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Abstract 9 

Rapid and non-intrusive measurement of the rheological properties of non-Newtonian fluids is crucial 10 

for applications such as the development of autonomous experimental systems. Herein, we propose a 11 

technique that utilizes machine learning to sequentially predict surface tension, contact angle, and 12 

viscosity characteristics based on flow images. Flow images were obtained by rotating oil–water 13 

emulsion samples in a cuvette by 90°. The extracted interface positions were used as features to train 14 

a random forest algorithm. The 1 mL emulsion sample remained entirely unconsumed, and the 15 

measurement was completed in 6 s. We demonstrated that the surface tension and contact angles of 16 

eight emulsion samples could be predicted with a NRMSE=27.7% or less using training data from 17 

only two samples. 18 

 19 
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1. Introduction 26 

The integration of materials informatics and autonomous experimentation has contributed 27 

to a dramatic increase in the efficiency of materials discovery [1]. Automated experimentation using 28 

machine learning is actively being developed across various fields, including drug discovery [2] and 29 

biotechnology [3]. Artificial intelligence (AI)-driven robotic systems perform tasks such as protein 30 

synthesis in unmanned laboratories [4]. Furthermore, “metaverse laboratories” are being developed to 31 

optimize automated experiments by using deep learning to analyze correlations in material properties, 32 

ranging from the atomic scale to the bulk level, and predict future system configurations [5]. 33 

However, in many research and development scenarios, manual operations, such as 34 

transferring liquids via a pipette or test tube, are essential. Connecting different pieces of equipment 35 

and seamlessly integrating AI and robots still require a high level of expertise and technical skills. In 36 

such cases, partial or “hybrid” automated experiments that incorporate manual tasks are recommended. 37 

This approach involves a system where humans and autonomous robots work collaboratively in the 38 

same laboratory [6, 7]. Here, robots utilize the same instruments and perform the same actions as 39 

humans, and they make decisions based on features extracted through manual processes [8]. 40 

Transparent vessels, commonly used for reaction, mixing, and classification operations in 41 

biology and chemistry, present challenges for this type of hybrid automation [9, 10]. Conventional 42 

robotic operations that rely on pressure sensors have certain limitations. Consequently, vision-based 43 
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control systems have been proposed to enhance operational safety and versatility while achieving high 44 

throughput. Robots execute tasks such as recognizing transparent vessels, performing pouring 45 

operations, and screening for solubility by analyzing captured images [11-13]. Vision systems 46 

contribute to higher throughput by eliminating the need for certain sensors, as well as reducing the 47 

weight and space requirements of equipment. Thus, the development of such image-based 48 

measurement techniques is valuable not only for automated experiments but also for experiments 49 

conducted in extreme environments, such as X-ray facilities [14, 15] or microgravity conditions [16]. 50 

However, the amount of available data, including multiple rheological parameters, for the 51 

development of new materials is limited. Applying machine learning to solve complex tasks is 52 

challenging and, in some cases, infeasible, particularly for deep learning, which requires large datasets. 53 

Consequently, rather than mass-producing image-based deep learning models, it is more adaptable to 54 

construct a prediction system that reduces flow images to low-dimensional parameters, such as 55 

viscosity and surface tension, and incorporates physical models [17]. 56 

Several studies on machine learning with limited data have focused on the effective use of 57 

data [18-20] and the comparison of algorithms [21-23]. In small-dataset machine learning, the random 58 

forest (RF) algorithm offers robust analysis because it can utilize every record in a dataset without the 59 

risk of overfitting. Consequently, it is employed in fields where it is difficult to acquire large volumes 60 

of data. Examples of its applications include education [20], biomedicine [24], prognosis of breast 61 
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cancer [25], marine biology [26], forest fires [22], river flow rates [23], forest management [27], 62 

screening for small-molecule additives [28], and the prediction of thermophysical properties and heat 63 

transfer in nanofluids [29]. 64 

In this study, we attempted to decompose the flow images of oil–water (O/W) emulsions as 65 

representative non-Newtonian fluids into rheological parameters using a RF algorithm. Basic 66 

experimental procedures such as stirring and pouring are related to the rheological parameters of fluids 67 

