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Abstract
In the context of rapid urbanization, accurately identifying the visual factors that
influence environmental safety perception is crucial for improving urban
transportation environments and enhancing pedestrian safety. With the increase in
urban population density and traffic flow, optimizing urban environmental design to
elevate residents’ sense of safety has become a key issue in urban planning and
management. However, the existing studies face numerous challenges in conducting
large-scale quantitative analysis of environmental safety perception in complex
scenarios, such as difficulties in data acquisition and limitations in analytical methods.
This study addresses these challenges by applying image semantic segmentation and
object detection techniques to extract key visual elements from street view images,
combined with manual scoring and deep learning methods, to construct a road
safety perception dataset. Using a LightGBMmodel and the SHAP interpretation
framework, in this study, we identify the critical visual factors influencing
environmental safety perception. An empirical study was conducted in Macau, a
modern city where Eastern and Western cultures intersect, and tourism thrives. The
findings reveal that: 1 The overall environmental safety perception in the eight
parishes and surrounding roads of Macau is relatively high, with significant regional
differences in safety perception scores around Macau’s parish roads; 2 The
proportions of buildings, sidewalks, roads, and trees in images are the four primary
factors influencing environmental safety perception; 3 The proportions and
quantities of visual elements interact with each other, and their reasonable
distribution helps form clear spatial visibility and creates conducive activity spaces,
thereby enhancing the perception of environmental safety. Through empirical
analysis, this study uncovers the mechanisms by which visual elements in urban
street scenes affect environmental safety perception, providing scientific evidence for
urban planning and transportation environment improvement. The research holds
theoretical significance and offers practical references for urban design and
management, demonstrating broad application value.
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1 Introduction
Urban roads are not only a critical component of urban space but also serve as key link-
ages between different functional areas [1]. With the advancement of urbanization, issues
such as traffic congestion, declining quality of pedestrian spaces, and conflicts between
pedestrians and vehicles have become increasingly severe. The urban environment pro-
foundly impacts residents’ psychological perceptions and behaviors, with environmental
factors playing a crucial role in shaping the perception of safety [2]. Enhancing residents’
sense of safety is fundamental to invigorating urban public spaces and improving the ef-
fectiveness of social governance. Therefore exploring the mechanisms influencing envi-
ronmental safety perception from the user’s perspective holds significant academic and
practical importance. Human perception refers to individuals’ psychological experiences
of specific locations [3], reflecting their sense of belonging and emotional attachment to
those places [4]. Previous research in fields such as environmental psychology [5, 6], ur-
ban planning [7, 8], social medicine [9], and social sciences [10] has extensively focused
on the relationship between human perception and the environment. Safety perception,
as a crucial dimension of perception, was first introduced in Freud’s psychoanalytic the-
ory, referring to an individual’s anticipation of potential physical or psychological danger,
manifested as a sense of control and certainty [11]. Safety perception differs from actual
safety; it is a complex psychological experience [12, 13], influenced not only by the phys-
ical environment [14] but also by social and individual characteristics [15, 16]. Based on
this, the current study defines environmental safety perception as pedestrians’ anticipa-
tion of negative emotions, such as panic and anxiety, potentially triggered by the physical
environment in urban road spaces. This safety perception encompasses not only the fear
of crime but also the evaluation of the safety of the physical environment and human ac-
tivities within that scene. Traditional methods for quantifying environmental perception
mainly rely on questionnaires or field interviews [17–19], but these approaches are time-
consuming and labor-intensive, making large-scale data collection challenging. The devel-
opment of Virtual Reality (VR) technology offers a new pathway for measuring subjective
perception information. However, due to limited accessibility to the necessary equipment,
this method has yet to see widespread application [20].

In recent years, the widespread application of street view images has provided rich data
resources for urban studies [21]. These images, captured from the pedestrian perspec-
tive, display both natural and man-made landscapes of city streets, offering a visual rep-
resentation of the urban road environment [22]. Street view images are characterized by
their wide coverage, easy accessibility, and high clarity [23]. Compared to other spatial-
temporal data, street view data better align with human visual perception, allowing for
a more accurate depiction of the physical environment [24]. Combined with the rapid
development of deep learning technologies, street view data have brought new oppor-
tunities to quantitative urban research. Scholars have extensively explored areas such as
environmental perception, urban change [25], housing price prediction [26], infrastruc-
ture identification [27], demographic analysis [28], and building classification [29]. In the
realm of environmental perception studies, topics like walkability, road comfort, and ur-
ban safety perception are the primary focus [30–32]. The MIT Media Lab was the first to
propose the use of paired street view images for comparative analysis, collecting partic-
ipants’ perceptual results to assess the impact of urban environments on social and eco-
nomic development [33]. Building on this, Zhang et al. [34] employed machine learning
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models to automate large-scale image scoring, revealing the distribution of environmental
perceptions in Beijing and Shanghai. Additionally, spatiotemporal big data collected from
social media have also been leveraged to efficiently and extensively extract evaluations of
urban space perception [35], providing a valuable supplement to traditional survey meth-
ods. However, the application of this emerging data to the quantitative study of safety
perception remains underexplored. Although the quantitative analysis of visual impact
factors based on street view data has garnered widespread attention, most existing stud-
ies rely on single-factor analysis, often neglecting the interaction between factors. Gestalt
psychology suggests that human perception is both holistic and local, with overall per-
ception preceding part perception. Therefore analyzing the impact of a single factor can
only partially satisfy perceptual needs, and it is necessary to explore the combined effects
of multiple factors [36]. Current quantitative methods predominantly use convolutional
neural networks (CNNs) for image segmentation and classification [37], but this approach
only provides the proportion of each spatial element and does not determine the actual
number of elements. For elements with a large proportion in an image, two scenarios are
possible: 1 a single element close to the camera; 2 multiple elements farther from the
camera. Without considering the impact of the actual number of elements, results might
show identical proportions but differing perceptual outcomes. Therefore it is essential to
analyze the synergistic effects of both proportion and actual number of elements on per-
ception and to interpret the differences. In terms of research methods for the relationship
between visual elements and environmental perception, the existing studies tend to use
linear models such as multiple regression and principal component analysis (PCA) [38].
However, these models typically require assumptions about the underlying relationship
between independent and dependent variables [39]. If these assumptions are invalid, then
the model results may be biased or incorrect, limiting their ability to reflect true rela-
tionships. Given the complex relationship between urban road environments and human
perception [40–42], whether a nonlinear relationship exists between the two remains to
be further explored. In contrast, machine learning models offer significant flexibility, typ-
ically requiring no assumptions about the distribution of data and capable of handling
missing values, noise, and outliers [43]. Thus they are considered more adept at managing
nonlinear relationships in data [44].

