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Abstract: The quality of visible features (vegetation, construction, sky, pavement, etc.) in the open space 
of urban parks is closely related to the satisfaction of city residents. Geo-tagged panoramic images have 
provided a new way to perform quantitative analysis of the open space with the help of semantic seg-
mentation with a convolutional neural network (CNN). In this research, we proposed two projection 
transformation methods (cylindrical equal-area projection and gnomonic zenithal projection) to elimi-
nate the distortion and get the real proportion of different features on panoramic images. We used 
Nangan Canal Park as the study area to perform quantitative analysis of four visible features (sky, 
vegetation, construction and pavement) and extracted the canopy layer and the bottom layer of each 
sampling point to analyze the space enclosure of the park. The analysis could be further used for the 
visual comfort assessment and spatial quality analysis of various projects. 
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1 Introduction 

Quantitative assessment for open space has been performed by analyzing different features 
of the photos on site. Previous research often used a fixed-focus camera to get an image 
viewing towards a particular direction, which could not reflect the visual perception of the 
surrounding space. 

A geo-tagged panoramic image is a wide-angle photo with elongated fields of view labeled 
with geographic location information. A 720° panoramic photo covers the full surrounding 
area 360° horizontally and 360° perpendicularly which could provide a real sense of the en-
vironment. The 720° panoramic photo is often presented as an equirectangular-projected 2:1 
rectangular image. Although in related research the panoramic images have been used to 
analyze the space enclosure, the area analysis is often based on the original 2:1 equirectan-
gular projected image, which has an area distortion and cannot represent the true area of the 
visual sphere. Meanwhile, orthophotos shot by satellites or drones are also used widely for 
the study of open space, but these photos cannot obtain the site information under tree can-
opy. 

Therefore, in this research, to achieve a proportional analysis of the panoramic image, we 
selected two map projection methods to transform the original equirectangular projected im-
age to a proportional projected one: cylindrical equal-area projection and gnomonic zenithal 
projection. The cylindrical equal-area projected image was used to calculate the different 
feature areas on the visible sphere, and the gnomonic zenithal projected image could provide 
a proportional “plane view” of the ground, which were used to perform quantitative analysis 
of the surrounding space with the help of semantic segmentation by a convolutional neural 
network. 
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A convolutional neural network (CNN) is a Deep Learning algorithm which can take in an 
input image, assign importance (learnable weights and biases) to various objects in the image 
and be able to differentiate one from the other. Different CNNs can perform a series of image 
processing tasks such as feature extraction, object detection and semantic segmentation. Se-
mantic segmentation refers to the process of linking each pixel in an image to a class label. 
The advantage of semantic segmentation is that it can achieve the automated image feature 
detection and extraction process and reduce a large amount of human labor (YU & JI 2019, 
LIU et al. 2019). In recent studies, semantic segmentation has been used on streetscape images 
to analyze visitors’ visual perception (SEIFERLING et al. 2017, LI & RATTI, 2018, CUI et al. 
2018). In this research, we selected the Dilated ResNet-105 (DRN-D-105, based on MXNet) 
neural network model to perform the semantic segmentation. DRN-D-105 model is released 
in 2017 and combines the technique of dilated convolutions with the paradigm of residual 
networks (YU et al. 2017). In an urban park, sky, vegetation, construction and pavement, are 
4 main visible features which are closely related to the quality of open space. Therefore, these 
4 features were selected for the analysis of the park. 

2 Methods 

2.1 Study Area 

In this research, we selected Nangan Canal Park as an example to analyze the open space. 
Located in Wuhan, China, the park is about 1600 m long and 140 m wide and covers an area 
of 22.2 hm2. The park is divided into four square sections by three streets. It has been opened 
to public since 1998, and a major landscape renovation was carried out in 2017. The renova-
tion adopted the idea of “Sponge City”, which focuses on the stormwater management and 
recreation improvement. The roads run circularly through the park, with a high vegetation 
coverage and a low construction coverage, providing well-designed grounds for the commu-
nity residents. 

