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Abstract: Deformation along a subway rail network is related to the safe operation of the subway 

and the stability of construction facilities on the surface, making long-term deformation monitoring 

imperative. Long-term monitoring of surface deformation along the subway network and statistical 

analysis of the overall deformation situation are lacking in China. Therefore, targeting 35 Chinese 

cities whose subway mileage exceeds 50 km, we extracted their surface deformation along subway 

networks between 2018 and 2022, using spaceborne synthetic aperture radar (SAR) interferometry 

(InSAR) technology and Sentinel-1 satellite data. We verified the results with the continuous global 

navigation satellite system (GNSS) stations’ data and found that the root mean square error (RMSE) 

of the InSAR results was 3.75 mm/year. Statistical analysis showed that ground subsidence along 

the subways was more prominent in Beijing, Tianjin, and other areas in the North China Plain, 

namely Kunming (which is dominated by karst landforms), as well as Shanghai, Guangzhou, Qing-

dao, and other coastal cities. In addition, an analysis revealed that the severity of surface subsidence 

correlated positively with a city’s gross domestic product (GDP) with a Pearson correlation of 0.787, 

since the higher the GDP, the more frequent the construction and maintenance of subway, and the 

more commuters there are, which in turn exacerbates the disturbance to the surface. Additionally, 

the type of land cover also affects the ground deformation. Our findings provide a reference for 

constructing, operating, and maintaining the urban subway systems in China. 
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1. Introduction 

With relentless urbanization and exponential population growth, urban above-

ground transportation infrastructures are reaching their saturation point and becoming 

increasingly overwhelmed. In order to ease the strain on surface-level transportation fa-

cilities, large and medium-sized cities have turned their attention towards underground 

spaces, embarking on the development of subway networks [1,2]. As of December 2020, 

47 cities in China had established subway systems, boasting 208 operational lines and a 

total length of 6730.27 km [3]. Subway networks enhance the convenience of travel, yet 

also serve as crucial infrastructure for the survival and sustained development of urban 

centers [4]. 
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Ground disturbances are inevitable during construction and, in particular, during the 

operation of a subway, leading to surface deformation, which may further induce cracking 

in surrounding buildings, pipeline breakage, and road collapse [5–7]. China has seen nu-

merous instances of surface subsidence in cities during subway construction and opera-

tion [8,9]. Given that urban subway networks are typically situated in densely populated 

and highly congested areas, the consequences of such incidents can be particularly severe. 

To effectively prevent and mitigate disasters and accidents caused by subway construc-

tion and operation, it is imperative to undertake extensive and continuous monitoring of 

surface deformation along subway networks. 

Although traditional monitoring methods, such as levelling and deformation gauges, 

offer high accuracy when focused on single targets, their coverage remains limited [10]. 

Furthermore, deploying real-time monitoring equipment comes with significant financial 

implications. However, the advancement of aerospace technology has given rise to an in-

creasing diversity of Earth observation methods [11]. Among them, synthetic aperture ra-

dar interferometry (InSAR) stands out as a prominent measurement technology [12–16]. 

InSAR’s vast coverage, precision, and active imaging capabilities have opened new hori-

zons in terrain mapping, as well as the study of urban deformation, volcanic activity, glac-

ier movements, earthquakes, energy resources, and numerous other applications [17–20]. 

In recent years, InSAR technology has proven its worth in monitoring urban subway 

deformation, leading to several successful applications. Scholars have conducted targeted 

InSAR monitoring of subway deformation in several major cities, such as Seoul [21], Ma-

nila [22], Bucharest [23], Beijing [8,24], Shanghai [25–27], Urumqi [28], Suzhou [29], Qing-

dao [30], Xuzhou [31], Chengdu [32], Nanchang [33], and Hohhot [34]. These applications 

have effectively demonstrated the effectiveness of InSAR in monitoring subway defor-

mation. However, these efforts have primarily been limited to individual cities, and the 

academic community has yet to conduct regional-scale surveys, integrated analyses, and 

explorations of deformation patterns for subway systems across a wide area. In view of 

these advancements, we aimed to use InSAR technology to extract surface deformation 

data along the subway networks of major cities in China from 2018 to 2022 and to analyze 

the surface deformation patterns of Chinese cities with subway systems, providing valu-

able insights for subway planning and operations. 

