatic datasets. A comparison of traditional classifiers, such as SVM,
ANN, KNN, with deep learning models such as AlexNet and ResNet is conducted. Image prepro-
cessing techniques including grayscale conversion, denoising (Gaussian and median filters), and seg-
mentation (Sobel, GrabCut) are discussed in terms of their effectiveness on underwater images. A no-
table contribution is their emphasis on dataset quality and annotation, highlighting common issues
such as occlusion, shadow artifacts, and camera-induced blur. The paper underscores the relevance of
shape, texture, and color features, stressing that hybrid descriptors outperform single-feature ap-
proaches. Performance benchmarking is presented using multiple datasets, and ensemble models com-
bining SVM and PCA were noted for reliability. The study concludes that while CNNs outperform
others on large datasets, smaller setups benefit from simpler classifiers with robust preprocessing.

The research [15] focuses on detection of Epizootic Ulcerative Syndrome (EUS), a serious fish
disease, using image classification powered by MobileNet and transfer learning. The authors curated a
dataset of infected fish images captured under field conditions, with visible lesions as diagnostic
markers. Preprocessing techniques like cropping, normalization, and CLAHE were applied to improve
contrast and eliminate lighting inconsistencies. The researchers opted for MobileNet due to its light-
weight nature, ideal for deployment on portable diagnostic tools. Transfer learning from ImageNet
allowed rapid convergence and better generalization on small datasets. The model was trained on an-
notated samples with softmax classification and tested using accuracy, precision, recall, and F1 score.
It achieved over 95% classification accuracy, proving MobileNet’s efficiency in real-world veterinary
applications. Moreover, the paper explores on-device deployment scenarios, aiming to assist aquacul-
ture workers in remote areas. This study bridges ML classification with field-level disease intervention
and illustrates how compact neural networks can support mobile bio-surveillance efforts.

In the conference article [16] a machine learning system for fish recognition in offshore aquacul-
ture cages is presented. A novel combination of vertical multi-camera installations and image en-
hancement techniques is proposed to handle low-light, high-turbidity underwater footage. Retinex-
based preprocessing and contour-based filtering are used to highlight fish silhouettes against noisy
backgrounds. YOLOVA4 is customized to account for vertical swimming motion and overlapping fish
instances, allowing multi-object detection with bounding boxes that adapt to camera tilt. Data labeling
was semi-automated using synthetic fish images generated via GANs to augment the sparse real-world
footage. The researchers also propose bounding box smoothing over consecutive frames to prevent
flickering predictions, essential in fish counting scenarios. The approach demonstrates robustness, re-
al-time capability, and potential for integration into automated feeding and health monitoring systems.

One more article [17] introduces the Atrous Pyramid GAN Segmentation Network (APGSN), de-
signed to segment fish in complex underwater environments. Traditional segmentation models struggle
with occlusions and scale variance, so this architecture leverages dilated convolutions across pyramid
layers to capture multi-scale features without losing resolution. The generator synthesizes fish masks
while the discriminator enforces spatial realism. Pre-training was performed using synthetic fish masks,
and the network was fine-tuned on real aquatic datasets. Compared to U-Net and FCN benchmarks,
APGSN achieves superior pixel-level precision and boundary adherence. The model maintains segmen-
tation accuracy across fish types, environmental conditions, and video frames. Experiments involved
footage from Chinese offshore aquaculture sites and validated the model’s robustness against lighting
noise and water distortion. Key outcomes include over 95% Intersection-over-Union scores and low
false-positive rates. The study concludes with deployment suggestions for real-time segmentation on
aquaculture robots and underwater drones, pushing the model toward practical use.
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The research in [18] explores a morphological fish detection pipeline built around unsupervised
segmentation using K-means clustering. Researchers address the challenge of separating fish from
noisy underwater backgrounds where lighting and water turbidity degrade image clarity. CLAHE is
used for contrast enhancement, followed by K-means to isolate dominant intensity regions. Morpho-
logical operators, such as dilation, erosion, and edge tracing, are used to extract fish contours robustly
from cluttered scenes. The researchers also implemented heuristic post-processing to remove overlap-
ping false positives. Although relatively simple, the algorithm achieves high accuracy (about 92%)
and low latency, making it suitable for deployment on edge devices. The authors suggest integrating
this pipeline with motion filters or optical sensors to improve real-time tracking. Its relevance lies in
providing a no-deep-learning alternative for small farms lacking computational infrastructure.

