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Abstract: Efficient and optimized fish-feeding practices are crucial for enhancing productivity and
sustainability in aquaculture. While many studies have focused on classifying fish-feeding intensity,
there is a lack of research on optimizing feeding, necessitating a precise and automated model. This
study fills this gap with a hybrid solution for precision aquaculture feeding management involving
segmentation and optimization phases. In the segmentation phase, we used the novel feature fusion
attention U-Net (FFAUNet) to accurately segment fish-feeding intensity areas. The FFAUNet achieved
impressive metrics: a mean intersection over union (mIoU) of 89.39%, a mean precision of 95.07%,
a mean recall of 95.08%, a mean pixel accuracy of 95.12%, and an overall accuracy of 95.61%. In
the optimization phase, we employed an adaptive neuro-fuzzy inference system (ANFIS) with a
particle swarm optimizer (PSO) to optimize feeding. Extracting feeding intensity percentages from
the segmented output, the ANFIS with PSO achieved an accuracy of 98.57%, a sensitivity of 99.41%,
and a specificity of 99.53%. This model offers fish farmers a robust, automated tool for precise
feeding management, reducing feed wastage and improving overall productivity and sustainability
in aquaculture.

Keywords: aquaculture; fish-feeding optimization; feature fusion attention U-Net (FFAUNet);
adaptive neuro-fuzzy inference system (ANFIS); particle swarm optimizer (PSO)

1. Introduction

Aquaculture, centered around aquatic animals such as fish, has evolved into a crucial
global industry, supplying a substantial portion of the world’s seafood demand. This
sector’s importance is continually growing, addressing the rising need for seafood and
serving as a pivotal solution to meet this demand. However, managing the feeding of these
aquatic species is integral to achieving optimal production and ensuring their well-being.
Feed cost in aquaculture operations is a significant variable [1,2]. According to the Food
and Agriculture Organization [3], feed costs comprise over 50% of the total production
cost in intensive aquaculture [4]. A study on European sea farming [5] revealed that the
feeding costs are high and often represent more than 63% of total expenses. Recent research
conducted in Egypt [6,7] indicated even much higher feed costs, ranging from 75% to 85%
of the annual running costs of fish production. In aquaculture, where feed represents a
significant variable cost, inadequate feeding hampers regular fish growth, while excessive
feeding results in wastage and potential environmental pollution and fish diseases [8–11].
In addition to the amount of feed administered, factors such as feed palatability and
attractiveness significantly impact the feeding process. Palatability and attractiveness
promote ingestion and utilization of available nutrients, which is crucial for successful feed
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manufacture. For instance, diet palatability and attractiveness in shrimp farming reduce
the time shrimp approach the feed, limiting nutrient leaching and feed loss, helping to
prevent the deterioration of rearing pond environments from overloaded nutrient input [12].
Measuring fish-feeding intensity is a practical solution to address these challenges and
enhance production efficiency. Despite advancements, the issue of overfeeding persists in
the aquaculture industry mainly due to challenges associated with accurately monitoring
fish feed consumption underwater [13]. Precision feeding, a strategy to ensure optimal food
quantity for farm animals, has emerged as a solution to promote growth and performance
while minimizing feed wastage [14]. Traditional aquaculture feeding practices relied
on subjective, manual methods, incorporating historical practices and direct physical
monitoring of fish-feeding behavior [15]. Attempts to integrate temperature sensors into
management software for assessing fish appetite proved time-intensive and impacted the
accuracy of crucial feeding information [16].