[30]. Consequently, we focused on surface tension, contact angle, and viscosity. Currently, these 68 

physical parameters are measured using separate devices and methods. When factors such as 69 

temperature control and pre- and post-cleaning are considered, the measurement of these quantities 70 

requires significant effort, making it hard to automate. 71 

Traditional methods, such as electrochemical, optical, and spectroscopic methods for the 72 

measurement of surface tension, are unsuitable for automated systems because they require careful 73 

cleaning and laborious setup. The pendant drop method is a well-known image-based technique for 74 

measuring surface tension. Soori et al. [31] reported that by inputting images of suspension droplets 75 

into a convolutional neural network, surface tension can be predicted with high accuracy, independent 76 

of the droplet size or liquid properties. Because the surface tension of surfactant solutions depends on 77 

their concentration and relaxation time, multiple measurement techniques have been developed using 78 

machine learning [32, 33]. However, the requirement for special equipment to generate and image the 79 
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droplets presents challenges for implementing in-line measurements in autonomous experimentation 80 

systems. Moreover, databases for deep learning only exist for surfactants [34-36] and ionic liquids 81 

[37]. However, no databases exist for most other non-Newtonian fluids. Handling such fluids requires 82 

time and effort to build a database. 83 

Viscosity is an important rheological parameter for a wide range of fluids, including foods, 84 

paints, solvents, and detergents. However, there are only a few examples of non-contact measurements. 85 

Deshmukh et al. [38] enabled the high-throughput viscosity measurement of complex fluids based on 86 

flow in a microchip. Methods utilizing compliant containers and pressure sensors in conjunction with 87 

machine learning have also been proposed [39]; however, these methods require a substantial sample 88 

volume and involve large-scale equipment. Although high-precision measurements using microfluidic 89 

channels [40, 41] and machine learning have been achieved, slurry fluids present clogging problems. 90 

Although a high-throughput method using pipetting actions [42] has been proposed, it is limited to 91 

Newtonian fluids. Walker et al. [43] attempted to predict viscosity using a vision-based approach by 92 

capturing video of a robot pouring liquids. This approach is similar in concept to that used in the 93 

present study. However, it was limited to Newtonian fluids and focused on classification rather than 94 

predicting specific viscosity values. 95 

This study aimed to provide developers, such as those working in drug discovery and the 96 

food and cosmetic industries who manually handle small samples, with a rapid and non-intrusive 97 
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rheological measurement method. It attempted to predict surface tension and viscosity simultaneously 98 

based on flow images captured while tilting a small cuvette by 90°. Because the proposed method 99 

fundamentally targets small-dataset evaluations, the RF algorithm was employed for machine learning. 100 

The proposed method enables the measurement of liquid properties without physical contact or sample 101 

consumption. Because the only required action is to tilt the container, the proposed technique has 102 

potential for future applications in in-line measurements in autonomous experimental systems. 103 

 104 

2. Methods 105 

2.1 Preparation of emulsion 106 

Ten samples with different physical properties were prepared. Table 1 lists the compositions 107 

of the samples. The dispersed phase comprised linseed oil, oleic acid, stearic acid, and palmitic acid. 108 

The continuous phase consisted of a mixture of distilled water and ethanol containing sodium benzoate 109 

and Polysorbate 60. Sample weighing was performed at room temperature (20–25 °C). 110 

The continuous and dispersed phases were placed in separate 50-mL beakers and heated to 111 

60 °C with stirring using a magnetic stirrer. After the two phases were mixed, the mixed solution was 112 

cooled to 30 °C and stirred for 10 min. Subsequently, it was transferred to a conical tube and 113 

homogenized for 5 min using a homogenizer (Model 3000, Dremel Co.) while being maintained at 114 

30 °C using a mantle heater. The rotational speed of the homogenizer was set to 17,000 rpm. 115 
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2.2 Rheological properties 116 

The measurements of surface tension (𝑇), advancing and receding contact angles (�� and 117 

