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Abstract

As one of the strategies to mitigate climate change and increase resource use efficiency, there is a need to improve 
energy recovery and recycling. Then, sector-coupling methods between industries are expected to improve resource 
recycling efficiency. This study considered the supply of extracted steam from waste treatment plants (WTP) to neigh-
boring factories. We focused on the fact that the company names contained characteristic terms depending on the type 
of industry. The target factories of the steam supply were classified into industry types by the LSTM method based on 
the database of company names, and we estimated spatial steam demand using developed models However, they lack of 
spatial energy demand data could not validate this model result. From this situation, the process database of industries 
for matching recyclable resources and the list of company names for estimating the location of industries would need 
to be developed. Therefore, it is necessary to establish a beneficial system to provide data for validation. Based on the 
knowledge obtained from estimating the location of industries based on the company names and estimating the distribu-
tion of industrial steam demand, we developed a database arrangement model system. In this context, trial considera-
tion of the industrial process with Resource Description Framework (RDF) formatting was conducted to enable the data 
collection and retrieval of process data through a knowledge base. 
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In industrial ecology, Behera et al. [4] evaluated the effects 
of an exhaust heat utilization network and the heat supply 
from a waste incineration plant in an industrial park in Ul-
san, South Korea. The authors also evaluated the business 
processes facilitating a targeted Eco-industrial park (EIP). 
Dou et al. [5] [6] [7] analyzed that included the industrial 
scenario based on a recent industrial location map. 

Most studies that have focused on the geographic distribu-
tion of recyclable resources and attempted to improve the 
efficiency of resource circulation based on the geographic 
distribution of recyclable resources have focused on recy-
cling. Wu et. al. [8] used GIS to estimate the future genera-
tion and management of construction and other demolition 
waste in Shenzhen City, China. Robinson et. al. [9] used GIS 
to study the appropriate arrangement of recycled aggregate 
use based on transportation networks and population density 
information. Nour Madi et. al. [10] used GIS to estimate the 
amount of demolition waste generated, including that gener-
ated during disasters, and considered recycling sites. Wang 
et. al. [11] used machine learning methods to estimate spatial 
building resource stocks in Japan. Wiedenhofer et. al. [12] 
estimated resource stocks in transportation infrastructure 
at national level. Bai et. al. [13] used a 4D-GIS to estimate 
building stocks and developed a bottom-up spatio-temporal 
database of carbon emissions from construction and demoli-
tion in Japan. These studies have estimated the amount and 
potential of waste and other resources generated; however, 

1.	 Introduction
In the field of waste management, improvement of en-
ergy recovery and acceleration of recycling are required 
in terms of global warming countermeasures and the im-
provement of resource efficiency. The sector coupling 
method is currently being focused on to improve the ef-
ficiency of resource recycling and the utilization of waste 
materials. However, t the supply and demand of recycla-
ble resources, cannot be considered in terms of quantity 
and quality. Therefore, it is necessary to determine the 
spatial distributions of supply and demand.

Fujii et al. [1] explained steam that steam from waste 
treatment plants to some industries is more efficient re-
garding exergy, energy and economic benefits than elec-
tricity generation. This study focuses on the industrial 
steam demand for recyclable resource distribution.

Maki et al. [2] estimated steam demand using geographi-
cal data on industries, the steam supply potential of waste 
treatment plant, and the locations of waste generation 
sites in Aichi Prefecture, Japan. They found that the steam 
supply could be transported as far as 6 km from the gener-
ation point and that the waste treatment plants had a steam 
generation potential of -60%. Maki et. al. [3] improved 
on this study and analyzed industrial augmentation areas 
that should be prioritized as steam supply targets from an 
economic perspective. 
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few have attempted to understand the existing demand loca-
tions for recyclable resources. Pauliuk et al. [14] noted that 
industrial ecology lacks generic structures and databases, 
necessitating the development of databases for components 
and analysis methodology systems. 

