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Abstract – With the spread of SNS, many data are transmit-

ted in real time. Some data with position information are 

included in these data. A benefit of analysis using data with 

position information is that they can extract an event accu-

rately from a target area to be analyzed. However, because 

data with position information are scarce among all social 

media data, the amount to analyze is insufficient in almost 

all areas. In other words, most events cannot be fully ex-

tracted. Therefore, efficient analytical methods must be de-

vised for accurate extraction of events with position infor-

mation, even in areas with few data. For this study, we esti-

mate the time of biological season observation in particular 

areas and sightseeing spots by information interpolation 

using tweet location information. Herein, we explain the 

analysis results obtained using interpolation of information 

related to cherry blossoms and autumn leaves as an example. 

Keywords: information interpolation, phenological observa-

tion, trend estimation, Twitter 

1 INTRODUCTION 

In recent years, sightseeing has come to be regarded as an 

extremely important growth field to revive Japan’s powerful 

economy [1]. Tourism, with its strong economic ripple ef-

fect, is expected to benefit regional revitalization and em-

ployment opportunities through accommodation of world 

tourism demand, including that from rapidly growing Asia. 

In addition, people around the world can discover and dis-

seminate the charm of Japan and can promote mutual under-

standing among countries. 

In addition to the promotion of tourism to Japan, the pro-

gress of domestic travel is important. It is necessary for a 

nation with modern tourism to build a community society by 

which regional economies are well-served, attracting tourists 

widely. Moreover, it is necessary to cultivate tourist areas 

full of individuality and to promote their charm positively. 

According to a survey study of information technology 

(IT) tourism and services to attract customers [2] by the 

Ministry of Economy, Trade and Industry (METI), tourists 

want real-time information and local unique seasonal infor-

mation posted on websites. Current websites provide similar 

information in the form of guidebooks. Nevertheless, infor-

mation of that medium is not frequently updated. Because 

each local government, tourism association, and travel com-

pany independently provides information about local travel 

destinations, it is difficult for tourists to collect information 

for “now” tourist spots. Therefore, the travel industry de-

mands that current, useful, real-world information be pro-

vided for travelers by capturing the change of information in 

accordance with the season and time zone of the tourism 

region. 

We consider a method to estimate the best time for phe-

nological observations for tourism such as the best time for 

viewing cherry blossoms and autumn leaves in each region 

by particularly addressing phenology observations assumed 

for “now” in the real world. We define "now" information as 

that intended for tourism and disaster prevention required by 

travelers during travel, such as best flower-viewing times, 

festivals, and locally heavy rains. 

Tourist information for best times requires a peak period: 

the best time is not a period after or before falling flowers, 

but a period that is best to view blooming flowers. Further-

more, the best times differ among regions and locations. 

Therefore, it is necessary to estimate the best time of pheno-

logical observation for particular regions and locations. Es-

timating best-time viewing requires collection of large 

amounts of information with real-time properties. 

For this study, we use Twitter data obtained from many 

users throughout Japan. Twitter [3], a typical microblogging 

service, has some geotagged tweets that include position 

information sent in Japan. We use the data to ascertain the 

best time (peak period) in biological season observation by 

region. We proposed a low-cost estimation method [4] by 

which prefectures and municipalities showing a certain 

number of tweets with geotags can be estimated with a rele-

vance rate of about 80% compared to the flowering day / 

full bloom day of cherry blossoms observed by the Japan 

Meteorological Agency. The geotagged tweets that are used 

with this method are useful as social indicators that reflect 

the real world situation. They are a useful resource support-

ing a real-time regional tourist information system in the 

tourism field. Therefore, our proposed method might be an 

effective means of estimating the best time to view events 

other than biological seasonal observations. 

Nevertheless, geotagged tweets are extremely few among 

all tweets. Therefore, a difficulty exists that the data are in-

sufficient for analysis with finer granularity. For this reason, 

it is necessary to improve the method of interpolating the 

information of geotagged tweets to conduct further detailed 
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analyses in areas such as sightseeing spots. For this research, 

we propose a method of estimating the best time for a par-

ticular tourist spot by performing information interpolation 

based on amounts of regional information. This paper pre-

sents results of verification by experimentation using cherry 

blossoms and autumn leaves. 