��, respectively), density (�), and viscosity (�) were conducted in air at 30 °C. Surface tension was 118 

measured by the drop weight method [44]. Nozzles with inner diameters ranging from 0.13 to 4.01 119 

mm were attached to the syringe tip. A total weight of 20 drops was transferred to surface tension 120 

according to Tate’s law. The error in surface tension for these measurements was 5% or less. 121 

The advancing and receding contact angles were measured from the images of tilting sessile 122 

drops [45]. A drop placed on the surface was photographed, and the plate was tilted at an angle of 7°. 123 

The plate was made of polystyrene and coated with a silicone-based water repellent. The images were 124 

analyzed by spline approximation using the ImageJ software to determine the advancing and receding 125 

contact angles. The reading error for these angles was less than 1%. All images of the drops are shown 126 

in Supplementary Fig. S1. The density was determined by filling a 3D-printed 10-mm cube container 127 

and measuring its weight. 128 

The shear dependence of the viscosity, the so-called flow curve, was measured using a 129 

rheometer (AR-2000EX, TA Instruments, Waters LLC). Measurements were conducted in steady-state 130 

flow mode over a shear rate range �̇ from 0.001 to 1000 s−1. In this study, the maximum viscosity 131 

value observed at low shear rates close to �̇ = 0.001 s−1 was defined as the zero-shear viscosity, �0. 132 

To characterize the properties of the flow curve, the measured viscosity values in the �̇ range from 133 
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0.010 to 1.000 s−1 were fitted using the following power-law equation, 134 

 135 

� = � ∙ �̇
−1 . (1) 

 136 

Here, � is the power-law index, and � [Pa·sn] is the consistency. 137 

 138 

2.3 Rotation and image acquisition 139 

One milliliter of the prepared emulsion sample was placed in a transparent cuvette, mounted 140 

on a rotating device, and spun. The test apparatus is shown in Fig. 1a. The cuvette was made of 141 

polystyrene and had a 10 × 10 mm2 cross-section. The same water-repellent agent used for the contact 142 

angle measurements was pre-applied to the inner surface of the cuvette. 143 

An automated rotation stage (OSMS-60YAW, Sigma Koki Co., Ltd.; stage diameter: 60 mm) 144 

was employed. The motion began with the cuvette in a vertical position, followed by a 90° rotation 145 

over 4 s. From 4 to 6 s, the horizontal cuvette remained stationary while the internal flow was observed. 146 

Fig. 1b shows the input signal for the angular change. To prevent disturbances in the motion of the 147 

interface, the angular velocity was set to be slow during the early and final stages of the rotation. 148 

A video of the flow inside the cuvette was captured using two cameras, one positioned at 149 

the top and the other at the front. Lightweight board-type cameras (ELP-USBFDH01M-L21, ELP Co., 150 
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Ltd.) were used to perform tracking shots while moving in tandem with the cuvette. Images were 151 

acquired at a resolution of 1920 × 1080 pixels and a frame rate of 30 fps.  152 

The OpenCV library included in Python was used to extract still frames from the video of 153 

the flowing emulsion in the MP4 format. JupyterLab with Anaconda navigator was used to execute 154 

the process. Seven JPEG images captured by the top camera at 0, 1, 2, 3, 4, 5, and 6 s were used for 155 

machine learning. 156 

Figure 2 shows examples of the obtained images. The interface moves from left to right with 157 

increasing time. The shape of the interface was not straight; instead, it assumed a complex shape 158 

because of contact with the corner of the cuvette. These interface shapes were also incorporated into 159 

the machine-learning process. Specifically, the interface displacement distances along the two lines 160 

depicted in Fig. 2b were obtained as features �1 and �2 in the machine learning model. Thus, the 161 

feature set �  (comprising �1 and  �2) r epresenting  the interface movement consisted of 14 data 162 

points regarding the interface positions along these two lines over the interval from 0 to 6 s. All of the 163 

image of interface was presented in supplementary Fig. S2. 164 

The RF algorithm, implemented using the Python Scikit-learn library, was used for machine 165 

learning. RF is an ensemble learning method that constructs multiple decision trees during training 166 

and outputs the mode of the classes for classification tasks or the mean prediction for regression tasks 167 