In [19] authors propose an image enhancement method for offshore cage inspections under
murky water conditions. Using Retinex filtering combined with guided image filtering, the method
enhances luminance and reduces scattering artifacts common in deep marine environments. Research-
ers analyzed the clarity of fish contours pre- and post-processing using entropy and PSNR metrics.
Their benchmark dataset includes images from Autonomous Underwater Vehicles (AUVS) in Yellow
Sea cage farms. The improved images allow for better edge segmentation and fish density estimation.
The study demonstrates a 40% improvement in visibility across sample frames. Also, this approach is
hardware-agnostic and does not rely on CNNs or large training sets, making it compatible with inspec-
tion robots and drone-based systems. It’s positioned as a low-complexity preprocessing stage to sup-
port downstream object detection modules.

The research [20] presents a more granular comparative framework built around classifier effi-
ciency and preprocessing methods. The authors examine more than 20 fish classification papers, dis-
secting how combinations of preprocessing (grayscale, filtering, segmentation) with classifiers (SVM,
ANN, RF) affect accuracy. A meta-analysis identifies image quality, occlusion levels, and annotation
fidelity as key factors influencing model performance. The survey gives detailed recommendations on
choosing classifiers based on dataset size: ANN for large annotated sets, SVM for balanced mid-sized
datasets, and ensemble classifiers for noisy underwater scenes. Additionally, the paper calls for the
creation of standardized aquatic datasets featuring turbidity annotations and occlusion metadata. The
review also highlights shortcomings in hyperparameter tuning and a lack of validation on real-world
hardware deployments.

Considering their [21] prior segmentation network (APGSN), Zhou et al. expand the research in-
to mobile deployment. They simulate GAN-generated fish masks on portable GPU rigs to validate
APGSN'’s edge-readiness. Tested in real-time using drone footage, the system processes fish segmen-
tation with a latency of under 0.8 seconds/frame. The team proposes an attention mechanism to refine
mask edges further, improving segmentation on partially occluded targets. This iteration emphasizes
robustness to motion blur and makes deployment suggestions for cage-integrity inspection, feeding
pattern monitoring, and multi-species tagging.

This extensive review [22] spans 20 years of fish classification research, evaluating models from
traditional handcrafted feature extractors to modern CNNs and GANSs. Li et al. divide the pipeline into
acquisition, preprocessing, and classification stages. Acquisition challenges include water distortion
and multi-angle tracking; preprocessing techniques include CLAHE, denoising, and segmentation us-
ing GrabCut, Otsu’s method, and pyramid shifting. For classification, they compare ANN, SVM,
AdaBoost, and state-of-the-art deep learning models (AlexNet, VGG, ResNet, YOLO). Their key find-
ing is that composite architectures outperform single classifiers, particularly under occlusion and envi-
ronmental variability. The review includes performance benchmarks, dataset summaries, and future
directions, such as hierarchical partial classifiers, LSTM-based temporal models, and edge-efficient
segmentation networks.

In [23] one tests CNN variants on underwater datasets to resolve issues with low-resolution fish
imagery. The researchers experiment with encoding-decoding CNNs (U-Net style) and shallow VGG-
based classifiers, measuring accuracy on blurred and distorted samples. Preprocessing includes Gauss-
ian blurring, morphological operations, and pyramid mean shifting. Training is performed on a
Fish4Knowledge subset with fish masks manually refined. Performance metrics highlight trade-offs
between network depth and runtime, with deep models yielding better generalization but slower infer-
ence. Their final framework is a hybrid CNN-KNN model which achieved ~98% accuracy in low-light
samples and demonstrated reduced overfitting via dropout layers. Suggested future work includes in-
tegrating behavioral classification and real-time inference optimization.
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Together, these articles paint a comprehensive picture of how artificial intelligence is changing aqua-
culture and fish ecology research. They address many tasks, ranging from species classification and disease
detection to motion tracking and semantic segmentation. But despite their variety and effectiveness, most
of these methods are aimed at test conditions that differ from those observed in our case. In particular, they
either read data from multiple sources (cameras or additional sensors), or the test conditions are more re-
fined (objects are filmed from closer angles and more object details are visible).

Thus, solving the actual gobies detection and tracking problem will require a specially tailored
approach that accounts for background noise, variable aquarium conditions, and the absence of addi-
tional sensor data.

The purpose and task of the research

Based on a review of current works, the purpose and task of the research were determined.

The aim of this study is to develop an approach for automatic detection and tracking of gobies in
a closed test environment under conditions that complicate the analysis: unstable background, pres-
ence of sediments and lack of additional sensor data sources.

