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Abstract: The visual perception of leisure spaces between residences in cold regions is important for public 
health. To compensate for the existing researches` lack of ignoring the cold snow season`s influence, this study 
selected two types of outdoor leisure space environments in non-snow and snow seasons as research objects. 
An eye tracker combined with a Semantic Difference (SD) questionnaire was used to verify the feasibility of 
the application of virtual reality technology, screen out leisure gaze characteristics, and reveal the 
environmental factors related to leisure visual perception. In snow season, spatial aspect ratio (SAR), building 
elevation saturation (BS), and grass proportion in the field of view (GP) showed strong correlation to the leisure 
visual perception scores (W). In non-snow season, apart from the above three factors, roof height difference 
(RHD), tall tree height (TTH) and color contrast (HC) also influenced W obviously. The effects of factors on W 
were revealed in immersive virtual environment (IVE) orthogonal experiments and genetic algorithm (GA) 
and k-nearest neighbor algorithm (KNN) were combined to optimized the environmental factors. The 
optimized threshold ranges in the non-snow season environment were SAR: 1.82‒2.15, RHD: 10.81 m‒20.09 m, 
BS: 48.53‒61.01, TTH: 14.18 m‒18.29 m, GP: 0.12‒0.15, and HC: 18.64‒26.83. In the snow season environment, 
the optimized threshold ranges were SAR: 2.22‒2.54, BS: 68.47‒82.34, and GP: 0.1‒0.14. 

Keywords: visual perception optimization; residential leisure space; immersive virtual 
environment; cold regions; machine learning 

 

1. Introduction 

The health quality of leisure environment in high-density residential areas has been paid enough 
attention gradually, strengthening the design of inter-house leisure spaces in urban residential areas 
is an important measure to promote the high-quality development of urban environments [1]. 
Existing studies have shown that leisure activities are beneficial to physical and mental health, 
improve memory, and slow cognitive decline [2,3]. Moreover, as people age, their physical function 
declines, their sense of loneliness increases, they become more dependent on the familiar house 
environment, and their activities are mostly maintained in the house leisure space in residential areas 
[4]. These spaces play a vital role in people’s behavioral activities and psychological recovery [5]. 
Many studies on public health have proven that the visual perception of people exposed to different 
environments is significantly different [5–7]. Consequently, it is imperative to study the factors that 
affect visual perception in specific environments. 

1.1. Correlation between visual perception and environmental evaluation in leisure activities 

Kaplan’s attention restoration theory shows that positive environmental perceptions can 
provide a buffering effect between daily stressors and mental stress [8]. Several studies have 
indicated that changes in the building roof contour, façade decoration, and building height have a 
positive impact on a user’s potential for a restorative experience [9]. Recent studies have revealed 
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that watching natural scenes through virtual reality experiments can alleviate physical fatigue and 
promote psychological recovery [10]. Environmental stimuli play a crucial role in influencing 
people’s emotions both directly and indirectly, subsequently influencing their behavioral choices. In 
recent years, the field of visual perception has attracted significant attention [11]. Wen et al. showed 
that elements and attributes of a leisure environment can affect people’s psychology and physiology 
and that extracting and optimizing environmental factors can effectively improve health [12–14]. 
Within the realm of visual perception research, visual comfort includes not only a suitable light 
environment but also other visual perception factors. However, existing studies have predominantly 
focused on light environment indicators, such as illuminance and daylight uniformity [15,16], rather 
than visual evaluation. Owing to limitations in technology and equipment, research on the visual 
evaluation of other elements in the architectural visual environment, such as geometry, material, and 
color is limited [17]. 

Brain responses acquire information through thoughts, experiences, and senses [18]. Some 
studies have shown that visual perception plays an important role in leisure activities and is an 
important factor affecting behavioral selection. Environmental assessment is usually carried out by 
defining people’s different visual perception evaluations. Qualitative analyses in this context have 
typically employed research methods including questionnaires [19], self-report scales [20], group 
discussions, and interviews [21]. Rogge et al. used “Likert scale” and “factor analysis” for visual 
evaluation to obtain users’ emotional feelings and reveal aesthetic preferences [22]. Zhang et al. 
investigated the correlation between street-view perception and emotions among college students 
[23]. Parameters used to evaluate the influence of the visual environment on emotions include 
happiness, arousal, and dominance [24]. The Short form of Mood State Scale, Positive and Negative 
Experience Scale, Leisure Motivation Scale, and Schedule of Positive and Negative Effects (PANAS) 
are mostly used in the existing satisfaction evaluation studies of leisure environment [25–28]. 
Literature Review and Research Gap 1:  

Existing studies have shown that there is a strong correlation between visual perception and 
leisure environment evaluation, and that the environmental information received by human eyes can 
affect the evaluation of the environment. Current studies have explored the relationship between 
leisure environments and physical health. However, there is a lack of refined research on specific 
leisure scenarios. The factors and mechanisms that influence the perception on leisure environments, 
specifically during non-snow and snow seasons in cold regions, remain insufficiently explored.  

1.2. Research on visual perception using eye tracker and virtual reality technology 

From the perspective of the existing literature, traditional research methods, such as 
questionnaire surveys and the combination of scales and interviews, are widely employed [5,12]. 
These traditional methods are time consuming, laborious, and easily affected by the investigator’s 
subjective feelings. Gibson’s theory of visual perception holds that an object’s background constitutes 
the features of the visual world [29]. In existing studies, in combination with eye-tracker experiments, 
fixation count, fixation duration, and pupil diameter have been used to reflect people’s attention to 
spatial scene elements [30,31]. Heat maps (to determine the attraction of elements), gaze maps (to 
indicate the sequence of gazes), and areas of interest can be obtained in eye-tracker experiments. 
These methods are also used in the study of emotional gaze characteristics [32]. Compared with photo 
tests, virtual reality (VR) experiments are closer to the physical environment in terms of mental and 
physical reactions and can better awaken participants’ emotions [33]. Johnson et al. highlighted the 
extensive utilization of VR in the design and construction of built environments, emphasizing the 
need for enhanced research on pedestrian perception through the integration of VR [34]. Luo et al. 
used VR to simulate the visual perception of people sitting in a park pavilion to assess their preference 
and mental recovery [35]. 
Literature Review and Research Gap 2: 

In some existing studies, visual preference factors in the environment have been screened 
through subjective questionnaires, which are easily affected by previous experiences. To obtain better 
results, some studies have used eye-tracking technology to explore the influence of indoor and 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 26 December 2023                   doi:10.20944/preprints202312.1941.v1

https://doi.org/10.20944/preprints202312.1941.v1


 3 

 

outdoor environments on pedestrian gaze. However, this is limited to arbitrarily changing the visual 
environment according to the influencing factors in real scenes. Despite the gradual integration of 
VR technology into the study of visual perception, visual perception research combining VR with an 
eye tracker for parameter modeling has not yet been conducted. 