The remainder of the paper is organized as follows. Chap-

ter 2 presents earlier research related to this topic. Chapter 3 

describes our proposed method for estimating the best time 

for phenological observations by information interpolation 

using regional amounts. Chapter 4 explains experimentally 

obtained results for our proposed method and a discussion of 

the results. Chapter 5 summarizes the contributions and fu-

ture work. 

2 RELATED WORK 

Along with rising SNS popularity, real-time information 

has increased. Analysis using real-time data has become 

possible. Many studies have examined efficient methods for 

analyzing large amounts of digital data. Some studies have 

been conducted to predict real world phenomena using large 

amounts of social data. 

Phithakkitnukoon et al. [5] analyzed the behavior of trav-

elers such as departure place, destination, and traveling 

means on a personal level in detail based on massive mobile 

phone GPS location records. Mislove et al. [6] developed a 

system that infers a Twitter user’s feelings from Twitter text 

and visualizes changes of emotion in space–time. After re-

search to detect events such as earthquakes and typhoons, 

Sakaki et al. [7] proposed a method to estimate real-time 

events from Twitter tweets. Cheng et al. [8] estimated Twit-

ter users’ geographical positions at the time of their contri-

butions, without the use of geotags, by devoting attention to 

the geographical locality of words from text information in 

Twitter-posted articles. Although various studies have ana-

lyzed spatiotemporal data, research to estimate the viewing 

period using information interpolation is a new field. 

3 OUR PROPOSED METHOD 

This section presents a description of an analytical meth-

od for target data collection. It presents best-time estimation 

to obtain a guide for phenological change from Twitter in 

Japan. Our proposal is portrayed in Fig. 1. 

We describe the best-time estimation method of organ-

isms by analysis using a moving average method applied to 

geotagged tweets that include organism names. Section 3.1 

describes how to collect geotagged tweets to be analyzed, 

whereas 3.2 describes preprocessing for conducting analysis, 

and 3.3 describes the best-time estimation method. In our 

proposed method up to now, the number of geotagged 

tweets has been small. It was possible to estimate the best 

time in a prefecture unit or municipality, but we were unable 

to analyze fine grain size. Therefore, using the method with 

information interpolation proposed in this paper, it is possi-

ble to estimate the best time to visit sightseeing spots with 

finer granularity. Section 3.4 presents an explanation of the 

information interpolation method, whereas 3.5 presents the 

output of the estimation result. 

 

 

3.1 Data Collection 

This section presents a description of the Method of (1) 

data collection presented in Fig. 1. Geotagged tweets sent 

from Twitter are a collection target. The range of geotagged 

tweets includes the Japanese archipelago (120.0°E ≤ longi-

tude ≤ 154.0°E and 20.0°N ≤ latitude ≤ 47.0°N) as the col-

lection target. Collection of these data was done using a 

streaming API [9] provided by Twitter Inc. 

Next, we explain the number of collected data. According 

to a report presented by Hashimoto et al. [10], among all 

tweets originating in Japan, about 0.18% are geotagged 

tweets: they are rare among all data. However, the ge-

otagged tweets we collected are an average of 500 thousand 

tweets per day. We used about 250 million geotagged tweets 

from 2015/2/17 through 2017/5/13. We calculated the best 

time for flower viewing, as estimated using the processing 

described in the following sections using these data. 

3.2 Preprocessing 

This section presents a description of the method of (2) 

preprocessing presented in Fig. 1. Preprocessing includes 

reverse geocoding and morphological analysis, as well as 

database storage for data collected through the processing 

described in Section 3.1. 

From latitude and longitude information in the individual-

ly collected tweets, reverse geocoding identified prefectures 

and municipalities by town name. We use a simple reverse 

geocoding service [11] that is available from the National 

Agriculture and Food Research Organization in this process: 

e.g., (latitude, longitude) = (35.7384446°N, 139.460910°E) 

by reverse geocoding becomes (Tokyo, Kodaira City, Oga-

wanishi-cho 2-chome). 

