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The monitoring of fish in their natural habitat plays a crucial role in anticipating changes within marine
ecosystems. Marine scientists have a preference for automated, unrestricted underwater video-based sampling
due to its non-invasive nature and its ability to yield desired outcomes more rapidly compared to manual
sampling. Generally, research on automated video-based detection using computer vision and machine learning
has been confined to controlled environments. Additionally, these solutions encounter difficulties when applied
in real-world settings characterized by substantial environmental variability, including issues like poor visibility
in unregulated underwater videos, challenges in capturing fish-related visual characteristics, and background
interference. In response, we propose a hybrid solution that merges YOLOv11, a popular deep learning based
static object detector, with a custom designed lightweight motion-based segmentation model. This approach
allows us to simultaneously capture fish dynamics and suppress background interference. The proposed model
i.e., DeepFins attains 90.0% F1 Score for fish detection on the OzFish dataset (collected by the Australian
Institute of Marine Science). To the best of our knowledge, these results are the most accurate yet, showing
about 11% increase over the closest competitor in fish detection tasks on this demanding benchmark OzFish
dataset. Moreover, DeepFins achieves an F1 Score of 83.7% on the Fish4Knowledge LifeCLEF 2015 dataset,
marking an approximate 4% improvement over the baseline YOLOv11. This positions the proposed model as

a highly practical solution for tasks like automated fish sampling and estimating their relative abundance.

1. Introduction

The automated estimation of fish populations through the analysis
of underwater video footage holds significant importance for marine
scientists as it enables them to gauge the relative abundance and
biomass of different species across various marine ecosystems (Jennings
and Kaiser, 1998; McLaren et al., 2015). This critical information is
instrumental in safeguarding endangered species from the perils of
over-fishing and environmental shifts (Radinger et al., 2019). Further-
more, determining the maximum count of a specific fish species aids
marine scientists in establishing environments conducive to fostering
greater fish biodiversity in specific regions. The advent of rapid data
acquisition through underwater camera systems has made thousands of
hours of video data available from diverse regions around the world.
However, manually observing and sampling such vast volumes of data
presents a labor-intensive and cost-prohibitive challenge for marine
biologists and conservationists, despite the undeniable merits of its non-
destructive nature. In contrast, the automatic sampling of fish using

modern machine learning and computer vision tools is increasingly gar-
nering attention from marine and fisheries communities as an essential
requirement.

Fish detection is an essential precursor to their species classification,
as each video frame may contain multiple fish belonging to various
species. To address this challenge, numerous machine learning (ML)
algorithms are available; however, they grapple with the consider-
able variability within species, non-rigid deformations, alterations in
orientation, reduced visibility, and intricate lighting conditions.

In conventional studies, marine scientists rely on textural features to
detect and classify fish, utilizing methods such as Principal Component
Analysis (PCA), hierarchical decision trees with Support Vector Ma-
chines (SVM), and Gaussian Mixture Models (GMM). These techniques
aim to automate fish sampling (Huang and Huang, 2014; Lawson et al.,
2001; Palazzo and Murabito, 2014; Huang et al., 2015). However,
given the intricate nature of the problem, recent research endeavours
have shifted towards Deep Neural Networks (DNN) for tasks like fish
detection, tracking, and classification.
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Salman et al. (2016) introduce fish classification based on Con-
volutional Neural Networks (CNN) applied to the LifeCLEF 2014 and
2015 datasets, which featured a more extensive class distribution.
Similarly, Sung et al. (2017) employ YOLO, a renowned object de-
tector (Redmon and Farhadi, 2018), to achieve a remarkable 93%
detection accuracy in 839 fish samples. Xu and Matzner (2018) also
leverage YOLO for fish detection across multiple datasets, achieving
an impressive mean average precision score of 54%. In a different
approach, Jiger et al. (2016) utilize a multi-class SVM on AlexNet CNN
features for the LifeCLEF 2015 fish detection task, securing a 74% F1
Score. In their work, Sun et al. (2022) introduce an image enhancement
strategy tailored for the task of coral reef fish detection within the
LifeCLEF 2015 dataset. The presented method leverage saliency maps
generated through a Siamese network to effectively reconstruct input
images, markedly improving visual clarity despite challenges such as
variations in luminosity, the presence of moving background objects,
and image blurriness. Subsequently, Cascade-RCNN is applied to the
refined dataset, attaining an F1 Score of 81.7%.

Taking a distinct route, Zhuang et al. (2017) propose pre- and post-
processing techniques applied to deep learning to extract fish patches
for detection. Choi (2015) base fish detection and classification on
GoogleNet, achieving an F1 Score of 84% for 15 species on the same
dataset. On the other hand Salman et al. (2019) introduce a combina-
tion of GMM features and pixel-wise posterior analysis for fish detection
in complex backgrounds, attaining an average F1 Score of 84.28% in
the LifeCLEF 2014 fish detection challenge. Furthermore, Jalal et al.
(2020) present promising results on LifeCLEF 2015 by adopting a
hybrid approach combining temporal and CNN features where GMM
and optical flow features are used over raw sequential images and
applied the Resnet-50 (He et al., 2016) fish classifier for fish identi-
fication. Moreover, YOLOvV3 architecture is employed on raw images
in parallel, ultimately achieving F1 Scores of 95.47% and 91.64% for
fish detection and classification, respectively. Qu et al. (2024) presents
ConvFishNet, a lightweight model designed for fish classification from
underwater images. ConvFishNet reduces parameters by 80% compared
to FishNet while maintaining high precision. It performs effectively on
the WildFish and Fish4Knowledge datasets, and achieve precision of
88.4% on WildFish dataset demonstrating its suitability for challenging
underwater environments.

Recent advancements in fish detection and behavior analysis have
taken the advantage from dense optical flow and CNNs, improving
classification accuracy to over 95% in specific datasets (Wang et al.,
2021). Ubina et al. (2021) propose optical flow combined with 3D
CNNs to achieve high accuracy in estimating fish feeding intensity.
A novel semi-supervised learning method, introduced by Jahanbakht
et al. (2023), has shown significant promise, using weakly-labeled data
and an ensemble of deep neural networks to achieve a 93.6% F1 Score
on the FishInTurbidWater dataset.

Accurate fish detection plays a vital role in various fish-related
applications, enhancing both ecological research and aquaculture prac-
tices. It is fundamental for estimating fish biomass, providing insights
into the total mass of fish in a region for sustainable fishery manage-
ment. Automated fish counting systems monitor population density in
aquaculture and natural habitats, while precise detection aids in as-
sessing fish quality and identifying diseases early by analyzing physical
anomalies. Furthermore, fish tracking enables the study of movement
patterns, behavior, and habitat use, contributing to better management
and conservation efforts. Additionally, fish detection supports length
measurement for tracking growth and estimating age, and helps cal-
culate relative species abundance, which is critical for biodiversity
and ecological balance studies. Rani et al. (2024) propose an auto-
mated approach for fish biomass estimation using a modified version
of YOLOv8, which incorporates five detection heads. They introduce
a dataset called Aquatic WeightNet, consisting of approximately 5000
images of 30 fish species from the Genetically Improved Farmed Tilapia
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(GIFT). These images are captured in a controlled fish tank environ-
ment to ensure precise and consistent data. Their method achieves
outstanding results, including 99.7% recall, 99.8% precision, and a
99.4% mean Average Precision (mAP) in fish detection task. Wang
et al. (2025) present a comprehensive dataset comprising 256,680 fish
instances and propose a lightweight instance segmentation approach
based on YOLOVS. This method incorporates CSP bottleneck structures,
dual convolutions, and deformable convolutional networks (DConv) to
enhance model efficiency and accuracy. Their approach achieves an
impressive 98.1% mAP on the fish counting task, demonstrating its
effectiveness in handling complex aquatic environments and large-scale
fish datasets. Zheng et al. (2024) propose fish recognition method based
on YOLOv7 with object segmentation on Fish-Seg dataset comprising
of 3000 fish frames from 5 ornamental and farmed fish species and
able to achieve 94% F1 Score on fish detection. Similarly, Cao et al.
(2024) optimize the YOLOvV5 framework with a SimAM attention-based
mechanism to enhance fish detection accuracy. They also introduce a
custom dimension measurement method by integrating the YOLOvV5-
keypoint framework. Their dataset comprises 3849 images captured
against a light-colored backdrop, focusing on a single fish species.
This approach achieves a 97.81% mAP for fish detection and an av-
erage MSE of 0.104 for the fish measurement task. Fish diseases pose
significant risks of contagion, often leading to considerable economic
losses. In a study, Li et al. (2024) propose YOLO-FD, a multi-task
learning network based on YOLOVS, designed to simultaneously detect
fish instances and segment infected areas. They also introduce the
Nocardiosis Fish Dataset, comprising 1072 images of 30 largemouth
bass fish. Their approach achieves a fish disease detection mAP of
94.2%. On the other hand, Saqib et al. (2024) presents a YOLOX
deep learning framework for automatic fish detection, event counting,
and species classification using computer vision and Al in electronic
monitoring (EM) videos. They propose a dataset comprising 20,019 fish
annotations from 5198 images of 12 fish species. They achieve mAP
of 81% and top-1 accuracy of 91.11% for fish detection and classifi-
cation respectively. Additionally, unsupervised learning approaches for
fish tracking and segmentation have been explored, demonstrating the
effectiveness of integrating temporal and spatial features in underwater
imagery analysis (Saleh et al., 2022).