2.2 Panoramic Images Capturing 

The panoramic images were taken with a Garmin VIRB 360 panoramic camera from April 
22nd to April 25th, 2019. The camera can record the geographic coordinates of the captured 
image with its build-in GPS. The camera height was set to 1.6 m (based on the average eye 
height of adults from the National Health and Family Planning Commission of China in 
2015), and the distance between each 2 sampling points was set to 20 m. 263 panoramic 
images were obtained to cover the whole accessible area of the park, including the roads and 
squares of the park. 22 panoramic photos on the streets surrounding the park were down-
loaded from Baidu Street Map by using its API service with a sampling distance of 200 m. 
The original panoramic image shot by the camera was a 2:1 equidistant cylindrical projected 
image with a resolution of 5640 × 2820. To speed up the calculation, each image was then 
down sampled to a resolution of 1600 × 800. 

 

Fig. 1: Sampling points in the research area 
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2.3 Projection Transformation 

We used 2 projection transformation methods (cylindrical equal-area projection and gno-
monic zenithal projection) to eliminate the distortion and get the real proportion of the dif-
ferent features on panoramic images. 

2.3.1 Transformation to an Equal-area Projected Image 

We used the equations below to transform an equirectangular projected image to a cylindrical 
equal-area projected one: 

𝑥                                                                                                                                                      (1) 

𝑦                                                                                                                                 (2) 

y0 is the pixel height of the cylindrical equal-area projected image, x1, x2 are the corresponding x, y pixel 
coordinate of the equirectangular projected image, y1, y2 are the corresponding x, y pixel coordinate of 
the cylindrical equal-area projected image. 

Equirectangular projection 
 

Cylindrical equal-area projection 

Fig. 2: Transformation from equirectangular projection to cylindrical equal-area projection 

2.3.2 Transformation to a Gnomonic Zenithal Projected Image 

The gnomonic zenithal projection is used to transform an equiangular projected image to the 
“plane view” image to perform further analysis about the space enclosure of urban parks. We 
used the equations  below to transform an orthographic projected image to a gnomonic zen-
ithal projected one (based on a polar coordinate system): 

𝜑 𝜑                                                                                                                                                      (3) 

𝑟 ℎ 𝑡𝑎𝑛
 

                                                                                                                                      (4) 

φ1,φ2 are the polar angles of the corresponding point on the orthographic zenithal projected image and 
the gnomonic zenithal projected image. r0 is1/4 length of  sphere equator. r1 is the arc length of the 
corresponding point to the south polar on the sphere surface, r2 is the polar radius of the corresponding 
point on the gnomonic zenithal projected image. h is the camera height (1.6 m). 

 
 

Fig. 3: 
Transformation from orthographic 
zenithal projection to gnomonic 
zenithal projection 

 
Orthographic view 

 
Orthographic 
zenithal projection 

 
Gnomonic zenithal  
projection 
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2.4 Semantic Segmentation 

In this research we selected the Dilated ResNet-105 (DRN-D-105, based on MXNet) neural 
network model to perform the semantic segmentation. The training dataset is from City-
scapes, a collection of 25,000 annotated images for semantic understanding of urban street 
scenes (CORDTS et al. 2016). The model achieves 75.6 % mean IoU accuracy on the City-
scapes dataset. The segmentation result includes 14 types of 7 groups (Table 1). 

Table 1: Semantic segmentation classes by DRN-D-105 

Group Classes Color Group Classes Color 

1-Flat 
Road  4-Sky Sky  
Sidewalk  5- Human Human  

2-Nature 
Vegetation  6-Object 

Traffic sign  
Terrain  Pole  

3-Construction 

Building  
7-Vehicle 

Car  
Wall  Motorcycle  
Fence  Bicycle  

A typical panoramic image and its semantic segmented result are shown in Fig 4. 

