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poorly discriminated. Therefore, we propose a novel method based on Bayesian sequential,

Bayesian sequential method

which utilizes multi-channel prior knowledge to calculate the outlier sequence based on

Fish electrical signal

wavelet feature followed by calculating the anomaly probability of observed values. Further-

Outlier detection

more, the relationship between the anomaly probability and toxicity is analyzed in order to

Anomaly probability

achieve forewarning effectively. At last, our algorithm for fish toxicity detection is verified

Time series forecasting

by integrating the data on laboratory acceptance of characteristic pollutants. The results
show that only one false positive occurred in the six experiments, the present algorithm
is effective in suppressing false positives and negatives, which increases the reliability of
toxicity detections, and thereby has certain applicability and universality in engineering
applications.
© 2021 The Research Center for Eco-Environmental Sciences, Chinese Academy of
Sciences. Published by Elsevier B.V.

Introduction

∗

With the fast socioeconomic development, the resources and
environment have also tended to be saturated gradually in
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terms of carrying capacity, especially for the potable water
resources, which become increasingly deteriorated (Li et al.,
2020). Besides, there are occasional incidences of pollution
emergencies as well (Parris, 2011). Once upon occurrence of a
pollution accident, the safety of drinking water will be threatened seriously due to the multiple-source feature, suddenness, unpredictability and widespread influence of the accident (Ma et al., 2015), which will result in a devastating
impact on the society (Aenab and Singh, 2012; Tirado, 2007;
Zhang et al., 2011).
With the advances in science and technology, the methods
for monitoring water quality have been enriched gradually,
of which the anomaly detection techniques for conventional
parameters (dissolved oxygen, pH, temperature, conductivity, etc.) have been rather perfect (Hill et al., 2007; Liu et al.,
2014; Klise and Mckenna, 2006). Their rational is that in the
event of water pollution, the pollutants will cause changes
in the physical or chemical parameters of water, thereby lead
to significant differences of one or several measured conventional detection indicators from the normal values in the safe
water quality conditions (Zhao et al., 2014). Based on this,
a statistics-based anomaly detection algorithm (Arad et al.,
2012) was proposed, which assumed the actual online data
follows the Gaussian distribution, and used the standard deviations of empirical data as thresholds to compare with the
data at subsequent moments, thereby achieve forewarning
in a simple and effective manner. To begin with, a dynamic
threshold method was put forward (Arad et al., 2013), where
the thresholds were adjusted dynamically according to the
environmental changes, and only the online monitoring data
within the sliding window was analyzed.
Plenty of problems exist with the anomaly detection devices for conventional indicators since they are based chiefly
on the physical electrode method (Wang and Yu, 2013), or the
chemical sequential injection (Ho et al., 2005). For instance, the
physical electrode method can target a single water quality indicator only, thus various physical electrodes for monitoring
multiple indicators are needed for ensuring the water safety.
The chemical sequential injection, on the other hand, requires
lots of moving parts, which will increase maintenance costs.
Most seriously, its demands for consuming reagents can easily result in the secondary pollution of water environment.
Hence, researchers have introduced the full-spectral detection
measures into the field of water quality monitoring. Distinct
advantages of the full-spectral monitoring (Kumar et al., 2013)
are as follows: No secondary pollution to the environment;
fast detection; simple device structure, low cost, stable, reliable and low maintenance intervals.
Despite the capability of conventional indicators and fullspectral methods in detecting the water quality under specific
indicators, they can only give quantitative values, which are
unable to provide a qualitative result. Currently, there are diverse types of pollutants around the world (Viman et al., 2010),
but few of them are detectable with the conventional indicators and the full-spectral methods. Since other unregulated
pollutants may also cause tremendous damage to the human body, the bio-based anomaly detection technology of water quality seems particularly crucial. Via biosensors, changes
in the biological parameters (biological oxygen demand, etc.)
of tested organisms in water can be detected at varying lev-
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els, which in turn reflect the comprehensive water toxicity
(Burn et al., 1984). Commonly used monitoring organisms include luminescent bacteria (Wegrzyn
˛
and Czyż, 2003), daphnia magna (Nebeker et al., 1986), fish (Mckim et al., 1975;
Sweidan et al., 2015), etc. Among them, fish, as a higher organism than others, shares a rather close relationship with
humans, which possesses neurotoxicity reaction (Haya, 1989)
and cytotoxicity reaction (Goswami et al., 2014), etc. Thus, fish
has gradually become a research direction for the water quality anomaly detection. One of the mostly used fish monitoring
methods are the non-contact methods include the computer
vision observation of fish (Horak et al., 2015) and the bioelectrical signal-based approach (Thomas et al., 1996). Earlier research based on the electrical signals originated from electric
eel (Thomas et al., 1996). In the electric eel approach, orthogonal low-voltage alternating current is used in the device to
let the fish live in an orthogonal magnetic field. When the fish
swims in the device, changes will be caused to the current signal, and by analyzing such current signal, we can determine
whether the water quality is safe. This method is successful in
addressing the inability of fish to experience biological clock
normally with the camera method, but pays insufficient attention to prior knowledge about the fish behavioral signals
and data processing especially in feature extraction and postprocessing, may easily generate inaccurate forewarning.
In this study, we propose a novel method based on Bayesian
sequential, which utilizes multi-channel prior knowledge to
calculate the outlier sequence based on wavelet feature followed by statistically analyzing the outlier sequence by Bayes
formula. The objective of this paper is to analyze the electrical
signals generated by fish using the proposed method to identify the correspondence between the fish and the characteristic pollutants, in order to determine the water quality status
accurately. This method solves the problems we encountered
in the engineering application over the past ten years, which
achieves effective suppression of the false positives and negatives. And it takes sufficient prior information into consideration and has considerable reference for this real-time environment detection system.

