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1 A ten-year literature review of content-based image retrieval (CBIR) studies in the tourism 
2 industry
3 Abstract
4 Purpose - Due to the worldwide growth of digital image sharing and the maturity of the tourism 
5 industry, the vast and growing collections of digital images have become a challenge for those who 
6 use and/or manage these image data across tourism settings. To overcome the image indexing task 
7 with less labour cost and improve the image retrieval task with less human errors, the content-based 
8 image retrieval (CBIR) technique has been investigated for the tourism domain particularly. This 
9 paper aims to review the relevant literature in the field to understand these previous works and identify 

10 research gaps for future research directions.
11 Design/methodology/approach - The systematic and comprehensive review of CBIR studies in 
12 tourism from the year 2010 to 2019, focusing on journal articles and conference proceedings in 
13 reputable online databases, is conducted by taking a comparative approach to critically analyse and 
14 address the trend of each fundamental element in these research experiments.
15 Findings - Based on the review of the literature, the trends identified in the CBIR study in tourism is 
16 to improve image representation and retrieval by advancing existing feature extraction techniques, 
17 contributing novel techniques in the feature extraction process through fine-tuning fusion features, 
18 and improving image query of CBIR systems. Co-authorship, tourist attraction sector, and fusion 
19 image features have been a focus. Nonetheless, the number of studies in other tourism sectors and 
20 available image databases could be further explored.
21 Originality/value - The fact that no existing academic review of CBIR studies in tourism makes this 
22 paper a novel contribution.
23
24 Keywords: Content-based image retrieval, Digital image indexing, Tourism industry
25 Article classification: Literature review
26
27 1. Introduction
28 The tourism industry has been one of the driving forces of the economy for many countries around 
29 the world (WTTC, 2020). In 2019, the industry contributed US $8.9 trillion to the world’s GDP, 
30 accounting for 10.3 percent of global GDP, and provided 330 million jobs – one in ten jobs – around 
31 the world. Moreover, US $948 billion capital investment was allocated to the industry. Additionally, 
32 despite the service nature of tourism, it can be seen as a tourism product which consists of five 
33 elements including: attractions, access, accommodation, amenities, and activities (Mill and Morrison, 
34 1985; Murphy et al., 2000; Smith, 1994).
35 Looking at today’s society, it is undeniable that social media have become major portals for 
36 digital image sharing. As a result of our love of taking pictures when travelling internationally or 
37 domestically and taking pictures or screenshots of moments in our daily lives, 350 million images are 
38 uploaded every day on Facebook, more than 50 billion images so far have been uploaded to Instagram, 
39 over 1.2 billion images and videos are uploaded on Google Photos, and Flickr, the largest image 
40 sharing website, hosts more than 500 million public CC-licensed images (Aslam, 2020a, 2020b; 
41 Sabharwal, 2017; Stadlen, 2019). On top of this, due to the popularity of smartphones equipped with 
42 cameras, over 98 percent of Facebook active user accounts have accessed the social network via 
43 smartphone (Clement, 2020) which confirms the convenient production and sharing of digital images. 
44 Apart from image sharing, six out of ten Pinterest users also use the mobile app to discover new 
45 products and 83 percent of them use mobile search in the decision making process of purchases 
46 (Aslam, 2020c).
47 Consequently, this continuous production of digital images, especially in a tourism-related 
