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Abstract: Smart feeding is essential for maximizing resource utilization, enhancing fish growth and
welfare, and reducing environmental impact in intensive aquaculture. The image segmentation
technique facilitates fish feeding behavior analysis to achieve quantitative decision making in smart
feeding. Existing studies have largely focused on single-category object segmentation, ignoring
issues like occlusion, overlap, and aggregation amongst individual fish in the fish feeding process.
To address the above challenges, this paper presents research on fish school feeding behavior quan-
tification and analysis using a semantic segmentation algorithm. We propose the use of the fish
school feeding segmentation method (FSFS-Net), together with the shuffle polarized self-attention
(SPSA) and lightweight multi-scale module (LMSM), to achieve two-class pixel-wise classification
in fish feeding images. Specifically, the SPSA method proposed is designed to extract long-range
dependencies between features in an image. Moreover, the use of LMSM techniques is proposed in
order to learn contextual semantic information by expanding the receptive field to extract multi-scale
features. The extensive experimental results demonstrate that the proposed method outperforms
several state-of-the-art semantic segmentation methods such as U-Net, SegNet, FCN, DeepLab v3
plus, GCN, HRNet-w48, DDRNet, LinkNet, BiSeNet v2, DANet, and CCNet, achieving competitive
performance and computational efficiency without data augmentation. It has a 79.62% mIoU score
on annotated fish feeding datasets. Finally, a feeding video with 3 min clip is tested, and two index
parameters are extracted to analyze the feeding intensity of the fish. Therefore, our proposed method
and dataset provide promising opportunities for the urther analysis of fish school feeding behavior.

Keywords: fish feeding behavior; semantic segmentation; attention mechanism; multi-scale feature;
intensive aquaculture

1. Introduction

Intelligent feeding is crucial in intensive aquaculture systems for optimizing resource
usage and promoting fish development and well-being while minimizing environmental
consequences. Image analysis technologies have emerged as powerful tools in achieving
precision aquaculture and have shown potential in image-based tasks such as fish iden-
tification [1], detection [2], tracking and behavior analysis [3]. Using image technologies
to analyze fish behavior enables us to provide important information to farmers for their
use in making feeding decisions. In general, image techniques based on tracking are
used to extract fish trajectories and then utilize extracted characteristic from trajectories
to quantify individual fish feeding behavior [4–7]. However, these methods are not suit-
able for intensive aquaculture since fishes are generally managed at the group level, and
motion of fish school is complex [8]. Recently, fish school feeding behavior analysis has
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appeared as a competitive alternative to individual behavior analysis [9–14]. For the quan-
tification analysis of feeding behavior, one of the most challenging problems is automatic
fish segmentation. Thus, it is essential to obtain a precise, reliable, and standardized fish
segmentation approach, surpassing a trained human-level performance, which can provide
valuable assistance to farmers.

Several segmentation methods have been widely applied in fish size measurement,
counting, and species identification. Traditional segmentation methods, including back-
ground models [15] and contour-based [16] and color-based [17,18] models, focus on
segmenting single-category objects and only segment the objects in an image into fore-
ground and background. However, the traditional methods do not accurately segment the
object into multiple categories in the case of images in complex scenes. Moreover, there are
still significant challenges to the segmentation of individual fish from fish school feeding
images due to motion blur, adhesion, occlusion, overlap, and aggregation between individ-
ual fish, as shown in Figure 1b–d, ultimately leading to incorrect behavior analysis. The
characteristics vary considerably between feeding image and non-feeding image, resulting
in the algorithm designed on the non-feeding image not being well generalized to the
feeding image.
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Figure 1. Existing dataset examples with different feeding states. These images show difference
between feeding and non-feeding image states. There is motion blur, adhesion, occlusion, overlap,
and clustering in the feeding image. (a) Non-feeding; (b) moderate feeding; (c) weak feeding;
(d) strong feeding.

The semantic segmentation approach proved to be excellent for addressing multi-
category object segmentation problems in an image [19]. It is a pixel-wise classification
technique, with differences from other classification and detection methods. Its main task
is assigning each pixel from the input image with a semantic label and aims to segment
the instances of interest. With the popularization of data-driven deep learning techniques,
the use of semantic segmentation has increased dramatically in image analysis tasks and
demonstrated promising results in empirical tasks such as autonomous driving [20], and
medical diagnosis [21,22]. Despite the significant progress achieved, the most existing
SOTA semantic methods are not directly applicable since the size of objects and categories
in an image are diverse. Therefore, the algorithm needs to be redesigned for application to
different segmentation tasks. On the other hand, deep learning algorithms have shown
great potential for automatic fish identification, detection, and individual tracking, but
there are few studies to have quantified fish school feeding behavior by using a semantic
segmentation algorithm.

Fish semantic segmentation is a challenging endeavor that faces two major obstacles:
it is multi-scale and there are similarities between fish. (1) In terms of multiple scales
between the same categories and different categories: as shown in Figure 2, for different
categories, one is small in scale, and the other has a large size difference. In addition, there
are existing scale differences between the same categories. Therefore, multi-scale objects
require the model to have multi-scale capture capabilities. (2) The similarity between fish
causes category confusion due to occlusion and overlapping between the individual fish,
which may lead to low segmentation accuracy. Moreover, the similarity of colors between
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individual fish and the blurring of object edges make it difficult to depict fish boundaries
and classify them into correct categories for the pixels close to or at the boundaries of fish
due to the intrinsic weakness of convolutional networks. The above factors bring serious
segmentation challenges and make it difficult to generalize the model.
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Figure 2. Multi-scale in the fish feeding image. (A) multi-scale between different categories;
(B,C) multi-scale between the fish2 semantic category; (D,E) multi-scale between the fish1 semantic
category. The white font indicates the semantic category of fish objects.