Although machine learning demonstrates unique advantages in model prediction and
data processing, its “black-box” nature—meaning the inability to explain prediction
results—reduces its credibility and limits its application scope. In recent years the inter-
pretability of machine learning models has garnered increasing attention from scholars.
Lundberg et al. [45] introduced the SHAP method, which effectively unifies global and
local interpretability while aligning its explanatory results with human perception. This
method has thus found widespread application across various fields. For instance, Liu
Zhiqian et al. [21] utilized this approach to study the relationship between urban features
and six types of perceptions; Yang et al. [46] explored the correlation between different
features and thermal sensation as well as decision paths; and Qi et al. [47] analyzed the
impact of factors such as road conditions on traffic order. In the context of rapid urban
development, accurately identifying the visual factors that influence environmental safety
perception has become a crucial issue for improving urban transportation environments
and enhancing pedestrian safety. As urban population density and traffic flow increase,
optimizing urban environmental design to elevate residents’ sense of safety has become
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a central concern in urban planning and management. However, the existing studies face
numerous challenges when conducting large-scale quantitative analysis in complex sce-
narios, such as difficulties in data acquisition and limitations in analytical methods. To
address these issues, this study integrates image semantic segmentation and object detec-
tion techniques to extract key visual elements from street view images. Combined with
manual scoring and deep learning methods, a road safety perception dataset was con-
structed. By employing the LightGBM model and the SHAP interpretation framework
the study identifies the critical visual factors influencing environmental safety perception.

In summary, alhough the existing studies on urban perception have primarily focused
on macrolevel analysis, recent advancements in the field, particularly in the context of
complex scenarios, remain underexplored. Moreover, there is a noticeable gap in the in-
tegration of cutting-edge machine learning techniques in these studies, especially when
analyzing environmental safety perception. This research addresses these gaps by select-
ing Macau, a unique urban environment where Eastern and Western cultures blend, as
a case study. By applying state-of-the-art models such as DeepLabv3+ and YOLOv3 for
extracting visual elements and object quantities from street view images and combining
these with safety perception scores, a comprehensive road safety perception dataset is con-
structed. Furthermore, the LightGBM algorithm, coupled with the SHAP interpretability
method, is employed to analyze the mechanisms by which visual factors influence environ-
mental safety perception, providing insights into the key elements, their intensity, and the
nature of their impact. This approach bridges the gap in the recent literature by integrating
machine learning techniques and offering a more detailed exploration of environmental
safety perception in complex urban environments.

2 Research methodology
2.1 Research approach
The main approach of the study is as follows: 1 Select the variables for the environmental
safety perception model and construct the analytical model; 2 For the selected experi-
mental area, acquire road network and street view image data, identify visual elements,
and conduct a safety perception comparison survey; 3 Apply the SHAP method to inter-
pret the model, identify the key visual elements influencing safety perception, and evaluate
environmental safety perception; 4 In the conclusion and discussion section, summarize
the research findings and propose planning recommendations. The research workflow is
illustrated in Fig. 1.

2.2 Selection of variables for the environmental safety perception model
(1) Dependent variable of environmental safety perception

The dependent variable in this study is the environmental safety perception score, which
is measured on a large scale through a combination of manual evaluation and machine
learning. Each street view image sample is defined by two values, the probability of higher
safety perception (P) and the probability of lower safety perception (N):

Pi =
pi

pi + ei + ni
, (1)

Ni =
ni

pi + ei + ni
. (2)
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Figure 1 Technical workflow of the study on the impact of visual elements on environmental safety
perception

In the equations, Pi represents the probability that street view image i is selected as
having a higher safety perception in pairwise comparisons, Ni represents the probability
that image i is selected as having a lower safety perception in comparisons, pi denotes
the number of times image i was chosen, ni denotes the number of times image i was
not chosen, and ei represents the number of times image i was considered equal to the
comparison image. Using equations (1) and (2), the safety perception score for street view
image i is calculated as follows:

Qi =
10
3

(Pi +
1
pi

pi∑

ki=1

Pki –
1
ni

nk2∑

k2=1

Nk2 + 1) , (3)

where ki means in the comparison between image i and image i, the former is selected as a
higher security perception, whereas the latter is not selected, the number of image i and Pki

represents the sum of all unselected images i; accordingly, k2 means that in the comparison
between image i and image i, the latter is selected as a higher security perception, whereas
the former is not selected, the number of image i, nk2 is the sum of the Ni value of the
selected street view image i. The added constant terms 10/3 and 1 normalize the score Q to
between 0 and 10. The Q-score is a statistical method that surveys a group of respondents
to determine the awareness or liking of a particular item [48]. In this study the Q value was
used to quantify the results of environmental safety perceptions of the respondents. The
higher the Q score, the higher the degree of safety perception of the Street View picture,
and the lower the vice versa.