48 context, has become a challenge in image data organization not only for public users who try to 
49 organize their own personal catalogue or search for images in any database, but also professional 
50 groups, such as librarians, tourism authorities, museum managers, online travel agencies, social media 
51 companies, and search engine companies who try to electronically manage and index these vast 
52 collections for image retrieval purposes. Digital images contain high-dimensional data which 
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53 contribute a greater challenge in various aspects of its management and organization, such as huge 
54 memory and storage requirements, high computational costs, speed limitations, and security 
55 constraints. Furthermore, the complex digitization process, indexing process, and the need for 
56 efficient storage and retrieval of images have been recognized for many years among professionals 
57 who manage picture libraries and design archives in large image collections. Nonetheless, to 
58 overcome these challenges, academic scholars and commercial research groups have studied and 
59 advanced numerous techniques in response to image classification and retrieval. Alkhawlani et al. 
60 (2015) mentioned three key image retrieval techniques which are text-based image retrieval (TBIR), 
61 semantic-based image retrieval (SBIR), and content-based image retrieval (CBIR). To reduce 
62 intensive labour cost and human errors in image data indexing and retrieval, as well as complement 
63 the digital image era, CBIR seems to be the ideal solution for image data management.
64 Despite the fact that digital images have also been produced heavily in other domains, such 
65 as radiology in medicine and the plant/animal kingdom in biology, this research focuses on the 
66 tourism domain, based on its economic impact aforementioned. Consequently, this paper will conduct 
67 a systematic and comprehensive review of CBIR studies in the tourism industry in the past ten years, 
68 the year 2010 to the year 2019. The rest of this paper is organized as follows. Section 2 illustrates the 
69 concept of CBIR including image representation and measurements of retrieval performance. Section 
70 3 investigates the relevant literature of CBIR in tourism with critical analysis. Lastly, future research 
71 directions are discussed in Section 4 and Section 5 provides the conclusion, accordingly.
72
73 2. CBIR theory
74 First of all, it is crucial to understand the process of CBIR. As shown in Figure 1, each image in the 
75 database is automatically extracted and its features and mathematics measured. Once a user submits 
76 an image query, the system will compare the features of the submitted image to features of images 
77 extracted prior to it in the database in order to match and present the image(s) that look most similar.
78
79                  Image query                          Image database                         Retrieved images
80
81
82
83
84
85
86
87
88
89
90 Figure 1. The process of content-based image retrieval (CBIR)
91
92 In addition, an image query could be in the forms of sketch or colour map, however, using an 
93 image example would be the most appropriate image type for CBIR as it has well-represented 
94 attributes of an image, such as the presence of a particular combination of colour, shape, and/or 
95 texture, the presence or arrangement of the object(s) in an image, and the presence of location(s), 
96 event(s), or individual(s). It can be seen that the content-based technique could be a more challenging 
97 one compared to the semantic-based or the text-based techniques which use words as tools of 
98 communication and are logically structured by a human (Santini and Jain, 1997). However, by using 
99 the CBIR technique the closest image(s) would be retrieved with less human errors in image indexing 