Some studies have also delved into fish detection using the OzFish
dataset. One study addressed the challenge of accurate data label-
ing under various underwater environmental conditions, employing a
YOLOv4 model in a self-supervised setting on the CCMAR and OzFish
datasets, resulting in an F1 Score of 74.68% (Veiga et al., 2022).
Another study by Marrable et al. (2022) reports an F1 Score of 78.6%
using YOLOv5. Muksit et al. (2022) unveil two robust fish detection
models known as YOLO-Fish-1 and YOLO-Fish-2. These models are
adaptations of the YOLOv3 framework, specifically tailored to address
the challenges of detecting small fish instances and effectively iden-
tifying fish within dynamic environments. To evaluate these models,
various experiments are conducted using the DeepFish and OzFish
datasets. Remarkably, this approach achieved an impressive 73% F1
Score when tested on the OzFish dataset.

As widely recognized, the utilization of more intricate and deeper
neural architectures necessitates a substantial volume of training data
and may still be susceptible to overfitting, as acknowledged by LeCun
et al. (2004). Additionally, despite their improved generalization ca-
pabilities and promising outcomes, these complex models demand
considerable computational resources, rendering them less practical
for real-time video processing applications. The primary focus in this
study centers on enhancing contemporary state-of-the-art object de-
tection methods like YOLO. This enhancement is achieved through
a meticulously crafted algorithm designed to capture fish motion-
related features while concurrently eliminating irrelevant noise and
background interference. The evaluation draws upon the OzFish and
Fish4Knowledge LifeCLEF 2015 datasets, both of which pose challenges
stemming from the underwater environment’s inherent variability,
characterized by poor visibility and aquatic background ambiguity.

To summarize, the specific contributions in this study are as follows:
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Fig. 1. Sample images to illustrate the high variation in terms of illumination, crowd, visibility, camouflage, and contrast in Ozfish dataset (first three rows) and LifeCLEF 2015

dataset (last two rows).

1. A hybrid solution is introduced that merges a modified
YOLOv11-based spatial fish detector with a custom designed
motion-based segmentation method.

2. The proposed approach employs the advantages of the proposed
motion segmentation module, am algorithm that works on tem-
poral data, while overcoming limitations related to detecting
large moving background objects. This refinement yields en-
hanced segmentation performance, with reduced false alarms as
well as reduced computation time.

3. A modified YOLOv11 branch is used to perform dual tasks:
classifying fish versus non-fish objects within image patches
detected by the motion segmentation module and conducting
full frame-based fish detection.

The rest of the paper is structured as follows: Section 2 provides
an overview of the datasets employed, namely the OzFish dataset and
LifeCLEF 2015 dataset. It also presents the hybrid solution integrat-
ing YOLOv11l with a meticulously crafted motion-detection module,
addressing fish detection in uncontrolled underwater environments.
The model’s performance is assessed in Section 3. Section 4 contains
an in-depth exploration of the advantages of the proposed approach,
comparing it with existing state-of-the-art. Finally, the paper concludes
in Section 5, where future research directions are also discussed.

2. Materials and methods

This section commences by introducing the datasets employed and
subsequently advances to present the proposed static and motion-based
hybrid feature extraction method designed to enhance fish detection
accuracy.

2.1. Datasets

Evaluations are conducted using two datasets, namely OzFish and
LifeCLEF 2015, to assess the performance of the proposed algorithm.
The LifeCLEF 2015 dataset is employed to conduct cross-model valida-
tion, with a model trained on OzFish data and then evaluated on the
LifeCLEF 2015 dataset. Both datasets pose significant challenges related
to dynamic backgrounds, moving background objects, blurriness, oc-
clusions, jitter, and other factors. The dataset particulars are provided
below.

2.1.1. OzFish dataset

The OzFish dataset, provided by the Australian Institute of Marine
Sciences (AIMS), is employed as one of the validation datasets. This
dataset encompasses more than 3000 videos recorded at various times,
with a total of 1758 frames across the videos annotated for the fish
detection task. These annotated frames collectively comprise approx-
imately 45,000 labeled bounding boxes, with each frame potentially
containing multiple such boxes. It is noteworthy that these annotated
video frames are not consistently chronological and appear at arbitrary
instances within the videos. The videos in the dataset are in 1080p res-
olution, in MP4 format, and are recorded at 24 frames per second. The
dataset presents challenges related to luminosity variations, contrast,
blurriness, fish camouflage, moving background elements like plants
and corals, and water turbidity, among other factors as shown in Fig. 1.

To address the limitation of the original 1758 annotated frames
for training the algorithm, annotations are added to 8185 additional
frames, bringing the total dataset size to 9943 frames. These extra
frames are selected from the pool of 3000 AIMS videos, which were not
originally annotated. For the fish detection task, this augmented dataset
is partitioned into training, validation, and test sets, with proportions
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Fig. 2. Description of datasets and splitting strategy for fish detection. The same splitting strategy is used for the LifeCLEF 15 dataset except that no additional unannotated frames

are used.

of 80%, 10%, and 10%, resulting in 7955, 994, and 994 frames, and
104,188, 8411, and 14,906 fish instances in each set, respectively. Dur-
ing the dataset splitting process, it is ensured that frames from the same
video are included in only one of the three splits (training, validation,
or test) for a fair evaluation. This extended dataset is referred to as the
Detection_Set dataset as shown in Fig. 2.

In the pipeline, a binary Fish-Nonfish classifier is trained as an
additional head of the YOLOv11 system (to be explained later). For this
purpose, the Detection Set training set with annotated frames is used,
and up to 20 background instances (non-fish) are introduced in each
frame. These background instances are generated with the constraint
that they do not overlap with any bounding box covering fish in the
same frame. The aspect ratio for each background box is randomly
selected within a range of 0.25 to 3. Similarly, validation and test sets
for the binary classifier are created using the initial validation and test
splits, forming the Fish Nofish Set dataset.

Furthermore, short video clips of around 3 s, corresponding to
various frames within the 3000 videos, are released by AIMS. Clips
are selected exclusively from videos designated for the validation and
test set, and this collection of short clips is referred to as the Clips_Set
dataset. This dataset of clips is specifically used by the segmentation
module, which is a non-trainable algorithm. Consequently, there is
no need to create a dedicated training set for these short video clips.
However, a few clips around the frames included in the validation sets
are reserved for parameter fine-tuning.

2.1.2. LifeCLEF 2015 dataset

The LifeCLEF 2015 dataset comprises 93 annotated videos, each
containing instances of 15 distinct fish species. This dataset is a sub-
set of a more extensive collection of underwater videos known as
Fish4Knowledge, as documented by Joly et al. (2015) in 2016. The
Fish4Knowledge repository encompasses over 700,000 unconstrained
underwater videos captured using stationary cameras. These videos
are recorded over a span of five years, with the primary objective of
monitoring the marine ecosystem within the coral reefs of Taiwan.
Note that this region boasts one of the most diverse fish populations
globally, featuring over 3000 different fish species. Fig. 1 provides a
visual representation of some selected samples drawn from the dataset,
offering a glimpse of its inherent diversity and characteristics.