Given that the comparison count of streetscape images in this study exceeds 60 mil-
lion, conducting manual comparisons is not feasible due to the significant time and labor
costs involved. Therefore deep learning technology was employed for model training. Ini-
tially, a dataset for road safety perception was constructed based on manual evaluation
results, consisting of 10,000 image comparison sets, with 8000 sets used for training and
2000 sets for testing. Subsequently, a Transformer-based deep learning model ConvNeXt
was trained on the safety perception score training set. The model parameters were set
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Figure 2 Process flow for streetscape image safety perception scoring

as follows: a learning rate of 0.001, Adam optimizer, batch size of 20, 120 epochs, and
CrossEntropyLoss as the activation function. The trained model automatically scored the
images in the test set, achieving an accuracy of 89.2%. Finally, this model was used to com-
pare the safety perception across all streetscape images, and the score for each image was
calculated according to equation (3) and Fig. 2.

(2) Explanatory variables for environmental safety perception
The explanatory variables in this study are visual elements, primarily measured through

two methods, image semantic segmentation and object detection (Fig. 3). Image semantic
segmentation, a crucial area in computer vision, classifies each pixel in an image. Object
detection, on the other hand, identifies objects within an image, predicting their categories
and locations. The specific process is as follows: 1 Streetscape images are segmented us-
ing the MIT ADE20K network model with ConvNeXt as the backbone. This model is pre-
trained on the ConvNeXt dataset via Baidu PaddleHub, which includes 25,574 streetscape
images—20,000 for the training set and 5574 for the validation set—annotated with 150
pixel-level categories. This study focuses on key elements such as the sky, trees, build-
ings, vehicles, and roads [49, 50]. 2 For object detection, the YOLOv3 network model,
pretrained on the COCO2017 dataset and also based on a ResNet50 backbone, is uti-
lized. YOLOv3 demonstrates excellent performance in both processing time and accuracy
and is widely applied in areas like vehicle detection and facial recognition [51–53]. The
COCO2017 dataset contains 80 object categories, divided into 118,000 training images,
5000 validation images, and 41,000 test images, with an average precision (mAP) of 43.2%.
Although the multiobject classification model of YOLOv3 does not achieve exceptionally
high average detection accuracy, in this study, the number of vehicles, bicycles, and people
are selected as visual element indicators. Additionally, a random sample of 200 streetscape
images was used to calculate a miss detection rate of 7.93% and a false detection rate of
6.3%, indicating that the model results for these three indicators are satisfactory for the
study requirements.
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Figure 3 Quantification process of visual elements

2.3 Model construction and interpretive analysis
2.3.1 Building the environmental safety perception model using LightGBM
In this study, the LightGBM algorithm is employed to model the relationship between en-
vironmental safety perception and visual elements. LightGBM (Light Gradient Boosting
Machine) is an enhancement method based on Gradient Boosting Decision Trees (GBDT)
[54]. This algorithm introduces Gradient-based One-side Sampling (GOSS), which ef-
fectively excludes most small-gradient samples, retaining only large-gradient samples for
information gain calculations. This approach reduces the amount of training data while
maintaining model accuracy. Additionally, LightGBM utilizes a leafwise growth strategy
with depth limitations, meaning that it iteratively selects the leaf node with the highest
split gain for splitting. This process is repeated until all splits are completed. The leafwise
strategy reduces errors and enhances accuracy compared to traditional levelwise methods
under the same number of splits. Limiting the maximum tree depth (Max-depth) further
helps prevent overfitting. Compared to Random Forest and XGBoost, LightGBM exhibits
distinct advantages in the following aspects: (1) Faster training speed: LightGBM utilizes
a histogram-based decision tree algorithm combined with GOSS, which significantly ac-
celerates training speed when processing large-scale datasets, outperforming traditional
models like Random Forest and XGBoost. (2) Lower memory consumption: LightGBM ef-
fectively reduces memory usage through its histogram algorithm during training, particu-
larly when handling high-dimensional features. This lower memory consumption is espe-
cially critical for processing large datasets, making LightGBM more efficient than Random
Forest and XGBoost. (3) Ability to handle nonlinear relationships: Unlike traditional lin-
ear models, LightGBM introduces a nonlinear splitting strategy, which better captures the
complex nonlinear relationships between features and target variables. Compared to the
global model approach of Random Forest, LightGBM optimizes each split progressively,
enhancing the model’s predictive power. (4) Model interpretability: Although XGBoost
may offer high accuracy in certain cases, its outputs are often difficult to interpret. By in-
tegrating the SHAP method, LightGBM not only delivers strong predictive accuracy but
also provides intuitive explanations for the contribution of each feature through SHAP
values. This level of interpretability has significant practical value in policy-making and
urban planning.
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In summary, compared to traditional algorithms, LightGBM offers faster training
speeds, lower memory consumption, and higher accuracy, making it one of the most op-
timal boosting methods currently available.

