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ABSTRACT
Understanding how cities are perceived from on-site visitors’ per-
spectives can provide valuable insights for urban planning and
development applications. However, existing studies estimated peo-
ple’s perceptions by having them view photographed landscape
images; the scores derived by these methods were thus merely
quantified impressions of specific viewpoints that do not necessar-
ily represent perceptions people would have were they at the site.
To address this issue, we developed a framework, named Omni-
CityMood, for quantifying people’s on-site perceptions of urban
atmospheres. Based on the idea that the viewpoint influences the
perception of an urban landscape, the proposed framework iden-
tifies critical viewpoints of a location by using both visual-based
features of landscape images and geographical characteristics of the
site. In particular, Omni-CityMood enables the mood of a location
to be evaluated from viewpoints over a range of 360 degrees by
leveraging the techniques of neural recommendation systems. We
evaluated Omni-CityMood on a dataset we built that includes per-
ceived atmosphere experiences in various cities. Experiments and
extensive analyses demonstrate the promising capability of model-
ing landscape viewpoints to quantify urban on-site atmospheres.

CCS CONCEPTS
•Human-centered computing→Ubiquitous andmobile com-
puting design and evaluation methods; • Computing method-
ologies → Perception.
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1 INTRODUCTION
With the growing volume of visual geo-tagged images, there has
been an increasing effort to analyze various aspects of cities based
on landscape images [13, 16, 41]. As typified by the broken window
theory [42], the appearance of a landscape has a tremendous impact
on people’s psychological condition [20, 21]. Thus, quantifying
impressions, or perceptions, of urban landscapes should play an
important role in urban planning and development [9, 35, 36]. With
recent advances in machine-learning techniques and the availability
of large amounts of landscape images, researchers have attempted to
quantify people’s perceptions of landscapes by leveraging computer
vision technologies [1, 16, 23, 29–31]. This field is known as visual
urban perception and advanced network architectures have been
developed for it [10, 25].

While existing studies have accurately estimated perceptions
of locations using landscape images taken from pre-determined
viewpoints, they have yet to capture the impressions visitors to
the site perceive. Visitors do not judge a location from a single
pre-determined view; instead, they judge the overall impression of
the site from a 360-degree view of the surrounding area. However,
estimating such real perceptions of a 360-degree landscape is a
non-trivial problem because human perceptions are completely
variable depending on the viewpoint direction, visual scale, and
coherence [37, 38, 50].

Changing viewpoints, even in the same place, can give signifi-
cantly different impressions of the landscape’s atmosphere. Figure 1
shows examples of landscape images taken from different view-
points at the same location. We set the reference viewpoint as 0
degree, corresponding to the heading parallel to the road facing
the north side. The values in the figure represent the heading in-
cremented by 90 degrees clockwise from the reference viewpoint.
Figure 1(a) shows an example of an area where a distinctive temple
is present. The e views show general residential areas, while the
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(a) (b)

Figure 1: Examples of landscape images taken at the same
location but from different camera viewpoints. (a) Example
images taken nearby a temple. (b) Example landscape images
taken at a historical location with a narrow alley.

90-degree view, perpendicular to a road, offers a conspicuous tem-
ple. Clearly, while the 0, 180, and 270-degree views would typically
give the impression of an ordinary, mundane landscape, the view
of the temple may provide an extraordinary impression that will
dominate visitor perceptions of this location. In contrast, in the
example shown in Figure 1(b) of a narrow road area, the viewpoint
perpendicular to the road captures only the wall, providing limited
information for understanding perceptions at this location.

A key assumption of this research is that identifying the domi-
nant viewpoint is essential to quantifying the on-site perception,
and the characteristics of the locations, such as road width and
distribution of surrounding POIs, determine such views. The spa-
ciousness of the street may give visitors a sense of openness and
a positive impression of the place. At the same time, the appear-
ance of the buildings in the surrounding POIs (e.g., temples, luxury
boutiques, prison-like school buildings, cheap pubs) may attract vis-
itors’ attention. Existing studies in environmental psychology have
demonstrated to some extent these associations by showing that
the openness of the landscape affects the movement of the gaze [7]
and that geographical features, such as surrounding buildings, also
impact perception [48]. However, those studies used a uniform cri-
terion for determining viewpoints across all locations [8, 24, 47];
none of them identified the dominant views affecting perception
based on the characteristics of each site.

To address this issue, we propose a novel framework, called
Omni-CityMood, to quantify on-site perceptions through two tasks:
(1) modeling the complex interaction in different modalities, i.e.,
vision-based features of landscapes and geographic context features,
and (2) selecting the crucial viewpoints from 360-degree landscapes
on the basis of the interaction. In order to select the crucial view-
points on the basis of the modeled interactions, we propose the
new attention mechanism which can integrate information on the
surrounding environment.