100 and organization.
101 Moving to the image representation, through the feature extraction process, an image could 
102 be represented in the form of image features. These features could be broadly categorized into two 
103 types of features, classical features and artificial intelligence-based features.
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104 Traditionally, image features can be represented in colours, textures, shapes, spatial positions, 
105 or in the form of scale-invariant feature transform (SIFT) as described below.
106 A. Colour features - Colour has been one of the most studied features as it is a vital element when it 
107 comes to human visual perception. Despite the fact that there are various colour systems, RGB 
108 (red, green, and blue) is the most widely mentioned and used colour system even though it is not 
109 the most corresponding colour system to a human’s colour perception (Muller et al., 2003).
110 B. Texture features - Similar to the colour feature, human visual perception tends to consider textures 
111 of objects in an image. For example, a fur texture of a hotel cushion, a wood texture of the pier 
112 floor, a leather texture of a car seat, or metal texture of a sculpture.
113 C. Shape features - Another classical feature used in CBIR is the shape feature. Each object in an 
114 image may differ in shape, such as a rectangular shape of a hostel bed, a square shape of a window, 
115 a circle shape of a soup bowl, or a triangle shape of the Eiffel Tower.
116 D. Spatial features - The spatial position of an object within an image is one of the most basic and 
117 sensible features for image search as a geographical aspect can be seen in a real-life example. 
118 This useful feature helps to make the process of image search more accurate. However, image 
119 rotation is a challenge for this type of feature.
120 E. Scale-invariant feature transform (SIFT) features - The scale-invariant feature transform (SIFT) 
121 feature, which is also considered a classical or handcrafted feature (Zhou et al., 2017), introduced 
122 by Lowe in 2004, has been studied in numerous works as it focuses on the key point(s) of interest 
123 in an image and this key point is invariant to scale, rotation, location, and illumination, unlike the 
124 spatial features. Based on this key strength of the SIFT feature, it could contribute to better 
125 accuracy of an image search in vast image libraries.
126 Nowadays it can be seen that artificial intelligence (AI) has become one of the most discussed 
127 topics as several tasks previously operated by only human beings have now transferred to computing 
128 machines which can run automatically. As AI is a powerful tool, artificial neural networks (ANNs) 
129 have been explored in feature extraction in order to simulate the human cognition process. Firstly, 
130 the image attribute(s) are manually defined by a human. Then, the designed system can be trained to 
131 recognize the labelled image and this learning-based feature can be used to compare to visual 
132 feature(s) of an unseen image(s) for the purpose of retrieving similar image(s). Among various types 
133 of ANNs, the convolutional neural network (CNN) has been primarily applied on several image 
134 recognition and retrieval works including, for example, AlexNet, ZF Net, VGG Net, and GoogLeNet 
135 (Adit, 2016; Kruthika et al., 2019; Tzelepi and Tefas, 2017). Nonetheless, the extraction of these AI-
136 based features remains a challenge as it is not easy to define all attributes or features for an image, 
137 due to the complexity of the human neural network that the ANN should be able to simulate, and also 
138 the image classification process is quite time and cost consuming.
139
140 2.1 Performance measurement of CBIR
141 The evaluation of a CBIR system is crucial as it is the tool to measure the image retrieval performance 
142 in terms of its successfulness in practical application. Despite a variety of performance evaluation 
143 criterion, two widely used measures in CBIR and information retrieval are precision and recall.
144 Precision is a ratio of the number of relevant retrieved images to the total number of retrieved 
145 images.
146                       (Equation 1)𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  