2.3.2 Quantifying the impact of visual elements on environmental safety perception using
SHAP

SHAP (SHapley Additive exPlanations) is a tool used to interpret model outputs, derived
from the Shapley values in cooperative game theory [45]. SHAP can quantify the impact
of each factor on the model’s prediction for individual samples, indicating whether the
influence is positive or negative. This method provides a unified approach to both global
and local explanations of machine learning models [54, 55]. In this study the SHAP method
is used to assess the impact of visual elements on environmental safety perception, with
each element being assigned a corresponding SHAP value.

g
(

Ź
)

= ∅0 +
M∑

i=1

∅iŹi. (4)

In the equation, g(z´) represents the predicted value of environmental safety perception
for the visual element z´, Ø0 denotes the average environmental safety perception value,
M indicates the number of elements in the perception model, Øi is the SHAP value for
the ith visual element, and z´i ∈{0,1} indicates whether the ith visual element is included
in the model prediction. The formula for calculating SHAP values is as follows [45]:

∅i =
∑

Ź⊆f \{i}

∣∣ź
∣∣!

(
M –

∣∣ź
∣∣ – 1

)
!

M!
[
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(
ź
)

– fx
(
ź\i

)]
, (5)

In the equation, Øi represents the SHAP value of the ith visual element;
∣∣ź

∣∣ denotes
the set of visual elements involved in the prediction; M represents the entire set of visual
elements; and

∣∣ź
∣∣!

(
M –

∣∣ź
∣∣ – 1

)
! is the factorial of the number of elements in a set ź mul-

tiplied by the factorial of the number of elements in ź excluding element i. This accounts
for all possible sequences of elements that include element i. fx

(
ź
)

– fx
(
ź\i

)
represents

the change in environmental safety perception value after adding element i. In this study,
SHAP values represent the weighted sum of differences in safety perception scores across
different scenes, considering various combinations of visual elements.

3 Data sources and processing
3.1 Overview of the study area
Macau, a special administrative region of China, is composed of eight parishes and is lo-
cated on the western shore of the Pearl River Delta, bordering Zhuhai City. With a rich
historical background and diverse culture, Macau has long served as a significant gate-
way for cultural exchanges between China and the Western world, making it a unique city
where Eastern and Western cultures intersect. This cultural backdrop has deeply influ-
enced Macau’s urban landscape, social structure, and the lifestyle of its residents. As a
result, Macau is not only a renowned tourist destination but also a vital commercial and
economic hub. Despite its small size and limited land resources, Macau has continuously
expanded its urban scale and infrastructure through land reclamation and scientific urban
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Figure 4 Study area

planning to meet the growing needs of its residents and tourists. The tourism and gaming
industries are the pillars of Macau’s economy, driving local prosperity. However, Macau
does not solely rely on these traditional economic sectors but is also actively developing its
convention, exhibition, and financial services industries to enhance its competitiveness on
the international stage. Macau’s unique historical background is reflected not only in its
diversified economy but also in its distinctive urban environment and public security. The
Macau government places great emphasis on social order and public safety, ensuring the
security of residents and tourists through a comprehensive legal framework, efficient law
enforcement mechanisms, and broad community engagement. This historical and cultural
context has made environmental safety perception an important consideration in urban
planning and management. Historically, Macau has been a city of immigrants, with a mul-
ticultural and complex social structure. This background has added challenges to urban
management, particularly in maintaining social order and public safety. The government
has made ongoing efforts to enhance urban infrastructure and promote community partic-
ipation, encouraging residents to actively contribute to maintaining a safe and harmonious
city. In response to challenges such as high population density and environmental pres-
sures, Macau has worked in various ways to improve the quality of life and sense of security
for its residents. While promoting sustainable urban development, Macau has maintained
its unique historical and cultural charm, providing both residents and tourists with a vi-
brant yet safe environment for living and visiting. This multicultural and complex social
environment gives Macau’s environmental safety perception its distinctiveness, offering
rich context and a unique perspective for this study. (See Fig. 4.)

3.2 Data sources and processing
The data for this study primarily consist of two parts: streetscape image data and environ-
mental safety perception data.

(1) Streetscape Image Data: Road data for the study area was extracted from Open
Street Map (OSM). After topological checks and geographic alignment, all roads
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were segmented at intersections. For road segments shorter than 50 meters, a
sampling point was selected at the segment center. For segments longer than 50
meters, sampling points were selected at 100-meter intervals. A total of 10,442
sampling points were selected. Using the Google Maps API, streetscape images
were obtained for each sampling point from the end of 2022 to the end of 2023. The
specific request parameters were set as follows: a pitch angle of 0 degrees, an image
size of 1024 pixels by 512 pixels, and each sampling point’s panoramic photo was
divided into four images, corresponding to 0°, 90°, 180°, and 270°. Due to the
absence of streetscape images at some sampling points, a total of 10,442 streetscape
images were ultimately collected.

Although the SHAP method was used to interpret the model output, further in-depth
analysis is recommended to explore how these interpretations can be applied in practical
urban planning and design, thereby enhancing the practical value of research. After data
acquisition, a multistep cleaning and preprocessing process was carried out to ensure the
quality and representativeness of the imagery data. First, for sampling points with missing
street view images, images from adjacent road segments were supplemented to maintain
data continuity and completeness. Second, duplicate images were removed to avoid data
redundancy that could affect the analysis results. For images with poor quality or signifi-
cant obstructions (e.g., buildings, vehicles blocking key visual elements), an image quality
detection algorithm was used to filter them, and in necessary cases, new images were ob-
tained, or substitute images were used. During image preprocessing, enhancement tech-
niques such as contrast adjustment and noise reduction were applied to improve the clarity
and usability of the images. To address differences in color and brightness across images,
standardization was performed to ensure that all images were analyzed under consistent
visual conditions. Additionally, to eliminate potential viewpoint bias between different
sampling points, the shooting angles of the images were uniformly corrected.

