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Recognition and Classification of Homogeneous Landscape
With Visitor—-Employed Photography and Cloud Image Annotation API

—An Example of the Riverscape in Nihonbashi, Tokyo, Japan
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ABSTRACT

Effective classification of landscape photographs is a vital
step in data processing and environment analysis. With the
popularity of crowdsourcing geo-information, an increasing
number of studies have used geotagged photographs to
visualize how people perceive and interact with destinations
and explore the aesthetic, cultural, and recreational

value of the areas. In recent years, machine-learning
algorithms for image recognition have dramatically
improved the efficiency of the assignment of keywords
and provide possibilities for the automatic classification

of numerous photographs. However, the applicability of
such methods for the practical landscape classification is
still not clear, especially for the photographs presenting a
homogeneous landscape that has similar characteristics.
This study developed a semi-automatic classifier for
homogeneous landscape photographs by using Google
Cloud Vision APl and multi-level hierarchical clustering.
The classifier was applied to the classification of urban
riverscape photographs, which is a typical example of
homogeneous landscapes in Nihonbashi, Tokyo, Japan.
The riverscapes can be classified into 9 characteristic
groups by the classifier and the visual impression of these
groups matches well with our intuitive feeling. A confusion
matrix showed that the overall accuracy was 82.61%,
indicating a strong agreement between the classifier and
manual classification. Therefore, the classifier is practical
for classifying homogeneous riverscape photographs.
Such methodology also provides the possibility of public
participation in the assessing process, which, in turn,
contributes to urban tourism management.

KEYWORDS

Homogeneous Landscape; Landscape Characteristics;
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1 Introduction

Landscape classification provides a frame of reference for communication and is
conducive to the promotion of landscape management and research!". Effective

classification of landscape photographs—beneficial not only for understanding

2]

spatial data but also for landscape characteristics and preferences“—is a vital

step in data processing and analysis. Research also proved that visitor-employed
photography (VEP) can enhance tourism planning”. With the popularity of
crowdsourcing geo-information, an increasing number of studies have used
geotagged photographs to visualize how people perceive and interact with

destinations!*®

area”™", Nika Balomenou and Brian Garrod suggested that photographic data is

I"and explore the aesthetic, cultural, and recreational value of the

an important means to bridge the gap between cognitive vocabulary and visual
vocabulary in social sciences!”’!. However, most landscape-related studies have
focused on metadata embedded in the photographs (location, time, title, etc.)"*,
while only a small proportion addressed the visual content of the photographs
themselves. There is growing evidence that the visual quality of landscape has
become more important in environmental and territorial management in recent
years' "7l The character, aesthetics, and visibility of landscapes are included in
political agendas and evaluations of ecosystem services, and are taken into account
in local and regional development. The public’s preference and value of the visual
quality of landscape may have a considerable impact on spatial planning'®,
so a more detailed analysis of photographs’ content is necessary to interpret
the relationship between destination image and public preferences. Manual
classification was once the only method, but it is difficult to classify numerous
photographs objectively.

According to Dorwin P. Cartwright, such photographs need to be quantified
in a systematic and structured form for classification in batches'"”. Aditya Vailaya
et al. developed a hierarchical classifier to distinguish urban and landscape images

201 Much of the literature

using low-level features and manually added keywords
on photograph classification focuses on image content analysis®' 1?1 Based

on previous research, Elisa Oteros-Rozas et al. developed a set of indicators from
landscape characteristics and cultural ecosystem services to categorize photographs

14 In these studies, keywords were still assigned by humans, which

in more detail
required considerable time and human resources.

In recent years, machine-learning algorithms for image recognition have
dramatically improved the efficiency of the assignment of keywords. Cloud
image annotation tools, such as Google Cloud Vision API, Computer Vision in
Microsoft Azure, IBM Watson Visual Recognition, and Amazon Rekognition,
have the advantages of photograph annotation in batches without training**.
For instance, the Google Cloud Vision API enables users to annotate any
requested images quickly using numerous predefined image-level labels'”’. It
has been shown that keywords annotated by Google Cloud Vision API describe

the photograph contents satisfactorily*®. However, the average number of
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keywords per photograph is around 20, so distinguishing specific themes among
the contents of numerous photographs remains elusive.