1.3. Machine learning predicts visual perception preference and evaluation model optimization 

K-nearest neighbor algorithm (KNN) is a nonparametric classification method widely used in 
the fields of computer science and behavioral science. It classifies data using the nearest or adjacent 
training samples in a given region, and calculates the k-nearest neighbor data for a given input value 
[36]. In the field of architecture, KNN is currently applied to urban lighting design [37], building 
energy prediction [38], and building thermal comfort performance optimization [39]. Tsalera used a 
KNN to detect, analyze, and classify urban environmental noise [40]. 

Genetic algorithms combined with simulations are widely used to optimize building space 
environments. Zhang proposed a method that combined building environment information with a 
genetic algorithm to optimize the layout of a virtual environment [41]. Awada and Srour used a 
genetic algorithm as an optimization tool to simulate building renovation schemes and obtained an 
optimal renovation scheme based on the relationship between indoor environmental quality and 
occupant satisfaction [42]. Estacio et al. adopted a simulation model combined with a genetic 
algorithm to obtain an optimal tree distribution strategy under a pedestrian comfort level, thereby 
proving the feasibility of this optimization method [43]. 
Literature Review and Research Gaps 3: 

Many studies have used machine-learning and genetic-algorithm tools to evaluate and optimize 
built environments. However, a notable gap in research on the relationship between various elements 
and visual perception in the leisure spaces of urban houses remain. Additionally, research on the 
evaluation and prediction of urban residents’ leisure perceptions is relatively underdeveloped. 
Although some studies have proven that leisure perception can affect people’s satisfaction 
evaluations, research on the range of environmental factors influencing indoor leisure spaces using 
machine learning and genetic algorithms is still insufficient. 

1.4. Research Objective 

(1) To compensate for the research gap in the evaluation of people’s visual perception of 
environmental satisfaction in leisure spaces between houses in the non-snow season and the snow 
season in cold regions, this study explored the influence of leisure space environmental evaluation 
indicators on people’s leisure perception through VR scene experiments. It also reveals the 
influencing factors of cold areas in the non-snow and snow seasons and the principle of their 
influence on the perception of indoor leisure. 

(2) To address the limitations of data measurement and the subjectivity of the questionnaire in 
real scenes, this study verified and extracted human visual perception elements through an eye-
tracker pre-experiment, used an eye-tracker experiment combined with a VR environment for an 
orthogonal experiment, and combined it with an SD semantic difference questionnaire to analyze the 
correlation and strength of each influencing factor. 

(3) To explore and test the calculation method for visual perception elements in specific leisure 
scenes, a KNN prediction model combined with a genetic algorithm was used to evaluate the scene 
of residential leisure space between houses and obtain the range of environmental elements under 
the best visual perception evaluation, which provides a reference for the design of leisure space in 
the future. 

2. Method 

As shown in Figure 1, the research method was divided into three parts. First, the influencing 
factors were extracted. Through the eye movement pre-experiment and SD semantic difference 
questionnaire, the factors and attributes that affect visual perception in the leisure environment in 
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the non-snow and snow seasons were extracted and verified using the VR eye movement experiment. 
The second part comprises the construction and analysis of the virtual reality scene model. These 
factors were used as independent variables to establish immersive virtual reality orthogonal 
experiments, and a visual perception evaluation under different combinations of factors was 
obtained. Correlation analysis and data fitting revealed the influence of environmental factors on 
leisure perception. The third part was the data calculation and model optimization, which used the 
environmental factors that have a great impact on the leisure perception score to build the dataset 
and train the K-nearest neighbor algorithm (KNN) prediction model. A genetic algorithm (GA) was 
used to optimize the KNN, and the value and threshold range of environmental factors under the 
evaluation of residents’ optimal leisure perception based on visual perception were obtained in both 
the non-snow season and snow season environments in cold areas. 
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Figure 1. Workflow of the experiment and optimization procedure. 

2.1. Case study 

This study focuses on the environment of interhouse leisure spaces in urban residential areas in 
cold regions. To explore the influencing factors of specific scenes of leisure space in the snow and 
non-snow seasons in detail, this study set the leisure scenario of walking through residential areas. 
The investigation specifically focused on the leisure space between houses in four typical cold region 
settlements in the snow and non-snow seasons. The SD questionnaire and eye-movement 
experiments were conducted in the four aforementioned outdoor leisure spaces. In addition, a VR 
scenario was validated using the proposed method. The details of the outdoor leisure spaces in the 
four urban settlements in cold regions are shown in Table 1. 

Table 1. Leisure space in survey. 

Case A B C D 

Year of 

construction 
1990 2000 2013 2016 

Floor area 

ratio 
2.5 2.1 2.1 2.5 

Greening 

rate 
24% 20% 30% 30% 

Live photos 

（non-snow 

season） 
    

Live 

photos(snow 

season) 
    

2.2. SD questionnaire 

2.2.1. SD questionnaire focus 

In this experiment, an SD questionnaire was used to screen the nature of the spatial elements 
that affect visual perception in leisure spaces. Visual perception attributes are divided into color, 
geometry, and material attributes. The HSV (hue, saturation, and brightness) system, number of 
colors, and color contrast in the field of view were selected as the color attributes. Geometric 
attributes included the spatial aspect ratio, building roof height difference (the difference between 
the heights of the lowest and highest residential buildings), sky openness, distance from leisure 
spaces to residential buildings, building orientation angle, proportion of grass in the view, and height 
of tall trees. Given the prolonged snow season in cold regions, the attributes of the materials used for 
building façades and grounds exhibit minimal seasonal variation, and anti-slip and low reflectivity 
materials are widely used. Consequently, material attributes are not considered in this study. 
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2.2.2. SD questionnaire Settings 

The questionnaire was set up according to the SD method, and 15 groups of adjectives 
corresponding to the 15 neutral factors of visual perception in leisure spaces between residential 
buildings were collected (Table 2). According to the setting requirements of the semantic difference 
table, the survey was divided into five levels, from left to right: very poor, generally poor, neutral, 
generally good, and very good, corresponding to 1, 2, 3, 4, and 5 points, respectively. Details of the 
SD questionnaire can be found in the Supplementary Information. 

Table 2. Adjective pairs in SD questionnaire. 