2. Materials and Methods 

2.1. Study Area and Data 

By the end of 2022, nearly 50 cities in China had established subways, but only 35 of 

them had operational mileages exceeding 50 km [35]. To ensure the representativeness of 

our research, we excluded cities with subway mileages shorter than 50 km from our anal-

ysis. Consequently, we focused our study on the subway networks of 35 cities, whose 

details are outlined in Table 1. The geographical distribution of these cities is depicted in 

Figure 1. 
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Figure 1. Study area and data coverage. 

The SAR data analyzed in this study were all in Sentinel-1 interferometric wide 

mode. We needed 34 frames to cover the subway networks of all 35 cities of interest, as 

some cities required two frames to cover the network. The SAR data timespan ranged 

from early 2018 to the end of 2022, and the data acquisition interval was in most cases 12 

days. However, due to factors such as temporary satellite maneuvers, data for some peri-

ods are missing. Table 1 shows the final details of the data used for each city, with 34 

frames and 4705 acquisitions. To validate the accuracy of the subsequent InSAR results, 

we also collected data from 465 evenly distributed continuous GNSS stations as the 

ground truth. 

Table 1. Detailed subway and SAR data information. 

No. City 
Operation Sentinel Identifier Number of 

Acquisitions 
Direction 

Incidence Angle 

(Degree) Lines Mileage (km) Path Frame 

1 Beijing 27 797.3 142 126 146 Ascending 39.42 

2 Shanghai 20 825.0 171 96 145 Ascending 39.60 

3 Guangzhou 16 609.8 11 71 148 Ascending 39.67 

4 Shenzhen 16 558.6 
11 65 148 

Ascending 
39.71 

11 71 148 39.67 

5 Chengdu 13 557.8 128 94 147 Ascending 39.63 

6 Hangzhou 12 516.0 69 94 141 Ascending 39.63 

7 Wuhan 11 504.3 113 96 125 Ascending 39.64 

8 Nanjing 12 448.8 69 99 139 Ascending 39.60 

9 Chongqing 11 434.6 55 92 134 Ascending 39.59 

10 Qingdao 7 323.8 171 111 143 Ascending 39.52 
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171 116 143 39.48 

11 Tianjin 8 286.0 69 124 133 Ascending 39.20 

12 Xi’an 8 272.4 
84 105 138 

Ascending 
39.55 

84 110 138 39.52 

13 Suzhou 5 254.2 69 99 139 Ascending 39.60 

14 Hongkong 10 245.3 11 65 148 Ascending 39.71 

15 Zhengzhou 8 233.0 
113 106 125 

Ascending 
39.62 

113 111 119 39.59 

16 Dalian 5 212.6 98 124 140 Ascending 39.45 

17 Changsha 7 209.1 11 86 137 Ascending 39.60 

18 Ningbo 5 186.0 171 91 145 Ascending 39.63 

19 Hefei 5 168.8 142 101 147 Ascending 39.58 

20 Kunming 6 165.9 26 78 148 Ascending 39.65 

21 Nanchang 4 128.5 40 87 148 Ascending 39.65 

22 Nanning 5 128.2 157 67 148 Ascending 39.70 

23 Foshan 4 127.3 11 71 148 Ascending 39.67 

24 Shenyang 4 117.1 3 455 90 Descending 39.60 

25 Wuxi 4 110.8 69 99 139 Ascending 39.60 

26 Fuzhou 4 110.7 142 81 146 Ascending 39.67 

27 Changchun 5 106.7 105 446 121 Descending 39.60 

28 Xiamen 3 98.4 142 75 146 Ascending 39.69 

29 Jinan 3 84.1 142 116 147 Ascending 39.48 

30 Harbin 3 78.1 105 441 118 Descending 39.58 

31 Guiyang 2 74.4 55 82 136 Ascending 39.63 

32 Shijiazhuang 3 74.3 40 122 148 Ascending 39.45 

33 Xuzhou 3 64.1 142 106 147 Ascending 39.55 

34 Changzhou 2 54.0 69 99 139 Ascending 39.60 

35 Wenzhou 1 52.5 
69 84 140 

Ascending 
39.67 

69 89 141 39.65 

2.2. SBAS-InSAR Workflow 

Owing to the large expanse of subway networks and the enormous amount of data 

involved, we adopted the small baseline subset InSAR (SBAS-InSAR) method to extract 

surface deformation [36]. To maximize the coherence of the interferometric pairs, we also 

introduced a coherence baseline that replaces the time baseline threshold in conventional 

SBAS-InSAR with the average coherence threshold [37]. This approach allows us to form 

optimized interferometric pairs, upon which we conduct subsequent SBAS-InSAR pro-

cessing. A detailed flowchart outlining this process is presented in Figure 2. 
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Figure 2. InSAR workflow chart. Abbreviations: DEM, digital elevation model; InSAR, synthetic 

aperture radar interferometry; SAR, synthetic aperture radar; SLC, single-look complex; and SVD, 

singular-value decomposition. 