Some studies have used keywords assigned by the Google Cloud Vision
API to classify or characterize geotagged photographs. Flurina M. Wartmann
et al. showed that a classifier based on the Google Cloud Vision API showed a
relatively high level of accuracy compared to manual classification””. Daniel
R. Richards et al. first classified 25,000 photographs taken in Singapore into
7 categories by hierarchical clustering®®'. Song Xiaoping et al. used the same
methods but focused on park photographs and classified 94,890 photographs
into 10 categories”””. Based on this approach, some scholars have analyzed
photographers who uploaded photographs to social media. Veronica Alampi

Sottini et al. grouped winescape users into 4 clusters from 9,304 photographs”’.

Arjan S. Gosal et al. used similar methods to classify 1,292 users into 6 groups”'..
In these studies, a classifier based on keywords was used for classifying numerous
photographs into independent and distinguishable categories, e.g., “animal,”

“plants,” and “people.” However, the applicability of such methods for landscape
characteristic classification is still not clear, especially for photographs presenting
a homogeneous landscape. The term “homogeneous landscape” in this study

refers to a unit of land with relatively the same topography, land cover, hydrology,

and settlement pattern*”

, such as the landscape of rivers, forests, farmlands,
metropolitan areas, etc.

This study applied machine-learning techniques to human-like classification
for a large number of photographs. We developed a semi-automatic classifier
for VEP photographs of the homogeneous landscape. The purposes of
this investigation were 1) to determine whether the classifier is practical
for recognition and classification of the homogeneous landscape, and 2)
to evaluate the accuracy of the classifier by comparing it with manual
classification. The Google Cloud Vision API was used to annotate a set of
urban riverscape photographs, which is a typical example of a homogeneous
landscape. We also created heat maps of the study area based on the

classification.

2 Materials and Methods

2.1 Study Area

The study area covers the Nihonbashi River, Kamejima River, and the
Sumida River flowing in Nihonbashi, Tokyo, Japan (Fig. 1). Nihonbashi
is an urban district of business and culture in Chd-ku with a typical
metropolitan riverscape, characterized by city canals, commercial
buildings, bridges, waterfront revetment walls, and terraces. The site is
perfect for the investigation purposes of this study as it is a unit of land
with relatively the same topography, land cover, hydrology, and settlement
pattern. Cruises starting from Nihonbashi Boarding Dock are popular, with

approximately 50,000 to 60,000 visitors a year.
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In response to urban development pressures, the Metropolitan Expressway
was built during the 1964 Tokyo Olympics. It covers part of the Nihonbashi
River and alters the original riverscape. Many critics questioned its impingement
on the rivers, which led to the cultural and commercial decline of the Nihonbashi
area. In response to these concerns, the Metropolitan Expressway will be
partially moved underground as part of the “Nihonbashi Revitalization Project.”
Because the Nihonbashi River is again facing changes, it is vital to understand

visitors’ preferences and perceptions of the related riverscape.

2.2 Photograph Collection
We used VEP to collect on-site photographs. The method was first

131 using photographs taken by visitors rather than

proposed by G. J. Cherem
by researchers to measure the public perception of the landscape”**!. VEP
minimizes researchers’ intervention in visitors’ experience as much as possible,
and was used to analyze the landscape characteristics and visitors’ preferences
and perceptions quickly and effectively. Compared with geotagged photographs
from social media, VEP photographs are more targeted and applicable for small-
scale study areas. It has been proven particularly suitable to investigate sequential
landscapes, such as rivers and trails*'""),

The on-site photographs were collected in the same time period on July
30 and August 5, 2019, two sunny days with similar weather. A total of 31
respondents (mean age = 22.4, SD = 3.2) from Chiba University were recruited
by posters. They were students with varying years of postsecondary education
of landscape (mean year = 4.1, SD = 3.1). In the experiment, they were required
to board a designated sightseeing ship and take 10 or more photographs of any
images or objects that influenced their viewing experience during the cruise.
The photographs were taken by cell phones with a GPS function to ensure that
all the photographs recorded latitude and longitude information. The entire
6.8-kilometer cruise route took 45 minutes, starting from the Nihonbashi
Boarding Dock, traveling through the Nihonbashi River, Kamejima River, and

Sumida River, and returning to the dock (Fig. 1).

2.3 Photograph Annotation

A total of 508 photographs with valid metadata were collected during
the two cruises. They were sent to the Google Cloud Vision API to obtain
photograph annotation keywords (at most 50 keywords per photograph®). The
API also provided the corresponding confidence scores of each keyword, which

ranged from 0.5 (low confidence) to 1 (very high confidence)"®.