In this situation, we focused our research on the existence 
of characteristic terms in each factory industry in the steam 
demand target. We developed an industry classification esti-
mation model using the LSTM (Long Short-Term memory) 
model from the names of each factory listed in the Nation-
wide Factory Directory data. This text-mining method was 
used by Rizwan et al. [15], Rahimi et.al. [16], Lourentzou et 
al. [17], Han et.al. [18], Hasan et.al. [19], Luo et.al. [20] and 
many other studies that analyzed geographic information 
data associated with SNSs and estimated their geographic 
distribution. Several studies in this area were reviewed by 
Utomo et al. [21]. However, few studies have focused on 
company names or analyzed industries.

We developed an LSTM model that estimated the demand 
potential for steam at 200°C or lower.  This model esti-
mated industrial distribution of steam demand locations 
using text mining and statistical databases. The potential 
was estimated from the 1km mesh level, using the esti-
mated industrial distribution based on steam demand unit 
data by industry. Because this research is limited, obtain-
ing data on the demand potential of quantity and qual-
ity by industry for other recyclable resources is difficult. 
However, expanding the list of sample companies with 
their names and industrial types matched is necessary to 
improve accuracy. As data were not adequately collected, 
this study focused on developing a system to estimate in-
dustrial location. Improving the accuracy will be the focus 
of future studies. Data collection bias and data number 
problems were caused by the lack of a mechanism to col-
lect and compile data in future studies. 

2.	 Method
2.1 Factory type of steam demand target

In Factory name data statistics (Nationwide Factory Di-
rectory data [22] [23], the 28385 factories listed in the 
Kanto/Kansai region, where digital data is available, were 
targeted. The target industry sectors were selected based 
on the steam demand factory statistics (A comprehensive 
survey of energy consumption in industrial facilities,) 
[26]. However, the metal manufacturing industry, which 
has the largest sample size, is separate from the steel in-
dustry. The industry classifications are listed in Table 1.

Table.1 Steam demand target factory type [26]

① Foods (Processing)

② Foods (Ready meal)

③ Foods (Seasoning)

④ Foods (Bakery/Confectionery)

⑤ Beverages, tobacco & feed (Soft drink)

⑥ Beverages, tobacco & feed (Liquor)

⑦ Textile & Apparels

⑧ Pulp & paper products

⑨ Inorganic chemicals

⑩ Organic chemicals

⑪ Pharmaceutical

⑫ Oil and coal products

⑬ Plastic products

⑭ Rubber products

⑮ Ceramic, stone & clay products

⑯ Iron and Steel

⑰Metals

⑱Nonferrous Metals

⑲General machinery equipment

⑳Electronic parts, devices & electronic circuits

㉑Transportation equipment (automobile)

㉒Non-target 

2.2. Industry Classification and Location Estimation 
Model from Company Name

Fig. 1 shows how to estimate the building type. It is diffi-
cult for existing factories to create such figures because of 
privacy issues and other reasons. Therefore, we created a 
figure based on a Japanese map using a public research in-
stitute affiliated with the author as the subject to illustrate a 
specific image of the analysis. From the textual information  
“       ,” it is possible to estimate that the building is an institute. 
Thus, specific terms are considered to characterize specific 
industries. We apply this characteristic to identify the type of 
industry for companies through text analysis. We aim to de-
velop a system that estimates the spatial distribution of steam 
demand by integrating it into lists containing address data.

Fig. 1. Concept image  
(ex., National Institute for Environmental Studies) 
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In this study, we developed an industry-classification model 
based on factory names using LSTM. The Deep Learning 
Toolbox and Text Analytics Toolbox in MATLAB R2022b 
were used for the analysis.

We developed an industry classification model using the 
LSTM model with word coding based on the text data of 
the target factory names. The analysis was conducted on a 
dataset in which 80% of the factories in each industry were 
randomly selected from the 22 targeted industries for the 
learning data. We examined two approaches to analysis: 
one using stop words and one that did not. Here, stop-words 
mean terms without meaning in text analysis, such as the 
Japanese symbol “   ” meaning “ company limited.” The re-
moval of such terms is known as stop-word processing.

