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Abstract: Water is a vital resource essential to the survival and development of all creatures. With the rapid
growth of industry and agriculture, people face a severe threat of ecological destruction and environmental
pollution while living earthly lives. Water pollution, in particular, harms people’s health the most. As a result,
water supply security has become a top priority. As a critical point in water supply safety, monitoring water
quality effectively and forecasting sudden water contamination on time has become a research hotspot world-
wide. With the rapid development and wide applications of artificial intelligence and computer vision tech-
nologies, biological activity identification-based intelligent water quality monitoring methods have drawn
widespread attention. They were taking fish activities as the water-quality indicator has gained extensive
attention by introducing advanced computer vision and artificial intelligence technologies with low cost and
ease of carrying. This article comprehensively reviews recent progress in the research and applications of
machine vision-based intelligent water quality monitoring and early warning techniques based on fish activity
behavior recognition. In detail, it addresses water quality-oriented fish detection and tracking, activity recog-
nition, and abnormal behavior recognition-based intelligent water quality monitoring. It analyzes and com-
pares the performance and their favorite application conditions. Finally, it summarizes and discusses the
difficulties and hotspots of water quality monitoring based on the fish’s abnormal behavior recognition and
their future development trends.

Keywords:machine vision-based water quality monitoring, water quality safety pre-warning, abnormal beha-
vior identification, water pollution source tracing, fish object detection, fish object tracking
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1 Introduction

As we all know, water plays an essential role in our lives and is an indispensable resource for the survival and
development of human beings and all living things. The safety of water quality is directly related to people’s
lives and health, as well as the quality of daily life. However, with the rapid development of industrialization
and urbanization, environmental pollution is worsening. Water pollution is the first to bear the brunt. Rivers,
lakes and seas, groundwater, and so on often become the ultimate recipients of pollutants. The situation of
water pollution has been quite severe [1].

The Bulletin of China’s Marine Environmental Status in 2021 shows that the quality of the ecological
environment of the near-shore local waters needs to be improved. On the one hand, there is an excessive
discharge phenomenon. For instance, the total amount of sewage discharged from 458 direct sea pollution
sources with a daily discharge capacity of greater than or equal to 100 tons approximates 72,778,000 tons,
where individual points of total phosphorus, ammonia nitrogen, suspended solids, chemical oxygen demand,
five-day biochemical oxygen demand exceed the standard. On the other hand, the estuary bay water quality
needs to be further improved, i.e., with a sea area of 21,350 km2 in 2021, the main exceedances are the
inorganic nitrogen and active phosphate.

Given the seriousness of water pollution, ensuring the safety of drinking water and domestic water supply
has become the most critical task of the people. As a key link to a safe water supply, it is essential to monitor
the reliability of water quality quickly and effectively. Scientific researchers and environmental regulatory
departments worldwide have widely valued the early warning of water pollution. Up to now, researchers have
done much research on water quality monitoring [2], early warning [3], and traceability of water pollution [4].
Some methods have entered the stage of practical applications [5].

Since the 1980s, some institutions have started academic research and engineering applications [6] and
developed some relevant online water quality monitoring (OWQM) systems or sensors for the early warning of
water supply monitoring, considering the importance of water quality monitoring, especially the drinking
water quality. For example, in 1994, the Japan Water Works Associate (JWWA) reported their progress in
instrument development and technical applications in the OWQM [6].

The water treatment plant is the main object of the early research and technical application of OWQM. The
primary purpose of water quality monitoring in the waterworks is to detect the acidity and basicity of the
effluent and the content of any harmful substance in the water in real-time through corresponding detection
instruments (sensors) to ensure quality water production for residents. The waterworks need to control and
optimize the drinking water processing process with the help of OWQM results to ensure that the produced
water meets the quality requirements. The results of OWQM can be compared and verified by the effects of
water quality tests in the laboratory to improve the performance of the OWQM [6].

Traditional water quality monitoring, especially drinking water quality monitoring, is mainly based on
the analysis and determination of the types of pollutants in the water with their content and change
trends. Conventional indicators related to water quality include: (1) Sensorial indicators, such as chromaticity,
turbidity, and smell; (2) Common chemical indicators, e.g., pH value, residual chlorine content, electrical
conductivity, metal elements in water such as aluminum, iron, manganese, copper, zinc, water hardness, sulfate
content, oxygen consumption, volatile phenols, synthetic anion detergents, and so on; (3) Microbiological indi-
cators, such as total coliform group, thermostable coliform group, Escherichia coli, total colony count, and so on;
(4) Toxicological indicators, such as arsenic, cadmium, chromium, lead, mercury, selenium, cyanide, fluoride,
nitrate, formaldehyde, and so on, (5) Radioactivity indicators, including α total radioactivity, total β radio-
activity, radon, radium, and so on.

Due to the many monitoring indicators, water quality monitoring is tedious and time-consuming.
Researchers have experimented with various methods and techniques based on physical, chemical, or biolo-
gical correlation to achieve water quality monitoring, including chemical, electrochemical, atomic absorption
spectrophotometry, ion-selective electrodes, and chemical methods [7]. These monitoring methods are essen-
tially based on physical and chemical detection methods. In practical applications, water sampling, laboratory
testing, and calibration should finally be performed to determine the water quality test results. The physical
and chemical water quality detection methods based on laboratory measurement and calibration are
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challenging to achieve long-term and uninterrupted online monitoring because of the sampling frequency,
testing time, and sample testing cost limitation.

Many water quality indicator sensors have been developed with the rapid progress of physiochemical
sensors and wireless sensor network technologies. These sensors are sensitive to some specific pollutants or
substances in the water body so that the number of corresponding physical and chemical factors in the water
to be measured can be detected. Therefore, if enough sensors related to water quality indicators can be
provided, it is theoretically possible to achieve the OWQM [8] in an area or sewage treatment in a factory.
Distributed OWQM is the basis for realizing a regional early warning system (EWS) of water quality. An EWS
can effectively predict water quality disasters and sudden water pollution and inform users to take corre-
sponding measures in advance to ensure people’s water safety.

The spectral analysis (SA)-based method attracts excellent attention. Compared with traditional chemical
analysis, e.g., the electrochemical and chromatographic analysis, SA-based methods have many advantages,
such as relatively simple operation, less reagent consumption, good repeatability, high measurement accuracy,
fast detection speed, and easy-to-implement. In the literature, the authors have reviewed the UV-Vis spectro-
scopy analysis-based water quality monitoring in detail [9]. The author summarized that although SA-based
water quality detection methods had many advantages in theory for the OWQM, they still required some
specific pretreatments of water samples, which may, in turn, cause secondary pollution. In other words, for SA,
it is necessary to study further the corresponding chemometrics signal processing algorithm combined with
the absorption spectral characteristics of the substance to be measured to promote a broader application of
this method.

Generally, water quality sensors can detect only one or a few indicators. In addition, many sensors for
different water quality indicators are needed to realize omnidirectional water quality monitoring, which
virtually increases the installation and maintenance complexity and influences the monitoring effectiveness,
timeliness, and cost. For example, gas chromatography and high-performance liquid chromatography can
accurately detect chemical contamination in water, but the cost of the sampling and test is too expensive.
Studies have shown that the average cost of using this method to prioritize monitoring 126 pollutants by the
Environmental Protection Agency reaches US $1,000/sample [10]. Therefore, we still have a long way to go
toward developing water quality monitoring instruments and equipment to realize the real-time and auto-
mated detection of harmful components in water.

With the continuous progress of image processing, artificial intelligence, and pattern recognition in recent
years, water quality monitoring methods based on biological activity analysis by advanced machine learning
and artificial intelligence techniques have attracted increasing attention [11]. These methods determine the
water quality by monitoring the physiological reactions and behavior characteristics of organisms in the water
using intelligent monitoring techniques, especially machine vision-based schemes. Researchers have proposed
various biological-related water quality monitoring methods for long-term and online monitoring. According
to the activity differences of organisms in water by biological behavior recognition (incredibly abnormal
behavior recognition), researchers can effectively achieve a natural early warning (BEW) of pollutants or
toxic substances in water.

Bioactivity-based technologies are widely used in water quality monitoring because they can well reflect
biological toxicity in water with high sensitivity. Compared with traditional chemical detection methods,
physical activity detection can comprehensively evaluate water bodies’ ecological safety. Using biological
activity detection technology to detect water quality can detect pollution sources more accurately and take
measures to control it in time. Commonly used bioactivity-based water quality monitoring methods involve a
variety of related organisms, including bacteria, algae, water fleas, shellfish, and so on. Bae and Park [10]
reviewed in detail the applications of commonly used tagged organisms in water quality monitoring, including
the applications in drinking water, reservoir water, factory water, and agricultural water, and the biological
behaviors (measurement variables) and detection frequency that need to be paid attention to when using
corresponding types of biological monitoring. Physical activity analysis and abnormal behavior recognition
based on machine vision are usually utilized in biological activity behavior recognition.

Water quality monitoring by machine vision-based abnormal behavior recognition of fish has attracted
wide attention due to its merits, such as simple implementation, low maintenance cost, fast detection speed,
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and so on. Some related commercial systems are on the market, such as the Kerren Aqua-Tox-Control system,
the bbe Fish Toximeter system, and the bbe ToxProtect system [12]. In particular, the identification of fish
activity behavior (such as hazard avoidance behavior, gill respiration, tail swing frequency, active area
distribution, swimming mode, speed, acceleration, predation, death, and so on) is adopted to determine the
water quality to realize an early warning of water quality monitoring [13].

The species and quantity of fish selected vary depending on the water environment (such as reservoir
water, small fish pond water, and factory-treated water). The chosen fish should be easy to obtain, raise, and
sensitive to specific pollutants. In the 1980s, the International Standards Organization (ISO) recommended a
group of fish species specifically for freshwater quality monitoring. The existing water quality monitoring
system mainly selects small, and medium-sized freshwater fish, such as zebrafish (daniorerio), swordtail fish,
peacock fish, medaka, and goldfish. According to the physiological and toxicological experimental results of
different fishes, the fish species selection for various pollutions was reviewed by Casebolt et al. [14].

Small-scale water quality monitoring is generally carried out by monitoring the activity characteristics of
one or a few fish so that one or several monitoring cameras can be set up to achieve the water quality
monitoring result. Machine vision in industrial process monitoring has been widely valued by academic
and industrial communities in recent years [15–17]. The commonly used visual features related to fish include
the position and body orientation of fish in each frame, the swimming trajectory, speed, moving direction,
movement regularity, track curvature, and so on. In large-scale water quality monitoring, such as reservoir
water quality monitoring, it is generally necessary to build multiple monitoring points around the reservoir at
several specific locations on the water surface of the reservoir through comprehensive tracking and analysis
of the behavior of fish groups at various monitoring sites to comprehensively monitor the water quality.

According to the species and quantity of fish, the commonly used fish behavior parameters or behavior
state variables for water quality monitoring are as follows.

(1) Fish mortality-based methods [18]
It is mainly used to monitor sudden heavy toxic pollution in water, such as water pollution caused by

premature toxic substance leakage. When poisonous substances pollute the monitoring water body, many fish
die quickly. Through computer vision monitoring, the statistics of the death of fish populations in the water
can be used to evaluate the deterioration of water quality. Although this method can achieve the purpose of
water quality monitoring, once a large number of fish die, it shows that the water body has been highly
polluted. It is usually challenging to achieve an early warning of water pollution.

(2) Fish rheotaxis-based methods [19]
The so-called rheotaxis refers to a biological behavior response of fish objects to water flow, usually

divided into positive and negative chemotaxis. From the natural habits of fish, it can be observed that fish
in the typical water quality environment swim against the current. That is, they tend to swim in the direction
of water flow. When the water body is polluted, the rheotaxis of the positive current ability of fish may be
destroyed. This method can monitor the water quality of large reservoirs and rivers and the water quality of
small fish ponds according to the acting ability of fish. At the same time, it can also make early warnings of
water pollution, sudden pollution, or gradual deterioration of water quality.

(3) Gill movement-based methods [20]
The respiration of fish gills is related to pollutants in the water. Gomes et al. [20] analyzed the possibility of

abnormal gills movement of two different fish, the Geophagus brasiliensis and Astyanax bimaculatus, in
various reservoir water quality. When the pollutants in the water reach a particular concentration (such as
eutrophication), it will accelerate the gill respiration frequency of fish, and the fish Gill respiration is more
likely to lack regularity, showing the frequent abnormal movement of gills. According to the frequency of Gill’s
fish respiration, the purpose of water quality monitoring can be achieved. This method has more stringent
requirements for fish location and detection, gill location, and tracking in the water. Thus, it is often only
suitable for water quality monitoring in small ponds.

(4) Swimming avoidance behavior-based methods [21]
Regular swimming fish will show apparent escape behavior when they encounter water quality not

conducive to their living environment (such as a sudden leakage of toxic substances somewhere in the
reservoir). Therefore, if it is observed that fish always gather at a particular end within a period, it can judge
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the fish escape behavior, which means that the fish-free aggregation end of the water body to be tested may be
polluted. The corresponding countermeasures should be taken as soon as possible. This method has multiple
advantages through machine vision monitoring, e.g., simple algorithms with rapid processing speed, as long as
the aggregation degree of fish in each position in a period is analyzed. This method is usually more suitable for
monitoring water quality in large-scale reservoirs, rivers, and lakes.

(5) Weak electrical filed pulse-based methods [22]
The fish, such as gymniformes, generally emit weak electrical field pulses when swimming in the water.