(1) The largest number of keywords set as 50 was due to two reasons: 1) Google Cloud Vision API can annotate
as many as 50 keywords for each photograph, and 2) for homogeneous landscapes, the more keywords it is
annotated, the higher the classification accuracy will be.
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Table 1: Confusion matrix
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2.4 Photograph Classification

We created a dataset consisting of the coded photographs, and keywords and
their confidence scores assigned to each photograph. Subsequently, hierarchical
clustering was executed by applying the “hclust” function in R to the matrix with
the Euclidean distance metric and complete linkage agglomeration. Richards et al.
used similar approaches™.

After that, a clustering algorithm was improved to make the size of each
cluster (i.e., the number of photographs in the cluster) smaller than a certain
value, and we named it the “multi-level clustering method.” The maximum size of
a cluster was set to N,,,.. If N, the size of cluster i, was bigger than N, cluster
i should be divided into subgroups or nodes. The number of subgroups was set
to the rounded-up value of N;/ M, where M is a constant. This procedure was
performed recursively on the pruned sets until the size of all clusters was smaller

than N,

max*

It was challenging to determine the optimal value of these parameters.
Based on many attempts of combinations, the clustering model could best serve
the needs when the number of photographs in each cluster is smaller than 60. So,
for the first-level cut in the hierarchical dendrogram, the number of clusters was

set to 8, and the values of N,,,, and M were 60 and 40, respectively.

[391

max

We confirmed the clustering results through a holistic view'”" and ensured
that the photographs of each cluster had a common theme. Clusters with highly
similar contents were merged into the same characteristic group. The result was

that 9 groups with different riverscape characteristics were identified.

2.5 Spatial Distribution of Photographs’ Contents
We observed the spatial distribution of the photographs using GIS. Heat maps
were used to display the density of the geographic points in each group as colored

gradient layers, with the highest density shown as yellow, the lowest density as

blue.

2.6 Accuracy Test

To assess the performance of the classifier, we randomly selected 10%
(rounding to the nearest integer) of the photographs from each characteristic
group as the sample photographs for the test. There were 8 students majoring in
landscape planning at Chiba University participating in the test. They were asked
to observe the sample photographs and the categorized photograph collections (the
photograph groups obtained from the classifier, without the sample photographs),
and then assigned the sample photographs into the photograph collections they
considered most suitable. There was no time limit for the test process. To ensure
the independence of the test, participants were not allowed to communicate with
each other. The result of the manual classification of each sample photograph
was determined as the group with the highest frequency among the 8 testers’
selections.

A multiclass confusion matrix was used to compute the agreement between

the classifier and manual classification. According to the conventional definitions,
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true positives (TP), true negatives (TN), false positives (FP), and false negatives (FN)

are described in Table 1. TP means samples which classified as belonging to the

group correctly; TN means samples which classified as not belonging to the group

correctly; FP means samples which classified as belonging to the group incorrectly;

and FN means samples which classified as not belonging to the group incorrectly.

Recall was defined as the fraction of sample photographs of a specific group

that were successfully assigned to that group. Precision was defined as the fraction

of sample photographs assigned to a specific group that truly belong in that group.

[40]

We also used the F, score, which is the weighted average of recall and precision™",

to measure the test’s accuracy. The F, score reaches maximum accuracy at 1. These

calculations are presented in the following equations:

3 Results

F1=2

3.1 Keyword Extraction

Recall = —TP (1)
CAt = TP I N
Precision = P 2
recision = TP+ FP )
Recall X Precision
A3)

X
Recall + Precision

For the 508 photographs, the Google Cloud Vision API assigned a total of 9,946

keywords (mean = 19.58, SD = 8.99) with a maximum of 43 keywords (n = 1) and

a minimum of 1 keyword (n = 4) per photograph. A total of 290 unique keywords

were detected. Figure 2 displays a 2-axis chart of frequency, as well as the total and

average confidence scores for the 25 most common keywords.
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The trend of the total confidence score for each keyword is generally the same
as the number of photographs. Although the average confidence scores fluctuated
between 0.6 and 0.9, all these keywords could well describe the entity
objects in the photographs, and some of them had similar meanings, such as
“Architecture” and “Building” as well as “City,” “Urban area,” “Downtown,”
and “Cityscape.” Comparatively, specific keywords, such as “Sky,” “Tourism,”
“Tree,” and “Vehicles,” were detected less often and had fewer related
keywords, but they were expected to play an important role in distinguishing

photographs.