[46]. It is characterized by resistance to overfitting. Predictions were made using RF regression. The 168 
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target variables were the rheological parameters of the emulsion, i.e., surface tension, advancing and 169 

receding contact angles, the power-law index and consistency. The training data consisted of one-170 

dimensional arrays of the measured values, including the interface positions �.  171 

The prediction error for each measurement value was evaluated using relative error (RE), 172 

 173 

RE [%] = |�� − ��̂|�� × 100 . (2) 

 174 

Here, � is the number of data points, �� is the experimental value, and ��̂ is the predicted value. 175 

In addition, the normalized root mean square error (NRMSE) was used as an index for evaluating 176 

prediction performance. 177 

 178 

NRMSE [%] = √1�∑ (�� − ��̂)2
�=11�∑ ��
�=1 × 100 (3) 

 179 

3. Results 180 

3.1 Rheological property 181 

The results of the maximum displacement of the interface �+,-  and other rheological 182 

properties are summarized in the lower half of Table 1. The flow curves for all samples are shown in 183 

Supplementary Fig. S3. The O/W emulsion exhibited shear-thinning behavior. �  and �  were 184 
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evaluated based on the linear approximation shown in Supplementary Fig. S3.  185 

Because the cuvette height was 45 mm, the interface of Sample No. 4 (�+,- = 40.5 mm) 186 

reached a point near the top of the cuvette (Table. 1 and supplementary Fig. S2). The average values 187 

for surface tension, advancing and receding contact angles, �,  �, a nd z ero -shear viscosity were 188 

𝑇,./= 37.5 mN/m, ��,,./= 44.4°, ��,,./ = 41.8°, �,./ = 0.258, �,./ = 4.744 Pa·sn, and �0,,./ = 189 

626.2 Pa·s, respectively. Fig. 3 shows the relationship between �+,-,  �0,  and 𝑇. G enerally, t he  190 

displacement of the interface increased as the viscosity decreased. The correlation coefficient between 191 

�+,- and �0 for all measurements was −0.57. However, excluding Sample No. 10, which had an 192 

exceptionally high viscosity, the coefficient became more negative, reaching −0.75, indicating a 193 

moderate correlation. In contrast, the correlation coefficient between �+,-  and 𝑇  was −0.56, 194 

indicating no correlation. 195 

3.2 Cross validation test 196 

The results of leave-one-out cross-validation (LOOCV) tests are listed in Table 2. In this 197 

study, we denoted, for example, trial A for the prediction of 𝑇 based on the training data consisting 198 

of the time-series variation of the interface position �(1) and 𝑇 as A [𝑇: �, 𝑇]. In the subsequent 199 

trials, the acquired image data remained the same. The LOOCV tests were performed by systematically 200 

swapping out a single data point from the dataset to act as the validation set. 201 
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In Trial A, the maximum RE in surface tension evaluation was 39.1% and the RMSE was 202 

25.3%. These errors are well within an acceptable range for practical applications, such as improving 203 

the precision of experimental operations performed by robot arms. Therefore, the flow images and 204 

procedure for extracting the positions of interfaces were deemed suitable for predicting surface tension. 205 

As shown in Fig. 3, there was no correlation between the �+,- and 𝑇. It can thus be inferred that 206 

surface tension is related to the process or history leading up to the final distance reached by the 207 

interface. 208 

The second row of Table 2 lists the results for Trial B [𝑇: �, 𝑇, �0], in which �0 was 209 

added as a feature, with �(1) and 𝑇 being the same for trials A and B. Changing the training data 210 

conditions from Trial A to B led to an increase in the cross-validation prediction error. Therefore, 211 

including viscosity as a feature when predicting the surface tension resulted in overfitting. A 212 

preliminary analysis indicated that the simplest condition, that of Trial A, yielded the lowest cross-213 

validation error. 214 

The results of Trial C [��: �, ��] for predicting �� are shown in the third row of Table 2. 215 

