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Abstract Keywords

This study explores the intricate relationship between visual comfort (VICO) and green- Green View Index,
ery distribution - measured by the Green View Index (GVI) - alongside object compo- [ndonesia, ,
sition in the rural landscapes of Ciputri Village, Indonesia. Using panoramic imagery Is‘gngnsggfaetigircepmn'
and semantic segmentation models, dominant visual elements were identified, catego- Visgual Comfor’t

rized, and analyzed for their contributions to landscape perception. The analysis com-

bined linear regression and Random Forest modelling to evaluate the predictors of VICO.
While the linear model showed limited explanatory power (R? = 0.37), the Random Forest
model (R? = 0.60) performed substantially better, highlighting the importance of non-
linear relationships. Key findings reveal GVI as a dominant determinant of VICO, under-
scoring its substantial role in enhancing visual comfort. Specific objects such as trees,
mountains, and the sky positively influenced VICO when visually dominant, whereas walls
had the opposite effect. Unique patterns were observed for plants and “null” objects, with
their contributions varying according to their positional dominance in the visual compo-
sition. For instance, plants in primary positions were associated with reduced VICO due
to perceived monotony, but they enhanced VICO when secondary or tertiary, reflecting
their role as complementary elements that enrich visual diversity. Overall, these results
provide a nuanced understanding of the interplay between greenery, object composition,
and visual comfort, suggesting that balanced visual diversity and strategic spatial ar-
rangements can moderately shape landscape perception, with direct implications for ru-
ral landscape planning in Indonesia.
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Highlights for public administration, management and planning:

* Green View Index (GVI) is a critical determinant of visual comfort in rural land-
scapes.

* Non-linear modelling (Random Forest) outperforms linear regression in predicting
visual comfort.

 Strategic spatial arrangements and visual diversity play pivotal roles in enhancing
VICO.

1 Introduction thetic and structural characteristics of landscapes.
Elements such as color, texture, and composition
significantly contribute to the perception of har-

Visual fort, i hological relax- .
Sudl Comiort, Snompassing psycadlogios. re-ax mony and tranquility (Kaplan & Kaplan 1989; Ul-

ation and satisfaction, is influenced by the aes-
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rich 1986; Ode et al. 2009). In natural land-
scapes, visual comfort is enhanced by unaltered el-
ements like mountains or valleys, which evoke feel-
ings of calmness and improve aesthetic satisfaction
(Holy-Hasted & Burchell 2022; Setiawan & Amar
2021; van den Berg et al. 2003; Wu et al. 2021).
Recent studies emphasize the spatial dimensions
of visual comfort, analyzing how landscape ele-
ments and their arrangements influence psychologi-
cal responses (Sun et al. 2023; Tiara & Gamal 2021;
Wu et al. 2020). The Green View Index (GVI), an ob-
jective metric, quantifies visible greenery by calcu-
lating the ratio of green pixels within an image, ef-
fectively bridging subjective perception and mea-
surable spatial characteristics (Jiang et al. 2024; Liu
et al. 2023; Sun et al. 2023; Wang et al. 2022; Wu
et al. 2020; Zhu et al. 2023). As an advancement,
object-based segmentation to keep objectively seg-
mented, applied through deep learning models like
ResNet-50, enhances GVI assessments by identify-
ing specific visual elements, such as trees or build-
ings, within images (Fang et al. 2024; Li et al. 2022;
Rui 2023; Sun et al. 2023; Wu et al. 2024; Xu et al.
2024; Yu & Qi 2021; Zhang et al. 2023).
Panoramic photography, offering a 360-degree hor-
izontal view, effectively replicates the human per-
spective and enables comprehensive spatial analy-
sis of visual comfort and greenery distribution (Cur-
tis et al. 2013; Huang et al. 2022; Labib et al. 2021;
Yu & Qi 2021). This approach differs from re-
mote sensing data, which use a bird’s-eye perspec-
tive to observe patterns from above (Anguelov et al.
2010; Chen et al. 2019; Pradana & Dimyati 2024;
Wu et al. 2020; Xue et al. 2022; Yu & Qi 2021). By
integrating panoramic imagery and advanced seg-
mentation techniques, this study explores the rela-
tionships among visual comfort, GVI, and the spa-
tial distribution of visual objects in a rural setting.
Specifically, it evaluates how these factors interact
spatially and influence overall landscape perception
(Jin et al. 2023; Lachowycz & Jones 2013; Sun et al.
2023).