1.

Materials and methods

1.1.

Fish forewarning device

This paper adopts a forewarning device that conforms to the
toxicological effect evaluation of mobile living organisms under continuous exposure, which enables continuous real-time
monitoring of changes in biological behaviors. Fig. 1 displays
its schematic diagram.
In accordance with the toxicology experiment specifications, the "parallel", "positive", "negative" and "dose–
response" design schemes are offered, and multi-channel water supply (eight groups) is adopted, including both control
and test channels. Through the multi-layer sensors, the sensitivity of biological detection platform for water quality safety
to the low-concentration pollutant detection can be improved
effectively in a short time. There are a total of eight fish tanks,
which are divided into upper and lower layers. The bottom
of the device is installed with four water pumps that are
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Fig. 1 – Schematic diagram of the experimental device.

switched in pairs, which extract the monitored river water
and supply it to the fish tanks. The raw data of fish behavioral
signals are collected by using the high-frequency acquisition
technology, as well as the signal acquisition and storage software. Finally, the collected data are analyzed algorithmically
to derive the discrimination and forewarning of water quality.

1.2.

Data source and description

We choose Trichlorophenol (TCP) and CuSO4 as characteristic pollutants. Although TCP is an important raw material in industry, it is also a highly toxic substance among
organic pollutants, which affects the environment tremendously. At present, phenol and other harmful chemicals can
be detected in various industrial and agricultural wastewater,
river water and even drinking water (Gomes et al., 2020; Jin
et al., 2014; Ma et al., 2007; Rao et al., 2013). The International
Agency for Research on Cancer (IARC) has also listed 2,4,6Trichlorophenol as a group 2B carcinogen. Despite the fact that
heavy metal copper rarely causes acute fish poisoning, it can
accumulate in fish body to affect their growth, reproduction
and disease resistance. Dissolved copper has been shown to
be most toxic to aquatic organisms (Deaver and Rodgers, 1996).
Copper can impair the neurophysiological functions of fish,
damage the structure of olfactory epithelium, and reduce the
number of olfactory receptors, thereby causing avoidance reactions in fish. Moreover, copper can also affect the blood
physiology of fish, which further affects their oxygen consumption rate (Liu et al., 2003).
In the present experimentation, changes in the AC signals of Medaka were monitored in a flowing water exposure
of CuSO4 (heavy metal) and trichlorophenol TCP (organic substance).
During the exposure, the 48-hr 50% lethal concentration
(LC50˜48) of the pollutants is used as one toxic unit (TU). Three
concentration groups are set up, namely 1TU, 2TU and 5TU. For
each concentration of characteristic pollutants, parallel testing is performed with 8-channel biological behavior sensors.
In each channel, three Medaka fish is maintained. No food is
fed during the experimentation, and the water flow is controlled at 2 L/hr in each channel. Meanwhile, experimental
data is collected from the serial port at a rate of one every
50 ms.

