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Abstract: Aquaculture is growing ever more important due to the decrease in natural marine1

resources and increase in worldwide demand. To avoid losses due to aging and abnormal weather, it2

is important to predict seawater temperature in order to maintain a more stable supply, particularly3

for high value added products, such as pearls and scallops. The increase in species extinction is a4

prominent societal issue. Furthermore, in order to maintain a stable quality of farmed fishery, water5

temperature should be measured daily and farming methods altered according to seasonal stresses.6

In this paper, we propose an algorithm to estimate seawater temperature in marine aquaculture by7

combining seawater temperature data and actual weather data.8

Keywords: WSN, IoT, seawater temperature prediction, marine aquaculture support9

1. Introduction10

In a discussion of aquaculture, it is important to understand the aquaculture environment.11

Unlike wild fish and shellfish, fish and shellfish bred in an aquaculture environment are restricted12

by tanks and rafts and cannot move freely. As a result, fish and shellfish maintained in restricted13

fishing grounds are at risk of annihilation when fluctuations in red tides and seawater temperatures14

occur. As a representative example, in 1996, Mie Prefecture’s Shingo Bay, a typical pearl culture15

aquaculture pond, suffered a massive die-off of Japanese Akoya oysters from infectious diseases.16

Furthermore, in 2011, tidal waves caused by the Great East Japan Earthquake of March 11 resulted in17

red tides that devastated the Akoya population. The pearl market has been plagued by small-scale18

die-offs and poor quality every year, and deteriorating quality has been linked to sudden changes in19

water temperature and phytoplankton management [14]. Therefore, aquaculture workers commonly20

use services that provide remote seawater temperatures in real time. However, these services21

provide seawater temperature measurements for at most two locations in one bay; thus, the seawater22

temperature is often different from the farm location’s temperature. In addition, depending on23

the structure of the bay, sunshine and weather conditions result in differing temperatures, making24

temperature prediction difficult with the conventional global model. In this paper, we propose25

an algorithm that predicts seawater temperature in a marine aquaculture field by combining sea26

temperature data and actual weather data.27

The second section of this paper demonstrates the importance of water temperature management28

in pearl farming and the problems to be resolved by this research. In Section 3, we describe our29

proposed prediction algorithm. The results of our evaluation experiments are set forth in Section 4,30

Section 5 introduces the previous research related to this research, and, finally, we summarize this31

paper in Section 6 and describe our future work.32
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2. Issues and current status of pearl farming33

2.1. History and present situation34

Pearls have been prized all over the world since ancient times and, according to Yamada [12],35

used in jewelry since early BC. Prior to the establishment of pearl culture technology, only a few36

pearls were produced in 10,000 natural shells, and thus were highly valued due to their scarcity. In37

1893 (Meiji 26), Aki Bay in Mie Prefecture was the first in the world to artificially cultivate pearls and,38

in the 1920s, the development of artificial cultured pearls stablized and they began to be supplied to39

the world. In the 1950s, Japan’s share in the pearl market worldwide reached 90%, playing a large40

part in Japan’s export industry, with pearls coming from Mie, Wakayama, and Nagasaki Prefectures.41

However, pearl farming is now practiced around the world and Japan’s share has decreased each42

year. In an effort to boost Japan’s pearl farming, on June 7, 2017, the "Pearl Promotion Act" [12] went43

into effect. In addition, as a result of the losses of 1996, Mie prefecture, which has Japan’s highest44

pearl farming output, purchased and interbred native Japanese Akoya oysters and non-Japanese45

pearl oysters in an effort to cultivate breeds that are resistant to environmental changes. Almost46

all cultivated pearl oysters are now crossbred species. However, the use of hybrids has resulted in the47

following problems:48

• Fewer are evaluated as first grade (poor quality)49

• As compared to a natural environment, aquaculture management is complicated (it is necessary50

to breed more than the required number)51

• Hybrids suffer from contamination of egg cells (in the gonads) not found in Japanese giant pearl52

oysters (causes a deterioration in quality)53

• Genetic information peculiar to Japan is lost (conservation of species)54

We therefore promote rebuilding the brand image and sales of Japanese pearls by returning to pearl55

