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Abstract: Most real estate agents develop new objects by visiting unfamiliar cli-
ents, distributing leaflets, or browsing other real estate trading website platforms,
whereas consumers often rely on websites to search and compare prices when pur-
chasing real property. In addition to being time consuming, this search process
renders it difficult for agents and consumers to understand the status changes of
objects. In this study, Python is used to write web crawler and image recognition
programs to capture object information from the web pages of real estate agents;
perform data screening, arranging, and cleaning; compare the text of real estate
object information; as well as integrate and use the convolutional neural network
of a deep learning algorithm to implement image recognition. In this study, data
are acquired from two business-to-consumer real estate agency networks, i.e., the
Sinyi real estate agent and the Yungching real estate agent, and one consumer-to-
consumer real estate agency platform, i.e., the, FiveNineOne real estate agent. The
results indicate that text mining can reveal the similarities and differences between
the objects, list the number of days that the object has been available for sale on
the website, and provide the price fluctuations and fluctuation times during the
sales period. In addition, 213,325 object amplification images are used as a data-
base for training using deep learning algorithms, and the maximum image recog-
nition accuracy achieved is 95%. The dynamic recommendation system for real
estate objects constructed by combining text mining and image recognition sys-
tems enables developers in the real estate industry to understand the differences
between their commodities and other businesses in approximately 2 min, as well
as rapidly determine developable objects via comparison results provided by the
system. Meanwhile, consumers require less time in searching and comparing
prices after they have understood the commodity dynamic information, thereby
allowing them to use the most efficient approach to purchase real estate objects
of their interest.
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1 Introduction

In the current digital age, consumers typically rely on the search function provided by the Internet when
purchasing products. When purchasing high-involvement commodities such as houses, cars, or other high-
priced products, consumers often spend a significant amount of time browsing websites and perform
comparisons. Because of the diversity of information provided over the Internet, it is difficult for
consumers to gauge any status changes to the information presented on a commodity website. Even if a
significant amount of website data can be crawled using crawler technology, the information value cannot
be gauged readily because the information has not been cleaned, compared, sorted, and analyzed. In the
study, real estate means the land along with any permanent improvements attached to the land, whether
natural or man-made. Methods of obtaining target information in the past, including the recommendation
of relatives and friends, physical stores of real estate agents, and home sales advertisements remain;
however, they are gradually being replaced by object information search through real estate agency
networks, real estate transaction information platforms, real estate agency applications, social group
media, and other methods. Owing to the different sizes of various trading platforms, the objects and
number of objects are different, and the quality of objects varies. These differences render the purchasing
process difficult for consumers.

A recommendation system displays services or products [1] that would most likely be of interest to
consumers. Recommendation systems are prevalent in the current age; they are software tools and
technologies that provide suggestions based on consumers’ requirements and interests, as well as identify
new and suitable products by filtering user-preferred personalized items (e.g., information, services, and
products) from a significant amount of information [2]. Park et al. [3] compiled 210 articles pertaining to
the application and use of recommendation systems, among which 53 were associated with movies
(25.2%) and 42 were associated with shopping (20.0%). Seven related recommendation systems exist in
the image field (3.3%), and nine exist in each field of music and TV programs (4.2%).

Searching and comparing prices from numerous websites is time consuming and labor intensive for both
real estate agents and consumers. As it is difficult for agents and consumers to detect any status change on the
target object, concerns arise regarding losses due to information asymmetry. Hence, a dynamic commodity
recommendation system with deep learning and text mining was developed in this study. The system (1) uses
Python to develop a crawler program to extract web page information from two business-to-consumer
(B2C)-type real estate agency websites in Taiwan, i.e., the Sinyi real estate agent (S-REA) and Yungching
real estate agent (Y-REA), and a consumer-to-consumer (C2C)-type real estate trading platform, i.e., the
FiveNineOne real estate agent (F-REA), including text descriptions and images of real estate objects;
(2) conducts object difference analysis via text mining and deep learning image comparison; (3) provides
comparison results to allow real estate agents to rapidly develop new objects; (4) recommends text or
image information to consumers after performing a comparison to allow them to obtain real-time and
dynamic information regarding objects, as well as reduce the time and cost of searching.

