
 

 

 

 

 

 

 

 

EARLY ONLINE RELEASE 

This is a PDF of a manuscript that has been peer-reviewed 

and accepted for publication. As the article has not yet been 

formatted, copy edited or proofread, the final published 

version may be different from the early online release. 

 

This pre-publication manuscript may be downloaded, 

distributed and used under the provisions of the Creative 

Commons Attribution 4.0 International (CC BY 4.0) license. 

It may be cited using the DOI below. 

  

The DOI for this manuscript is  

DOI:10.2151/jmsj.2021-047 

J-STAGE Advance published date: April 14th, 2021 

The final manuscript after publication will replace the 

preliminary version at the above DOI once it is available. 



 

 

 1 

Statistical Intercomparison of Similarity Metrics in Sea 2 

Level Pressure Pattern Classification 3 

 4 

Takuto SATO 5 

 6 

Graduate School of Life and Environmental Sciences, 7 

 University of Tsukuba, Tsukuba, Japan 8 

 9 

and 10 

 11 

Hiroyuki KUSAKA1 12 

Center for Computational Sciences, 13 

University of Tsukuba, Tsukuba, Japan 14 

 15 

 16 

 17 

 18 

January 25, 2021  19 

 20 

 21 

 22 

 23 

------------------------------------ 24 

1) Corresponding author: Hiroyuki Kusaka, Center for Computational Sciences, University 25 

of Tsukuba, 1-1-1 Tennodai, Tsukuba, Ibaraki 305-8577.  26 

E-mail: kusaka@ccs.tsukuba.ac.jp. 27 

Tel: +81-29-853-6481 28 

 29 



 

 1 

Abstract 30 

 31 

In this study, we compared the accuracy of five representative similarity metrics in 32 

extracting sea level pressure patterns: correlation coefficient (COR), Euclidean distance 33 

(EUC), S1-score, structural similarity (SSIM), and average hash (aHash) for accurate 34 

weather chart classification. We used a large number of teacher data to evaluate the 35 

accuracy statistically. The evaluation results revealed that S1-score and SSIM had the 36 

highest accuracy in terms of both average and maximum scores across all teacher data. 37 

Their accuracy did not change even when non-ideal data was used as the teacher data. 38 

In addition, S1-score and SSIM could reproduce the subjective resemblance between two 39 

maps better than EUC. However, EUC could reproduce the central position of the signal 40 

in a sample case. 41 

 42 

Keywords similarity metrics; weather chart; classification 43 
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1. Introduction 45 

Classification of weather chart is widely used in meteorology and climatology. Thus, 46 

various classification techniques have been proposed, and their efficiency in classification 47 

has been discussed (e.g. Huth et al., 2008). Classification techniques can be classified as 48 

either subjective classification or objective (computer-assisted) classification. Computer-49 

assisted classification methods are more objective than human perception and applicable 50 

to large datasets. Therefore, such methods are popular in climatological analysis. Typical 51 

examples of such classification methods are clustering techniques, such as Ward’s method, 52 

the K-means clustering, and principal component analysis (PCA) (e.g., Key and Crane, 53 

1986; Cheng and Wallace, 1993; Hoffmann and Schkunzen, 2013, Kato et al., 2013; 54 

Miyasaka et al., 2020). Machine learning methods, including self-organizing maps (e.g., 55 

Hewiston and Crane, 2002; Cassano et al., 2006; Johnson et al., 2008; Ohba et al., 2016; 56 

Tamaki et al., 2018) and support vector machines (e.g., Kimura et al., 2009; Ortiz-Garcia et 57 

al., 2014; Su et al., 2018), are now being used for classification or selection problems.  58 