The frequency and waveform of the weakly electric pulse emitted by the fish in standard water quality are
constant. However, once the water environment is polluted, the frequency or waveform of the weak electric
pulse will change. Therefore, the change in water quality can be detected through the movement behavior of
fish and the change, like the weak electric pulse of fish objects. It is evident that this method not only monitors
the activity behavior of fish through visual sensors but also needs to build a corresponding thyristor circuit to
detect the weak circuit pulse attributes emitted by fish. Hence, compared with the previous methods, the
installation of this monitoring system is a little more complicated.

The fundamental reason why fish activity behavior can be used for water quality monitoring is that when
the water quality is abnormal, the biological fish living in the water will have corresponding stress changes in
their activity behavior. When the water is highly polluted or when there is sudden chemical (toxic) pollution,
many fish will die, which can be used as a direct detection form of abnormal water quality [23–26]. Of course,
according to the different pollutants in the water, it is necessary to select specific fish species for water
pollution monitoring to obtain significant detection results.

Since fish have many species that can survive in a water environment with a certain level of water quality,
using fish as a biological “indicator” for water quality monitoring has a natural advantage. Fish activities will
vary due to environmental changes, which provide many scientific bases and suitable experimental materials
for water pollution monitoring based on fish activity behaviors. Moreover, the fish responds very acutely to
changes in the chemical composition of the water environment. Thus, choosing the activity behavior of fish as
the parameter for monitoring water pollution cannot only study the function of a single pollutant in water but
also reflect the toxicity of the mixture of multicomponent pollutants. These parameters can be used as a
comprehensive indicator to evaluate water pollution. Compared with the traditional physio-chemical sensor
analysis and monitoring method, the water quality monitoring methods based on the activity behavior
analysis of fish have the following advantages:

(1) It can effectively monitor the impact of water quality on biological activities, and it is one of the
most direct ways of comprehensively evaluating water quality.

Traditional physical and chemical monitoring methods can detect chemical components in effluent, but
sensors vary with components and reagents, posing a risk of secondary water pollution. The toxic effects of
interactions among different chemical components require further analysis. Deployed sensors may miss
detection of unknown toxic substances, posing potential dangers to safe water supply. Biological monitoring
methods compensate for these shortcomings. By intelligent analysis and identification of fish activities using
computer vision technologies, it can effectively evaluate the effects of various chemical components on
organisms and achieve OWQM.

(2) It has the merit of fast detection, easy to install, and low maintenance cost.
Through advanced intelligent monitoring techniques, especially computer vision-based monitoring tech-

niques, it can realize the all-weather uninterrupted monitoring of the water quality.
(3) It has a wide application range and can realize the early prediction of sudden pollution and severe

toxic pollution in water.
It can be widely applicable by deploying many visual sensors that can realize the water quality monitoring

of large reservoirs and rivers, small pools, water purification systems, chemical wastewater treatment sys-
tems, and other water treatment systems. In addition, it can realize the early prediction of sudden pollution
and severe toxic pollution of water by intelligently identifying fish activity behaviors in the water.

Considering the significance of fish activity behavior recognition-based OWQM in scientific research and
practical applications [27], we review the research and application progress of fish activity recognition
methods for water quality monitoring and early warning in water plants in recent years. Some key
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technologies involving fish object detection, localization, fish (group) tracking, fish activity behavior repre-
sentation, and abnormal behavior recognition are reviewed comprehensively, and their appropriate environ-
ment has been deeply analyzed and compared. In addition, we discuss and summarize the challenging issues
that need to be further studied and make an outlook on its future development trend.

2 Machine vision-based fish activity behavior recognition

2.1 Basic diagram of intelligent water quality monitoring

When the water quality is abnormal or the water body is polluted, the fish in the monitored water will react
and undergo a relatively noticeable change in behavior, such as life behavior, physiological activities, and
community behavior. Machine vision technologies, online monitoring, and even early warning of water
quality and pollution can be achieved.

The water treatment process mainly includes taking water from water sources (such as reservoirs),
salvaging floating materials (such as leaves), removing sediment by sedimentation, chlorination sterilization,
adsorption filtration by pharmaceutical addiction and other water purification process, and finally, the output
of clean tap water. To achieve comprehensive water quality monitoring, the water quality monitoring points
will be established generally in three crucial sites, i.e., each water source intake, the output of the chlorination
sterilization, and the output of the water purification process, which are also referred to as “ecological fish
pond” as shown in Figure 1.

The key technologies are fish activity behavior recognition-based water quality monitoring, fish detection,
fish (group) tracking, behavior feature extraction, abnormal behavior recognition, and early warning of
abnormal behavior of fish activities in ecological fish ponds. The primary process is shown in Figure 2.

Figure 1: “Ecological fish pond” water quality monitoring diagram.
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2.2 Machine vision-based fish object detection and tracking

2.2.1 Fish object representation

In machine vision-based dynamic object detection and tracking, a specific method should be first used to
characterize the tracking objects. The commonly used object characterization methods can be divided into
traditional and deep learning-based characterization methods.

Traditional object characterization methods mainly include shape-based methods and appearance-based
representations [28]. Commonly used target representation methods include point-based, empirical geometry
shape-based representation, and target contour or silhouette-based representation.

The point-based target representation method usually uses the tracking target’s center (mass) point or the
set of feature points on the tracking target to represent the target. This method is generally suitable for
tracking small targets. The empirical geometry shape-based methods usually use a simple geometric frame
(such as a rectangular or an elliptical frame) to represent the tracking target, which does not require complex
image segmentation or target extraction and has good results for rigid body target tracking. It can also track
non-rigid targets (whose deformation is not particularly significant) by considering various morphological
changes described by mathematical models, such as geometry, affine, and perspective.

The object contour or silhouette-based methods usually choose the contour, silhouette, edge contour
points, or skeleton to characterize the tracking objects. These methods have relatively high computational
complexity because of the need to obtain the object’s contour features. However, they have a better tracking
effect on nonrigid bodies that undergo complex deformation. The schematic diagram of the object shape-based
fish object characterization method is shown in Figure 3.

Another commonly used target representation method for tracking is the appearance-based representation
method [29]. The appearance-based target characterization methods are probability density target appearance-
based methods and template-based representation methods. Appearance-based characterization methods can
use parametric (e.g., Gaussian model, hybrid Gaussian model) or nonparametric methods (Parzen window,
histogram) [30] to characterize the appearance probability density of a target. The probability density of the

Figure 2: Fish activity behavior recognition process for water quality monitoring.
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appearance of a target in an image is generally characterized by calculating the probability density of the
appearance features (color [31], texture) of the internal regions of the target, which are usually described using
the contours of target or directly using the areas contained in rectangles and ellipses. Template-based target
representation is another appearance-based characterization method, which is simple and intuitive but only
applies to target-tracking scenarios where only small deformations occur.

The target shape and appearance characterization methods can be combined, resulting in better tracking
performance due to adequate target characterization, e.g., the active appearance model [32]. However, the
target representation method should be closely related to the object tracking algorithm under the application
scenario. For example, a point-based target representation method is effective when the tracking target is tiny.
A rectangular box or elliptical box-based representation method is a better choice when geometric shapes can
represent the target.

In fish target tracking, the appearance and shape of the fish target constantly change as the fish swim.
Object representation based on the object’s empirical geometry shape or integrating the shape and appearance
of the fish objects can be used to obtain accurate tracking results of the fish target by simultaneously updating
the geometry and appearance shape of the target. In addition, with the dramatic advances in artificial
intelligence and big data technologies, deep learning techniques are good at discovering the intricate under-
lying structures in high-dimensional data. They have been widely used in many scenarios. Unlike traditional
approaches that require domain expertise for feature representation, deep learning models represented by
convolutional neural networks (CNNs) can automatically learn feature representation from raw data. Figure 4
shows a deep learning-based fish target representation scheme.

Figure 3: Schematic diagram of different representations of fish objects. (a) center point representation; (b) multipoint representation;
(c) rectangular box representation; (d) elliptical representation; (e) revealed representation; (f) contour representation; (g) contour point
representation; and (h) skeleton representation.

Figure 4: Fish object feature representation based on convolution neural network.
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2.2.2 Fish object detection

Fish activity behavior recognition requires accurately detecting the corresponding fish target in image
sequences. In the early years, the effective detection of fish objects is also the basis for accurately tracking
fish targets. Motion target detection and tracking from dynamic image sequences is a fundamental research
topic in computer vision [33].

In machine vision-based ecological fish pond monitoring, fish target detection also means effectively
distinguishing and extracting the target of interest (fish target) from the background (water pattern) image
for feature extraction of the fish (motion) state. The target detection methods are classified into motion
information-based, target image segmentation-based, and classifier-based fish target detection.

The motion information-fused method performs fish (motion) target detection based on the changes in
local areas of the image caused by the motion of fish targets in the image sequence. Image segmentation
achieves target detection by performing image segmentation processing on each frame and effectively distin-
guishing foreground (tracking) targets in the image based on the segmentation results. While the third method
builds a fish target classifier by learning the fish features in the sample image, which can detect fish targets in a
single frame, the first method is powerless for fish targets that are not very active or dead. In contrast, the
second and third methods are equally effective. Therefore, in actual fish target detection, several methods can
be combined to detect effectively.

(1) Motion information-fused fish object detection
In the case of visual monitoring of “ecological fish ponds,” a stationary monitoring camera is generally

used so that the movement of fish targets typically causes the variation area in the adjacent frames. Therefore,
calculating the pixel difference between adjacent frames is an effective method for fish target detection. It can
be further subdivided into the pixel-frame difference methods, background subtraction methods, and optical
flow methods with their variants for fish target detection.

(a) Inter-frame differential method
The inter-frame differencing method is a method used to obtain the moving object contour by performing

differencing operations on successive frame images in a video image sequence [34]. Let ( )I x y, t be the pixel values
(possibly grayscale values or RGB color space values) of the pixel point ( )x y, in the t frame image andT represents
a pre-set threshold. The forward differential image ( ) +D x y, t 1 of the t frame image is described as follows:

( )
∥ ( ) ( ) ∥

= ⎧⎨
⎩

− ≥
+

+
x y

I x y I x y T

,
1, if , ,

0, others
t

t t

1

1 (1)

The inter-frame difference method is straightforward in principle, fast in the calculation, and convenient
in implementation. However, the limitation is that traditional inter-frame difference methods cannot detect a
complete object. It is insensitive to slow-moving objects. In [35,36], the authors proposed a cumulative frame
difference method, which obtained the region of moving targets by finding the part standard to the difference
between the front and back frames in consecutive multiple sequential images, avoiding the problem of target
motion (fish target) due to the situation that the target motion (fish target) cannot be detected due to its slow
speed. Compared with the traditional inter-frame difference method, the continuous frame difference method
can obtain better detection results with no increase in the computational effort [37].

(b) Background subtraction
Background subtraction is a method that uses the current image frame to subtract the image’s background

to obtain the moving targets. The key to this method is to be able to build the background model and achieve
dynamic updates. Commonly used background models include Gaussian mixed scale models (Gaussian mix-
ture mode (GMM)) [38], Vibe [39], CodeBook method [40], Sobs method [41], as well as multiframe averaging
methods, and so on.

For slowly changing backgrounds, a weighted average of historical images over time can be used directly
to approximate the background or a simple normal distribution can be used to characterize the change in pixel
grayscale by subtracting the most recent background image from the current image. The region of the
difference image that is larger than a certain threshold is caused by the motion of the active target.
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In fish target detection, a breeze, water fog, and so on will cause dynamic scenes such as ripples on the
water’s surface. Then, the background may behave as a multipeaked distribution, and it is difficult to use a
simple Gaussian distribution model to express the changes in such a dynamic background effectively.
Therefore, the GMM [38] is a more effective background modeling approach. That is, the image pixel distribu-
tion is described as multiple weighted Gaussian components to illustrate the probability of the pixel values on
the point ( )x y, in the t frame image, namely,

( ( ) ) ( ( ) )∑=
=

P I x y ω N I x y μ ζ, , ; , ,t

i

K

i t t i t i t

1

, , , (2)

where ( ( ) ∣ )η I x y μ ζ, ,t i t i t, , represents the i Gaussian component, μ
i t,

and ζi t, represents mean and covariance,
and ωi t, represents the weights of the i Gaussian component. For computational convenience, the covariance
ζi t, matrix is often used simply, =ζ σ Ii t i,

2 , which means that the individual color spaces of the pixels are
considered independent and have the same variance.