To solve the above problems, we use a semantic segmentation algorithm to quantify
fish school feeding behavior in a high-density scene. In this paper, we propose the use of
an FSFS-Net method to achieve the segmentation of two-category objects (labeled rules for
semantic categories are detailed in Section 4.1) in the feeding process. To solve the problems
of similarity, we propose the use of shuffle polarized self-attention (SPSA) methods to
learn dependencies between features in images. Furthermore, considering the trade-off
between speed and accuracy performance, we also propose a lightweight multi-scale
module (LMSM) to extract multi-scale features and more high-level semantic features by
using a different the receptive field which does not introduce computation overhead for
inference. Finally, we conduct comprehensive experiments to evaluate the effectiveness
of the algorithm. The experimental results show that our proposed method achieves the
competitive performance with a 79.62 mean IoU without dataset augmentation of fish
feeding dataset, and that it outperforms other segmentation algorithms, such as U-Net,
SegNet, FCN, DeepLab v3 plus, GCN, HRNet-w48, DDRNet, LinkNet, BiSeNet v2, DANet
and CCNet. To the best of our knowledge, the superior performance of our proposed
method over the state-of-the-art method is mainly due to the proposed SPSA and LMSM
module. The result and analysis of comparative experiments prove that our method is
straightforward and effective, and that it can be used to quantify the feeding intensity of a
fish school.

Our contributions can be summarized as follows:

• An annotated dataset is presented for occluded and aggregated fish segmentation from
feeding images. The dataset contains 1038 training and 323 testing images, as well as
their ground truth semantic labels. The 1361 images marked have 72,537 instances
with the fish1 category and 15,925 instances with fish2 category, and the background
pixel accounts for a relatively large amount in an image.

• This study demonstrates that semantic segmentation is employed in fish school feeding
behavior quantification. Particularly, we propose using a FSFS-Net method, equipped
with a simple and effective module, to extract feature dependencies and multi-scale
features from an image.

• A SPSA module is proposed to learn dependencies between features, which can
alleviate color and size similarity. Additionally, a novel LMSM is developed to fuse
multi-scale features by using different receptive fields to address the multi-scale
problem, which is helpful in the task of segmentation.

• The proposed approach achieves a competitive performance with a mean IoU of
79.62% while ensuring computational efficiency over other semantic segmentation
algorithms for building fish feeding datasets. Further, the proposed approach is tested
on a video with 3 min clip to analyze the feeding intensity of fish. The promising
results demonstrate the superiority of our proposed algorithm, the use of which would
promote fish segmentation and behavior analysis research in aquaculture.
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2. Related Work
2.1. Fish Segmentation

Fish segmentation is a prerequisite for fish identification, size measurement, counting
and behavior analysis. Toward these goals, numerous researchers are carrying out extensive
exploration in this field. However, fish segmentation is a very challenging task in the
complex background due to the similarities in color, shape, and fish overlapping. To
overcome the aforementioned issues, various segmentation methods are proposed by
researchers according to different visual tasks with different scenes. There are three common
methods of fish segmentation: traditional method, semantic segmentation method, and
instance segmentation method. These methods and their application have been described
in Table 1.

Table 1. Summary of fish segmentation method and its application. Category and Number, respec-
tively, represent the segmentation category and the number of fishes in an image.

Method Category Number Application

Traditional
method

Background models [15],
clustering [23]. One-class Fish school Counting, biomass

and behavior.
Contour-based [16], improved

thinning [24], color-based [17,18]. One-class Single fish Mass and size measurement,
identification.

Semantic
segmentation

SegNet [25] Two-class Single fish Size measurement.
ResNet-FCN [26], U-Net [27],

DPANet [28], SegNet [29]. One-class Fish school,
multi-fish. Counting, size measurement.

Instance
segmentation

Self-proposed [30] Multi-category Multi-fish Identification

Mask R-CNN [31] and other [32] One-class Single fish Size measurement,
identification.

Mask R-CNN [33,34] One-class Multi-fish Tracking, size measurement.
Mask R-CNN [35] Four-class Single fish Morphological features.

Traditional fish segmentation methods are based on unsupervised techniques, and
data do not need to be manually labeled as in color-based the GrabCut, Otsu threshold,
edge detection, mean-shift and region growing algorithm [17,18]. These methods are
beneficial for determining the difference between the color of fish object and background.
However, they are manual segmentation methods and require a white or uniform back-
ground. Background subtraction and background modeling have proved to be useful for
station underwater scenes to achieve counting in fish school segmentation because the
difference between fish objects and background is obvious. If a background changes rapidly,
background subtraction may lose its precision. Moreover, background subtract cannot
handle well several underwater imaging problems, such as varying or sudden illumination
caused by wave movement or color changes. To address these problems, an approach is
used to eliminate reliance on background features by using motion-robust features such as
edges or shapes [16].