Morphological analysis divides the collected geo-tagged 

tweet morphemes. We use the “Mecab” morphological 

analyzer [12]. By way of example, "桜は美しいです” ( in 

English “Cherry blossoms are beautiful.”)" is divided into 

"(桜 / noun), (は / particle), (美しい / adjective), (です / 

auxiliary verb), and (。 / symbol)". 

Preprocessing accomplishes the necessary data storage for 

the best-time viewing, as estimated based on results of the 

processing of the data collection, reverse geocoding, and 

morphological analysis. Data used for this study were the 

tweet ID, tweet post time, tweet text, morphological analysis 

result, latitude, and longitude. 

Figure 1: Our proposal summary. 
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3.3 Estimating Best-Time Viewing 

This section presents a description of the method of (3) 

best-time estimation presented in Fig. 1. Our method for 

estimating  best-time viewing processes the target number of 

extracted data and calculates a simple moving average, 

yielding an inference of the best time to view the flowers. 

The method defines a word related to the best-time viewing, 

estimated as the target word. The target word is a word in-

cluding Chinese characters, hiragana, and katakana, which 

represents an organism name and seasonal change. 

Next, we describe the simple moving average calculation, 

which uses a moving average of the standard of the best-

time viewing judgment. It calculates a simple moving aver-

age on a daily basis using aggregate data by the target num-

ber of data extraction described above. Fig. 2 presents an 

overview of the simple moving average of the number of 

days. 

We calculate the simple moving average in formula (1) 

using the number of data going back to the past from the day 

before the estimated date of the best-time viewing. 

𝑋(𝑌) =
𝑃1+𝑃2+⋯+𝑃𝑌

𝑌
   (1) 

𝑋(𝑌): 𝑌 𝑑ay moving average 
𝑃𝑛: Number of data of 𝑛 days ago 

𝑌: Calculation target period 

The standard lengths of time we used for the simple mov-

ing average were a seven-day moving average and one-year 

moving average. A seven-day moving average is based on 

one week because tweets tend to be more numerous on 

weekends than on weekdays. In addition, phenological ob-

servations, which are the current experiment subjects, are 

targeting "events" that happen once a year (e.g., appreciation 

of cherry blossoms, viewing of autumn leaves, moon view-

ing). Such events are therefore based on a one-year moving 

average. 

Next, we describe a simple moving average of the number 

of days specified for each organism to compare the seven-

day moving average and a one-year moving average. In this 

study, the best time to view the period varies depending on 

the specified organism, the individual organism, and the 

number of days from the biological period. 

As an example, we describe cherry blossoms. The Japan 

Meteorological Agency [13] carries out phenological obser-

vations of "Sakura," which yields two output items of the 

flowering date and the full bloom date observation target. 

The "Sakura flowering date" [14] is the first day on which 

blooming of 5–6 or more wheels of flowers occur on a spec-

imen tree. The "Sakura in full bloom date" is the first day on 

which about 80% or more of the buds in the specimen tree 

are open. In addition, "Sakura" is the number of days from 

general flowering until full bloom: about five days. There-

fore, "Sakura" in this study uses a five-day moving average 

as the standard. 

Next, we describe an estimated judgment of the best time 

for viewing, as calculated using the simple moving average 

(seven-day moving average, one-year moving average, and 

another biological moving average). It specifies the two 

conditions as a condition of an estimated decision for the 

best time for viewing.  

Condition 1 uses the number of tweets a day prior and a 

one-year moving average. Condition 1 is assumed to be sat-

isfied when the number of tweets a day prior exceeds the 

one-year moving average, as shown in Formula 2. 

Condition 2 uses a seven-day moving average and a bio-

logical moving average. The biological moving average 

varies depending on the organism that is estimated. It is five 

days in the case of cherry blossoms. For autumn leaves, it is 

30 days. Therefore, in equation 3, we compare the seven-

day moving average with the biological moving average, 

letting A be the long number of days, and letting B be the 

short number of days. In the case of estimation of cherry 

blossoms, A is 7 days; B is 5 days. For autumn leaves, A is 

30 days; B is 7 days. Then we evaluate the moving average 

of A and B as shown in Equation 3. Furthermore, if the day 

on which Equation 3 holds lasts more than half of the num-

ber of days in A, Condition 2 is satisfied. In the case of cher-

ry blossoms, A is 5 days. Therefore, condition 2 requires 

continuation for more than 3 days. 