  Similarity metrics are important in achieving accurate objective classifications. Hence, the 59 

accuracy of similarity metrics has been extensively discussed in meteorology and 60 

climatology (e.g., Gutzler and Shukla, 1984; Toth, 1991; Matulla et al., 2007; Tartaglione et 61 

al., 2009; Mo et al., 2014). Matulla et al. (2007) evaluated the accuracy of three similarity 62 

metrics used for the analog method. The analog method is a forecasting method that uses 63 

historical data having similarities with the target field. Using conventional similarity metrics 64 
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in meteorology and climatology, such as correlation coefficients, Euclidean norm, and S1-65 

score, they found that the best choice of similarity metrics depends on the target variable of 66 

the analog method. Mo et al. (2014) investigated the ability of similarity metrics to capture 67 

the visual resemblance. Using non-traditional similarity metrics in meteorology such as 68 

structural similarity, they suggested that the best similarity to capture the visual resemblance 69 

depends on the case (e.g., 1-dimensional pattern or 2-dimensional pattern). The findings of 70 

the aforementioned studies imply that it is difficult to identify a single similarity metric that 71 

can be applied to all problems and variables. In particular, it remains unclear which similarity 72 

metric is more effective when teacher data with noise is used.  73 

   In this study, we compared the accuracies of five similarity metrics in selecting sea level 74 

pressure (SLP) patterns: correlation coefficient (COR), Euclidean distance (EUC), S1-score 75 

(S1), structural similarity (SSIM), and average hash (aHash). A unique feature is that we 76 

evaluated aHash as well as COR, EUC, S1, and SSIM. The aHash has a different concept 77 

compared with the others (detail information is mentioned in Section 2.3), and thus, the 78 

evaluation of its effectiveness can contribute to computer-assisted fast classification method. 79 

Another unique feature is that we used a large amount of teacher data with and without 80 

noise (i.e., non-ideal teacher data and ideal teacher data, respectively). In an actual 81 

classification, it is not always possible to use ideal teacher data. For example, considering 82 

the selection of the cyclone over Sea of Japan, the ideal teacher data contain only the 83 

cyclone over Sea of Japan and no other disturbances. Contrastingly, the non-ideal teacher 84 
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data may have a cyclone shifted or other disturbances. 85 

 The findings of this study can serve as a reference for identifying the most useful 86 

similarity metric for the classification of SLP patterns especially using non-ideal teacher data. 87 

  88 
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2. Method 89 

2.1 Data and Target Pattern 90 

   We created SLP maps of the northwestern Pacific Ocean (120–170°E and 20–55°N) 91 

surrounding the Japanese Islands. Recorded every 6 hours, these maps were generated 92 

using JRA-55 reanalysis data (Kobayashi et al., 2015) spanning 10 years from 2007 to 2016. 93 

The horizontal resolution is 1.25°. The target SLP pattern includes the cyclones over the 94 

Sea of Japan (hereafter referred to as CSoJ). Figure 1 shows an example of CSoJ. Since 95 

this is a typical SLP pattern that causes rainfall and snowfall in Japan, it is useful for 96 

discussing the accuracy of the classification of SLP maps. In Japan, CSoJs are frequently 97 

observed during spring and winter. However, we analyzed the whole-year data because our 98 

aim was to select CSoJ by focusing on the similarities of SLP maps.  99 

  Prior to the calculation of the similarity between two SLP maps, a visual (subjective) 100 

labeling process was performed manually (Fig. 2) to identify the CSoJ and non-CSoJ maps. 101 

First, the authors selected the CSoJ candidates (839 maps) from all SLP maps (14,612 102 

maps). The same number of non-CSoJ maps were randomly selected as non-CSoJ 103 

candidates from all SLP maps except CSoJ candidates using random number. This process 104 

is called first round of selection (round 1 in Fig. 2). Next, we invited five experts to 105 

independently check the maps of CSoJ candidates and non-CSoJ candidates. Among said 106 

maps, those that were recognized by more than three experts as CSoJ and non-CSoJ were 107 

labeled as CSoJ maps (328 maps) and non-CSoJ maps (788 maps), respectively. This 108 
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process is called second round of selection (round 2 in Fig. 2). Notably, the CSoJ maps and 109 

non-CSoJ maps selected by five experts (second round of selection) have relatively less 110 

subjective bias compared with the maps visually selected by a single expert (first round of 111 

selection). Moreover, the five experts were not aware that the first round of selection 112 