   

   
Equirectangular projected view      Top View     Bottom View 

 

 

Fig. 4: A semantic segmented image in different projected views 

2.5 Visible Feature Rate Calculation 

According to the semantic segmentation results, most areas of the panoramic image are cov-
ered by four main features: sky, vegetation, construction and pavement. Therefore, we used 
the visible rates of the 4 features to assess the human visual perception on each point: visible 
sky rate, visible green rate, visible building rate and visible pavement rate. Each visible rate 
is calculated with the equation below: 

𝑉𝑖𝑠𝑖𝑏𝑙𝑒 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑟𝑎𝑡𝑒  
       

      
                 (5) 
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The principle of how a visible feature is calculated based on the spherical image is illustrated 
in Fig. 5. Based on the semantic segmentation results, each visible rate can be calculated by 
the ratio of corresponding area to the total area of the equal-area projected image. 

 

Fig. 5: 
Spherical view of the 
4 factors 

2.5.1 Visible Sky Rate 

Visible Sky Rate (VSR) is the ratio of the visible sky area to the total area on the equirectan-
gular projected image. VSR is similar to the Sky View Factor (SVF) proposed in related 
research, which usually refers to the proportion of the sky that people can see in the urban 
open space surrounded by buildings. SVF is calculated based on the sky area on the top view 
(GRIMMOND et al. 2001), Unlike SVF which ranges from 0 % to 100 %. VSR is based on the 
panoramic sphere with a maximum visible sky range of 50 %. The equation to calculate vis-
ible sky rate is as follows: 

𝑉𝑖𝑠𝑏𝑙𝑒 𝑆𝑘𝑦 𝑅𝑎𝑡𝑒
  

 
                                                                                          (6) 

2.5.2 Visible Green Rate 

Visible Green Rate (VGR) is the ratio of the visible green area to the total area on the 
equirectangular projected image. The traditional concept of Visible Green Index proposed in 
related research usually refers to the proportion of the area occupied by green vegetation on 
a two-dimensional plane, which cannot truly reflect the visual perception of human. VGR is 
based on the panoramic sphere, which can make the evaluation result more objective. As the 
labelling classes described in Table 1, the visible green area should include the visible vege-
tation and terrain area. Therefore, the equation of visible green rate is as follows: 

𝑉𝑖𝑠𝑖𝑏𝑙𝑒 𝐺𝑟𝑒𝑒𝑛 𝑅𝑎𝑡𝑒
    

 
                                                     (7) 

2.5.3 Visible Construction Rate 

Visible Construction Rate (VCR) is the ratio of the visible construction area to the total area 
on the equirectangular projected image. The commonly visible constructions in urban parks 
are buildings, walls and fences. Therefore, the equation of visible construction rate is as fol-
lows: 

𝑉𝑖𝑠𝑏𝑙𝑒 𝐶𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛 𝑅𝑎𝑡𝑒
      

 
           (8) 
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2.5.4 Visible Pavement Rate 

Visible Pavement Rate (VPR) is the ratio of the visible pavement area to the total area on the 
equirectangular projected image. The visible pavement in urban parks includes roads and 
sidewalks. The equation of visible pavement rate is as follows: 

𝑉𝑖𝑠𝑖𝑏𝑙𝑒 𝑃𝑎𝑣𝑒𝑚𝑒𝑛𝑡 𝑅𝑎𝑡𝑒
     

 
                                              (9) 

4 samples of the calculation results are listed in Table 2. 

Table 2：Examples of recognition results of the 4 indicators 

Equirectangular 
projected view  

Semantic Segmentation 
results 

Top view Bottom 
view 

Indica-
tors 

Percent-
age 

    

VSR 22.15 % 

VGR 40.05 % 

VCR 19.06 % 

VPR 17.91 % 

    

VSR 10.23 % 

VGR 63.02 % 

VCR 3.74 % 

VPR 21.68 % 

    

VSR 18.03 % 

VGR 42.50 % 

VCR 5.64 % 

VPR 32.43 % 

    

VSR 30.39 % 

VGR 49.65 % 

VCR 1.57 % 

VPR 15.73 % 

 

With the GPS information stored in the metadata of the images, the visible feature rate of 
each point was then projected on the map according to its geo-location. 