(1) Safety Perception Scoring Data: From May to June 2024, a safety perception survey
was conducted using the streetscape images. A random selection of 2000 images
was made from the previously acquired dataset, and the safety perception (SP)
method was employed to assess the images. 88 volunteers participated in the
survey, evenly split between 44 males and 44 females, each constituting 50% of the
sample. The participants were also divided equally by age groups, with 44
individuals aged 18–30 and 44 aged 31–64, each representing 50% of the sample.
Among the volunteers, 50 had backgrounds in architecture, urban planning, or art
design, whereas 38 had nonprofessional backgrounds, resulting in a ratio of 1.3:1.
This diversity in background ensured a broad perspective among the evaluators.
Each volunteer rated the sample images on a scale of 1 to 10, culminating in the
safety perception scores for the images.

To avoid sample selection bias, 2000 street view images were randomly selected from dif-
ferent neighborhoods for analysis. These images cover all parishes of Macau, ensuring the
broadness and representativeness of the data sample. However, despite the randomness
and diversity in sample selection, the environmental characteristics of different neighbor-
hoods may still affect the generalizability of the study results. For example, certain neigh-
borhoods may have higher greenery coverage or more modern facilities, which could re-
sult in higher safety perception scores, while other neighborhoods may score lower due to
poor infrastructure or high pedestrian density.
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Figure 5 Distribution of safety perception scores for roads surrounding Macau’s parishes

4 Results and analysis
4.1 Spatial distribution and evaluation of safety perception
The safety perception scores of the 10,442 images were color-coded in descending order,
revealing the spatial distribution of environmental safety perception across Macau (Fig. 5).
The overall safety perception in the eight parishes and surrounding roads of Macau is rel-
atively high. However, there are noticeable regional differences in safety perception scores
around the Macau parish. High-safety perception areas are primarily concentrated in the
city center and commercial districts, characterized by a high degree of modernization
and well-developed infrastructure. These areas are clean, well maintained, and equipped
with comprehensive facilities, resulting in higher safety perception scores. Medium-safety
perception areas are more scattered, mostly found in residential areas and public service
locations where the environment is decent but requires further improvement. Low-safety
perception areas are concentrated in older districts and city outskirts with poor infrastruc-
ture and cluttered environments, which need significant enhancement and improvement.
The safety perception scores for the eight parishes and surrounding roads were extracted
and displayed in a box plot (Fig. 6). Among them, the Nossa Senhora de Fátima Parish
has the highest average safety perception score (M=5.8, SD=0.84), followed by the Cotai
and Sé Parishes (both M=4.80, SD=0.84). The Santo António Parish shows the greatest
variability in safety perception scores (M=3.40, SD=1.14), whereas the Nossa Senhora do
Carmo and São Lázaro Parishes have moderate variability (M=3.80, SD=0.84). The São
Francisco Xavier Parish has the least variability (M=5, SD=0.71), and the São Lourenço
Parish has the lowest average safety perception score (M=2.80, SD=0.84). These find-
ings reveal significant spatial differences in safety perception scores across Macau’s eight
parishes. The Nossa Senhora de Fátima and São Francisco Xavier Parishes exhibit higher
and more stable safety perception scores, indicating that these areas are characterized by
beautiful environments, well-developed infrastructure, including good road conditions,
abundant greenery, modern public facilities, and efficient community services. These fa-
vorable conditions collectively enhance the safety perception of residents and visitors. In
contrast, the São Lourenço Parish has the lowest safety perception score, reflecting signif-
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Figure 6 Box plot of safety perception scores for Macau’s parishes and surrounding roads

icant environmental and infrastructure issues, such as severe road damage, chaotic traffic
management, low green coverage, and inadequate and poorly maintained public facilities.
These problems severely impact the safety perception of residents and visitors, necessi-
tating targeted improvements. Additionally, the Santo António Parish displays the most
significant fluctuation in safety perception scores, indicating substantial variability in en-
vironmental and infrastructure quality within the parish. Some areas may have favorable
conditions, whereas others may exhibit notable deficiencies. This imbalance leads to large
fluctuations in scores, highlighting areas that require focused attention and improvement.

4.2 Analysis of factors influencing environmental safety perception
(1) Analysis of the impact of visual elements on environmental safety perception

Figure 7 illustrates the overall impact of visual elements on environmental safety per-
ception. The labels on the left side are ranked by the importance of each element, whereas
the horizontal axis represents the SHAP values, indicating the weight of each element’s
influence. The wider the distribution of the SHAP values, the greater the influence of that
element. Each point on the chart represents a sample, with color indicating the value of
each element—redder colors represent higher values, whereas bluer colors indicate lower
values. By analyzing the SHAP chart it is evident that roads are the most significant factor
influencing safety perception. High feature values of roads have a notable positive im-
pact on the model output, suggesting that good road conditions significantly enhance the
safety perception of residents and visitors. Trees and sidewalks also positively contribute
to safety perception, with higher feature values leading to an increase in perceived safety.
This indicates that sufficient greenery and well-maintained sidewalks can significantly
improve safety perception. Conversely, the sky is the least influential element, with rel-
atively concentrated and lower SHAP values. An excess of vehicles, fences, walls, and high
pedestrian density negatively impacts safety perception, indicating that crowded environ-
ments and poor infrastructure lead to decreased safety perception. Therefore optimizing
road conditions, increasing greenery, improving sidewalk facilities, and managing vehi-
cle and pedestrian flow can effectively enhance environmental safety perception. Since
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Figure 7 Overall impact of visual elements on environmental safety perception