The most commonly used method for GMM parameter estimation is the expectation maximization (EM)
[42] algorithm. Since the EM algorithm needs to be executed for each pixel in the image, this imposes a
significant computational overhead on the background update. Therefore, researchers often use the online
K-means approximation (K-means approximation) method to update the GMM mixture model. Detailed spe-
cific steps are as follows:

For any pixel value ( )I x y, t of the t frame image, first, determine whether ( )I x y, t belongs to one of the
current K Gaussian components. The judgment rule is that the pixel value is within 2.5 times the standard
deviation of the corresponding Gaussian distribution. If there is no matching distribution, then the most
unlikely distribution (the least probable distribution) of the K components is replaced by a new Gaussian
distribution, and the mean value is the current pixel value and initializes a high variance and a low a priori
weight. Then, the weights of K Gaussian components are updated at the same time,

( ) ( )= − +−ω α ω α M1 ,i t i t i t, , 1 , (3)

where α is the so-called learning rate and Mi t, is 1 when the model matches and 0 otherwise. ∕α1 defines a time
constant that determines the background change, and ωi t, is the average result of the posterior probability of a
valid causal low-pass filter, that is, the posterior probability that a pixel-valued observation in the image
matches the i Gaussian component in time 1 to frame t. The mean and variance update rules are as follows: for
K Gaussian components, the mean and variance of Gaussian components without pixel-value matches remain
at their original values, and Gaussian components with new observation matches are updated using the
following formula,

( )= − +μ λ μ λI1
t t t (4)

( ) ( ) ( )= − + − −−σ λ σ λ I μ I μ1 ,t t t t

T

t t

2
1

2 (5)

where ( )=λ αN I μ σ; ,t i i is the learning factor of the adaptive current distribution.
After obtaining the mixture Gaussian model of the pixels in the image sequence, these Gaussian compo-

nents based on the background B in the image sequence should be the ones with the minimum variance and
the most obvious evidence (the greatest supporting evidence). In the literature [38], it performs background
acquisition by the following method.

∑⎜ ⎟=
⎛
⎝

>
⎞
⎠=

B ω Targmin ,t

b k

b

k t

1

, e
(6)

where Te is a predetermined threshold, representing the smallest component of the pixel that needs to be
considered as the background. K Gaussian components are sorted using the indicator ∕ω σ , and the smallest
number of them (satisfying the formula (6)) is selected to obtain the corresponding background. After
obtaining the corresponding background image, the background Bt is subtracted from the current image
frame It, and the region where the difference is greater than a certain threshold is the fish object region in
the current image.
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The Vibe method [43] is another background modeling method that has become more prevalent recently.
Unlike GMM, this method will take the neighborhood history pixels of a point in the image to create the
background model. A sample set is stored for each background point, and then each new pixel value is
compared with the sample set to detect whether it belongs to the background. The background updating
strategy mainly includes the memoryless update strategy, which randomly replaces one sample value of the
sample set of the pixel point with a new pixel value each time if it is determined that the background model of
the pixel point needs to be updated; the temporal sampling update strategy that updates the background
model according to a specific update rate; and the spatial neighborhood update strategy that randomly selects
a background model of the neighborhood of the pixel point and updates the background chosen model with
the new pixel point. This method reduces the background model-building process and can effectively deal with
sudden changes in the background. Still, it is easy to introduce artificial “ghosting” regions due to the possible
use of the pixel initialization sample set of moving objects.

(c) Optical flow method
The optical flow method is another relatively prevalent motion estimation method. This method uses the

optical flow equation to calculate the motion state vector for each pixel point. The optical flow field is the
projection of the moving object in the 3D velocity vector on the 2D imaging plane, representing the instanta-
neous change of the object displacement in the image based on the moving object in the image that is detected
[44]. Let the pixel point, ( )x y t, , in the image video (sequence), and after some time ( tΔ ), the pixel point
becomes ( )+ + +x x y y tΔ , Δ , Δt , and since the pixel value of the pixel point changes independently from
the position, ( ) ( )+ + + =I x x y y t t I x y tΔ , Δ , Δ , , , which is obtained by deriving for the time t:

∂
∂

+
∂
∂

+
∂
∂

=
I

x

V

I

x

V

I

t

0,x y
(7)

whereVx andVy represent the velocity of the pixel point in the x and y axes, respectively, which is the optical
flow of ( )I x y t, , .

However, the optical flow constraint equation described in equation (7) cannot determine the unique
optical flow because the number of variables is too large, so it is necessary to introduce constraints to obtain a
particular optical flow field. Commonly used constraints include the spatio-temporal gradient method, which
uses the spatio-temporal differentiation of the image sequence grayscale to calculate the visual flow field at
each pixel point on the image. This Horn-Schunck method assumes that the optical flow varies smoothly over
the entire image, and the Lucas-Kanade method takes a constant motion vector over a small spatial neighbor-
hood [45].

The velocity vector characteristics of each pixel point are obtained based on the motion vector field calculated
by the optical flow method. The dynamic characteristics of objects can be achieved. If no objects with relative
motion are occurring in the image sequence, the optical flow vector continuously changes throughout the image
area. When there is a target object with the relative movement (target and background) in the image sequence, the
velocity vector formed by the moving target object should be different from the velocity vector of the background,
and the moving object’s position can be calculated accordingly. However, although the optical flow method can
detect various moving objects, the method is computationally intensive, and the process is seriously affected by
illumination and ripples, which can quickly produce false detection objects.

Given the shortcomings of the traditional optical flow method, Li-chao et al. [46] proposed an improved
optical flow method. First, restrictions are added to the optical flow algorithm to make different constraints
used at other gradient points; then, the GMM is fused. Finally, the proposed fusion algorithm compares the
number of object frames and their overlap area to display the fused fish detection information in the sur-
veillance video. This method involves adding a constraint (parameter) to the optical flow calculation to use the
luminance constancy constraint at the points with a large gradient. The visual flow field consistency constraint
is used at the points with a slight gradient. Therefore, the binary weighting function can be defined as follows:

( ) =
⎧
⎨
⎩

+ >
δ x y

I I V

,

0,

1, Other

x y

2 2

(8)
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[( ) ( )]∬= + + + + + +S I u I v I λ u u v v x yd d ,x y t x y x y

2 2 2 2 2 (9)

whereV is a threshold, e.g.,V is usually set as 0.5. When the sum exceeds the threshold, the function value is 0;
in other cases, the function value is 1. After the restriction is incorporated into formula (9), we can obtain the
following equation:

[ ( ) ( ) ( )]∬= ⋅ + + + + + +S δ x y I u I v I λ u u v v x y, d d .x y t x y x y

2 2 2 2 2 (10)

Equation (10) is used to calculate the optical flow vector, where + + +u u v v
x y x y

2 2 2 2 can be replaced by
( ) ( )− + −k u u k v v¯ ¯i j i j i j i j, , , , , k is 3, and ūi j, and v̄i j, is a four-neighborhood mean value, on one hand, to facilitate

the calculation, and on the other hand, according to the spatial correlation of the image, it can ensure the
universality of the value taken. The specific calculation is shown in equation (11).

( )

( )

⎧

⎨
⎪

⎩⎪

= + + +

= + + +

− + − +

− + − +

u u u u u

v v v v v

1

4

1

4
.

i j i j i j i j i j

i j i j i j i j i j

, 1, 1, , 1 , 1

, 1, 1, , 1 , 1

(11)

(2) Image segmentation-based fish detection
The representative image segmentation-based object detection methods are mean shift clustering (MSC),

active contour (AC), and graph cut (GC)-based object segmentation methods.
The MSC is an effective nonparametric iterative clustering algorithm. By repeatedly iterating to search the

region with the densest sample points in the feature space, it does not need to assume the nature of the
distribution. It does not need to set the number of clusters in advance, so it has high iterative efficiency.
Comaniciu and Meer [47] extended this method to image feature space analysis and successfully applied it to
image segmentation, smoothing, non-rigid object tracking [48], and so on. The MSC-based image segmentation
algorithm is based on the color and spatial information of the image ([ ]l u v x y, , , , , [ ]l u v, , represents color
information and [ ]x y, represents coordinates). This algorithm randomly selects some clustering centers in the
picture. Then it moves these clustering centers to the center of pixels in the multidimensional hyperellipsoid
corresponding to the clustering center in the iterative procedure until the clustering center and the center
point of the hyperelliptic converge.

The AC [49] method uses a continuous closed curve to express the object edge. By setting a rectangular box
containing the object and the closed curve of energy functional evolution, when the energy reaches the
minimum, the curve falls right on the object contour. The general energy function related to the object profile
Γ is defined as follows:

( ) ( ) ( ) ( )∫= + +E E E E sv v vΓ d ,

0

1

int im ext
(12)

where s is the arc length of the curve corresponding to the object contour Γ, and Eint is the constraint
adjustment term, which usually includes the curve curvature item. The shortest object contour curve is found
by the first-order (∇v) or the second-order (∇ v

2 ) continuous term, Eim represents the apparent energy of the
object, which can be calculated by local energy or global energy. The local energy is often expressed in the
form of a gradient around the object contour. The global energy is calculated inside or outside the object area.
E ext stands for external energy. When the contour Γ is close to the edge of the object, the gray gradient of Γ will
increase, and the energy of formula (12) is minimum when the curve stops evolving, the curve adheres to the
edge of the object contour.

The traditional AC method is time-consuming. Thus, some researchers have proposed the leaky integrate-
and-fire (LIF) model [50]. The LIF model can segment the outline and texture of an object very well. The
traditional AC model uses the Gaussian function to fit the probability distribution of each Ωi pixel, which will
lead to tedious calculations. The LIF model uses a simple function approximation method to fit the probability
distribution, greatly reducing the amount of calculation. If ( )χ x

Ei

is expressed as a window function Wk , and
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the coefficient ai is taken as the mean value of the image onWk , any measurable function can be approximated
by a simple function as follows:

( ) ( )∑=
=

s x a χ x .n

i

n

i E

1

i

(13)

The GC method [51] considers image segmentation as a region segmentation problem of a graph. It regards
all the pixels in image I as the vertices of graph G. The edge weight of the graph is generally obtained by
calculating the similarity of color, texture, and brightness between vertices in the graph, and then the image
segmentation problem is actually to divide the vertex set in graph G into N disjoint subgraphs by edge
pruning. The trimmed edges between these subgraphs are called cuts. Region-based image segmentation
has become one of the research hotspots of automatic or semi-automatic image segmentation because of its
high efficiency and robustness. Given the uncertainty in the image region segmentation method of an ecolo-
gical fish pond, a region segmentation method based on the cloud model is proposed in the literature [51].
Firstly, the growth criterion in regional growth is determined based on cloud transformation. Then, the
reverse cloud algorithm is used to realize the transformation process of the segmented region from the
quantitative pixel set to the qualitative cloud concept. Finally, the adjacent areas are merged based on
the cloud synthesis algorithm, and the uncertain image segmentation based on region is realized [51].
Figure 5 shows the segmentation results of the fish image using three segmentation methods. Generally, these
methods have high computational complexity and are mainly oriented to single-target image segmentation.
The effect of these methods is not particularly ideal for scenes with multiple fish targets in the monitoring field
of vision. However, these methods can still detect fish targets whose motion features are not prominent.

(3) Classifier-based fish detection
In ecological fish pond monitoring, the fish object detection in fish image videos can be converted into a

two-class classification problem. This detection problem is similar to image segmentation, except that image
segmentation generally considers only a single frame (static) image to distinguish the foreground target of
interest from the background in a single frame [52].

Figure 5: Different methods for fish object segmentation. (a) Segmentation of fish objects by MSC, (b) AC fish object segmentation, and
(c) GC fish object segmentation.
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Generally, object detection based on classifier learning includes object feature preparation and classifier
establishment. Various classifiers can be used for classifier selection, including neural networks, support
vector machines, random forests, and discriminative analysis classifiers. Each of these classifier models has
its advantages and disadvantages, and it is difficult to determine what classifier should be selected to obtain
better generalization performance and minimal training overhead.

Adaboost classifiers based on ensemble learning were mainly used before 2012 for various object detection
applications, especially face detection, achieving extremely high detection performance. The basic idea is to
train multiple weak classifiers for the same training set, and then the collection of these weak classifiers can
form a final robust classifier [53].

Regarding feature selection, commonly used methods include color, texture, and contour. In earlier years,
adaboost-based object detection methods usually used simple Haar features [54,55]. Recently, compared with the
traditional manual feature method, deep learning-based approaches can avoid the tedious manual feature design
process and automatically learn deeper features withmore distinguishing power. In addition, the deep learning-based
approach unifies feature extraction and classifier teaching in a single framework to facilitate end-to-end learning.

Since 2012, deep learning technologies have rapidly progressed, and many classic deep learning models
have been proposed, as shown in Figure 6. This class of methods directly predicts a detection frame for each
object in an end-to-end way. Based on the aforementioned technologies, computing power, and data, object
detection has started to make significant progress in terms of accuracy and efficiency, with the emergence of
region-based convolutional neural network (R-CNN) (Girshick et al.) [56], SSD (single shot detector) (Liu et al.)
[57], YOLO (you only look once) (Redmon et al.) [58], and DETR (detection transformer) (Carion et al.) [59].

The YOLO (you only look once) series model is one of the representative’s works on single-stage target
detection methods. As shown in Figure 7, YOLO (Redmon et al.) [56] can directly divide the fish image into
subregions of ×N N size and predicts the probability, class, and position offset of the presence of objects in
each subregion. In YOLO, the input fish image is divided into an ×S S grid, and the network assigns each
object to the cell where the center of that object is located. A grid cell predicts multiple bounding boxes. Each
prediction array consists of five elements: the centers x and y of the bounding boxes, the dimensions w and h

of the boxes, and the confidence score (the probability that the box contains the object). YOLO is inspired by
the GoogLeNet model [60] of image classification, which uses a cascade module of smaller convolutional
networks. It is pre-trained on ImageNet data [61] until the model reaches a high accuracy and then modified
by adding randomly initialized convolutional and fully connected layers. Each grid cell predicts only one class
during training because it converges better. YOLO greatly surpasses contemporary single-stage real-time
models in terms of accuracy and speed, with processing speeds of up to 45 fps and even 155 fps for Fast
YOLO in smaller models. However, it also has significant drawbacks, mainly the poor localization accuracy for
small and dense objects and the limited number of objects predicted per cell. These problems have been solved
in the subsequent versions of YOLO.