3.2 Hierarchical Clustering Results

As the output of the multi-level clustering analysis, the dendrogram in Figure
3 illustrates the arrangement of the clusters, where a leaf represents an individual
photograph, and a subtree represents a cluster of photographs'*. The 8 subtrees
obtained from the first-level cut were named from A to H. Then, the second-level

cut was conducted in A, E G, and H because the sizes of these clusters were larger
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FACE R 60 FRA . Fo GRIHERISHIT R 5y, HBITAREM  than 60. The recursive multi-level clustering stopped at the third level because all
TR AR N T 00— =2 n, SR 22 HRE. clusters consisted of less than 60 photographs.

WMEBFTR, RERER =250 Y] 58 R R B E AR —— 21 Three-level cuts in the dendrogram are emphasized with different colors in Figure
o ARSI EIZ o IR — . SRR =GRS AR 3. The red, blue, and green cutting lines indicate the similarity thresholds for the first,
B R ETIS R TIONEARESHRE, second, and third levels of clustering, respectively, which divides the dendrogram into

19 non-overlapping clusters.
3. 3 i SR DY fid
TERfIN T R IO A RSP g R #8 08 T AR A =80 3.3 Riverscape Characteristic Assignment

J&, WEFEATARAEFRIE R A DI, A N A BRI RS —4l. & We confirmed the clustering results and ensured that the photographs in each

2, WE T SOWRHIES A RO N . S A T “HE¥ cluster had a common visual theme. Clusters with highly similar contents were

SERET Csgm” RS CWTREST IS “EEWE then combined into a single group based on their common characters. Finally, the

7 CHBARAR R RN LAY (I3 o o, H—2REHIA NG researchers identified 9 groups with different riverscape characteristics: “Under

TEAXG, TER LR, BAA CHAL” 4. A, TEEIXTAZRZE the expressway,” “Plants and reflections,” “Transportation,” “Open riverscape,”

MGREIAT U0, LT3N w B R, U RA 5T AR “Buildings along the canal,” “Structure surfaces,” “Riverfront skyscrapers,”

BE, WHIHA “HA” H (KE4) “Landmark bridge” and “Miscellanies” (Fig. 3). Cluster H-2 was assigned to
“Miscellanies” as the photographs in it contained a variety of subjects that could not
be simply summarized. Three outliers were found in the second-level cut of Clusters
A and G and also assigned to “Miscellanies” because they significantly differed from

their adjacent clusters (Fig. 4).

A-183% Cluster A-1
HARHFR  Landmark bridge

_ mEME
Outlier

G-18% Cluster G-1
EHSNIE  Structure surfaces

4 REWERENINSEE
TSRz ER A

4. Outliers detected from

hierarchical dendrogram
and corresponding photos
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From Figure 3, it can be seen that there are 4 large size groups: “Plants and
reflections” (n = 116), “Under the expressway” (n = 100), “Riverfront Skyscrapers”
(n = 100), and “Buildings along the canal” (n = 63). These groups reflected the main
landscape characteristics of the study area. Small size groups were: “Transportation”
(n = 14), “Open riverscape” (n = 14), “Structure surfaces” (n = 27), and “Landmark
bridge” (n = 30). These groups hinted at some unique characteristics of the study
area.

Figure 5 shows representative photographs of each cluster, which present
different groups of riverscape characteristics. The most common keywords of
each cluster with their average confidence scores are set out in the sidebar. The
visual impression of these groups matches well with people’s intuitive feeling. The
classifier’s performance in categorizing photographs by characteristics was similar to
that of humans. We can find that patterns of keywords for clusters in the same group
were similar, and the highly-related keywords of each cluster highly matched the
types of riverscape characteristics, except in the Miscellanies group. Although some
photographs look very similar between groups, e.g., Cluster E in “Open riverscape”
and Cluster G-3-3 in “Riverfront skyscrapers,” the hierarchical clustering based on
the confidence scores of keywords could still accurately distinguish them.