The research framework synthesizes these aspects
into a cohesive workflow. First, the spatial distri-
bution of greenery is analyzed through GVI calcu-
lations derived from panoramic photographs (Labib
et al. 2021; Li et al. 2015). Second, visual objects
are identified and segmented into dominant cate-
gories, enabling the examination of their propor-
tional contribution to landscape composition (Dong
et al. 2018; Ferrini et al. 2020; Kameoka et al. 2022;
Simpson et al. 2018). Third, the relationship be-
tween visual comfort, GVI, and the presence of vi-
sual objects is explored through statistical model-
ing, incorporating both spatial and subjective di-

mensions (Jin et al. 2023; Qi et al. 2023; Qureshi
etal. 2010; Sun et al. 2023). This multi-dimensional
approach aims to establish a framework for under-
standing how greenery and visual elements shape
human perception.

This study was conducted in Ciputri Village, Cianjur
Regency, Indonesia, a rural area of mixed farmland
and protected forest near Mount Gede-Pangrango
National Park. The site typifies West Java’s transi-
tional landscapes between agricultural and natural
zones, offering valuable insights for rural landscape
planning and conservation where visual quality
and ecology intersect. The research integrates ob-
jective and subjective analyses using deep learning-
based object segmentation and panoramic photog-
raphy to examine how spatial characteristics influ-
ence visual comfort through two objectives:

1. To map and analyze panoramic landscapes
that replicate human perspectives objectively
using deep learning-based object segmenta-
tion techniques.

2. To investigate the relationship between object
composition in panoramic photographs (objec-
tive domain) and visual comfort (subjective do-
main) through linear and non-linear statistical
methodologies.

2 Methods

2.1 Study area and sampling points

This study was conducted in Ciputri Village, Cian-
jur Regency, Indonesia, between 106°59°28.99” -
107°4’45.42” E and 6°45’37.42” - 6°47°18.53” S,
a rural area with diverse topographies, including
parts of Gede-Pangrango National Park, agricultural
lands, and hilly terrains (Fig. 1). Its remote loca-
tion, far from urban centers and inaccessible by ve-
hicles typically used for automated street view data
collection (e.g., Google Street View), necessitated
manual panoramic photography. This method en-
sured data availability and captured the unique vi-
sual characteristics of the rural landscape, often
underrepresented in existing digital databases (Bil-
jecki & Ito 2021; Chen et al. 2019; Huang et al.
2022; Yu & Qi 2021). A total of 75 sampling points
were systematically distributed along the primary
accessible road network, which runs west to east
and follows the main boundaries of the village. This
transect-based approach was designed to capture
a representative cross-section of the village’s vi-
sual landscape from a pedestrian perspective. All
panoramic images were captured from the side
of the road, with the primary barrier to point place-
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Fig. 1 Study area and sampling point

ment being the lack of safe walking access. Points
were placed with a minimum distance of 100 me-
ters between them to avoid spatial autocorrelation
and to provide a comprehensive foundation for ana-
lyzing greenery, visual objects, and visual comfort.