𝑃1 ≧ 𝑋(365)  (2) 

𝑋(𝐴) ≧ 𝑋(𝐵)  (3) 

Finally, an estimate is produced using conditions 1 and 2. 

Using the proposed method, a day satisfying both condition 

1 and condition 2 is estimated as best-time viewing. 

3.4 Information Interpolation Method 

Herein, the information interpolation method will be de-

scribed. Conventionally, we estimated the best time by ap-

plication of the estimation method shown in the following 

estimated judgment using the moving average value de-

scribed above. As a result, for analysis of a wide area such 

as a prefecture unit, the recall rate can be estimated as about 

80%. However, with an estimate of granularity such as by 

sightseeing spots, an inability to estimate the viewing period 

because of a lack of data is a problem. Therefore, in this 

paper, we propose a method of using regional quantities that 

newly use information interpolation to compensate for the 

lack of data volume. The proposed method uses the result of 

reverse geocoding performed during preprocessing in the 
Figure 2: Number of days simple moving average. 
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previous section. Tweets that were judged as the same mu-

nicipality by reverse geocoding are totaled for each day by 

city, town, or village. Then, considering the characteristic by 

which the tweets move on a weekly basis, we obtain a sev-

en-day moving average and set the seven-day moving aver-

age of the municipalities as the regional quantity of each 

region. To estimate the best time for viewing, use the value 

obtained by adding the regional quantity of the municipality 

where the sightseeing spot is located to the tweet amount of 

the sightseeing spot to be estimated. 

As an example, we describe Shinjuku Gyoen, which is a 

cherry blossom sightseeing spot, and Shinjuku Ward, within 

which the spot is located.  The dark gray area in Fig. 3 

shows cherry blossom tweets related to Shinjuku Gyoen. An 

estimate might not be possible with just the number of 

tweets related to each sightseeing spot. For this reason, in-

terpolation is performed using the seven-day moving aver-

age of tweets about cherry blossoms in Shinjuku Ward indi-

cated by light gray in the city unit within which each sight-

seeing spot is located. In the proposed method, the best es-

timate is made using the number of tweets related to cherry 

blossoms at each tourist spot and the sum of the seven-day 

moving average of city unit. 

However, if no tweet is related to sightseeing spots with 

the proposed method, estimation results of city unit are ap-

plied, so there are cases in which there is no difference de-

pending on sightseeing spots in the same area. In the prelim-

inary experiments, we succeeded in ascertaining the differ-

ence from nearby sightseeing spots if there are small tweets 

in the sightseeing spots. 

3.5 Output 

This section presents a description of the method of (4) 

output presented in Fig. 1. Output can be visualized using a 

best-time viewing result, as estimated by processing ex-

plained in the previous section. A time-series graph presents 

the inferred results for best-time viewing. The graph pre-

sents the number of data and the date, respectively, on the 

vertical axis and the horizontal axis. We are striving to de-

velop useful visualization techniques for travelers. 

4 EXPERIMENTS 

This chapter presents a description of the experiment to 

infer the best time to view cherry blossoms and autumn 

leaves for the proposed method described in Chapter 3. Sec-

tion 4.1 describes the dataset used for optimal time reason-

ing. As an estimation result by sightseeing spot, section 4.2 

presents the estimation result without using information 

interpolation, with the best estimation result obtained using 

information interpolation in section 4.3. Section 4.4 presents 

a comparison of the experimentally obtained results in Sec-

tion 4.2 and Section 4.3. 

4.1 Dataset 

Datasets used for this experiment were collected using 

streaming API, as described for data collection in Section 

3.1. Data are geotagged tweets from Japan during 2015/2/17 

– 2017/8/31. The data include about 280 million items. 

The estimation experiment to ascertain the best-time view-

ing of cherry blossoms uses the target word “cherry blos-

som,” which can be written as“桜” and“さくら”and

“サクラ” in Japanese. For the experiment of autumn 

leaves, the target words are“紅葉,”“黄葉,”“コウヨ

ウ,”“こうよう,”“モミジ,”and“もみじ”. We ana-

lyzed tweets that included a target word in the tweet text. 