(selection of CSoJ-candidates and non-CSoJ candidates) was performed by authors. Indeed, 113 

the number of maps selected in the second round of selection was reduced from the maps 114 

selected in the first round of selection. 115 

Finally, a total of 1,116 SLP maps (hereafter referred to as labeled dataset) were selected 116 

for the experiment. 117 

  118 

2.2 Experimental Design 119 

We focused on the performance of similarity metrics in classifying SLP maps. To evaluate 120 

this performance, we executed the following workflow (Fig. 3) for each similarity metric: 121 

First, we selected a distinct teacher CSoJ data from the labeled dataset (Step 1). Second, 122 

we calculated the similarity between the selected teacher data and all other data in the 123 

labeled dataset excluding teacher data (1,115 maps). This is Step 2 illustrated in Fig. 3. 124 

Third, we sorted the labeled dataset in descending order of the similarity (Step 3). Finally, 125 

we derived the ranking list from the sorted dataset. This procedure was repeated 328 times 126 

using all 328 CSoJ data as the teacher data. We used ranking list to calculate the selection 127 

rate (Eq. 1), which indicates the ability of similarity metrics to select SLP maps.  128 
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 129 

𝑆𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛	𝑟𝑎𝑡𝑒 = 	 !!"#"$%"&
'

!%(%)#	+(,
.       (1)  130 

 131 

where	𝑁!"!#$	&"' is the number of CSoJ in the labeled dataset excluding teacher data and  132 

𝑁()!*#+!(,
-  denotes the number of SLP maps that have CSoJ in the top p rank data in the 133 

ranking list. Herein, p refers to the p-th and higher rank data used to calculate the selection 134 

rate. When the value of p is small and the selection rate is high, the CSoJs are typically 135 

concentrated in the upper part of the list, and it can be considered that the similarity metric 136 

is performing well. 137 

 Herein, we evaluated the performance of five similarity metrics by counting the number of 138 

maps belonging to same group (CSoJ maps). For example, The resemble method was used 139 

in Huth (1996). 140 

Through statistically evaluating the result of all 328 teacher CSoJ data, we determined the 141 

useful similarity metrics for practical classification.  142 

   143 

2.3 Similarity metrics 144 

 The metrics we used were COR, EUC, S1-score, SSIM, and aHash, which are described 145 

in detail below. EUC, aHash, and S1-score are sometimes considered dissimilarity metrics 146 

because the larger the value, the more dissimilar the pattern. However, with respect to the 147 

workflow employed in this study, “similarity” and “dissimilarity” assume the same meaning 148 
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when the sorting is performed in descending or ascending order. Therefore, we referred to 149 

all five metrics as similarity metrics. 150 

 151 

(a) Correlation coefficient (Pearson’s correlation coefficient) 152 

  We calculated the COR, which is used frequently in meteorology and climatology. We 153 

used the multidimensional vector, which is obtained by converting the two-dimensional SLP 154 

data into a one-dimensional vector. The COR R takes a value of -1 ≤ R ≤1; the closer it is to 155 

1, the higher the similarity. R is expressed by Eq. (2) (Taylor, 2001). 156 

 157 

𝑅 =
!
"∑ (#($,&)(#̅)(*($,&)(*+)"

,#,$
     (2) 158 

Here, N is total number of grid points, σ is a standard deviation.  159 

 160 

(b) Euclidean distance 161 

  We used the EUC method, which is also commonly applied in meteorology and 162 

climatology, as the similarity metric when we viewed two SLP patterns as a multidimensional 163 

vector. In this method, the similarity D is expressed by Eq. (3). 164 

 165 

𝐷 = %∑ ∑ '𝐴(𝑖, 𝑗) − 𝐵(𝑖, 𝑗)0.!."
/             (3) 166 

  167 
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where nx, and ny denote the number of grid points in the x and y directions, respectively. 168 