2.6 Spatial Layer Extraction 

To analyze the space enclosure of different areas in the park, at each sampling point, the 
canopy layer and the bottom layer with a radius of 10 m (distance on the graph, which is the 
half distance between 2 sampling points) were extracted to round images. 
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2.6.1 The Canopy Layer 

The canopy layer is obtained from the orthophoto from Google Earth (Imagery Date: 5/5/2017) 
and then semantically segmented to vegetation area and pavement area. Then the image is 
cropped into disks with the radius of 10 m. 

2.6.2 The Bottom Layer 

The bottom layer is obtained from the panoramic image with the gnomonic zenithal projec-
tion. With the known height of the camera (1.6 m), the gnomonic projected image can be 
calculated to represent the true length of the ground surface. The image is shaped to a disk 
with the radius of 10 m (Fig. 6). 

    

Orthophoto from Google 
Earth 

Semantic segmented 
orthophoto 

Gnomonic-projected 
photo 

Semantic segmented 
Gnomonic-projected photo 

    

Fig. 6: The canopy layer and bottom layer of a sampling point 

2.7 Precision Validation 

In order to validate the accuracy of the semantic segmentation by Dilated ResNet-105, we 
calculated the IoU (Intersection over Union) of each image. IoU is a universal index for 
measuring the accuracy of semantic segmentation. It represents the ratio of the intersection 
area of the target result and the prediction result to the union of the target result and the 
prediction result (GARCIA-GARCIA et al. 2017). The higher the ratio, the higher the accuracy 
of the recognition result. 

𝐼𝑜𝑈
        

        
                                                                  (10) 

40 images were randomly selected from 263 panoramic images and manually labelled at the 
pixel level by crowdsourcing to get the ground truth data. The IoU of each indicator was then 
calculated along with the visible feature rate achieved by DRN-D-105 and the ground truth 
data (Fig. 7).  

Table 3 shows the comparison between the DRN-D-105 recognition results and the ground 
truth data. 
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Original Photo Ground Truth DRN-D-105 
mIoU 
Value 

IoU feature 
type 

IoU Value 

   

80.50 % 

Sky 90.18 % 

Vegetation 94.91 % 

Construction 47.67 % 

Pavement 89.22 % 

   

74.17 % 

Sky 86.35 % 

Vegetation 94.45 % 

Construction 55.82 % 

Pavement 60.05 % 

   

64.90 % 

Sky 88.46 % 

Vegetation 88.54 % 

Construction 9.54 % 

Pavement 73.05 % 

   

55.88 % 

Sky 79.63 % 

Vegetation 93.92 % 

Construction 7.39 % 

Pavement 42.56 % 

 

Fig. 7: Result comparison between manual recognition and convolutional neural network 
recognition 

Table 3: The comparison between the neural network model and the ground truth 

Type Visible Sky 
Rate 

Visible Green 
Rate 

Visible Construction 
Rate 

Visible Pavement 
Rate 

DRN-D-
105 

16.79 % 53.32 % 6.02 % 22.06 % 

Ground 
truth 

19.29 % 50.47 % 2.35 % 27.56 % 

The mean Intersection over Union (mIoU) of the 4 features achieves 60.98 %. While the 
construction area is relatively low in the park, the mIoU of the other 3 areas (vegetation, sky 
and road) is 76.16 %. Therefore, it can be seen that the DRN-D-105 neural network model 
has a relatively high accuracy for the semantic segmentation of panorama images of the park. 

The result shows that the accuracy of sky, green and pavement recognition is relatively high, 
while the construction recognition accuracy is relatively low. Correlation analysis is per-
formed between the average IoU of each indicator and the proportion of ground truth data. 
The analysis shows that the accuracy of the sky, construction and pavement has a significant 
positive correlation with its proportion in the image, while the correlation between IoU-Green 
and green ratio is not obvious (Fig. 8). 
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Fig. 8: The correlation between the individual IoU and the feature ratio 

3 Results and Discussion 

3.1 The Visible Feature Rates of the Park 

With the calculation and mapping of the visible feature rates, the percentage level of each 
rate is shown in Fig. 9. 