At the beginning of the experiments, Medaka fish is placed
into the experimental device first, and then the software is initiated to record the experimental data. pollutants were added
generally within 4 hr ± 5 min following the software initiation. Each individual experiment took about 24 hr. The toxic
effects produced on Medaka vary among characteristic pollutants and by their concentration. At high concentrations,
Medaka dies in a shorter period of time, while in the case of
low-concentration heavy metal, Medaka does not die out entirely at the end of the experiments.

1.3.

Bayesian sequential algorithm

For the algorithms that achieve determination based on the
falling edge of the stress threshold model, there lacks prior
knowledge about the fish behavioral signals corresponding to
characteristic pollutants, and in the event of a pollutant invasion, the fish behavioral signals are poorly discriminated.
In view of these, this paper converts the behavioral electrical signals from eights channels via the discrete wavelet
transform initially, thereby extracting their characteristic signals at different wavelength scales. A time series prediction
model is built specific to the wavelet coefficients obtained by
discrete wavelet transform (Rajmic and Prusa, 2014) of behavioral signals. By calculating the Hotelling’s T2 statistics
(Hotelling, 1931) according to the wavelet coefficients, the outliers in the behavioral electrical signals are identified. Meanwhile, in response to the problems like excessive number of
detected outliers with the above algorithms caused by susceptibility to noise and interference, we combine Bayes formula
and outlier detections in calculating the anomaly probability
of behavioral signals, thereby improving the model stability
and the fish toxicity detection algorithm. Fig. 2 presents the
specific algorithm flowchart.
The pseudo codes for our Bayesian sequential algorithm
are as follows:
Algorithm BeyesianSequential
Input: Behavioral signal X, empirical data cut-off point
(denoted as expValue), Hotelling’s T2 threshold (denoted as
hotlThreshold), probability threshold (denoted as pThreshold), probability update parameters
Output: Water quality discrimination result
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Table 1 – Confusion matrix.
Actual Predicted

Pollution

Normal

Total

Pollution
Normal
Total

TP
FN
TP+FN

FP
TN
FP+TN

TP+FP
FN+TN
TP+FP+FN+TN

TP: True Positives; FP: False Positives; TN: True Negatives; FN: False
Negatives.

1 Set up a sequence buffer, and average the fish behavioral
signals X once per minute. That is, fill a data point into the
buffer every minute.
2 Perform wavelet transform of buffer time series, and denote the transformed characteristic quantities as XC;
3 Intercept the data XC(1:expValue) of initial expValue min,
and normalize XC using its mean and variance. Calculate
the Hotelling’s T2 statistics, and denote it as HT.
4 Record the points with HT greater than or equal to
hotlThreshold as outliers, and those aren’t as normals.
5 Calculate the anomaly probability of each point in HT by a
combination of probability update parameters and Eq. (1).
6 Identify the points with an anomaly probability greater
than or equal to pThreshold as polluted. Otherwise, identify the water quality as safe. Return to the water quality
discrimination result.
In the sequential Bayesian analysis, retention of historical
data and prior knowledge within a period of time is needed,
and the input parameters are the "normals" and the "outliers"
only. The current observation spots are calculated in the following way: The posterior probability ω1 (t) = P(θ = θ1 |y1:t ) is
obtained based on the prior probability, and then computation
is performed according to the Bayes formula
ω1 (t)P(yt+1 |θ1 )
(1 − ω1 (t))P(yt+1 |θ0 ) + ω1 (t)P(yt+1 |θ1 )