2 Literature Review

Currently, real estate agents often use websites to reduce information costs and increase sales [4,5]. The
real estate industry is an information-intensive and information-driven industry in the current age. In fact,
advances in information technology are rapidly driving the development of real estate [6], whereas the
rapid development of network technology and digital media has enabled real estate companies to
establish contact and interact with consumers via different methods [7]. Most real estate agents develop
websites to provide object-related information such that consumers can understand objects more
effectively. However, advanced data analysis, deep learning, and web crawling methods that enable real
estate agents or consumers to identify objects rapidly are seldom used, and research pertaining to such
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methods is insufficient. Therefore, web crawling technology was adopted in this study to extract information
regarding objects on real estate agency networks, conduct image and text mining, and develop a dynamic
object recommendation system.

2.1 Web Crawling

A web crawler, which is vital to search engines, is a program that can automatically crawl information on
the Internet based on certain logic and computation rules [8]. Web crawlers are typically based on one or
several default initial web page URLs; the rules of web page crawling for each website are adhered to,
and a list of URLs is obtained from the initial web page. After each web page is crawled, the crawler
extracts the new URL from the web page and recursively searches for the URLs from which the
information has not been acquired to commence the next stage of the web crawler. The process continues
and repeats until all web page data have been crawled or the crawler stops when the predetermined
conditions are fulfilled [9]. Bangwayo—Skeete and Skeete [10] reported that data obtained through Google
Trends can effectively improve the accuracy of predictions. To confirm that the keywords for a search are
the primary actions for performing web crawlers on search engines, researchers can capture keywords
using specific domain knowledge or web crawling and text mining methods. In this study, the real estate
industry was considered a specific field. By referring to Google’s approach, web crawlers were adopted in
this study to store data from related websites and identify the value of generating data through text
mining and impact identification.

Web crawlers are currently widely used in the business field, primarily to acquire product information
such as prices, news, and other information from the website regularly through automation to understand the
price fluctuations and dynamics of competing products. In addition, web crawlers can be used to compare
prices of similar commodities to identify preferential commodities rapidly [9,11,12]. In summary,
although web crawlers are widely used in the commercial field, particularly to compare product prices or
display similar products from different websites on the same page, only a few real estate agents use web
crawlers to acquire information. Both customers and real estate agents spend a significant amount of time
browsing housing websites; furthermore, they would not be able to immediately gauge the status changes
on different objects and object information.

2.2 Deep Learning and Image Recognition

The most common applications of deep learning are image recognition, speech recognition, and natural
language processing. In particular, the field of image recognition (which constitutes the area of deep learning)
has progressed rapidly in recent years, such as in tourism and medical imaging applications. Because images
can present issues such as poor quality, complex backgrounds, and different shooting angles, image
preprocessing is performed to improve image quality by removing damaged images and eliminating noise
effects [13]. The differences in background color and image size can be reduced, the calculation of
network training can be reduced. Furthermore, the efficiency of the algorithm can be improved through
preprocessing. For image-related issues, researchers suggest the use of batch processing, which involves
four image preprocessing approaches, including image cropping, image color adjustment, blur removal,
and image noise reduction [14—16].

CNNs are also known as CNN or ConvNets. Since 2000, CNN has been successfully applied to the
detection, segmentation, and recognition of objects and regions in images [17]. A CNN is composed of
several neuron layers, instead of a simple input layer, a hidden layer, and an output layer. In particular, it
is composed of convolution, pooling, flattening, hidden, and output layers [18]. The convolution layer
performs the convolution operation of the original image and filter, and it can be regarded as the layer
that processes specific effects from the original image filter. The number of filters is set by “filters,”
whereas the filter size is set by “kernel size.” Each filter will generate different convolution operations in
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the form of random numbers; therefore, different filter effects can be obtained. The features extracted by the
CNN convolutional layer were used as the input of the next layer. Max pooling is the most often used
operation in the pooling layer. In max pooling, the maximum value is obtained from the target area, and
this is equivalent to selecting the most conspicuous feature in the image, thereby reducing the number of
convolution operation images generated by the convolution layer.

To provide a network of deeper and more stable results, the Visual Geometry Group of Oxford
University proposed the VGGNet [19], which proved that using a small convolution layer (3 x 3) to
increase the network depth can effectively improve the effect of the model. Furthermore, the VGGNet
[20] offers favorable general capabilities for other datasets. In this study, the VGG16 model [21] was
used as an image recognition model for deep learning. VGG16 exhibits a 16-layer structure in Fig. 1,
including 13 convolutional layers and three fully connected layers.
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Figure 1: Structure of CNN VGG16