The data processing can be summarized into the following steps, according to the 

flowchart presented in Figure 2: 

Firstly, we prepared various types of data, including SAR data, orbital state vectors, 

and external digital elevation model (DEM) data. Specifically, we used Shuttle Radar To-

pography Mission (SRTM) DEM data with a resolution of 30 m. Leveraging these datasets, 

we embarked on a comprehensive preprocessing and data-registration process. During 

this phase, we set the multi-look number to 5 × 1 (range × azimuth), resulting in a corre-

sponding ground resolution of 20 m. This enabled us to obtain single-look complex stacks 

for each image frame, laying a solid foundation for further analysis and deformation ex-

traction. 

Then, we selected optimized interferometric pairs based on the average coherence 

and spatial baseline thresholds. The spatial baseline threshold was set to 50 m. As for the 

average coherence threshold, there is no unified standard due to significant differences in 

coherence between Sentinel-1 frames. Next, we ranked the interferometric pairs based on 

average coherence and selected the top 600 pairs with the best coherence to perform the 

interferometry, which implies that each Sentinel-1 frame forms 600 interferograms. 

After baseline thresholding for a given interferometric pair, assuming that the acqui-

sition time of the reference image is 𝑡𝐴, we deduced that the repeat image is 𝑡𝐵. By per-

forming differential interferometry, filtering, and phase unwrapping for each interfero-

metric pair in sequence to obtain the initial interferograms, the phase value of a certain 

pixel in the 𝑗-th interferogram can be expressed using Equation (1). 

𝛿𝜑𝑗 = 𝜑(𝑡𝐵) − 𝜑(𝑡𝐴) =
4𝜋

𝜆
[𝑑𝑡𝐵

− 𝑑𝑡𝐴
] + 𝛿𝜑𝑗

𝑡𝑜𝑝𝑜
+ 𝛿𝜑𝑗

𝑎𝑡𝑚 + 𝛿𝜑𝑗
𝑛𝑜𝑖𝑠𝑒 (1) 

where, 𝛿𝜑𝑗   is the phase value of a certain pixel in the 𝑗 -th interferogram. 𝜑(𝑡𝐵)  and 

𝜑(𝑡𝐴)  are the phase value at time 𝑡𝐵  and 𝑡𝐴 , respectively. λ is the radar wavelength. 

𝛿𝜑
𝑗
𝑡𝑜𝑝𝑜, 𝛿𝜑

𝑗
𝑎𝑡𝑚, and 𝛿𝜑

𝑗
𝑛𝑜𝑖𝑠𝑒 represent the contributions of terrain, atmosphere, and noise 

phase, respectively, among which 𝛿𝜑
𝑗
𝑛𝑜𝑖𝑠𝑒 can be effectively reduced in interferograms 

with good coherence, which is why we adopted the coherence baseline. 

To further mitigate topographic and atmospheric errors, we implemented topo-

graphic corrections and integrated the corrected topographic phase back to the original 

interferograms. Following this, we repeated the filtering and atmospheric correction pro-

cedures to derive a refined unwrapping phase. We then used the singular-value decom-

position method to obtain the minimum norm solution for the deformation rate [36], and 

performed geocoding to obtain ground deformation rate information in the radar line-of-

sight (LOS) direction under geographic coordinates. After obtaining the LOS deformation 

for each image frame, we invoked a trigonometric function to estimate the vertical dis-

placement by assuming the horizontal deformation was insignificant compared to the ver-

tical deformation, as shown in Equation (2). 

𝑑𝑣 = 𝑑𝐿𝑂𝑆/cos (𝜃) (2) 

where, 𝑑𝑣 and 𝑑𝐿𝑂𝑆 represent deformations in vertical and LOS directions, respectively, 

and 𝜃 is the radar incidence angle. 