Nonetheless, the traditional methods mentioned above are only proposed for segment-
ing single-category objects in fish school or in images of single fish. The deep learning
method, as a powerful tool, enables researchers to extract complex global and local features.
With the popularization of deep learning, the majority of existing works have utilized
deep learning to precisely segment fish objects. Semantic and instance segmentation meth-
ods based on deep learning can perform pixel-wise classification without relying on a
static background, effectively distinguishing the foreground fish from the background.
More importantly, their use has been explored for size measurement, counting and species
identification, and they are employed to segment multi-category objects. Specially, the
SegNet [25] method is used to segment fish body and fins for size measurement in a
single-fish image. Some semantic-based methods are utilized to segment single-category in
multi-fish image, such as ResNet-FCN [26], U-Net [27], DPANet [28], and SegNet [29]. In
particular, SegNet [29] has achieved a segmentation accuracy of 72% mIoU for counting in
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aquaculture net cages. The instance-based method has achieved multi-class segmentation
in the multi-fish image [30] and multi-class segmentation in the single-fish image in species
identification from underwater [35].

Although semantic and instance segmentation have achieved an excellent performance,
all fish objects are labeled as foreground categories for counting in the high-density fish
school image segmentation, as shown in Figure 3. However, there are few reports on fish
feeding behavior quantification using a segmentation method. Unlike previous works,
we introduce a novel semantic segmentation method for fish school feeding behavior
quantification in industrial recycling aquaculture. Our proposed method can achieve
two-class pixel-wise classification in the fish school feeding process.
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Figure 3. Examples image of fish segmentation in previous works. (A1): single fish and single
category in the simple background; (A2): multi-fish and single category in the underwater environ-
ment; (A3): single fish and multi-category in the simple background; (A4): single fish and multi-
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(B2,B3): single fish in underwater fish school image; (B4): multi-fish and multi-category in the
complex underwater environment.

2.2. Semantic Segmentation

Deep learning methods have made tremendous progress and have achieved very
impressive results in image classification and detection. Despite the success, these methods
still face existing challenges in image segmentation, including multi-scale features, recep-
tive field, and low resolution. Among them, the occurrence of multi-scale features is caused
by the different objects size between the same or different categories in an image. A small
convolution kernel has a small receptive field, which is not conducive to extracting contex-
tual information. While a large convolution kernel can solve the problem of the receptive
field, it increases model parameters, meaning that the real-time requirements cannot be
met. For resolution issues, low-stage features have more detailed information, while the
high-stage features have higher semantic information. Using a downsampling operator
increases the receptive field to extract high-level (global/contextual) semantic information,
but it reduces the image resolution, making the algorithm unable to accurately locate the
individual and extract the object spatial information (object contour and edge information).

To address the abovementioned challenges, various advanced semantic segmentation
algorithms are proposed. SegNet [36] and U-Net [37] adopted encoder–decoder architecture
to recover low-level spatial information for keeping a sharper edge. SegNet utilized saved
pool indices to recover the reduced spatial information in downsampling. U-Net utilized
skip connections to fuse features from different layers. Some straightforward ways to
extract multi-scale features include resizing the feature map to different scales using the
proposed PSP [38], ASPP [39], and multi-receptive field module (MRFM) [40], as shown in
Figure 4. PSPNet and DeeplabV3 use the PSP and ASPP modules, which utilize several
pooling with different sizes and multiple parallel atrous convolutions to obtain multi-scale
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receptive fields, and these modules are located at the end of the backbone. Additionally,
the multi-receptive field module (MRFM) [40] is introduced by re-designing the backbone
to obtain multi-scale features. Nonetheless, different scales yield features with varying
degrees of discrimination, resulting in inconsistency.
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The attention mechanism can capture global dependencies. To distinguish between
the boundaries of objects (classification of pixels at edges) and extract key features for
feature fusion from different stages, some studies utilized attention mechanisms to extract
spatial information and build context dependencies by learning the relationship between
pixels. Examples of this approach include DFN [41], DANet [42], OCNet [43], OCRet [44]
and other related studies, and they have achieved outstanding results on public datasets.
Inspired by them, we propose a multi-scale module to extract features of different scales of
target. Subsequently, we propose a shuffle polarized self-attention to extract key features
and global dependencies between features.

3. Method

We rethink the UNet and propose a shuffle polarized self-attention U-Net architec-
ture (FSFS-Net). The overall architecture is shown in Figure 5B. The proposed method
consists of U-Net, a shuffle polarized self-attention module (SPSA), and a global context
module (LMSM). Specifically, an SPSA can learn the relationship between pixels in an
image. LMSMs are used to generate high-level semantic global maps. We introduce each
component in the following subsections.
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size 22 × 30 in the bottleneck. Then, the decoder upsamples it to the original input. An additional
three output heads are used for deep supervision loss.
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3.1. Overall Network Architecture

This achievement proves that a well-designed U-Net architecture has the ability to
perform very well on segmentation tasks. We proposed a solution for fish school feeding
behavior quantification, intending to make it accurate, robust, and efficient. In this paper,
we use the U-Net method [37] as the baseline for our network, mainly because it is a simple
and effective network, and the result is proved in the comparison experiment section.
The U-Net method consists of an encoder and decoder. Figure 5A depicts the network
structure. The encoder with a depth of 5 extracts features continuously by using two
3× 3 convolutions ((3× 3 Conv) → (ReLU)) and expands the receptive field to capture
contextual information by using four downsampling operations (2× 2 max pooling). The
decoder recovers spatial information through upsampling and uses skip connection to
perform feature fusion to compensate for the details lost during the downsampling process.