Advancing and receding contact angles are mutually related through the mechanical equilibrium of 216 

the tilted sessile drop. Therefore, Trial D [��: �, ��, ��], which incorporates �� as a feature, was 217 

also conducted. In Trial C, the maximum RE was 48.9%, and the RMSE was 24.3%. In contrast, Trial 218 

D yielded a maximum RE of 32.5% and an RMSE of 15.5%. These results indicated that Trial D, 219 
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which utilized both �� and �� as features, was more effective for the prediction of ��. 220 

The results of trial E [��: L, ��] and F [��: L, ��, ��] for predicting �� are given in the 221 

fifth and sixth rows of Table 2, respectively. While Trial E showed a maximum RE of 65.6% and an 222 

RMSE of 33.3%, Trial F demonstrated improvements, achieving a maximum RE of 60.1% and an 223 

RMSE of 20.9%. Thus, trials D and F that used both �� and �� as features were more advantageous 224 

for predicting contact angles. This was due to the mechanical correlation between the two contact 225 

angles. 226 

The results for trials G [�: �, �] and H [�: �, �, �] predicting � are shown in the seventh 227 

and eighth rows of Table 2, respectively. As both � and � are coefficients in the power-law model 228 

defined by Eq. (1), we anticipated that they would influence the flow while interacting. Therefore, we 229 

anticipated that the error for Trial H would be smaller than that of Trial G. However, the RMSE of 230 

trials G and H was 41.3% and 41.5%, respectively, showing negligible difference between the two. 231 

Although adding feature � reduced the error in some cases, such as Sample Nos. 2, 3, 4, and 6, it 232 

increased the error in other cases (Sample Nos. 9 and 10). These results indicated that including � as 233 

a feature for predicting � offered minimal benefit. The results for trials I [�: �, �] and J [�: �, �, 234 

�] for predicting � are shown in the ninth and tenth rows of Table 2, respectively. The RMSE for 235 

trials I and J was 62.7% and 64.9%, respectively. This reveals that including � as a feature when 236 

predicting � led to overfitting. 237 
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Finally, the results of Trial K [�0: �, �0] for predicting �0 are shown in the last row of 238 

Table 2. A very small error (0.88%) was observed for Sample No. 4, whereas considerably larger errors 239 

were observed for Sample Nos. 1, 7, 8, and 10. Sample No. 4 is characterized by a small � and a 240 

minimum �. H owever,  the relation between �(1)  and the good prediction of �0  is currently 241 

unknown. The small displacement of the interface with �+,- < 7 mm for Sample Nos. 7, 8, and 9 242 

may have increased the error in predicting �0. F or  Sample No. 1, the shape of the interface was 243 

asymmetric with respect to the central axis of the cuvette, as shown in Fig. 2a. It is possible that the 244 

characteristics of the interface shape were not reflected in �1or �2 because of this asymmetry. Indeed, 245 

the errors for predicting 𝑇, �, �, and � were not small for Sample No. 1. It was therefore concluded 246 

that images with good interface symmetry contributed to improved prediction accuracy. 247 

Preliminary analysis confirmed that an increase in the number of features withheld the 248 

improvement of the cross-validation error of �0.  Although �0  is a commonly used index, it 249 

represents viscosity at low shear rates (�̇ ≈ 0.001 s−1). The advantage of image-based methods lies in 250 

their ability to evaluate the dynamic rheological properties at practical shear rates rather than in the 251 

static region. Similarly, the range (0.010 ≤ �̇ ≤ 1.000 s-1) of approximation used for fitting to the 252 

power law would affect the prediction of �. Approximating with a viscosity model that covers a wider 253 

range of shear rates may improve the error. However, introducing a complex viscosity model increases 254 

the number of prediction targets, potentially leading to a shortage of training data. 255 
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 256 

4. Demonstration and discussion 257 

To verify the applicability of this method in product development, a trial was conducted to 258 

predict the rheological properties of the remaining samples using two training data points. Sample Nos. 259 