After obtaining the ground deformation results for each image frame, we first mosa-

icked the results of the near-track frames and used the subway network vector to generate 

masked data with a 250 m buffer zone on both sides of the subway lines. This buffer zone 

was established to capture any deformation that might occur in the vicinity of the subway 

network. 

Finally, we applied the masking process to the InSAR results, effectively filtering out 

any deformation data that fell outside the designated subway network and buffer zone. 
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This step allowed us to focus solely on the ground deformation along the subway net-

work, providing us with a clear and concise representation of the deformation patterns 

within our target area. 

3. Results 

Figure 3 shows the average annual ground deformation rates from 2018 to 2022 along 

the subway network, determined through the InSAR process. Overall, the subway net-

work exhibited stability in most cities, with relatively small ground deformations. Never-

theless, certain areas within specific cities, including Beijing, Shanghai, Guangzhou, Shen-

zhen, Wuhan, Tianjin, Kunming, and Zhengzhou, displayed notable surface defor-

mations. Notably, the maximum deformation rates of multiple cities exceeded −10 

mm/year, indicating that they are undergoing more serious ground deformation. Such 

deformations may be attributed to factors associated with subway construction and oper-

ation, which can potentially cause disturbances in the ground. These findings highlight 

the importance of continuous monitoring and assessment of ground deformation in urban 

areas, especially around subway networks, to ensure the safety and stability of these crit-

ical infrastructures. 
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Figure 3. Average annual ground deformation rate maps (2018–2022) for the subway networks of 

indicated cities. 

4. Discussion 

We used data measured by continuous GNSS stations as ground truth, to validate the 

InSAR deformation point that coincides to each GNSS station. Since there are very few 

GNSS stations distributed above the subway network, we used GNSS station data in all 

Sentinel-1 frames to expand the validation data scale and improve the reliability of the 

validation results. A total of 465 GNSS stations participated in the validation, and their 

distribution is shown in Figure 1. The verification results are shown in Figure 4. The black 

dot represents measured GNSS data (horizontal coordinate value) and the InSAR result 
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(vertical coordinate value) of the validation point. The reference red line represents that 

GNSS data and the InSAR result are equal on this line, with an error of zero. The closer 

the black dot lies to the reference line, the higher the accuracy of the InSAR result. At the 

same time, we calculated the RMSE of the InSAR results, which was 3.75 mm/year, quan-

titatively demonstrating the high accuracy of the InSAR results. 

 

Figure 4. Correlation between the global navigation satellite system (GNSS) and synthetic aperture 

radar interferometry (InSAR results). Abbreviation: RMSE, root mean square error. 

To compare ground deformations along subway networks across different cities, we 

compiled statistical information from the InSAR deformation results for each city, as sum-

marized in Table 2. Among the 35 cities studied, Beijing stands out with a ground defor-

mation rate of −17.72 mm/year, the highest among all cities. Furthermore, 13 cities exhib-

ited deformation rates exceeding −10 mm/year along their subway networks. These cities 

include Beijing, Shanghai, Guangzhou, Shenzhen, Hangzhou, Wuhan, Xi’an, Zhengzhou, 

Dalian, Kunming, Foshan, Fuzhou, and Wenzhou. As evident from the ground defor-

mation rate maps presented in Figure 3, significant surface deformations are apparent 

along the subway networks in these cities. It is noteworthy that despite the large number 

of sampling points involved, the mean deformation rate in any of the cities did not exceed 

±0.5 mm/year. In addition, the current statistical results indicate that the standard devia-

tion (std) of the ground deformation results along all subway networks did not exceed 3 

mm/year. 

Table 2. Deformation statistics of points along the subway network for 35 cities of interest (unit: 

mm/year). 