The idea of our proposed method is to combine SPSA and the LMSM module to
improve algorithm accuracy without data augmentation based on U-Net architecture.
Compared with the U-Net baseline, we use (3× 3 Conv) → (BN)→ (ReLU) to extract
features while keeping the encoder/decoder depth and down-sampling/up-sampling times
the same as the U-Net structure. To extract more semantic information without reducing
the spatial resolution, we propose an LMSM module, which is added to the last encoder
convolution block. The purpose of the proposed SPSA module is to lessen the reliance on
external information, while also better capturing internal data/feature correlation. Our
SPSA module is added to the decoder section, where encoder and upsampling features are
transferred to the SPSA module, which then performs the feature fusion process.

The final architecture is shown in Figure 5B. The input of shape 360 × 480 × 64 is first
processed by an input block with two 3× 3× 3 convolution layers, batch normalization, and
ReLU activation. Then, the feature map is transformed by 4 blocks, each of which reduces
the spatial dimension of the feature map by firstly downsampling with 2× 2 max pooling.
The reduced feature maps are then refined by two convolution layers with a kernel size
of 3 × 3 × 3. Downsampled feature maps have a size of 22 × 30 × 1024 at the bottleneck.
Then, their feature map is sent to the LMSM module, and the output size remains the same
as the input of LMSM. Finally, spatial dimensions are increased by 4 upsampling blocks
which consist of the feature fusion module and two convolution layers with a kernel size of
3 × 3 × 3. Especially, the first feature fusion module concatenates the output of the encoder
and LMSM module. The remaining three feature fusions module concatenate the output
of the encoder and decoder. The final output feature map with input size has 3 output
channels, where each channel corresponds to a different class.

3.2. Shuffle Polarized Self-Attention

An attention mechanism allows a neural network to precisely focus on all relevant
components of the input. Although numerous visual tasks use advanced algorithms to-
gether with attention mechanisms to improve algorithmic performance, the computational
overhead still inevitably increases. Inspired by shuffle attention [45] and polarized self-
attention [46], we propose a shuffle polarized self-attention (SPSA) to address this problem.
The general architecture of the SPSA module is depicted in Figure 6. SPSA consists of the
following components: feature group, polarized self-attention, and aggregation. Firstly,
the feature map of the input is separated into groups, and two branches of each group are
fed into the PSA module. Following that, all sub-features are aggregated, and ultimately
the “channel shuffle” operator is employed to interchange information amongst distinct
sub-features.
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3.2.1. Feature Group

A feature map, X, with C × H ×W is divided into N groups (default parameters
is 8 groups) along with the channel dimension. C, H, W indicate the channel number,
height and width of feature map, respectively. For each group divided, it has the same
the number of channels C/N, and each feature map ith is Xi ∈ R

C
N×H×W . Then, Xi is split

into 2 branches along the channel dimension, and each branch has C/2N the number of
channels. Finally, these two branches are fed into the SPA module, and its output is a
feature map with C

N × H ×W.

3.2.2. Polarized Self-Attention

The attention mechanism learns specific weights along the channel, as well as spatial
dimensions, to estimate category score and identify the spatial location information of the
same semantic algorithm, respectively. The self-attention mechanism enables us to further
highlight the key features of the channel and its spatial dimensions. In this paper, we
applied polarized self-attention [46] to extract the interdependence between features in an
image. It is suggested that high-quality pixel-wise regression is achieved by integrating
two key photographic factors: filtering and high dynamic range (HDR). Filtering is used
to maintain high internal resolution in terms of both spatial dimensions and channel
direction, while completely collapsing features along their opposite direction. By using
Softmax normalization, HDR with compositional non-linearity can directly fit the output
distribution of typical fine-grained regression. The structure of the PSA mechanism is
shown in Figure 7.

The PSA module is made up of two parts: channel-only self-attention and spatial-
only self-attention. The input X1 ∈ RC×H×W and X2 ∈ RC×H×W from divided features
Xi ∈ R2C×H×W are sent to channel-only self-attention and spatial-only self-attention of the
PSA module. The output of the PSA module is a feature map with 2C× H ×W.

Channel-only self-attention output Zch ∈ RC×H×W :

Zch = Bch(X1)�ch X1 (1)

Bch(X1) = Fsigmoid

[
Wz|θ1

(
(σ1(Wv(X1))× FSo f tMax(σ2(Wq(X1)))

)]
(2)

Spatial-only self-attention output Zsp ∈ RC×H×W :

Zsp = Bsp(X2)�sp X2 (3)

Bsp(X2) = Fsigmoid

[
σ3

(
FSo f tMax(σ1(FGP(Wq(X2))))× σ2(Wv(X2))

)]
(4)

PSA module output:
PSA(X1, X2) = Zch©Zsp (5)
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where Bch(X1) ∈ RC×1×1 and Bsp(X2) ∈ R1×H×W represent the channel-only branch and
spatial-only branch. Wv, Wq, and Wz are 1× 1 convolution layers. σ1, σ2, σ3 are three tensors
reshaping operators. FSo f tMax(·), Fsigmoid(·), FGP(·) and “×” represent SoftMax function,
sigmoid function, a global pooling operator, and matrix dot-product operator, respectively.
�ch, and �sp represent a channel-wise and spatial-wise multiplication operator. © is
concatenation operator.
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3.2.3. Aggregation

All the sub-features are aggregated in the last part of the network. A “channel shuffle”
operator is employed to allow cross-group information flow along the channel dimension.
Our SPSA module’s final output is the same size as the input. As a result, this module is
easy to integrate with other semantic segmentation algorithms.