Clusters belonging to the same landscape characteristics were mostly adjacent
branches of the dendrogram, proving that clustering by a single cut in the
dendrogram in prior studies makes sense somehow. Although with the highest level
of dissimilarity in the hierarchical structure, Cluster A-1 and Cluster H-1 were
suited to the same characteristic group, “Landmark bridge.” In contrast, Cluster
A-4-1, Cluster A-4-2, and Cluster A-4-3, though they were adjacent subtrees in the
dendrogram, belonged to two different characteristic groups. If not for the multi-
level clustering algorithm, these clusters with mixed characteristics may not have
been extracted, but divided into another characteristic group with their adjacent
clusters.

Cluster A-1 and Cluster H-1, which were mentioned above, contained the same
apparent element, the landmark bridge. Although their keyword patterns were
different, they were still classified into the same group. By closer inspection of the
figure, we can find the difference: tall buildings appeared in the photographs of
Cluster H-1, but not in those of Cluster A-1. This intriguing finding indicates that
humans prefer to focus on the unique elements in the picture, while the classifier
in this study considers all factors in the view. Also mentioned above, the neighbors
Cluster A-4-1, Cluster A-4-2, and Cluster A-4-3 were grouped into two groups of
“Under the expressway” and “Plants and reflections,” which illustrates that the

9 ¢

keywords “overpass,” “plant,” and “reflection” play an essential role in classification.
Besides, the keyword “plant” has a strong correlation with the keyword “reflection.”
Although the content of the photographs in the “Miscellanies” group was multi-
themed, we still find some patterns in Cluster H-2. In detail, some photographs
presented the details of the structures, and some contained tourists as the foreground.

If we continue to “cut” the dendrogram, it is possible to distinguish within this

group.
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5. DRERFESVFMTANMEREBRTA, UREBNREFEMRMENXEE 5. Sample photographs of each cluster belonging to the specific landscape characteristic groups
REFHEEESH. HF, TR LSENSTISEREXNXEEEEERRE and most frequent keywords of each cluster with their average confidence scores. Keywords most
B visually high-related to landscape characteristics are highlighted in orange.
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6-1. Map of the study area with the Metropolitan Expressway

6-2. All photographs (classification indicated with different colors)
6-3. Heat map of “Under the expressway”

6-4. Heat map of “Plants and reflections”

6-5. Heat map of “Buildings along the canal”

6-6. Heat map of “Riverfront skyscrapers”
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3.4 Mapping of the Characteristic Groups

Spatial characteristic analysis was performed by mapping different types of
riverscapes. Figure 6 illustrates the position of the Metropolitan Expressway
and all collected photographs, as well as heat maps of the 4 largest photograph
groups, “Under the expressway,” “Plants and reflections,” “Buildings along the
canal,” and “Riverfront skyscrapers.” The rest groups would not be discussed in
this research because they contained relatively a small number of photographs
and hardly formed a heat map.

Landscape characteristics that influenced visitors’ viewing experience can
lead to inferences based on the density of photographs in each group. It is
apparent that photographs of both “Under the expressway” and “Plants and
reflections” were concentrated in the Nihonbashi River section (Fig. 6-3, 6-4).
“Buildings along the canal” mainly appeared at the beginning of the cruise and
along the Kamejima River (Fig. 6-5). Photographs of “Riverfront skyscrapers”
were primarily located along the Sumida River and the intersection of the lower
reaches of the Kamejima River and Sumida River (Fig. 6-6). Visitors tended to
take many pictures at the beginning of the cruise and formed a hotspot area
around 650 m away from the dock. These photographs are on the themes
relating to plants, water reflections, the overpass, and buildings. Although
still under the canopy of the expressway, tourists seemed to lose interest in
photographing the highway in the second half of the Nihonbashi River. A new
hotspot can be observed when the ship sailed into the Kamejima River—Along

the narrow canal, visitors took many urban valley-style photographs. With
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7. Sample photographs for the accuracy test

the cruise going, a striking hotspot appeared at the junction of the Kamejima
River and the Sumida River, where visitors’ vision suddenly widened, and many

skyscrapers came into their sight.

3.5 Agreement Between Manual Classification and the Classifier

A total of 46 sample photographs (Fig. 7) were randomly selected from the
8 groups of 464 photographs, excluding the “Miscellanies” group, for assessing
the performance of the classifier. The number of sample photographs met the
minimum sample size for kappa agreement test of an 8-by-8 table based on
power at 80% and alpha of 0.05"?. The higher the kappa coefficient, the higher
the classification accuracy.