Figure 6: Development process of visual object detection based on deep learning.
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YOLOv2 [62] is an improvement on YOLO, providing a simple balance between speed and accuracy, while
YOLOv2, also known as YOLO9000, can predict 9000 object classes in real time. YOLOv2 replaces the backbone
architecture of GoogLeNet with Darknet-19. It combines many impressive technologies, such as batch stan-
dardization (batch normalization) [63] to improve convergence, joint training of classification and detection
systems to increase the number of detection types (i.e., location training with object detection label data in
COCO, object classification with data in ImageNet). It removes the full connection layer to improve speed and
uses the anchor mechanism in Fast R-CNN [64] to provide a better prior frame and improve the recall rate.
YOLOv2 provides better flexibility in choosing models in terms of speed and precision, and the new archi-
tecture has fewer parameters, and it is “better, faster, and stronger.”

YOLOv3 [65] is an “incremental improvement” over previous versions of YOLO. Redmon and Farhadi [65]
replaced the feature extractor network with a more extensive Darknet-53 network. At the same time, it also
combines various technologies, such as data expansion, multiscale training, batch standardization, and so on.
A binary cross-entropy classifier replaces the Softmax of the classifier layer. Although YOLOv3 is faster than
YOLOv2, it lacks any breakthrough changes compared with its predecessor.

YOLOv4 [66] designed a fast and easy-to-train object detector that can work on existing simple equipment.
It uses a “free package,” that is, a method that only increases the training time without affecting the reasoning
time. YOLOv4 uses data enhancement technology, regularization method, class label smoothing, CIoUloss [67],
cross small batch normalized CmBN (cross mini-batch normalization), self-confrontation training, and other
techniques to improve training. The network also adds a method that only affects the reasoning time called
“special packet,” including Mish activation [68], cross-stage partially connected network CSPNet (Cross Stage
Partial Connections) [69], SPP-Block [70], PAN (path aggregation network) [71], path aggregation block, multi-
input weighted residual connection (MiWRC), and so on. It has an ImageNet pre-trained CSPNetDarknet-53
backbone, SPP and PAN block neck, and YOLOv3 as the detection head. Most existing detection algorithms
require multiple graphic processing units (GPUs) to train the model, but YOLOv4 can be easily trained on a
single GPU. It is twice as fast as an efficient detector with the same performance. YOLOv5 (https://github.com/
ultralytics/yolov5) provides four different sizes of object detectors to meet the needs of different applications.

SSD (single shot multibox detector) [57] is the first single-stage detector that can match the accuracy of two-
stage detectors (such as faster RCNN) while maintaining real-time speed. SSD is based on VGG-16, as shown in
Figure 8, with an auxiliary structure to improve performance. When the image features are not too rough, SSD
detects smaller objects early in the network, while the deeper layer is responsible for the default frame and
aspect ratio offset. During the training process, SSD matches each real box with the default box with the best

Figure 7: YOLO network model.
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Jaccard overlap and trains the network accordingly, similar to Multibox [72]. At the same time, hard, harmful
mining and massive data expansion are also used. Similar to DPM, it uses the weighted sum of localization and
confidence loss to train the model, and the final output is obtained by performing non-maximum suppression.
Although SSD is much faster and more accurate than state-of-the-art networks such as YOLO and R-CNN, it has
difficulties detecting small objects.

Carion et al. proposed a transformer-based detection method DETR [59], which uses a CNN to extract
features, and directly predicts the position and classification score of objects based on the transformer codec
network. Figure 9 shows the DETR transformer architecture diagram.

However, DETR has shortcomings such as slow convergence speed, the relatively poor performance of
small-scale object detection, and so on. Zhu et al. [73] proposed deformable DETR inspired by deformation
convolution to overcome them. Unlike the global-based attention mechanism adopted by DETR, deformable
DETR offers a deformable attention module based on local sparsity. Experimental results demonstrate that the
deformable DETR has faster convergence speed and better performance for small-scale object detection. The

Figure 8: SSD model.

Figure 9: DETR transformer architecture.
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deformable attention module used in deformable DETR is shown in Figure 10. Inspired by deformable con-
volution, the deformable attention module will only pay attention to a small number of crucial sampling points
near the reference point, regardless of the space size of the feature map. The problems of convergence and
feature space resolution are alleviated by allocating a few keys to each query. Given the input feature graph

�∈ × ×
x

C H W , Q is used as the index of a query element, and its feature representation is zq. The attention
feature of the two-dimensional reference point p

q
, the deformable attention, is calculated as follows:
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wherem is the index of attention head, k is the index of sampled keys, and K is the number of ( )≪K HW of all
sampled keys. pΔ

mqk
and AΔ mqk represent the sampling offset and attention weight of the k sampling point inm

attention head, respectively.
Studies have shown that DETR has poor performance in detecting small fish objects. The existing detectors

usually have multiscale features, and small objects are usually detected on high-resolution feature images, but
DETR does not use multiscale features. Hence, mainly high-resolution feature images will increase the unac-
ceptable computational complexity of DETR. To solve this problem, it can apply the deformable attention
module to multiscale feature maps. Let { } =x
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1 represent the input multiscale feature map, where �∈ × ×
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2 represents the normalized coordinates of the reference point of each query element Q. The multi-
scale Deformable attention module can be expressed as follows:
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Using deformable DETR to achieve fish object detection can improve computing speed. Compared with
traditional object detection, deformable DETR does not use NMS and CNNs but uses the idea based on a
transformer to learn the object’s position. deformable DETR uses a self-attention mechanism to learn the
offset of each position, that is, selecting some points zq in the fish image. At first, zq only cares about the
adjacent points. Through the deformable attention module, learn the offset to update the position of the zq

Figure 10: Deformable attention module.
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adjacent points, so that we can dynamically update the position of the fish object, and finally predict the
specific position of the fish.

In monitoring fish activity behavior in ecological fish ponds, fish activities are related to water quality and
belong to random activities in standard (nontoxic) water quality. Fish activity ability is low under toxic water
quality or severe pollution conditions and may even be close to death [196,197]. Therefore, to detect fish targets
effectively, it is often necessary to combine dynamic target detection methods and static fish target detection
methods based on classifier learning to meet the requirements of fish detection in various states.

2.2.3 Fish object tracking

The so-called object tracking estimates the trajectory of the moving object in the image plane. After the fish
detection, tracking the fish objects in the video frame by frame is necessary to analyze the fish activity
behavior. In fact, like object detection, object tracking is also a fundamental research topic in computer vision.
Nowadays, the boundary between object tracking and detection is not so obvious. For example, for a single
object, if the object’s position is detected in each frame, the object tracking is completed. Of course, for
multiobject tracking, in addition to detecting the corresponding object in each frame, the position of each
object should be confirmed in the subsequent sequence. Therefore, object tracking mainly includes object
detection, object model update, object searching and location association, and so on.

In the current research, the in-depth exploration of target-tracking algorithms for fish behavior recogni-
tion, particularly their learning processes, data acquisition methods, and data fusion strategies, has become a
significant topic. The adoption of supervised and semi-supervised learning approaches, through the deep
analysis and training of a large volume of annotated data, has proven to significantly enhance the accuracy
of predicting fish movement trajectories. This highlights the crucial role of high-quality datasets in algorithm
development. Simultaneously, the quality and diversity of data collection are vital for the performance of
algorithms. High-resolution and varied image data captured by underwater cameras under different environ-
mental conditions provide a rich training resource for the algorithms, strengthening the models’ general-
ization capabilities and adaptability. Moreover, data fusion technology has shown great potential in improving
the accuracy and reliability of fish behavior recognition systems. Integrating data from multiple sensors
provides a more comprehensive and in-depth understanding of fish behavior and its environmental context,
offering robust support for precisely identifying fish behavior.

According to the classification of object tracking methods by Ruize et al. [74], as shown in Figure 11, the
main techniques of single target tracking can be divided into methods based on correlation filtering (CF) and
twin network (Siamese network) framework. The CF target tracking algorithm was proposed in 2010. Because
of its good balance between tracking accuracy and algorithm speed, it has rapidly developed into one of the
mainstream object-tracking methods. Since 2014, in the mainstream object tracking challenge, i.e., visual object
tracking challenge (VOT), the CF target tracking algorithm has obvious advantages in the number and per-
formance of the competition. The target tracking algorithm based on the Siamese network appears later than
the CF method, and the pioneering work is the SiameseFC [75] algorithm, which appeared in 2016. Since then,

Figure 11: Object tracking method.
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the target tracking method based on a twin filter has developed rapidly and achieved significant advantages in
the algorithm performance.

(1) CF
The object tracking algorithm based on CF theory has made remarkable progress in the object tracking

task. It has obvious advantages in tracking accuracy and running speed, so it has been one of the mainstream
frameworks of video object tracking tasks in recent years. The application of CF in computer vision can be
traced back to the eighties of the 20th century. In 2010, the MOSSE algorithm [76] applied CF to video object
tracking for the first time and achieved excellent accuracy and ultra-high speed. The good performance of CF
theory in object tracking is mainly due to the following two reasons: (1) the CF object tracking method
implicitly uses cyclic translation operation to expand the training samples, thus greatly enriching the diversity
of training samples. The robustness and accuracy of the algorithm are improved. (2) Fast Fourier transform
(FFT) accelerates the calculation of complex convolution operations in the frequency domain, reduces the
amount of calculation, and increases the efficiency of model solving. The MOSSE filter is solved as follows:
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where the numerator is the convolution of the input image with the desired input image, while the denomi-
nator is the energy spectrum of the input image.

Due to the excellent accuracy and speed, the object tracking algorithm based on CF theory has developed,
and many related algorithms show promising results on the open dataset.

(2) Twin networks
A twin network (Siamese Network) [77] refers to two parallel networks with the same or similar structure.

The related algorithms based on twin networks have been applied to template matching, similarity measure-
ment, and other tasks as early as the 1990s. Because of its few parameters and fast running speed, the twin
network is applied to many different tasks. Twin network was first used in a video object tracking task in SINT
[78] and SiameseFC [75], published in 2016. For the first time, the algorithm transformed the object tracking
problem into a matching problem between a given template and a candidate image. The earliest SiameseFC
algorithm achieved high tracking accuracy, maintained an ultra-high algorithm speed (86 fps), and provided a
good foundation for the follow-up methods. Figure 12 shows the network structure of the SiameseFC algorithm,
where the upper branch z represents the object model image generated from the object region given in the
first frame of the video sequence, the input of the lower branch is the current frame search region, x

represents different object candidate images inside the search region, and z and x map the original image
to the feature space through the feature mapping operationφ of the system. The feature vectors with the same
channels are finally convolved by the ⁎ operation to obtain the response map, where the values at each

Figure 12: Fully convolutional twin network (SiameseFC) object tracking algorithm.
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position represent the similarity between different object candidate images and the object template image. The
most similar object candidate region is selected by taking the maximum value to complete the object localiza-
tion tracking.

( ) ( ) ( )= +f z x φ z φ x b, ⁎ , (17)

where ( )φ z is used as a convolution kernel, convolution is performed on ( )φ z , where the similarity is the
largest, then the natural response value is large, and the position of the target z in x can be obtained.

The network structure of SiameseFC contains only convolutional and pooling layers, so it is also a typical
fully convolutional Siamese Network.

After the SiameseFC algorithm was used for video object tracking, it attracted wide attention. It brought a
lot of research from related scholars due to its simple network structure and high algorithm speed, among
which the classical representative is the SiameseRPN [79] series algorithm. Siamese region proposal network
(RPN) algorithm is based on SiameseFC and incorporates the classical algorithm of object detector of Fast
R-CNN [64] which is based on the SiameseFC, including the idea of RPN, i.e., region candidate network to
extract object candidate frames. The loss function of Fast R-CNN is as follows:

( ) ( ) [ ] ( )= + ≥L p u t v L p u λ u L t v, , , , 1 , ,u u

cls loc (18)

where L is the multitask loss, u is the true number of categories, and v is the regression loss of the true
bounding box.

As shown in Figure 13, the RPN can generate candidate frames with different scales, thus mainly solving
the problem of severe object deformation in object tracking. DaSiamRPN [80] improves the model general-
ization ability by the training set data augmentation. Both the recent SPM [81] and C-RPN (CascadeRPN) [82]
algorithms are multistage extensions of the SiameseRPN, where SPM introduces the ideas of the classical object
detection method, Faster R-CNN [83], to the object tracking network. SiameseRPN++ [84] and SiamDWC [85]
focus on how to use a deeper backbone network in object tracking. SiameseRPN++ [84] improves the sample
sampling strategy in SiameseRPN, prevents the problem that positive samples are located in the center of the
image and affect object location, and shows good tracking accuracy and robustness on related data sets.
SiamDW [85] studied how to improve the robustness and accuracy of the twin network by using deeper
and wider convolution neural networks. The author has analyzed the reasons why the direct use of deeper
networks can not improve the performance of the algorithm: (1) increasing the perception of neurons will also
reduce the discrimination of features and the location accuracy of objects; (2) the filling operations in con-
volution network will cause location inaccuracies. To address the aforementioned problems, SiamDW pro-
posed a new residual module to eliminate the negative impact of the filling operation and further built a new
network structure to control the size of the receptive field and the network step size. The module is applied to

Figure 13: Region proposal network.

20  Pengfei Xu et al.



SiameseFC and SiameseRPN algorithms to obtain better tracking results and real-time running speed. On the
basis of the aforementioned two studies, we can see that the application of a deeper backbone network for
feature extraction in object tracking can further exert the effectiveness of the deep learning method in object
tracking.