Number Factor of neutrality Adjective pairs 

1 Space aspect ratio Narrow-Wide 

2 Roof height difference Low-High 

3 Openness of sky Small-Big 

4 Distance from leisure space to building Near-Far 

5 Building orientation Angle Low-High 

6 The proportion of grass in the field of view Low-High 

7 The height of tall trees Low-High 

8 Color of buildings-H Cold-Warm 

9 Color of buildings-S High-Low 

10 Color of buildings-V 
Brightness-

Darkness 

11 Color of ground-H Cold-Warm 

12 Color of ground-S High-Low 

13 Color of ground-V 
Brightness-

Darkness 

14 Color quantity Less - more 

15 Hue contrast in visual field Low-High 

 

2.2.3. Participants of the SD questionnaire survey 

In the non-snow season, SD questionnaires were distributed to 940 urban outdoor leisure people 
in eight different cold areas, and 663 questionnaires were returned, with a sample effectiveness rate 
of 70.5%, including 520 males and 420 females. The participants ranged in age from 12 to 76 years, 
with a mean age of 43.7 years. During the snow season, 965 questionnaires were distributed to urban 
outdoor leisure participants in eight different cold areas, and 693 questionnaires were returned, with 
a sample effective rate of 71.8%, including 530 males and 435 females. The ages ranged between 9 
and 78, with a mean age of 40.3. 

2.3. Eye tracker 

2.3.1. Real scene eye tracker 

Among the existing studies on the visual perception of the leisure environment, there is some 
research on the visual gaze characteristics of different hospital staff in outdoor leisure spaces [31], 
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which provides a foundation for the research of this paper. However, the visual attention 
characteristics of community residents in outdoor leisure environments are still unclear, and whether 
there are differences in visual attention during the snow and non-snow seasons in cold areas still 
needs to be discussed. Therefore, it is necessary to screen the physical elements in the space during 
the snow and non-snow seasons from the perspective of community residents, which can be 
completed with the help of an eye tracker. 

According to the theory of depth perception, the three-dimensional space seen by pedestrian 
eyes is lost in the retina, and the perception of three-dimensional space is realized through binocular 
vision, starting with form perception [44]. Gibson believed that pedestrian perception of space is 
realized by pedestrians seeing a continuous background [29]. In this study, the Tobii professional 
laboratory platform was used to map eye movement data in the scene video, which was divided into 
10 areas of interest（AOI）: buildings, ground, sky, tall trees, lawns, seats, sports facilities, artificial 
landscapes, pedestrians, and cars. 

The indicators used in the study included fixation, visit, glance, and saccade four categories were 
used to measure participants’ focus on the AOI. These data included number of fixation points (NF), 
number of visits (NV), total fixation duration (TFD), total glance duration (TGD), fixation time (PFD), 
and glance duration (PGD). 

The purpose of the eye-tracking experiment was to find the different visual attention rules of 
residents walking in the snow and non-snow seasons and to screen the physical elements in the 
leisure space under the two environments. In this experiment, a Tobii Pro Glass2 was used to record 
scene information, eye-movement videos, and other data streams (pupil size, number of glances, 
gyroscope, accelerometer, and TTL input). Data segments can be annotated manually or using user-
provided event-classification algorithms [45]. Figure 2 shows eye movement images of the subjects 
when they were walking between houses in the snow and non-snow seasons. 

This study was conducted in snow and non-snow season environments, and the experimental 
process was as follows: First, before the formal experiment, the tester introduced the experimental 
task to the subjects and debugged the experimental equipment. Second, the subject wore an eye-
tracking device, and the tester helped the subject correct the fixation point. Finally, the tester started 
timing and the experiment was officially initiated. When the two-minute walk was completed, the 
recording ended. The details are shown in Figure 2f. All participants were instructed to walk as they 
would in their daily lives during the experiment. 

The experimental sites were four residential leisure spaces located in the cold region of Harbin, 
China. These selected communities represented a range of residential areas within Harbin. All 
participants indicated that they voluntarily participated and were informed of the experimental task. 
The mean age of the subjects was 32.4, with 23 men and 27 women. After removing unusable data 
with a low sampling rate, 64 groups of effective eye-movement data were obtained, with a sample 
effective rate of 80%. 
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Figure 2. Eye tracking experience process. 

2.3.2. VR eye tracker 

Because this study needed to conduct orthogonal trials with immersive VR devices during 
subsequent phases of this study, it was imperative to verify whether the gaze characteristics of 
residents with head-mounted VR devices were similar to reality when taking recreational walks in 
the scene. The preliminary verification was deemed essential before proceeding with the VR 
experiments. 

In this study, the Unity3D software platform was used to construct the experimental scene, 
ensuring the accurate recreation of all elements and attributes to reflect the actual scene. The HTC 
VIVE PRO EYE device enables users to reproduce realistic walking behaviors in a scene. The HTC 
VIVE PRO EYE displays images with a resolution of 1600×1440, 90° field of view, and a refresh rate 
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of 42 Hz and can record eye movement behavior data for each subject, as shown in Figure 3a. The 
eye-movement data recorded in the experiment were processed using the eye-movement analysis 
function on the ErgoLAB platform [46]. The experiment was validated by taking both the actual 
walking of the subjects and the use of two handles to control the walking, in order to get the way that 
best matches the actual eye movement of the subjects. Figure 3c shows the motion state of the subject 
while wearing the HTC VIVE PRO EYE for the test. Figure 3d and Figure 3e show screens of eye 
movement features recorded by subjects during non-snow and snow-season house-walking 
behaviors. 

 
Figure 3. Process of VR eye tracking experiment. 
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A total of 32 subjects were included in this experiment, each of whom volunteered to participate 
in two experiments in the snow and non-snow seasons. There were eight scenes in total; eight people 
in each scene performed the experiment, and 64 groups of experiments were conducted. 

2.4. Orthogonal experiment 

2.4.1. Orthogonal experimental setup 

In this study, urban outdoor leisure spaces are considered to be outdoor places for residents to 
chat, walk, fitness, and perform other functions. In the non-snow and snow seasons in cold areas, the 
space generally contains buildings, ground, tall trees, lawns, seats, sports facilities, and artificial 
landscapes. As shown in Figure 4a and Figure 5a, combined with the case study of outdoor leisure 
spaces in residential areas in cold areas, the experimental model was constructed based on the 
prototype of the Fuhua residential area and the Lushang New Town residential area in Harbin, and 
the parameters were adjusted accordingly. 

This study screened environmental factors strongly correlated with leisure perception as 
variable parameters for VR scene construction. In the variable setting, the spatial aspect ratio referred 
to the “D/H” index proposed in “External Space Design” by Luranraison. When D/H < 1, the external 
space provides a sense of urgency; when D/H > 3, the external space has poor enclosure [47]. 
Therefore, as shown in Tables 3 and 4, the space aspect ratios were set to 1.2, 1.5, 1.8, 2.1, 2.4, 2.7, and 
3. In this study, the roof height difference refers to the height difference between the highest and 
lowest residential buildings around leisure spaces. Because the main urban area of Harbin is 
dominated by multistory and high-rise buildings, and the number of grounds is mostly 6‒30 [48], this 
study set the roof height difference to 0 m, 12 m, 24 m, 36 m, 48 m, 60 m and 72 m. The index of lawn 
proportion in the field of view refers to the concept of the green viewing rate [49], which can be 
obtained by calculating the proportion of green pixel value and total pixels of the lawn in the space. 
Some studies have shown that a green viewing rate is more appropriate at 24‒34% [50]. In addition 
to the proportion of trees, the proportions of lawns in the field of view were set to 0, 3%, 6%, 9%, 12%, 
and 16%. Most trees in Harbin are 6-30 m. Therefore, in this study, the heights of the tall trees were 
set to 6 m, 10 m, 14 m, 18 m, 22 m, 26 m and 30 m. Building saturation refers to the saturation of the 
main color of a building, which is set to six levels, from low to high. Hue contrast in the visual field 
refers to the difference between the two main colors in a scene [51]. This study refers to the hue 
difference between the main building and the ground. The strength of the difference depends on the 
angle difference on the hue ring, and the study was set to seven levels, from low to high, at 30° 
intervals. 