The choice of datasets for any machine learning-based object de-
tection system is crucial, as it directly impacts the system’s accuracy,

robustness, and ability to generalize. This is especially important for
unconstrained underwater fish detection tasks, where the data must
include a wide range of fish instances against diverse backgrounds.
Such diversity helps the machine learning model distinguish fish of
various shapes and colors from vibrant backgrounds, reducing the
likelihood of misdetections due to camouflage. The LifeCLEF 2015
dataset effectively serves this purpose. Additionally, it is essential for
the dataset to cover different luminosity conditions, including various
levels of turbidity and water murkiness. This challenges supervised
machine learning algorithms like YOLO to extract distinctive, fish-
specific features from the underwater data. To our knowledge, the
OzFish and LifeCLEF 2015 datasets are two publicly available large
datasets that meet both of these requirements (see Fig. 1).

2.2. Methodology

Deep neural networks (DNN) continue to be the most effective
choice for fish detection and species classification tasks in images
or videos. Nevertheless, an augmentation of DNN capabilities can be
achieved by integrating traditional computer vision algorithms. In light
of recent advancements in spatio-temporal feature extraction, the pro-
posed Algorithm 1 combines spatial and temporal feature extraction to
enhance fish detection in underwater videos. see Fig. 3.

This approach effectively addresses the unique challenges posed by
datasets such as OzFish and LifeCLEF 2015, which are characterized by
low visibility, dynamic water movement, and the presence of non-fish
objects. By integrating temporal motion analysis with state-of-the-art
spatial detection models, the algorithm provides robust and precise fish
detection capabilities.

The proposed algorithm begins by extracting individual frames from
the input video, ensuring a consistent and standardized format for
subsequent processing. Each frame undergoes preprocessing steps such
as resolution adjustment, color normalization, and noise reduction to
mitigate variations in video quality. These steps establish a uniform
foundation for further analysis and enable the algorithm to perform
reliably across diverse underwater environments.

To incorporate temporal dynamics, the algorithm employs a motion
segmentation module that identifies regions of interest (ROIs) in each
frame by segmenting moving blobs from the static background. Us-
ing a direction-based clustering technique applied to motion vectors,
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Fig. 3. The proposed hybrid fish detection system consists of two parallel streams. In the bottom stream, the segmentation module processes the video, resulting in moving fish
candidates. This output is then fed into the YOLOv11 backbone, and the extracted features are subsequently input to the fish/non-fish classifier module. In the top stream, raw
video frames are directly passed to the YOLOv11 backbone, followed by the YOLOv11 head module. The results from both streams are combined to enhance fish detection accuracy.
In the visualization, false detections by the segmentation module are represented by yellow boxes, while legitimate moving fish candidates are shown in green, and red boxes
indicate detections by YOLOv11 (best viewed in color). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

the module isolates dynamically relevant areas while discarding static
background clutter. This segmentation process ensures that only mov-
ing objects — likely candidates for fish — are carried forward, reducing
unnecessary computations and improving efficiency.

After motion segmentation, the proposed algorithm performs blob
analysis to refine the candidate regions. Each segmented blob is ex-
amined for size, motion trajectory, and shape, with invalid blobs, such
as noise or objects below a predefined size threshold, being discarded.
This filtering step allows the algorithm to focus solely on meaning-
ful objects, enhancing its accuracy and efficiency in detecting fish.
In parallel, the algorithm employs YOLOv11, a state-of-the-art object
detection framework, to extract spatial features from each preprocessed
frame. YOLOv11 generates high-dimensional feature maps and detects
bounding boxes representing potential objects. These spatial detections
complement the temporal features derived from the motion segmenta-
tion module, providing a comprehensive representation of each frame’s
content.

The next step involves binary classification of blobs to differentiate
between fish and non-fish objects. Each blob from the motion segmenta-
tion module is passed through the YOLOv11 classification head, which
utilizes the extracted spatial features for fine-grained classification.
Only blobs classified as fish are retained, significantly reducing false
positives and enhancing the algorithm’s precision. This classification
step is crucial for filtering out non-fish objects, such as debris or marine
vegetation, commonly present in underwater scenes.

Finally, the algorithm combines the outputs from the motion seg-
mentation classifier and YOLOv11 detection branches to produce the
final fish detections. For each frame, the fish blobs identified during
binary classification are merged with YOLOv11’s bounding box detec-
tions. The merging of fish instances from the YOLOv11 detector and
the motion segmentation classifier employs a preferential approach.
When fish blobs overlap between the two branches, the results from
the YOLOv11 detector, which generally provides superior localization
accuracy, are prioritized. In contrast, when no overlap exists, the
fish blobs identified by both branches are retained as valid outputs,
ensuring a comprehensive and accurate detection process.

By combining motion-based segmentation with advanced spatial
detection techniques, this algorithm offers a robust solution for fish
detection in underwater videos. It effectively addresses challenges such
as cluttered backgrounds, dynamic water movement, and poor visibil-
ity. The synergy between spatial and temporal features enables high-
precision detection, making the algorithm well-suited for applications
in marine research and ecological monitoring.

Algorithm 1 DeepFins Algorithm for Fish Detection and Classification
using Temporal and Spatial Features.
Require: V: Underwater video sequence, Y: YOLOvll model, C:
Direction-based Clustering
Ensure: Set of fish detections D = {D,, D,, ..
1: F={F,F,,...,Fp} from V.
2: for each frame F, € F do

..Dy}

3 F; < Preprocessing(F;)
4 M; « Motion Segmentation(F;)
5: R, < C(M)
6: for each candidate region r; € R; do
7 Calculate blob size s;
8 Discard r; if s; < 7,
9: Extract features ¢(r;) from the corresponding region in F[.’ .
10: ¢; =Y ((r))
11: Retain r; if ¢ = "fish"
12: end for
13: B; = Y, (F)).

14: D, =0

15: for each blob r; € R; and bounding box b, € B; do
16: if rynby =0; D; < D; U {r;, by}

17: ifr;nb#0; D; < D;U {b}

18: end for

19: end for

20: Output: Combine the merged detections from all frames to
generate the final set of fish detections D.

2.2.1. Static image-based detection

In the static image-based detection system, YOLOv1l (Khanam
and Hussain, 2024), an advanced real-time object detector that ranks
among the current state-of-the-art solutions, is adopted. It is one of
the latest and most stable iteration in the YOLO (You Only Look
Once) family of object detection models, incorporates several advanced
features to enhance its performance in scenarios with complex back-
grounds, variable lighting conditions, and diverse object scales which
are common characteristics in underwater settings. Moreover, this iter-
ation of YOLO incorporates significant advancements in augmentation
techniques during training, thereby enhancing its ability to harness the
underlying architecture’s learning potential. This feature is particularly
advantageous for addressing specific problem in this study.
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Fig. 4. The image on the left illustrates the presence of moving aquatic plants in the background, while the image on the right displays the intermediate results, which are
identified fish candidates obtained from the proposed motion segmentation algorithm. It is evident that temporal-based feature detectors also identify moving background objects,
resulting in an excessive number of false detections and subsequently compromising the precision rate. Image best viewed in color. (For interpretation of the references to color

in this figure legend, the reader is referred to the web version of this article.)

YOLOvV11 is built upon a modified C3k2 (Cross Stage Partial with
kernel size 2) block which is computationally more efficient imple-
mentation of the Cross-Stage Partial (CSP) Bottleneck. It employs two
smaller convolutions instead of one large convolution, which con-
tributes to faster processing while maintaining performance. This block
efficiently extracts hierarchical features, crucial for recognizing fish
with varying textures, scales, and shapes in underwater videos. This
architecture enables the model to detect objects with high precision,
even in visually noisy conditions, such as coral reefs or murky water.
This block replaces the C2f block used in previous versions.