farming using Japanese Akoya oysters. However, Akoya oysters are weak against environmental56

change as compared with hybrids. Thus, the need for water temperature/water quality control57

to guard against red tides caused by massive zooplankton populations and death due to water58

temperature change is greater than for hybrids.59

2.2. Importance of present temperature control60

There are numerous processes for culturing pearls. In artificial culturing, a nacreous layer is61

formed by using a scalpel to insert a resin sphere (nucleus), which becomes the core of the pearl,62

into the oyster’s body [12]. It takes three years and six months for the pearl to develop, so long-term63

management is required as compared with general fish farming. To insert the nucleus into a pearl64

oyster, it is intentionally stressed to weaken it by exposing the target pearl oysters to low-water65

temperatures. In addition, the proper water temperature for Akoya oysters is 10℃ or more in winter66

and 25℃ or less in summer. When wintering is over and a sharp rise in water temperature in summer67

is expected, it is necessary to lower the aquaculture to a place with a low water temperature. Seawater68

temperature is predicted by the experience and intuition of aquaculture workers and takes time to69

master. Therefore, the aging and retirement of aquaculture workers with experience and intuition is70

a threat to pearl farming’s sustainability.71

Seawater temperature collection and prediction are widely performed, but seawater temperature72

measurement using satellites for remote sensing can obtain only temperatures a few millimeters73

below the surface [7]. There is also a service [1] that predicts seawater temperature on a global74

scale using a model that integrates ocean currents and meteorological data. However, both of these75

methods target only seawater temperatures at the surface, whereas water temperatures at a depth76

between 2 to 10 meters is important for seafood cultivation for both fish and shellfish. For the farming77

of shellfish, such as pearls, scallops, and oysters, the shellfish are kept in a net, in seawater used for78
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farming iced squid. etc. In order to install the net vertically, it is necessary to collect and predict each79

water temperature between 2-10 m.80

The size of the area is also problematic for predicting temperature. For seawater temperature81

measurement and prediction using satellite images, a relatively wide measurement range of 1-km82

mesh to 5-km mesh is generally required. Seawater temperature also depends on surrounding83

geographical features, such as nearby marine farming. It is not uncommon for a rias-type terrain,84

as in Mie Prefecture’s Ago Bay, which is the focus of this paper, to have differences of a maximum of85

2℃ in the spring and 5℃ in the summer, depending on the surrounding geographical conditions.86

For sites used to farm fish, it is necessary to collect and predict temperatures in the range of 100 m87

- 500 m square. The Mie Prefecture Pearl Culture Council’s "Ago Bay, Matoya Bay, Gokasho Bay88

Environment Monitoring System" [16] has been measuring the water temperature at depths of 0.5m,89

2 m, 5 m, and 8 m since 2007 and provides the data to aquaculture companies. The collected data90

includes examples of water temperatures in the summer and winter. The data for March 12, 2016 at91

18:00 (spring season) are shown in Table 1 and summer data from August 20, 2016 at 18:00 are shown92

in Table 2. As mentioned earlier, in Julian Bay, which is characterized by a ria coastline, the seawater93

temperature change in each area is largely due to the situation in the surrounding areas. In particular,94

in the summer season, the bay front spot located in the inner part of Ago Bay is a tidal pool with a95

water temperature of 25℃ or more, which adversely affects pearl oysters at a water depth of 0.5 m96

and 2 m.97

Table 1. Sea water temperature for 03/12/2016 18:00

Name of Bay 0.5m 2m 5m 8m

Gokasho 13.58 13.60 13.42 13.16
Matoya 11.53 11.49 11.35 11.42
Inner of Ago 13.04 13.11 12.84 12.72
Center of Ago 12.03 12.88 11.37 11.29

Table 2. Sea water temperature of 08/20/2016 18:00

Name of Bay 0.5m 2m 5m 8m

Gokasho 27.56 24.62 22.72 22.55
Matoya 25.23 23.11 22.85 22.12
Inner of Ago 28.11 27.81 25.04 24.62
Center of Ago 26.11 25.48 23.14 23.19