Table 3. Orthogonal experimental parameters in the non-snow season. 

Environmental factors Orthogonal experimental parameters in the snow season 

Space aspect ratio (SAR) 1.2, 1.5, 1.8, 2.1, 2.4, 2.7, and 3 

Saturation of building (BS) 0, 20, 40, 60, 80, and 100 

The proportion of grass in the 

field of view (GP) 
0, 3%, 6%, 9%, 12%, and 16% 

Table 4. Orthogonal experimental parameters in the snow season. 

Environmental factors 
Orthogonal experimental parameters in the non-snow 

season 

Space aspect ratio (SAR) 1.2, 1.5, 1.8, 2.1, 2.4, 2.7, and 3 

Roof height difference (RHD) 0 m, 12 m, 24 m, 36 m, 48 m, 60 m, and 72 m 

Saturation of building (BS) 0, 20, 40, 60, 80, and 100 
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Tall tree height (TTH) 6 m, 10 m, 14 m, 18 m, 22 m, 26 m, and 30 m 

The proportion of grass in the 

field of view (GP) 
0, 3%, 6%, 9%, 12%, and 16% 

Hue contrast in visual field 

(HC) 
0, 30°, 60°, 90°, 120°, 150°, and 180° 

Orthogonal experimental design was used in the model design, which is a method of selecting 
some representative points from the comprehensive experiment according to the orthogonality to 
conduct the experiment. As shown in Figure 4a and Figure 5a, 49 combinations of scenarios and 
variables were obtained for each snow and non-snow season using the orthogonal experimental 
design of the experimental model through SPSS. 

 

Figure 4. Orthogonal experiment parameters and procedure using VR scenes in the non-snow 
season. 
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Figure 5. Orthogonal experiment parameters and procedure using VR scenes in the snow season. 

2.4.2. Orthogonal experiment procedure 

Before the start of the experiment, all participants were introduced to the task and purpose of 
the experiment, and signed a formal consent form. There were 40 participants (22 males and 18 
females) with an average age of 38.8 years (standard deviation, 3.5). Most participants had no 
architectural background and were in good health before the experiment. A total of 1960 sets of 
experiments were completed in the non-snow and snow seasons, and 1685 sets of data were valid 
(effective rate of 85.97%). 

The experiment was conducted in sunny weather during the non-snow and snow seasons, as 
shown in Figure 4b and Figure 5b. Before the experiment, the subjects wore the virtual reality 
equipment and walked in the scene for 3-5 minutes to familiarize themselves with the equipment. 
Subsequently, the experiment officially started, and the subjects first sat for 1 min, then walked 
normally for 2 min, and finally sat for 1 min. At the end of the experiment, a visual perception rating 
table was completed. 
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2.5. Machine learning and genetic algorithms 

2.5.1. Machine learning 

The goal of visual perception optimization of outdoor leisure environments is to determine the 
optimal composition of spatial environmental factors and the threshold range of impact factors by 
adjusting the environmental factors that affect leisure perception to improve user satisfaction. In this 
study, classification and regression algorithms were first tested for their ability to learn data features, 
and the structures of the algorithm models were then compared and optimized to yield refined 
surrogate patterns. 1960 sets of experimental data from each of the non-snow and snow seasons were 
used for training. The trained surrogate model can predict the visual perception score of the outdoor 
leisure environment in a cold region using an environmental factor dataset in both environments. 

Most existing studies on perceptual evaluation have used classification machine learning for 
predictions. Because the visual perception satisfaction of the leisure environment was evaluated as a 
score on a 5-point scale, in the training process of the surrogate model, the visual perception score of 
leisure was used as the output, and the values of environmental influence factors in the non-snow 
and snow seasons were used as the input dataset. In this study, the effects of decision tree, support 
vector machine, KNN, and ANN on the classification calculation methods were compared, and KNN 
was selected as a suitable surrogate model. 

2.5.1.1. Decision Tree 

Decision trees are used for classification and regression problems [52]. It selects the best splitting 
mode by increasing the learning path of each region and reducing the learning uncertainty. where 
formula.𝑝(𝑖|𝑡) is the ratio of 𝑖 in node 𝑡, 𝑖 represents the proportion of 𝑖, 𝑐 indicates the category. 𝐸(𝑡) = − ∑ 𝑝(𝑖|𝑡)௖௜ିଵ logଶ 𝑝(𝑖|𝑡)  (1) 

2.5.1.2. Support Vector Machines 

The SVM, which defines the classification of data, was first proposed in 1964. It is typically used 
for classification calculations, and has a good fitting effect [53]. Linear SVMS defines the distance to 
the closest observation in each class as w and operates by finding w and b with the largest margin 
(bias). Where 𝑤 is an 𝑛 × 1 matrix and 𝑤் is the transposed 1 × 𝑛. 𝑤்𝑥 + 𝑏 = 𝑤ଵ𝑥ଵ + 𝑤ଶ𝑥ଶ + ⋯ + 𝑤௡𝑥௡ + 𝑏  (2) 

𝑦ො = ൜ 0 𝑤்𝑥 + 𝑏＜01 𝑤்𝑥 + 𝑏 ≥ 0  (3) 

In the equation, 𝑥ା indicates when the predicted result is greater than 0, 𝑥ି indicates when the 
predicted result is less than 0, 𝑑 is the margin of separation, the formula for which is as follows: 𝑤்𝑥ା + 𝑏 = 1  (4) 𝑤்𝑥ି + 𝑏 = −1  (5) 𝑑 = ଶ௪  (6) 

To prevent margin errors, the following conditions must be met, and the SVM is transformed 
into an optimization problem that satisfies the following formula conditions: 𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒(𝑤, 𝑏) ଵଶ 𝑤் . 𝑥  (7) 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑦௜൫𝑤் . 𝑥(௜) + 𝑏൯ ≥ 1, 𝑖 = 1,2,3, 𝑁  (8) 

2.5.1.3. K-nearest neighbor (KNN) 
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KNN, which is a nonparametric method for computing training and test samples in a dataset, is 
often used for classification. It classifies the input values in the existing data into the k-nearest 
samples. The three distances are defined as the Euclidean, Manhattan, and Minkowski distances. 
Based on the given distance measure, we determine the point closest to 𝑥 in the training set. The 
region adjacent to 𝑥 covering 𝑘 point is referred to as 𝑁௞(𝑥). Class 𝑦 of 𝑥 is determined in 𝑁௞(𝑥) 
according to the classification decision rule. Where 𝑥௜ is the eigenvector of the instance, 𝑦௜ is the 
class of the instance, 𝑖 = 1,2, ⋯ , 𝑁. 𝑦 = 𝑎𝑟𝑔𝑚𝑎𝑥 ∑ 𝐼௫೔∈ேೖ(ೣ) ൫𝑦௜ , 𝑐௝൯，  (9) 𝑖 = 1,2, ⋯ , 𝑁; 𝑗 = 1,2, ⋯ , 𝐾  (10) 

Where 𝐼 is the indicator function; that is, 𝐼 is 1 when 𝑦௜ = 𝑐௝, otherwise 𝐼 is 0. 