2.2 Research framework

The research framework integrates data collection,
data processing, and data analysis to comprehen-
sively explore the relationships between visual com-
fort (VICO), greenery distribution, and landscape
composition in rural settings (Fig. 2). During
the data collection phase, 360-degree panoramic
photographs were captured at systematically dis-
tributed sampling points to replicate human per-
spectives of the landscape. These images were
stored in a centralized panoramic photo database
for subsequent analysis. In addition, subjec-
tive evaluations of visual comfort were gathered
through a structured Likert-scale questionnaire,
where respondents rated psychological relaxation,
satisfaction, and visual appeal on a scale of 1

to 6. The score of each photo was determined
by mode to reflect the majority opinion, ensuring
that the most commonly selected rating represented
the overall subjective evaluation. These two pri-
mary datasets provided the foundation for objective
and subjective analysis.

The data processing phase involved three parallel
workflows. First, the Green View Index (GVI) was
calculated for each panoramic photograph by deter-
mining the ratio of green pixels to total pixels, quan-
tifying visible greenery as an objective metric. Sec-
ond, semantic segmentation was applied using deep
learning models trained by Zhou et al. (2017, 2018,
2019) on the ADE20K dataset to identify and classify
visual objects such as trees, buildings, and roads.
The segmentation results provided detailed infor-
mation on the composition of each photo, including
the identification of the three dominant object cate-
gories. Additional metrics, including Richness (N),
Shannon Index, and Simpson Index, were computed
to quantify landscape diversity. Third, subjective vi-
sual comfort ratings from the questionnaires were
averaged for each sample point, resulting in a con-
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solidated VICO score that represented perceived
comfort for each landscape view.

The data analysis phase combined objective
and subjective dimensions to provide a holistic
understanding of the landscape. Two approaches
were employed: linear and non-linear. The linear
approach utilized a Linear Regression model to ex-
amine direct relationships between VICO, GVI, ob-
ject composition, and diversity indices, with model
performance evaluated using Root Mean Squared
Error (RMSE) and R? metrics. The non-linear ap-
proach used a Random Forest Regressor to capture
complex interactions and non-linear dependencies.
Feature importance analysis identified the most sig-
nificant predictors of VICO, while SHAP (SHapley
Additive Explanations) values were calculated to in-
terpret the contributions of individual predictors.
SHAP summary and dependence plots visualized
the impact of variables such as GVI, object com-
position, and diversity metrics on VICO. For cate-
gorical variables like Dominant Object categories,
SHAP values were aggregated and averaged to as-
sess their influence, with results presented in bar
charts.

2.3 Data collection and variables

The primary dataset was obtained through manually
captured panoramic photographs at 75 systemati-
cally distributed sampling points across Ciputri Vil-
lage, a rural area inaccessible to automated street
view data collection like Google Street View. These
photographs were used to calculate the GVI, quan-
tifying visible greenery through the ratio of green
pixels to total pixels, and to extract visual object
compositions via semantic segmentation, identify-
ing dominant elements such as trees, buildings,
roads, and sky for landscape analysis. VICO was as-
sessed using a six-point Likert scale questionnaire
completed by respondents after observing the pho-
tographs, measuring psychological relaxation, sat-
isfaction, and visual appeal. The averaged VICO
scores per sampling point served as the dependent
variable, linking subjective perceptions with objec-
tive metrics. The study variables include GVI (Eq.
1), Richness (N) (Eq. 2), Entropy (Shannon Index)
(Eq. 3), Simpson Index (Eq. 4) for plant diversity,
Dominant Object (Eq. 5), and mode of VICO for each
photo, as detailed in Table 1.

Table 1 Operational definitions and computational formulas for objective landscape metrics and subjective
evaluation measures. Variables include greenery quantification (Green View Index), plant community diversity
indices (Richness, Shannon Entropy, Simpson), dominant visual object classification, and VICO assessment.