As described above, in aquaculture, data collection and prediction in a fine measurement range98

are necessary. For that purpose, we propose highly accurate prediction by combining not only the99

water temperatures at each point, but also weather data.100

3. Seawater temperature prediction using actual data101

3.1. Water temperature data and weather data collection device102

As mentioned in Section 2.2, since 2007, Mie Prefecture’s Ago Bay has been using a device to103

measure water temperature. The existing equipment measures chlorophyll a concentration, salinity104

concentration, dissolved oxygen, and turbidity in addition to water temperature [? ]. However,105

due to the equipment’s age and problems with the measuring equipment for measurements other106

than water temperature, it has been used only for water temperature since September 2007. The main107

reason is that accurate chlorophyll a and salt concentration measurement in seawater requires regular108

calibration of the sensors, resulting in high maintenance costs. Therefore, in response to the demand109
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from pearl farmers, we introduced a device that can stably measure water temperature, which is the110

most important parameter for pearl culture. The old observation device of 2007 to 2017 and the new111

observation device currently in operation since 2017 are shown in Figure 1. As can be seen from the
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Figure 1. Old and new observation devices

112

exterior, the old observation device is large because it is necessary to lower the sensor to the set water113

depth. Both use a mobile phone network communication system and periodically send measurement114

data to the server. In this research, we propose an algorithm to predict seawater temperature for115

each depth at each point by using water temperature data from 2007 to 2017 collected by the old116

observation equipment.117

3.2. Seawater temperature prediction algorithm118

In this section, we describe the algorithm used for seawater temperature prediction. We use119

random forest as our prediction algorithm. Random forest is a machine learning method that can120

efficiently learn decision trees created in large quantities by utilizing the advantages of randomness.121

Especially when compared with the representative supervised learning Support Vector Machine122

(SVM), random forest gives more importance to feature quantity that can be calculated by learning,123

resulting in less overlearning [4]. Since random forest uses weak learning by decision tree, the124

decision tree learning is completely independent, and parallel processing is possible, learning can be125

performed at high speeds. In addition, because multiple models are generated by collective learning126

and the results of each model are integrated and combined to improve accuracy, it is suitable for a127

prediction environment where many parameters exist. The prediction of seawater temperature in128

this study uses four seawater temperatures for each point and many parameters, such as weather129

data and tidal current data. We obtained water temperature data for the past 10 years from the Mie130

Prefecture Pearl Farming Liaison Council’s Ago Bay monitoring system. In addition, we collected131

data from the Ise Bay meteorological observatory nearest to Ago Bay, which is the observation point132

for 2007 to 2017 [17] from the database provided by the meteorological agency. Based on the above,133

multiple regression analysis by random forest was carried out at each of the following locations, and134

the prediction model was constructed and tested.135

The following shows the location of the data acquisition and features of each location.136

Gokasho Because it sits in the back of the bay, the effect of climate change is great, but there is not137

much influence from tidal changes.138
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Matoya It touches Ise Bay’s outdoor sea with a large temperature difference in water depths of 2 m139

and 8 m.140

Inner of Ago The temperature change of the layers is great (due to weather conditions) and the141

deviation of each water temperature is high with each tide.142

Center of Ago Water temperature change is gentle.143

South Ise meteorological observatory (weather data collection site)144

An example of changes in seawater temperature due to Matoya Bay’s weather conditions is145

shown in Fig. 2. Matoya bay is located in the vicinity of Ise Bay’s outer sea, where seawater
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Figure 2. Seawater temperature change and climatic conditions in Matoya Bay

146

temperature changes occur relatively slowly. However, due to a sudden temperature fluctuation147

on November 24 due to heavy rain, the surface layer had a drastic change in temperature with the148

middle layer also declining. As mentioned above, although seawater temperature varies with depth,149

weather also has a great influence. In this study, we model seawater temperature change at each point150

by using temperature and wind speed data as a weather condition, and construct a water temperature151

prediction algorithm.152

3.3. Data prediction flow153

We constructed our prediction model based on the actual data of each site. Random forest154

was used for the prediction algorithm and modeling. All calculations were done on Python and155

direct access to the database on the server was possible. We constructed this prediction model to156

use large-scale data. After modeling for each point, we input each day’s weather forecast after its157

announcement by the Japan Meteorological Agency (JMA) at 15:00. In other words, by inputting158

the forecast values of hourly temperatures and wind speeds from the meteorological forecast data159

provided by the JMA, it is possible to predict seawater temperatures at depths of 0.5 m, 2 m, 5 m, and160