We demonstrate that our framework contributes to the analysis
of the characteristics of urban areas by leveraging the both the atmo-
sphere of the landscape and a human viewpoint perspective . The

results of an evaluation show that the Omni-CityMood framework,
which explicitly weights dominant viewpoints using attentions, is
able to estimate the atmosphere of the landscape more closely to
the on-site feeling than other visual urban perception methods.

Our contributions are summarized as follows: (1) We propose
Omni-CityMood to quantify the quality of the atmosphere per-
ceived on-site in urban areas by explicitly modeling the importance
of each landscape viewpoint based on vision-based features. (2) We
utilize the technology of neural recommender systems to bridge the
gap between the perception of images and the ‘real‘ environment
and present a novel potential application of the existing techniques.
(3)We validated the effectiveness of the Omni-CityMood framework
on landscape data scored by users.

2 RELATEDWORK
2.1 Visual Urban Perception
This research field aims to reveal the connection between the visible
appearance of cities and human perceptual responses by using
computer vision technologies [5, 19, 27]. Dubey et al. [6] created a
large-scale dataset for this field, Place Pulse 2.0, that evaluates the
six different perceptions of landscape images collected from Google
Street View (GSV). This dataset includes perceptual scores acquired
using an online crowdsourcing tool based on pairwise comparison.
Here, researchers have converted the pairwise rankings into a single
numerical score by using the Microsoft TrueSkill algorithm [14].
Many succeeded at accurately quantifying perceptions of images
by using hand-crafted features from street-view images [28, 29] or
by using more recently developed deep-learning methods [30, 46].

While previous efforts have provided highly accurate quantifi-
cations of landscape images, they still suffer when it comes to
quantifying perceptions people have in urban environments, i.e.,
on-site perceptions. The main reason is that no matter how ac-
curately quantified the perception of a landscape image is, if the
viewpoint is inappropriate, the score will not match perceptions of
visitors to the site. Despite this fact, visual urban perception studies
have not placed much importance on considering the viewpoint
of the landscape. Some studies obtained landscape images without
setting clear criteria [6], while others simply aggregated landscape
images from fixed viewpoints [24, 47].

2.2 Neural Recommender System
Research on recommendation has had a long history. For decades,
linear methods such as collaborative filtering [33] and matrix fac-
torization [18] were dominant, but more recently, a lot of effort
has gone into developing neural network-based recommender sys-
tems [43]. Deep learning has made it possible to consider higher-
level features and has resulted in methods aimed at learning user
and item feature representations [22, 34, 44], as well as methods
incorporating multimodal data such as images and texts as addi-
tional information [2, 11]. Although their approaches differ, we can
say that all of these methods focus on capturing the relationships
among different features.

One of the promising approaches is explicitly considering high-
order interactions among multiple features. Cheng et al. [3] pro-
posed Wide & Deep, which combines interactions based on shallow
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and deep features, and He et al. [12] devised a method that com-
bines deep learning with factorization machines (FM) [32] to enable
learning complicated interactions of different features. The essen-
tial characteristic of these approaches is the capability of capturing
interactions among different types of features.

In this paper, we attempt to use these neural recommendation
approaches to capture interactions between perceptions of land-
scape images and urban geographical characteristics. Attempts to
apply neural recommendation techniques to modeling real-world
geospatial features are still few in number, but we believe our efforts
presented here will bridge the gap between the two fields.

3 OMNI-CITYMOOD FRAMEWORK
3.1 Overview of Omni-CityMood
A schematic diagram of the Omni-CityMood framework is shown
in Figure 2. The key idea is to estimate the atmosphere at a tar-
get location not only from a fixed viewpoint, but also from a 360-
degree perspective. Specifically, we determine an ‘on-site urban
atmosphere score’ by determining the contribution of each of the
multiple viewpoints to the atmosphere.

The atmosphere score feature is based on multiple viewpoints
that capture the entire appearance of the target location. Here,
images multiple viewpoints are generated from Google Street View
by changing the heading of the camera. Then, a CNN-based model
is trained by having it calculate the atmosphere score feature for
an arbitrary number of images. In addition, geographical context
features of the target area, such as the number of surrounding
buildings and road width, are obtained from open data sources.

The resulting Omni-CityMood framework uses the atmosphere
scores of individual landscape images and the geographical char-
acteristics of the target location to identify critical viewpoints to
perceptions and scores the on-site atmosphere. Omni-CityMood
uses deep neural recommender techniques to calculate the contri-
bution of each viewpoint by considering interactions between the
atmosphere score feature and the context feature. As a result, it can
make an evaluation of the atmosphere of a location that close to
perceptions that people on-site have.