1 and 10 were selected as training data. Sample No. 1 represents the lowest values for ��, �, and �0, 260 

while Sample No. 10 exhibits the highest values for �  and �0. T hus, t hey w ere s elected t o  261 

encompass the entire dataset. 262 

Based on the results of the previous section, the model was trained using the following 263 

conditions: Trial A for surface tension, Trial D for the advancing contact angle, Trial F for the receding 264 

contact angle, Trial G for the power-law index, and Trial I for consistency. The zero-shear viscosity 265 

was excluded from the prediction owing to its high error rate. First, the parameters �, 𝑇, �, �, and 266 

� were extracted from the images of Sample Nos. 1 and 10. A RF model was trained to predict the 267 

surface tension 𝑇 under the Trial A condition. Next, the � data extracted from the images of Sample 268 

No. 2 was input into the RF model trained on Sample Nos. 1 and 10 to predict 𝑇 for Sample No.2. 269 

After recreating an instance of the RF model with the same hyperparameters, similar predictions were 270 

performed for Sample Nos. 3–9. Using the same method, �, �, and � were also predicted. Although 271 

� was extracted from the images only once, the machine learning processes were repeated for each 272 

target variable. This approach was adopted to minimize the risk of overfitting caused by the limited 273 



17 
 

amount of training data. If the current manual machine learning and prediction process were automated 274 

for continuous execution, the analysis time required would be negligible. 275 

The results are summarized in Table 3. The surface tension and advancing and receding 276 

contact angles could be predicted with an accuracy of approximately 30% or lower, even with only 277 

two training samples. Although the NRMSE of the power-law index (38.4%) and consistency (72.0%) 278 

were higher than those for surface tension and contact angle, we have demonstrated the viability of 279 

using image-based machine learning for the rapid, noncontact measurement of multiple rheological 280 

properties within a practical error range. 281 

In addition, Fig. 4 shows the relationship between the RE of various parameters and �+,-. 282 

It was confirmed that the RE was not significantly affected by the maximum distance travelled by the 283 

interface. This suggests that the measurement of these rheological quantities requires an interface 284 

displacement of only 6.3–40.5 mm within the present error. One approach to improve accuracy would 285 

be to approximate the flow curve, including the high-shear-rate viscosity. Furthermore, extracting 286 

interface positions while accounting for asymmetry in the width direction remains a challenge for 287 

future study. 288 

 289 

5. Conclusion 290 

An O/W emulsion sample was placed in a transparent cuvette with a 10 × 10 mm2 cross-291 
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section, and flow images were captured while the cuvette was tilted by 90° over 4 s. Time-series 292 

positions of the interface were extracted from these images and used for machine learning with the RF 293 

algorithm.  294 

The surface tension, contact angle, power-law index and consistency of eight samples were 295 

satisfactorily predicted based on training samples. Based on cross-validation results, the training 296 

features were limited to the interface position and the corresponding target quantity.  297 

Surface tension and contact angle were predicted with an NRMSE of less than 27.7%. 298 

Although errors were higher for the power-law index (38.4%) and consistency (72.0%), this study 299 

demonstrates the viability of a rapid measurement method for multiple physical properties with 300 

practical accuracy. However, the prediction error for the zero-shear viscosity, which describes the state 301 

at rest, was significant. 302 

 303 
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Fig. 2. Time evolution of the interface of Sample Nos. 1 and 4. 454 
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Table 1. Composition and rheological parameters of the emulsions. 461 