YOLOv11 uses an anchor-free detection head, simplifying the
bounding box prediction process by directly regressing box coordinates
and object probabilities. This removes the dependency on pre-defined
anchor boxes and improves detection performance, especially for ob-
jects like fish that exhibit diverse sizes and orientations. The anchor-
free design is advantageous for underwater detection, where fish can
appear at random scales and in unpredictable locations within the
frame.

The Spatial Pyramid Pooling - Fast (SPPF) module in YOLOv11
is a refined version of the traditional Spatial Pyramid Pooling (SPP),
designed to accelerate multi-scale feature extraction while maintaining
efficiency. It uses three consecutive max-pooling layers with a fixed
kernel size to aggregate multi-scale spatial context. By stacking these
pooling layers rather than relying on separate large kernel operations,
SPPF reduces computational complexity and memory usage while ef-
fectively capturing a broad receptive field. This significantly improves
fish detection in dynamic, complex underwater environments by en-
hancing the model’s ability to capture spatial information at multiple
scales. The aggregated features help the model better differentiate fish
from challenging backgrounds like coral, seaweed, or debris, providing
a wider context for more accurate detection. Its efficiency supports
real-time applications, while the strong feature representation aids in
recognizing fish-specific traits such as fins, scales, and body shapes,
ultimately improving both detection accuracy and speed.

YOLOv11 integrates advanced modules to significantly improve
detection accuracy, especially in challenging environments like under-
water. One key feature is the C2PSA (Convolutional block with Parallel
Spatial Attention), which enhances spatial attention by allowing the
model to focus on important regions within the image. This is par-
ticularly valuable for detecting fish at different scales and positions,
including smaller or partially occluded ones. By concentrating on key
areas, this attention mechanism helps the model distinguish fish from
complex and cluttered backgrounds like seaweed or coral.

YOLOv11 also enhances feature extraction and processing through
its improved backbone and neck structures, including the C3k2 block.
This enables the model to capture multi-scale features more effectively.
These features are further refined by CBS (Convolution-BatchNorm-
Silu) layers, which use the Sigmoid Linear Unit (SiLU) activation func-
tion for non-linearity. This setup stabilizes and normalizes data flow,
improving the overall precision of object detection. For fish detection,
these upgrades allow the model to more accurately identify fish by
recognizing distinctive features such as fins, scales, and body shapes,
even in the dynamic and complex underwater environment.

2.2.2. Motion-based detection

Researchers have employed various techniques in real-word ap-
plications to capture motion-based features, including methods like
GMM and optical flow, to extract moving foreground objects from
video data. These techniques can also contribute to the effectiveness of
fish detection approaches, particularly in scenarios where static image-
based segmentation struggles to accurately delineate fast-moving fish
within dynamic backgrounds, resulting in frequent miss detections and
reduced recall rates. However, these methods encounter challenges
when confronted with moving background elements such as aquatic
plants and algae, often erroneously identifying them as fish instances,
as depicted in Fig. 4 on the left image. Such instances generate a surplus
of candidates for fish detection, leading to increased computational
load and elevated false alarm rates, ultimately diminishing the overall
system precision. To tackle this issue, a novel temporal fish detection
method is introduced which is designed to minimize false alarms caused
by moving background elements.

For video based temporal detector, a segmentation algorithm is
designed which captures motion pattern generated by moving objects
in pairs of video frames and at the same time removes static ob-
jects including background comprising coral reef and aquatic plants.
The mathematical model is presented in Appendix. However, the out-
put of segmentation may still contain remnants of non-fish objects,
such as noise resulting from dynamic light beams and the motion
of aquatic plants. To eliminate these artifacts, the identified blobs
in the segmented image are overlaid onto the RGB frame, and their
corresponding regions are delineated with bounding boxes. These RGB
images encompass all the motion candidates predicted by the seg-
mentation module. The cropped regions within the bounding boxes
are subsequently fed into the YOLOv11 binary classification branch,
which distinguishes between fish and non-fish entities. This branch
is implemented within a multi-objective optimization framework, po-
sitioned after the DarkNet feature extractor, as illustrated in Fig. 4.
This addition allows the system to refine detections by leveraging
deep feature representations extracted by the backbone, ensuring more
accurate classification and filtering of irrelevant entities in challenging
underwater environments. The fish candidates identified by this process
are then integrated with the static fish candidates localized by the
detector branch of YOLOv11. Fig. 5, illustrates some outcomes of the
proposed segmentation module. The merging of fish instances from
the YOLOv11 detector and classifier follows a preferential approach,
where results from the detector branch, which typically exhibits better
localization, are favored over those from the classifier branch, powered
by the motion segmentation module, when there is an overlap between
the fish blobs. Conversely, fish blobs from both branches are considered
valid outputs when there is no overlap between them, as depicted in
Fig. 3.

3. Results

In this section, the outcomes of the proposed fish detection ar-
chitecture are presented. The model’s performance is assessed using
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Fig. 5. Illustrative outcome of the proposed motion segmentation algorithm. First column are raw images. Second column shows motion depicting candidates while third column
shows refined output after background subtraction for static and insignificantly moving objects (best viewed in color). (For interpretation of the references to color in this figure

legend, the reader is referred to the web version of this article.)

various metrics. Fish detection accuracy is measured using the F1
Score, as indicated in Eq. (1), which represents the harmonic mean of
precision and recall. This score is particularly valuable when achieving
a balanced trade-off between precision and recall is essential for overall
performance.

2(Precision X Recall)

F1S = .
core (Precision + Recall)

(€8]

3.1. Fish detection

It is recalled from Fig. 3 that the fish detection system is composed
of two branches. In one of these branches, YOLOv11 is utilized for the
detection of fish instances due to its exceptional accuracy and efficient
computational performance when compared to competitors such as
Single-Shot Detector (SSD) (Liu et al., 2016), Region Proposed Network
(RPN) (Ren et al., 2015), and Feature Pyramid Network (FPN) (Lin
et al., 2017). YOLOv11 is a pre-trained model on the extensive Im-
ageNet dataset (Khanam and Hussain, 2024), serving as a versatile
image feature extractor. ImageNet covers an extensive spectrum of
one thousand object classes, incorporating a wide range of maritime
categories like goldfish, ray fish, jellyfish, spiny lobster, crayfish, grey
whale, starfish, anemone fish, garfish, lionfish, pufferfish, and sea,
among others. Utilizing this pre-trained model significantly reduces the
need for extensive fine-tuning on the fish dataset.

The YOLOv11 model is trained using raw images from the Detec-
tion_Set and fish/non-fish crops sourced from the Fish NonFish Set. The
label file for YOLOv11 training contains information about the loca-
tions of fish candidates and their corresponding labels. For legitimate
fish instances, the label is set to 1, accompanied by the coordinates
of the corresponding bounding boxes. If there are no fish instances in
an image, an empty vector is forwarded. During training, the detector

branch of YOLOv11 is trained for regression tasks on coordinates using
mean square error, while the classifier branch is trained on labels
using cross-entropy loss. The training process is carefully designed with
a set of hyperparameters and techniques to optimize the network’s
performance. The 300 epochs ensure sufficient training iterations for
the model to learn complex patterns, while a batch size of 16 balances
computational efficiency with gradient stability. The choice of an image
size of 640 x 640 pixels provides a good trade-off between compu-
tational demand and the ability to capture fine details. Moreover, a
learning rate of 0.01 is selected to control the pace of parameter
updates, ensuring stable convergence, while an optimizer weight decay
of 0.0005 prevents overfitting by regularizing the model weights. The
warm-up momentum set to 0.8 facilitates a smoother start to training,
avoiding abrupt weight updates in initial epochs.

Data augmentation techniques further enhance the model’s robust-
ness and generalization. HSV adjustments ([0.015, 0.7, 0.4]) simulate
varying lighting conditions, while translation by 0.1 adds positional
variance. Mosaic augmentation (factor of 1.0) combines multiple im-
ages, improving object detection in cluttered scenes, and horizon-
tal flipping (probability of 0.5) introduces directional diversity. At
the inference stage, a confidence threshold of 0.6 filters out low-
probability detections, prioritizing precision. The consistent resolution
of 640 x 640 pixels during training and inference ensures compatibility
between the data pipeline and the model, maintaining the integrity of
both original images and cropped regions. These hyperparameters col-
lectively enable the model to achieve high accuracy and generalization
across diverse scenarios.