To achieve this, the following tasks were set:

— To analyse modern methods of fish detection and tracking based on video data;

— To identify the limitations of existing approaches in the context of a test environment for gobies;

— To develop an object detection approach for analysing the behavior of aquatic organisms in
controlled laboratory conditions, capable of providing stable detection and tracking of objects against
a noisy and changing background without the use of additional sensors;

— To conduct experimental verification of the proposed approach on video recordings of aquari-
um experiments and to evaluate its accuracy.

Presenting main material

Considering the present test conditions of the enclosed environment an image preprocessing algo-
rithm for object detection and tracking has been developed in [24], which is based on the method of
image subtraction, in particular, the background [25, 26]. The algorithm proposed in [24] consists of
two stages: image preprocessing and object localization.

A modified SLIC image segmentation method has become the basis for the proposed object de-
tection approach. Before performing of image subtraction operation, both each frame and background
image a required to be preprocessed to enhance their color characteristics and remove noise. Image
preprocessing in the suggested approach includes the following stages:

1. Bilateral Filter for noise removal [27];

2. Brightness and contrast adjustment;

3. Additional use of a median filter for noise removal;

4. Accurate image upscaling to obtain a clearer representation of objects in the frame may be also
applied optionally if the original video frame size is too small [28]. Figure 3 shows the results of the
application of the proposed preprocessing algorithm to an empty image and a video frame.

cop— 2 . -

Fig. 3. Pre-processing results: a — empty aquarium image, b — a frame of a video with fish

After image color preprocessing object localization is taking place. But before object bounding
box calculation, an additional image processing step is required. As mentioned earlier, during the film-
ing of the video sequences the bottom of the aquarium is getting filled with the scattered food material
and products of fish life activities. These image parts can cause partial occlusions or objects’ real posi-
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/* Initialization */
Initialize cluster centers C, =[l,,a,,b,, %, y,]" by sampling
pixels at regular grid steps S.

Move cluster centers to the lowest gradient position in
3x 3 neighborhood.

Set label I(i) = —1 for each pixel i.
Set distance d (i) =0 for each pixel i.

repeat:
/* Assignment */

for each cluster center C, do

for each pixel I ina 2S x2S region around C, do

tion distortions. Since these particles are often of the
same colors as the fish itself they cannot be removed by
just applying color thresholding. Also mostly due to the
fact that those sediments are moving, they tend to get
onto the resulting image of background subtraction op-
eration.

Just converting the result from grayscale to binary
image and thresholding the blobs by size may not be the
most accurate way since some of those separated small
white blobs can be parts of fish itself being separated

from the subject by the difference in grayscale color dur-
ing subtraction that is still remaining after the prepro-
cessing step.

To solve this problem, the following solution was
proposed. The subtraction result image is being divided
into segments and within each segment we calculate the
amount of pixels that have value higher than the preset
threshold. If this amount is lower than, for instance, a
1/3 of all segment pixels (ratio depends on image size
and size of object of interest), then all pixel values with-
in this pixel are set to 0 (black).

The construction of the grid for background image
splitting is based on the result of image segmentation
method. The SLIC method was chosen as the base seg-
mentation algorithm [29, 30] for its accuracy. This method is aimed to be used with images converted
to LAB color space. Its algorithm is shown on Figure 4.

Thus cluster centers for Superpixels are defined as:

C.=[.a.b %,y , (1)
where: |, ,a,,b, — color component, a x,,y, — spatial component. Correspondently the distance met-

rics are:
— for color component:

Compute the distance D between C, and i.
If D<d(i) then
set d(i)=D
set 1(i) =k
end if
end for
end for
I* Update */
Compute new cluster centers.
Compute residual error E.
until E <threshold

Fig. 4. Basic SLIC Superpixel segmentation
algorithm [29, 30]

do=J(h=1)"+ (@ —2,)" + (0 -by)" @

— for spatial component:

d, =6 —x)2+ (- y,)" 3)

- dc 2 ds 2
i IR o

where N, and N, are color coefficient and interval of division into Superpixels.

In our case, the color representation of the image is not critical since the test environment is in general
an image of contrasts (white background and dark foreground objects), especially when recorded at night
using camera’s IR mode. Thus, it was decided to propose an extension of the basic SLIC [29] for usage of
multiple image layers instead of 3. Each new layer will represent the image features in terms of different
contrast representations, for instance: the background subtraction image itself, the L-layer from LAB color
space with color thresholding, or the grayscale frame with histogram equalization [31].