2.5.1.4. Artificial Neural Network (ANN) 

In previous studies, artificial neural networks have been used to predict pedestrian evaluations 
of the environment [54,55]. The ANN model structure comprised hidden layers and neurons [56]. 
The MLP network of Input 𝑢(𝑘) and Target ℎ(𝑘) in hidden layer 1 is as follows: ℎ(𝑘) = ׬ (ଶ 𝑤ଶ · 𝑥(𝑘) + 𝑏ଶ)  (11) 

𝑥(𝑘) = ׬ (𝑤ଵ · 𝑢(𝑘) + 𝑏ଵଵ )  (12) 

where 𝑥(𝑘) is the output vector of the hidden layer, 𝑤ଵ is the connection weight matrix from the 
input layer to the hidden layer, 𝑤ଶ is the connection weight matrix from the hidden layer to the 
output layer, 𝑏ଵ and 𝑏ଶ are the number of deviations in the hidden and output layers [57]. The 
transfer algorithm used between the hidden and output layers is as follows: ׬(𝑃) = ଵି௘షమುଵା௘షమౌ  (13) 

𝑃 = ∑)׬ 𝑤௜𝑥௜ . )  (14) 

In this study, the prediction results of four classification algorithms were compared, and the 
model structure was adjusted according to the fitting effect. The input datasets were 1960 sets of 
leisure environmental influencing factors in the non-snow and snow seasons, and the output datasets 
were leisure visual perception scores. According to existing research, 70% of the dataset is used for 
training, 15% for validation, and the remainder for testing. 

2.5.2. Genetic algorithm 

The theoretical basis of genetic algorithm derived from the theory of biological evolution and 
natural selection. When applied to optimization in the field of artificial intelligence, genetic algorithm 
can solve complex problems with and without constraints [58]. In the optimization process, the 
output value can be obtained according to the input value, and the “optimal solution” can be obtained 
by defining the output mode [59]. In this study, the predicted output value (W) was used as a genetic 
fitness index to determine the optimal range of environmental parameters for visual perception of 
leisure environments. Based on related studies [60,61], the parameters of the GA were set as follows: 
The population size was 200, the crossover fraction was 0.8, and the migration fraction was 0.2. 
During the non-snow season, 200 different groups of SAR, RHD, TTH, BS, GP, and HC were input, 
and 200 responding W were evaluated to determine the maximum in every generation. During the 
snow season, 200 different groups of SAR, GP, and BS were input, and the 200 responding W values 
were evaluated to find the maximum in every generation. It should be noted that because the GA of 
MATLAB could only calculate the minimum value, in this study, to obtain the maximum value of W, 
the optimized target was set as the opposite of W. 
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3. Results 

3.1. Interest point filtering 

3.1.1. SD questionnaire elements screening 

Pearson correlation analysis was conducted between the 15 target variables and the dependent 
variable (leisure perception score) in the non-snow season and the snow season. The results of the 
Pearson correlation coefficient (R) were shown in Figures 6 and 7. 

The independent variables in the non-snow season were the spatial aspect ratio (R=0.34 > 0.20), 
roof height difference (R=0.22 > 0.20), proportion of grass in the view (R=0.41 > 0.20), height of tall 
trees (R=0.33 > 0.20), building façade saturation (R=0.37 > 0.20), and color contrast (R=0.36 > 0. 20) 
were significantly associated with the dependent variable (leisure perception). Among the 
independent variables of the snow season, the spatial aspect ratio (R=0.38 > 0.20), the proportion of 
grass in the view (R=0.34 > 0.20), and the saturation of the building façade (R=0.45 > 0.20) were 
significantly correlated with the dependent variable (leisure perception). Therefore, six leisure visual 
influence factors were selected for the non-snow season and three for the snow season. 

In the non-snow season, the influence of building saturation in terms of color attributes was 
higher than that of hue and value, which may be because building saturation can affect residents’ 
emotional and behavioral choices for leisure walking. The hue contrast in the visual field had a 
greater influence on leisure visual perception than the number of colors, which means that the hue 
difference between the two dominant colors in the leisure environment encourages the user to 
produce more positive emotions. In terms of spatial geometric elements, the selected spatial aspect 
ratio and roof height difference reflect spatial openness, which will make people capture different 
amounts of information and then affect the visual experience of users. In this view, the proportion of 
grass gave people a different feeling of being green. The height of tall trees influenced users to obtain 
different degrees of cool feelings in the non-snow season. In the snow season, the influence of 
building saturation on color attributes was higher than that of hue and value, and cold and warm 
hues had little effect, which may be because most building façades in cold regions were warm colors. 
Spatial openness under the influence of the spatial aspect ratio on geometric attributes still affected 
visual perception during the snow season. Greater grass in the field of view was associated with more 
positive emotions during the snow season. 
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Figure 6. Correlation analysis between the environmental impact factors and leisure perception in the 
non-snow season. 
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Figure 7. Correlation analysis between the environmental impact factors and leisure perception in the 
snow season. 

3.1.2. Eye tracker interest point screening 

The purpose of the eye tracker experiment was to screen out the entity elements that have a great 
influence on visual perception in the non-snow and snow seasons and to determine the visual 
attention rules of residents during leisure walking. The data analysis results of the 40 groups of 
experiments in the snow and non-snow seasons are as follows. 

In the non-snow season, as shown in Figure 8a, the average results for the number of fiction (NF) 
and visits (NV) were ground > buildings > tall trees > lawn > sky > pedestrians > artificial landscape 
> seats > sports facilities > cars. In Figure 8b, the average results for total fixation duration (TFD) and 
total glance duration (TGD) were as follows: ground > buildings > tall trees > lawn > sky > artificial 
landscape > pedestrians > seats > cars > sports facilities. However, the proportions of fixation time 
(PFD) and glance time (PGD) are shown in Figure 8c as follows: ground > buildings > tall trees > lawn 
> sky > artificial landscape > pedestrians > seats > cars > sports facilities. 