As shown in Figure 8, a confusion matrix yielded the identification statistics
for each group. The abscissa corresponds to the manual classification data,

and the ordinate corresponds to the classifier data. The numbers appearing on

BR RS

B (3K) (88 (k)
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8. Multiclass confusion matrix

R2: SHLREEGLER

Table 2: Results of multiclass confusion matrix

the diagonal line indicate where the classifier was consistent with the manual

WA M BEE e st . .

Group Precision Recall F, score classification, which can be considered as the number of samples correctly
AT o0 oo - classified, and the data appearing outside the diagonal line are the numbers
Under the expressway ' of samples poorly classified. Obviously, the number of true positive cases
B 55 0.9 00 096 (photographs that were classified correctly) was 38, the overall accuracy was

Plants and reflections

82.61% (38/46), and Cohen’s Kappa was 0.79, indicating a strong agreement

ZE 100 100 100 between manual classification and the classifier'*’. The results generated from the
Transportation ' ' '

matrix are listed in Table 2. Thus, we believe that the method of this study was
TR

. 1.00 0.50 0.67 fast and efficient for homogeneous landscape classification.
Open riverscape

Overall, the classifier achieved very good precision and recall outcomes.

HERER . . . .
Buildings along the canal 0.67 1.00 0.80 The categories “Landmark bridge” and “Transportation” achieved the best
BT accuracy, followed closely by “Under the expressway,” “Plants and reflections,”

\

1.00 0.43 0.60 . . .

Structure surfaces and “Buildings along the canal.” According to the F, score, confusion occurred
T 050 o 050 primarily in “Open riverscape,” “Structure surfaces,” and “Riverfront
Riverfront skyscrapers skyscrapers.” Despite their low recall, “Open riverscape” and “Structure surfaces”
HATHFR 100 100 100 obtained very high precision statistics. However, the classifier performed poorly

Landmark bridge

on “Riverfront skyscrapers,” with relatively lower precision and recall.
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4 Discussions

4.1 Practical Algorithms for Homogeneous Photograph Classification

The number of clusters for hierarchical analysis is one of the critical parameters
during the classification process. Previous studies involved a wide variety of
photographs and achieved keywords that are easy to distinguish between, such as

8% T this case, a single similarity threshold

animals, food, flowers, and people
is usually adequate, which means cutting the dendrogram at a single height.
Standard criteria methods, such as the Bayesian information criterion, are useful for
determining the number of clusters.

However, photographs in this current study were homogeneous, and keywords
were not very clustered. It is difficult to find the optimal number of clusters using
the criteria method. Hence, a more practical method, multi-level hierarchical
clustering, was developed to automatically classifying similar photographs into
groups with an upper limit size. Figure 5 shows the result that photographs with
similar characteristics appear to be grouped together holistically. In addition, the
classifier achieved a good agreement with manual classification (Fig. 8). These
findings indicate that the methods used in this study are practical for classifying
tourist photographs of largely homogeneous landscapes. Further studies should

explore more rational ways to determine the optimal size of the cluster.

4.2 Differences Between Manual and Machine Classification

Figure 9 shows the sample photographs that were classified incorrectly. The
cases with high-precision but low-recall indicate that the classifier is too selective,
which may miss photographs actually belong to “Open riverscape” or “Structure
surfaces” as Figure 9-1 shows. In contrast, the low-precision but high-recall cases
mean the classifier categorizes some photographs as “Buildings along the canal,”
however, they were considered as other groups in manual classification (Fig. 9-2).

A significant outcome from Figure 9 is that photographs are easily confused
between the groups of “Riverfront skyscrapers,” “Structure surfaces,” and “Buildings
along the river.” Testers classified the sample photographs into a specific group
because they saw highly similar photographs in that group. Although we named a
group depending on the common characteristics of most photographs in that group,
some photographs looked very similar to other groups.

The reasons for the misclassification are, first, elements of the confused
photographs are similar, thus the keywords between them are similar; second, there
are some errors or omissions of keywords when annotating from the Cloud Vision
API; third, the confidence scores of keywords influence the classification because

some keywords with low confidence scores are actually significant.