3.2 Problem Formulation
Our goal is to quantify the on-site atmosphere score at each location
in a city. We denote the total number of target locations as 𝐿, with
each location represented as 𝑙 = 1, . . . , 𝐿. We assume that 𝑁 land-
scape images are associated with each location 𝑙 and define a vector
of atmosphere scores of all landscape images corresponding to 𝑙 ,
𝒙𝑙 ∈ R𝑁 . We utilize a CNN model, which is fine-tuned to predict
image atmosphere scores, to obtain the score vector 𝒙𝑙 at arbitrary
locations. Denoting the ground-truth atmosphere score at location
𝑙 as 𝑦𝑙 , the problem of quantifying on-site urban atmospheres can
be formulated as a function 𝑓 (·) that takes 𝒙𝑙 as input and infers
𝑦𝑙 as follows:

argmin
𝜽

𝐿∑︁
𝑙=1

L(𝑦𝑙 , 𝑓 (𝒙𝑙 ;𝜽 )), (1)

where L and 𝜽 are respectively the loss function and parameters
used to learn the function 𝑓 (·).

3.3 Image Atmosphere Score Feature
We train a model for scoring the atmospheres of landscape images
by using annotated data. Then, we apply the trained model to
individual landscape images to calculate a score. This process is
necessary in order to prepare the atmosphere score feature vector
𝒙𝑙 , which is the input of Omni-CityMood. Note that the method
described in this section is not the only one that can be used to
evaluate the atmosphere of a single landscape image.

3.3.1 Image Atmosphere Score Dataset. We gathered landscape
images from various locations and created a dataset of 2, 305 images
that could be used to train the image atmosphere scoring model.

Next, we used an on-line questionnaire platform to annotate
each image with an atmosphere score. In particular, we gathered
more than 100 evaluations of each landscape image from an un-
specified number of users. Specifically, the users had been shown
the landscape image and were asked to rate the location on a 5-
point scale: "very bad," "bad," "neutral," "good," or "very good". Each
user responded with the option that best fit his/her impression
in a single-choice format. We converted these user ratings into
numerical values by assigning scores ranging from −2 to +2 in
order of lowest (i.e., "very bad") to highest rating (i.e., "very good").
Score annotations were made by calculating the user’s response
rate for each evaluation grade. We obtained a five-dimensional
ground-truth score distribution vector that represented the quality
of the atmosphere for each of the 2, 305 landscape images in the
dataset.

The annotation process was conducted using the crowdsourcing
platform, where 100 ordinary participants from the general public
evaluated the impression scores for each image. During the evalua-
tion, each participant was assigned a masked ID to ensure that no
personal information was disclosed.

3.3.2 Image Atmosphere Scoring Model Development. To obtain at-
mosphere scores for arbitrary street view images, we constructed a
model to quantify the atmosphere of a landscape image and trained
it on our dataset. Specifically, we utilizedMobileNet [15] pre-trained
by ImageNet [4] as a feature extractor. Next, the extracted image
features were passed to two fully-connected layers to infer the at-
mosphere scores of the images. The number of neurons in the final
layer was set to five, the same as in the crowdsourcing evaluation,
and a softmax function was used to turn the score into a distribution
of the score from −2 to +2.

To evaluate the performance of the scoring model, we used two
standard evaluation metrics, mean absolute error (MAE) and Pear-
son linear correlation coefficient (PLCC). Since both the ground
truth and the estimated value are distributed over a five-point scale,
we converted each of them into scalar values by taking the weighted
average of the evaluation scores (i.e., −2 ∼ +2) multiplied by the
voting rate of the users. We evaluated the model’s performance by
using 5-fold cross-validation, resulting in an MAE of 0.255 ± 0.013
and a PLCC of 0.755 ± 0.016. We concluded that the image atmo-
sphere scoring model performs well enough to use it for estimating
the atmosphere of landscape images.
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<latexit sha1_base64="eqXWwU3pIN5o44d4iKoJhiZQTkM="></latexit>

Attention
Net

Pre-trained 
Image Atmosphere

Scoring Model

・
・
・

・
・
・

Deep Neural
Recommender

Context Feature:

ŷl
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Figure 2: Overview of the Omni-CityMood framework. Omni-CityMood generates two types of features. Then, it gives atmo-
sphere scores toeach viewpoint and geographical context by using an attention mechanism to identify the essential views.
After that, it infers an on-site atmosphere score from the two features and essential viewpoint weights.

3.4 Geographical Context Feature
In addition to the atmosphere score vector 𝒙𝑙 , Omni-CityMood
requires the geographical context feature of the location 𝑙 . Here,
we used open-source road centerline data 1 and POI data provided
by Foursquare2. We assumed that contextual information plays an
important role in viewpoint selection and landscape evaluation.

We generated geographic features based on two different as-
pects: road width and distribution of neighborhood POIs. As for the
road feature, we assumed that there are 𝐶𝑟 predefined road-width
categories. We defined a road feature vectors of the location 𝑙 as
𝒈 (𝑟 )
𝑙

∈ R𝐶𝑟 based on one-hot encoding by assigning 1 to the road-
width category to which the target location belongs. As for the POI
feature, we generated a feature vector based on the category ratio
of the POIs in the vicinity of the target location 𝑙 . Specifically, we
defined the total number of POI categories as 𝐶𝑝 and represented
the POI vector 𝒈 (𝑝 )

𝑙
∈ R𝐶𝑝 on the basis of the POI category ratio

within a certain distance from the target location 𝑙 . Finally, we
created a geographical context vector for each location 𝑙 by con-
catenating the two different aspect vectors: 𝒈𝒍 = [𝒈 (𝑟 )

𝒍
,𝒈

(𝑝 )
𝒍

] ∈ R𝐶 ,
where 𝐶 = 𝐶𝑟 +𝐶𝑝 represents the total number of dimensions of
the geographical context feature vector.