CSSE, 2022, vol.42, no.3 885

2.3 Recommendation Systems

Recommendation systems are primarily used to recommend commodities that may be of interest to
users; they benefit not only users, but also businesses by increasing sales [22]. The services or products
that are mostly likely to be of interest to consumers are displayed through the recommendation system
[23]. The recommendation system provides suggestions based on the requirements and interests of
consumers and filters the personalized information, services, and commodities of the user’s preferences
from a significant amount of information [2]. Park et al. [3] categorized 210 research papers based on
application areas, most of which were associated with movies (53 papers, 25.2%) and shopping
(42 papers, 20.0%); seven papers were associated with the image field (constituting 3.3%), and nine
papers each were associated with music and TV programs (constituting 4.2%). The recommendation
system has been successfully applied in many fields, including e-commerce, information search, social
media, and news recommendations.

Recommendation systems are primarily classified into two categories [24,25], i.e., content-based (CB)
and collaborative filtering (CF) recommendations. CB recommendations filter and sort the recommended
commodities based on matching or the relevance between product and user characteristics. The
characteristics of the recommended commodities are extracted and described, the natural language
processing technology is used for the text, and the features of the screen and brief information are
extracted for images and videos. The algorithms of CB recommendations primarily depend on the user’s
behaviors, including the related descriptions, information, and operational behaviors [26]. The main
functions of CF are prediction and recommendation. It can be classified based on the different behaviors
of target users and recommends commodities at the corresponding level. CF is primarily used to mine the
relationship between users to perform classification and provide recommendations based on the similarity
between users. The recommendation algorithm based on deep learning primarily uses CNNs, cyclic
neural networks, and restricted Boltzmann machines. Compared with traditional recommendation
systems, deep learning recommendation systems offer greater advantages. In summary, deep learning
benefits recommendation systems significantly; however, this method is rarely used in products related to
real estate agents. In this study, the advantages of CB and CF were combined; furthermore, both text
mining and deep learning were used to construct a dynamic recommendation system for real estate
objects to provide an innovative application model that aids real estate agents and consumers.

3 Construction of Dynamic Recommendation System for Real Estate Objects

The webpages and real estate trading platforms of real estate agents were used in this study. Web
crawlers were used to acquire object information to improve the efficiency of real estate agents in
acquiring object information. Subsequently, text mining and CNN images were compared to rapidly
analyze the object information on webpages, and a dynamic recommendation system was established for
real estate objects, thereby allowing real estate agents to rapidly identify objects different from their own
on other web pages. Next, the real estate owner was consulted to obtain agency sales contracts, which
can provide dynamic changes in the object information, thereby enabling real estate agents and
consumers to understand the dynamic changes of object information as well as the latest information
pertaining to the object. The process encompasses four steps in Fig. 2, as follows:

Step 1: Write a crawler program for data acquisition

Python3 of the Anaconda Navigator Jupyter Notebook was utilized to write the crawler program,
whereas the Requests and BeautifulSoup package was used to capture the object information of the
location in Nanzih district (Kaohsiung City) of the S-REA, Y-REA, and F-REA.
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Figure 2: Process flow for developing dynamic recommendation system for real estate objects

Step 2: Data preprocessing and image amplification

Python was adopted for data cleaning and integration. Subsequently, the image angle (15°, 30°, —15°,
—-30°), color, linearity, and size were converted using OpenCV to generate more information in the image
database such that the success rate of searching is increased when input images are input.

Step 3: Text and image comparison

A text mining program was written in Python to compare the text information of three different source
websites with the object name as the main comparison field. An image comparison was performed using the
CNN-VGG16 algorithm. Image comparison was perform to extract images for which the users intended to
search, as well as the image characteristics of the image database. Subsequently, a similarity matrix was
calculated to obtain similar images based on the similarity of the images.

Step 4: Recommend real estate commodities

The results of image comparison and text mining can assist real estate agents and consumers in searching
for similar objects to purchase or bargain; this is accomplished by inputting the image of the object of
interest. Based on the text comparison results, the number of days for the sale of the object as well as
dynamic price fluctuation trends can be understood easily, thereby allowing recommendations to be
provided to real estate agents and consumers.