(4)

P(yt+1 = “Normal”|θ0 ) = Sp

(5)

During online monitoring, the above formulas are used to
perform iteration, and an alarm threshold is set on the basis
of conditional probability. A pollutant incident is considered
to occur once the probability at the detection spots exceeds
this threshold.

Fig. 2 – Bayesian sequential algorithm flowchart.

ω1 (t + 1) =

P(yt+1 = “Outlier”|θ1 ) = 1 − Sp

(1)

where θ1 = pollution incident, and θ0 = safe water quality. In the
actual application process, the magnitudes of pollutant concentrations for the pollution incident about to occur are unable to be determined. Hence, the initial probability is set to
a rather small value. Computation of P(yt+1 |θ1 ) and P(yt+1 |θ0 )
can be achieved according to Eqs. (2) to (5), while the computational methods for Se and Sp are described in Eqs. (8) and
(9).
P(yt+1 = “Outlier”θ1 = Se)

(2)

P(yt+1 = “Normal”θ1 = Se) = 1 − Se

(3)

1.4.

Determination of Hotelling’s T2 threshold

As indicated by the normal fluctuation trends of lake and
river water quality and the analysis of fish electrical signals in
the corresponding water quality status, the behavioral signals
generally follow the Gaussian distribution, which will also follow the normal distribution if normalized. Meanwhile, wavelet
coefficients can be obtained after the wavelet transform of
data from eight channels, and the statistics derived by normalizing the wavelet coefficients for each channel also follow
the normal distribution. Accordingly, the Hotelling’s T2 at time
t is calculated as follows:
Tt 2 = e21 + e22 + · · · + e28

(6)

where ei denotes the normalized wavelet coefficient for the i
th channel. This statistic follows the chi-square distribution
with 8 degrees of freedom (8-DOF). That is, the threshold of
outliers can be determined by the following formula:
Tt 2 ≥ ThesholdT 2 = χα (8)

(7)

where ThesholdT 2 is precisely the threshold for determining outliers, and χα (8) is the 8-DOF chi-square distribution
with a confidence level α, which is generally set at 5% in actual application. By querying the chi-square distribution table,
the threshold for Hotelling’s T2 statistics can be obtained as
15.507.
From another perspective, the optimal Hotelling’s T2
threshold for a specific data can be derived by graphic means.
Prior to calculating the optimal threshold, it is necessary to
calculate the sensitivity (Se) and specificity (Sp) according to
the confusion matrix (Akobeng, 2007; Stehman, 1997). Since
there are only two types of results for water quality evaluation (safe, polluted), the confusion matrix is second order, as
shown in Table 1.
Se refers to the probability that the water quality is in a polluted state, which is recognized by the algorithm as the polluted state as well. Also known as the true positive rate or susceptibility, it reflects the ability to diagnose the safety of water
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Fig. 4 – Determination of probability update parameters.
Fig. 3 – Determination of Hotelling’s T2 threshold parameter.

quality correctly, which is calculated as follows:
Se =

TP
× 100%
TP + FN

(8)

Meanwhile, Sp refers to the probability that the water quality is recognized by the algorithm as safe under a state of safe
water quality. It is also known as the true negative rate, which
reflects the ability of the algorithm to exclude water pollution
correctly in the absence of water pollution.
Sp =

TN
× 100%
FP + TN

(9)

The determination of Hotelling’s T2 threshold parameter
is a process in which a threshold value is found to let the Se
and Sp be relatively maximized. The specific method in ideal
conditions is described in Fig. 3.
In Fig. 3, the horizontal axis represents different thresholds, whose values range between 0 and 100 based on the 8DOF chi-square distribution. The best threshold corresponding to the intersection of the two lines is precisely the optimal threshold. In the subsequent experiments, we proved that
both of the methods can attain almost identical thresholds.