RASNet [86] introduced the attention mechanism into the twin network-based object tracking problem
and proposed three models: general attention mechanism, residual attention mechanism, and channel
attention mechanism, in which the general attention model is used to train the typical characteristics
of different samples, the residual attention mechanism is used to capture individual features such as the
shape and appearance of the object, and the channel attention mechanism is used to model the differences of
feature channels. To select more effective features, SiameAttn [87] proposed a deformable twin attention
network SiamAttn (Deformable Siamese Attention Networks), which improves the feature learning ability
of twin network trackers. As shown in Figure 14, SiameAttn includes two parts: the deformable self-attention
mechanism and the mutual attention mechanism. The self-attention mechanism can learn powerful context
information through spatial attention and channel attention and selectively enhance the interdependence
between channel features; the mutual attention mechanism can effectively aggregate and communicate
rich information between templates and search areas. This attention mechanism provides an adaptive
template feature implicit update method for the tracker. In [88], a pixel-guided spatial attention module
and a channel-guided channel attention module are proposed to highlight the corner area for corner detection,
and the attraction of the attention mechanism module improves the accuracy of corner detection. As a result,
the accuracy of object location and rectangle detection is improved. The loss function for SiamAttn is as
follows:

= + + +- - - -L L λ L λ L λ L ,rpn cls 1 rpn reg 2 refine box 3 refine mask (19)

where -L rpn cls and -L rpn reg correspond to the anchor classification loss and regression loss of the Siamese RPN
stage, respectively. The latter two terms correspond to the prediction loss for the bounding box and mask in
the region correction stage, respectively.

The aforementioned methods mainly focus on single-object tracking. In most twin network trackers in the
past, their object template features are not updated in the tracking process, and the features of the object and
the search area are independent in the calculation process. SiamAttn [89] is a better solution. It is a method to
update template features adaptively and implicitly. At the same time, a region correction module is designed to
modify the prediction results and finally get more accurate tracking results. There are generally multiple fish

Figure 14: Deformable Siamese attention.
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objects in the “ecological fish pond.” Therefore, to achieve water quality monitoring, tracking and analyzing
the activity behavior of multifish objects (schools of fish) in “ecological fish ponds” are often necessary.

A very important problem in multiobject tracking (MOT) [90] is realizing the effective association of
different objects in adjacent frames. For example, in Kalman filter and particle filter tracking, it is necessary
to determine the state of each object in adjacent frames. That is, the corresponding object correlation analysis
is needed before these filters are applied. A simple method is to use the nearest neighbor method to realize the
correlation of particles corresponding to different objects, but if the distance between different objects is
relatively close, it is also easy to cause association failure so that the particle filter can not converge in time,
resulting in tracking failure. MOT algorithms can be divided into two categories: filter-based and deep learning
based. Recently, with the development of deep learning, the efficiency of MOT in practical applications has
been dramatically improved. Deep learning-based MOT models include the network model of joint detection
and tracking (JDT) and the network model based on graph convolution neural networks.

In a traditional tracking method, the detection and tracking are carried out separately, and only the
number of high levels is combined in establishing a tracking relationship, which will lose the appearance
information of the image. Thus, a feature extractor with a large amount of computation is needed. JDT [91]
integrate some functional modules to a certain extent based on monitoring and tracking, reducing the algo-
rithm’s complexity, and increasing the coupling between functional modules. The function lies in (1) joint
object detection and association learning, integrating tracking into the process of object detection, and taking
the tracking results of the previous frame as input, it is more helpful to deal with occlusion and interruption;
(2) using depth features to strengthen multiobject tracking, depth features instead of traditional manual
features, and (3) fusion of single-object tracking algorithm.

To simplify the algorithm and improve the tracking performance, Peng et al. [92] proposed a unified
frame, i.e., integrating object detection, feature extraction, and data association into an end-to-end model. The
online tracking method chain tracker (CTracker) takes adjacent frame pairs as input and performs JDT in a
single regression model. The regression model simultaneously regresses the paired bounding boxes of objects
that appear in two adjacent frames. Through multitask learning, single-object tracking and metric learning are
integrated into a unified triple network, improving the computational efficiency, reducing the memory
requirement, and simplifying the training process.

As shown in Figure 15, the CTracker network structure mainly refers to Resnet50 [93] and FPN [94] to
construct five scale-level multiscale feature representations, and the CTracker network structure represents
them as { }P P P P P, , , ,2 3 4 5 6 . With regards to the MOT of multiple fish objects in the water environment, in the
past, it adopts a framework of the first detection and then tracking, usually including three modules: object
detection, feature extraction, and object correlation. Because the three modules are independent, there are
some problems in fish object tracking, such as high time overhead and the inability to carry out global

Figure 15: CTracker overall network structure.
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optimization. By CTracker, the three modules can be perfectly integrated into one network, which dramati-
cally improves the accuracy and reduces the tracking time.

In the literature [95], a graph neural network is introduced, and a joint feature extractor is proposed to
learn appearance and motion features simultaneously from 2D and 3D space. At the same time, a new feature
interaction mechanism is proposed. The features of each object are not obtained independently to solve the
problem that the features of similar objects are easy to confuse in data association. Figure 16 shows that the
previous work used a 2D or 3D feature extractor to obtain features independently from each object. Figure 17
shows a joint 2D and 3D feature extraction mechanism and feature interaction mechanism proposed in the
literature [95] to improve differentiated feature learning for data association in MOT.

He et al. [96] pointed out that most graph-based optimization methods use separate neural networks to
extract features, which leads to the inconsistency of training and reasoning. Therefore, a new learnable graph
matching method GMTracker is proposed for multiobject tracking. The relationship between Tracklet and
intra-detection is modeled as a general undirected graph, and then the association problem is transformed into
a general graph matching problem between the trajectory graph and detection graph.

2.3 Identification of fish activity behaviors

2.3.1 Extraction of behavioral characteristics of fish activities

Under the stimulation of environmental change, the change in fish behavior shows a certain regularity, which
can be described by the ecological stage pressure model, namely, the stepwise stress model (SSM) [97]. When
the water environment changes, especially when the pollutant concentration changes, the change in fish
activity behavior is affected by time and pollutant concentration and generally go through four stages: no
effect, regulation, adaptation, and toxic effect [98]. The phased characteristics of fish behavior changes are the
basis of biological water quality monitoring.

The visual characteristics of fish (activity behavior) involved in fish behavior recognition can be divided
into single-objective behavior characteristics, multi-objective behavior characteristics, and group object beha-
vior characteristics according to the number of fish objects monitored. The characteristics of single fish object
behavior include conventional motion indicators, such as fish object coordinates, swimming speed, angle,
acceleration, fish trajectory, the curvature of trajectory curve, overall activity, and so on, and some special,
abnormal motion behaviors, i.e., tail swing frequency, balance ability, steering, reverse swimming, belly
turning, jumping, rest, sinking, and even death. The object behavior characteristics of multi-fish also include
the routine movement index of fish and the special, abnormal behavior index of fish, but the object behavior
characteristics of multi-fish record the related behavior characteristics of multiple fish objects. The

Figure 16: Uses a 2D or 3D feature extractor.
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characteristics of fish shoal object behavior can be divided into fish shoal routine characteristic data and fish
shoal social behavior. The conventional characteristic data of fish shoals include the change of the center of
gravity of fish shoal, the distribution of fish shoal, the area occupied by fish shoal (marking the degree of
dispersion and concentration of fish shoal), and the social behavior of fish shoal, including fish clustering,
rear-end collision, aggressive behavior, feeding behavior, and so on.

The feature extraction method based on deep learning automatically learns trainable features from input
video data. According to the different designs of neural network structure, the feature extraction algorithms
based on deep learning can be divided into feature extraction based on a double-flow convolution network,
feature extraction based on a multi-flow convolution network, feature extraction based on a 3D convolution
network, and feature extraction based on long-term memory network.

The double-stream model uses two convolution networks to model temporal information and spatial
information respectively, alleviating the lack of dynamic features faced by the single-stream recognition
network based on RGB data to some extent, but the dynamic features represented by an optical flow can
only represent part of the time information, and it is an urgent problem to extract optical flow from video
accurately and effectively. Although the motion recognition method based on a multistream convolution
network can effectively capture the spatial features of the image and more comprehensively compensate
for the lack of time information in a single video frame, the more types of input modes mean the more
parameters needed to be trained in the depth model, which greatly reduces the effectiveness of the model. In
addition, the increase in input patterns also means higher requirements for the design of feature fusion
modules, which increases the complexity of multistream models.

The general method of feature extraction algorithm based on a 3D convolution network involves taking a small
number of continuous video frames stacked spatio-temporal cube as model input and then adaptively learning the
spatio-temporal representation of video information through hierarchical training mechanism under the super-
vision of a given action category label. The 3D convolution network captures differentiated video features from
video data directly in both spatio-temporal dimensions, and there is no need to design a spatio-temporal feature
fusion module that can effectively deal with the fusion of short-term spatio-temporal information.

To capture the action information over a long period, Varol et al. [99] designed a neural network with long-
term temporal convolution (LTC) to obtain longer time features by convolution of more video frames at the
same time, but the number of parameters is huge, so it is very difficult to train. A timeception module is
proposed in [100]. As shown in Figure 18, the temporal-only convolution kernel ( × × ×T 1 1 1) is constructed
by deep separable convolution. The video is modeled for long time series by stacking multiple timeception
modules. Still, this module chooses to exchange timing information at the expense of spatial information,
which may lead to the compression or even loss of context semantic information in the process of long-term
timing modeling. The model based on long short-term memory (LSTM) network specifically refers to adding
LSTM or corresponding variant structure to the end of CNN. Thanks to its strong sequence modeling ability,
this method has gradually become a research hotspot in the field of action recognition.

(1) Double-stream convolution networks
RGB data have rich appearance information, which can directly show the shape of fish and the appear-

ance of objects. It compensates for the lack of apparent features in traditional methods and has been widely

Figure 17: Joint 2D and 3D feature extractor and feature interaction mechanism.
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used in motion recognition. However, only using a single video frame as model input can represent the spatial
information of a single time node. To mine the time information of the video stream, Karpathy et al. [101]
proposed three methods, i.e., methods based on late fusion, early fusion, and slow fusion of RGB video frame.
However, the recognition effect is still far from that of the traditional manual feature model. To address the
problem that the lack of dynamic feature information limits the recognition performance of the RGB single-
mode input model, the research has gradually entered into the exploration of the multimode input structure.
Sanchez-Riera et al. [102] took both RGB and RGB-D as model inputs and discussed the impact of different data
type fusion methods on the performance of the classifier. Zhu et al. [103] combined RGB and depth data for the
segmentation and recognition of continuous gestures. In human activity recognition, since the bone informa-
tion can be estimated quickly and accurately by RGB-D data, some researchers combined the RGB-D with
human bone information to represent actionv [104], but RGB-D data collection is complicated, having addi-
tional noise information that interferes with the recognition effect.

The combination of optical flow information and RGB data is the most widely used dual-stream input
mode. Goodale and Milner [105] proposed a well-known dual-stream assumption that visual information can
be processed into two paths: a ventral stream for shape perception and a dorsal stream for motion perception.
Derived from this clue, Simonyan and Zisserman [106] first applied the two-stream approach to the field of
action recognition by dividing the video information into two parts: spatial information and temporal infor-
mation. The basic idea is first to compute the dense optical flow between adjacent video frames and then to
input the RGB video frames and optical flow features into the two-stream structure separately. The prediction
accuracy exceeds that of traditional action recognition methods, verifying that the effect of temporal informa-
tion is compensated by the optical flow signal and demonstrating the possibility of adopting a deep learning
feature extraction method instead of traditional hand-designed features.

To make a better fusion of the two-way features of the dual-stream network, Feichtenhofer et al. [107]
adopted the residual connectivity to establish an information connection between the spatiotemporal con-
volutional streams to facilitate their information interaction. In addition, some researchers [108] constructed
temporal segment networks (TSN) based on the idea of remote temporal structure modeling and proposed a
sparse sampling strategy to sparsely sample a series of video clips from a given video. Unlike the original dual-
stream network structure, they use two input modes of the RGB data and the optical flow information as the
input of different network streams, respectively.

To capture long-time dynamic information, some researchers [109] combine a dual-stream network with
an LSTM network to capture the spatiotemporal global information. Xue [110] utilize a segmented sampling
strategy for sampling and construct a spatiotemporal heterogeneous dual-stream network to achieve long-
term temporal modeling. Miao [111] combined TSN networks with a temporal pyramidal pooling approach
to model the dependencies between long-range video frames by constructing multiscale temporal features.

Figure 18: Timeception layer. (a) Timeception layer and (b) temporal conv module.
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Zhi-qiang [112] built a deep residual LSTM network and combined it with a dual-stream network to extract
global information. Unlike the traditional spatiotemporal dual-stream network that uses parallel arrangement,
Biao [113] utilized serial connections in combination with the spatiotemporal stream network to save hard-
ware resources. To avoid manual computation of optical flow features, Dosovitskiy et al. [114] proposed a
multitask learning model, ActionFlowNet, which trained two convolutional flow networks separately from the
original pixel points to perform action recognition while the model automatically estimates optical flow
values. The model is trained on a dataset labeled with real optical flow values so that it adaptively learns
optical flow information between consecutive video frames, thus reducing the computational effort while
extracting motion information.