Deep learning has advanced various techniques in aquaculture, including live fish
identification, fish species classification, analysis of fish behavior, biomass estimation,
fish-feeding intensity classification, and water quality prediction [2,17]. Yang et al. [18]
proposed an improved Efficientnet-B2 network for classifying feeding intensity regions and
obtained an accuracy of 89.56%. Feng et al. [19] performed feeding intensity classification
using 3D ResNet-Glore and obtained a classification accuracy of 92.68%. Ubina et al. [16]
utilized a deep optical flow-based neural network for video interpolation and the last
layer for optical flow regression, reaching up to 95% accuracy. Similarly, Zhou et al. [20]
classified fish-feeding intensity using a CNN, achieving an accuracy of 90%. Parra et al. [21]
implemented a sensor system to oversee and regulate fish-feeding activities in marine
fish farms, while Chiang and Chang [22] developed sensors for measuring salinity levels.
Zeng et al. [23] proposed an audio spectrum Swin transform model to grade the feeding
intensity based on the acoustic signal and achieved 96.16% accuracy. Zhou et al. [24]
applied a machine-learning SVM model to classify reflective frames based on image texture.
Zhou et al. [25] introduced the flock-feeding intensity index, a nonlinear metric gauging
fish-feeding intensity by considering the dispersion of fish during feeding. Zhao et al. [26]
implemented a modified DCGAN-based semi-supervised learning model for live fish
identification with 83.07% accuracy. Wu et al. [27] suggested an ANFIS utilizing time-series
data, resulting in a notable accuracy of 97.89%. Zhao et al. [28] developed an automatic
feeding decision-making ANFIS system based on water quality parameters. Wang et al. [29]
proposed a model and achieved 95.44% accuracy in feeding activity classification and
counting the uneaten feeding pallets. Han et al. [30] proposed a simple CNN to quickly
identify the behavior state of fish shoals. Huang et al. [31] proposed an automatic detection
method for eating behavior based on audio analysis. Most of the previous studies have
focused on classification.

In this context, the current research study aims to address these challenges by develop-
ing an innovative framework, namely the feature fusion attention U-Net (FFAUNet). This
framework combines deep learning using the VGG16 [32] feature extraction backbones. It
constructs a two-layer feature fusion employing the same level composition (SLC) [33–35]
interconnected by an attention mechanism followed by a segmentation block. This enhance-
ment is designed to improve feature extraction, emphasizing highly discriminative features
of fish-feeding regions and their intensity while de-emphasizing less relevant areas. The
FFAUNet is designed to segment fish-feeding areas and their intensity, providing a com-
prehensive solution to enhance the precision and efficiency of fish feeding in aquaculture.
Furthermore, we utilized an adaptive neuro-fuzzy inference system (ANFIS) with a particle
swarm optimizer (PSO) for feeding optimization. This study contributes to the limited
existing literature on using deep-learning models for identifying fish-feeding intensity,
opening up new avenues for technological advancements in aquaculture practices. The
primary contributions of this study are outlined as follows:
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(1) The proposed model significantly improves the accurate segmentation of the fish-
feeding area compared with the original state-of-the-art VGG16-based U-Net model
and ResNet-based U-Net model. This enhancement is critical for precise and reliable
segmentation of fish-feeding areas.

(2) A novel feeding optimization framework was introduced to combine a FFAUNet with
an ANFIS. This innovative approach accurately segmented feeding areas and their
intensity on water surfaces. Additionally, this study achieved superior accuracy in
feeding optimization by integrating the PSO and ANFIS models.

(3) Beyond the core framework, a comprehensive evaluation of the PSO and ANFIS model
was conducted, comparing its performance with other prominent algorithms such
as artificial neural networks (ANNs), support vector machines (SVMs), and random
forest (RF). This multi-algorithm evaluation provides insights into the robustness and
efficacy of the proposed feeding optimization model.

(4) The current technology can open up new possibilities for more precise approaches to
fish-feeding practices in aquaculture.

These contributions collectively mark a significant advancement in aquaculture, show-
casing the potential of the proposed framework to revolutionize fish-feeding optimization
through improved accuracy, innovative methodologies, and the integration of cutting-
edge technologies.

The rest of the paper is organized as follows: Section 2 details the materials and meth-
ods applied in this study. Section 3 gives the experimental setup, results, and discussions.
The paper is concluded in Section 4 with the conclusions and proposed future work.