the proportions of sidewalks, trees, roads, and buildings in images have the most signif-
icant impact on environmental safety perception, this study further analyzes these four
key elements. Figures 8(a–d) describe the relationship between the SHAP values and the
image proportion of these visual elements. In Figs. 8(a, b, c), as the image proportions of
buildings, roads, and sidewalks increase, SHAP values generally show a downward trend.
Higher proportions of these elements in images negatively impact environmental safety
perception, leading to a decrease in perceived safety. High-density buildings typically im-
ply more high-rise structures and less open space, which can create a sense of oppression
and overcrowding, reducing visual comfort and thus lowering safety perception. A higher
proportion of road images usually indicates more roads, vehicles, and traffic signs, increas-
ing visual complexity and distraction. Such a complex road environment can induce ten-
sion and unease, thereby lowering safety perception. In areas with high sidewalk density,
poorly maintained sidewalks with issues like cracks and uneven surfaces can increase the
risk of walking, thereby decreasing the perceived safety of the environment. Figure 8(d) il-
lustrates the relationship between the proportion of tree images and environmental safety
perception. As the proportion of tree images increases, SHAP values generally trend up-
ward. A higher proportion of tree images positively contributes to environmental safety
perception. When the tree image proportion exceeds 0.15, its positive impact on safety
perception is most significant. Although an increase in trees improves safety perception
even below the 0.15 threshold, the effect is not as pronounced as in higher proportions.
Trees and greenery enhance visual comfort and pleasure. A well-greened environment
typically makes people feel relaxed and secure, thereby boosting safety perception. Re-
search has shown that exposure to natural environments and green spaces positively im-
pacts mental health, reducing stress and anxiety, and enhancing feelings of well-being and
safety.

(1) Interaction effects of two factors on environmental safety perception
Figure 8(a) shows the interaction analysis of the four key visual perception factors. Aside

from the diagonal self-correlations, the interactions between buildings and trees, side-
walks and trees, and roads and trees are particularly notable. Therefore the following dis-
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Figure 8 SHAP feature dependence plots

cussion will focus on these three interactions. Figures 9(b–d) depict the interaction effects
between two visual elements on SHAP values. The x-axis represents one factor, and the y-
axis represents the SHAP value; the color of the scatter points represents the other factor,
with blue indicating lower values and red indicating higher values. In Fig. 9(b), when the
proportion of building images is below 0.1, the impact on environmental safety perception
is uncertain, with SHAP values widely distributed. As the proportion of building images
increases from 0.1 to 0.3, SHAP values gradually turn negative, indicating the emerging
negative impact of building density on safety perception. When the proportion exceeds
0.3, the negative impact becomes significant, with most SHAP values concentrated be-
tween -0.5 and -1.5. On the other hand, a higher proportion of tree images can mitigate
the negative effects of building density to some extent, particularly when the building im-
age proportion is between 0.1 and 0.3. Although in high-density building areas (building
image proportion > 0.3), the positive impact of tree images is limited, it still slightly re-
duces the negative effect. To enhance the safety perception of urban environments, urban
planning should focus on increasing green coverage, especially in high-density building ar-
eas, by strategically incorporating green spaces to improve overall environmental quality
and residents’ living experiences. In Fig. 9(c), when the proportion of road images is below
0.1, the impact on environmental safety perception is uncertain, with SHAP values widely
distributed. As the proportion of road images increases from 0.1 to 0.3, SHAP values grad-
ually turn negative, indicating the negative impact of road density on safety perception.
When the proportion exceeds 0.3, the negative impact becomes significant, with most
SHAP values concentrated between -0.5 and -2.0. Similarly to buildings, a higher propor-
tion of tree images can alleviate the negative effects of road density, especially when the
road image proportion is between 0.1 and 0.3. Although in high-density road areas (road
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Figure 9 Interaction effects of two factors on SHAP value

image proportion > 0.3), the positive impact of tree images is limited, it still slightly re-
duces the negative effect. To improve the safety perception of urban environments, urban
planning should focus on increasing green coverage, especially in high-density road ar-
eas, by strategically incorporating green spaces to enhance overall environmental quality
and residents’ living experiences. In Fig. 9(d), when the proportion of sidewalk images is
below 0.05, the impact on environmental safety perception is uncertain, with SHAP val-
ues widely distributed. As the proportion of sidewalk images increases from 0.05 to 0.15,
SHAP values gradually turn negative, indicating the negative impact of sidewalk density
on safety perception. When the proportion exceeds 0.15, the negative impact becomes
significant, with most SHAP values concentrated between -0.5 and -2.0. Again, a higher
proportion of tree images can mitigate the negative effects of sidewalk density to some ex-
tent, particularly when the sidewalk image proportion is between 0.05 and 0.15. Although
in high-density sidewalk areas (sidewalk image proportion > 0.15), the positive impact of
tree images is limited, it still slightly reduces the negative effect. To enhance the safety per-
ception of urban environments, urban planning should focus on increasing green cover-
age, especially in high-density sidewalk areas, by strategically incorporating green spaces
to improve overall environmental quality and residents’ living experiences.