(2) Multi-stream convolution networks
To improve the model description ability, some researchers enrich the input patterns of the model and

extend the two-flow network model to a three-stream network or even a multistream network. Different input
patterns are processed separately and then fused. It is used for the subsequent classification and identification
to obtain more discriminative fish action characterization.

Goodale and Milner [105] proposed a warped optical flow as an additional input mode based on optical
flow and RGB input mode, and these three modes were inputs to the TSN network separately to explore the
effect of multiple input modes on the discriminative power of the model. Wang and Deng [115] mapped
the skeleton sequence features into RGB image features according to different orientations. They used them
as the input of the three-flow network to achieve the information interaction between multiple features. Wang
and Deng [116] proposed a three-stream convolutional network with the stacked motion stacked difference
image (MSDI) on top of the optical stream and RGB data to constitute a three-mode input. The MSDI builds
temporal features used to characterize the global action by fusing each local action feature to separate the
three data forms feature learning through a CNN with the same setup (i.e., a sequential stack of five convolu-
tional layers with two fully connected layers) to capture spatial epistemic information, local temporal features,
and global temporal representation.

Bilen et al. [117] proposed the concept of dynamic images to encode RGB images and optical flow informa-
tion using sequential pooling and approximate sequential pooling, which were trained to obtain RGB dynamic
image flow network and dynamic optical flow network combined with the original RGB network and optical
flow network to form a four-stream network structure. Wen-han [118] combined the advantages of multiple
feature types to enhance model recognition using a multimodal input form of RGB data, optical flow, and depth
information. To improve the learning ability of the model with limited training samples, Chenarlogh and
Razzazi [119] extracted the optical flow and gradient information of the original video frames in both hor-
izontal and vertical directions and fed them into the multistream convolutional network channel separately to
increase the number of training samples.

Apart from the literature mentioned earlier, which uses the same design of convolutional flow approach
for different input modes, Gu et al. [120] input the depth MHI and skeleton data into ResNet101 and ST-GCN,1
respectively, to extract the corresponding global motion and local motion information and combines RGB
images to form a tri-modal input, considering the dependency between object and action. Sun et al. [121]
defined the optical flow guided feature (OFF) from the feature-level optical flow orthogonal space by directly
calculating the spatio-temporal gradient of the depth feature map by three sub-networks: feature generation
sub-network, OFF sub-network, and classification sub-network.

(3) 3D convolutional networks
(1) Standard 3D convolution network models
Ji et al. [122] extend the two-dimensional convolutional networks to three-dimensional space while

extracting video features from spatiotemporal dimensions. On this basis, various 3DCNN variations have
been proposed, such as C3D [123], I3D [124], Res3D [125], and so on. Thanks to the development of GPU,
3DCNN-based methods have gradually become the mainstream method in video action recognition. Hai-
yang et al. [126] used multiview learning to extract multiple local shape descriptors. Then they combined
them with 3DCNN to fuse multiple view descriptors to improve the description ability of classification features.
Ming-li [127] added a buffer before the C3D network, enabling the model to perform real-time classification
prediction while the video stream is being input. To present these methods more precisely, we have introduced
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mathematical formulas to describe the working principles of 3D CNNs. Specifically, a 3D CNN model can be
represented as ( )f x W b; , , where x is the input video frame, and W and b, respectively, represent the net-
work’s weights and biases. The convolutional layer extracts features through +W x b⁎ , where ⁎ denotes the
convolution operation. In this way, we can understand in more detail how 3D CNNs capture behavioral
features across temporal and spatial dimensions, thereby enhancing the accuracy of fish behavior classifica-
tion. It is calculated as follows:

( ) ( )( ) ( )( )∑= + = +
=

s i j X W i j b X W i j b, * , ⁎ , ,
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n n

k k

1
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(20)

where ni is the number of input matrices, Xk represents the k input matrix, and Wk represents the k sub-
convolution kernel matrix of the convolution kernel. ( )s i j, is the value of the corresponding position element
of the output matrix corresponding to the convolution kernel W .

Aiming at solving the problem that the shallow layers of the C3D network are not conducive to learning
the depth characteristics, some researchers [128] combined the idea of residual error with the deep C3D
network and introduced short-circuit connection into it, thus avoiding the defect that the deep C3D network
that will lead to the degradation of its learning ability. However, compared with 2DCNN, the parameters of
3DCNN are doubled, which makes training its corresponding model on small datasets easy to lead to an over-
fitting effect. Therefore, Yang et al. [129] applied the dense connection method to 3DCNN and combined the
spatial pyramid pooling method to reduce the difficulty of model training. In addition, researchers use the
transfer learning method to fine-tune small datasets after pre-training the model with large public data sets.

Inspired by the fact that 2DCNNs greatly facilitate the acquisition of generic feature representations after
pre-training on the ImageNet [61] dataset, Hara et al. [130] investigated whether the huge number of para-
meters of 3DCNNs causes overfitting problems during training. For the first time, they proposed to train
multiple models of 3DCNNs from scratch on the kinetics [131] dataset (ResNet [93], Preactivation ResNet
[132], Wide ResNet [133], ResNeXt [134], and DenseNet [135]) and investigated the deep structure that can be
trained on this dataset without causing overfitting by the network structure from shallow (18 layers) to deep
(200 layers). The upper limit of the number of layers demonstrated that training a deep 3DCNN using the
kinetics dataset would retrace the successful history of 2DCNN and ImageNet. Pretraining mitigates the overfitting
effect of commonly used small datasets and is an effective way to initialize and accelerate the convergence of the
model. However, pretraining operations on large video datasets require expensive time costs. Hence, Huang et al.
[136] utilized a 2DCNN model after pretraining on the image dataset ImageNet to construct a 3DCNN, which
reconstructs 3D filters by stacking 2D convolution kernels of the same size along the time dimension and mimics
the 2D convolution on the video stream by performing simultaneous 2D convolution on the frame sequence. The 3D
convolution operation avoids the tedious pretraining process in large video datasets. However, video data contains
a lot of useless information, and treating all features equally would lead to a large number of unnecessary features
in the feature extraction process.

Thompson and Parasuraman [137] show that humans ignore the entire content when observing their
surroundings but focus their attention on the salient regions of the environment. Inspired by this, some
scholars have introduced the attention mechanism in feature extraction to help the model allocate more
attention resources to the object regions during feature learning, suppressing redundant information and
quickly filtering out critical information in complex video content. For instance, Woo et al. [138] proposed a
convolutional block attention module (CBAM), which constructed a hierarchical dual attention mechanism
based on a two-dimensional residual network structure that adds channel attention and spatial attention to
each residual block sequentially. However, this network structure ignores the temporal information, which is
crucial to the action recognition task. The overall formula is as follows:
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The two formulas are channel attention and spatial attention operations. Here, ⊗ represents element-wise
multiplication, that is, the multiplication of corresponding elements.
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Cai and Hu [139] extend the two-dimensional residual attention structure to three-dimensional space and
propose a 3D residual attention network (3DRANs) that sequentially infers the channel attention mapping
and spatial attention mapping of the extracted features in each 3D residual block according to the channel and
spatial attention mechanism submodules. Thus, the middle layer convolutional features can sequentially learn
key cues in the channel and spatial domains. Liu et al. [140] constructed a dual-stream residual spatial-
temporal attention network (R-STAN) based on residual networks, which branches from a stack of integrated
spatio-temporal attentional residual blocks (R-STAB), giving R-STAN the ability to generate attentional features
along the temporal and spatial dimensions with different discriminative power, which dramatically reduces
redundant information.

Li et al. [141] proposed a spatio-temporal deformable 3D ConvNets with attention (STDA) module with an
attention mechanism to overcome the small perceptual field of the × ×3 3 3 convolution kernel in the spatio-
temporal domain that does not take into account the global information in the whole feature map and the whole
frame sequence. It simultaneously performs inter-frame deformation operations and intra-frame deformation
operations along the spatio-temporal dimension and autonomously learns the offsets in the spatio-temporal
dimension to adaptively fit the immediate complex actions occurring in the video, thus producing a more
discriminative video representation that compensates for the global information deficit problem and better
captures long-term dependencies in the spatio-temporal domain and irregular motion information in the video.

Models based on the standard 3D convolutional structure have inherent advantages in extracting local
Spatiotemporal fusion features due to their inherent structure, but at the same time, there are many limita-
tions. For instance, the number of model parameters required to train the model based on the standard 3D
convolutional structure is huge, which increases the computational complexity and storage of the model and is
not conducive to the iterative optimization of the model, making it difficult for the model to converge to the
optimal solution quickly.

(2) Variant 3D convolutional structure
The aim is to reduce the training parameters of the model, improve the computational speed, and reduce

memory consumption. Various structural deformations based on standard 3D convolutional networks have
been proposed. In an early related study, researchers approximated a common 3D convolutional layer with a
convolutional kernel size of × ×3 3 3 as three cascaded convolutional layers with their filter sizes of × ×1 3 1,
× ×1 1 3, and × ×3 1 1, respectively, to improve the effectiveness of the model [122], but this approach is

equivalent to deepening the model by a factor of three, which leads to difficulty in training the model. To solve
the aforementioned problem, an asymmetric 3D convolution was proposed in the literature [142] to approx-
imate the traditional 3D convolution and improve the computational complexity of the traditional 3DCNN by
approximating two layers of convolution kernel size × ×3 3 3 convolution layers into one layer of asymmetric
3D convolution layers with convolution kernel size × ×1 5 1, × ×1 1 5 with × ×3 1 1, and then stacking several
different micro meshes to construct an asymmetric. The 3D convolutional deep model improves the feature
learning capability of the asymmetric 3D convolutional layer without increasing the computational cost.

In addition, factorized spatio-temporal conventional networks [143] (FstCN) with pseudo-3D networks
[144] (P3D) have also been proposed to alleviate the computational complexity of 3D convolutional networks.
A spatio-temporal decomposition method based on 3D residual networks was presented in the literature [145],
which decoupled the standard 3D convolutional operation into cascaded 2D spatial convolution and 1D
temporal convolution, achieving good results with a more compact structure. Subsequently, a channel-sepa-
rated conventional network (CSN) based on grouped convolution from a new perspective of channel separa-
tion was proposed, decomposing the standard 3D convolution into a channel interaction layer (filter size of
× ×1 1 1) and a local spatio-temporal information interaction layer (filter size of × ×3 3 3). The former

enhances the information exchange between different channels by reducing or increasing the channel dimen-
sion, while the latter utilizes the idea of depth-separable convolution, which discards the information transfer
between channels and focuses on the interaction between local spatio-temporal information, hence reducing
the computational effort of the model [146]. Each residual of P3D can be calculated by the following formula:

( ) ( )+ ⋅ = + ⋅ ≔ + = +I F x x F x x F x x ,t t t t t t 1 (22)

where ⋅F xt represents the result of executing the residual function F on xt.
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Ji-yuan [147] connect two-dimensional spatial convolutional kernels with one-dimensional temporal con-
volutional kernels in three different ways and then construct pseudo-3D residual networks by concatenating
the three networks to reduce the model training difficulty. Li-jun [148] proposed a Fake-3D module using
tensor low-rank decomposition theory. The C3D network was selected as its base architecture and combined
with the idea of residual connectivity to reduce the parameter size of the C3D model and improve the
recognition performance. Xie et al. [149] demonstrated the performance gain of I3D over I2D while questioning
the redundancy of the full 3D convolutional module and then proposed a lightweight model S3D-G that uses
2DCNN to extract spatial features in the underlying network and constructs separated 3D spatio-temporal
convolutions using depth-separable convolutions in the top-level 3DCNN module. However, the aforemen-
tioned model is limited by the temporal dimension of the input data, which can only characterize local spatio-
temporal information.

The computational complexity and memory consumption limit the length of the input video data.
Therefore, the feature extraction model based on the 3D convolutional network can only characterize the
action in the short-term time range, and it is not easy to handle the video data information for an extended
period, thus affecting the model performance. Whether the long-term spatio-temporal sequence information
can be adequately analyzed is critical to improve the accuracy of video action classification.

(4) LSTM network
(1) Standard LSTM model
The introduction of LSTM liberates the input length and better captures the dependencies between long-

term video data. Yue-Hei Ng et al. [150] used the features of each video frame by a CNN. Then the features of
the CNN are fed into the LSTM sequentially in the temporal order in the video to obtain temporal correlation
features to compensate for the temporal dynamics lacked by the CNN. In addition to exploring the correlation
between video frames, LSTM can also be used to model the semantic relationships between different video
clips. LSTM is introduced on the I3D model that has been pre-trained on the kinetics dataset, where the I3D
network is used to extract the local spatio-temporal features of the input video clips at different moments and
model the temporal dependencies between different clips to achieve advanced temporal features with local
spatio-temporal fusion features.

Analogous to the aforementioned approach, Zhang et al. [151] feed both video frames and optical streams
into a 3DCNN network with a feature fusion module to obtain fusion features of both modes and finally use a
deep LSTM to model the sequential fusion features temporally to emphasize the ability of the model to
characterize coherent actions. Ouyang et al. [152] introduced multitask learning based on 3DCNN with
LSTM networks to model the temporal relationships between video frames while emphasizing the rich
information in the relevant tasks. To solve the overfitting problem caused by deepening the number of layers
in the LSTM network, Yu et al. [153] introduced residual connections in the recurrent network to construct a
pseudo-recursive residual neural network for extracting Spatiotemporal features. The various gates of LSTM
are calculated as follows:
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h h are the weight parameters and �∈ ×
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h1 is the bias
parameter.