2. Materials and Methods
2.1. Dataset Details

The dataset comprised a collection of live video recordings captured by a surveillance
system focusing on the water within a fishpond. These recordings captured the entire
feeding process of the fish, from the initial splash to the conclusion of the recording. Based
on the feeding intensity observed on the water surface, we categorized the feeding as
‘Heavy’, ‘Medium’, and ‘Normal’. In the ‘Heavy’ feeding category, fish exhibit strong,
vigorous movements and actively swim to the feed, creating noticeable disturbances on the
water surface as they compete for food. The ‘Medium’ feeding category is characterized by
moderate activity on the water surface, with fewer feeding sessions than ’Heavy’ feeding.
In the ‘Normal’ feeding category, fish do not respond to the feed. The surface remains calm
and the fish are either still or swimming very slowly. The primary purpose of utilizing
these videos was to meticulously analyze and study the intricate feeding patterns exhibited
by the fish.

In this study, a total of 1153 images derived from full-length videos that were converted
into frames were used. These images were labeled: ‘Background’, ‘Normal’, ‘Medium’,
and ‘Heavy’ based on the intensity of water splash on the surface. Annotation of these
images was performed using LabelMe software version 5.2.1. The data were then split
into a training set (90%) and a testing set (10%), with a further subdivision of 10% from
the training set for validation purposes. The feeding area on the aquaculture fishpond is
depicted in Figure 1.

2.2. Attention Mechanism

Attention mechanisms have become crucial in various deep-learning architectures,
including those used for image classification, segmentation, and detection. In this con-
text, attention mechanisms help the model focus on relevant parts of the input image
while suppressing irrelevant information by merging channel-wise and spatial features
and enhancing the model’s ability to accurately identify the regions of interest in an im-
age by integrating the attention mechanisms into the backbone network [36–40]. This
enhancement integrates the squeeze-and-excitation (SE) attention [36] mechanism into the
proposed model. The introduced SE attention modules bring adaptability to the network by
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dynamically adjusting the importance of different channels based on the data context [36]
(Figure 2). The SE attention mechanism involves extracting global information through av-
erage pooling (squeeze phase) and then learning channel-wise activation coefficients using
a neural network (excitation phase). The attention-weighted feature map is obtained by
scaling the original features based on the computed activation coefficients. This mechanism
allows the model to highlight important channels and suppress less relevant ones adap-
tively. This enhancement in model performance arises from the SE attention mechanism’s
ability to guide the network focus toward more informative features while diminishing
the influence of less valuable information. As a result, the increased focus on significant
details and subtle patterns enhances the network’s discriminative capabilities and ability to
effectively generalize to previously unseen data, ultimately leading to improved feature
representation and heightened model accuracy.
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Figure 2. Squeeze and excitation attention block architecture.

Algorithm

Step 1: Squeeze Phase: The SE attention mechanism is applied to each channel of the
feature map independently. The global average pooling operation is applied across the
spatial dimensions of the input feature map to obtain a channel-wise descriptor vector. Let
X ϵ RC × H × W be the input feature with C channels and spatial dimensions H × W of the
feature map. The channel-wise descriptor vector z, denoted as zc , is computed for each
channel c, as shown in Equation (1).

zc =
1

H × W

H

∑
i=1

W

∑
j=1

xi,j,c (1)

where X = {x1, x2, . . ., xc}, H is the height, W is the width of the feature maps, and xi,j,c is the
value at position (i, j) in channel c. The first step is to perform global average pooling across
spatial dimensions for each channel. This operation produces a channel-wise statistic z
representing the average activation for each channel.

Step 2: Excitation Phase: The channel-wise descriptor vector z obtained from the
squeeze phase is then passed through a two-layer neural network to compute channel-wise
activation coefficients.

Step 3: Squeeze Layer: A squeeze operation defined in Equation (2) involves passing
the z through a fully connected (FC) layer with a nonlinear activation function δ:

uc = δ(W1zc + b1) (2)

where W1 is the weight matrix of the FC layer, b1 is the bias vector of the FC layer, and δ is
a nonlinear activation function like ReLU.

Step 4: Excitation Layer: Another FC layer is employed to capture channel-wise
dependencies and generate scaling factors using Equation (3).

sc = σ(W2uc + b2) (3)

W2 is the weight matrix of the second FC layer, b2 is the bias vector of the second FC
layer, and σ is a sigmoid activation function.