Considering this fact, the cluster centers from (1) are now presented as:

The combined metric is:

Co =l sl X VI, M=3.1, (5)

where n is the image layer count. Also, thus the d_ distance (2) now is:
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n

dc = Z(Ij,m _Ii)2 . (6)
m=1
The space distance (3) is being kept unchanged.
Also another addition was made to the basic method. On step of compu-
ting the distance D between C, and i an additional check was added in order

to ignore the pixels that are not surrounded by neighborhood with similar col-
or characteristics. This is aimed on keeping the clusters uniform in order for
the subject to be enclosed into a single Segment as much as possible eliminat-
ing the interspersion of parts of other segments in it:

— For each candidate pixel a r-neighborhood of pixels is selected, then
the within this surrounding neighborhood the average color is being calculated
across all n image feature channels;

— Then one compares the average to the pixel’s actual color. If the Euclidean
color difference (across all channels) exceeds the set neighborhood color thresh-
old, the pixel is skipped in the clustering step. ) )

Thus this approach should help suppressing labeling of edge/noisy pixels ~F'9: 5 Post-processing
that deviate sharply from their local context, reinforcing perceptual consisten- ~ With the s.egmentatllonf
cy, which benefits applications like object boundary detection or segment ;thins'on' da _t:fsu tt_o
smoothing and preventing cluster contamination by outlier pixels early in iter- bac s%roun ts‘tj. rac |o|r1[,
ation, especially in high-frequency texture zones. — segmentation resu

Research results (gzge“rzi?(];f;gggﬂfd
The test was conducted on a set of 75 images (frames selected from the  gyer the subtraction
video sequence). For testing purposes the images (including an image of an result
empty background) were scaled down by 65% from original size of
1784 x1520. For such resolution the initial Superpixel grid was set to contain
grid cells of size was 80 pixels. For both basic and modified SLIC the number of clustering iterations

is 10, N, =40, the size of uniformity check neighborhood is 7, the corresponding color threshold is

130. It is worth noticing, that as an temporary extra post-processing step the blob union was applied
(small blobs within a small range are being united since they are likely to be parts of a single object
separated by, for instance, an oxygen tube).

Also for this particular case in addition to standart LAB layers a result of background subtraction
(Fig. 5) was utilized as an additional image feature layer. Tables 1 and 2 show the confusion matrices for
basic and modified methods. Here in the confusion matrices, the percentage of pixels that belong to the area
that is the object and are segmented as object pixels are denoted TP (true positive). TN (true negative) — the
percentage of pixels that belong to the background and are segmented as background pixels. FP (false posi-
tive) — the percentage of pixels that belong to the background but are segmented as an object. FN (false
negative) — the percentage of pixels that belong to the area that is the object but are segmented as back-
ground pixels. In addition the total number of correct detections versus the total number of real objects
across the entire image set was calculated. The results are shown on Table 3.

Table 1 Table 2 Table 3
Confusion matrix for detections Confusion matrix for detections Correct detections comparison per image set
performed with help of basic SLIC  performed with help of modifed SLIC  with different segmentation methods as an
method method extension to detection approach
Ground Results obtained Ground Results obtained with Ground
Truth with Basic SLIC, % Truthmarks| modifed SLIC, % Correct Truth
! Method used : .
marks (marked by Fish | Backaround Detections Objects
(marked by | Fish |Background __hand), % g (Blobs)
hand), % Fish 91.245 8.755 Basic SLIC 316
Fish 83.008 | 16.992  Background| 0.509 99.491 Modified 340 389
Background| 0.322 99.678 SLIC

The modified SLIC method allowed to increase the number by ~6.8% on this image set (Fig. 6)
which is important for correct object identification on each frame.
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Fig. 6. Increased number of correctly detected objects: a — usage of basic SLIC, b — usage of modifed SLIC

Conclusions

This research proposes a practical and scalable solution for object detection in controlled biolog-
ical observation environments, specifically tailored for aquatic behavior analysis. The proposed ap-
proach, through the integration of an extended SLIC superpixel segmentation algorithm with multi-
layer contrast evaluation and pixel uniformity checks, addresses challenges such as background clut-
ter, partial occlusions, and sediment interference in long-term fish monitoring. Testing on bullhead
video sequences demonstrated improved detection and tracking quality. The method ensures accurate
segmentation, more reliable bounding box generation, and enhanced continuity of object tracking.
Quantitative behavioral data were obtained, including conflict occurrence and movement metrics.
Comparative analysis with baseline segmentation methods confirmed the advantages of the proposed
approach in terms of accuracy and robustness under unstable background conditions. The modularity
of the approach also enables adaptation to other enclosed environments, such as rodent observation
chambers, expanding its potential use in neuroscience and agricultural research. Further research will
focus on developing and refining methods and algorithms to improve the detection accuracy of bull-
heads and the overall quality of image processing for behavioral analysis.
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