3.3. Lightweight Multi-Scale Module

The goal of semantic segmentation is to attempt to strike a balance between classifica-
tion and location. To obtain accurate classification, the model needs to expand the receptive
to extract contextual information by a using downsampling operation. Unfortunately, the
spatial localization information of the feature map is lost during the downsampling step,
resulting in low positioning accuracy.

To overcome the abovementioned drawbacks, we design a lightweight multi-scale
module (LMSM) which generates multi-scale features to extract global contextual semantic
information while maintaining the feature resolution constant. The proposed LMSM
consists of two parallel 5× 5 and 3× 3 deep separable convolutions, as shown in Figure 8B.
Specifically, the feature map with w× h× 1024 is fed into two branches, each of which uses
deep convolution and point convolution with batch normalization and ReLU activation.
Among them, 5× 5 convolution is used to extract high semantic information from large
objects by expanding the receptive field rather than using a downsampling operation. Point
convolution is used to reduce the amounts of parameters. Then, the output features of the
two branches are fused together. Finally, the fused features are input to 3 × 3 convolution
to produce a feature map with w × h × 512.
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3.4. Deep Supervision

Deep supervision (namely auxiliary training) is beneficial to enhancing the semantic
information representation for each stage. In contrast to the previous method following
BiSeNet V2 [47] and DFN [41], we propose the use of a segmentation head for booster
training, as shown in Figure 9. Additionally, this study aims to match the shape of the
additional predictions with the ground truth of (360, 480). Three additional segmentation
heads at the decoder stage are inserted for the training stage, and this does not increase
computational complexity since it is discarded in the inference stage. We apply region
mutual information loss (RMI) [48] to calculate the final loss and auxiliary loss. The total
loss function is denoted as:

ltotal = l(g, y f inal) +
5

∑
i=3

l(g, yi
auxiliary) (6)

where g represents ground truth. y f inal is the final prediction output. yi
auxiliary represents

the i deep supervision loss.
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4. Experiments

In this section, the data acquisition and data annotation rules are described in detail.
To validate the effectiveness of our method proposed, we perform a series of ablation
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experiments and compare with the use of other state-of-the-art methods on datasets of fish
feeding behavior. Finally, the experimental results are analyzed and discussed.

4.1. Datasets

The videos/images data from the surveillance camera were obtained from LaiZhou
Mingbo Aquaculture Co, Ltd., Yantai City, China. All videos/image were taken from real
industrialized recirculating aquaculture, and there were approximately 60 fish in the pond,
as shown in Figure 10. Each video obtained, with a frame rate of 24 fps and a resolution of
1440 × 2560 pixels, lasted 10 to 15 min long and included various feeding stages such as
before, during, and after feeding. In addition, images of different feeding intensities (strong,
medium, weak, and non-feeding) were acquired to increase the richness of data. The
majority of the obtained images clearly distinguished between foreground and background.
However, the similarity in the color and appearance between fish objects, as well as the
blurry images caused by the fish’s fast movement during the feeding process, brought
serious challenges to efforts to accurately segmenting fish.
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Figure 10. An image acquisition station. Images were taken from real industrialized recirculating
aquaculture, and there were approximately 60 fish in the pond.

The data obtention required manual labeling because deep learning is a supervised
approach. Firstly, a frame image was captured every second, for a total of 23 videos obtained.
After removing the frame images that were quite similar, we obtained 1361 frame images.
Then, fish objects for each frame were labeled manually into two target categories (fish1
and fish2) by our team members, and the marking rules were as follows (see Figure 11):
(1) the individual fish with clearly separated and border adhesion is named fish1; (2) for
overlapping fish, when the occluded area of fish is less than 1/3, it is marked as fish1; (3) fish
are occluded by other fish, and occlusion area exceeds 1/3, in which case the two fish are
marked as fish2 as a whole; and (4) the fish gathered during the feeding process are marked
as fish2. Finally, 1361 instance-level images with two object categories and corresponding
masks were obtained. Among them, 1038 images with 67,518 annotations instances of the
fish region were used for training. A total of 323 images, along with 20,943 segmentation
annotations of fish regions, were used for testing.
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two target categories, the original image, and the ground truth. The red box and the yellow box,
respectively, represent the fish1 and fish2 category.

4.2. Implementation Details

Training schedule: To train our method proposed, the input image was resized to
360 × 480 pixels. The approaches proposed were trained from scratch, with no pre-training
strategies used. The epochs and batch size were set to 50 and 4, respectively. We trained the
network using an Adam optimizer with a 0.0005 initial learning rate and a 0.0004 weight de-
cay. We also adopted warmup and the cosine annealing learning rate decay with 10 epochs.
Moreover, DropBlock was used to alleviate overfitting in the training stage. All the experi-
ments was executed with the PyTorch framework and ran on a single NVIDIA 2080Ti GPU.
Finally, we employed the mean intersection over union (mIoU) as the metric with which to
evaluate the performance of algorithm.

Data augmentation: Data augmentation is a technique that alleviates the overfitting
problem by extending a dataset sample. The following data augmentation methods were
used, including mean subtraction, randomly horizontal flipping, gaussian blur, contrast,
brightness, and saturation.