The average visible feature rates of the Nangan Canal Park are 11.97 % (sky), 61.13 % (green), 
6.43 % (construction) and 17.29 % (pavement). Comparing to the surrounding streets, the 
park has a low average visible sky rate and a high visible green rate, which shows that the 
park has plenty of dense vegetation and shading area. Comparing the average feature rates 
between park roads and park squares, it can be seen that the average visible pavement rate of 
the square is 14.76 % higher than that of the park roads. The average visible sky rate and 
visible construction rate of the park squares are 1.38 % and 2.45 % higher than that of the 
park road, while the average value of visible green rate is 18.7 % lower than that of the park 
road. 
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Fig. 9: Visible feature rates of the park 

3.2 The Levels of Space Enclosure in Different Areas of the Park 

The spatial enclosure of each sampling point was analyzed based on the canopy of the ortho-
graphic projection and the bottom of the gnomonic zenithal projection. The space enclosure 
in different areas of the park is divided into open space, semi-open space, covered space and 
closed space. Each space enclosure type is shown in Fig. 10. 
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 Orthophoto from 
Google Earth 

Semantic segmented 
orthophoto 

Gnomonic-projected 
photo 

Semantic segmented 
Gnomonic-projected 

photo 

Full 
open 
space 

    

Vegetation Area: 0m2 
Pavement Area: 314.16m2 

Vegetation Area: 0m2  
Pavement Area: 303.06m2 

Semi-
open 
space 

    

Vegetation Area: 209.44 m2 
Pavement Area: 104.71 m2 

Vegetation Area: 155.28 m2 
Pavement Area: 106.87 m2 

Cov-
ered 

space 
    

Vegetation Area: 278.51 m2 
Pavement Area: 35.65 m2 

Vegetation Area: 21.00 m2 
Pavement Area: 243.25 m2 

Closed 
space 

    

Vegetation Area: 314.16 m2 
Pavement Area: 0 m2 

 

Vegetation Area: 252.54 m2 
Pavement Area: 5.07 m2 

      

Fig. 10: Space enclosure types in the park 

4 Conclusion and Outlook 

4.1 Concluding Remarks 

In this research, the Nangan Canal Park was used as an example to evaluate the open space 
of urban parks by semantic segmented geo-tagged panoramic images. The findings show that 
the park has a high average visible green rate than its surrounding streets which indicates a 
well-vegetated park. The park also offers various kind of space enclosures which could pro-
vide diversified space experience for visitors. 
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4.2 Potential Applications 

4.2.1 Spherical-based Visible Feature Analysis 

Through the spherical-based visible feature analysis, the visible area (sky, vegetation, con-
struction and pavement) of the site could be quantified precisely. The calculation result is not 
related to the camera length or view angle. The automatic identification process can reduce 
the time cost for ordinary manual calculation. The analysis could be further used for the visual 
quality assessment on various projects. 

4.2.2 Quantitative Space Enclosure Measurement 

The research finds an automated quantitative way to measure the space enclosure by calcu-
lating the ratio between different areas of the canopy layer and the bottom layer of the site. 
The area measurement is based on true surface areas and does not change along with the 
viewing angle or viewing height. The method could be helpful for the research of spatial 
quality analysis on different sites. 

4.3 Limitations and Future Research 

The dataset used for the model training is derived from the street view images taken in 
50 cities in Germany. Therefore, the accuracy of the recognition for urban park landscape is 
lower than the accuracy for the recognition of streetscape. Moreover, the CNN model is not 
yet able to correctly identify shadows or trees in some cases. Further research is needed for 
the optimization of the CNN model to improve the accuracy for sematic segmentation. 
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