The smaller the D, the higher the similarity. This metric is strongly affected by the spatial 169 

average value; thus, the resemble pattern is not recognized appropriately when spatial 170 

average differs. Therefore, in this study, the spatial anomaly of SLP was used only for EUC 171 

to avoid such bias. Notably, there is also a connection between the correlation coefficient 172 

and Euclidean distance when considering the spatial variance of two maps. 173 

 174 

(c) S1-score 175 

 Proposed by Teweles and Wobus (1954), the S1-score is often used to verify the 176 

predicted value of SLP or the geopotential height of numerical model outputs. This is 177 

because S1 considers the horizontal gradients (Eq. 4). S1-score takes a value of 0 and 178 

more; the smaller the value, the greater the similarity between the two states. 179 

 180 

𝑆1 = 100
∑ -

.#|%/&0|'(%1&0().

∑ -
.#*+,(|%/.0|,	|%/10|)'*+,3(%1.0(,	(%110(4)	.

    (4) 181 

 182 

Here, 𝜕5𝑋 =
%6
%5
, 	𝜕7𝑋 =

%6
%7

. The original S1-score, 𝐹0 denotes the forecast value, 𝐴0 183 

denotes the reference value, and 𝐷0 denotes the difference between the forecast value and 184 

reference value. Therefore, in this study, 𝐹0 indicates the data in the dataset, 𝐴0 indicates 185 

the teacher data, and 𝐷0 indicates the difference between the teacher data SLP map and 186 
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maps in the dataset.  187 

 188 

(d) Structural similarity 189 

Proposed by Wang et al. (2004), SSIM uses the brightness difference l(A, B), contrast 190 

difference c(A, B), and structure difference s(A, B). These values are determined for a partial 191 

area of the image. The similarity of the entire image is obtained by averaging the results for 192 

the entire evaluation area. In the present study, we set a 5×5 grid box area as the evaluation 193 

area and scanned the whole SLP map. SSIM is expressed by Eq. (5). In this study, 𝐶1 =194 

𝐶/ = 𝐶2 = 0.0. 195 

 196 

𝑆(𝐴, 𝐵) = 𝑙(𝐴, 𝐵) ∙ 𝑐(𝐴, 𝐵) ∙ 𝑠(𝐴, 𝐵) = 8 89293':-
92
4'934':-	

9 ∙ 8 8;2;3':4
;2
4';34':4	

9 ∙ 8 ;23':5
;2;3':5

9 (5) 197 

 198 

where μ is the average value in the evaluation area, and σ is the standard deviation in 199 

the evaluation area.	𝜎1< is the covariance of A and B. S has a value of −1 ≤ 𝑆 ≤ 1: the 200 

closer it is to 1, the higher the similarity. 201 

 202 

(e) Average Hash 203 

 The aHash method is mainly used in image retrieval. It was introduced by Krawetz (2011) 204 

and used by Fei et al. (2015) and Haviana and Kurniadi (2016). There is also an 205 

implementation based on a similar concept (image hashing) of a fast retrieval of two-206 



 

 11 

dimensional meteorological fields (Raoult et al., 2018). The resolution of the target image is 207 

reduced to a specific number of pixels, and the image is hashed into bit string with 1 and 0. 208 

The criterion is the average value of the image; 1 is hashed when the value is higher than 209 

the average value, while 0 is hashed when otherwise. In this method, the Hamming distance 210 

(total number of the different bits) of these bit strings is used as the similarity metric 211 

(separation degree). At this time, the smaller the Hamming distance, the higher the similarity 212 

(i.e., the same bit string is hashed). In this study, the resolution was reduced to 16×16 pixels 213 

and hashed into a 256-bit bit string.  214 

Considering these features, EUC and COR emphasize statistical elements (i.e., 215 

differences and correlations), SSIM and aHash emphasize visual elements (i.e., visual or 216 

perceptual similarity), and S1-score emphasizes meteorological elements (i.e., pressure 217 

gradient). An intercomparison of the performance of these metrics can reveal the critical 218 

factor for classifying SLP maps. 219 

  220 
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3. Results 221 

  Table 1 summarizes the mean, maximum, and minimum selection rate when p = 327, 222 

where 327 is the number of all data in CSoJ maps excluding teacher data. S1 showed the 223 

highest score for both the mean and maximum selection rate. SSIM had almost the same 224 

value as S1 in the mean selection rate. The other three metrics had a low selection rate, and 225 

there was no large difference between them. The minimum selection rate exhibited a trend 226 

similar to that of the mean selection rate. A statistical test (Wilcoxon’s rank-sum test) was 227 

independently conducted for aHash and the other four metrics at a significance level of 5%. 228 