4.3. Comparison with the State-of-the-Art

In this section, we compare our result with 15 state-of-the-art segmentation models on
test dataset, including SegNet [36], U-Net [37], HRNet, DFN [41], DANet [42], OCNet [43],
PSNet [38], DeepLab v3 plus [39], GCN [49], BiSeNet V2 [47], and DDRNet [50], et al. To
achieve a fair comparison, the same iterative training strategies were employed to evaluate
the effect of the various models to a certain extent. The experimental results show that
our proposed approach outperformed other methods and achieved the highest score with
79.62% mIoU.

Table 2 presents the result. Namely, our FSFS-Net method with 79.62% mIoU surpassed
baseline U-Net and other state-of-the-art methods, which demonstrates the effectiveness of
the proposed model. The original U-Net method achieved 77.98% mIoU over the HRNet
method, which was in line with our expectations, especially since the U-Net method has
been widely used in medical image segmentation and has achieved remarkable results.
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The HRNet, GCN, DeepLab v3 plus, and real-time DDRNet39 methods had similar scores
because they use multi-scale fusion to extract contextual semantic information. The HRNet
maintained high-resolution representation from all the high- to low-resolution parallel
convolutions, which enhance the high-resolution and low-resolution features and achieve
multi-scale feature fusion by repeatedly exchanging information between parallel multi-
resolution subnets. DeepLab v3 plus utilized encoder–decoder methods and the ASPP
module to recover spatial information and to extract multi-scale contextual information.
GCN utilized a large convolution kernel to increase the receptive field for addressing
classification and locations task simultaneously. DDRNet39 used a deep aggregation
pyramid pooling module (DAPPM) to extract contextual information. Despite this, the
method we proposed surpassed the abovementioned method since our method combines
the advantages of both methods.

Table 2. MIoU score comparison with other methods on fish feeding behavior dataset. Our proposed
method achieves state-of-the-art performance.

Method Backbone Image Size MIoU (%)

LinkNet [51] ResNet18 704 × 1280 59.06
ENet [52] __ 720 × 1280 65.03

BiSeNet v2 [47] __ 720 × 1280 72.49
DDRNet [50] 39 704 × 1280 75.68

OCNet [43] ResNet101 360 × 480 42.39
DANet [42] ResNet101 360 × 480 43.29
FCN-8s [53] VGG16 352 × 480 69.44
SegNet [36] VGG16 360 × 480 69.52

DFN [41] ResNet101 352 × 480 69.77
DFN [41] ResNet50 352 × 480 55.26

ExFuse [54] ResNet50 352 × 480 70.46
ExFuse [54] ResNet101 352 × 480 70.05
PSNet [38] ResNet50 473 × 473 71.18

HRNet V2 [55] W48 352 × 480 75.36
DeepLab v3 plus [39] VGG16 360 × 480 75.83

GCN [49] VGG16 352 × 480 75.81
GCN [49] ResNet152 352 × 480 76.14
U-Net [37] __ 360 × 480 77.98

SPSA-Net (ours) __ 360 × 480 79.62

From Table 2, we can observe that our FSFS-Net method outperforms the method-
attention mechanism method (DFN, DANet, and OCNet) and other methods, such as
BiSeNet V2, ExFuse, PSPNet and FCN-8s. It is worth mentioning that although the PSNet
method achieves a performance that is closer to ExFuse and DFN, its backbone network
uses ResNet50 rather than ResNet101. To validate the effect of the backbone network on the
algorithm, we used ResNet 50 and ResNet101 as the backbone network of ExFuse and DFN.
The experimental results showed that DFN using deeper ResNet101 was favorable to fish
segmentation, with a gap of at least 10% mIoU compared to that obtained with a shallow
ResNet50 network; however, ExFuse was unaffected by the depth of the backbone network
due to the multi-scale fusion module. Additionally, when VGG16 and ResNet152 were
applied to DeepLab v3 plus, we discovered that their results were quite similar, proving
that the multi-scale fusion could achieve very competitive results without relying on the
depth of the feature extraction network.

The comprehensive experimental result shows that our method is superior to other
methods and can produce more accurate results. The sophisticated HRNet approach
has poor generalization performance as compared to our method proposed. The poor
performance is primarily due to the fact that it is designed on multi-category feature and
large sample datasets. However, our dataset of fish school feeding has a small sample, with
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only three categories (contains background category). Therefore, the method we proposed
is effective in segmenting fish school images.

4.4. Ablation Study

To further verify our contributions, we conducted an extensive ablation study on the
fish feeding test dataset. We took the basic U-Net network as the baseline, and gradually
designed the strategies in this paper, such as loss function, PSPA, LMSM, and deep super-
vision. Our experiments demonstrated that increasing LMSM and SPSA further improved
the score over the baseline model. To validate the performance of our proposed module,
our method was compared with previous ASPP, PPM, and improved U-Net benchmarks.
In addition, the various loss functions were also used for comparison, such as focal loss,
weighted cross-entropy, LDAM loss, OHEM, Lovas loss, and RMI loss.

Baseline. Based on comparative experiments (the detailed results are shown in
Section 4.3), we observed that baseline U-Net achieves the best results compared with
other methods. Therefore, we selected U-Net architecture for further exploration on the
fish school feeding dataset.

The result in Table 3 presents the influence of data augmentation, the number of
downsamplings, and the number of skip connections. We find that increasing the number of
downsamplings to 5 improves mIoU from 77.98% to 78.97% without dataset augmentation,
demonstrating that expanding the receptive is beneficial to our fish segmentation task.
However, the number of skip connections is 5, and mIoU decreases from 78.97% to 78.8%.
We also find that using data augmentation does not lead to significant improvements in the
U-Net model (only improving by 0.17). U-Net+ (the number of downsamplings is 5) with
dataset augmentation achieves 79.29 mIoU, but our proposed FSFS-Net method achieves a
high score with 79.62% mIoU and 2.45 M parameters.