Step 5: Scale and Reshape: The channel-wise activation coefficient sc is used to scale
the original feature map channels. The scaled feature map Yi, j, c is obtained by element-
wise multiplication with the original feature map xi, j, c as shown in Equation (4).

Yi,j,c = sc · xi,j,c (4)

The scaled feature map Y is the final attention-weighted feature map.
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2.3. Proposed Segmentation Model (FFAUNet Architecture)

The proposed network consists of two identical parallel backbones. This design allows
for integrating features at the same hierarchical level from both backbones, enhancing
feature refinement. Specifically, features from blocks 1, 2, ..., n in backbone-1 (denoted as X)
are combined with features of the same size from the corresponding blocks in backbone-2
(denoted as Y), as shown in Equation (5). This merging process facilitates more precise
segmentation by refining the features through their combination. These combined features
undergo refinement through the corresponding attention block (Equation (6)) before passing
these features to the next stage in backbone-2 (Equation (7)).

Zi = Xi + Yi (5)

W = SEAttention(Z) (6)

Y′ = Nextstage(W) (7)

where Zi is the ith element of the combined features Z, Xi is the ith element of the features
from backbone-1, and Yi is the ith element of the features from backbone-2. SE_Attention
(Z) is the operation performed by the attention block to refine features. These refined
features, denoted as W, are then forwarded to the next stage Y′ in backbone-2. The refined
features W, obtained from the SE attention block at each stage, are used as skip connections
and directed into the up-sampling convolutional blocks (Figure 3). For image segmentation,
the VGG16-based U-Net architecture [41] was employed. This variant of the U-Net model
uses the VGG16 network as its encoder. The U-Net architecture consists of an encoder path
that captures contextual information and a decoder path for precise localization. VGG16
is a well-known CNN model praised for its deep architecture and strong performance in
various computer vision tasks [42]. The feature extraction block of this model includes
several convolutional and max pooling layers that progressively downsample the input
image to capture high-level features. A comparative analysis against three other models
was conducted to assess the performance of the proposed model. These three models do
not include the attention block: the ResNet50 backbone-based U-Net, the original VGG16-
based U-Net model, and the FFUNet. These models represent distinct architectures in
image segmentation. ResNet50 [39] was chosen for its proven efficiency in deep neural
networks. The original VGG16-based U-Net model represented a benchmark in image
segmentation tasks. FFUNet provided a relevant comparison, lacking the attention block
present in the proposed model. This comparative analysis helps elucidate the impact of
attention mechanisms in enhancing segmentation performance.

2.4. Optimization Phase (ANFIS Architecture)

Furthermore, a comprehensive analysis of the segmented images produced by the
proposed FFAUNet model was conducted to identify and categorize the areas within
the images as ‘Heavy’, ‘Medium’, or ‘Normal’ regions and, subsequently, implemented
a precise ANFIS [43,44] classification system to make informed decisions regarding the
course of action for feeding. These decisions were categorized as follows: ‘Continue (C)’,
‘Maintain (M)’, ‘Reduce (R)’, or ‘Stop (S)’ in the feeding process. In the fish-feeding images,
specific labels are placed on different feeding conditions based on the density of feeding
observed. When the feeding region in the images was extensive, the decision was labeled as
‘C’ (indicating heavy feeding), and in cases where the feeding region was moderately heavy,
the decision was ‘M’ (indicating moderate heavy feeding). For images showing a medium
level of feeding activity, the decision was labeled as ‘R’ (indicating medium feeding).
Finally, when the water level was back to normal in the feeding region, the decision was ‘S’
(indicating stop feeding). Figure 4 illustrates the workflow of the proposed model.
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ANFIS (Figure 5) belongs to the category of adaptive networks and shares functional
equivalence with fuzzy inference systems (FIS). Its architectural design integrates both a
fuzzy system and a neural network. The Takagi–Sugeno (T-S) fuzzy model has garnered
significant attention in the engineering field. It offers a systematic approach to modeling
nonlinear systems, combining fuzzy logic principles with rigorous mathematical theory.
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This integration makes the T-S fuzzy model a powerful tool for researching fuzzy systems.
The antecedent parameters and consequent parameters of T-S models are represented as
particles and are simultaneously acquired during the training phase [45].
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In parallel, the ANFIS has demonstrated its versatility across numerous research
domains, consistently delivering powerful results. The ANFIS is renowned for its ability
to synergize with various algorithms, effectively reducing training phase errors [46]. The
ANFIS structure with n input and one output is shown in Figure 5.