LSTM can be used as an encoding-decoding network in addition to time series modeling. A motion map
network based on 3DCNN is proposed in the literature [154], where the motion information contained in the whole
video is integrated into the motion map by iterative means, and then the LSTM encoding network encodes the
extracted feature map into the corresponding hidden activation form and then reconstructs the approximate
output through the decoding network in the input layer to explore the hidden patterns among the video sequences.

Despite its powerful sequence modeling capability, LSTM still suffers from various shortcomings. The
standard LSTM only considers sequence information in a single direction and uses vectorized one-dimensional
data as model input, which is prone to the problem of loss of crucial information. Thus the combination of
variant CNN and LSTM structures has also started to be favored by researchers.
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(2) Variant LSTM variant structure
The one-way LSTM considers only past sequence information to classify and recognize actions with high

similarity (e.g., running vs triple jump). Researchers have used Bi-LSTM networks to model temporal informa-
tion [155,156]. The bi-directional LSTM consists of two standard LSTM networks stacked in different directions
with two pathways, forward and backward. The features extracted by the convolutional network are fed into
the subsequent deep Bi-LSTM network for dependency exploration, which can help the model effectively
extract contextual semantic information about the past and future of the action occurrence and thus distin-
guish similar movements more effectively. Khaled et al. [157] combine a dual-stream 3DCNN network with a
bidirectional LSTM to model long-term dependencies in both the front and back directions of the video stream.
However, vectorizing the convolutional layer features and feeding them directly into the LSTM can disrupt the
inherent spatial location correlation between feature planes, thus interfering with the recognition effect.

To preserve the spatial topology of the feature maps, Zhu et al. [103] combine 3DCNN and ConvLSTM and feed
the 2D features captured by these two networks into 2DCNN for learning deeper features to achieve action
recognition of arbitrarily long video sequences. Jin et al. [158] combined multilayer dense bidirectional ConvLSTM
after generating feature maps of corresponding sampled frames with rich spatio-temporal information, which are
then fed into the 3DDenseNet network together with the original sampled frames, preserving the spatial topology
of the convolutional layer feature plane while considering the correlation of different video clips.

Wang et al. [159] designed a lightweight architecture that only uses RGB image data. By using ConvLSTM
and FC-LSTM to model the time series information in different visual perception layers, it is beneficial to
integrate local spatial details and global semantic features and enhance the comprehensive representation
ability of the model. However, the ConvLSTM structure uses its internal convolution structure to explicitly
code the relationship between the input space position and the long-term time dependence in the input state
and state-to-state transition, and its parameters are large. Hence, it is difficult to get sufficient training on small
data sets, which is prone to lead to over-fitting of the model.

To address the aforementioned issues, a deep self-coding network combining 3DCNN and ConvGRU
structures is proposed in the literature [160] for learning spatio-temporal dimensional features of videos
with comparable performance to ConvLSTM, but it has fewer parameters and is easier to train. Zhu et al.
[161] replace the traditional convolutional structure in ConvLSTM with the help of computational decomposi-
tion as well as the idea of sparse connectivity to obtain redundancy analysis using deep separable convolution,
grouped convolution, and mixed convolution.

The action recognition algorithm based on the combination of CNN and LSTM network can maximize the
advantages of both models; correlate the apparent information, motion information, and long and short-term
spatio-temporal information in an irregular period; and provide a more comprehensive spatio-temporal repre-
sentation for the subsequent classification and discrimination stage. However, the aforementioned model still
requires a large amount of video data for model training, which has a high demand on the data set used for
training. The time cost of the training process is more extended, which increases the difficulty of model training.

In summary, when feature extraction is performed on fish objects, the traditional method requires
manual participation and has problems of low efficiency and high cost. Deep learning-based feature extraction
methods can automatically learn trainable features through network models, which significantly improves the
model efficiency and reduces the computational cost. For example, the LSTMmodel used for feature extraction
can handle fish image sequences and captures well the dependencies in long-term video data. The combination
of advanced temporal features and local spatio-temporal fusion features is achieved.

2.3.2 Fine-grained behavioral recognition of fish activity

Fine-grained behavior identification of fish activities refers to the accurate identification of different fine-
grained fish behavior states based on fish activity behavior characteristics, such as swimming, foraging, rest,
and so on, to evaluate and monitor the water quality more accurately. Activity behavior recognition of moving
objects is a fundamental problem in computer vision. In recent years, researchers have conducted consider-
able research on human behavior recognition to achieve safety monitoring, and many research results have
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been achieved. Activity behavior recognition involves activity behavior modeling and feature representation,
activity behavior inference, and recognition.

However, researchers do not have a more general model for the behavioral representation of motion
objects, and most of the studies are based on a specific application scene by some corresponding behavioral
representation methods. Xin et al. [162] extracted the motion vector field of fish objects based on the optical
flow method. Then they used statistical methods to count the two behavioral features of the motion of the fish
object, namely, the velocity and turning angle, to calculate the corresponding joint histogram and joint
probability density distribution features and then applied the normalized mutual information (NMI) and local
distance anomaly factor to detect the abnormal behavior of fish objects.

At present, hierarchical structural models are usually used in the behavioral representation of various
movement object activities. For example, in human behavior recognition, Moeslund et al. [163] reviewed the
progress of human behavior analysis and recognition and described the action/motion primitives, action, and
activities by hierarchical representation models.

After obtaining the object activity characteristics, nonlinear modeling methods, such as neural networks
and support vector machine methods can be used to classify and identify the activity behavior of surveillance
objects to detect abnormal behaviors of motion objects. For example, Shu-hong et al. [27] extracted several
characteristic parameters of velocity, acceleration, curvature, and neighborhood characteristics of red carp in
normal and abnormal water quality by introducing fish motion trajectory curvature and neighborhood
characteristics parameters to establish a corresponding recognition model.

To achieve an effective prediction of object activity behavior trends, researchers have now widely used
graph model-based inference methods to analyze the activity behavior of moving objects. Commonly used
methods include probabilistic models, such as hidden Markov model [164], dynamic Bayesian networks [165],
and conditional random fields [166]. Some researchers use rule-based methods such as decision trees [167] for
activity behavior analysis.

Fine-grained image recognition is a subfield that lies between semantic-level and instance-level tasks.
Fine-grained image subcategories have only subtle local differences, while the appearance varies significantly
between the same categories and is susceptible to uncertainties such as pose and occlusion. Therefore, fine-
grained image recognition is highly challenging.

In traditional fine-grained image recognition tasks, background noise in the image is eliminated by
annotating boxes to locate the object, and the local area feature extraction is achieved by position annotation.
These algorithms rely excessively on manual annotation [168]. Manual annotation information is labor-inten-
sive. The ability to rely on manual annotation methods to feature extraction and feature representation is
weak and has certain limitations. CNN-based fine-grained image recognition methods [169,170] have become
more and more mature in recent years. Their extracted features possess more powerful representation
capabilities and usually achieve good results in fine-grained image recognition tasks. However, the essential
parts are too fine to obtain all the critical information by traditional CNNs. Researchers have started to work
on improvements within the framework to locate the key parts further and enrich the feature representation.
Some scholars believe that the CNN-based fine-grained image recognition methods still have loopholes in the
mastery of global information, so their visual transformer is introduced to fine-grained image recognition. It
proves that in the field of fine-grained visual recognition, although learning local area features plays a crucial
role, the complement of global information will further improve the accuracy of recognition.

(1) CNN-based fine-grained behavior recognition
With the continuous improvement of deep learning techniques, CNNs have been rapidly developed and

applied in computer vision [171], natural language processing [172], and so on. In fine-grained image recogni-
tion, commonly used CNN structures are VGGNet [173] and ResNet [93]. There are many types of variant CNNs,
such as inflated convolution, which increases the perceptual field and maintains the width and height of the
input features. The depthwise separable convolution first performs convolution operation on each channel
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and then performs point-by-point convolution, which has the advantages of fewer parameters and low
operation cost. The general formula for ResNet is as follows:
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where h function is a direct mapping, and f function is an activation function, generally using ReLU.
Fine-grained behavior recognition based on the CNN aims to identify and distinguish subtle differences in

fish behavior by in-depth analysis of high-level features of images. This process usually consists of the
following key steps:
(a) Feature extraction: CNNS automatically learns image feature representations through multiple convolu-

tional and pooling layers. In the context of fine-grained action recognition, the first convolutional layers
may capture simple features such as edges and corners. In contrast, deeper convolutional layers can
recognize more complex patterns, such as a fin’s shape or a fish’s swimming posture. These features
become more and more abstract as the network goes deeper and can reveal subtle differences in fish
behavior.

(b) Feature integration and classification: After feature extraction, CNNS usually contains one or more fully
connected layers that integrate and use the features learned by the convolutional layers for classification.
In fine-grained action recognition, these thoroughly combined layers aim to map the extracted features
onto specific action categories.

(c) Challenges and strategies of fine-grained recognition: A significant challenge in fine-grained action
recognition is dealing with intra-class variation and similarity. Methods such as attention mechanism,
data augmentation, and feature fusion can be adopted to overcome this challenge.

Through these steps, the CNN-based fine-grained behavior recognition technique can accurately distin-
guish and identify subtle differences in fish behavior, which provides a powerful tool for water quality
monitoring and fish behavior research.

(2) Fine-grained action recognition with transformer
Most of the fine-grained image recognition methods are based on CNNs. These methods inevitably com-

plicate the recognition channel and produce a lot of redundancy in the local area of location. To address this
problem, researchers proposed to complete the fine-grained image recognition task based on transformer. The
transformer is a classical natural language processing model proposed by the Google team in 2017. It incorpo-
rates the self-attention mechanism and does not use the sequential structure of a recurrent neural network
(RNN), allowing the model to be trained in parallelization. Vision transformers (ViT) have made breakthroughs
in traditional recognition tasks in recent years. They have also demonstrated their ability to capture global and
local features in areas such as object detection [59] and semantic segmentation [174]. Compared to CNNs,
transformer’s image serialization is an entirely new form. The attention is calculated as follows:
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He et al. [175] proposed a framework for fine-grained image recognition based on transformer. The
framework pools the original attention weights before the last layer of the transformer into an attention
graph to guide the network in selecting the accurate discriminative region image blocks. Specifically, the
method uses a self-attentive mechanism to capture the most discriminative regions and image blocks to
process the internal relationships between regions, and a contrast loss function to expand the distance
between similar subclass feature representations. The network structure of the method is shown in Figure
19. Although this scheme has overlapped the input image blocks to avoid damage to the local neighborhood
structure, it is still computationally expensive and has low recognition accuracy on some benchmark datasets.

Although He et al. [175] improved the efficiency of fine-grained image recognition, their method with fixed
image block size and deep class token concentrated in the global perceptual field cannot generate multiscale
fine-grained recognition features. In response, Zhang et al. [176] proposed a new adaptive attentional
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multiscale fusion transformer method. In this method, the attention collection module is selected to use
attention weights to filter out relatively important input blocks adaptively. The multiscale (global and local)
channels are supervised by weight-sharing encoders that can be trained end-to-end.

The identification clues of fine-grained image recognition methods are usually piecemeal, ignoring the
details of additional areas and lacking consideration for other relevant image clues. To solve the aforemen-
tioned problems, Liu et al. [177] proposed a transformer structure with a peak suppression module and
knowledge guidance module. The peak suppression module removes the most distinguishing marks according
to the attention weight value, forcing the network to pay attention to the additional neglected information
areas to ensure the diversity of fine-grained representation. The knowledge guidance module compares the
image representation generated by the peak suppression module with the learnable knowledge embedding to
obtain the knowledge response coefficient. In the training process, the scheme updates knowledge embedding
and image representation simultaneously, embeds many identification clues of different images in the same
category, and embeds the acquired knowledge into the image representation as a comprehensive representa-
tion, thus significantly improving the recognition performance.

Aiming at the problem that the self-attention mechanism weights the information aggregation of all image
blocks to the classification token, which makes the deep classification token focus more on the global informa-
tion and lacks the local and bottom features, Wang et al. [178] proposed a feature fusion vision transformer
(FFVT) framework, which collected the important tokens of each transformer layer to complete the local,
bottom and middle information. Specifically, through a token selection method, a representative token of each
layer is selected as the input of the last layer. The experimental results show that this method improves the
accuracy of fine-grained image recognition. Conde and Turgutlu [179] proposed a fine-grained image recogni-
tion framework with multistage ViT, which captures outstanding image features from multiple different local
regions using an inherent multiheaded self-attentive mechanism. Various attention-guided enhancements are
used to enhance the model to learn more distinct discriminative features, thus improving the model’s general-
ization ability. However, the approach still has shortcomings in that it cannot be trained completely end-to-end
and needs to be trained in a sequential (multistage) manner; it requires high computational power. The future
goal is to make the framework end-to-end trainable.

The transformer-based methods are summarized in Table 1, and it can be seen that the transformer
achieves high accuracy in fine-grained image recognition tasks. The method of He et al.’s [175] is highly
accurate but less applicable because the input image block size is fixed. The existing drawbacks of the
transformer as a newly introduced technique are a large number of parameters and the long computation
time. The computation time length can be considered for future explorations.