𝑁𝑜. 𝑜𝑓 𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑 𝑖𝑚𝑎𝑔𝑒𝑠
𝑁𝑜. 𝑜𝑓 𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡 + 𝑖𝑟𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑 𝑖𝑚𝑎𝑔𝑒𝑠

147 Recall is a ration of the number of relevant retrieved images to the total number of relevant 
148 images in the database.
149                                             (Equation 2)𝑅𝑒𝑐𝑎𝑙𝑙 =  

𝑁𝑜. 𝑜𝑓 𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑 𝑖𝑚𝑎𝑔𝑒𝑠
𝑁𝑜. 𝑜𝑓 𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝑖𝑚𝑎𝑔𝑒𝑠 𝑖𝑛 𝑑𝑎𝑡𝑎𝑏𝑎𝑠𝑒

150
151 3. Literature review
152 3.1 Research methodology
153 Due to the nature of the literature review, secondary research is chosen as a methodology in order to 
154 collect published materials which are in relation to CBIR studies in the tourism industry. Additionally, 
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155 prior to conducting the critical analysis of relevant literature, a systematic and comprehensive 
156 approach is adopted in the literature review process. Brunel University London (2020) suggested five 
157 stages of a literature review process which are to: identify a well-defined literature review question, 
158 develop a searching strategy, evaluate the identified literature, combine the relevant literature, and 
159 reiterate the purpose of the review.
160 To begin with, the stage of identifying a literature review question is a very critical stage. A 
161 well-defined literature review question helps a researcher to be more focused and includes only 
162 relevant literature that will help to answer the literature review question. Furthermore, after 
163 identifying the question, demonstrating the terms used in the literature search is also unneglectable 
164 as clearly defined terms help to reduce any ambiguity that may occur in later stages. Therefore, for 
165 the purpose of answering the review question of this study, what the evidence of CBIR studies are in 
166 the tourism industry, two key terms were identified, CBIR and tourism.
167 Moving to the stage of developing a searching strategy, a strategic and systematic approach 
168 could greatly benefit as a researcher will remain focused on answering the literature review question. 
169 Despite there being a large number of literature available for researchers, such as books, academic or 
170 professional journals, conference papers, and newspapers, each type of literature has a specific 
171 audience of intended readers for which the articles have been written, as well as the styles of writing 
172 may vary. More importantly, reliability is also a key consideration. Therefore, it is crucial to prioritise 
173 the types of literature and develop a hierarchy of evidence in order to focus on the literature sources 
174 that produce high-quality literature. Consequently, in the case of this study, a search of research 
175 literature was conducted from online databases with a high reputation in academic use, including 
176 Brunel University Library, IEEE/IET Electronic Library, Academic Search Complete, ACM Digital 
177 Library, and Google Scholar, in order to gather relevant studies with a focus on journal articles and 
178 conference proceedings. Additionally, the publication year for the literature search was set from the 
179 year 2010 and up to the year 2020.
180 Despite the fact that the majority of identified literature was from peer reviewed journals, 
181 literature evaluation could reassure that the literature was able to contribute useful evidence to the 
182 literature review. Therefore, an appraisal tool from a critical appraisal skills programme (CASP, 
183 2020) was adopted in order to critically examine each piece of literature by considering three broad 
184 issues: the validity of the results of the study, the contents of the results, and the benefits of the results.
185 Looking at the next stage of a literature review process which is the stage of combining the 
186 relevant literature, it is undoubted that not only evaluating each piece of literature is important but 
187 also drawing similarity(s) and difference(s) of all the literature is crucial. For this reason, the common 
188 ground(s) and the distinction(s) of retrieved literature are addressed in the section of results and 
189 analysis.
190 Despite the fact that the literature review purpose can be implied from the literature review 
191 question in the stage of identifying a literature review question, it is essential to emphasise the review 
192 purpose(s) as well as signpost any activities that could be undertaken further. Therefore, the sections 
193 of future research directions and conclusion are included.
194
195 3.2 Results and analysis
196 After the search of previous CBIR studies in the tourism industry in the past decade, a comparative 
197 study of key elements and results from each experiment are highlighted in Table I with critical 
198 analysis.
199
200 Table I. The comparative study of CBIR in the tourism discipline

Author(s) Country(s) & 
publication

Image 
database(s) 
& format(s)

No. of 
images & 
classes

Extracted 
feature(s)

Performance 
measurement(s) 
& result(s)

Summary of 
findings
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Premchai
swad et 
al. (2010)

Thailand 
(IEEE)

Tourist 
attractions 
(JPEG, 
BMP & 
GIF)

3,600 (n/a) colour 
correlogra
m

Precision (89%), 
recall (227), mean 
average precision 
(86%) & mean 
average recall (2)

The ACCC 
(auto colour 
correlogram 
and 
correlation) 
algorithm 
outperforms 
the ACC 
(auto colour 
correlogram
) algorithm 
for CBIR

Wengert 
et al. 
(2011)

Switzerland & 
France 
(Proceedings of 
the 19th ACM 
International 
Conference on 
Multimedia)

INRIA 
holidays 
(JPEG)

1,491(500) colour & 
SIFT

Mean average 
precision (65.3%)

The colour 
SIFT 
descriptor 
outperforms 
the SIFT 
descriptor 
for CBIR

Raisi et 
al. (2011)

Iran (IEEE) own 
tourism 
database 
(attractions 
of Zahedan 
city and 
University 
of Sistan 
and 
Baluchestan
) (n/a)

1,021 (n/a) colour, 
texture, & 
edge

Average 
normalized 
modified retrieval 
rate (0.3444 for 
EHD) & running 
time (0.06s for 
SCD)