The dataset is first split into 60% training, 20% validation, and 20%
testing sets. The model is then trained until early stopping criteria is
met on the validation set. The model achieved an F1 Scores of 75.2%
and 69.4% on the validation and test set respectively. Subsequently, the
training and validation sets are combined to form a larger training set,
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Fig. 6. Image enhancement: First column are raw images. Second column shows enhanced images as a result of histogram equalization.

Table 1
Comparison of performances on fish detection task on OzFish test set. All systems are
trained on OzFish training set.

Scheme Precision Recall F1 Score
ATP (Veiga et al., 2022) 86.0 66.0 74.7
ASRD (Marrable et al., 2022) 89.8 69.9 78.6
YOLO-fish (Muksit et al., 2022) 83.0 64.0 73.0
YOLOv11 (Khanam and Hussain, 2024) 82.8 83.3 83.1
Deepfins (Our proposed) 88.1 91.9 90.0

and training continues from the point where early stopping was previ-
ously triggered.. The training process for YOLOv11 takes approximately
18 h. The larger amount of training data provided by the Detection Set
contributes to a more stable training curve for YOLOv11, resulting in a
significant improvement in the F1 Score of 83.1% on the test set. These
results pertain to frame-based detection.

The Clips_Set dataset is utilized to develop the segmentation module,
which is then integrated with the YOLOv11 input to generate spatial
and motion-based features for fish detection, as illustrated in Fig. 5. To
enhance the data, we perform histogram equalization on the Y channel
after converting the frame from RGB to YCrCb and then back to RGB
color-space. Fig. 6 shows the image enhancement after applying this
pre-processing steps.

The segment size, denoted as K, is assessed across a range from 3
to 30, with increments of 1, and optimal results are achieved when it
is set to 24. To eliminate background patterns, we calculate histogram
values for each cluster and remove patterns based on their count. We
experiment with histogram value thresholds in the range of 50,000 to
200,000, with step increments of 5000, and find that a threshold value
greater than ay, = 100,000 effectively segments background noise.
Subsequently, we employ blob analysis and test blob area thresholds
ranging from 2500 to 100,000, with step increments of 2500, ulti-
mately setting the threshold to a;, = 10,000. All blobs in the output
frame with contour areas greater than «, are extracted, effectively
eliminating small detections caused by noisy pixels and background
noise. Fish blobs from the segmentation module are integrated with the
YOLOv11 input alongside raw images, serving the purposes of fish/non-
fish classification and localization. The inference time is approximately
8 ms per crop of size 50 x 50 pixels. All blobs of a single frame, gen-
erated by the motion segmentation module, are passed to YOLOv11’s
classification head with a batch size of 64. Consequently, the inference
time to process all blobs for the given frame is approximately 10-
12 ms. In other words, each frame in a video recorded at 30 FPS
requires 33 ms and in a video recorded at 60 FPS requires 16 ms to

get processed. Therefore, can easily be handled by DeepFins in real-
time. It is worth mentioning that OzFish and LifeCLEF 2015 datasets
are recorded at 24 FPS and 25 FPS respectively. This performance
highlights the model’s capability to deliver rapid classification results,
enabling real-time applications such as underwater monitoring or eco-
logical surveys. The low latency ensures that the classification step does
not become a bottleneck in the overall fish detection pipeline, making
the approach suitable for scenarios requiring high-speed and accurate
decision-making in dynamic underwater environments. In contrast tem-
poral neural network models like recurrent neural networks (RNNs)
or long short-term memory networks (LSTMs) require considerable
inference compute cost in general. This results in an F1 Score of 90.0%
on the test set, representing approximately a 7% improvement over
standalone YOLOv11 results, as detailed in Table 1.

In contrast, the architectures proposed by Veiga et al. (2022),
Marrable et al. (2022), and Muksit et al. (2022) achieve consider-
ably lower F1 Scores in the context of fish detection on the OzFish
dataset. F1 Scores presented in Tables 1 and 2 clearly demonstrate the
effectiveness of the proposed DeepFins method for underwater fish de-
tection. Compared to existing methods, DeepFins significantly outper-
forms other models such as YOLOv11 and ATP. For instance, DeepFins
achieves a F1 Score of 90.0% on the OzFish test set, which is notably
higher than YOLOv11 (83.1%) and ATP (74.7%). This improvement in
performance, especially in terms of precision and recall, highlights the
proposed models’ ability to maintain a balanced detection approach,
reducing both false positives and false negatives. Furthermore, high F1
Score suggests better handling of complexities in underwater environ-
ments, where varying lighting conditions, dynamic backgrounds, and
occlusions often challenge fish detection models (Zhuang et al., 2017;
Salman et al., 2019).

To ensure a fair comparison and underscore the significance of the
proposed approach, a performance breakdown for each individual com-
ponent of the architectural design is presented, confirming the benefits
of each module as displayed in Table 3. As illustrated in Fig. 7, the
output of fish detection algorithm reveals that the red boxes generated
by the segmentation module successfully identify swiftly moving fish
against a complex background, a task in which the spatial features
of YOLOv11 (represented by the green boxes) sometimes fall short.
Consequently, this contributes to the detection of more fish instances,
as substantiated in Table 3.

In practical terms, this enhanced accuracy offers significant advan-
tages in ecological monitoring applications, where it is crucial to detect
and classify fish species accurately. For instance, the improved detec-
tion capability enables more reliable monitoring of fish populations
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Fig. 7. Fish detection results from the proposed algorithm (best viewed in color). First column represent raw images and ground truth boxes. Second column are the fish detected
by motion segmentation module. Third column are the outcomes of YOLOv11 while forth column are the results of the proposed hybrid system i.e., DeepFins. (For interpretation
of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 2

Evaluation of model trained on Ozfish training set and tested on LifeCLEF 2015 test

set and vice versa.

Table 3

Ablation study on the proposed key components, evaluated with motion segmentation
(MS), classifier head, YOLOv11 detector, and preferential merging strategy (PMS).

Training dataset Test dataset Scheme Precision Recall F1 Score MS Classifier head YOLOv11 PMS Precision Recall F1 Score
. YOLOv11 77.4 73.2 75.2 v X X X 31.0 3.2 5.2
Ozfish LifeCLEF 2015 1y oofins  79.1 81.4  80.2 v v x x 426 4.2 7.3
v X 82.8 83.3 83.1
) ) YOLOVI1l  83.3 770 80.0 X X
LifeCLEF 2015 Ozfish Deepfins  86.9 80.8 837 7 ’ v 88.1 o19 900

in natural ecosystems, allowing for better tracking of species diver-
sity and health over time. With its robust performance across diverse
datasets, such as OzFish and LifeCLEF 2015, DeepFins can be applied
in large-scale underwater biodiversity assessments, facilitating long-
term ecological research and conservation efforts Muksit et al. (2022).
Furthermore, the ability to handle complex and dynamic underwater
conditions makes DeepFins a valuable tool for real-time fish population

monitoring, enabling marine researchers and environmental agencies to
track ecosystem changes more effectively.

In a separate experiment, the proposed fish detection scheme,
trained initially on the OzFish dataset, is evaluated on the LifeCLEF
2015 dataset to assess its generalization ability. Similarly, DeepFins is
trained on the LifeCLEF 2015 dataset and then evaluated on the OzFish
dataset, completing a round of cross-dataset validation. This approach
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allows testing the model’s robustness across different datasets, showing
whether it can effectively detect fish species even when trained on a
distinct set of images and ecological conditions. The performance of
the proposed scheme in this context is shown in Table 2, highlighting
its ability to adapt to unseen data.

Importantly, in both experiments, the parameter configurations for
YOLOv11 and the motion segmentation module remain consistent. This
consistency ensures that any performance differences observed between
datasets stem from the datasets themselves, not from changes in the
model’s settings. The parameter values are optimized using validation
sets from both the OzFish and LifeCLEF 2015 datasets, ensuring fair
and unbiased performance evaluation. By using cross-validation, the
model’s ability to perform well on diverse datasets without overfitting
to any specific data set is ensured, reinforcing the robustness of the
proposed method for broader applications. This cross-dataset evalua-
tion not only validates the proposed scheme’s generalization ability but
also demonstrates the model’s adaptability to different conditions in
ecological environments, making it a valuable tool for monitoring fish
populations across various underwater habitats Veiga et al. (2022).