Sample 1 2 3 4 5 6 7 8 9 10 

Linseed oil [mL] 12.2  12.2  13.7  13.6  13.7  13.1  13.1  13.6  13.6  13.1  

Oleic acid [mL] 6.1  6.1  6.9  6.9  6.9  6.9  6.6  6.9  6.9  6.9  

Stearic acid [g] 1.3  1.3  1.5  1.5  1.5  2.0  1.4  1.5  1.5  2.0  

Palmitic acid [g] 0.4  0.4  0.5  0.5  0.5  0.5  0.4  0.5  0.5  0.5  

Distilled water [mL] 9.5  8.4  7.0  8.4  7.8  8.5  9.5  8.4  8.4  7.0  

Ethanol [mL] 3.8  3.9  3.8  3.4  3.8  3.8  3.8  3.9  3.9  3.8  

Polysorbate 60 [g] 1.7  0.2  1.7  0.2  1.9  0.2  0.2  0.2  0.2  1.7  

Sodium benzoate [mg] - 1.0  - 0.5  - 0.5  - 1.0  0.5  - � [kg/m3] 887 843 896 851 892 893 856 865 980 914 𝑇 [m･N/m] 27.2 24.9 33.2 44.1 26.2 42.7 50.4 42.7 47.8 35.9 �� [deg.] 34.7 39.5 59.2 44.2 42.6 39.2 47.9 44.0  33.7 59.1 �� [deg.] 23.3 33.7 58.8 38.8 39.8 39.8 38.0  48.6 38.8 58.7 � [-] 0.343 0.236 0.240  0.156 0.353 0.174 0.363 0.362 0.195 0.157 � [Pa･sn] 1.132 1.970  3.954 1.676 6.692 3.436 4.320  6.805 5.776 11.68 �0 [Pa･s] 64.20  253.3 379.6 196.9 461.9 624.0  479.2 531.8 860.2 2411 �+,- [mm] 37.5 32.2 15.4 40.5 32.4 22.7 6.90  6.30  7.00  6.90  

 462 

 463 
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 464 

Table 2. LOOCV test errors [%]. 465 

Sample 1 2 3 4 5 6 7 8 9 10 NRMSE 3 [𝑇: �, 𝑇] 34.9 25.3 26.9 39.1 28.2 21.3 21.8 0.1 11.9+ 28.1 25.3 5 [𝑇: �, 𝑇, �0] 38.6  39.0  18.1  38.9  39.5  16.7  25.5  0.5  11.1  28.8  26.6 6[��: �, ��] 22.2  1.3  29.6  15.2  13.5  9.6  6.4  17.0  48.9  32.5  24.3 7[�� ∶  �, �� , ��] 18.1  1.7  23.3  11.9  1.5  8.8  8.4  1.0  32.5  13.7  15.5 9 [��: �, ��] 65.6  1.3  33.2  26.7  14.4  6.2  2.8  34.5  63.8  39.3  33.3 :[��: �, �� , ��] 60.1  13.7  21.5  9.9  0.4  10.7  17.1  11.6  26.1  22.3  20.9 ;[�: �, �] 45.6  16.6  26.9  96.4  22.4  37.6  23.0  41.6  55.9  59.1  41.3 <[�: �, �, �] 45.9  6.79  23.6  82.2  27.6  30.7  25.8  37.7  61.1  79.9  41.5 =[�: �, �] 119  39.2  42.5  11.6  67.6  30.3  73.4  0.71  42.8  57.6  62.6 >[�: �, �, �] 157  39.7  36.8  81.1  66.8  41.3  72.3  4.69  43.2  59.8  64.9 �[�0: �, �0] 414  47.2  44.6  0.88  44.0  34.8  144  128  51.2  72.9  106 

 466 

 467 

Table 3. Demonstration of estimation errors [%]. 468 

Sample 2 3 4 5 6 7 8 9 NRMSE 𝑇 [m･N/m] 17.7  1.14  33.5  14.4  23.7  33.6  21.6  30.0  27.7  �� [deg.] 2.66  15.3  8.15  0.52  26.4  9.23  18.7  55.4  20.4  �� [deg.] 3.26  18.5  15.8  11.6  14.7  4.18  27.9  63.4  22.8  � [-] 26.3  7.15  91.0  19.6  31.1  42.5  42.3  7.03  38.4  � [Pa･sn] 87.0  101  120  32.8  123  103  28.6  51.5  72.0  

 469 
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Fig. 1. Experimental apparatus: (a) rotating device and (b) input signal representing the angle 475 

from the vertical. 476 
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Fig. 2. Time evolution of the interface of Sample Nos. 1 and 4. 478 
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Fig. 3. Relation between �+,-, �0, and 𝑇. 489 
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Fig. 4. Dependence of ER on �+,-. 493 
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