4.3 Clustering by Continuous Confidence Scores or Binary Confidence Scores
The conclusions above are all based on the dataset, which consists of keywords
assigned by continuous scores from 0.5 to 1. Through the accuracy test between

manual classification and the classifier, we found that one of the factors that

027



— HEE (AIN%)
--------- TSR (9233 )

Truth set (manual)
Predicted set (classifier)

AIDKER, FiEadx
PEBOLRER . RIS
Manual: Open riverscape
Classifier: Riverfront skyscraper

SRR, REER

High-precision, low-recall

AIDKER, BRIIE
PEBOLER . RIS
Manual: Structure surfaces
Classifier: Riverfront skyscrapers

°
=
5
2
o
=
s
T

o
g
2

AIDRER. EHRSmE
DEBPRER: BEH
Manual: Structure surfaces
Classifier: Riverfront skyscrapers

k]

p:

L3
=
s
s

o

=
g
=
B
=2
=
a
[}
9-

i Honjo, Yuriko

uruya

ATIRHRER: waE
DERBILER: BEER
Manual: Riverfront skyscrapers
Classifier: Buildings along the canal

EiERE. SEE=E

Low-precision, high-recall

4.3 WRHSHESE R B4y B B A By

VL 25 0 Ty e R iA) (B AR BR0.5~1) AR B 51
o APSEPAEER N LA AR M i 45 R R W], OGS Y 15 4
BUZFEW /3 FMERRPER I 3R 2 — o (EAESEE b, R 8 5 B2 40 B AR
P DG BT [R)RE T DL S B IR R (W E LR AE . Rk, WFRAIBAER T
Ty R0 3 A D A B A AR —— 4y R R A
(081 ) —— A CHEHREERSE . BT BRI A SR G AR 1 SE PR B AR
BEAME, BRI 4 DG S i) (AR AR ] o B A 5 2.4/
I EHAT 2

HLZBERRENHKIG, P TR 5HAREE A AR AR,
(EAE A L RRRAE (& e TR ) R, T2, XWAR
R —AF AL, B R o HARdUi s i S ks
B B A BOBIE AR i A )

SERFW], T HEHEAE R BOBE R Y A R O T S AR )
BOBARAE R — BT (kappaZRER0.55) o EIOFRFEEEIZH T
PR Z IR oy 25 50 B, AERZEELN T, B i 53 3
N SEAER A  F AR A ER Sy . BRI, R
PS5 ER CWREST sl R AT H CHARBT R X6l
MBS IR R E KRR, BRI “2im” Fl “Hbsif
7 PR —BEAR R R AL, P ARREAIAE AN TR B
Y — 2 (E8)

028

ATIRHRER: Bk
NEBPLER: BEER
Manual: Riverfront skyscrapers
Classifier: Buildings along the canal

Yazawa,

5
&
]
9-

N

influences accuracy is the confidence score. Some keywords with low scores
represent significant characteristics of the photograph. Therefore, we tested
another method to express the dataset of keywords with a binary confidence score
(0 or 1) by rounding the original value instead of assigning continuous values. In
the dataset, the weight of each detected keyword was the same, regardless of its
actual confidence score. The subsequent classification process was consistent with
the methods described in Section 2.4.

After multi-level clustering, we found two clusters that cannot be classified as
any other group. Photographs in these two clusters have the same characteristics:

tourists appear in the foreground. Therefore, we categorized these two clusters

9-1. EMMERERENBRSENBRTA: BEESHHENRERENRAMRA (TSR, EiF
AE) .

9-2. EMMERNERENBRRDENBLR A BEEERSHENSERENREANRA (FUUAE, =R
PR .

9-1. Venn diagrams of accuracy patterns and incorrectly classified photographs: false-negative photographs
(predicted “negative” and actually “true”) in the groups with high-precision but low-recall.

9-2. Venn diagrams of accuracy patterns and incorrectly classified photographs: false-positive photographs
[predicted “positive” but actually “false”) in the groups with low-precision but high-recall.
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as a new group, “Visitors.” The other groups were named the same as in the
continuous dataset.

The agreement between the classification results of the continuous datasets
and the binary datasets was moderate, with a Cohen’s kappa of 0.55. Figure 10
shows the Sankey charts displaying the differences between the two datasets.
From the diagram, we can see in most groups that the thickest band
shows pair-correspondence between the two datasets, which reflects the
proportion of the same photographs in the same group. So, we see that the
classification results for “Under the expressway,” “Plants and reflections,”
“Buildings along the canal,” “Transportation,” “Riverfront skyscrapers,”
and “Landmark bridge” do not change much. Especially “Landmark
bridge” and “Transportation” have a high consistency between the two
datasets. Interestingly, these groups also received a higher agreement with the
manual classification (Fig. 8).