In the non-snow season environment, the gaze characteristics of people engaged in leisure 
walking between houses in cold regions were similar. In the outdoor leisure environment, the 
attention paid to the ground, buildings, tall trees, and lawns was higher than that paid to seats, cars, 
and sports facilities, which was consistent with actual walking behavior. Although participants paid 
moderate attention to the sky, considering that the openness of the sky is affected by buildings and 
tall trees, this study selected the ground, buildings, tall trees, and lawns as the environmental entity 
elements affecting visual perception in non-snow-season environments. 

In the snow season, as shown in Figure 9a, the average results for the number of fiction (NF) 
were as follows: ground > tall trees > buildings > lawn > sky > artificial landscape > seats > pedestrians 
> cars > sports facilities. The average result of the number of visits (NV) was ground > buildings > tall 
trees > lawn > sky > artificial landscape > seats > pedestrians > cars > sports facilities. In Figure 9b, the 
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average results for total fixation duration (TFD) and total glance duration (TGD) were as follows: 
ground > buildings > tall trees > lawn > sky > artificial landscape > pedestrians > seats > cars > sports 
facilities. However, the proportions of fixation time (PFD) and glance time (PGD) are shown in Figure 
9c as follows: ground > buildings > tall trees > lawn > sky > artificial landscape > seats > pedestrians 
> cars > sports facilities. 

In the snow-season environment, the ground, buildings, tall trees, and lawns remained the top 
four elements of attention when people took leisure walks, while the other six elements were 
relatively small. Therefore, this study selected the ground, buildings, tall trees, and lawns as 
environmental entity elements that affect visual perception in the snow-season. 

 

Figure 8. Analysis of leisure gaze features in real scene in non-snow season. 
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Figure 9. Analysis of leisure gaze features in real scene in snow season. 

3.1.3. VR eye tracking verification 

The purpose of the VR eye-tracking experiment was to verify whether the gaze characteristics 
of the subjects in an immersive virtual reality scene represented the gaze characteristics of the actual 
scene. Through the analysis of 32 groups of data in the non-snow season environment, When 
travelling with two handles, as shown in Figure 10a, the average result of the number of visits (NV) 
is buildings > tall trees > ground > sky > lawn > artificial landscape > seats > pedestrians > cars > sports 
facilities. In Figure 10, the average results for the number of fixations (NF), total fixation duration 
(TFD), total glance duration (TGD), proportion of fixation time (PFD) and proportion of glance time 
(PGD) show that buildings > ground > tall trees > sky > lawn > artificial landscape > seats > pedestrians 
> cars > sports facilities. Through the analysis of 32 groups of data during the snow season, as shown 
in Figure 11a, the average number of fixings (NF) was as follows: buildings > ground > tall trees > 
lawn > sky > artificial landscape > cars > seats > pedestrians > sports facilities. The average result of 
the number of visits (NV) was buildings > tall trees > ground > sky > lawn > artificial landscape > 
seats > cars > pedestrians > sports facilities. In Figure 11b and 11c, from the average results of the 
TFD, TGD, PFD, and PGD, the top four are the ground, buildings, tall trees, and lawns. 

When subjects were actually walking, in the non-snow season environment, as shown in Figure 
12, the average results for the number of visits (NV), number of gaze (NF), total gaze duration (TFD), 
total glance duration (TGD), proportion of gaze time (PFD), and proportion of glance time (PGD) 
were all ground > buildings > tall trees > sky > lawn > artificial landscape > seats > pedestrians > cas 
> sports facilities. In the snow season environment, as shown in Figure 13, the average results of the 
number of gaze times (NF) were ground > buildings > tall trees > lawns > sky > artificial landscapes 
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> cas > seats > pedestrians > sports facilities. The average result of the number of visits (NV) is ground 
> buildings > tall trees > sky > lawn > artificial landscape > seats > cars > pedestrians > sports facilities. 
In Figures 13b and 13c, the top four rankings from the average results of TFD, TGD, PFD, and PGD 
are ground, buildings, tall trees, and lawn. 

It was found that the gaze characteristics of leisure walking in the virtual reality scene were 
consistent with those in the real scene, which proved that it is feasible to select the ground, buildings, 
tall trees, and lawns ranked in the top four as entity elements in the subsequent orthogonal VR 
experiments. Moreover, actually walking in a VR environment has a more realistic effect than using 
a joystick remote control. Therefore, combining the entity elements selected by the eye-tracker 
experiment with the attributes selected by the SD questionnaire, the six environmental impact factors 
of leisure perception in the non-snow season were selected as the space aspect ratio (SAR), roof height 
difference (RHD), proportion of grass in the field of view (GP), tall tree height (TTH), saturation of 
the building façade (BS), and hue contrast in the visual field (HC). The three environmental impact 
factors of leisure perception in the snow season were space aspect ratio (SAR), proportion of grass in 
the field of view (GP), and saturation of the building façade (BS). 

 

Figure 10. Analysis of gaze analysis of VR scenes using the joystick in non-snow season. 
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Figure 11. Analysis of gaze analysis of VR scenes using the joystick in snow season. 
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Figure 12. Gaze Analysis of actual walking VR scenes in non-snow season. 

 

Figure 13. Gaze Analysis of actual walking VR scenes in snow season. 
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3.2. Influence Mechanism 

3.2.1. Influence mechanism of environmental factors in non-snow season 

As shown in Figure 14, in the non-snow season environment, according to the correlation 
analysis, the leisure perception score (W) was correlated with the spatial aspect ratio (SAR), building 
facade saturation (BS), the proportion of grass in the field of view (GP), the roof height difference 
(RHD), the height of tall trees (TTH), and the hue contrast (HC). 

As shown in Figure 14, the R-square of the quadratic fitting function between SAR and W 
(R²=0.21738) was higher than that of the primary fitting function (R²=0.09302). In the fitting 
relationship between SAR and W, W first increased and then decreased with an increase in SAR. The 
maximum value of W appeared in the middle of the SAR, and when W was the maximum value 
(W=5), the SAR ranged from 1.8 to 2.14. 

As for BS and W, the quadratic fitting function of BS and W has a higher R-squared (R²=0.23101) 
than the primary fitting function (R²=0.04197). There was a positive correlation between the BS and 
W, with W showing a trend of first increasing and then decreasing with increasing BS. The maximum 
value of W appeared in the middle of the BS range. When W reached the maximum value (W=5), the 
BS ranged from 37.1 to 66.1. 

For GP and W, the quadratic fit function for GP and W (R²=0.23023) had a higher R-square than 
the primary fit function (R²=0.21762). In the fitting relationship between the BS and W, W was 
positively correlated with GP, and W increased as GP increased. The maximum value of W appeared 
at the back of the range of GP values, and when W was the maximum value (W=5), the range of GP 
values was 7.27%-15.8%. 