4 Construct Recommendation System via Web Crawling and Deep Learning
4.1 Web Crawling Result Acquisition and Image Amplification Processing

4.1.1 S-REA, Y-REA, and F-REA Text Data Crawling Results

For the website crawling process in Fig. 3, the URL is regular because the page number is +1 when it
arrives at the next page. The “for” loop was used to automatically turn the page and capture the object
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information of each page, and “requests.get” was used to request for the website link and obtain all
information pertaining to “div class LongInfoCard Type.”

from bs4 import BeautifulSoup
import requests

for page in range(1, 37): # E/T1~36 5(BEFIEEEZ1  WHR365E » EFZ37)

S AL LE
# GRS

response = requests.get("https://www.sinyi.com.tw/buy/list/Kaohsiung-cit

# HTML [BLG 5 EET
soup = BeautifulSoup(response.text, "html.parser")

Hr7 78 B

# HiiFFTAclass Zpost_titlef<h3>
titles = soup.find_all("div",{"class":"LongInfoCard Type"})

Figure 3: S-REA, Y-REA, and F-REA object text information crawler program code

The objects in Nanzih district (Kaohsiung City) were acquired from the websites of the S-REA, Y-REA,
and F-REA through the crawler program, see Fig. 3, and those websites contained 707, 1,626 and
1,574 objects respectively. The contents, see Tab. 1, included the object name, add, age, size, room, floor,
officer, and other text information.

4.1.2 S-REA, Y-REA, and F-REA Image Data Acquisition Results
For the S-REA, Y-REA, and F-REA object image crawlers in Fig. 4, “requests.get” was used to request
for the website link and obtain all “div class LongInfoCard Images” images to identify their images.

During data acquisition, the object image data from different websites were captured using the crawler
program. The total number of objects on the three websites was 3,907, and each object contained an average
of 7.8 images; the information of 30,475 object images was obtained in Fig. 5.

4.1.3 S-REA, Y-REA, and F-REA Website Image Amplification Results

Crawlers were used to obtain 3,907 object images in Nanzih district (Kaohsiung City) from the S-REA,
Y-REA, and F-REA. Seven linear amplification methods were adopted for the images, including grayscale,
resizing, and angle adjustment (-15°, —30°, 15°, and 30°). The amplification image database contained
213,325 images (30,475 x 7 = 213,325).

4.2 Results of Comparing Website Text Information

4.2.1 Cross Comparison of Similarity Among S-REA, Y-REA, and F-REA Objects

In the text information program to compare the S-REA, Y-REA, and F-REA website objects in Fig. 6,
the objects owned exclusively by each real estate agent’s network, those jointly owned by two real estate
agents’ networks, and those jointly owned by three real estate agents’ networks can be output to Excel
using three worksheets, i.e., diff, dropped, and added.

Real estate agents can query different worksheets based on their requirement. For example, if the staff of
S-REAs wish to know whether the status of their own objects has changed, they can query through the
dropped worksheet; if they wish to know the information regarding other real estate objects and develop
potential objects, they can use the added worksheet. Chain real estate agents can use cooperative
methods. For example, if one discovers from the added worksheet that the other party possesses an object
that the customer likes, then he/she can negotiate with the other party to sell the object based on a win—
win situation. Tab. 2 shows the cross-comparison results for the objects of the S-REA, Y-REA, and F-REA.
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Table 1: S-REA, Y-REA, and F-REA text information from crawling results
Web S-REA (B2C)
site
Name Shuheti higher floor Tianyu 4 Bd w/parking space 3 Bd apt higher floor near

Add  Defu Road, Nanzi District,

Kaohsiung City
Age 5.8 years
Size  Floor area 42.6 ping

Rooms 3 bedrooms, 2 living rooms,

2 bathrooms
10 FI/15 F1
10. 58 million

Floor
Offer

Web  Y-REA (B2C)
site

Name

Add  Chiachang Road, Nanzi

District, Kaohsiung City

Age 5.5 years

Size  Building floor area 46.42 ping,
master bedroom+tbalcony

26.59 ping

Rooms 3 bedrooms, 2 living rooms,

2 bathrooms
Floor 12 FI/15 FI
Offer

parking space)
Web  F-REA (C20)
site

Name

Add  Lantian Road, Nanzi District,

Kaohsiung City
Age 2 months
Size  Floor area 45.38 ping

Rooms 3 bedrooms, 2 living rooms,

2 bathrooms
12 FI/15 F1
8.86 million

Floor
Offer

MRT 3 Bd w/parking space

10.80 million (including

Kaohsiung University 3 Bd
higher floor w/ parking space

Tuku 3rd Road, Nanzi District,
Kaohsiung City

8.7 years

Building floor area 53.84 ping,
master bedroom-+balcony
26.65 ping

4 bedrooms, 2 living rooms,

2 bathrooms

16 FI/17 F1

9.98 million (including parking
space)