8 m at each site in one hour units. The data prediction flow is shown in Fig. 3.161

We will describe the prediction results of the actual prediction model in the next chapter.162
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Figure 3. Data prediction flow

4. Experimental result163

4.1. Experimental setting164

In the evaluation experiments, we modeled using the water temperature data of each actual165

site as the learning data and meteorological data (hourly temperature and wind speed) every hour166

obtained from the South Ise meteorological observatory. Prediction accuracy was verified using the167

predicted values of temperature and wind speed per hour that are announced daily at 15:00 in Ise168

city, Mie prefecture. The data count for each data collection period and water temperature data is169

shown below.170

Data string used for model construction171

• Meteorological data measured value of South Ise meteorological observation (temperature,172

wind speed per hour) 03/20/2007 to 01/05/2016173

• Actual measurement value of water temperature in Gokasho Bay (every hour) 03/20/2007 to174

01/05/2016 - 72,923 cases175

• Actual water temperature value of Matoya Bay (every hour) 03/20/2007 to 01/05/2016 - 76,254176

cases177

• Actual water temperature measurement for inner front of Ago Bay (every hour) 03/20/2007 to178

01/05/2016 - 114,321 cases179

• Actual water temperature measurement for center of Ago Bay (every hour) 03/20/2007 to180

01/05/2016 - 96,957 cases181

Maintenance and removal of land data due to typhoons was performed, so there were differences in182

the number of data. We describe our preliminary verification for verifying depth, model size, and183

prediction accuracy of the decision tree in the random forest method in the next section.184

4.2. Prior verification185

In this section, we examine the influence of depth of decision tree on prediction accuracy in the186

random forest method. With random forest, the depth of the tree structure in the decision tree is a187

parameter for adjusting the complexity of the model, and those with a deep decision tree structure are188
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more complicated, while those with a shallow decision tree are simpler. To verify the maximum depth189

of the decision tree in this preliminary verification, we use Python’s library scikit-learn to calculate190

the correct answer rate for each maximum depth of the decision tree, and use the 1.00 method to191

calculate the generalization performance of the model. The data used for this preliminary verification192

are:193

• Meteorological measurement data of South Ise meteorological observatory (temperature, wind194

speed per hour) 03/20/2007 to 01/05/2016195

• Actual water temperature measurement at a water depth of 8 m in Gokasho Bay (every hour)196

03/20/2007 to 01/05/2016 - 72,923 cases197

Next, the maximum depth of the decision tree was set to 40 and the generalization performance for198

each maximum depth was output. The correct answer rate for each maximum depth is shown in199

Table 3.200

Table 3. Maximum depth of decision tree and accuracy rate

Max depth Correct answer rate

5 0.325333
10 0.326667
15 0.326667
20 0.325333
25 0.94
30 0.946667
35 0.953333
40 0.946667

The results indicate that if the maximum depth of the decision tree is 25 or more, the201

generalization performance is approximately 0.94. In the next section, we will discuss our verification202

of the prediction accuracy.203

4.3. Experimental result204

In this section, we describe the prediction results using actual data. For the prediction accuracy205

verification, we used the forecast data released by the JMA in Ise city, Mie prefecture as the input to206

the prediction model for each site using the data listed in Section 4.1. The forecast data released by207

the JMA is announced at 15:00 every day, and includes the forecast value of temperature and wind208

speed at every hour from 0:00 to 23:00 on the following day. By inputting the forecast data into the209

prediction model of each location, we obtain the forecast data of water temperatures at depths of 0.5210

m, 2 m, 5 m, and 8 m every hour from 0:00 to 23:00 on the following day, and compare it with the211

actual measured value of the water temperature at each depth of each site during the same period.212