The scheme consists of five layers and m IF-THEN fuzzy rules. To make predictions
using the fuzzy model featuring n inputs (x1, x2, . . ., xn) with linguistic labels M1k, M2k,. . .,
Mnk, where k =1, 2,. . ., K, one output Y, and n fuzzy rules, the fuzzy rule base for the first
order T-S model can be formed as follows using Equation (8):

If x1 is M1k, x2 is M2k, . . ., and xn is Mnk, then

f j = pjx1 + qjx2 + · · ·+ rjxn + tj (8)

where j represents the jth fuzzy rule; the whole rule base may contain at most m = Kn fuzzy
rules. tj stands for the bias term, which is crucial as it allows for adjusting the output f j.

The learning process in the ANFIS aims to optimize parameters by applying a learning
algorithm using input and output datasets. The consequent parameters, pj, qj, . . ., rj, and tj
are determined during the training process within the fuzzy region specified by the fuzzy
rules. During training, the learning algorithm adjusts these parameters to minimize the
error between the predicted output of the ANFIS model and the actual output from the
training data.

The initial layer of the architecture facilitates the transmission of input data from each
of its nodes to subsequent layers.

Layer 1: Referred to as the fuzzification layer. In this layer, the fuzzy sets of each input
variable are determined. For the input variables xi, the output of each node (Oi) is the
membership grade µ calculated using fuzzy sets Mik shown in Equations (9) and (10).

Oi = µMik(xi), i = 1, 2, . . . , n; k = 1, 2, . . . , K (9)
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where bell-shaped functions represent the membership functions:

µMik(xi) =
1

1 +
∣∣∣ xi−cik

aik

∣∣∣2bik
(10)

where aik, bik, and cik are the parameters to be learned, known as the premise parameters
of the bell-shaped membership function.

Layer 2: Designated as the rule layer, where it performs the AND operator. In this
layer, the firing strength wj of each rule is computed based on the fuzzy sets in the premise
part of the fuzzy rule, as determined in the fuzzification layer. The firing strength for the
jth rule is calculated using the product operator as indicated in Equation (11):

wj = ∏m
j=1 Oj, j = 1, 2, . . . , m. (11)

These firing strengths are then normalized to obtain wj.
Layer 3: The normalized firing strengths (wj) are calculated using Equation (12):

wj =
wj

∑m
j=1 wj

(12)

Layer 4: This layer is referred to as the defuzzification layer. In each node of this layer,
the weighted values of rules are computed by Equation (13):

f j = wj
(

pjx1 + qjx2 + · · ·+ rjxn + tj
)
, j = 1, 2, . . . , m. (13)

Layer 5: The final output (Yout) is computed using Equation (14) by combining the
individual rule outputs:

Yout =
m

∑
j=1

wj f j (14)

In the present study, three inputs of the ANFIS ‘Heavy region’, ‘Medium region’, and
‘Normal region’ are selected with a single output classified as ‘C’, ‘M’, ‘R’, or ‘S’. Each of the
three inputs is associated with three generalized bell membership functions such as ‘High’,
‘Medium’, and ‘Low’. As a result, the generalized rule base consists of 27 fuzzy rules.