No. City Min Max Mean Std No. City Min Max Mean Std 

1 Beijing −17.72  13.50  0.01  2.32  19 Hefei −7.80  8.94  0.17  0.73  

2 Shanghai −11.63  5.74  0.02  0.91  20 Kunming −14.66  5.82  −0.20  1.87  

3 Guangzhou −11.19  5.07  0.06  0.90  21 Nanchang −7.96  3.52  0.21  0.64  

4 Shenzhen −10.25  9.54  0.04  0.69  22 Nanning −9.41  5.34  0.13  0.75  

5 Chengdu −8.01  5.27  0.02  0.55  23 Foshan −13.41  3.30  −0.04  1.16  

6 Hangzhou −10.35  13.22  −0.07  1.04  24 Shenyang −8.65  5.58  0.03  0.59  

7 Wuhan −12.12  3.50  0.04  1.05  25 Wuxi −6.55  8.20  0.06  0.65  

8 Nanjing −7.16  5.28  0.14  0.84  26 Fuzhou −12.19  4.14  −0.13  1.64  

9 Chongqing −7.43  8.35  0.12  0.82  27 Changchun −7.62  4.60  0.06  0.75  

10 Qingdao −9.57  7.72  −0.02  0.59  28 Xiamen −7.52  2.91  0.03  0.95  

11 Tianjin −9.13  8.08  −0.35  2.14  29 Jinan −5.39  4.42  0.07  0.71  

12 Xi’an −14.09  7.79  0.25  1.83  30 Harbin −7.92  6.74  0.23  0.64  
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13 Suzhou −8.02  5.76  0.09  0.77  31 Guiyang −6.90  2.17  0.17  0.56  

14 Hongkong −9.78  8.61  0.13  0.61  32 Shijiazhuang −9.26  2.78  −0.07  1.19  

15 Zhengzhou −11.75  5.93  −0.28  1.37  33 Xuzhou −7.17  9.41  −0.11  0.88  

16 Dalian −10.15  6.71  0.21  0.62  34 Changzhou −6.73  4.30  0.10  0.65  

17 Changsha −8.47  4.20  0.03  0.61  35 Wenzhou −13.66  9.78  0.06  2.16  

18 Ningbo −8.27  5.84  −0.08  1.21        

To assess deformation patterns within subway networks, we established a metric 

called the subsidence area, which represents the extent of ground that experiences a sub-

sidence rate of less than −5 mm/year. Given that our analysis was grounded on Sentinel-1 

data collected over a span of five years, a subsidence rate of less than −5 mm/year trans-

lates to a cumulative ground subsidence exceeding 25 mm over this period. Using this 

threshold, we comprehensively collected data on the number of pixels and the corre-

sponding percentages of subsidence areas for each of the cities we examined (see Table 3). 

Table 3. Subsidence statistics for the subway systems in 35 cities of interest. 

No. City 
Subsidence Area Regional GDP  

(Billion RMB) 
No. City 

Subsidence Area Regional GDP  

(Billion RMB) Percentage Pixel Count Percentage Pixel Count 

1 Beijing 3.56 67,186  3743.02  19 Hefei 0.94 4291  1014.08  

2 Shanghai 2.84 46,444  4025.37  20 Kunming 5.09 18453  663.61  

3 Guangzhou 2.36 27,160  2571.56  21 Nanchang 0.37 1276  629.89  

4 Shenzhen 1.56 14,518  2837.44  22 Nanning 0.84 2227  471.98  

5 Chengdu 0.29 3020  1816.13  23 Foshan 2.78 8430  1127.17  

6 Hangzhou 1.52 18,660  1637.01  24 Shenyang 0.24 910  685.59  

7 Wuhan 1.76 17,093  1665.39  25 Wuxi 0.64 1806  1290.31  

8 Nanjing 1.76 17,672  1498.64  26 Fuzhou 1.38 3983  1018.04  

9 Chongqing 1.77 15,926  2548.85  27 Changchun 0.94 2989  671.31  

10 Qingdao 1.23 10,130  1304.01  28 Xiamen 2.20 4567  640.14  

11 Tianjin 5.83 41,421  1468.46  29 Jinan 1.52 3160  1018.01  

12 Xi’an 1.17 7793  1000.32  30 Harbin 0.43 942  551.51  

13 Suzhou 1.84 8978  2093.61  31 Guiyang 0.48 807  435.64  

14 Hongkong 1.48 16,701  2422.68  32 Shijiazhuang 2.63 4902  614.22  

15 Zhengzhou 2.63 12,962  1187.24  33 Xuzhou 0.71 1155  756.03  

16 Dalian 0.61 3348  759.15  34 Changzhou 0.44 557  812.28  

17 Changsha 0.85 3649  1239.14  35 Wenzhou 2.41 2974  701.96  

18 Ningbo 2.36 9822  1308.78       
Abbreviation: RMB, renminbi. 

Table 3 reveals that the subsidence area percentages of Beijing, Tianjin, and Kunming 