For estimation at the national level, we developed a model 
to classify the manufacturing industry among corpora-
tions based on Phonebook data [24]. Phonebook data is a 
list of corporations registered in the Phonebook for each 
prefecture and contains data on nearly 10 million corpora-
tions nationwide. This database classified industrial cat-
egories as “manufacturing” or others, which we named 
“non-target.”  We developed a model that combines man-
ufacturing industry data for all prefectures and uses 5% 
of the manufacturing industries and the same number of 
non-target companies as the learning data.

The two models were then integrated. We developed a two-
stage industry classification model using LSTM with word 
coding, as shown Fig. 2, and developed industry unit data for 
industries with steam demand below 200°C. Spatial industry 
and steam demand estimations were conducted at the national 
level. In this study, we estimate industry types based on com-
pany names. Based on these results, we developed a system to 
estimate steam demand by estimating the industry type and lo-
cation. Therefore, we used the word-encoding method for text 
analysis, with a maximum of 10 words. After time-series data 
conversion, estimation was performed using a classification 
model set as a single-layer 80-perceptron LSTM. Because of 
limited training data and the inability to randomly sample in-
dustries within Japan, improving the accuracy of models may 
not always improve the accuracy of the spatial distribution es-
timation. Improving analytical accuracy, including problems 
with data collection, remains a challenge for future research.

Cross-validation analysis was also performed for each cat-
egory to compare and evaluate the applicability of this study. 
We analyzed the trends in the sample size and correct rates 
based on cross-validation for each category.

Fig. 2. Spatial Estimation Algorithm

3.	 Result

3.1. Industry Classification Model Results

We developed a model that could estimate industry types 
from company names with a correct response rate of 
about 70–80% for 22 industries (Fig. 3.).

Fig 3. Results of the Industry Classification Model 

Table 2 presents the cross-validation results. These re-
sults confirm that stop-word processing had no significant 
effect in cross-validation either. Table 2 shows that indus-
tries with larger sample sizes had higher correct rates.

The highest accuracy obtained through cross-validation 
was approximately 60%, indicating that further improve-
ments in accuracy are possible by advancing the model. 
However, the lack of data on many industries is prob-
lematic.

Table 2. Result of cross-validation for LSTM 

validation 
sample

Current rate
stop word-none

Current rate
stop word-used

① 14 35.7% 28.6%

② 8 25.0% 37.5%

③ 11 9.1% 9.1%

④ 12 25.0% 25.0%

⑤ 7 14.3% 28.6%

⑥ 5 80.0% 60.0%

⑦ 51 29.4% 39.2%

⑧ 135 60.0% 58.5%

⑨ 18 11.1% 22.2%

⑩ 23 8.7% 8.7%

⑪ 31 48.4% 54.8%

⑫ 6 0.0% 0.0%

⑬ 696 45.0% 52.9%

⑭ 137 46.0% 45.3%

⑮ 80 42.5% 47.5%

⑯ 114 27.2% 23.7%

⑰ 1663 63.1% 50.4%

⑱ 262 19.8% 30.9%

⑲ 401 24.9% 21.9%

⑳ 199 22.6% 29.6%

㉑ 173 28.9% 23.7%

㉒ 1338 40.4% 36.6%

Total 5384 44.7% 41.4%

㈱ 
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3.2. Results of the manufacturing classification model 
from the company name

Fig. 4 shows the results of the manufacturing classifica-
tion. Each point represents a prefecture. The larger the 
number of factories, the higher the percentage of correct 
answers.

Fig. 4. Results of manufacturing classification model

3.3. Estimation of factory locations using a two-stage 
model

Based on these results, they estimate the spatial distribu-
tion of industries, as shown in Fig. 5. These figures are 
estimated for nationwide Japan, but because of the diffi-
culty of description, Aichi and Yamaguchi prefectures are 
chosen for this report; each point in Fig. 5 shows factory 
locations, and each color shows industrial types. If any 
point data were classified as non-manufacturing compa-
nies, they were eliminated from the map. Then, Fig. 5 
shows the estimated factory locations.

In Aichi Prefecture, many factories are distributed around 
the large population center of Nagoya, while in Yamagu-
chi Prefecture, many factories are located along the coast 
of the Seto-Nai Sea. It is thought that the results for Aichi 
Prefecture are affected by a large number of small fac-
tories located in areas with high population density. The 
Phonebook data lists factories without limiting their size, 
thus including small factories in the data. However, in 
some cases, factory names such as “rice cake (  )” were 
classified as plastic product industries even though they 
were considered food processing industries by human 
thinking; this is thought to be caused by the lack of da-
tabases.