Variable  Description Formula
. . . : Zn: Pyreen
. Quantifies the proportion of visible greenery by analyzing GQVI = &i=1" 7% (1)
Green View h i0 of ixel h L oi T p
Index (GVI) t e.ratlo of green pixels (e.g., trees, grass) to the total pix- Z¢:1 dotal
els in each panoramic photograph (Li et al. 2015). where Pgreen = green pixels and Pyyy is the total num-
ber of pixels in the image.
Richness Number of plant community levels (grass, flowers, shrubs,
trees) identified through segmentation, representing plant N = Number of levels of plant categories (2)
(N) : :
diversity (Hao et al. 2024).
N
Entropy Measures plant diversity and distribution across cate- Entropy = — Z pilnIn(pi) (3)
(Shannon  gories, indicating variety within plant communities (Hao i1
Index) et al. 2024).
where pi = proportion of the i-th category, N = total
number of categories.
N
e . - i\ 2
Si Reflects the degree of equilibrium and dominance within Simpson = 1 — Z (—) 4)
MBSO ant ities, balancing diversi d uniformi P
Index plant communities, balancing diversity and uniformity i1
(Hao et al. 2024). . . . N .
where pi = proportion of category i, p = Zi:l pi is the
cumulative proportion of all categories.
Dominant The visual object (e.g., tree, building, road) covering more
Object than 20% of the total image area, identified through se- Dominant Object = maw;(pi) (5)
mantic segmentation. where pi= Pixels of Obejct i Total Pixels, and pi>20%
Visual Subjectlve .evaluatlon of psychological relaxation, gatlsfgc- Mode VICO Score = Score with highest frequency for
Comfort tion, and visual appeal of landscapes, rated on a six-point each photo
(VICO)  Likert scale (Sun et al. 2023). P
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2.4 Data analysis
2.4.1 Linear approach

A Linear Regression model was used to assess
the relationships between predictors (e.g., GVI,
Richness, Entropy, Simpson Index, Dominant Object
proportions) and VICO. The dataset was split into
70% training and 30% testing sets, with model per-
formance evaluated using Root Mean Squared Er-
ror (RMSE) (Eq. 6) and R? (coefficient of determi-
nation). Scatter plots of actual vs. predicted values
for training, testing, and overall datasets visualized
model accuracy.

A correlation matrix with Pearson correlation co-
efficients (r) was computed to quantify linear as-
sociations among variables. The matrix, visual-
ized as a heatmap, highlighted key relationships be-
tween predictors and VICO. A residual plot was used
to examine prediction errors, plotting residuals (ac-
tual - predicted values) against actual VICO scores
to check for bias or systematic patterns.

2.4.2 Non-linear approach

To account for complex relationships and interac-
tions between predictors and VICO, a Random For-
est Regressor was employed. This ensemble learn-
ing model aggregates predictions from multiple de-
cision trees, making it highly effective for capturing
non-linear patterns and variable interactions. The
dataset was split into 70% training and 30% testing
subsets, and the model was trained and evaluated
on these splits. Model performance was assessed
using Root Mean Squared Error (RMSE) to measure
prediction error and R? (coefficient of determina-
tion) to evaluate the proportion of variance in VICO
explained by the predictors. Scatter plots compar-
ing actual versus predicted values were generated
for training, testing, and overall datasets to visual-
ize model performance and residual distribution.
To further interpret the model’s predictions, SHAP
(SHapley Additive ExPlanations) values were com-
puted. SHAP values decompose each predic-
tion into contributions from individual features,
providing a clear and interpretable explanation
of the model’s behavior. The analysis included:
SHAP Dependence Plots: These plots visual-
ized the relationship between specific predictors
and their contributions to VICO predictions, reveal-
ing trends and identifying critical ranges of vari-
ables that influenced visual comfort.

SHAP Summary Plot: A global visualization
that ranked predictors by their overall importance

while showing the distribution of their impacts
across the dataset.

For categorical variables, such as DominantO-
bjectl, DominantObject2, and DominantObject3,
SHAP values were aggregated by category and aver-
aged to assess their influence on VICO. This allowed
for an in-depth understanding of how specific cate-
gories (e.g., types of dominant objects) contributed
to VICO. The results were illustrated through bar
charts, enabling a clear comparison of the impact
of each category.