Figure 19: Fine-grained transformer network framework.
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3 Industrial applications of intelligent water quality monitoring

Many countries have developed the corresponding water quality standards to effectively carry out the pre-
vention and control of pollution and achieve a safe water supply and water quality criteria (WQC). WQC refers
to the maximum dose or concentration of pollutants in the water that does not harm specific objects and is an
essential basis for evaluating, predicting, and managing water pollution. On the basis of WQC, researchers
have carried out a large number of studies on the OWQM or BEW in recent years.

Since fish survival is very sensitive to changes in the water body environment, and fish objects can
undergo significant phase changes in activity behavior when water quality changes, it is possible to perform
online monitoring of pollutants or early warning of water quality based on the trend of fish activity behavior if
the phases of fish activity can be effectively identified. Saberioon et al. [180] reviewed the application of
machine vision-based monitoring systems in aquaculture, where some research advances were analyzed in
particular.

When sudden pollution occurs, the fish in the water show abnormal behavior. Researchers often monitor
the water quality based on the identification results of the abnormal behaviors of fish. The advanced OWQM
or BEW systems mainly include the Fish taximeter and Toxprotect64 systems of BBE Company in Germany.
This system uses zebrafish and tiger skin fish as marked fish to monitor water quality online by tracking and
recording the behavioral characteristics of marked fish objects in the water. It has many advantages, such as
fast response speed, a wide range of monitoring pollutants, 24-hour continuous monitoring, and so on.
However, the monitoring fish selected by the EWS of water quality varies with the monitoring environments
(such as waterworks, domestic sewage, and industrial wastewater environments). Most researchers choose
fish activity characteristics such as respiratory rate, respiratory intensity, movement rate, and even fish cough
rate to establish a model of the relationship with the concentration of pollutants to achieve the OWQM or BEW.

On the basis of the analysis of the respiratory movement of zebrafish, Hong-jun et al. [181] discussed the
effect of exogenous heavy metal exposure on the respiratory response of zebrafish and tried to use the changes
in the respiratory parameters of fish to warn against water pollution. Biosensor [182] produced by Biosensors
Company of Virginia in the United States also carries out an early warning of water pollution through the
breathing behavior of fish. It is reported that the system has been widely used in the United States, and the
commonly used species are Rainbow trout and Bluegill.

The OWQM or BEW based on fish activity behavior analysis has many advantages, such as high sensitivity
and fast calculation speed. When the water’s environmental quality changes, the indicator fish living in the
water body can reflect the pollution status continuously. Therefore, the fish activity recognition-based EWS
can be used to monitor the pollution of rivers, lakes, reservoirs, and other water sources, especially sudden
water pollution accidents. For instance, the International Committee for the Protection of the Rhine (ICPR),
which consists of nine countries in the Rhine River Basin, has been effective in reducing sudden water
pollution events since it constructed the Warning and Awarning Platform (WAP) in the RiverRhine. It mainly
uses the biological monitoring system to perform the OWQM [183]. The National Environmental Protection

Table 1: CUB-200-2011 Innovation points and accuracy rates of different methods on the dataset

Method Innovations Accuracy/%

He et al. [175] The first network framework for fine-grained image recognition based on transformer is
proposed

91.7

Zhang et al. [176] By using the attention weight, the discriminant input block is screened adaptively 91.5
Liu et al. [177] The feature representation is learned by the peak suppression module, and the most

discriminating part is punished to obtain detailed information
91.3

Wang et al. [178] Bring together the key token of each transformer layer to complete local, underlying, and
middle-level information

91.6

Conde and
Turgutlu [179]

Using a multihead self-attention mechanism to capture different image features from
several different local regions

91
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Agency Environmental Assessment Center and the U.S. Army Environmental Health Research Center have
jointly used the Fish Respiration Early Warning System for the online monitoring of surface water treatment
facilities, with an effective monitoring rate of 99% over 12 months of the year. Cunha et al. [184] even
successfully applied the biological EWS to seawater quality monitoring by building the Marine On-line Bio-
monitor System (MOLBS), which automatically records the behavioral responses of marine and freshwater
fish activities to achieve a BEW of marine water quality.

In summary, the OWQM or BEW based on fish activity behavior has gradually become an effective and
rapid detection tool for water quality monitoring. However, since the activity behavior of fish is affected by
other environmental factors such as light and temperature in addition to water pollution, the effective detec-
tion of gill respiration characteristics of fish objects is a difficult task. To summarize, intelligent OWQM or BEW
based on fish activity behavior, therefore, needs to effectively detect the subtle activity characteristics of fish
objects (e.g., gill respiration characteristics) and effectively to predict the stage and trend performance of fish
activity behaviors to realize online monitoring and even early warning of water qualities.

4 Challenging issues and further trends

The leading water quality monitoring and assessment methods in water treatment plants involve physical and
chemical analysis and biological monitoring. As physical and chemical analysis requires regular collection of
water samples for the quantitative analysis of pH value, oxygen content, heavy metal content, organic content,
and so on, these methods are time-consuming, labor -intensive, too costly, and difficult to achieve continuous
online monitoring. They cannot reflect water pollutants’ comprehensive nature and toxic effects on water
organisms.

The biological monitoring method integrates the theoretical knowledge of environmental science and
biological monitoring technologies by observing the response of aquatic organisms, such as individuals,
communities, or populations, to pollution and then clarifying the status of environmental water pollution.
The machine vision monitoring of water quality based on fish behavior is the most widely studied and fastest-
growing species, and it is also the current research focus.

The identification based on the activity ability of fish can more accurately evaluate the ecological security
of the water body and the living environment of fish. Identifying fish activity can be used as a sensitive
indicator to detect potential harmful substances and pollution sources in water bodies. By analyzing the
activity capacity of fish, we can better understand the biodiversity and ecosystem stability in water bodies,
which has important scientific significance.

The water quality monitoring system with fish as the biological carrier of water quality monitoring has
been applied to practical engineering. Therefore, water quality monitoring based on fish activity identification
is an effective OWQM method with low cost, fast detection speed, and early warning of water quality. This
article reviews the progress in the research and application of water quality monitoring and early warning
based on fish activity recognition in recent years.

Due to the random nature of fish activities, fish activity behavior recognition for water quality monitoring
in water treatment plants still has the following challenging issues.

(1) Multi-fish object detection and tracking
Multi-object tracking has been a fundamental and challenging research area in computer vision. Unlike

the conventional rigid multi-object tracking, in the detection and tracking of multiple fish objects, the relative
positions of fish and fixed monitoring cameras are randomly changed due to the random swimming of fish.
Therefore, the fish objects in the video image sequence are affected by various factors, such as object occlu-
sion, different depths of the object floating in the water, and so on. The fish objects in different monitoring
moments will have corresponding geometric, perspective, and affine changes due to the reflection of the water
surface, and the influence of the water surface ripples, bringing great difficulties to the online monitoring and
effective tracking of multiple fish objects. The effective modeling of complex rippled water surface back-
grounds, the accurate detection of numerous fish objects, and the effective association of various objects in
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adjacent image frames (to achieve multi-object tracking) are the key research directions for future break-
throughs in fish object activity behavior recognition.

(2) Modeling and characterization of abnormal behaviors, such as “avoidance” of fish
Modeling and characterization of fish activity behaviors (especially abnormal behaviors, such as avoid-

ance behaviors exhibited by fish that are directly related to water quality safety) are the basis for achieving
water quality monitoring results. However, there is no more general object activity behavior modeling and
characterization method. Research shows that when water quality changes (especially sudden pollution), fish
object activity behavior will appear as noticeable stage changes, such as no effect period, regulation period,
adaptation period, toxicological effect period, and so on. In different stages, the fish activity behavior should be
characterized by different motion characteristics (such as speed, acceleration, angular velocity, trajectory, and
so on), yet, this is not definitive. Therefore, modeling and characterizing various stages of fish behavior
(especially abnormal behavior) is a challenging problem to solve to realize accurate fish activity behavior
recognition.

(3) Accurate identification of water quality based on “fine-grained” behavioral recognition of fish
activities

Fine-grained behavior identification helps to identify the nuances of fish activities further. Thus, com-
pliance with the safety standards of water quality may still include different quality standards, such as
different minerals in the water, oxygen content, and so on, and the fish activity behavior will be slightly
different accordingly. To achieve the fine identification of water quality, it is natural to identify the nuances of
fish activities effectively. Although fine-grained image and behavior recognition is a popular research area in
computer vision, fine-grained recognition has been a complex problem in various fields. In the future,
researchers can continue to explore the possibilities in the fine-grained domain. For example, local and global
information plays an essential role in fine-grained image recognition tasks, and a combination of both can be
considered. In addition, the transformer network can improve the accuracy of fine-grained image recognition.
Suppose the accuracy of the network does not meet the requirement. In that case, the accuracy can be
improved by increasing the “width” of the network, and the increase in computational effort by increasing
the width is minimal compared to the rise in the number of layers of the deep network. Therefore, the
application of broad learning to fine-grained images can be considered in the future to improve computational
speed.

(4) Biological early warning of water monitoring through an intelligent understanding of abnormal
fish activity behavior and analysis of activity trends

When the quality of the monitored water body changes, especially when sudden water pollution occurs,
the fish in the water will reflect the corresponding stress due to the diffusion time, degree, and toxicity of
pollutants in the water. The stage-wise behavior response will appear until the final possible fish toxicity effect
occurs (such as fish mass mortality). With the fish activity recognition-based intelligent water quality mon-
itoring, we can not only achieve the current water quality but also, more critically, achieve an early warning of
water quality through the fish activity of the phased stress behaviors. Therefore, monitoring the fish object
activity characteristics, especially the intelligent understanding of abnormal activity behavior and the intel-
ligent prediction of fish activity behavior trends, is a crucial research direction in the future.

This is despite significant advances in deep learning in recent years, such as multimodal biometrics, which
combines a variety of biometric information to achieve more accurate biometric identification and verifica-
tion. At the same time, in fish object detection, a lot of research work is still needed to realize the distance
detection and recognition level of distance from humans [185]. In the future, fish behavior recognition oriented
to water quality monitoring can be concerned but not limited to the following points:

(1) Multimodal technology
Based on the multimodal technology, the motion tracking, sound, physiological indicators, and other

aspects of fish are analyzed to realize the assessment and monitoring of water quality safety and ecological
environment. By using a variety of sensor technologies, the technology can comprehensively and accurately
judge different behavioral states of fish, including swimming speed, posture, sound, gill breathing rate, fin
swing frequency, etc., thus improving the accuracy and real-time monitoring of water quality.
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(2) Lightweight detection
Many applications need to improve the speed of algorithms to continuously and steadily execute

on mobile devices, such as unmanned driving, smart cameras, face recognition, intelligent robots, etc.
Although object detection has been greatly improved in model performance in recent years, most model
networks have a large number of parameters and the computing power of embedded devices is limited, so
it is difficult to run smoothly on embedded devices [186]. In recent years, many lightweight detection networks
have also been proposed, such as SqueezeNet [187] for implementing model compression, MobileNet [188] for
using a single-stage model with deep convolution separation, ShuffleNet [189] for mobile devices, etc., and
many objected improvement methods have also appeared, such as literature [190] Lightweight SSD detection
method based on feature fusion, face detection algorithm based on lightweight attention mechanism proposed
in the literature [191], real-time human key point detection algorithm improved by lightweight network
proposed in the literature [192], and so on. Future improvements can be made in the direction of lightweight
model optimization, balancing the speed and accuracy of the model to make it run smoothly and fast on mobile
devices with limited memory [193].

(3) Detection satisfying automatic machine learning (AutoML)
The detection model based on deep neural networks is becoming more and more complicated, and its

modeling and application are faced with significant bottlenecks and constraints, such as heavy dependence on
artificial design and long modeling cycles. Automated machine learning (AutoML) technology, which has
emerged internationally, has gained wide attention in academic and industrial fields at home and abroad. It
uses machines instead of humans to automatically complete model selection and super-parameter optimization,
to automate model design [194]. For example, in the literature [195], the authors describe that AutoML can realize
super-parameters in semantic segmentation using engineering thinking optimization, transfer learning, and
neural architecture search. The possible future direction of object detection is to design an intelligent detection
model by deep research on neural network structure, to reduce manual intervention on the model, such as how
to select an appropriate anchor frame according to the image automatically and how to select a good optimiza-
tion scheme for the model. AutoML will be a vital object detection technology in the future.

5 Conclusions

This review article meticulously examines and encapsulates the significant advancements in identifying fish
activity behaviors for OWQM. It encompasses a broad spectrum of topics, including the detection and tracking
of fish targets, the identification of fish activity behaviors, and the practical deployment of these methodol-
ogies in biological water quality assessment. We thoroughly catalog the principal techniques employed at each
stage of fish activity behavior analysis, critically evaluating the merits and limitations inherent to various
prevalent approaches within the realm of ichthyology.

Furthermore, the review article delves into the intricacies of fish object detection and tracking facilitated
by machine vision technologies, the nuanced identification of aberrant behaviors, and the implications of such
identifications for water quality surveillance. A comprehensive discourse is presented, synthesizing current
algorithms’ efficacy, strengths, and potential drawbacks, alongside a comparative analysis of their suitability
across diverse environmental settings.

Concluding with a forward-looking perspective, we articulate the prevailing challenges that confront
accurately recognizing anomalous fish behavior as an indicator of water quality. This contemplation extends
to prognostications about the evolutionary trajectory of this field. We hope this survey article will serve as a
practical and exhaustive resource for those endeavoring to harness artificial intelligence in aquatic quality
control, thereby facilitating the expedited selection and application of productive technological solutions in
engineering projects.
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