1.5.

Determination of probability update parameters

As suggested by Eqs. (2) to (5), calculation of Se and Sp is
needed during the computation of Bayesian sequential probability. To enable automatic setting of Se and Sp in the online
monitoring system, it is necessary to provide data within a
certain period of time as empirical data, through which the
computational parameters conforming to respective channel
are calculated. Generally, the receiver operating characteristic
(ROC) curve is used to select and set the optimal parameters
(Fan et al., 2006). In this paper, the initial 60 min of data after
software initiation is used as the empirical values. The pseudo
codes are as follows:
Algorithm Roc
Input: 60 min of empirical data (denoted as TimeInv),
Hotelling’s T2 statistics (denoted as HT)
Output: Se and Sp arrays
1 Intercept the data HT(1:TimeInv) of initial 60 min, and calculate the standard deviation (denoted as STDValue).

2 Initialize the Se = []; Sp = [], calculate the target results, and
set the values greater than double STDValue in HT as the
outliers.
3 For Threshold = 1:1:max(HT), set all the values with
HT>Threshold as the outliers, and set other values as the
normals.
4 Calculate the Se = [Se;TP/(TP+FN)]; Sp = [Sp;TN/(FP+TN)]
according to Table 1.
5 For loop termination, return to Se and Sp.
The Se and Sp parameters obtained using pseudo codes are
plotted as shown in Fig. 4. Concerning the selection of optimal
Se and Sp parameters, there is usually an inflection point in
the ROC curve, at which Se reaches a relative optimum and
1 − Sp reaches a minimum. Hence, during actual application,
it is only necessary to calculate such inflection point in the
program.

2.

Results and discussion

2.1.

Pollutant data feature analysis

As shown in Appendix A Fig. S1, an obvious dose–response
relationship is present between the behavioral intensity variation of Medaka and the 5TU TCP.
An obvious dose–response relationship is also present between the behavioral intensity variation of Medaka and the
pollutants in the running water exposure experiments of 5TU
CuSO4 shown in Appendix A Fig. S2. In the same concentration, Medaka has more sensitive response to TCP than CuSO4,
and the warning time for TCP is shorter. TCP has a great influence on the nervous system of fish. After the poisoning, fish
will become violent and swim in a disorderly way, and their
average speed and acceleration of swimming will greatly increase. And heavy metals have a toxic accumulation feature,
refer to environmental stress threshold model, fish react to
pollutants when they reach the limits of their body tolerance.
For CuSO4, the behavior of the Medaka slows down after poisoning until it accumulates to the extreme point, and then
drops sharply in a short period of time. High concentrations
can directly kill fish. In fact, the action time is longer than
that of the same concentration of TCP. In the 5TU running wa-
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body can reach a balance state. For example, metallothionein
combines with heavy metals to form nontoxic or low toxic
complex, heavy metal particles "surrounded isolation mechanism" and so on. As a result, heavy metals are characterized by the accumulation of toxicity in organisms, leading to
behavioral changes at a slower rate than organic pollutants
(Liang et al., 1999; Xu et al., 2004).

2.2.
Warning time for various typical characteristic
pollutants

Fig. 5 – Environment stress model.