The EHD 
(edge 
histogram 
descriptor) 
and the SCD 
(scale 
colour 
descriptor) 
methods 
outperform 
the others 
for CBIR

Abdullah
zadeh and 
Mohanna 
(2013)

Iran 
(International 
Research 
Journal of 
Applied and 
Basic Sciences)

Building 
category of 
Corel 
(JPEG)

100 (n/a) colour Average 
normalized 
modified retrieval 
rate (0.0759)

The 
combined 
gray and 
HSV colour 
ANIRs 
(affine noisy 
invariant 
region) 
algorithm 
outperforms 
the others 
for CBIR
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Raisi et 
al. (2014)

Iran 
(International 
Journal of 
Advanced 
Networking 
and 
Applications)

own 
tourism 
database 
(attractions 
of Zahedan 
city and 
University 
of Sistan 
and 
Baluchestan
) & 
Corel_1k 
(n/a)

1,000 (17) 
& 1,000 
(20)

colour, 
texture, & 
shape

average 
normalized 
modified retrieval 
rate (0.2751 for 
EHD & CLD) & 
query running 
time (0.050s for 
SCD)

The 
combined 
EHD (edge 
histogram 
descriptor) 
with CLD 
(colour 
layout 
descriptor) 
and the SCD 
(scale 
colour 
descriptor) 
methods 
outperform 
the others 
for CBIR

Zheng et 
al. (2014)

China (IEEE 
Transactions 
on Image 
Processing)

INRIA 
holidays, 
Ukbench,D
uImage & 
MIR Flickr 
1M (JPEG)

1,491 (500), 
10,200 
(2,250), 
1,104 (33) 
& 1M (n/a)

colour & 
SIFT

Mean average 
precision (85.2%)

The 
combined 
SIFT & 
colour 
algorithm 
outperforms 
the others 
for CBIR

Zhu et al. 
(2015)

China (IEEE 
Transactions 
on Cybernetics)

Landmarks 
from Flickr 
(n/a)

5,000 (25) colour 
moment, 
texture, 
shape, 
SIFT, & 
GIST

Precision 
(29.77%)

The MMHG 
(multimodal 
hypergraph) 
algorithm 
outperforms 
the others 
for CBIR

Amato et 
al. (2015)

Italy (ACM 
Journal on 
Computing and 
Cultural 
Heritage)

Pisa 
monuments 
& 
landmarks 
from Flickr 
(n/a)

1,227 (12) SIFT, 
SURF, 
ORB & 
BRISK

F1 macro (0.95) The kNN (k-
nearest 
neighbour) 
with SIFT 
algorithm 
outperforms 
the others 
for CBIR

Wang et 
al. (2015)

Australia 
(Proceedings of 
the 23rd ACM 
International 
Conference on 
Multimedia)

Landmarks 
from Flickr, 
Picasa web 
album & 
Oxford 
building 
(n/a)

49,840 (55), 
4,100 (16) 
& 5,062 
(12)

shape & 
SIFT

Mean average 
precision 
(59.94%)

The novel 
method base 
on a multi-
query 
expansion 
paradigm 
outperforms 
the others 
for CBIR
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Makantas
is et al. 
(2016)

Greece & 
Cyprus 
(Multimedia 
Tools and 
Applications)

Cultural 
heritage 
from Flickr 
(n/a)

31,000 (n/a) ORB Precision (78%), 
recall (92%) & F1 
Score (84%)

The 
DBSCAN 
(density-
based 
spatial 
clustering of 
applications 
with noise) 
algorithm 
outperforms 
the others 
for CBIR

Lacheheb 
and Aouat 
(2017)

Algeria 
(Multimedia 
Tools and 
Applications)

ZuBuD 
(PNG), 
WANG & 
Coil-100 
(n/a)

1,120 (201), 
1,000 (10) 
& 7,200 
(n/a)

colour & 
SIFT

Precision (56%), 
recall (100%), F-
measure (70%) & 
error rate (0.01)