2.5. Particle Swarm Optimization

In this study, a population-based optimization method known as particle swarm
optimization (PSO) [47,48] is employed to determine the optimal value of the regularization
parameter. The PSO method assists the ANFIS in adjusting the membership function
(MF) parameters and minimizing a cost function. The main goal of the PSO algorithm
is to explore the search in the search space for the positions that approximate the global
minimum or maximum solution(s). In PSO, a swarm initiates with a group of randomly
selected solutions called particles. Each particle possesses three parameters, position (xi) at
every iteration, velocity (v i) representing the rate of position change, and the previous
best positions Pi. During each iteration, the most suitable position is determined for each
particle by considering the best positions of its neighboring members. The position of the
particle with the best fitness value is termed the global best position Pg, thereby iteratively
updating their velocities. The velocity update is defined by Equation (15) below:

vi(t + 1) = W·vi(t) + c1·r1·(Pi(t)− xi(t)) + c2·r2·
(

Pg − xi(t)
)

(15)

where W is the inertia weight, controlling the impact of the previous velocity on the current
velocity. c1 and c2 are scaling factors. r1 and r2 are random numbers in the range [0, 1].
Pi denotes the best solution of the ith particle. Pg is the best-known position among the
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neighboring particles. vi(t) signifies the current velocity of particle i at iteration t, while
vi(t + 1) indicates the updated velocity of particle i for the subsequent iteration t + 1.

2.6. Performance Evaluation

The evaluation of classification performance involves utilizing accuracy, precision,
recall, mean intersection over union (mIoU), mean pixel accuracy (mPA), mean precision
(mP), and mean recall (mR) obtained from the confusion matrix, which includes true
positive (TP), true negative (TN), false positive (FP), and false negative (FN). Specifically,
TP represents predictions where the predicted class label on the test data aligns with the
class of the ground truth image. FP pertains to predictions in which the predicted class
does not correspond to the class of the ground truth image. TN denotes predictions where
the model correctly anticipates that a given test image does not belong to a specific class.
FN signifies predictions where the test image belongs to the ground truth image class, but
the model inaccurately predicts it as not belonging to that class.

(1) Accuracy:

This metric represents the ratio of correctly predicted classifications to the overall
number of predictions made and is defined by Equation (16).

Accuracy =
TP + TN

TP + TN + FP + FN
(16)

(2) Precision:

Precision refers to the proportion of accurately classified samples in relation to the TP
and FP values. It computes the percentage of correctly classified samples (Equation (17)).

Precision =
TP

TP + FP
(17)

(3) Recall/Sensitivity:

Recall is the ratio of TP to the sum of TP and FN and is defined by Equation (18).

Recall =
TP

TP + FN
(18)

(4) Specificity:

Equation (19) indicates how well a test can identify negative cases.

Speci f icity =
TN

TN + FP
(19)

(5) mIoU:

mIoU is a widely used evaluation metric for image segmentation tasks. It measures
the average of the Intersection over Union (IoU) values for each class. IoU for a specific
class is calculated as the ratio of the intersection of predicted and ground truth regions
to their union. Let n be the number of classes. For each class i, IoU is calculated using
Equation (20):

IoUi =
TPi

TPi + FPi + FNi
(20)

Then, the mIoU is computed as the average IoU over all classes (Equation (21)):

mIoU =
1
n

n

∑
i=1

IoUi (21)

(6) mPA (mean Pixel Accuracy):
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Let N be the total number of pixels. Correct_Pixels represents the total number of
correctly classified pixels. mPA is calculated using Equation (22):

mPA =
Correct_Pixels

N
(22)

(7) mP (mean Precision):

Let n be the number of classes. For each class i, the mP is computed as the average
precision over all classes using Equation (23):

mP =
1
n

n

∑
i=1

Precisioni (23)

(8) mR (mean Recall):

Let n be the number of classes. For each class i, the mR is computed as the average
recall over all classes using Equation (24):

mR =
1
n

n

∑
i=1

Recalli (24)

3. Results and Discussion

The input images to the model are resized to 512 × 512 × 3. The proposed models
were performed in Python 3.10 on a Windows 10 operating system with a configuration
of Intel Core CPU i7-10700F and 8 GB RAM, supported by GPU (NVIDIA GeForce RTX
3060 Ti, Santa Clara, CA, USA). Python programming and the hyperparameters used for
training are batch size of 2, Adam optimizer, with an initial learning rate of 1× 10−6 and a
minimum learning rate of Init_lr * 0.0001.