7-11 near Nanzi Station, corner
store, high rent return

Fengnan Road, Nanzi District,
Kaohsiung City

2.2 years
Floor area 151.82

6 bedrooms, 1 living room,
7 bathrooms

1~2/14 Fl1
65.8 million

3+1 Bd apt near Dehsian
business district w/ parking
space

Defeng Road, Nanzi District,
Kaohsiung City

8 years
Floor area 52.09 ping

3 bedrooms, 2 living rooms,
2 bathrooms

9 FI/15 F1
8.98 million

Dehsian business district

Dehsian Road, Nanzi District,
Kaohsiung City

25.3 years

Building floor area 34.02 ping,
second bedroom+balcony 26.7

ping
3 bedrooms, 2 living rooms,
2 bathrooms

16 F1/19 F1
4.5 million

Tianyu 4 Bd w/parking space

Tuku 3rd Road, Nanzi District,
Kaohsiung City

8.7 years

Building floor area 53.84 ping,
master bedroom+tbalcony
26.65 ping

4 bedrooms, 2 living rooms,
2 bathrooms

16 FI/17 F1

9.98 million (including parking
space)

Young City2 2 bd pre-sale
house w/ mechanical parking

Huichun Road, Nanzi District,
Kaohsiung City

0 year
Floor area 12.13 ping

2 bedrooms, 1 living room,
1 bathroom

9 FI/15 Fl1
4.88 million
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import requests
from bs4 import BeautifulSoup

url="https://www.sinyi.com.tw/buy/list/Kaohsiung-city/811-zip/Taipe
headers={"'User-Agent':'Mozilla/5.0 (Windows NT 10.0; Win64; x64) A
response=requests.get(url,headers=headers)
soup=BeautifulSoup(response.content, "html.parser")

titles = soup.find_all("div",{"class":"LongInfoCard_Images"})

for title in titles:
print(title.select_one("img"))

Figure 4: S-REA, Y-REA, and F-REA object image crawler program code

> A% > £E > image > img

e s
£ 5NN

61.png

82.png 83.png 84.png

Figure 5: S-REA, Y-REA, and F-REA object image crawling results (example)

Based on the comparison results pertaining to the object text information, the S-REA, Y-REA, and
F-REA owned 666, 1,570, and 1,493 objects, respectively; both the S-REA and Y-REA jointly owned
eight objects, the S-REA and F-REA jointly owned 33 objects, and the Y-REA and F-REA owned
48 objects simultaneously, whereas the three agents did not own any object simultaneously (see Fig. 7). It
was clear the not many identical objects were owned by the different real estate agent networks.
Therefore, to develop new objects or increase search efficiency, a comparison with other textual
information is a more relevant reference for decision-making.

4.2.2 Price Fluctuations and Number of Days for Sale of S-REA, Y-REA, and F-REA Objects

Based on the text mining of daily crawled object information, the price of 135 among 3,907 objects was
reduced during the data acquisition period, the price of 47 objects was reduced by more than twice, and the
most number of days an object was advertised for sale on the real estate agency website was 97 days.
This real-time and dynamic object information can be provided to real estate agents and consumers as a
reference for decision-making, as shown in Tabs. 3 and 4.
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#identify dropped rows and added (new) rows
dropped_rows = set(old.index) - set(new.index)
added_rows = set(new.index) - set(old.index)

#combine data
df_all_changes = pd.concat([old, new], axis='columns', keys=['old', 'new'], join='inner')

#prepare function for comparing old values and new values
def report_diff(x):
return x[0] if x[0] == x[1] else '{} ---> {}'.format(*x)

#swap column indexes
df_all_changes = df_all_changes.swaplevel(axis="'columns')[new.columns[0:]]

#apply the report_diff function
df_changed = df_all_changes.groupby(level=0, axis=1).apply(lambda frame: frame.apply(report_diff, axis=1))

#create a Llist of text columns (int columns do not have '{} ---> {}')
df_changed_text_columns = df_changed.select_dtypes(include="object")

#create 3 datasets:

#diff - contains the differences

#dropped - contains the dropped rows

#added - contains the added rows

diff = df_changed_text_columns[df_changed_text_columns.apply(lambda x: Xx.str.contains("--->") == True, axis=1)]
dropped = old.loc[dropped_rows]

added = new.loc[added_rows]

#create a name for the output excel file
fname = '{} vs {}.xlsx'.format(path_old.stem, path_new.stem)

Figure 6: Text information comparison program code to compare among S-REA, Y-REA, and F-REA