Figure 10 analyzes the interaction between the proportion of visual elements and the
number of visual elements. In Fig. 10(a), focusing on the image proportion of people and
the number of people, the negative impact begins to manifest when the number of peo-
ple increases to between 1 and 3, with SHAP values gradually turning negative. When the
number of people exceeds 3, the negative impact becomes significant, with most SHAP
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Figure 10 Interaction effects of visual element proportion and number on SHAP value

values concentrated below -0.5. This result aligns with previous studies. American anthro-
pologist Edward T. Hall proposed four types of spatial distances: intimate distance, per-
sonal distance, social distance, and public distance. The “social distance,” generally ranging
from 1.2 to 3.6 meters, refers to the communication distance between strangers, such as
the distance between someone asking for directions and the person giving directions in
an urban road setting. If this distance falls below the typical range, then people tend to
feel uncomfortable. The personal space is a manifestation of a sense of security, and the
pursuit of security is an instinctual human behavior. When this psychological space is in-
fringed upon, it can trigger feelings of discomfort and anxiety [56]. Figure 10(b) shows
the interaction between the number of vehicles and the vehicle image proportion. When
the number of vehicles is less than 5, the impact on environmental safety perception is
uncertain and relatively unstable. The negative impact begins to appear when the number
of vehicles ranges from 5 to 10, and it becomes significant when the number exceeds 10.
Therefore, to enhance the perception of environmental safety, it is advisable to control the
number of vehicles to fewer than 5, avoiding the significant negative impact associated
with high vehicle density. Given that people play a fundamental role in urban scenarios
[57, 58], it is necessary to further explore the impact of human activity in road spaces on
urban perception in future research.

There is a complex interaction between visual elements, and this interaction forms the
basis of the nonlinear relationship. The impact on safety perception significantly inten-
sifies, such as when vehicle density exceeds a certain threshold, leading to a noticeable
decrease in perceived safety. Additionally, human psychological responses exhibit nonlin-
ear characteristics—when faced with a complex visual environment, an individual’s safety
perception is modulated by multiple psychological factors, which may amplify or diminish
the influence of certain visual elements. Through the SHAP method, the specific impact of
each visual element on environmental safety perception has been quantified, confirming
the existence of these nonlinear relationships. This in-depth exploration not only enriches
the theoretical foundation in the field of urban environmental perception but also provides
valuable practical references for urban planning and design.

5 Discussion
Based on the research conclusions, the following planning recommendations are proposed
to improve safety perception across the eight parishes of Macau:
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(1)Rational Planning of Building Mass and Streetfront Heights: During the development
of the Taipa New District and the renovation of the old city on the peninsula, building mass
and streetfront heights should be carefully planned to avoid excessive sky gaps or dense
high-rise buildings obstructing the view. This will help enhance the visual permeability of
the neighborhoods and improve the spatial sense of safety.

(2)Tree Species Selection and Canopy Coordination: Tree species should be selected
based on regional characteristics and canopy size coordination. For example, small-
canopy shrubs should be chosen for wide commercial pedestrian streets to reduce ob-
struction of buildings. On the sides of urban roads, larger-canopy trees can be used to
emphasize the apex positions and reinforce the directionality of the roads, making people
feel safer in an orderly spatial sequence.

(3)Optimization of Sidewalk Layout: Sidewalks should be designed follwing road de-
sign standards while also considering regional pedestrian traffic forecasts to meet actual
needs and avoid discomfort caused by overcrowding. Proper sidewalk width and layout
can effectively enhance pedestrian safety perception.

(4)Enhanced Traffic Regulation: Traffic regulation should be strengthened, with strict
penalties for illegal parking on the roadside and encroachment on sidewalks. Reducing
the negative impact of vehicular traffic on pedestrian spaces and ensuring the cleanliness
and smoothness of pedestrian areas can significantly improve overall safety perception.

(5)Enhancing the Safety and Convenience of Public Transportation: The perception of
safety in public transportation is directly linked to residents’ daily travel experiences. It
is recommended to strengthen security measures at major bus and metro stations, such
as increasing the presence of security personnel, installing more cameras, and providing
emergency call equipment. Additionally, improving the convenience of public transporta-
tion, such as expanding night bus routes and reducing wait times, can effectively shorten
waiting periods during nighttime or in remote locations, thereby reducing feelings of in-
security.

As a region where Eastern and Western cultures intersect, Macau’s unique historical
background and cultural diversity may significantly influence residents’ perception of en-
vironmental safety. In this study, we primarily focused on the impact of visual elements
and urban planning on environmental safety perception. However, cross-cultural factors,
such as habits in using public spaces, differing definitions and expectations of safety, and
behavior norms in public settings under different cultural backgrounds, may also signifi-
cantly affect how safety is perceived. In Macau, residents and visitors from diverse cultural
backgrounds may have varying perceptions of environmental safety. For instance, people
from Western cultural backgrounds might place more emphasis on nighttime lighting and
neighborhood security measures, whereas those from Eastern cultural backgrounds may
value the social atmosphere of the community and neighborly relationships. These cul-
tural differences could lead to significant variations in safety perception and evaluation in
the same environment. Therefore we recommend the future research to consider cross-
cultural factors and conduct both quantitative and qualitative surveys among groups with
different cultural backgrounds to analyze whether these factors significantly influence the
study’s findings on environmental safety perception. Specifically, comparing safety per-
ception scores of respondents from different cultural backgrounds in the same environ-
ment could help determine whether cultural background is a key factor influencing safety
perception. If future research reveals that cultural background has a significant impact,
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then urban planning and safety strategies should account for these cultural differences to
ensure that proposed measures can meet the needs of different groups.