The following two experiments were conducted. The first 

is an experiment using the number of tweets including the 

target word and the sightseeing spot name without infor-

mation interpolation. The second is an experiment using 

information interpolation. We use these datasets to estimate 

the optimum time for the sightseeing spots in Tokyo by ex-

periments without information interpolation, (shown in Sec-

tion 4.2) and experiments using information interpolation 

(shown in Section 4.3). 

The subjects of the experiment were set as tourist spots in 

Tokyo. This report describes“Takao Mountain,”“Showa 

Memorial Park,”“Shinjuku Gyoen,”and“Rikugien.” 

Fig. 4 portrays the target area: A, B, C, and D in the figure 

respectively denote“Takao Mountain,”“Showa Memori-

al Park,”“Rikugien,”and“Shinjuku Gyoen.” A and B 

are separated by about 16 km straight-line distance. B and C 

are about 32 km apart. C and D are about 6 km apart. 

 

 

 

Figure 3: Example of information interpolation. 

Figure 4: Position of target area. 
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4.2 Estimation Experiment for Best-Time 

Viewing without Information Interpolation 

In this section, we present experimentally obtained results 

from estimating the best time without using information 

interpolation from tweets containing a target word and 

sightseeing spot name. Figure 5 presents results for the es-

timated best-time viewing in 2016 using the target word 

‘cherry blossoms’ in the target tourist spots. The dark gray 

bar in the figure represents the number of tweets. The light 

gray part represents best-time viewing as determined using 

the proposed method. In addition, the solid line shows a 

five-day moving average. The dashed line shows a seven-

day moving average. The dotted line shows a one-year mov-

ing average. 

At tourist spots targeted for the experiment in 2016, as 

portrayed in Fig. 5, many data were obtained for C and D. 

The maximum number of tweets per day was about 30.  

These results confirmed that some estimation can be done 

using near-site estimation without interpolation. However, 

best-time viewing cannot be done in A and B because of the 

very small number of tweets. 

Figure 5: Experimental results obtained using tweets including the target word 

 and the tourist spot name without interpolation (Cherry blossom). 

○A  ○B  

○C  ○D  

Figure 6: Experimental results obtained using tweets including the target word 

 and the tourist spot name without interpolation (Autumn leaves) 

○A  ○B  

○C  ○D  
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 Next, we present experimentally obtained results of 

autumn leaves. Figure 6 portrays the estimated best time 

viewing results estimated using the word target word 

'autumn leaves' in 2016. The notation in the figure is the 

same as that in Fig. 5. However, for cherry blossoms, the 

solid line is the five-day moving average, whereas the 

autumn leaves use a 30-day moving average. As shown in 

Fig. 6, the autumn leaves experiment has been estimated for 

each sightseeing spot because the viewing period is longer 

than that of cherry blossoms shown in Fig. 5. However, 

some parts cannot be estimated as continuous periods. 

These results clarified that the method we proposed earli-

er cannot be predictive for detailed areas such as sightseeing 

spots. This result is attributable to the insufficient infor-

mation volume. 

4.3 Estimation Experiment for Best-Time 

Viewing with Information Interpolation 

This section presents experimentally obtained results of 

estimation using information interpolation with regional 

quantities, which is the method proposed in this paper. 

Figure 7 presents results obtained using information 

interpolation for cherry blossom estimation. The notation is 

the same as the notation used in the previous section. 

Apparently, A and B can produce an estimate using the 

proposed method by increasing the number of tweets using 

information interpolation with surrounding tweets. In C and 

D, there are days that can be determined more accurately by 

interpolating the number of tweets. 

○A  ○B  

○C  ○D  

Figure 7: Experimental results obtained using tweets including the target word  

and the tourist spot name by interpolation 

(Cherry blossom). 

Figure 8: Experimental results obtained using tweets including the target word  

and the tourist spot name by interpolation 

(Autumn leaves). 