For computations and training deep networks, an Intel Core i5
processor with 32 GB RAM and an Nvidia 1080Ti GPU is used.

4. Discussion

4.1. A general overview

Recently, numerous computer vision and machine learning algo-
rithms have emerged, showing promise in various fish-related tasks, ad-
dressing challenges such as automatic fish detection, species classifica-
tion, tracking, and biomass estimation. These cutting-edge endeavours
predominantly rely on advanced deep learning algorithms (Kandimalla
et al., 2022; Knausgard et al., 2022). However, a research gap persists
in addressing the impact of environmental factors on the performance
of these systems. On one hand, state-of-the-art object detection al-
gorithms can excel at localizing static fish based on their textural
patterns, while, on the other hand, they may struggle to detect moving
fish, particularly in cases of poor visibility in complex, uncontrolled
underwater datasets.

In this study, we have achieved state-of-the-art performance for the
fish detection task, particularly on the challenging OzFish dataset. The
proposed approach involves a novel algorithm for temporal or motion-
based feature extraction, which is seamlessly integrated with spatial
features through the YOLOv11 deep architecture in the proposed hybrid
machine vision pipeline (depicted in Fig. 4).

The temporal features, essential for fish detection, are obtained by
applying motion segmentation and background subtraction simulta-
neously. This operation allows us to filter out irrelevant background
pixels with lower motion magnitudes, while retaining other instances
as potential fish candidates (as seen in Fig. 5). However, it is important
to note that this background suppression approach may encounter
challenges when dealing with the vigorous back-and-forth motion of
aquatic plants and dynamic lighting. In such cases, they can create
noises that mimic foreground objects, including fish in our context.
To filter out such noises, we implement binary classification for distin-
guishing fish from non-fish objects within a multi-objective optimiza-
tion framework using a modified YOLOv11 architecture. In addition
to the detector branch, we introduce a classification branch after the
DarkNet (Khanam and Hussain, 2024) feature extractor in the YOLOv11
backbone as shown in Fig. 4. This classification branch is created
by combining a Conv2D layer, a max pooling layer, global average
pooling, and two dense layers.
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4.2. Justifying the proposed model: DeepFins

The standard configuration of YOLOv11 struggles with accurately
detecting fast-moving fish, especially when these fish are located at
a distance from the camera or lack clear texture or shape due to
factors like water murkiness or camouflage. However, this limitation is
effectively addressed by the proposed temporal pipeline, which excels
in detecting moving fish, as shown in Fig. 8. The first column displays
the original images, the second column presents the results of the
temporal pipeline, and the third column showcases the output of the
YOLOvV11 pipeline. It is evident that the proposed motion segmen-
tation module preserves the shape-related features of fish, whereas
YOLOvV11 often fails to capture similar information due to the fast-
moving parts of the fish, such as caudal, anal, dorsal, and pelvic fins.
As a result, the feature heatmaps generated by YOLOv11 tend to have
distorted shapes, sometimes leading to misdetection or confusion with
background objects like coral reefs and aquatic plants.

Fig. 9 illustrates a more challenging scenario involving videos with
fast-moving fish. In this case, the motion segmentation module still
attempts to capture fish instances, while YOLOv11 completely fails
to detect the fish, instead identifying random background objects as
legitimate fish. Therefore, in the proposed hybrid approach, the motion
segmentation and YOLOv11 pipelines complement each other, signif-
icantly boosting the overall F1 Score of the algorithm. This synergy
lays the foundation for potential applications, including assemblage and
biomass estimation with tracking, which is planned for future work.

Nevertheless, there are instances where fish within the frame are
not detected by the proposed algorithm due to challenges such as
camouflage, a confusing background, and the static posture of fish.
Fig. 10 shows some particularly challenging examples (hard negative
samples) where fish instances are not detected by the model. The
yellow boxes represent ground truth fish locations that are missed
by the algorithm; in some cases, these are also instances inaccurately
labeled as fish in the original ground truth files provided by AIMS,
adding further complexity to the detection task.

In the empirical evaluation aimed at identifying the most suit-
able deep architecture, several popular backbone networks, including
ResNet-18, ResNet-50 (He et al., 2016), ResNeXt (Xie et al., 2017), and
MobileNetV3 (Howard et al., 2019), are trained. These architectures
are coupled with two different object detection frameworks: SSD and
Faster R-CNN, which utilizes RPN.

Despite exploring a wide range of architectures, it is found that
these models are consistently outperformed by the YOLOv11 detector.
YOLOv11 not only offers faster inference times but also excels in
terms of detection accuracy when compared to the SSD and RPN-based
models. Fig. 11 illustrates how the deep network, YOLOv11, extracts
relevant fish-dependent features for detection. The initial layers capture
high-level features such as fish edges and overall structural patterns,
while the middle and top layers meticulously focus on features unique
to the fish shape, including the snout, tail, and fins. The first and
second rows of Fig. 11 display the standard and zoomed-in images,
respectively, while the third row shows a fish-less background where
the network’s activations are random without any informative pat-
tern. These static or very slow-moving fish are well detected by the
YOLOvV11 system. On the other hand, for relatively fast-moving fish,
where the textural pattern is unclear due to motion blurriness in the
images and cannot be effectively learned by a deep architecture, the
proposed motion segmentation algorithm successfully captures these
fish instances while suppressing the dynamic underwater background.
Motion-based features not only help in detecting fish shapes but also
enhance overall detection. Fig. 12 illustrates the proposed concept of
combining motion-based and static features of fish instances to achieve
final detection.

Given the complexity of the dataset and the image quality, as shown
in Fig. 1, the detection and classification of fish faces numerous chal-
lenges. Various sources of variation, particularly dynamic backgrounds
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Fig. 8. Comparison of motion-segmentation and YOLOv11 feature extraction. The superior performance of the temporal branch (second column) is evident in accurately identifying
fish shapes compared to the YOLOv11 branch (last column). The YOLOv11 branch often misses fish body parts that are moving rapidly or blend in with the dynamic background.

Fig. 9. Example images showing the temporal branch successfully identifying fast-moving fish (second column) that the YOLOv11 branch completely overlooks (last column).
Combining both methods (hybrid approach) leads to a significant improvement in overall fish detection accuracy (F1 Score).

and unclear fish textures, compound the nonlinearity of the data (LeCun
et al,, 2004). Conventional machine learning and computer vision
algorithms, which tend to be shallow and linear, are often struggled
with addressing this issue effectively. Therefore, the ideal approach
for this problem is involving the use of highly nonlinear deep neural
networks, augmented with temporal information, to achieve the desired
results.

The novelty of the approach is primarily centered around the spe-
cially designed architecture dedicated to fish detection, a vital task
with broad applications in areas like fish assemblage and biomass
estimation. These applications, in turn, have direct implications for the
overall health of the ecosystem in the specific sampling region. In a
separate experiment, the effectiveness of the DeepFins is demonstrated
by testing it on the LifeCLEF 2015 dataset. Additionally, the complete

model is trained on the LifeCLEF 2015 dataset and tested on the OzFish
dataset. In both cases, the performance of the proposed system is
promising and outperforms the baseline benchmark of YOLOv11.

Furthermore, the data augmentation methodology, involving the
manual labeling of unannotated frames, yields favorable results. It is
important to note that the lower performance observed in the algo-
rithms mentioned by Marrable et al. (2022) and Muksit et al. (2022)
may be attributed to the absence of data augmentation. Data augmenta-
tion is crucial for effectively training or fine-tuning a large network like
YOLO. In contrast, Veiga et al. (2022) utilizes data augmentation, but
even with similar techniques, their performance is unlikely to surpass
that of vanilla YOLOv11 because they employed YOLOv4 and YOLOvV5
architectures (Terven and Cordova-Esparza, 2023) without significant
modifications.
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Fig. 10. Hard negative examples where the model is unable to find any fish in a given frame. Yellow boxes (best viewed in color) represent ground truths in respective frames.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Fig. 11. Features extracted from the modified YOLOv11 model. The first column displays the RGB input images, while the second column exhibits the feature maps extracted from
the initial layer of the Darknet backbone. In the third column, observe mid-level feature maps can be observed, and the last column showcases high-level feature maps obtained
from the model’s final layers.