Fig. 5. Estimated results of industry distribution in Aichi and Yamaguchi Prefectures

餅 

 

 

 

3.4. Results of spatial estimation of steam demand

Fig. 6. was obtained in Aichi and Yamaguchi prefec-
tures using steam demand unit data per office based on 
Reference [25]. Offices are  typically tend to be located 
in highly populated areas. In Aichi Prefecture, it is esti-
mated that a large amount of steam demand exists in the 
neighborhoods of cities, including inland areas. However, 
in Yamaguchi Prefecture, steam demand is concentrated 
near ports on the coast, and there are no large steam de-
mand points in the inland area. In this context, we can 

develop a system to estimate the spatial steam demand 
based on company names.

However, this study did not sufficiently analyze the dif-
ferences in the scale of the facilities. Using an average 
intensity value is considered to result in overestimating 
the heat demand; this was caused by using per-office in-
tensity. Therefore, a future challenge is to proceed with 
estimates based on the building area and shipment value 
of manufactured goods.
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4.	 Conclusion
In this study, we considered the format structure of a da-
tabase required for the supply-demand matching that uti-
lizes recyclable resources. 

We developed a model to classify industries based on fac-
tory names. This model was extended to Phonebook data, 
and a model was developed to classify manufacturing in-
dustries from corporations nationwide. By integrating the 
above two models, we estimated the location of factories 
that use steam and the estimated steam demand using the 
steam demand intensity of each industry.

As a result, we developed a model that can estimate the lo-
cation of factories that are considered to have steam demand 
from nationwide corporations listed in the Phonebook data 
by text mining using the LSTM method. Using the steam 
demand intensity, we can estimate the amount of steam de-
mand per 1 km mesh. The LSTM-based model achieved a 
certain level of accuracy, but further improvements were 
possible through the multilayering of the LSTM and hy-
perparameter tuning. However, there is a problem with the 
industry classification model in that the data from the main 
source does not comprehensively cover factories. Howev-
er, some industries are not sufficiently classified. Although 
this study considers steam utilization, the model applies to 
other underutilized resources, if data are available. How-
ever, the lack of such data remains an issue.

5.	 Future works for the Necessity of data col-
lection 
Although it is possible to improve the accuracy rate by 
improving the LSTM model compared to the current data, 

the fundamental problems of bias in the limited data and 
the lack of data for validating the final factory location 
remain. Therefore, it is assumed that the advancement of 
classification models may not solve engineering problems 
because it is not beneficial to generalize data disclosure 
to the industrial side due to the inclusion of company se-
crets and technologies. However, the generalization and 
collection of industrial process data could increase the 
possibility of sector coupling among companies, thereby 
increasing the efficiency of recycling resource utilization. 
Therefore, it is necessary to consider a format that can 
promote sector coupling to utilize recyclable resources by 
increasing the number of samples and their types, as well 
as expanding the database. 

In this situation, it is proposed to construct a data for-
mat in a knowledge base using an RDF [26], which is 
considered an easier way to build a relational database. 
RDF is also used for searches using search engines on 
the Internet. This technology is known as the Semantic 
Web. This technology can be used to estimate a knowl-
edge base, such as the RDF described above, using the 
metadata on the HP; this makes it possible to search for 
recyclable-resource-use suggestions in a simplified way. 
Fig. 7 shows an image of a connection based on several 
industrial processes using an RDF. In the Semantic Web 
field, methods for measuring the distance between knowl-
edge bases such as RDF have been studied [27]. Because 
it is based on a semantic approach, the processes can be 
classified according to a linguistic database and thus can 
be presented without showing secret information about in-
dividual companies. Based on this technical background, 
we would like to explore expanding the sample data by 
developing data collection methods that utilize Semantic 
Web technologies. 

Fig. 6. Estimated results of the spatial distribution of steam demand in Aichi and Yamaguchi Prefectures
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