The FFAUNet model yielded impressive results on the test dataset across multiple
evaluation metrics. The mean intersection over union (mIoU) was 89.39%, reflecting the
model’s robust segmentation performance, and exhibited a mean pixel accuracy (mPA) of
95.12%, underlining its precision in pixel-level classification. The model also demonstrated
reasonable precision of 95.07% and recall of 95.08%. The obtained accuracy with the
proposed model was 95.61% on the test dataset. These values highlight the model’s ability
to identify and classify relevant features. The model’s performance details are provided in
Table 1. The comparative analysis of the four models employed in this study—the original
Resnet50, VGG16-based U-Net, the feature fusion U-Net without attention (FFUNet), and
the proposed FFAUNet model—is given in Table 2.

Table 1. Performance metrics of each class by the proposed model.

Class mIoU (%) mPA (%) mP (%) mR (%)

Normal 93.15 97.00 96.02 96.02

Medium 85.87 94.05 93.04 93.17

Heavy 91.17 96.25 97.11 97.05

Background 87.38 93.17 94.12 94.09

The accuracy resulting from Resnet50 was 93.69%. The original VGG16-based U-Net
achieved an accuracy rate of 94.21%, while the FFUNet got slightly better at 94.80%. The
proposed FFAUNet model achieved an outstanding accuracy rate of 95.61%. The proposed
model learned the features better on the limited dataset. The SE attention block focused
on essential features by suppressing the less important features. The segmentation images
produced by the FFAUNet model are shown in Figure 6a, b. The loss and mIoU curves of
the proposed method are given in Figure 7.
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Table 2. Comparative results of the four models used for this study.

Models mIoU
(%)

mPA
(%)

mP
(%)

mR
(%)

Accuracy
(%)

Resnet50 86.54 92.61 92.96 92.61 93.69

VGG16Unet 87.55 93.33 93.35 93.33 94.21

FFUNet 88.34 93.85 93.73 93.85 94.80

FFAUNet 89.39 95.12 95.07 95.08 95.61
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An inference dataset comprising 233 images extracted from five videos was utilized to
optimize feeding. Initially, the FFAUNet model was employed for image segmentation. The
pixel counts within color-coded regions were quantified and represented as percentages
to determine intensity levels (Heavy, Medium, and Normal). An example breakdown
indicated that the heavy feeding region, marked in yellow, covered 41.14% of the image; the
medium feeding region, marked in green, covered 0.04%; and the normal feeding region,
marked in red, occupied 56.23%, as illustrated in Figure 6a. Similarly, from Figure 6b,
the heavy feeding region covered 1.28% of the image, the medium feeding region was
31.71%, and the normal feeding region occupied 65.32%. The heavy feeding region is
much more extensive in Figure 6a compared with that in Figure 6b. The medium feeding
region is almost negligible in Figure 6a but substantial in Figure 6b. It is noted that the
summation of these regions did not reach 100% due to misclassification of some pixels along
the segmented boundaries. Sample illustrations highlighting identified feeding intensity
regions from segmented images are provided in Table 3.
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Table 3. Extracted feeding intensity areas from the segmented images.

Image Name Heavy (%) Medium (%) Normal (%) Error (%) Actual Class

F55.jpg 41.14 0.04 56.23 2.59 C

F24.jpg 21.29 3.31 72.81 2.59 M

F10.jpg 1.61 25.68 70.50 2.21 R

frame1.jpg 0 0 97.24 2.76 S

The data were categorized into four distinct groups based on the feeding intensity
observed in the images. These categories include ‘Continue (C)’, ‘Maintain (M)’, ‘Reduce
(R)’, and ‘Stop (S)’. Initially, the ANFIS model without PSO was trained using these data,
with a 70% training set and 30% testing set split. However, even without the PSO optimizer,
it achieved an accuracy of 93.56%. Optimal results were achieved by carefully tuning PSO
parameters and ANFIS model configurations. PSO parameters included a population size
(nPop) of 40 individuals, an acceleration coefficient (phi) of 2.05, using the ‘RB’ constriction
factor type, a velocity factor (vel_fact) set to 0.5, cross-entropy cost function was used, and
the algorithm running for 500 epochs. In the ANFIS model, three Gaussian membership
functions were employed for each input variable, adopting the Takagi–Sugeno type of
fuzzy inference system to process fuzzy rules. The ANFIS with PSO achieved 98.57%
accuracy. This enhanced the model’s ability to capture complex relationships within the
dataset. Prediction results, presented as a confusion matrix, are depicted in Figure 8.
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Furthermore, to assess the performance of the ANFIS model, specific evaluation mod-
els such as random forest (RF), support vector machines (SVMs), and artificial neural
networks (ANNs) were employed. These algorithms, which have been chosen for their
suitability in evaluating the ANFIS model, encompass a set of techniques and procedures
designed to measure their effectiveness in making decisions or predictions based on lin-
guistic variables and rules.