4.3. Comparative analysis

There are several approached available in the literature that try to
solve fish detection challenge wich varying experimental setup. For
example, Jahanbakht et al. (2023) introduce the FishInTurbidWater
dataset, which primarily focuses on turbid water conditions, while Rani
et al. (2024) present the Aquatic WeightNet dataset, featuring 5000
images of 30 fish species from Genetically Improved Farmed Tilapia,
captured in a controlled fish tank environment. Zheng et al. (2024)
collect and annotate the Fish-Seg Dataset, comprising 1800 images
from five species of farm-raised fish. Cao et al. (2024) use light-colored
backdrop plate to capture 3849 images of 3-6 months old grass carp
fish. The dataset is taken from the Guangiao Breeding Base of the
Institute of Hydrobiology, Chinese Academy of Sciences in an indoor
environment. Similarly, Saqgib et al. (2024) propose a dataset using
electronic monitoring data for 12 fish species of Australian longline
vessels. They annotate 20,019 fish instances from 5198 images. How-
ever, these datasets do not address the challenges associated with
deep unconstrained underwater environments, such as the unbalanced
number of samples of fish species in dataset which poses a daunting
challenge for any deep learning model to train well, coral reefs, moving

aquatic plants, algae, and varying illumination conditions. These fac-
tors significantly complicate fish detection by increasing false alarms
and reducing overall accuracy. The OzFish dataset comes with all
of these challenges, provides over 3000 videos featuring more than
500 fish species where more than 50 fish species have less than 10
samples, 200 species having less than 100 samples compared to the
thousands for other species. Moreover, the data is recorded at diverse
locations and times, offering a more comprehensive representation of
unconstrained underwater scenarios.

Jahanbakht et al. (2023) employs an ensemble of well-established
models, including EfficientNet and Vision Transformers, to validate
their proposed dataset. Similarly Rani et al. (2024) focus on developing
a fish biomass estimator for turbid environments, utilizing a YOLOvS-
based fish detector combined with regression modules for biomass
estimation. Zheng et al. (2024) introduce a novel approach to fish
detection by integrating video-based object segmentation (VOS) with
YOLOv7. They demonstrate that combining VOS with deep learning
models effectively isolates individual fish from dynamic backgrounds,
removing interfering factors and significantly enhancing fish recogni-
tion. Similarly, Cao et al. (2024) propose a custom dimension measure-
ment method for fish using an optimized YOLOv5-keypoint framework
with a multi-attention SimAM mechanism, achieving more accurate



A. Jalal et al.

Ecological Informatics 86 (2025) 103013

Fig. 12. Features from the temporal branch (top left) of the model are merged with the high-level feature maps of the YOLOv11 architecture (top right) and then fish blobs are
selected based on the confidence score (best viewed in color). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this

article.)

and faster fish detection, which improves measurement precision. Saqib
et al. (2024) present a YOLOX-based deep learning framework for
automatic fish detection, event counting, and species classification
in electronic monitoring (EM) videos using computer vision and AL
However, the evaluations of these methods are confined to their respec-
tive datasets, leaving their generalization capabilities untested across
diverse scenarios. Furthermore, these approaches focus solely on spatial
features and do not incorporate temporal features, which are crucial
in unconstrained underwater environments where fish move freely
against dynamic backgrounds. In contrast, our approach includes a
novel temporal detector combined with a modified YOLOv11 spatial
feature extractor, which is validated on the OzFish dataset. Addition-
ally, it is cross-validated on the LifeCLEF 2015 dataset, which exhibits
visual differences compared to the OzFish dataset. Sun et al. (2022)
applies an image enhancement technique to the LifeCLEF 2015 dataset
to enhance fish visualization. They employ Cascade R-CNN for fish
detection, resulting in a commendable F1 Score of 81%. However, it
is essential to note that using image enhancement techniques alone
introduces background noise, which, in turn, diminishes accuracy and
consequently leads to a decrease in the overall F1 Score. On the other
hand, the hybrid approach effectively identifies fast-moving fish, sup-
presses background noise, and eliminates outliers through a dedicated
fish instance classifier. As a result, this method achieves an F1 Score
that is more than 11% higher on the OzFish dataset. Notably, the
cross-validation results on the LifeCLEF 2015 dataset demonstrate a
1% difference of F1 Score than the approach by Sun et al. (2022),
underscoring the significance of motion detection and improved feature
extraction in fish detection tasks.

Deep learning-based fish segmentation techniques for underwater
videos have recently been embraced by researchers. For example, the
Mask R-CNN model is employed by Garcia et al. (2020), while ResNet,
YOLOACT, and Cascade R-CNN models are utilized by Alshdaifat et al.
(2020) for fish segmentation. The datasets used in these studies are
either collected in controlled environments or lack the challenges posed
by issues such as illumination and contrast variations, blurriness, tur-
bidity, camouflage, occlusion, jitter, and the presence of moving back-
ground objects. These challenges are notably present in the OzFish and
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LifeCLEF 2015 datasets. Their investigations reveal that the proposed
methodologies produce false alarms and misclassifications, primarily
attributable to dynamic backgrounds and overlapping fish instances.
Systems employing such techniques are expected to significantly un-
derperform when faced with the aforementioned challenging elements,
resulting in a high number of errors and, consequently, reduced model
precision.

The A-LCFCN (Affinity-based Fully Convolutional Neural Network)
model is introduced by Laradji et al. (2021), which comprises two
branches. One branch produces per-pixel scores, while the other gener-
ates an affinity matrix. This novel model is evaluated on the demanding
DeepFish dataset. The results demonstrate an IOU (Intersection over
Union) of 0.73 for foreground objects and an impressive 0.99 for back-
ground objects. However, the low IOU for foreground objects indicates
that too many false alarms and misclassifications are generated during
the segmentation of fish instances, resulting in a decrease in the overall
accuracy of the system.

The research gap in the literature advocates a balanced spatio-
temporal fish detection approach. The proposed approach benefits from
the availability of effective and efficient deep CNN like YOLOv11
and especially crafted motion-segmentation module to mitigate the
weaknesses of each other.

4.4. Ablation study

We perform a comprehensive ablation study on the OzFish dataset
to analyze the contributions of individual components in our proposed
approach. This study evaluates the impact of the motion segmenta-
tion module (MS), the classifier head, the YOLOv11l detector, and
the preferential merging strategy (PMS) integrated into the Deep Fins
framework. The configurations explored include using motion segmen-
tation alone, which relies solely on the module without any classifier or
spatial feature-based detector. Another configuration combines motion
segmentation with a classifier head to distinguish fish from non-fish
blobs, effectively reducing false alarms caused by moving aquatic plants
and dynamic backgrounds. A further setup involves using only the
YOLOv11 detector, which focuses on spatial feature extraction without
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incorporating temporal features or merging strategies. Finally, the Deep
Fins framework integrates all components, combining outputs from
motion segmentation, the classifier head, and YOLOv11 detections
through a preferential merging strategy.

The results, presented in Table 3, highlight the precision, recall,
and F1 Score achieved by each configuration, illustrating the im-
pact of individual components on detection performance. Using mo-
tion segmentation alone shows the lowest performance due to noise
and the misclassification of non-fish blobs, particularly in dynamic
backgrounds. Performance improves significantly when the classifier
head is enabled, as it effectively filters out false alarms and irrele-
vant background blobs caused by contrast and illumination variations.
Employing the YOLOv11 detector alone achieves high precision and
competitive recall, but its performance is challenged in detecting fast-
moving fish and in turbid water conditions with low visibility. The
best results are achieved when all components are integrated in the
Deep Fins framework. This comprehensive configuration demonstrates
superior performance across all metrics, showcasing the effectiveness of
combining motion and spatial features through a preferential merging
strategy. This approach leverages the strength of motion segmentation
to detect fast-moving fish in low-visibility regions while capitalizing
on YOLOv1l’s precise fish detection capabilities in most scenarios.
The preferential merging strategy prioritizes YOLOv11 detections in
overlapping regions while retaining unique fish blobs from motion
segmentation, reducing false positives and ensuring consistent fish
detection.