Table 2: Cross-comparison results of objects of S-REA, Y-REA, and F-REA

Objects owned by S-REA alone

Name Add age floor price rooms size

Shuheti higher floor Defu Road, Nanzi 5.8 years 10 FI/ 10.58 million 3 bedrooms, 2 living Floor
District, Kaohsiung 15 F1 rooms, 1 bathroom area
City 42.6

Objects owned by both S-REA and Y-REA

Apt on the side near - - SF/ - 2 bedrooms, 2 living —

YouchangMiddle School 5 Fl rooms, 1 bathroom

Objects owned by Y-REA alone

7-11 near Nanzi Station,  Fengnan Road, Nanzi 2.2 years 1~ 65.8 million 6 rooms Floor

corner store, high rent District, Kaohsiung 2 FV area

return City 14 F1 151.82

Objects owned by both S-REA and F-REA

2 Bd apt near Nanyang - 7.5 years — 4.99 million - —

Elementary School
Objects owned by F-REA alone
3 Bd apt near Dehsian Dehsian Road, Nanzi ~ 25.3 years 16 FI/ 4.99 million 3 bedrooms, 2 living Floor

business district, higher District, Kaohsiung 19 F1 rooms, 1 bathroom area
floor City 34.02
Objects owned by both Y-REA and F-REA

3 Fl apt near Chiachang ~ — - 3F/ - 3 bedrooms, 2 living —

Elementary School 4 Fl rooms, 1 bathroom
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Objects owned
by both S-REA
and Y-REA
®

S-REA
(707)

Y-REA
Objects owned by (1,626)
S-REA alone
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(1,574)

891

Figure 7: Cross-comparison results of S-REA, Y-REA, and F-REA for object content similarity

Table 3: Object price changes

Name

Date  Offer change Date

Offer change

Nanzi 4 Bd apt

2021/ NTD 3.68 million to
02/11 NTD 3.18 million

Bolin 3 Bd w/ parking space 2021/ 8.88 million to NTD

03/01 8 million

Higher floor with green view 2021/ NTD 12 million to NTD 2021/

03/11 11.98 million 05/12

Water Forest 3 Bd w/ parking space 2021/ NTD 8.98 million to

03/22 NTD 8.88 million

Chuan Cheng high floor w/ full 2021/ NTD 7.68 million to
refurbishing and parking space 04/02 NTD 7.5 million

Kaohsiung University 3 Bd w/ 2021/ NTD 10.58 million to 2021/

parking space

04/18 NTD 9.88 million 05/22

Yoyo 3 Bd higher floor w/ nice view 2021/ NTD 14.35 million to

05/12 NTD 12.98 million

Carrefour 5Bd w/ parking space 2021/ NTD 16.85 million to 2021/

02/22 NTD 15.88 million 05/30

NTD 11.98 million to
NTD 11.68 million

NTD 9.88 million to
NTD 9.68 million

NTD 15.88 million to
NTD 15.68 million

4.3 Image Comparison

The content of each image in the image database was read out and converted to the VGG input format,
the feature vector was calculated using the VGG16 model, and the images were compared in pairs.
Subsequently, the similarity was calculated to identify the two most similar images. The closer the
similarity value to 1, the higher was the similarity. The number of similar images can be adjusted as
shown in the red box in Fig. 8.
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Table 4: Number of days for objects on sale in networks

Name DATE1 DATE2 Sales duration
Shuheti higher floor 2021/2/23 2021/5/31 97 days
MRT 3 Bd w/ parking space 2021/2/28 2021/5/31 92 days
Tianyu 4 Bd w/ parking space 2021/3/2 2021/5/31 90 days
Shuheyuan 2 Bd 2021/3/2 2021/5/31 90 days
Apt near UKUST 2021/3/28  2021/5/31 64 days
MRT 4 Bd higher floor 2021/3/29  2021/5/31 63 days
Ocean view 3 Bd w/ parking space ~ 2021/4/1 2021/5/31 60 days
Tianyu 2 Bd w/ nice décor 2021/4/3 2021/5/31 58 days
Urban park MRT building 2021/4/8 2021/5/31 53 days