The ANN model consisted of three dense layers with 200, 100, and 64 neuron counts,
respectively. The final output layer utilized the Softmax activation function. The Adam
optimizer was employed to train the model. The learning rate for the Adam optimizer was
set to 0.01. The optimal accuracy is achieved using these parameters in the ANN model.

Training sessions were conducted for various SVM kernel functions to determine the
most effective one. The SVM classifier trained encompassed linear, quadratic, cubic, fine
Gaussian, medium Gaussian, and coarse Gaussian variations, each with different gamma
values. Results of the analysis revealed that the medium Gaussian and coarse Gaussian
SVM classifiers both yielded the highest accuracy of 95.71%. Specifically, the ‘rbf’ kernel
function with a gamma value of 0.11 was used. For the RF model, the number of estimators
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was set to 30, and the random_state was set to 5. The average accuracy obtained was
94.28%, 95.71%, and 97.14% for the RF, SVM, and ANN models, respectively. In comparing
these methods with the ANFIS, outstanding performance was obtained with an accuracy
of 98.57%, sensitivity of 99.41%, and specificity of 99.53% (Figure 9).
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There are also a few studies that employed the ANFIS tuned with PSO in various
problem domains, including healthcare, agricultural domains, etc. Nazari et al. [49] used the
ANFIS and PSO to calculate saffron yield based on terrain characteristics in the Siminehrood
catchment, located south of Urmia Lake, Iran. In human resource management, Liu
et al. [50] utilized an algorithm based on the fusion of PSO with random weight and the
ANFIS to accurately predict the human resource structure. Most studies have utilized the
ANFIS (tuned with PSO) as a tool for multi-class classification, while some have applied
it for binary classification. The literature shows numerous examples of using the ANFIS
for predictive model development. A key advantage of the ANFIS is its ability to generate
accurate predictions even with limited input data [51].

ANFIS models excel in capturing nonlinear relationships within data, leveraging their
fuzzy logic-based approach combined with neural network adaptability. In contrast, SVMs
optimally performed when the data were linearly separable, adjusting their parameters
to suit the dataset characteristics. Compared with ANNs, ANFIS models possessed fewer
parameters and reduced susceptibility to overfitting. They demonstrate robustness even
with limited and imbalanced data, surpassing ANNs, SVMs, and RF in these scenarios.

4. Conclusions

This study aimed to leverage advanced technology to optimize fish-feeding practices
in aquaculture by developing and implementing the FFAUNet, which integrates power-
ful feature extraction capabilities with SE attention mechanisms to accurately segment
fish-feeding intensity regions. The proposed FFAUNet model demonstrated precise seg-
mentation results. For further optimization of feeding, the ANFIS was used to quantify
the areas corresponding to feeding intensity regions within finely segmented images. The
ANFIS with PSO showed a remarkable accuracy rate of 98.57% in optimizing fish feeding.
This methodology underscores its reliability and effectiveness in optimizing fish-feeding
routines and making critical decisions.

This study presents significant progress in aquaculture, showcasing the potential
of advanced technology to optimize fish-feeding practices. It sets the stage for a future
with data-driven, highly efficient feeding protocols that enhance sustainability. Future
efforts will aim to use underwater fish-feeding behavior data to develop an accessible and
user-friendly platform. This platform will allow fish farmers to monitor feeding intensity
in real time, improve productivity, and ensure the well-being of the fish.
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