exceed 3%. In Beijing, the subway’s subsidence is primarily concentrated in the northern, 

eastern, and southern regions. Figure 5a–c depict the cumulative deformation curves of 

representative subsidence zones. Notably, Figure 5a,b show that the cumulative subsid-

ence over the last 5 years exceeded −70 mm. In Tianjin, most subsidence areas are clustered 

in the north, and Figure 5d–f showcase the typical cumulative deformation curves. The 

cumulative deformation shown in Figure 5d reached −72 mm. The accelerating downward 

trends shown in Figure 5e,f for the second half of 2022 (manifesting as significant increases 

in the slopes of the curves) may have been related to surface disturbances (such as con-

struction) at these locations. Beijing and Tianjin are located in the North China Plain, 

where surface subsidence is relatively substantial owing to factors such as groundwater 

extraction, which also contributes to the seasonal deformation pattern. Since the elevated 

demand for water during summer months often prompts an increase in groundwater ex-

traction, this in turn can lead to ground subsidence, commonly referred to as “summer 



Remote Sens. 2024, 16, 1548 11 of 16 
 

 

subsidence”. Conversely, during winter, when water consumption typically decreases, 

groundwater has a chance to recharge, allowing the ground to partially recover, a process 

known as “winter rebound”. The subway system in Kunming experiences subsidence pri-

marily in its central region. Ground subsidence in this area is relatively severe due to a 

karst landform, widespread underground rivers, serious groundwater leakage, and dis-

turbances from subway operations. Figure 5g–i show typical cumulative deformation 

curves of Kunming. Although the deformation curves presented in Figure 5g,h show over-

all subsidence trends, they all show significant fluctuations and are not obviously related 

to the season, as seen in Beijing. It is also worth noting that the 5-year cumulative subsid-

ence shown in Figure 5i was close to −100 mm. 

 

 

 

 

Figure 5. Deformation curves for different locations in China. The cities represented in this figure 

include Beijing (a–c), Tianjin (d–f), and Kunming (g–i). 

Nine cities, including Shanghai, Guangzhou, Suzhou, Zhengzhou, Ningbo, Foshan, 

Xiamen, Shijiazhuang, and Wenzhou, exhibited deformation area percentages ranging 

from 2% to 3%. Notably, Shijiazhuang, situated in the North China Plain, underscores the 

significant ground subsidence observed in several cities within this region. Furthermore, 

among the twelve cities with deformation area percentages exceeding 2%, seven are 

coastal cities, accounting for over 58% of the related land. This trend can be attributed to 

various factors. Coastal cities in China often enjoy policy incentives and convenient trans-

portation, leading to rapid urban development and frequent ground disturbances. Addi-

tionally, the increasing population’s demands for groundwater resources result in more 

severe groundwater extraction, further exacerbating ground subsidence. Moreover, sub-

way operations introduce additional disturbances, accelerating the subsidence process. 
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Consequently, coastal cities often experience more severe ground subsidence compared 

to inland cities. 

It is also worth mentioning that although cities like Shenzhen, Hangzhou, Wuhan, 

Nanjing, Chongqing, Qingdao, and Hong Kong have subsidence area percentages below 

2%, the extensive subway networks in these cities result in subsidence areas exceeding 

10,000 pixels. Notably, over half of these cities are located in coastal regions, including 

Shenzhen, Hangzhou, Qingdao, and Hong Kong, further highlighting the challenges 

faced by coastal urban areas in managing ground subsidence. 

To delve deeper into the relationship between urban economic development and sub-

way subsidence, we gathered regional GDP data for the cities of interest spanning from 

2018 to 2022. Based on these data, we computed the average regional GDP for each city 

over a five-year period, as summarized in Table 3. Subsequently, we employed the Pearson 

correlation coefficient, a statistical metric ranging from −1 to 1, to assess the link between 

subway subsidence, specifically measured by the number of pixels in the subsidence area, 

and the five-year average regional GDP. A positive coefficient indicates a positive correla-

tion, while a negative value signifies a negative correlation. The closer the coefficient is to 

1, the stronger the correlation. Using Equation (3), we calculated the Pearson correlation 

coefficient and discovered a strong correlation of 0.787 between regional GDP and subway 

subsidence. Figure 6 visually depicts this correlation, providing a clear understanding of 

the data distribution and the strength of the relationship. 