ter exposure experiment, the behavioral intensity of Medaka
declines fundamentally in a gradual manner, and there is no
obvious behavioral dysregulation process. Besides, given the
cumulative effect of heavy metals, the behavioral response of
Medaka during the low-concentration running water exposure
is lagging markedly behind that with the neurotoxic pollutants.
All of these results showed that under exposure to a certain concentration of pollutants, the correspondence between
behavioral change of Medaka and exposure time conforms
fundamentally to the environmental stress threshold model
shown in Fig. 5 (Gerhardt et al., 2002). The experiment of high
concentration of TCP (Appendix A Fig. S1) showed that after
being exposed to the toxin, the behavioral intensity increased,
and then adjusted after reaching a peak, and finally the behavioral intensity decreased to 0. After being poisoned, CuSO4 of
5TU slowly accumulates toxicity in the body. After reaching a
limit, the behavior intensity drops rapidly until death. In the
environmental stress threshold model, the Medaka was in a
rather stable stage initially. After exposure to the polluted environment, changes were observed in their behaviors as described in the figure. Initially, they exhibited an increase in
behavioral intensity, and then there was a process of acclimation, which was followed by behavioral adjustment. For pollutants with low toxicity, there may also be a process of repeated
adjustments until occurrence of a distinct behavioral toxic effect (Liu et al., 2010a).
As proved by the experiments, the intensity of behavioral
change and the number, duration of repeated adjustments for
Medaka are linked to the type and concentration of pollutants,
which show apparent regularities. The greater the environmental stress, the shorter the duration of avoidance behavior. Contrastively, less environmental stress indicates longer
duration of avoidance behavior and even the adjustment process. In the case of high-concentration pollutants, Medaka may
reach the threshold 2 position directly and die. Additionally,
heavy metals have a toxic accumulation feature in organisms,
which cause behavioral changes more slowly than organic
pollutants (Liu et al., 2010b). In low dose heavy metal polluted
environment, the fish body can play the detoxification function of its own, releasing the poison to the outside body, in
order to maintain the stability of the internal environment,
so that the accumulation and removal of heavy metals in the

Warning time is an important evaluation indicator. It was expected that the online monitoring algorithm offer an accurate
result in the fastest time regardless of the type and concentration of pollutants. This helps the environmental protection
sector respond quickly and effectively to pollution emergencies, so as to minimize the environmental damage by pollutants. In the field of environmental monitoring with aquatic
organisms, there is yet any uniform dimensionless criterion
for effectively measuring within what standard time each organism should give forewarning after being poisoned. In the
case of luminescent bacteria (Pedahzur et al., 2004), the common practice is to give an alarm upon decline of behaviors by
a certain percentage. If this approach is incorporated into the
fish electrical signal method, it can only give a forewarning
during the Decreased Locomotion phase, as suggested by the
environmental stress threshold model in Fig. 5. Usually, such
warning time is rather long, especially at low concentrations,
which may last for a considerably long time. As a result, inconformity to the proportion of decline is highly likely, thereby
easily lead to false negatives. During our development of the
Bayesian sequential method, we considered the Increased Locomotion phase (Fig. 5), since the determination on the rising
edge yields considerably earlier warning time than the determination with the falling edge.
In Figs. 6 and 7, the results of running water exposure experiments are presented for three different concentrations of
pollutants at a uniform warning threshold. Since the 1TU TCP
(Fig. 6a) already produces obvious impact on the Medaka, the
anomaly is detected by the Bayesian sequential algorithm at
24 min, and accurate and effective forewarning is provided.
Besides, the 2TU TCP (Fig. 6b) can be detected at 14 min. As
for the 5TU TCP (Fig. 6c), its concentration is quite high, so the
behavioral intensity of Medaka changes more drastically, and
the dose–response relationship is also more distinct. Thus,
the pollutant can be detected at 10 min in theory, although
the alarm is only given 78 min after toxicant administration
based on the actual results. Careful reanalysis of the original
data finds that the vitality varies among the fish in different
channels. Despite the detection of anomaly in the Bayesian
sequential algorithm, the outlier is yet to reach the warning
threshold, so the warning time is delayed, which is not a common phenomenon. If the 5TU experiment is repeated again,
we can find that the forewarning is given within 10 min some
times, and longer at other times, demonstrating that individual differences in fish have a great impact on the algorithm. In
the running water exposure experiment of 1TU CuSO4 , Medaka
does not die out entirely at last, and the copper ions have a cumulative effect, so a long time is consumed for this anomaly
detection. According to Fig. 7a, warning time with the Bayesian
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Fig. 6 – The behavioral effects (above) and warning time (below) of Bayesian sequential method for TCP at different
concentrations: (a) 1 TU; (b) 2 TU; (C) 5 TU. BI: behavioral intensity, corresponds to the fish behavioral signals. The
red dotted line represents the agent administration points; BP: Bayesian probability. The green dotted line represents the
warning time, the same below.