Significant differences were observed between aHash and the other four metrics.  229 

Figure 4 shows the relationship between the number of selected data (p in selection rate) 230 

and the selection rate. When the graph is convex upward, the selection accuracy is high 231 

because the CSoJ data was selected even with a small p value. SSIM and S1 have many 232 

upward convex graphs and fewer downward convex graphs compared with the other metrics 233 

(Fig. 4). In addition, the mean selection rate of S1 and SSIM (thick black line in S1 and SSIM 234 

panel) in all teacher data cases have stronger upward convection than the other three 235 

metrics. 236 

  Unlike the other four similarity metrics, aHash generally reduced the resolution of images 237 

as a means of preprocessing. A reason for this is removing high-frequency component. 238 

However, this reduction in resolution can affect accuracy. To investigate this effect, we 239 

compared the selection rate with the image resolution of 41×29 (unreduced), 16×16, and 240 
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8×8. The mean selection rates of 41×29, 16×16, and 8×8 images were 39.3%, 40.4%, 241 

and 40.7%, respectively. A multi-group test at a significance level of 5% (Wilcoxon rank sum 242 

test, using the Bonferroni method for modification) was performed. The null hypothesis was 243 

not rejected.  244 

Furthermore, aHash binarize the SLP pattern for calculation. It means that the information 245 

about horizontal gradient is lost. Therefore, the effect of binarizing in aHash should be 246 

investigated. In aHash, the SLP maps are hashed into binarizing values. Hashing is effective 247 

in general images because it extracts feature information. However, in the case of SLP 248 

patterns, it is difficult to distinguish between the features and the background. Thus, 249 

important information for classification may be lost, and the accuracy may be reduced 250 

compared with that of the other metrics. To investigate this effect, we compared the selection 251 

rates between aHash and EUC at 16×16 image resolution. The mean selection rates of all 252 

328 teacher data were 40.4% for aHash and 40.0% for EUC. The null hypothesis was not 253 

rejected based on the results of Wilcoxon’s rank sum test at a significance level of 5%. 254 

  Figure 5 shows some examples of the selection when the map of 06 UTC on March 5, 255 

2007 was used as teacher data. In this teacher data, the center of CSoJ was located north 256 

of the Sea of Japan, with no other notable signals. The map of 06 UTC on March 1, 2013 257 

has a high rank in terms of all three similarity metrics (S1: 6th, EUC: 3rd, SSIM: 9th), the 258 

map of 00 UTC on February 14, 2007 on has a high rank in terms of only S1 and SSIM (S1: 259 

12th, EUC: 84th, SSIM: 15th), and the map of 18 UTC on November 6, 2012 has a high rank 260 
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only in terms of EUC (S1: 82nd, EUC: 14th, SSIM: 76th). Herein, the rank refers to the 261 

ranking in the sorted dataset, and the ranking list is shown in Figure 2. The small rank 262 

number means that the data are more similar to the teacher data on a certain similarity 263 

metric scale. The map of 06 UTC on March 1, 2013 represents the visual (subjective) 264 

similarity well. Specifically, the shape and center of CSoJ and the appearance of anti-cyclone 265 

over the Pacific Ocean remain similar. On the other hand, the map of 00 UTC on February 266 

14, 2007 does not represent the visual resemblance well. Specifically, the center of CSoJ is 267 

on the south side of the Sea of Japan. The map of 18 UTC on November 6, 2012 has the 268 

center of CSoJ on the north side of the Sea of Japan, but the signal is not clear. In addition, 269 

the shapes of CSoJ and anti-cyclone are not similar to that of the teacher data. 270 