3 Results

In Ciputri Village, the spatial distribution of visual
comfort (VICO) and greenery exhibits clear pat-
terns linked to the rural land mosaic. Central areas
near settlements show lower greenery but higher
perceived comfort, while outer zones dominated
by vegetation exhibit higher GVI and plant diver-
sity. VICO (Fig. 3A) shows higher values in central
Ciputri, while GVI (Fig. 3B) is higher in the outer,
greener regions. DominantObject1-3 (Fig. 3C-E) in-
dicate trees, earth, and fields dominate peripheral
areas, whereas sky and buildings are prevalent cen-
trally. Richness N (Fig. 3F) and Shannon Index
(Fig. 3G) highlight greater plant diversity and con-
figuration complexity in the outer zones. Mean-
while, Simpson Index (Fig. 3H) shows better bal-
ance between vegetation components in these ar-
eas, providing a foundation for analyzing relation-
ships between visual comfort and landscape ele-
ments.

3.1 Linear approach result

The linear regression model was employed to ex-
amine the relationships between the predictors
and VICO (Fig. 4). The model demonstrated mod-
erate performance on the training dataset, achiev-
ing an R? = 0.39 with an RMSE of 1.23, in-
dicating that approximately 39% of the variation
in VICO could be explained by the independent
variables. However, when applied to the testing
dataset, the model exhibited poor generalizability,
with an R? = 0.26 and RMSE of 1.33, suggesting
a significant reduction in predictive accuracy. For
the entire dataset, the linear regression model ex-
hibited limited explanatory power with an R? = 0.37
with an RMSE of 1.26, indicating its inability to ef-
fectively capture the complex relationships between
predictors and VICO.This drop highlights the lim-
ited capability of the linear model to capture com-
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plex relationships, particularly in out-of-sample pre-
dictions.

The correlation matrix provided valuable insights
into the linear associations among variables (Fig.
5). GVI displayed the strongest positive correlation
with VICO (r = 0.54), reinforcing its role as a key
determinant of visual comfort. Other predictors,
such as DominantObject2 (r = 0.28) and Dominan-
tObjectl (r = 0.13), exhibited weaker correlations,
indicating their more limited direct contributions
to VICO. Diversity indices, including Simpson In-
dex and Shannon Entropy, showed negligible cor-
relations with VICO (r < 0.1), suggesting that their
influence may manifest through more complex or in-
direct mechanisms.

The residual plot for the linear regression model re-
vealed systematic patterns, indicating the presence
of non-linear relationships that the linear approach
could not adequately capture (Fig. 6). The residu-
als deviated from zero in a structured manner, par-
ticularly at the higher and lower ends of the pre-
dicted values, further underscoring the inadequacy

Correlation Matrix
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DomenanbDbgect] -

Domimnantbjects -

DominantChjectd -

Richness N -

Entropy -

Smipson -

WVIDD -
G
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DominantGhject]l -

Fig. 5 Correlation Matrix for each variable

of the linear model in addressing the intricate inter-
actions among variables.

3.2 Non-linear approach result

To address the limitations of the linear approach,
a Random Forest Regressor was employed to model
the non-linear relationships between predictors
and VICO (Fig. 5). The Random Forest model
achieved an R? = 0.88 and an RMSE of 0.54
on the training dataset, demonstrating its abil-
ity to account for 88% of the variance in VICO.
However, as with many machine learning models,
the performance on the testing dataset declined (R?
= —0.10, RMSE = 1.62), indicating overfitting. On
the full dataset, the model achieved a moderate per-
formance with R? = 0.60 and RMSE = 1.00, high-
lighting its capability to capture non-linear relation-
ships while also emphasizing the need for improved
generalization to unseen data. Despite this limi-
tation, the model provided valuable insights into
the contributions and interactions of the predictors.
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GVI shows the strongest influence, with higher
GVI values positively correlating with VICO (Fig.
7). Simpson Index and DominantObject2 also con-
tribute significantly, reflecting the role of vegeta-
tion diversity and specific visual object categories.
DominantObjectl and Entropy exhibit moderate im-
pacts, highlighting the interplay of dominant object
composition and landscape configuration. In con-
trast, DominantObject3 and Richness N have mini-
mal influence, suggesting limited variability in these
features within the dataset.