3.5 On-site Atmosphere Score Estimation
Omni-CityMood framework simultaneously identifies critical view-
points that significantly impact human perception and the inference
of on-site atmosphere scores via multi-task learning schema. Specifi-
cally, Omni-CityMood takes the atmosphere score of each viewpoint
and the geographical context of the location as input and infers the
importance of each view based on an attention mechanism [39].

1https://cyberjapandata.gsi.go.jp/
2https://sites.google.com/site/yangdingqi/home/foursquare-dataset

At the same time, the interaction between the atmosphere scores
and geographic context is modeled using a neural factorization
machine (NFM) [12], a recently developed neural recommendation
method. The input features of the NFM are adjusted using the atten-
tion weights to explicitly account for each landscape viewpoint’s
importance.

3.5.1 Viewpoint Importance Weight Calculation. In this section, we
describe the module of Omni-CityMood for learning the importance
of each viewpoint of a landscape. To explicitly learn the importance
of viewpoints, we first create ground-truth labels 𝒂𝑙 ∈ R𝑁 that
represent the degree to which each viewpoint should be attended.
In general, it is a non-trivial problem to identify a single correct
viewpoint, and it is challenging to create clear criteria to assess
the quality of each view. For these reasons, we determined the
importance of each viewpoint on the basis of the closeness of the
on-site atmosphere score and the image-based atmosphere score of
each viewpoint. In particular, each element 𝑎𝑙,𝑖 of the vector 𝒂𝑙 is
defined as

𝑎𝑙,𝑖 =
exp (−𝑠𝑙,𝑖 )∑𝑁
𝑗=1 exp (−𝑠𝑙, 𝑗 )

,

where 𝑠𝑙,𝑖 =
|𝑦𝑙 − 𝑥𝑙,𝑖 |

𝜆
.

(2)

Here, 𝜆 denotes the temperature parameter of the softmax function.
Hence, the index of a viewpoint whose score is close to (far from)
the on-site atmosphere 𝑦𝑙 is given a larger (smaller) value.

In Omni-CityMood, 𝒂𝑙 is inferred by an attention module using
a geographic context vector 𝒈𝑙 and an atmosphere score vector 𝒙𝑙
as input. Specifically, each element of 𝒈𝑙 is embedded into a dense
vector and concatenated with the atmosphere score vector 𝒙𝑙 . The
inference vector 𝒂𝑙 is output after two fully-connected layers. By

https://cyberjapandata.gsi.go.jp/
https://sites.google.com/site/yangdingqi/home/foursquare-dataset
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incorporating a context-aware attention mechanism based on a ge-
ographical feature vector, our method can infer critical viewpoints
relevant to human perception for each location.

3.5.2 Neural Recommendation-based On-site Atmosphere Quantifi-
cation. We describe the module of Omni-CityMood for estimating
the atmosphere score in urban environments. Omni-CityMood mul-
tiplies the inferred attention weight vector 𝒂𝑙 of each viewpoint
with the input atmosphere score vector 𝒙𝑙 . This operation enables
the importance of each viewpoint to be incorporated into the infer-
ence procedure.

To consider the relations between image-based atmospheres and
the geographical context, Omni-CityMood captures the interaction
between the weighted atmosphere score vector and the geographic
context based on NFM [12]. To capture high-order interactions
between input features, NFM combines factorization machines [32]
and a multilayer perceptron (MLP). Here, we define a new feature
vector combining the weighted atmosphere score vector and geo-
graphic context: 𝒗𝑙 = [𝒈𝑙 , 𝒙𝑙 ⊙ 𝒂𝑙 ] ∈ R𝐶+𝑁 , where ⊙ denotes the
element-wise product of vectors. The inference of the on-site atmo-
sphere score based on the NFM using this joint vector is formulated
as follows:

𝑦𝑙 = 𝒘⊤𝒗𝑙 + 𝑏 + ℎ(𝒗𝑙 ), (3)

where𝒘 ∈ R𝑁+𝐶 denotes the parameter vector and 𝑏 the bias term
of themodel. Note that the first two terms of Equation 3 are identical
to linear regression of the input feature vector, and the function
ℎ(·) accounts for the interaction between features. The interaction
is modeled in ℎ(·) by applying an embedding layer to each input
feature and calculating the element-wise product between pairs of
embedded vectors . Specifically, we define the embedding vector
for the 𝑖-th element of the vector 𝒗𝑙 as 𝒆𝑙,𝑖 ∈ R𝑘 . Accordingly, the
feature interaction operation is performed as follows:

ℎ(𝒗𝑙 ) = 𝑓MLP
©­«
𝑁+𝐶∑︁
𝑖=1

𝑁+𝐶∑︁
𝑗=𝑖+1

𝑣𝑙,𝑖 𝒆𝑙,𝑖 ⊙ 𝑣𝑙, 𝑗 𝒆𝑙, 𝑗
ª®¬ , (4)

where 𝑓MLP (·) represents the MLP module, which is applied to the
feature vector obtained through the FM module. In the element
product calculation, the embedded vector 𝒆𝑙,𝑖 is multiplied by the
corresponding element value 𝑣𝑙,𝑖 to explicitly consider the real
values of the input features [32].

Our method captures the interaction between the image-based
scores and the geographical characteristics by concatenating the
atmosphere score vector with the context vector in the FM module.
Furthermore, it attempts to automatically learn effective ways to
utilize geographical context in the neural recommendation through
the embedding layer. While some advanced techniques for region
embeddings have been proposed [40, 49], our method integrates
geographical context in a suitable manner for neural recommen-
dation by automatically learning embeddings through interactions
between features.

3.5.3 Model Training Schema. Omni-CityMood attempts to simul-
taneously infer 𝑦𝑙 and 𝒂𝑙 by using a multi-task learning framework.
The training with a multi-task schema is formulated as follows:

𝜽 = argmin
𝜽

1
𝐿

𝐿∑︁
𝑙=1

{
𝛼L𝑦 (𝑦𝑙 , 𝑦𝑙 ) + (1 − 𝛼)L𝑎 (𝒂𝑙 , 𝒂𝑙 )

}
, (5)

where L𝑦 (·) represents the loss function used to infer 𝑦𝑙 and L𝑎 (·)
denotes the loss function used to infer 𝒂𝑙 , respectively. 𝛼 ∈ [0, 1]
is a hyperparameter, which adjusts the weights given to the loss
function in different tasks.

4 DATASETS
4.1 Two types of Feature Data Creation
We developed a dataset to train Omni-CityMood. Here, we selected
𝐿 = 120 target locations from various cities in Japan. We acquired a
total of 𝑁 = 8 landscape images from street views of each location
(acquired from Google Street View) by changing the viewpoint in
steps of 45 degrees.We set the starting viewpoint to be parallel to the
road and facing north, the field of view to 90 degrees, and the pitch
to horizontal (0 degrees). By applying the image atmosphere scoring
model described in Section 3.3.2 to each landscape image, we created
an input atmosphere score feature vector 𝒙𝑙 ∈ R8 corresponding to
each location. As for the geographical context feature, we used open-
source road centerline data and POI data provided by Foursquare.
The road centerline data included a total of 𝐶𝑟 = 5 categories
according to the road width, and the POI data referenced route
categories consisting of 𝐶𝑝 = 10 categories.

4.2 Creation of Ground Truth Labels
Our goal is to evaluate the perceived quality of the atmosphere in an
on-site situation; however, collecting large amounts of perception
data on-site is costly. Therefore, we looked for a relatively simple
approach that could adequately evaluate the perceptual experience
on-site in order to acquire a ground-truth perception label for each
location. Here, we could not accept any gaps between the evaluation
scores of on-site landscapes and those of the simple approach.

To determine a simple but adequate approach, we first collected
an atmosphere score dataset of urban landscapes by using three
different approaches: fieldwork, a 360-degree image viewer, and
VR goggles; then, we quantified the quality of the dataset obtained
by each method and compared them. Here, a fieldwork survey
evaluates the perceived atmosphere by having persons visit the
location, whereas the image viewer and VR goggles attempt to
convey visual information about the on-site experience by utilizing
360-degree panoramic images. Image viewers allow users to freely
change their viewpoints by dragging a mouse, while VR goggles
allow users to change their viewpoints by moving their heads.

We recruited five subjects and selected a total of 50 locations
among several cities in Tokyo. Each participant attended a survey
lecture that presented the three approaches in the following order:
image viewer-based, VR goggles-based, and field survey. This was
done to mitigate the influence from impressions formed during one
survey on the results of other surveys. The subjects were required to
evaluate the perceived quality of the atmosphere of the landscape
on a five-point scale, in the same manner as the annotation of
landscape images described in Section 3.3. The atmosphere scores
were calculated by taking a weighted sum of the responses from all
subjects for each rating on a five-point scale from −2 ∼ +2.
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Table 1: Results of no-correlation test.

Combination PLCC p

Image viewer & VR 0.846 1.08 × 10−14
Image viewer & Field survey 0.743 6.54 × 10−10

VR & Field survey 0.726 2.37 × 10−9

Table 2: Results of two-way ANOVA.