The missing data in each data string is complemented by generating an intermediate value of the213

data before and after the time series. The maximum depth of the random forest decision tree in this214

accuracy verification is set to 30 based on the findings obtained in the preliminary verification in the215

previous section. The data sequence used for the prediction accuracy verification is shown below.216

Data string used for prediction accuracy verification217

• Meteorological measured data of South Ise meteorological observatory (temperature, wind218

speed per hour) 01/05/2016 to 01/05/2017 - 8,688 cases219

• Actual water temperature measurement in Gokasho Bay (every hour) - 8,751 cases220

• Actual water temperature measurement in Matoya Bay (every hour) - 8,748 cases221

• Actual water temperature measurement in the inner front of Ago Bay (every hour) - 8,751 cases222

• Actual water temperature measurement for center of Ago Bay (every hour) - 8,710 cases223

In order to show which parameters are most effective for prediction, we performed prediction in224

two steps. Prediction 1 was made using only the water temperature and weather data, and prediction225
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2 was made by learning using the temperature and wind speed for each water temperature and226

meteorological data. The prediction 1 result is shown in Table 4 and prediction 2 result is shown227

in Table 5. Regarding error in the prediction result, the predicted value of the water temperature228

at each water depth/point for January 6, 2016 to January 7, 2017 output by the prediction model is229

compared with the actual measured value at each point. Differences after comparison are averaged.230

The one with the largest error when comparing is the maximum error.231

Numerical values after the comma at each water temperature indicate the maximum error at232

each depth. The maximum error at each point is also shown in the table.233

Table 4. Result 1: Temperature only

Area 0.5m 2m 5m 8m Maximum error

Gokasho 1.175, 7.10 1.113, 6.46 1.083, 6.25 1.095, 6.14 6.46
Matoya 1.157, 6.10 1.171, 5.68 1.158, 6.62 1.141, 7.37 7.37
Inner of Ago 1.121, 11.9 1.188, 11.6 1.136, 12.24 1.079, 10.47 12.24
Center of Ago 1.157, 6.39 1.109, 7.01 1.070, 6.25 0.969, 5.68 7.01

Table 5. Result 2: Temperature and wind speed

Area 0.5m 2m 5m 8m Maximum error

Gokasho 1.008, 5.99 0.978, 6.06 0.951, 5.46 0.971, 6.49 6.49
Matoya 1.029, 5.60 1.051, 5.76 1.042, 5.80 1.030, 6.16 6.16
Inner of Ago 1.042, 12.9 1.060, 11.6 1.006, 11.76 1.030, 6.16 12.91
Center of Ago 0.994, 6.56 0.971, 6.52 0.938, 6.32 0.853, 5.57 6.57

4.4. Discussion234

It was also found that the model’s mean error based on the combination of air temperature and235

seawater temperature in prediction result 1 is about 1.1℃. Further, as for the result of the prediction236

model with the wind speed added in prediction result 2, since the average error is approximately 1237

℃, it is possible to predict in the normal state. However, the maximum error exceeds 6℃ regardless238

of either result, and the maximum error is 12.9 ℃ for inner Ago bay. The cause of this error in239

the prediction result is a sudden temperature change. In particular, with regard to the early winter240

seasons, the temperature fluctuation range was large and deviation between the predicted result and241

the measured value occurred with temperature change. A graph of the predicted value and measured242

value of December 26-27, 2016, in which the error between the predicted value and the measured243

value was at its maximum, is shown in Fig. 4.