The 
combined 
SIFT & 
HSV 
algorithm 
outperforms 
the others 
for CBIR

Elleuch 
and 
Marzouki 
(2017)

Tunisia 
(Multimedia 
Tools and 
Applications)

INRIA 
holidays 
(JPEG), 
Ukbench, 
MIR Flickr 
1M & Flickr 
60K (n/a)

1,491 (500), 
10,200 
(2,250), 1M 
(n/a) & 
67,714 (n/a)

colour & 
SIFT

Mean average 
precision (59.4%)

The novel 
multi-IDF 
(inverse 
document 
frequency) 
design 
algorithm 
outperforms 
the others 
for CBIR

Lonarkar 
and Rao 
(2017)

India 
(Proceedings of 
the 
International 
Conference on 
Inventive 
Computing and 
Informatics)

INRIA 
holidays 
(JPEG)

1,000 (500) colour 
histogram

Precision (100%) 
& recall (33.6%)

The 
combined 
automated 
segmentatio
n & region-
based 
feature 
extraction 
algorithm 
outperforms 
the others 
for CBIR

Wang et 
al. (2017)

Australia 
(IEEE 
Transactions 
on Image 
Processing)

Landmarks 
from Flickr 
& Picasa 
Web 
Albums 
(n/a)

49,840 (55) 
& 4,100 
(16)

colour, 
SIFT & 
CNN

Mean average 
precision 
(63.62%)

The novel 
method base 
on a multi-
query 
expansion 
paradigm 
outperforms 
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the others 
for CBIR

Hung 
(2018)

Taiwan (The 
Electronic 
Library)

Chinese 
paintings 
(n/a)

1,200 (3) colour 
histogram 
& texture

Mean average 
precision (92%)

The 
combined 
colour & 
texture 
algorithm 
performs 
well for 
CBIR

Arun et 
al. (2020)

India (Artificial 
Intelligence 
Review)

INRIA 
holidays 
(JPEG), 
Oxford 
buildings, 
Scene-15, 
GHIM-10K 
(JPEG), 
IAPR TC-
12 (JPEG) 
& SUN-397

1,491 (500), 
5,062 (11), 
4,485 (15), 
10,000 (20), 
20,000 (n/a) 
& 108,754 
(397)

SIFT Mean average 
precision (83.6%), 
average R-
Precision (86.7%) 
& discounted 
cumulative gain 
(89.9%)

The BoVP 
(bag of 
visual 
phrases) 
algorithm 
outperforms 
the others 
for CBIR

Basak et 
al. (2019)

India 
(International 
Research 
Journal of 
Engineering 
and 
Technology)

Monuments 
(n/a)

4 (2) shape Edge magnitude 
value (1.61 for 1st  
image & 1.65 for 
2nd image)

The shape 
feature 
algorithm 
performs 
well for 
CBIR

201
202 Looking at the past decade, it can be seen that the trend of CBIR study in the tourism discipline 
203 is to improve existing feature extraction techniques (47%) to better represent image information and 
204 eventually accelerate the image retrieval performance with high efficiency and effectiveness. 
205 Nevertheless, some studies attempted to contribute novel techniques in the feature extraction process 
206 by fine-tuning fusion features (41%) and some attempted to improve the input of CBIR system, image 
207 query (12%).
208 As for the research author(s), the majority of CBIR study are collaborative works of two 
209 authors (24%), three authors (40%), four authors (24%), and five authors (6%). Only six percent of 
210 the CBIR studies are conducted by one author. Additionally, 62 percent of the studies are the 
211 collaboration between institutions, whereas 38 percent are done within an institution. Despite the fact 
212 that it is an interdisciplinary subject, all authors chose to publish their academic papers in 
213 journals/conferences in relation to STEM (science, technology, engineering, and math) subjects 
214 instead of the humanities subjects, such as leisure and tourism, social science, and business study. As 
215 for the origin country(s) of authors, Asia (65%) is the most active continent for tourism-related CBIR 
216 studies, conducted in China (17%), India (17%), Iran (17%), Taiwan (7%), and Thailand (7%). 