sequential method is about 2.5 hr, which is considerably later
than TCP exposure at the same concentration. Similar trend
is also present for the 2TU CuSO4 (Fig. 7b), with the anomaly
detection time all far slower than the TCP of the same concentration. In the case of 5TU CuSO4 (Fig. 7c), false positives are
produced under uniform parameters, that is, erroneous determination occurs at the time before toxicant administration.
From the original image, it can also be seen that the vitality
of fish is very strong in this case, so that the overall vitality
declines after being poisoned, despite conformity to the environmental stress threshold model. Since the empirical value
in the initial 60 min is completely greater than the value after
toxicant administration, the algorithm is unable to detect the
subsequent anomalies. Particularly, heavy metals can damage
the respiratory system of fish (Liang et al., 1999; Xu et al., 2004).
After the poisoning, its activity is gradually weakened without
struggling during the process, similar to boiling a frog in warm
water. If the heavy metals continue to act on the fish or the exposure concentration is very high, which exceeds the threshold value of the accumulation of heavy metals in the fish, it
will directly lead to the damage or death. So the signal will
look like Fig. 7c. The sequential Bayesian algorithm will fail at
this time, and the higher the concentration, the more likely
it will fail. Additionally, all of these algorithms perform computation in real time, so the subsequent data is unknown during the computational process. In the static condition, less delayed or false alarm are caused for the 5TU TCP and 5TU CuSO4

since the overall mean and variance are known at this time,
so it is rather easy to determine the overall trends. In practical
applications, the Bayesian sequential algorithm needs to be
supported by other algorithms. In the actual equipment that
could run as a business, the algorithm provided in this paper
is only a support for the comprehensive judgment of the data
of 8 channels. In fact, the preprocessing of behavioral strength
signals is needed before the algorithm, and the early-warning
judgment process and fusion of channels data is also needed
after the algorithm. Eventually our Bayesian sequential algorithm will be able to be applied to monitoring devices.

2.3.

False positives and false negatives

In the online water quality monitoring, false positive
(Akobeng, 2007) refers to the case in which the algorithm gives
a forewarning although no water pollution incident occurs actually. In a similar way, false negative refers to the case in
which the algorithm does not give any forewarning despite
the actual occurrence of a water pollution incident. In general, false positives occur in the nontoxic condition, which are
attributed to the biological clock and individual differences of
fish, as well as the environmental noise.
In Table 2, the results given by the Bayesian sequential algorithm are recorded for the six sets of experiments, which are
compared with the expected experimental results. According
to Table 2, the Bayesian sequential algorithm all along gives
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Fig. 7 – The behavioral effects (above) and warning time (below) of Bayesian sequential method for CuSO4 at different
concentrations: (a) 1 TU; (b) 2 TU; (C) 5 TU.

Table 2 – Results given by the Bayesian sequential algorithm.

Pollutants

Concentrations

False
Positives

TCP
TCP
TCP
CuSO4
CuSO4
CuSO4

1TU
2TU
5TU
1TU
2TU
5TU

×
×
×
×
×


False
Negatives

Accurate
warning

×
×
×
×
×
×






×

: the situation occurred; ×: the situation did not occur.

accurate forewarnings for the six sets of experiments, without
false negatives even in the case of low-concentration TCP and
CuSO4 . Meanwhile, it is clear from Appendix A Fig. S3 that the
algorithm handles the nontoxic condition excellently, generating only one false positive result under a given probability
threshold 0.5. It eliminated the influence from environmental noise via the wavelet transform, and removed the individual differences comprehensively based on the data of 8 channels. Thus, the Bayesian sequential algorithm is experimentally proved to have a very high forewarning accuracy.
As a contrast, the results given by the wavelet algorithm
and hard threshold are recorded in Table 3, which are included from Appendix A Figs. S4 and S5. According to Table 3,
the wavelet algorithm is accurate for TCP, but it’s completely
wrong for CuSO4 . This means that the wavelet algorithm is
useful only for organic pollutants and not for those that do

Table 3 – Results given by the wavelet algorithm.