○A  ○B  

○C  ○D  
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Next, Fig. 8 presents results of information interpolation 

in autumn leaves estimation. Autumn leaves can be 

estimated as a continuous period using information 

interpolation. From this result, it can be inferred that the 

period estimation can be performed more accurately than 

without information interpolation. 

These results demonstrate the possibility of resolving the 

difficulty of insufficient information when using sightseeing 

spot tweet data of the tourist spot area along with 

interpolation. One can then estimate the peak period for a 

particular tourist spot. 

4.4 Comparing Best Time for Viewing Esti-

mation and Observed Data 

 Table 1 presents a comparison of experimentally 

obtained results of estimating the best time using 

information interpolation. As the table shows, Experiment 1 

used co-occurring words in tweets, including the sightseeing 

spot name coexisting with the target word "Sakura," without 

using the interpolation shown in 4.3. For Experiment 2, we 

used interpolation based on the information amount of the 

area including the tourist spots shown in 4.4. Numerical 

values in the table are the number of tweets including 

subject words and co-occurring words in Experiment 1. In 

Experiment 2, it is the sum of the number of tweets in 

Experiment 1 and the interpolation value of the regional 

information amount. 

The light gray area in the table presents the date when the 

satiety prediction was made using the proposed method. In 

addition, confirming the flowering day and full bloom 

period of each sightseeing spot using JMA data is difficult. 

Nevertheless, this experiment to evaluate SNS data for 

flowering is valid also for weather forecasting companies 

[15] and for public service organizations [16] to evaluate 

optimum viewing times based on services and blogs that are 

used. Arrows indicating the flowering time can be checked 

manually at tourist sites. Recall and precision using the 

observed data and the best time to view estimated results are 

calculated for each target area for 2016 from 3/1 through 

4/30 using formula (4) and formula (5). 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑎𝑦𝑠 𝑡𝑜 𝑚𝑎𝑡𝑐ℎ 𝑡ℎ𝑒 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑑𝑎𝑡𝑎

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑎𝑦𝑠 𝑖𝑛 𝑏𝑒𝑠𝑡 𝑡𝑖𝑚𝑒 𝑡𝑜 𝑠𝑒𝑒 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑
  (4) 

 

  𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑎𝑦𝑠 𝑡𝑜 𝑚𝑎𝑡𝑐ℎ 𝑡ℎ𝑒 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑑𝑎𝑡𝑎

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑎𝑦𝑠 𝑜𝑓 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 𝑑𝑎𝑡𝑎
   (5) 

 

We can explain the method using the example of 

Experiment 1 of Mt. Takao. The arrow portion of the 

flowering state is confirmed by hand as correct data, 1; the 

others are 0. In addition, the day estimated as the best time 

using the proposed method is set to 1; otherwise a day is 0. 