Table 3. Performance comparisons of our proposed and baseline U-Net method. U-Net+ shows that
the U-Net model uses five down-sampling. DA: data augmentation; NSC: number of skip connections.

Method DA NSC MIoU (%) Params GFLOPs

U-Net
W/O 4 77.98 3.45 M 166.2

W 4 78.15 3.45 M 166.2

U-Net+
W/O 5 78.80 5.35 M 99.1
W/O 4 78.97 2.99 M 89.3

W 4 79.29 2.99 M 89.3

FSFS-Net
W 4 79.37 2.45 M 89.6

W/O 4 79.62 2.45 M 89.6

Thus, our approach outperforms the UNet and U-Net+ methods in terms of both
segmentation performance (the mIoU score) and computation costs (the number of param-
eters). According to the ablation study based on U-Net+, increasing the number of skip
connection not only increases model calculations but also reduces algorithmic performance.
Furthermore, data augmentation makes no discernible contribution to the improvement of
algorithmic performance. Therefore, we use four skip connections without data augmenta-
tion in the following experiments.

Multi-scale module. Table 4 shows the performance comparison and reports the
parameters contained by the LMSM, PPM, and ASPP methods. Comparing FSFS-Net with
the ASPP and PPM method, we observe that the LMSM method we proposed brings a
considerable improvements and obtains the best result with fewer parameters and GFLOPs.
Since the proposed LMSM approach is a straightforward implementation for learning
contextual semantic information by expanding receptive field and extracting multi-scale
features, the FSFS-Net with PPM and ASPP achieves 79.14% and 79.29% mIoU, respectively.
When depth separable convolution of our proposed method proposed is replaced with
general convolution, the algorithm achieves 79.38 mIoU, while their overall learnable
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parameters are higher than those of the original LMSM method. It is worth noting that
we alter the ASPP module to adapt to our dataset since only two categories need to be
segmented for our segmentation task, as shown in Figure 12. The PPM method is consistent
with the literature.

Table 4. Ablation study of adding LMSM on proposed methods. LMSM *: depth separable convolu-
tion is replaced with general convolution; LMSM: proposed method.

Context Module MIoU (%) Params GFLOPs

PPM 79.14 3.33 M 94.7
ASPP 79.29 4.51 M 102.9

LMSM * 79.38 4.54 M 103.4
LMSM 79.62 2.45 M 89.6
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We further conduct an experiment to validate how the number of multi-scale feature
extraction branches affects algorithmic performance. For instance, a parallel 7 × 7 depth
separable convolution is added to LMSM method, which reduces mIoU on fish feeding
behavior dataset. Similar experiments are performed on the ASPP module. When the
original ASPP module is applied in our segmentation task, the algorithm is unable to
segment small target objects. Therefore, it is critical to present alternative multi-scale
modules for different segmentation tasks, measure which also proves the effectiveness
of our proposed method. Moreover, we find that using 3 × 3 convolution rather than
1 × 1 convolution in the last layer of the LMSM method is more conducive to feature
extraction and target segmentation.

SPSA module. Table 5 shows the performance comparison between our proposed
and the original attention mechanism module. Comparing the original PSA module, we
find that the SPSA we proposed obtains competitive performance while ensuring fewer
parameters and GFLOPs. This is because the proposed SPSA approach divides groups in
the channel dimension, which is very helpful for efforts to reduce the number of parameters.

Table 5. Ablation study of adding SPSA on proposed methods.

Attention Module MIoU (%) Params GFLOPs

PSA 79.49 2.52 M 97.9
SPSA 79.62 2.45 M 89.6

Ablation study of gradually increasing various modules. The experimental results
presented in Table 6 have shown that applying each strategy separately can improve the
score over baseline U-Net. Using the SPSA module can significantly boost the score over
the baseline U-Net (improving it from 77.98% to 79.14%). Notably, we also discovered
that only adding the LMSM module was able to dramatically improve the results by 1.48%
mIoU (improving from 77.98% to 79.46%) when compared to using the SPSA module alone.
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Our proposed method, together with SPSA and LMSM methods, yielded 79.52% mIoU.
Finally, by adding deep supervision, the score was further slightly improved to 79.62%
mIoU. The experimental results demonstrated that the various modules we proposed had
obvious performance gains and showed reliable improvements.

Table 6. Ablation study of gradually increasing LMSM, SPSA, and the deep supervision (DS) based
on baseline U-Net. The experimental results show that the performance can be further improved by
using the LMSM and the SPSA strategy.

U-Net SPSA LMSM DS MIoU (%) Gain

3 77.98
3 3 79.14 ↑ 1.16
3 3 79.46 ↑ 1.48
3 3 3 79.52 ↑ 1.54
3 3 3 3 79.62 ↑ 0.1

Loss function. Table 7 shows the result of different loss functions on our proposed
method. The results show that changing the loss function improvs the segmentation
score slightly. We can see from the table that RMI achieves the highest score since it
utilizes correlation between the pixels. However, the fact that the pixels in the image are
interdependent is ignored by cross entropy loss. Thus, RMI is used as the loss function for
fish school feeding image segmentation based on this experiment.