Source of validation SS df MS F p

Factor locations 256.19 49 5.228 7.666 0.000
Factor approaches 0.275 2 0.137 0.201 0.817

Interaction 47.992 98 0.490 0.718 0.979
Error 409.2 600 0.682 - -
Total 713.655 749 - - -

We conducted a statistical test of no correlation and an analysis
of variance (ANOVA) on the scores for 50 landscape atmosphere
ratings obtained by the three different methods. In the no corre-
lation test, we calculates the correlation coefficient between the
scores of the 50 locations in the three different approaches. The
two-way ANOVA considered two factors: the location of the data
and the approaches used to collect the data.

Table 1 and Table 2 show the results. The no-correlation test
results showhigh correlations for all combinations of image viewers,
VR goggles, and field surveys. The correlation hypothesis is rejected
at the 0.01 level of significance. This means that we can conclude
that a correlation exists in scores aggregated through different
approaches. Table 2 shows that there is a significant difference in the
means with respect to the factor of location (𝑝 < 0.01). In contrast,
there are no significant differences in the data-collection approaches
or the interaction of the two factors. These results tell us that there
are significant differences in the atmosphere scores depending on
the location, but no significant difference in the atmosphere score
that is due to the data aggregation approach.

Accordingly, we concluded that a survey using an image viewer
or VR goggles with 360-degree images would provide good quality
data sufficiently similar to on-site sensations. We chose to collect
data with an image viewer, which has the lowest labor cost of the
three methods. Finally, we attached a ground-truth atmosphere
score 𝑦𝑙 to each location in our dataset by administering a ques-
tionnaire using 360-degree images. As in the procedure above, the
score 𝑦𝑙 was calculated as a weighted average of vote percentages
on a five-point scale.

5 EXPERIMENTS
We conducted evaluation experiments to answer the following
research questions regarding the proposed method.

• RQ1: Can the Omni-CityMood framework properly evaluate
on-site atmospheres?

• RQ2: Does the Omni-CityMood framework properly select the
dominant viewpoints?

• RQ3: How important is the number of viewpoints when evalu-
ating landscapes?

• RQ4: Do components of the Omni-CityMood framework con-
tribute to overall performance improvement?

5.1 Experimental Settings
5.1.1 Compared Methods. We compared Omni-CityMood with
baseline methods that can be categorized into two groups: (1) in-
ference methods based on landscape viewpoint selection criteria
and that have been used in studies in the visual urban perception
domain and (2) the recently proposed neural recommender systems.

• Random [6]. It follows the procedure used in Dubey et al. [6]
that obtains a landscape image from each location without any
specific criteria to decide the viewpoint. In the experiment, we
randomly selected one viewpoint and referred to the corre-
sponding score as the predicted value.

• Average All [26, 47]. It predicts the atmosphere by taking
the average of the scores of all viewpoints. This procedure is
based on ones in studies that calculate the average scores in
specific areas, such as road networks [47] and administrative
divisions [26].

• Perpendicular [8]. It predicts the atmosphere by taking the
average scores corresponding to the viewpoints perpendicu-
lar to a street, i.e., at 90 and 270 degrees. This procedure was
used in [8], which estimated the chances of crimes occurring
in neighborhoods from their landscape images. The study sug-
gested that images taken perpendicular to the street level are
of help in understanding the characteristics of the landscape
because buildings will show up often in them.

• Wide&Deep [3]. This is a recommendation system that com-
bines the strengths of linear models and neural networks. The
"wide" component is a linear model that allows the model to
learn explicit feature interactions, while the "deep" component
is a neural network that learns implicit feature interactions.
We only used raw features for the wide part, referring to the
evaluation protocol used in the work of He et al. [12].

• NFM [12]. Since Omni-CityMood incorporates the NFM as
a module, we can interpret that NFM is the same as Omni-
CityMood without the mechanism for learning weights to be
assigned to each viewpoint.

• Attentional FactorizationMachines (AFM) [45].Thismethod
combines the attention mechanism with NFM to consider the
importance of each feature interaction. It should be noted that
in contrast to AFM, Omni-CityMood explicitly learns weights
for viewpoints rather than each interacted feature.

5.1.2 Model training settings. We used Adam [17] with a learning
rate of 1e-3 and a learning rate decay of 1e-5 to optimize the neural
recommendation method. We trained the models through early-
stopping schema with a maximum of 100 epochs. The comparison
baseline methods used loss functions based on the mean squared
error, while Omni-CityMood used a loss function based on both the
mean squared error,L𝑦 (·), and the Kullback Leibler (KL) divergence
L𝑎 (·). The hyperparameter that adjusts the weights of the two loss
functions was set to 𝛼 = 0.75. The temperature parameter was set
to 𝜆 = 0.2.
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Figure 3: Visualization of weights for each viewpoint of the landscape. Left (a, d): predicted attention weights overlaid on
the panoramic image. Center (b, e): radar charts displaying the weights acquired from attention and questionnaire for each
viewpoint. Right (c, f): landscape image at the viewpoint where the predicted weight shows the largest value.