Page 8 of 13The Electronic Library

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



The Electronic Library

217 Nonetheless, scholars in Europe (17%), Africa (12%), and Australia (6%) also have an interest in the 
218 topic. Furthermore, even though the CBIR studies in tourism has been published almost every year 
219 and there is a consistent number of published papers each year, more intensive study in the field could 
220 have been conducted in response to the ongoing challenges in image data management/organization 
221 in the tourism industry.
222 Moving to the database(s) used in each experiment. Although there are five basic elements of 
223 tourism product – attractions, accommodation, access, amenities, and activities – the tourist attraction 
224 element has been a focus of the authors, particularly in art and cultural heritage domains which are 
225 understandable as these are considered the priceless treasures of humankind from generation to 
226 generation. These databases include landmark images, monument images, historical building images, 
227 beach images, mountain images, and/or painting/object images in museums. There are fewer studies 
228 made of images in the access element (bus images), the amenities element (food images at 
229 restaurants), and the activities element (traditional/special event images). However, images of the 
230 accommodation element were not included in these studies. On top of these, many experiments used 
231 existing tourism-related databases even though not all of them contain meaningful image labels, such 
232 as INRIA holidays, Oxford buildings, and ZuBuD Zurich buildings, and some experiments 
233 considered other existing databases which contain tourism-related images, such as Flickr and Picasa 
234 Web Albums. Only 17 percent of the experiments created their own databases by browsing images 
235 from available search engines or taking photographs at various premises.
236