For RHD and W, the quadratic fitting function for RHD and W (R²=0.21565) exhibited a higher 
R-square than the primary fitting function (R²=0.18649). In the fitting relationship between RHD and 
W, W was negatively correlated with RHD, and W decreased with increasing RHD. The maximum 
value of W appeared in front of the value range of RHD. When W was at the maximum value (W=5), 
the value range of the RHD was between 8.76 m‒25.5 m. 

In addition, the quadratic fitting function between TTH and W (R²=0.22098) has a higher R-
square than the primary fitting function (R²=0.17032). In the fitting relationship between TTH and 
W,W first increased and then decreased with increasing TTH. The maximum value of W appears in 
the middle and front parts of the TTH range. When W is the maximum value (W=5), the TTH value 
range was 12m-20.2m. 

In addition, the quadratic fitting function between the HC and W (R²=0.25625) had a higher R-
square than the primary fitting function (R²=0.25453). In the fitting relationship between TTH and 
W,W was negatively correlated with the HC and showed a decreasing trend with increasing HC. The 
maximum value of W appeared in the front of the range of HC values, and for the maximum value 
of W (W=5), the range of HC values was between 9.02 and 70. 
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Figure 14. Fitting effects of non-snow season influencing factors and leisure perception scores. 

3.2.2. Influence mechanism of environmental factors in snow season 

As shown in Figure 15, the leisure perception score (W) correlated with the spatial aspect ratio 
(SAR), roof height difference (BS), and proportion of grass in the field of view (GP), according to the 
correlation analysis in the snowy season environment. 

For the SAR and W, the R-squared of the quadratic fitting function for spatial aspect ratio (SAR) 
(R²=0.20357) is higher than that of the primary fitting function (R²=0.14338). In the fitting relationship 
between SAR and W, W and SAR first showed a positive correlation and then a negative correlation, 
and W first increased and then decreased with an increase in SAR. At the maximum value of W 
(W=5), the SAR ranged from 2.01 2.61. 

For the BS and W, the R-square of the quadratic fitting function (R²=0.23053) was higher than 
that of the primary fitting function (R²=0.20803). There was a positive correlation between W and BS, 
and with the increase of BS, W value showed a trend of first increasing and then decreasing. The 
maximum value of W occurs when the BS ranged from 67.1 to 88.5. In addition, when fitting the GP 
and W, the quadratic fitting function (R²=0.24736) had a higher R-square than the primary fitting 
function (R²=0.23462). W was positively correlated with GP and showed an increasing trend with 
increasing GP. The maximum value of W was concentrated in the posterior part of the GP range, and 
the BS ranged from 8.44% to 14.3% when W reached a maximum value of 5. 

 

Figure 15. Fitting effects of snow season influencing factors and leisure perception scores. 
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3.3. Threshold Optimization 

3.3.1. Machine learning 

This section describes the training and validation processes for machine learning. The prediction 
effects of the four classification algorithms were compared and the model structure was adjusted 
according to the fitting effect. The input datasets were 1960 sets of visual perception variables of the 
leisure environment in the non-snow and snow seasons, and the output data were scores of visual 
perception of leisure. 

Four algorithms, decision tree, SVM, KNN, and ANN, were selected to train the prediction 
model in the Matlab-Classification leaner toolbox. Figure 16 shows the accuracy confusion matrix of 
the four algorithm scores in machine learning for the two environmental factors, from which the 
average prediction accuracy of the four algorithms was calculated. 

In the prediction of the leisure perception score in the non-snow-season environment, the 
hyperparameters of KNN were as follows: The number of neighbor points was one, the distance 
measure cosine was used, the distance weight was the inverse distance square, the standardized data 
was true, and the accuracy was 88.88%, which was better than other classification methods (decision 
tree: 58.14%, SVM: 71.52%, and ANN: 86.92%). In the prediction of the leisure perception score in the 
snowy season environment, the hyperparameters of the KNN were as follows: The number of 
neighbors was 4, the distance metric Mahalanobis was used, the distance weight was inverse 
distance, the standardized data was true, and the accuracy was 86.9%, which was better than other 
classification methods (decision tree: 66.84%, SVM: 72.61% and ANN: 78.76%). 

In general, as shown in Figure 16, the decision tree (62.49%) and SVM (72.61%) had relatively 
poor fitting results, and the ANN (82.84%) had a similar but smaller fitting effect than KNN (87.89%). 
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Figure 16. Accuracy confusion matrix for 4 machine learning models. 
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3.3.2. Optimizing the Threshold 

In the genetic algorithm optimization design, the environmental factors in the non-snow and 
snow seasons were set within a reasonable range for optimization, as shown in Figure 17 The 
environmental factor variable value at the maximum perception score was obtained from the 
optimization convergence results. The extreme values of the environmental factors obtained after the 
iterations were integrated, as shown in Table 5. According to the results of GA, in the optimization 
design of non-snow season environment, this research suggested to set SAR from 1.82 to 2.15, RHD 
from 10.81 m to 20.09 m, BS from 48.53 to 61.01, TTH from 14.18 m to 18.29 m, GP from 0.12 to 0.15, 
and HC from 18.64 to 26.83. In the snow-season, the extreme values of the environmental factors 
obtained after the iterations were integrated, as shown in Table 6. According to the results of GA, in 
the optimization design of the snow season environment, this study suggested that SAR from 2.22 to 
2.54, BS from 68.53 to 82.34, and GP from 0.1 to 0.14. 

 
Figure 17. Optimization effect of genetic algorithm. 

Table 5. Optimized thresholds of non-snow environmental factors by GA. 

 Solution 

set 1 

Solution 

set 2 

Solution 

set 3 

Solution 

set 4 
… 

Solution 

set 30 
Range 

SAR 1.8795 1.9057 1.821 1.9776 … 2.1485 1.82-2.15 

RHD(m) 15.094 10.8099 15.9183 18.1143 … 20.093 10.81-20.09 

BS 58.2669 60.2785 48.5304 52.8396 … 61.0109 48.53-61.01 

TTH(m) 17.5717 16.7644 14.3164 17.3361 … 18.2912 14.18-18.29 

GP(%) 0.125 0.1369 0.1185 0.146 … 0.154 0.12-0.15 

HC 19.9477 18.6411 20.6017 25.8764 … 26.8322 18.64-26.83 

W(Predict) 5 (4.90) 5 (4.70) 5 (4.85) 
5 (4.96) … 

5 (4.84) 
5 (4.70 - 

5.0) 

Table 6. Optimized thresholds of snow environmental factors by GA. 

 Solution 

set 1 

Solution 

set 2 

Solution 

set 3 

Solution 

set 4 
… 

Solution 

set 30 
Range 

SAR 2.2234 2.4057 2.5211 2.3716 … 2.5425 2.22-2.54 

BS 68.5324 70.8215 78.5304 72.8396 … 82.3412 68.53-82.34 

GP(%) 0.104 0.139 0.115 0.136 … 0.144 0.1-0.14 
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W(Predict) 5 (4.76) 5 (4.80) 5 (4.90) 
5 (4.67) … 

5 (4.84) 
5 (4.67 - 

4.90) 

4. Discussion 

This study has attempted to compensate for the research gap of visual perception in the outdoor 
leisure environment in cold regions and obtained the entity elements of visual perception in the 
outdoor leisure environment in the non-snow season and the snow season and the appropriate 
threshold range. However, this study has limitations in the following three aspects. 