Furthermore, the percentage of days coinciding during 3/1 to 

Exp.1 Exp.2 Exp.1 Exp.2 Exp.1 Exp.2 Exp.1 Exp.2

3/18 0 2.00 0 1.00 0 1.86 2 10.57

3/19 0 2.00 0 0.57 1 3.57 2 11.86

3/20 0 1.29 1 1.57 2 5.43 5 16.00

3/21 0 1.14 0 1.14 4 8.86 9 21.43

3/22 0 1.43 1 2.43 1 7.57 0 15.43

3/23 0 1.43 0 1.43 3 10.00 3 20.43

3/24 0 1.71 0 1.57 3 10.71 3 21.86

3/25 0 1.86 0 1.43 5 12.57 6 26.57

3/26 0 2.00 0 1.71 9 17.43 14 35.86

3/27 0 1.86 2 3.57 27 37.57 9 34.71

3/28 0 3.00 0 1.14 7 22.71 2 30.57

3/29 0 2.86 1 2.14 23 39.43 7 35.57

3/30 0 2.57 0 1.43 2 24.14 2 35.29

3/31 0 2.57 2 3.43 14 39.29 10 46.57

4/1 0 3.43 7 8.29 14 43.57 9 52.14

4/2 1 5.29 3 6.14 13 45.86 26 74.71

4/3 0 5.14 3 8.71 26 64.00 30 86.00

4/4 0 5.14 0 6.43 6 44.00 5 68.00

4/5 0 6.14 0 6.86 2 40.00 8 76.00

4/6 1 7.57 1 8.00 3 36.57 13 79.00

4/7 0 8.14 0 10.43 0 33.14 5 76.86

4/8 0 7.57 0 10.86 12 41.00 6 73.14

4/9 2 10.00 6 18.14 2 29.29 16 78.43

4/10 3 11.86 3 14.57 1 22.00 13 69.29

4/11 0 9.71 0 10.86 0 16.43 3 51.57

4/12 0 8.86 0 10.29 1 15.00 3 43.71

4/13 0 8.57 0 10.00 0 12.43 1 38.29

4/14 0 6.86 0 6.43 0 8.86 0 27.00

4/15 0 6.29 0 6.00 0 8.29 1 24.86

4/16 2 7.00 1 3.57 0 5.43 3 24.43

4/17 0 3.43 0 0.71 1 4.71 2 19.14

4/18 0 1.71 0 0.57 0 1.71 2 19.14

4/19 0 1.43 0 0.57 0 1.86 0 17.86

4/20 0 1.57 0 0.43 0 1.71 1 17.57

4/21 0 1.43 0 0.57 0 1.71 3 20.00

4/22 0 1.57 0 0.57 0 1.71 1 17.71

Precision 0.51 0.77 0.57 0.74 0.95 0.84 0.80 0.82
Recall 0.06 0.58 0.22 0.44 0.39 0.58 0.56 0.83

Takao Mountain Showa memorial park Rikugien Shinjuku gyoen

Table 1: Comparison result in target areas of 

 the best time to see the estimated and the observed data 

(Cherry blossom) 

Table 2: Comparison result in target areas of 

 the best time to see the estimated and the observed data 

(Autumn leaves) 
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4/30 is shown. In Experiment 1 for Mt. Takao, except during 

the arrows, they match, but only 4/2 and 4/6 match during 

the arrow period. The Precision is 0.51 because the number 

of days matching the observed data is 31 days and the 

number of days of the best time for viewing is estimated is 

61 days. In addition, because Recall is the ratio of matched 

days during the arrow, the number of days to match the 

observed data is 2 days and the number of days of 

observation data is 31 days. Therefore, it is 0.06. 

Experimentally obtained results confirmed the tendency 

by which the relevance ratio and the recall rate became 

higher in Experiment 2 than in Experiment 1. In addition, A 

and B, which are at higher altitudes than C and D, exhibited 

regional features: the best viewing time occurs later. These 

results confirmed the usefulness of the proposed method for 

best-time estimation for sightseeing spots using information 

interpolation along with regional data. 

Table 2 presents a comparison of results of experiments 

for autumn leaves. The notation is the same as that of Table 

1. The period was October 1 through December 31, 2016. 

The accuracy and recall ratio of experiment results obtained 

using information interpolation improved without 

information interpolation in each spot. Results confirm the 

effectiveness of the method proposed in this paper. 

5 CONCLUSION 

As described herein, to improve the best-time estimation 

accuracy and thereby enhance tourist information related to 

phenological observation, we proposed an information in-

terpolation method. The proposed method showed the opti-

mal time to view flowers at sightseeing spots by interpolat-

ing information using the seven-day moving average of the 

number of tweets of municipalities, including those of sight-

seeing spots. This method can estimate the best time for 

sightseeing spots with fine granularity, giving predictions in 

units required for sightseeing. 

The results of cherry blossoms and autumn leaves exper-

iments conducted for tourist spots in Tokyo in 2016 using 

the proposed method confirmed improvement of the estima-

tion accuracy when using information interpolation. The 

proposed method using information interpolation for tweets 

related to target word might improve the real-world accura-

cy of estimating the best times. We confirmed the possibility 

of applying this proposed method to the estimation of view-

points and lines of sight in areas and sightseeing spots with 

few tweets and little location information. 

Although the proposed method showed success in interpo-

lation of information and highly accurate estimation, it is 

necessary as a future task to verify whether the same result 

is obtainable also in biological seasonal observations other 

than those for cherry blossoms or autumn leaves. Future 

studies must also examine automatic extraction of target 

words and a method to perform future predictions in real 

time. 
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