Figure 4. Predicted value and measured value of 12/26-27/2016

244

On December 26, 2016, the high pressure that had prevailed up until December 25, 2016245

suddenly collapsed due to the passage of low pressure accompanied by a front. Sudden changes246

in weather with little accompanying data increase the maximum error; thus, performance cannot be247

improved with respect to the data at normal times, which is often contained in the training data, and248
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overlearning occurs. We believe that prediction accuracy can be improved by continuing to alter the249

algorithm, applying measures to prevent excessive learning, and adding parameters such as tidal250

currents, wind speed, and total rainfall.251

In this research, we made predictions by using weather forecast data (hourly temperature252

and wind speed forecast) provided by the JMA. The JMA’s weather forecast for the following253

day is predominantly 87% accurate in terms of the forecast for rain and roughly 85% in terms254

of forecast error of the highest temperature [6]. Thus, we believe this information to be accurate255

for input as a forecast of seawater temperature. However, rainfall amounts may differ between256

the water temperature observation point and the meteorological observation point of the South257

Ise meteorological observatory because they are two separate locations. We plan to use tidal data258

provided by the JMA. In the future, we aim to confirm the minimum data required for learning,259

cope with outliers, and predict long-term seawater temperature using long-term forecast data. For260

the inner Ago bay area, the meteorological data acquisition point is far and is surrounded by261

mountains. Therefore, using our wireless sensor network (WSN) platform, in April 2017, we installed262

a composite weather meter on the same raft as the water temperature observation device. This263

complex meteorological meter is shown in Fig. 5.264

!"#$%"&'
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Figure 5. Meteorological sensor at actual field

This method of continuously collecting this weather meter’s data and combining it with weather265

data in the vicinity of the site where we want to predict seawater temperature reduces errors.266
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5. Related Works267

5.1. Research on remote sensing268

Modeling and forecasting of tidal currents and seawater temperature have long been conducted269

in the field of oceanography [18]. Recently, in addition to aircraft, marine environmental information270

is obtained and predicted based on various sensors mounted on artificial satellites. For example,271

research on ocean environment prediction uses satellite images, land and ocean weather conditions,272

and sea temperature data obtained by sensing buoys [1] Research to predict atmospheric and oceanic273

conditions using a relatively small range of 2-20-km mesh [3] has improved the sensing accuracy of274

sea surface temperature using infrared and microwave sensors mounted on artificial satellites [7].275

Studies have investigated the relation between catch size and seawater temperature in an attempt276

to quantify the relationship between seawater temperature change and fishery [8], and used satellite277

images to determine the growth of coral reefs [9]. However, these studies do not provide the seawater278

temperature of farmed sealife, which is most important for fishery and marine aquaculture. The sea279

surface temperature is easily influenced by weather conditions such as surrounding air temperature.280

Compared to the surface temperature of the ocean, seawater temperature changes tend to stabilize281

as the water depth increases, which is different from the sea surface temperature, which changes282

largely depending on temperature change. Particularly in the summer and winter, the sea surface283

temperature is often approximated to the atmospheric temperature due to the influence of solar284

radiation and temperature change, but these factors have a lesser impact on middle sea water285

temperature. Therefore, it is important to forecast not only the sea surface temperature via remote286

sensing, but also the seawater temperature of the water depth actually used for farming.287

5.2. Research on environment information gathering and prediction by WSN288

WSN technology forms the core of IoT (Internet of Things) and M2M (Machine to Machine) and289

has been extensively studied [19]. The nodes constituting the WSN can constitute a "multi-hop/ad290

hoc network" that acquires sensor data, such as temperature, illuminance, acceleration, and the like,291

and transfers the acquired data by a bucket brigade method using radio waves [20],[21]. WSN reduces292

autonomous network construction by simply arranging nodes, so it can reduce the installation work293

at the site. When acquiring sensor data, because we can capture the dynamics of the world, WSN294

is widely studied as a promising application for object tracking and monitoring of the natural295

environment.296

We are developing sensor network devices and server applications capable of gathering high-density297

information on a large scale and collecting environmental data [22].298

6. Conclusion299

In this paper, we proposed an algorithm to predict seawater temperature at water depths used300

for aquaculture. Sucn prediction for the water depth actually used for farming as proposed in301

this research has heretofore not been carried out, despite its importance in successful aquaculture.302

We proposed an algorithm using a prediction model based on actual weather data and seawater303

temperature data that has a high prediction accuracy of about 1 ℃. We will continue our research304

on reducing outliers, coping with overlearning, and long-term seawater temperature prediction on a305

monthly basis. In the future, we will support not only seawater temperature, but also chlorophyll a306

and salinity concentrations to further promote sustainable aquaculture.307
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