  271 
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4. Discussion 272 

  The intercomparison of the performance of five similarity metrics showed that S1-score 273 

and SSIM had the highest accuracy in the mean and maximum selection rate. In addition, 274 

the performance of these two metrics hardly deteriorated. Thus, using S1 and SSIM for 275 

classification can further improve the accuracy of existing classification methods (e.g., K-276 

nearest neighbor method). 277 

   S1 included the horizontal pressure gradient in the metric. In the case of SLP patterns, 278 

the difference between the values of surrounding grid points (i.e., pressure gradient 279 

information) is important for classification. The result of this study supports this perspective. 280 

However, it should be noted that the S1-score exhibited poor performance in some cases 281 

(Toth, 1991). Thus, the accuracy of the S1-score needs to be discussed further.  282 

SSIM also had a high score comparable to S1. The fact that SSIM had a score that was 283 

higher than of EUC or COR in two-dimensional images agrees with the result shown in Mo 284 

et al. (2014). SSIM comprehensively considers the difference of mean, contrast, and 285 

structure. These aspects explain the visual resemblance of two SLP patterns. Therefore, in 286 

this study, SSIM was able to select the resembling maps. Previous studies have also 287 

confirmed that SSIM is more accurate than the mean squared error in general images (e.g., 288 

Wang and Bovik, 2002). The mean squared error is close to the EUC among the similarity 289 

metrics in the present study. These results indicate the difficulties in determining the 290 

metric(s), which can completely capture the visual resemblance.  291 
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Next, let us consider the effect of binarization on the accuracy of selection. There was no 292 

difference between the mean value of selection rate of EUC and aHash. Based on this result, 293 

the binarization may not be effective for classification. As suggested by the result of S1, the 294 

horizontal gradient information is important in classifying SLP patterns. Binarization of the 295 

SLP pattern may cause a performance degradation due to the lack of horizontal gradient 296 

representation. However, when the signal is simple and the magnitude of the gradient 297 

becomes less important, aHash may be more accurate than other methods. Therefore, it will 298 

be necessary to examine the accuracy in various patterns.  299 

Another important aspect is the elements that each similarity metric emphasizes. 300 

Discussing how these factors affect the visual (subjective) similarity provides hints to 301 

improve the accuracy of classification. 302 

  Let us consider EUC, S1, and SSIM as examples. The patterns that rank high in all metrics 303 

are visually (and subjectively) similar (Fig. 5). Specifically, the shape and center of CSoJ 304 

and the appearance of the anti-cyclone over the Pacific Ocean are similar. In contrast, in the 305 

example that ranked high in only S1 and SSIM, the center of the cyclone was slightly 306 

different, but the overall pattern was visually similar. In the example that ranked high in only 307 

EUC, the overall pattern and feature of the cyclone do not resemble the teacher data. These 308 

results show that the reproducibility of the visual similarity varies depending on the metrics. 309 

Therefore, not only the selection rate but also the characteristics of each similarity metric 310 

should be considered for applications in classification. 311 
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  Finally, we describe the limitations of this study. We used the SLP maps belonging to 312 

CSoJ patterns as the teacher data. However, as mentioned earlier, using teacher data 313 

different from the CSoJ pattern may change the results. Such variations are caused by a 314 

difference in the signal-noise ratio (SN-ratio) of the teacher SLP pattern. If the pattern has a 315 

high SN-ratio, the accuracy is considered to be high even with a method based on the 316 

simplification of images, such as average hash. Similarly, the accuracy can be improved 317 

through pre-processing methods such as principal component analysis for noise removal 318 

and dimension reduction. Moreover, the spatial resolution of the data should be important. 319 

When the resolution increases, the dimension of the vector to be calculated in EUC and 320 

COR increases as well. Thus, the degree of separation will decrease. 321 

  322 
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5. Conclusion and remarks 323 

In this study, we evaluated the accuracy of five similarity metrics (COR, EUC, S1-score, 324 