Pollutants

Concentrations

False
Positives

False
Negatives

Accurate
warning

TCP
TCP
TCP
CuSO4
CuSO4
CuSO4

1TU
2TU
5TU
1TU
2TU
5TU

×
×
×
–
–
–

×
×
×
–
–
–




×
×
×

: the situation occurred; ×: the situation did not occur; -: unknown.

not fully conform to environmental threshold models, while
our Bayesian approach is also useful for heavy metals.

2.4.

ROC curves for anomaly detection results

Given the individual biological differences, the behavioral signal curves vary among Medaka in different groups. In the
engineering applications, 8 parallel channels are used, each
of which should have different threshold criteria. Otherwise,
false positives and negatives will occur by the Bayesian sequential algorithm due to the individual differences. Accordingly, the method for automatic assignment of threshold
parameters by the program is described in Sect. 1.3. This
section verifies whether the parameters given in Sect. 1.3
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are consistent with the theoretical values from an experimental perspective.
From a combination of Appendix A Figs. S6 and S7, it is
clear that the Se and Sp curves have an intersection, which
may not be a value though. Regarding the wavelet transform
of 8 channels and the computation of Hotelling’s T2 parameters, they follow the 8-DOF chi-square distribution. It can be
inferred that the optimal Hotelling’s T2 threshold should be
15.507 by looking up the table. Besides, it can also be concluded
from Appendix A Figs. S6 and S7 that all the values between
14 and 25 are the optimal parameters for the current concentration.
Computation of anomaly probability is required in the
Bayesian sequential algorithm, and empirical-based Se and Sp
values need to be assigned in advance. Hence, for the different
channels used in each experiment, the Se and Sp values are determined as per the method in Sect. 2.3 by taking the data of
initial 60 min as the empirical data. In Appendix A Figs. S8 and
S9, the ROC curves of TCP and CuSO4 are illustrated, respectively, at various concentrations. Measurement of the quality
of a ROC curve is often accomplished by calculating the area
under the curve. As can be seen from the figures, an inflection
point is present all along. Each organism has its own characteristics and individuals have differences. The algorithms that
run as bussiness cannot give individual parameters according
to each group of Medaka, so it is necessary for the algorithm
to learn the best parameters by itself. During actual application, this inflection point is calculated, and then the optimal
parameters are given for each set of experiments.

3.

Conclusions

In this paper, an outlier detection algorithm is proposed by
integrating the Bayesian sequential algorithm, which avoids
many false positives and negatives. Through computation of
outlier probability, the glitches in the detection results are
suppressed effectively. Meanwhile, wavelet transform detection of discontinuity signals in fish behaviors is proposed targeting the indistinct discontinuity problem of characteristic
fish toxicity signals that are acquired from the biological behavior sensors, which achieves effective signal processing on
the basis of the discontinuity signals.
In the paper, analysis of fish behaviors variations induced
by TCP and CuSO4 verified that Bayesian sequential algorithm
for fish toxicity detection can meet expectations in terms
of both the warning time, and the false positives and negatives. Moreover, the detection effect for various concentrations of characteristic pollutants can also be observed intuitively based on the areas under the ROC curves. And our
device takes sufficient prior information into consideration
and has considerable reference for this real-time environment detection system. In the follow-up work, we will focus on the correspondence between fish behavioral signals
and characteristic pollutants at low- or even ultra-low concentrations, and detect them algorithmically in a quick and
effective manner, in order to improve the forewarning ability of fish species against comprehensive toxicity in the water
environment.
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