5.1.3 Evaluation Protocol. As in the evaluation for the image atmo-
sphere scoring model, each method was evaluated with the mean
absolute error (MAE). The entire dataset was divided up into train-
ing and validation data by using 5-fold cross-validation. The models
were compared on the basis of each fold’s mean and standard devi-
ation.

5.2 RQ1: Can the Omni-CityMood framework
properly evaluate on-site atmospheres?

Table 3: Performance of atmosphere evaluation in each
method.

Method MAE

Random [6] 0.739 ± 0.061
Average All [26, 47] 0.719 ± 0.146
Perpendicular [8] 0.746 ± 0.055
Wide & Deep [3] 0.332 ± 0.044
NFM [12] 0.334 ± 0.026
AFM [45] 0.326 ± 0.053

Omni-CityMood (ours) 0.320 ± 0.045

Table 3 compares the overall performance of Omni-CityMood
with those of the baseline methods in the visual urban perception
domain and neural recommendation field.

The results show that viewpoint selection methods in the visual
urban perception domain performed poorly. This indicates that
approaches relying on random selection or fixed viewpoints at

any location do not adequately capture on-site perceptions. The
selection criteria for landscape viewpoints significantly impacted
the final inference accuracy.

The neural recommendation-based methods outperformed the
simple viewpoint selection criteria. This result is believed to be due
to these methods’ considering higher-order interactions between
features.

Omni-CityMood outperformed all of the baselines. This result
suggests that it is important to consider each viewpoint in addition
to the interactions between features towards on-site human percep-
tion prediction. Omni-CityMood’s superior performance to even
NFM and AFM highlights the importance of explicitly modeling
the importance of viewpoints in the landscape.

5.3 RQ2: Does the Omni-CityMood framework
properly select the dominant viewpoints?

Omni-CityMood explicitly learns the importance of each viewpoint
by using an attention mechanism. Here, we evaluate the appropri-
ateness of the estimated viewpoints.

Figure 3(a) and Figure 3(d) show the results of visualizing the
weights inferred by Omni-CityMood by overlaying them on a
panoramic image.

Figure 3(b) and Figure 3(e) compare the calculated viewpoint
importance weight and the results of a questionnaire on the impor-
tance of viewpoints. The online questionnaire was administered to
100 subjects. The subjects first viewed a 360-degree image at each
location via Google Street View. We provided the URL of Google
Street View3 to the subjects, and asked them to click it and see
3E.g., https://maps.app.goo.gl/qksLDYPrfAKA8M1w8.

https://maps.app.goo.gl/qksLDYPrfAKA8M1w8
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Figure 4: Example of a 360-degree image on Google Street
View. The place of the picture is the same as the one shown
in Figure 3(a).

(a) (b)

Figure 5: Examples of randomly selected viewpoints from
among eight different directions. (a) and (b) show the views
from two different viewpoints in the same place as Figure 4.

all directions of the scrollable image as shown in Figure 4. Next,
we asked the subjects to see the view from a randomly selected
viewpoint from among eight different directions in the same place
as the 360-degree image, as shown in Figure 5. Finally, the subjects
rated on a 4-point scale whether the scenery from the displayed
viewpoint was representative of the atmosphere at that location.
The average score is shown in the figure.

Figure 3(c) and Figure 3(f) depict the landscape image at the
viewpoint where the model has the maximum weight. The upper
figure shows an examplewhere the atmosphere score is significantly
positive, while the lower figure shows an example where the score
is significantly negative.

These figures confirm that a significant weight is given to view-
points with good (bad) scenery in a place with a good (bad) atmo-
sphere (Figure 3(c)). For instance, the viewpoint shown in Figure 3(f)
includes garbage, and we can clearly understand why the atmo-
sphere is negative. Moreover, the calculated viewpoint importance
is similar in trend to the viewpoint importance scores obtained
from the questionnaires of 100 subjects.

These results confirm that Omni-CityMood contributes to select-
ing appropriate viewpoints for each location based on the city’s
characteristics. Moreover, when intuitively satisfactory viewpoints
are selected, the model’s inference accuracy is good, indicating

the importance of different viewpoints in understanding on-site
perceptions correctly.

5.4 RQ3: How important is the number of
viewpoints when evaluating landscapes?

Omni-CityMood

Figure 6: Performance comparison of each method w.r.t. dif-
ferent number of viewpoints.

The fundamental idea behind Omni-CityMood is to acquire land-
scape images from multiple viewpoints and perform inference by
considering the importance of each viewpoint. Figure 6 shows how
the performance of each method changes with the number of input
viewpoints (4, 8, 12, 20, and 36 directions).

Overall, all methods tend to perform better with more view-
points. This is because more viewpoints provide a more detailed
understanding of the overall urban landscape, which supports the
hypothesis that human perceptions about a place cannot be evalu-
ated from a single landscape image.