Categorical variables, such as Dominant Objects,
were analyzed using SHAP values to understand
their influence on VICO (Fig. 10). Earth ex-
hibits the highest impact across all three Domi-
nantObject variables, with DominantObject3 show-
ing the strongest influence. Sky and Plant also
play significant roles, especially in DominantOb-
jectl and DominantObject2, reflecting their impor-
tance in visual comfort assessment. Other cat-
egories, such as Wall and Mountain, have mini-
mal influence, indicating their limited contribution
to the model.

The predictive mapping of VICO using both Linear
Regression (LR) (Fig. 8B) and Random Forest (RF)
(Fig. 8C) models showcases the spatial distribu-
tion of predicted values relative to actual VICO mea-
surements. Both models, as seen in the lower fig-
ure, capture general spatial trends in VICO. How-
ever, the RF model aligns more closely with the ac-
tual VICO distribution, reflecting its higher accu-

racy in capturing non-linear relationships between
predictors and VICO. By contrast, the LR model
demonstrates less spatial variability, missing cer-
tain nuances in the data. This comparison under-
scores the importance of employing non-linear ap-
proaches like RF in scenarios involving complex re-
lationships.

4 Discussion

This study advances the understanding of visual
comfort (VICO) by integrating the Green View In-
dex (GVI) with machine learning-based image seg-
mentation, offering a more comprehensive per-
spective on how greenery, spatial arrangement,
and dominant visual objects shape human percep-
tion of landscapes. Unlike prior studies that of-
ten focused on simple correlations, this research re-
veals that VICO is influenced not only by the quan-
tity of greenery but also by its spatial organization
and interaction with other elements in the environ-
ment.

One of the most significant contributions
of this study lies in demonstrating the necessity
of non-linear approaches in modeling environmen-
tal perception. While traditional linear regres-
sion provided some insights, it was unable to cap-
ture the complex, context-dependent relationships
that shape visual comfort. The Random Forest
model, supported by SHAP analysis, offered a more
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accurate and interpretable framework, highlight-
ing how greenery interacts with visual composition
in ways that are not immediately apparent through
linear models. These findings carry important im-
plications for landscape planning and urban de-
sign, emphasizing that enhancing greenery should
not be seen as a simple maximization problem but
rather as a strategic integration challenge—one
that requires careful attention to spatial balance,
object diversity, and openness.

4.1 Key drivers of visual comfort

This study confirms that greenery, as measured
by the Green View Index (GVI), plays a fundamen-
tal role in shaping visual comfort. However, rather
than a straightforward linear relationship, the find-
ings reveal a non-linear dynamic in which increasing
greenery does not always lead to proportional in-
creases in visual comfort. Beyond a certain thresh-
old, the benefits of additional greenery diminish,
and in some cases, excessive vegetation can even
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Fig. 8 Prediction Map: (A) Actual VICO, (B) Predicted by Linear Regression, (C) Predicted by Random Forest

reduce VICO due to visual enclosure or monotony. ness must also be considered when evaluating how
These results highlight the limitations of using GVI  landscapes are perceived (Fox et al. 2020; Holy-
as a sole predictor of visual comfort and suggest Hasted & Burchell 2022).

that spatial arrangement, object diversity, and open-
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The predictive modeling comparison further rein-
forces this argument. The linear regression model,
while capturing basic trends, exhibited low explana-
tory power (R? = 0.37), indicating that visual com-
fort is shaped by interactions beyond simple lin-
ear dependencies. In contrast, the Random For-
est model significantly improved prediction accu-
racy (R? = 0.60), validating the necessity of non-
linear approaches when assessing environmental
perception. Moreover, SHAP analysis provided
deeper insights, revealing that beyond greenery,
dominant objects such as sky and earth play a cru-
cial role in moderating the effects of greenery on vi-
sual perception. These findings suggest that plan-
ners should design landscapes that optimize open-
ness while integrating greenery in a structured
and context-sensitive manner.