4.1. Limitation of subject group selection and leisure type 

Although this study conducted an element screening experiment for residential users and 
selected as many age groups as possible to participate, the age, physical condition, motion state, and 
visual focus of the subjects for element screening may be different. These results are valid for the 
study of leisure walking behavior, but the validity of this method for other common leisure behaviors 
has not been demonstrated. Other common visual environment studies of in-house leisure activities, 
such as sitting still[35]and jogging[62], should be conducted and tested in the future. Physiological 
indicator devices can be introduced in future studies to compensate for existing limitations[63,64]. 

4.2. Limitations of screening leisure visual environmental factors 

Although this study explored the influence mechanism of visual perception in snow and non-
snow seasons, the experiment did not consider the influence of physical factors such as 
temperature[65], humidity[66], and light environment[67]. In future studies, VR experiments will be 
conducted in combination with virtual environment warehouse[68,69]. Future research should 
explore the influence of multiple physical and environmental factors on the visual perception of 
leisure to compensate for the limitations of this study. 

4.3. Limitations of research application and evaluation monitoring 

Although this study applied machine learning and a genetic algorithm to calculate the parameter 
design range in the snow and non-snow seasons, the range was not applied in the actual design, nor 
was it evaluated and monitored. In future studies, machine learning and genetic algorithms will be 
used to optimize the light environment[70], establish a parametric VR model, and apply it to an 
updated design of an actual leisure scene. 

5. Conclusions 

5.1. Leisure environment factors 

In the validation of VR through eye tracker and SD questionnaire, according to the results in 
Section 3.1.1, in the non-snow season, the attributes of entity elements screened by the SD 
questionnaire were the spatial aspect ratio, roof height difference, proportion of lawns in the vision, 
height of tall trees, building façade saturation, and color contrast in the vision. During the snow 
season, the attributes of the entity elements screened by the SD questionnaire were the spatial aspect 
ratio, proportion of grass in view, and saturation of the building façade. In Section 3.1.2, the eye-
tracker data showed that during the leisure process, users paid the most attention to the ground, 
buildings, tall trees, and lawns in both the non-snow and snow seasons. In addition, through the 
Pearson correlation analysis in Sections 3.2.1, and 3.2.2, it was concluded that the environmental 
factors affecting the visual perception of the leisure environment in the non-snow season were space 
aspect ratio (SAR), roof height difference (RHD), saturation of building façade (BS), tall tree height 
(TTH), proportion of grass in the field of view (GP), and hue contrast in the visual field (HC). The 
environmental factors affecting the visual perception of the leisure environment during the snow 
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season were space aspect ratio (SAR), saturation of the building façade (BS), and proportion of grass 
in the field of view (GP). 

5.2. VR and the actual scene 

In the validation of VR through eye tracker and SD questionnaire, although VR scene perception 
was slightly different from the real scene, in terms of users’ gaze characteristics, the research results 
in Section 3.1.2 and 3.1.3 showed that the gaze characteristics of leisure walking between houses in 
the non-snow season and snow season in the VR scene were relatively close to the actual scene. 
Walking in a VR environment has a more realistic effect than using a joystick remote control. Similar 
leisure perception scores were obtained by comparing the field scenario questionnaire with the 
orthogonal experimental questionnaire. 

In general, considering the similarities and differences in leisure perception between the VR and 
actual scenes in the snow and non-snow seasons, it is feasible to apply VR technology to visual 
research on outdoor leisure environments. 

5.3. Environmental factors and leisure perception scores 

The influence of factors on leisure perception in non-snow season was carried out from the data 
regression analysis in Section 3.2.1. In the non-snow season environment, building facade saturation 
(BS) and the proportion of grass in the field of view (GP) were positively correlated with the leisure 
perception score, whereas the spatial aspect ratio (SAR), roof height difference (RHD), height of tall 
trees (TTH), and color contrast in the field of view (HC) were negatively correlated with the leisure 
perception score. With an increase in building façade saturation (BS), the spatial aspect ratio (SAR), 
height of tall trees (TTH), and leisure perception score (W) showed a trend of first increasing and 
then decreasing. With the increase of roof height difference (RHD), the leisure perception score 
showed a trend of first decreasing and then increasing. When the proportion of grass in the field of 
view (GP) increased, leisure perception scores increased. When the hue contrast (HC) in the visual 
field increased, the leisure perception score decreased. 

The influence of factors on leisure perception in snow season was illustrated from the data 
regression analysis in Section 3.2.2. It can be seen that in the snow season, building façade saturation 
(BS) and the proportion of grass in the field of view (GP) were positively correlated with the leisure 
perception score, and the spatial aspect ratio (SAR) was negatively correlated with the leisure 
perception score. The building façade saturation (BS), spatial aspect ratio (SAR), and leisure 
perception scores showed a trend of first increased and then decreased. When the proportion of grass 
in the field of view (GP) increased, leisure perception scores increased. 

5.4. Machine learning model comparison 

In Section 3.3.1, the leisure perception score prediction effects of the decision tree, SVM, KNN, 
and ANN are compared. The classification prediction accuracy of the KNN (87.89%) was higher than 
that of the decision tree (62.49%), SVM (72.61%), and ANN (82.84%). This means that the KNN 
classification algorithm was the best at predicting the perceived score of leisure spaces in cold regions. 

5.5. Variable threshold optimization 

The environmental variable threshold optimization in non-snow season was calculated in 
Section 3.3.2. the threshold range of visual environmental factors for leisure perception in a non-snow 
season environment was obtained. In the environmental design of leisure space between houses in 
cold regions in non-snow seasons, it was suggested that the space aspect ratio (SAR) was set from 
1.82 to 2.15, the range of roof height difference (RHD) was set from 10.81 m to 20.09 m, the range of 
saturation (BS) of the building facade was set from 48.53 to 61.01, the range of tall tree height (TTH) 
was set from 14.18 m to 18.29 m, the proportion of grass in the field of view (GP) was set from 0.12 to 
0.15, and the color contrast (HC) was set from 18.64 to 26.83. 
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The environmental variable threshold optimization in snow season was obtained in Section 3.3.2. 
The threshold range of the visual environmental factors for leisure perception in a snow-season 
environment was obtained. In the environmental design of leisure space between houses in cold areas 
in snow season, it was recommended that the space aspect ratio (SAR) range was set from 2.22 to 
2.54, the building facade saturation (BS) range was set from 68.47 to 82.34, and the lawn proportion 
(GP) range was set from 0.1 to 0.14. 
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