SSIM, and aHash) using a large number of teacher data. These metrics are considered 325 

important in the classification of SLP patterns. The evaluation results revealed that S1-score 326 

performed the best in terms of the mean accuracy. It also performed the best in terms of the 327 

maximum accuracy of the experiments using all teacher data. The second-best metric was 328 

SSIM. S1-score and SSIM are less likely to produce low accuracy compared with other 329 

methods. In other words, these two metrics can reasonably classify the SLP maps even 330 

when using teacher data with high noise. This suggests that S1-score and SSIM exhibit 331 

higher performance than other similarity metrics in practical classification problems. The 332 

accuracy of aHash is comparable to that of EUC and COR, which could be due to the 333 

resolution reduction and binarization performed in aHash.  334 

   Based on these results, S1-score and SSIM could be the most effective methods for the 335 

classification of SLP patterns. Thus, in this study, the similarity metrics that emphasized 336 

visual factors (structural similarity) and meteorological factors (S1-score) were useful for 337 

extracting of the targeted SLP patterns. These metrics were able to reproduce the visual 338 

resemblance better than EUC. However, EUC was able to extract the central position of the 339 

cyclone. 340 

In the future, similar experiments focusing on other typical SLP patterns should be 341 

conducted to obtained more robust results. In addition, noise reduction techniques, such as 342 
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PCA or other filters, could be compared to improve classification and extraction.   343 

  344 
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Fig. 1 An example of a weather chart with a CSoJ pattern (12 UTC on March 5, 2007). 431 

Fig. 2 Schematic picture of subjective labeling process. 432 

Fig. 3 Schematic image of workflow in this research. 433 

Fig. 4 Selection rate of similarity metrics. Horizontal axis: number of data to be selected (p 434 

in selection rate), Vertical axis: selection rate. Gray line: curve of each teacher data. 435 

black line: curve of mean value of the all teacher data. Steep dotted line and gentle 436 

dotted line indicate the ideal transition of selection rate (all extracted data contains the 437 

CSoJ patterns) and random transition of extraction rate. 438 

Fig. 5 Teacher and extracted SLP patterns (hPa). The numbers shown above each image 439 

denote the rank of resemblance calculated in each similarity metric. The small number 440 

of rank resemblance is associated with a high degree of similarity with the teacher data 441 

map. 442 
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 444 

Fig.1 An example of a weather chart with a CSoJ pattern (12 UTC on March 5, 2007). 445 

(Created by National Institute of Informatics "Digital Typhoon" based on "Weather 446 

Charts" from Japan Meteorlogical Agency) 447 
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 453 

Fig. 2 Schematic picture of subjective labeling process. 454 
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 457 

Fig. 3 Schematic image of workflow in this research. 458 
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 460 

Fig. 4 Selection rate of similarity metrics. Horizontal axis: number of data to be selected (p 461 

in selection rate), Vertical axis: selection rate. Gray line: curve of each teacher data. 462 

black line: curve of mean value of the all teacher data. Steep dotted line and gentle 463 

dotted line indicate the ideal transition of selection rate (all extracted data contains the 464 

CSoJ patterns) and random transition of extraction rate. 465 
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 466 

Fig. 5 Teacher and extracted SLP patterns (hPa). The numbers shown above each image 467 

denote the rank of resemblance calculated in each similarity metric. The smaller number 468 

of rank resemblance are associated with a high degree of similarity with the teacher data 469 

map.  470 
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selection rate is the ratio of CSoJ in the top 327 members (p=327) of the sorted data as 476 

shown in Eq. (1). 477 
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Table 1. Mean, maximum, and minimum selection rate (%) for each similarity metric. The selection rate 479 

is the ratio of CSoJ in the top 327 members (p=327) of the sorted data as shown in Eq. (1). 480 

 481 

Metrics Mean Maximum Minimum
COR 43.0 73.1 19.6
EUC 39.0 64.2 19.9
aHash 40.4 66.7 15.3
SSIM 56.6 77.7 26.6
S1 57.5 80.4 23.5