This study confirms that the integration of spatial and tempo-
ral features significantly enhances underwater fish detection. While
each individual component contributes to improved performance, their
combined use in the Deep Fins framework consistently outperforms
standalone methods, proving highly effective for addressing the unique
challenges posed by underwater environments.

4.5. Challenges for further studies

Expanding the proposed fish detection method to include other
fish-related tasks like fish classification and further automatic biomass
estimation involves addressing several challenges that arise in under-
water environments. One of the primary challenges is the variation
in fish species, their size, scale, and orientation, all of which can
impact the effectiveness of classification models. In underwater videos,
the visibility of fish is often limited due to factors like occlusion,
lighting, and water turbidity. These variations can make it difficult
for traditional models to differentiate between species, especially when
they share similar visual features Veiga et al. (2022) and Dai et al.
(2024). Moreover, the presence of small, fast-moving fish or partially
visible fish adds another layer of complexity. To overcome these issues,
the integration of spatio-temporal features, as envisioned for the future
work, can help capture both the spatial characteristics of fish and their
movement over time, thus improving classification accuracy under
challenging conditions.

A major barrier in fish classification is the lack of large, labeled
datasets for rare or poorly represented fish species, which is often a
limitation in ecological research. Collecting and labeling sufficient data
is both time-consuming and expensive, which hinders the development
of robust classification models. To tackle this, techniques such as
semi-supervised learning or few-shot learning can be employed. These
methods leverage a small amount of labeled data along with a larger
pool of unlabeled data, enhancing the model’s ability to classify species
without extensive labeling efforts Radford et al. (2021). Additionally,
self-supervised learning techniques, such as those used in DINOv2, can
help the model learn useful features from the data itself, without relying
heavily on annotated labels.

The dynamic and complex nature of underwater environments also
poses a significant challenge for fish classification. Factors like fluc-
tuating lighting conditions, water movement, and varying turbidity
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can drastically affect image quality and visibility. To address these
issues, the future development of a multi-modal model that captures
both spatial and temporal information is crucial. By processing both
static image features and temporal motion patterns, this model can
improve its ability to distinguish between species, even when visual
cues are obscured by environmental conditions Marrable et al. (2022).
This multi-modal approach would enable the model to adapt better to
changes in the environment, thus enhancing its performance in diverse
underwater habitats.

Scalability is another challenge when expanding to fish classifica-
tion, particularly when dealing with a large number of species across
different ecological conditions. One way to address this is through class-
incremental learning, which allows models to progressively learn new
classes without forgetting the previously learned ones. This method
helps the model maintain its performance as new species are intro-
duced, without requiring retraining from scratch Radford et al. (2021).
By adopting this technique, the proposed fish detection and classifica-
tion pipeline can remain versatile and adaptable, capable of handling
an expanding set of species while still performing well in real-world
scenarios.

5. Conclusion

A novel fish detection method incorporating spatio-temporal in-
formation is proposed to extract fish-specific features. Previous works
generally suffer from performance limitations due to the unconstrained
environmental variations in the videos and the inability to detect
less visible moving fish. To address these challenges, motion-based
segmentation of fish and background subtraction steps are combined
to complement the static, texture-based fish detection in a modified
manner. The challenges of fish classification can be addressed by
combining existing technologies such as self-supervised learning, multi-
modal models, and incremental learning. These methods can help
overcome issues such as limited labeled data, complex underwater
conditions, and the scalability of models to accommodate a growing
number of fish species. With these advancements, the proposed ap-
proach can be refined to accurately monitor and classify fish species
across diverse and dynamic aquatic environments. Additionally, work
is planned to be extended to include fish species classification, allowing
the entire pipeline to be used for fish biomass estimation, which is
another important research avenue to explore using machine learning
and computer vision.
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Appendix. Mathematical modelling of motion segmentation mod-
ule

Starting with Horn-Schunck constraint (Wohn et al., 1983) over
the consecutive video frames, the brightness and change of pixel lo-
cation/motion over a short time interval is negligible, therefore, rate
of spatial, temporal and motion change define brightness constraint
i.e., for video frames with pixel intensity I, defined in 2D coordinates
(i,j) in x a y direction and separated by time ¢,
aI(i, /,t) i+ oI(i,j,1) oI(i, j,1) -0 (A1)

ox dy ot
Similarly, another constraint over smooth motion implies that the
average motion of pixels in 2D space over immediate neighborhood is
not abrupt i.e.,

| 2 2
E[(u(i,j)—u(i+l,j)) + <u(i,j)—u(i,j+l)>

2 2
+ (v(i,j)—u(i+1,j)> + <v(i,j)—v(i,j+1)> ] =0

Using Egs. (A.1) and (A.2), two loss functions are defined for opti-
mization problem i.e., loss functions w.r.t brightness L as well as
smoothness constraint Lg,

v(i,j, 1) +

(A.2)

- . S12
Ly= [—am’]") ui oty + 22D G o+ —al(l’“)] (A.3)
ox ot

1 2 2

Lg =§ [(u(i,j)—u(i+l,j)> + <u(i,j)—u(i,j+1)>
2 2

+ <u(i,j) —v(i + 1,j)> + (v(i,j) —u(i,j+ l)) ] (A.4)
The overall loss function is given as
E=Lg+AiL, (A.5)

(A.3) and (A.4) generate an optimization problem to solve
min, , ¥ {Lp + AL, } with motion vectors u; ; and v, ;. Therefore, using
gradient descent, the estimates of motion vectors u(i,j) and v(i, j) are
obtained by solving 2 a_ =0 and a_ =0

‘J

P Ixuu+va”+I (A6)
TR T ALZ+12) T
o —p L+ 1,05 + 1 QA7)
BT L+adz+12) " ’
where I, = M, = UGiD anq = UULD 45 defined earlier. The
x ox y dy t ot

average motion of pixel in 2D over the neighboring pixels is given by
U = %{qu,j iy ey iy pand O = %{UiJrl,j F Ui, T Ut
vi’j,l} respectively. The right-hand side of Egs. (A.6) and (A.7) are
known variables and can be calculated using consecutive video frames.

Now, the magnitude of the motion in 2D space for two consecutive
video frames is defined as

M;; =/ +v; )%

The segmentation of moving objects can be realized by dividing the
magnitude image M, ; into K segments i.e., m ;€ M;;, k=123,
and using a threshold (kg and ayyp,) bounded constraint i.e., for each

segment k,

(A.8)

mf‘j = max(mf’j = pigs 0). (A.9)
Now, a blob B, (i, j) is a moving fish candidate and is calculated as
By(i.j)=mt, = ”Ck - (A.10)

where C, is the average motion magnitude in the segment k =
1,2,3,...,K and given as

mh || <l —mi,| w1

C, = (A11)

g8

i=0 j=0

(i ))? + (”ik,j)2>
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where N is the total number of pixels in segment mf.‘j ie, N=|illjl
Finally,

[By (i, j)exists] = [| B (i, /)| > app]- (A12)

In Egs. (A.11) and (A.12), the notation |-| signifies the count of
elements. The parameter a,, denotes the minimum threshold for the
most frequently occurring motion magnitudes within the background
and can be determined by analyzing the histogram of M, ;. Conversely,
o, Serves as a threshold for the minimum area of a segment or blob
exhibiting rapid motion. Therefore, small magnitudes in M, ; typically
correspond to static objects or the background, and they are generally
smaller in magnitude than those of moving objects. Put differently,
faster-moving entities such as fish tend to generate larger motion
magnitudes compared to stationary or slow- moving objects.

Eq. (A.9) produces the kth image segment m T achieved through
thresholding, which effectively ellmlnates static ob]ects, including the
background. The image segments m are then further processed to
identify distinct regions or blobs denoted as By (i, j) in Egs. (A.10) and
(A.12).

Data availability

Data will be made available on request.
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