5.1 Research limitations
This research used the LightGBM model and SHAP method to analyze the perception of
environmental safety in eight districts of Macau. Although meaningful results were ob-
tained, several limitations remain. First, although the LightGBM model performs well
in handling nonlinear relationships and high-dimensional data, its performance may be
affected by the regional characteristics of the data and specific environmental factors.
Second, the potential biases from data sample selection should be carefully considered.
The data samples in this study were primarily derived from street view images of specific
neighborhoods in Macau. Although these data reflect certain regional characteristics, the
limited sampling scope may not fully represent the perception of environmental safety
across the entire city or in different areas. Moreover, potential errors in data collection,
such as variations in image quality and differences in collection time, could also impact
the accuracy of model training and prediction. These biases may, to some extent, limit the
generalizability of the results. In addition, errors in the data processing phase could affect
the accuracy of quantifying indicators. Given the complexity of street view image process-
ing, errors may be introduced during image segmentation, feature extraction, and other
stages, which would directly influence the final output of the model. Lastly, due to time
and resource constraints, the scope of this study was relatively small, focusing mainly on
the eight districts of Macau. If a broader range of street view data could be collected and
combined with other types of data (such as socioeconomic data and resident surveys), it
would help improve the predictive accuracy and scientific robustness of the model, leading
to a more comprehensive understanding of the factors influencing environmental safety
perception.

5.2 Research prospect
As a region where Eastern and Western cultures intersect, Macau’s unique historical back-
ground and cultural diversity may significantly influence residents’ perception of environ-
mental safety. In this study, we mainly focused on the impact of visual elements and ur-
ban planning on environmental safety perception. However, cross-cultural factors, such
as habits in using public spaces, definitions and expectations of safety, and behavioral
norms in public settings under different cultural backgrounds, may also significantly af-
fect residents’ sense of safety. In Macau, residents and visitors from different cultural
backgrounds may perceive environmental safety differently. For example, individuals from
Western cultures may pay more attention to nighttime lighting and neighborhood secu-
rity measures, whereas those from Eastern cultures might place greater emphasis on the
social atmosphere and neighborly relations within the community. These cultural differ-
ences could result in significant variations in how different groups perceive and evaluate
safety in the same environment. Therefore we recommend that future studies incorporate
cross-cultural factors and analyze whether these factors significantly affect the research
outcomes on environmental safety perception through both quantitative and qualitative
surveys of groups from diverse cultural backgrounds. Specifically, by comparing safety
perception scores from respondents of different cultural backgrounds within the same
environment, it can be explored whether cultural background is an important factor influ-
encing safety perception. If future research reveals that cultural background significantly
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impacts safety perception, then urban planning and safety strategies should take these cul-
tural differences into account to ensure that the proposed measures are adaptable to and
meet the needs of different groups.

6 Conclusions
This study, based on the LightGBM and SHAP interpretative framework, evaluated en-
vironmental safety perception and its influencing factors, with an empirical analysis con-
ducted on the eight parishes of the Macau Special Administrative Region. By integrating
streetscape image data with machine learning techniques a road safety perception dataset
was constructed as the dependent variable for the model, whereas the streetscape images
were processed to obtain the independent variables. The LightGBM algorithm was used
to build the environmental safety perception model, and SHAP was employed to conduct
an interpretative analysis of the machine learning model, identifying key visual elements
influencing safety perception and analyzing their impact mechanisms. The main conclu-
sions are as follows:

(1)The overall environmental safety perception across the eight parishes of Macau is
relatively high. High-safety perception areas are primarily concentrated in the city cen-
ter and commercial districts, characterized by a high level of modernization and well-
developed infrastructure. Low-safety perception areas are concentrated in older dis-
tricts and city outskirts with poor infrastructure and cluttered environments. Among the
parishes, Nossa Senhora de Fátima has the highest average score, Santo António shows
the greatest variability in ratings, São Francisco Xavier has the least variability, and São
Lourenço has the lowest score.

(2)Buildings, sidewalks, roads, and trees are the four most significant factors influenc-
ing environmental safety perception. Among them, trees have a positive impact on safety
perception, whereas buildings, sidewalks, roads, people, and vehicles have a suppressive
effect. The mapping relationships between various visual elements and SHAP values dif-
fer, with trees exhibiting a relatively clear linear relationship. As the density of buildings,
roads, sidewalks, and the number of vehicles increase, the SHAP value for safety percep-
tion becomes increasingly negative, indicating a negative impact on safety perception.
Conversely, as the proportion of tree images increases, the SHAP value becomes more
positive, indicating that trees positively influence environmental safety perception. This
finding confirms the existence of a nonlinear relationship between the urban road en-
vironment and human perception, contributing to the theoretical understanding of the
relationship between urban environments and human emotions.

(3)There is an interaction between the proportion and number of visual elements, sug-
gesting that a reasonable arrangement of elements can optimize spatial visibility and thus
enhance environmental safety perception. For example, when the proportion of tree im-
ages is high, small-scale buildings make people feel safer. There is also a synergistic effect
between the number and proportion of visual elements; when the number of people and
vehicles is low, lower proportions of people and vehicle images enhance safety perception.
This finding aligns with psychological research and also indicates that human activities
influence environmental safety perception.
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