Table 7. Different loss functions bring different improvements.

Method MIoU (%)

Focal loss 76.75
Weighted cross-entropy 77.70

LDAM loss 77.72
OHEM 77.94

Lovas loss 79.01
RMI loss 79.62

4.5. Visualizations and Discussion

In this section, we present visualized segmentation results to evaluate the effectiveness
of our method. Additionally, we also discuss the possible limitations of our proposed
method in some special cases. The images used for analysis are selected from test samples
with simple (feed-before) and hard samples (strong feeding intensity). Finally, a video is
tested on the method we proposed to analyze the changes of feeding intensity during the
fish school feeding process.

Experimental results show that our proposed method can distinguish key features
and extract multi-scale features from an image, resulting in the highest score. As shown
in Figure 13a–f, the method we proposed is effective in segmenting multiple instances in
an image. Especially, our method can distinguish two adhesion fish from simple samples.
Additionally, our algorithm can correctly segment some challenging instances, such as
category confusion, motion blur, and multi-scale features between the same category and
different categories. Furthermore, our proposed method can classify some mislabeled
instances (label error) into true categories.
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Figure 13. Visualized segmentation results on fish school feeding datasets. The result shows that
our proposed method can segment multiple instance objects. Examples of fish images are randomly
selected from the test dataset. The four column left-to-right represents the input image, the ground
truth (Label), the output predicted of FSFS-Net, and the final image. The red rectangles in (a–f) rows
show that the instances are successfully segmented. The yellow rectangles in (g–i,m) rows present
some segmentation failures.
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Although our proposed method can recover the spatial information to capture sharper
object boundaries (fish with label 1), it still has three limitations. We find that our method
designed is ineffective at distinguishing object borders, particularly for fish with the fish2
label, due to the fact that edge pixels tend to be incorrectly classified. In other cases, as seen
in Figure 13g–m, there is considerable category confusion. When there is a border adhesion
or slight overlap between two fish in a non-feeding image, the algorithm may be unable to
clearly distinguish the border of the adhesion area, causing it to misclassify the instances
(for example, two fish1 are misclassified as one fish2). In addition, there are clusters and
severe occlusions between individual fish in the fish school feeding image (Figure 13m),
but the algorithm misclassifies the fish2 category into the fish1 category since boundaries
can be distinguished.

Finally, to verify the effectiveness of the proposed semantic segmentation method
in fish feeding behavior analysis, the FSFS method proposed is tested on a video with
3 min clip. Two indicators (number of pixels and pixel ratio of two semantic categories)
are used to distinguish the feeding intensity of fish school. As shown in Figure 14a, we
can observe that the number of fish2 semantic pixels is greater than that of fish1, which is
mainly due to the large amount of aggregation and occlusion between fish during feeding.
From Figure 14b, we find that the curve tends to be highly oscillatory in the first 4000 frame
sequence, which proves that the feeding intensity of fish is very intense. In 4354 frame, PR
value (pixel ratio of two semantic categories) reaches the minimum, which indicates that
the feeding intensity of fish has changed from strong to medium. After 8000 frames, the PR
value becomes smaller and the p value (total number of pixels) becomes larger, indicating
the number of clustered fish that are sheltered becomes less and the fish tends to disperse.
At this time, the feeding intensity of the fish school will gradually weaken. Therefore, the
FSFS method we proposed can well quantify fish school behavior and analyze the fish
feeding intensity.
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Figure 14. Visualization of the number of pixels that was extracted from a 3 min video clip with fish
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across 3-minute video clip. P1, P2, P and PR represent the number pixels of fish1, fish2, total and
pixel ratio of fish2 to fish1, respectively.

It is worth mentioning that our algorithm is limited by the fish species, number of
fish, and fish maturity in aquaculture ponds. When these factors change, our model needs
to be retrained. Therefore, our proposed method only provides a new perspective for
quantifying feeding intensity. In the future, we will design a network that can obtain
accurate edge information from the low stage while simultaneously obtaining semantic
information from the high stage, thereby eliminating some original edge’s lack of semantic
information. Moreover, we will develop a more lightweight network structure to achieve
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real-time segmentation, using stronger backbones or more sophisticated architectures.
Further, we need to conduct further research to validate our findings across diverse fish
species, number of fish, fish maturity, and tank designs.

5. Conclusions

In this paper, we explored and demonstrated the importance of fish semantic segmen-
tation in fish school feeding behavior quantification. A FSFS-Net algorithm was proposed
to achieve two-class pixel-wise classification in fish feeding image. Especially, the SPSA
module designed was able to capture long-range dependencies from the feature in an
image. Moreover, we raised an effective LMSM that could extract multi-scale features to
learn contextual information. The experimental results show that the proposed method
achieved a performance of 79.62% mIoU score on annotated fish feeding dataset, surpassing
other semantic segmentation algorithms such as U-Net, SegNet, FCN, DeepLab v3 plus,
GCN, HRNet-w48, DDRNet, LinkNet, BiSeNet v2, DANet, and CCNet. The competitive
performance on fish feeding datasets shows that our method proposed can contribute
to quantifying fish school feeding intensity. In the future, we will design a network that
can obtain accurate edge information from the low stage while simultaneously obtaining
semantic information from the high stage, thereby eliminating some of the original edge’s
lack of semantic information. Moreover, we need to conduct further research to validate
our algorithm against diverse fish species, number of fish, fish maturity, and tank design.
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