237
238 Figure 2. Image samples of the INRIA holidays database
239
240 Furthermore, it seems there is no academic scholar who has suggested a specific number for 
241 a reliable data size, or even how to calculate the appropriate data size for research in relation to image 
242 retrieval. Therefore, the choice of data size in each experiment is subjective based on the limitations 
243 of each research study, between 100 images to 1M images per existing database and between 1,000 
244 images to 49,840 images per newly created database with various sizes of image category. 
245 Nevertheless, there is still a lack of images of the accommodation element in these databases and the 
246 update of the database used is not mentioned in any study which could result in dated information 
247 when applying these studies in real-life application.
248 In terms of image features which contain information of an image, as a part of the metadata, 
249 it can be seen the classical features were mainly extracted and the colour and/or SIFT features were 
250 the most popular choices (53%) to represent images in the tourism context. Moreover, the approach 
251 of using a combination of features was a trend as these fusion features include significant image 
252 information on a larger scale when compared to using a single feature. Additionally, though AI-based 
253 features are the state-of-the-art which are advanced and closer to the human cognitive process, their 
254 computational complexity and cost, as well as time consumption, could be major hindrances to apply 
255 this type of feature in a small-scale study with resource and financial limitations. Having said this, 
256 there is an attempt of using CNN features to represent images.
257 As for the performance measurement used in CBIR studies, even though there is no single 
258 rule to evaluate the CBIR system, as it depends on the user requirement for that specific task, it is 
259 undoubted that a combination of measures, especially precision and recall, is common in these 
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260 studies. On top of this, processing time in image classification and retrieval should not be a neglected 
261 criterion in experiments.
262 Considering the relevant CBIR studies above, it can be seen that there is no existing review 
263 of CBIR studies in the tourism industry has been conducted in the past decade. Therefore, this paper 
264 has filled the current research gap. On top of this, based on the results and analysis, additional research 
265 gaps have been identified for further research in the next section.
266
267 4. Future research directions
268 According to the CBIR studies in the previous section, it is undeniable that there is plenty of room to 
269 investigate and improve the organization and management of digital image data in the tourism context 
270 through CBIR. Suggestions for future directions are addressed as follow.
271
272 4.1 CBIR for the accommodation sector
273 Accommodation is one of the major parts of tourism which has an increase in number in the recent 
274 decade, particularly accommodations targeting the millennial generation have become a focus for 
275 world-dominant hoteliers, such as AccorHotels, Hilton, and Marriott (Fox, 2017; Gerrard, 2017; 
276 Mohn, 2016; Underwood, 2016). Major hostel chains, such as A&O, Generator, Meininger, and St 
277 Christopher’s Inns, have planned to expand their business while there is an increasing number of 
278 independent hostels in different parts of the world (Patrick, 2018, 2019). For this reason, the 
279 accommodation sector deserves attention from academics to facilitate the development of an efficient 
280 CBIR tool in order to manage/organize its enormous digital image collections.
281
282 4.2 Availability of various database collections
283 Due to the limitation of existing tourism-related databases aforementioned, there is a demand for 
284 more up-to-date databases of the attraction sector. Moreover, ground-truth databases of the other 
285 sectors in tourism – accommodation, access, activities, and amenities – could be made available for 
286 CBIR study in order to enhance and strengthen image data organization across all sectors in the 
287 tourism industry. Furthermore, by developing the CBIR technique for a tailored domain, image 
288 classification and retrieval tasks could contribute better performance results in response to a user-
289 specified query for a specific problem.
290
291 4.3 Academia and industry collaboration
292 To advance CBIR study toward the AI approach, knowledge and resource exchange between 
293 academics and professionals in the industry is crucial. The academic sector could overcome financial 
294 drawbacks by gaining extra funding from the company(s), limited technology resources by using 
295 facilities of the technology company(s), and limited labour resources by sharing tasks among 
296 collaborative teams. On the industry side, the sector could benefit from a deep knowledge of the 
297 academics who tend to focus on their specialized subject(s). Moreover, the extensive commitment of 
298 the academics could assure continuity in field development which benefits the industry in the long 
299 term.
300
301 4.4 Real-life application
302 In the tourism context, only one evidence of the real-life application of CBIR is found in museum 
303 management, IBM’s QBIC (query by image content) system is applied to the website of the 
304 Hermitage Museum in Russia (Jose, 2000) so people can search and appreciate the precious artworks 
305 without being at the museum. Therefore, it is obvious that more work can be done to bridge the gap 
306 between theory and real-life practice.
307 Despite the launch of search by image constructs by three of the key developers – Google, 
308 TinEye by Idee, and Yandex by Yandex – for the general public, as well as the launch of an AI-
309 powered technology that uses smartphone camera and deep machine learning for object recognition 
310 and image retrieval using only visual content on mobile apps by the mobile phone giants – Bixby by 
311 Samsung, HiVision by Huawei, and Google Lens by Google – now compatible with many iOS and 
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312 Android devices (Google, 2017; Huawei, 2018; Samsung, 2017), the organization and management 
313 of digital image databases still remains a continuous challenge, let alone the attempt to utilize CBIR 
314 for a specific domain like tourism.
315
316 5. Conclusion
317 Based on the literature review of CBIR studies in tourism using a comparative approach, it can be 
318 seen that in the past decade the research trend is to improve image representation and retrieval by 
319 advancing existing feature extraction techniques, contributing novel techniques in the feature 
320 extraction process through fine-tuning fusion features, and improving the image query of CBIR 
321 systems. The fusion of classical features, especially colour and SIFT features, remains the key tool 
322 for image representation. The limitation of available tourism-related databases which mainly focus 
323 on the tourist attraction sector is found and some of these databases show a lack of meaningful image 
324 labels. Moreover, the number of intensive studies in the field could be increased in response to the 
325 ongoing challenges in management/organization of digital image data within the tourism industry.
326 Lastly, this literature review has emphasized the possibility of applying the CBIR technique 
327 in digital image management for electronic libraries to overcome indexing and retrieval tasks with 
328 less labour cost and human errors, along with highlighting trends and research gaps for future 
329 research.
330
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