Chenti higher floor w/ green view 2021/4/8 2021/5/31 53 days

# ZFFEIFAN
features = model.predict(x_test)

# STBEEIGNLIAES

features_compress = features.reshape(len(y_test),7*7*512)
sim = cosine_similarity(features_compress)
print(sim)

inputNo = int(input(‘'sys.argv[1]"))

top = np.argsort(-sim[inputNo], axis:O

# ERISEIGUIFIETR S /79E
recommend = [y_test[i] for i in top]
print(recommend)

Figure 8: Image comparison program code

The object appearance image was captured as the search image for a comparison with 213,325 object
images in the amplification image database. Subsequently, the similarity was calculated and then used to
identify the top two objects that are the most similar to each other (see Fig. 9). This method allows
consumers to identify similar objects through image comparison with the object of interest for purchase
or bargaining, thereby reducing the cost of web search. In addition, the results of image comparison not
only allows real estate agents to easily understand the object based on the text information of the object
and then develop potential objects, but also allows them to identify similar objects in the object database
through image comparison to serve as a reference to consumers when the latter use an image to inquire
regarding real estate agents.
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Image augmentation

Input Image database

# #B5E VGG 49 input #5E
x_test = preprocess_input(x_test)

# include_top=False » T F# A V6616 FIEZE » K 704
model = VGG16(weights='imagenet’, include_top=False
VGG 16 ’
Model e
# FZHIT X
features = model.predict(x_test)
# 518G 5z

features_compress = features.reshape(len(y_test),7*7
sim = cosine_similarity(features_compress)

l

0.07693201 0.15228266 0.0550803 0.06954303 0.09121359 0.10245696
0.06458946 0.0502191 0.05603374 0.07873851 0.06107914 0.15228266
0.1000539 0.05342011 0.06107914 0.0528204 0.207704  0.0550803

0.06954303 0.10245696 0.06694229 0.207704  0.05592712 006682339

Image  |0.07627284 0.09355853 0.09355853 0.06377237 0.07294805 0.0533715

similarity [0.15228266 0.0999999 0.07285932 .05372465 0.06640048 0.08599389
0.05338712 0.0425576 0.05224053[0.99999994] 0..04283332[0.9999999

0.07983752 0.05088638 0.04283332 0.04467398 0.25569898 0.07285932
0.05372465 0.08590389 0.05352044 0.25569898 0.05390077 007336516
0.06398399 0.0778851 0.0778851 0.09338176 0.0746165 006525362

File names of
similar images

"194.', '196."

L 2 j AV il
Image No. 194 Image No. 196

Figure 9: Image comparison result

5 Conclusion and Future Work

In this study, a dynamic recommendation system for real estate objects was developed using web crawler
technology and deep learning. Subsequently, web crawlers were employed to capture object information in
real estate agents’ networks and real estate trading platforms. Next, the captured text and images of the
objects were compared to identify different objects. Finally, a dynamic object recommendation system
was established based on the comparison analysis results to allow real estate agents and consumers
reduce search costs.

5.1 Research Results

The dynamic recommendation system for real estate objects developed in this study can assist real estate
agents in developing potential objects rapidly, provide consumers with real-time and dynamic information,
and identify similar objects rapidly using object images. The results of this study are as follows:
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(1) The efficiency of acquiring information on real estate objects can be improved using the Python web
crawler. The survival of real estate agents in industry depends on the development of objects. However, the
current digital application of the real estate agency industry focuses on the manner in which objects are
presented to assist consumers in understanding objects, whereas advanced technologies such as image
recognition or web crawlers are seldom employed to assist real estate agents in identifying objects
rapidly. In this study, a Python web crawler was used to retrieve object information regarding real estate
trading platforms within a data collection period of five months. Information pertaining to 3,907 objects
was acquired via the daily crawling of objects located in Nanzih district (Kaohsiung City) on two B2C
websites (S-REA and Y-REA) and one C2C website (F-REA).

(2) Text and image comparison were used to provide object information promptly to real estate agents
and consumers. Many webpages are available for selling houses with diversified information and frequently
changing contents. By automatically acquiring and comparing the information, real estate agents and
consumers will be able to grasp and understand the sales status of the objects. Based on the comparison
results of the text information of the objects, the S-REA, Y-REA, and F-REA each had 666, 1,570, and
1,493 objects, respectively. The S-REA and Y-REA jointly owned eight of the same objects, the S-REA
and F-REA jointly owned 33 of the same objects, and the Y-REA and F-REA owned 48 of the same
objects; meanwhile, none of the same objects were owned by all three agents simultaneously. Real estate
agents can learn the object information via different worksheets based on their requirement for the rapid
search and development of potential homeowners, as well as objects that they serve as sales agents. The
text mining of the same real estate object enables consumers and real estate agents to understand the price
reduction of the object and the number of days the object has been advertised for sale on the real estate
agency website; consequently, they will be better informed when purchasing or bargaining for the object.
When consumers are interested in an object, they can identify similar objects based on the image of the
object, by adjusting the number of search results according to their requirements, and using comparison
results to purchase or bargain, thereby reducing the cost of web search. The image comparison result
allows real estate agents to easily understand the object based on the text information of the object, or
identify similar objects in the image database through image comparison to provide a reference to consumers.