These insights underscore the need to move beyond
a simplistic approach of increasing green coverage.
Instead, planners should consider how greenery is
distributed and how it interacts with built and natu-
ral elements. The findings advocate for a balanced
distribution of green spaces, ensuring that veg-
etation enhances rather than overwhelms visual
composition. This shift from a purely quantita-
tive approach to one that integrates qualitative spa-
tial characteristics is essential for optimizing vi-
sual comfort and creating visually engaging envi-
ronments in rural settings.

4.2 The role of greenery and object composi-
tion

While the presence of greenery is a key driver of vi-
sual comfort, this study highlights that the composi-
tion of visual elements is just as crucial. Through se-
mantic segmentation, the analysis revealed how dif-
ferent dominant objects—such as trees, mountains,
sky, and built structures—shape the perception
of landscapes. Trees, mountains, and sky consis-
tently enhanced VICO, reinforcing their role in pro-
viding psychological relaxation and aesthetic satis-
faction (Hu et al. 2024; Zhang & Zeng 2024). Con-
versely, walls and artificial structures were found
to decrease VICO, suggesting that built environ-
ments that lack integration with natural elements
can diminish perceived comfort.

One particularly interesting finding concerns
the role of plants in visual perception. While plants
are generally associated with greenery and posi-
tive visual experiences, their impact on VICO var-
ied depending on their dominance within a scene.
When plants were the primary visual element (Dom-
inantObject1), they tended to reduce VICO, likely
due to the monotony of uniform agricultural fields,

which lack the structural diversity that makes land-
scapes visually engaging. However, when plants
appeared as secondary or tertiary elements (Domi-
nantObject2 or DominantObject3), they contributed
positively to VICO, suggesting that they play a com-
plementary role in breaking up visual monotony
and enhancing landscape diversity.

It suggests that while greenery is important, it must
be carefully integrated with other visual elements
to create balanced and aesthetically pleasing en-
vironments. A well green natural view should
not only provide a high percentage of greenery but
also incorporate visual diversity, including struc-
tured tree placement, open sky exposure, and el-
ements that enhance contrast and variation. This
aligns with previous studies showing that people
prefer environments that offer a mix of green-
ery, open space, and structured visual elements
rather than monotonous green coverage (Antrop
& Van Eetvelde 2000; Belmahdi & Djemili 2022;
Keshtkaran 2019; Ode et al. 2008, 2010).

4.3 Anomalies and spatial patterns in VICO-
GVI

Although GVI and VICO were generally correlated
(Fig. 9), this study uncovered notable anomalies
where greenery coverage did not align with visual
comfort. These findings provide valuable insights
into the limitations of using GVI as a standalone met-
ric and highlight the need for a more holistic ap-
proach to evaluating landscape perception.

In high-GVI but low-VICO areas (Fig. 10B), ex-
cessive, unstructured greenery often reduced vi-
sual comfort. Overgrown vegetation, dense tree
coverage, or monotonous landscapes lacking diver-
sity were found to diminish the aesthetic appeal
of the scene, reinforcing the idea that not all green-
ery contributes equally to perceived comfort (Ka-
plan & Kaplan 1989; Ulrich 1986). These findings
align with prior research suggesting that chaotic,
uncontrolled vegetation can create a sense of enclo-
sure or even reduce accessibility, leading to lower
comfort levels (Jennings & Bamkole 2019).
Conversely, low-GVI but high-VICO areas demon-
strated that structured openness can enhance visual
comfort even in the absence of extensive greenery.
Landscapes featuring well-maintained paths, scenic
vistas, or natural openness (such as mountain views
or water bodies) compensated for lower greenery
levels, indicating that spatial arrangement and vi-
sual engagement are just as important as green cov-
erage itself.