The most changes occurred in the groups “Miscellanies” and “Visitors.”
Photographs of “Miscellanies” in the continuous dataset mainly flowed to
“Visitors” and “Structure surfaces” in the binary dataset. Photographs of
“Visitors” in the binary datasets were mostly from “Plants and reflections” and
“Miscellanies” in the continuous dataset. These findings could be attributed to
the change in the keyword “tourism,” which is highly related to the appearance
of visitors in the photograph. Figure 2 shows that “tourism” is detected at a
high frequency but low average score. Because the binary dataset increases
its weight in the clustering, a new group, “Visitors” appears. Therefore, we
put forward a suggestion that if researchers use the continuous dataset and
find that the classification result not ideal, they can use the binary dataset to
perform cluster analysis instead. If the classification result based on binary
dataset is better than the continuous dataset, it means that those keywords
with low confidence scores are important. This discussion needs to be further

confirmed by future research.

4.4 Application and Improvements in the Future

It should be noted that although spatial analysis through the mapping of
characteristic groups is not the main purpose of this research, the law reflected
by the heat maps on the one hand confirms the effectiveness of the classifier,
and on the other hand shows the potential of spatial analysis through the
classifier. According to the heat maps, it is evident that the abrupt change in
space evoked visitors’ higher interest. Visitors can easily get tired of repetitive
or constant scenery, especially in a sequential landscape. Therefore, through
the preliminary analysis, the landscape quality at the lower reaches of the
Nihonbashi River needs to be improved. In addition to the initial section of
the tour, the number of photographs related to plants is not large, and their
distribution is also very average. This shows that the soft landscape in the study
area does not attract tourists. Such knowledge will be useful in creating an

attractive landscape for the “Nihonbashi Revitalization Project.”
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The results of this study are encouraging future application of the classifier in
tourism management and landscape assessment. The classifier can also contribute
to landscape evaluation for tourism. For example, the Townscape Character
Assessment in the UK requires planners to identify the landscape character types
in urban areas and divide them into corresponding land units™**. In addition,
the classifier can analyze the specific landscape type or element, for example, by
tracking the photographs with the “landmark” label (fed back by the annotation
API automatically), decision-makers can determine the most attractive place for
sightseeing the “landmark.”

Further studies are needed to improve the accuracy of the destination
landscape characteristics being quantified. Adjusting the weights and relations of
keywords that play a significant role in classification is one of the approaches.
The location of photographs (longitude and latitude) can also be considered as
a factor in the clustering analysis. In addition, the annotation keywords in this
study highly depend on the Google Cloud Vision APL They are all entity labels
and do not include adjectives like “beautiful,” “strong,” or phrases describing
colors or moods. Thus the aesthetic quality of the landscape is unknown.
Recently, machine learning has added more characteristics, such as detecting the
dominant colors, multiple objects, and facial expressions. A greater focus on these
achievements could produce interesting findings that improve the identification of
landscape photographs. As Kevin Lynch stated®”, “... image research is absolutely
necessary, and policy recommendations can be easily made.” The more accurate
the identification and classification of photographs becomes, the better the
understanding of the relationship between landscape characteristics and public

preferences will be.

5 Conclusions

This study used keywords annotated by the Google Cloud Vision API and
developed a classifier based on multi-level hierarchical clustering, which was
then used to classify a large number of photographs of homogeneous landscape.
The results indicated that the classifier is practical and efficient; it can semi-
automatically classify photographs of riverscapes, and the results match human
intuition well. The mapping of the photograph groups provides credentials for
evaluating the preferences and perceptions of visitors. The accuracy test established
that the classifier agreed well with manual classification. We compared the results
of clustering by datasets of continuous confidence scores and binary confidence
scores. The binary dataset was useful if important keywords sometimes had low
confidence scores. Methods in this study can be applied for practical tourism
management and landscape evaluation, especially in situations where large
numbers of photographs of a homogeneous landscape need to be classified. Within
automated image classification, these methods help improve sensitivity to local
variability. It also provides the possibility of public participation in the assessing

process, which, in turn, contributes to tourism management. LAF
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