(3) Both text and image comparison were combined to construct a dynamic object recommendation
system to provide innovative applications in the real estate industry. In this study, the information of
3,907 objects in Nanzih district (Kaohsiung City) was acquired. At least one week was required to
compare the objects manually; even though the object information was stored as an Excel file using a
crawler, and the filter or search function was used for auxiliary comparison, a significant amount of time
was required to organize the information. The object dynamic recommendation system developed based
on text mining and deep learning images can complete the object information comparison in only 2 min.
Hence, it enables real estate agents and consumers to obtain the latest information regarding objects
promptly; this significantly reduces the search time and cost, rendering real estate agency operations more
efficient and providing more convenience to consumers.

5.2 Practical Implications

Developing objects is vital to real estate agents. Previously, real estate agents distributed leaflets, visited
strangers’ homes, and used other methods for object development. These methods are not only time
consuming, but also costly. Using the dynamic object recommendation system proposed herein, real
estate agents can obtain comparison results from crawled data within 2 min. Real estate agents can easily
understand the status of the objects that they own through text mining; furthermore, they can select the
most likely customers or objects for development from a significant amount of data at any time, thereby
significantly reducing the search time and cost. In addition to allowing real estate agents to match the
object text narrative to gain a better understanding of the object, the image comparison enables the agents
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to identify similar objects for recommendation and improve work efficiency by promptly comparing an
object with the image database in real time; this is accomplished by inputting the object image when the
consumer demands for similar objects, regardless of whether the customer is in a physical store or
browsing for an object from a website.

Owing to the current digital age, consumers rely significantly on the search function provided by the
Internet when purchasing products. However, the information provided by the Internet is diverse, and it is
difficult to detect whether the commodity information on the website is changing. The dynamic object
recommendation system can provide relevant object difference analysis and information difference
analysis based on the various requirements of users, such as allowing consumers to obtain the dynamic
price reduction information of the object more easily, as well as to understand the number of days the
object has been listed on the website. When consumers identify an object of interest, they can search
through images at any time to identify similar objects, and then purchase the object or bargain for it.
Furthermore, image comparison allows the number of similarities to be set based on the consumers’
requirements, thereby reducing the time required to browse for the objects of interest; this can enhance
the consumer experience and establish multiple interactive channels.

Information is increasing at a rapid pace owing to the advent of the big data era. The extraction of data
required from this significant amount of data and the acquisition of important information from the data to
facilitate decision making have become important topics. Previously, most studies associated with
recommendation systems were performed in the fields of film, retail, and shopping, whereas those
pertaining to real estate were primarily based on investment forecasting or housing price forecasting,
where few studies used advanced technology to establish recommendation systems. Deep learning has
achieved favorable results in the fields of image recognition, speech recognition, natural language
processing, and others. In addition, the application of deep learning has introduced new changes to
recommendation systems. The increasingly frequent e-commerce transactions occurring currently has
caused more companies to advertise their products online, which results in a significant amount of
commodity information. Results are difficult to achieve in a short duration using the recommendation
system; therefore, the time frame must be extended accordingly. The daily or hourly continuous update of
object information by web crawlers can optimize the recommendation system and then reveal information
regarding the object of the user’s potential interest.

5.3 Future Work

Based on the results of the dynamic recommendation system for real estate objects, the following are
suggested for future studies: (1) The dynamic difference analysis information can be presented on a web
page: The presentation of object dynamic recommendation system through a web page allows consumers
to rapidly browse the dynamic changes of information through the web page and use images to identify
similar objects. When the image of the object is linked to the real estate agent’s website wherein the
object is located, if consumers are interested in the object, then they can directly proceed to the real estate
agent’s webpage to view the object’s information through the link, thereby reducing search costs. (2)
Establishing a difference analysis database: This study was conducted only in Nanzih district of
Kaohsiung. To analyze the information of objects in Kaohsiung or in the entire country of Taiwan, the
amount of data involved will be significant. By storing the crawled text and images in a cloud database
and linking them to a query screen, the information can be quickly analyzed, and real-time difference
analysis can be conducted in response to changes in the object status.
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