The spatial clustering analysis reinforces these find-
ings (Fig. 10):
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Fig. 9 Example of VICO and GVI for two cases (High VICO-High GVI and Low VICO-Low GVI)

High-GVI, high-VICO areas (H-H) exhibited well-
balanced landscapes that integrate greenery with
structured visual arrangements, enhancing both
aesthetics and psychological comfort (Fig. 10A).
Low-GVI, high-VICO areas (L-H) demonstrated
that open space aesthetics and scenic visual ele-
ments can create a comfortable environment even
with minimal greenery (Fig. 10C) (Huang et al.
2022; Jin et al. 2023).

High-GVI, low-VICO areas (H-L) revealed that exces-
sive, chaotic vegetation can reduce visual appeal,
reinforcing the need for thoughtful greenery place-
ment rather than indiscriminate vegetation expan-
sion (Fig. 10D) (Tong et al. 2020).

These findings provide clear guidance for planning
strategies Ciputri Village and similar Indonesian
contexts. Rather than focusing solely on increas-

ing green spaces, planners should prioritize spatial
balance, visual diversity, and integration between
natural and built elements (Sun et al. 2023; Zhang
& Zeng 2024). In densely vegetated but less com-
fortable areas (H-L), selective clearing or creating
scenic paths can reduce enclosure, while in cen-
tral zones with limited greenery (L-H), adding trees
or vegetated buffers can enhance comfort with-
out losing openness. Overall, balancing greenery
and openness supports visually engaging, ecologi-
cally resilient rural landscapes and informs broader
strategies for tourism, scenic route design, and spa-
tial planning across Southeast Asia.
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Fig. 10 Distribution of VICO-GVI: (A) H-H, (B) H-L, (C) L-H, and (D) L-L

5 Conclusions

This study concludes that VICO in rural landscapes
is primarily influenced by greenery distribution,
quantified through the GVI, and the composition
of dominant visual objects. The findings estab-
lish GVI as a key predictor of VICO, with strong
positive relationships underscoring the importance
of greenery in enhancing visual perception. Addi-
tionally, specific object categories, such as trees,
mountains, and sky, were found to significantly in-
crease VICO when dominant in visual composition,
while walls and primary positions of plants reduced
it, likely due to perceived monotony or artificial
arrangements. The application of Random For-
est modeling demonstrated superior performance
over linear regression, effectively capturing non-

linear and complex relationships among predictors.
This highlights the importance of employing ad-
vanced computational methods for more accurate
predictions in environmental studies. Unique pat-
terns in the contributions of plant and “null” ob-
jects further revealed the role of diversity and spa-
tial arrangements in shaping visual comfort, em-
phasizing the importance of visual variety. These
insights advance the understanding of the inter-
play between greenery, object composition, and hu-
man perception, contributing to landscape research
and offering a methodological foundation for future
studies. The integration of semantic segmentation
and machine learning models showcases the poten-
tial of combining computational and spatial analy-
ses for more nuanced environmental assessments
and design strategies.
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For rural planning practice in Indonesian con-
texts such as Ciputri Village, these findings high-
light the need to move beyond quantitative green-
ery metrics toward integrated approaches that ac-
count for visual composition, spatial arrangement,
and cultural preferences. Future research should
further explore how structural and cultural factors
mediate the influence of greenery and visual ele-
ments on human perception, extending this frame-
work across diverse environmental and cultural
settings to achieve a more holistic understanding
of the cognitive and aesthetic dimensions of land-
scape experience.
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