On the other hand, performance leveled off at 12 or more view-
points. One possible reason for this is the duplication of image
content across multiple viewpoints, as well as the increased diffi-
culty in identifying important viewpoints. From this result, we can
understand that a model’s performance will be highest when the
state of the landscape in all directions can be grasped, but that the
viewpoints should not have much overlap.

5.5 RQ4: Do components of the Omni-CityMood
framework contribute to overall
performance improvement?

The Omni-CityMood framework primarily comprises three mod-
ules: geographical context feature (Section 3.4), viewpoint impor-
tanceweight calculationwith an attentionmechanism (Section 3.5.1),
and neural recommendation-based on-site atmosphere quantifica-
tion (Section 3.5.2).We evaluated the contributions of thesemodules
via an ablation study, comparing full Omni-CityMood to its variants
without each component as follows:
• w/o GCF: This model did not use the geographical context
feature (GCF) 𝒈𝒍 (Section 3.4). In this case, the model identified
the dominant viewpoints and predicted the on-site atmosphere
using only landscape images from each viewpoint.

• w/o VIWC: This model did not use the viewpoint importance
weight calculation (VIWC) based on an attention mechanism
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(Section 3.5.1). In this case, the model ignored the dominance
of specific viewpoints in on-site atmosphere quantification.

• w/o NFM: This model did not employ a recommender-system-
based model (i.e., NFM) for on-site atmosphere quantification
(Section 3.5.2). Instead of the NFM, the model used a simple
two-layer perceptron with ReLU activation.

Table 4: Ablation study of Omni-CityMood.

Method MAE

Omni-CityMood 0.320 ± 0.045

w/o GCF 0.330 ± 0.044
w/o VIWC 0.334 ± 0.026
w/o NFM 0.330 ± 0.057

Table 4 compares the performance of Omni-CityMood with that
of its variants. Specifically, the full Omni-CityMood model achieves
the lowest MAE. By removing the geographical context feature
(w/o GCF), MAE increases substantially compared to the full model,
confirming that contextual information obtained from geographical
data plays an important role in landscape evaluation.

Similarly, excluding the viewpoint importanceweight calculation
via an attention mechanism (w/o VIWC) yields degraded perfor-
mance. This result indicates that the model without VIWC cannot
properly identify dominant viewpoints, resulting in inaccurate at-
mosphere quantification.

Finally, the w/o NFM variant, where the recommender-system-
based NFM is replaced with a simple two-layer perceptron with
ReLU activation, also shows increased MAE, indicating that NFM
effectively captures complex feature interactions necessary for on-
site atmosphere quantification. From these results, we can conclude
that all the components of Omni-CityMood contribute to perfor-
mance improvements.

6 DISCUSSION
6.1 Applications of Omni-CityMood Framework
Since the Omni-CityMood is based on street view images for analy-
sis, this framework makes it possible to conduct analyses at specific
locations and over entire urban areas.

Figure 7 shows an example of applying Omni-CityMood to a
substantially large region of Tokyo, Japan. Figure 7(a) visualizes
the predicted atmosphere scores on a map. The blue circles indicate
locations with positive scores, while the red circles indicate loca-
tions with negative scores, and the size of each circle corresponds
to the absolute value of the predicted score. Figure 7(b) presents
the direction of the viewpoint for which the weight inferred by the
model shows the maximum value at each location. Figure 7(c) and
Figure 7(d) are images of the landscape from the selected viewpoints
with the maximum and minimum atmosphere scores.

From these results, we can confirm that Omni-CityMood selects
visually appealing images that convey the atmosphere of a location.
As this example demonstrates, our framework can easily examine
the atmosphere of the entire city and viewpoints that are believed to
influence human perception. Regardless of whether the atmosphere

is good or bad, Omni-CityMood can score the on-site atmosphere by
selecting the dominant viewpoints of the atmosphere of a location.
Therefore, various applications can be realized using the Omni-
CityMood framework, such as the discovery of new spots with
good atmosphere, a new tourist information service based on the
on-site atmosphere evaluation, and the evaluation of landscapes in
urban development.

6.2 Limitation and Future Work
The limitation of our framework is that we have not been able to
verify that the landscape scoring model (see Section 3.3) works in
various contexts. The scoring model uses the evaluation results for
landscape images in sunny urban areas as training data. Therefore, it
may not be able to score appropriately for landscape images in non-
standard contexts, such as night scenes or snowfall, for example.
Also, it will not be able to perform well for street views inside
facilities such as museums. To solve this problem, it is necessary
to collect landscape images in various contexts as training data to
increase the applicability of the scoring model.

7 CONCLUSION
We proposed the Omni-CityMood framework for quantifying on-
site urban atmospheres by taking landscape images from multiple
viewpoints and considering the importance of each viewpoint. By
using domain knowledge of a neural recommender system, our
method directly incorporates the importance of viewpoints into the
learning process through an attentionmechanism. Experiments on a
quality-assured dataset showed that Omni-CityMood outperformed
existing viewpoint selection strategies of urban perception and
neural recommendation methods.
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