𝛾 =
𝑐𝑜𝑣(𝑥, 𝑦)

𝜎𝑥𝜎𝑦
=

∑ (𝑥𝑖 − 𝑥̅)(𝑦𝑖 − 𝑦̅)𝑛
𝑖=1

√∑ (𝑥𝑖 − 𝑥̅)2𝑛
𝑖=1 √∑ (𝑦𝑖 − 𝑦̅)2𝑛

𝑖=1

 (3) 

 

Figure 6. Pearson correlation coefficient between the regional gross domestic product (GDP) and 

subsidence pixels. 

Figure 6 clearly demonstrates a strong positive correlation between a city’s regional 

GDP and the severity of ground subsidence along its subway network. This observation 

suggests that as a city’s economy grows, so does the magnitude of subway-related sub-

sidence. This trend can be attributed to several factors. Firstly, the regional GDP is often 

indicative of the extent of subway infrastructure within a city. Economically vibrant cities 

tend to have more extensive and complex subway systems, necessitating frequent mainte-

nance of existing lines and the excavation and construction of new ones. For instance, Bei-

jing boasts 27 subway lines with 12 more under construction, while Shanghai operates 20 

lines and has 14 additional ones in the pipeline. The ongoing operation, maintenance, and 

expansion of these subway networks can disturb the ground surface, making it more vul-

nerable to subsidence. Moreover, cities with robust economies often attract a higher vol-

ume of subway commuters. Beijing and Shanghai, for example, recorded impressive pas-

senger volumes in 2022, with peak daily ridership figures exceeding 13 million. To cater 

to this significant passenger demand, subway frequencies are increased, which, in turn, 
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can exacerbate disturbances to the ground surface and exacerbate subsidence along sub-

way routes. 

Moreover, the construction and operation of subway systems have distinct impacts 

on various land cover types. To delve deeper into this relationship, we calculated the pro-

portion of different land cover categories within the subsidence zones along the subway 

networks of all cities under study. We relied on the land cover data of China, provided by 

the European Space Agency in 2020 with a resolution of 10 m [38]. For statistical analysis, 

we resampled this data to a 20 m resolution, aligning it with the InSAR results. Subse-

quently, both datasets were converted into vector format, enabling us to tally the land 

cover types present within the subsidence areas. The outcomes are presented as percent-

ages in Figure 7. 

 

Figure 7. Percentages of different land cover types in different subsidence areas. 

Figure 7 shows that the built-up land cover type accounts for the largest proportion 

among all subsidence areas. This can be attributed to several factors. Firstly, subways are 

typically constructed in densely populated urban areas, where the geological conditions 

are often complex, encompassing multiple layers with varying properties such as sand, 

clay, and rocks. These diverse layers possess differing degrees of stability, leading to a 

higher susceptibility to ground subsidence. Secondly, the weight of buildings and infra-

structure in urban areas exerts significant downward pressure on the Earth’s surface, in-

creasing the likelihood of subsidence. Additionally, human activities like commuting, in-

frastructure development, and groundwater extraction further exacerbate the risk of 

ground subsidence. 

Moreover, Figure 7 indicates that croplands constitute the second largest land cover 

type affected by subsidence. However, studying deformation in croplands requires care-

ful consideration. The soil in croplands is generally softer, and the vibrations caused by 

subways can compress the soil particles, leading to subsidence. Furthermore, various dis-

turbance factors, such as crop growth and artificial tillage, are introduced into croplands. 

These factors may potentially be misinterpreted as ground subsidence signals and should 

be carefully identified and excluded in future research. The percentages of different land 

cover types in the subsidence areas follow the order tree cover, grassland, and bare 

ground. Overall, cultivated land is particularly susceptible to external disturbance factors. 

In general, it can be concluded that ground subsidence positively correlates with the 

weight of the land cover. In other words, heavier land cover types exert greater pressure 

on the surface, resulting in more severe ground subsidence. 

5. Conclusions 

The construction and operation of subways inevitably cause aboveground disturb-

ances, resulting in deformation. Ground deformation, in turn, impacts the safe operation 

of subways and the stability of other buildings and facilities on the surface, and monitor-

ing ground deformation along urban subway networks cannot be delayed. Considering 
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the current lack of long-term monitoring results in terms of ground deformation along the 

entire subway network in China as well as a statistical analysis of the overall deformation 

states, we extracted ground deformation data for areas along the subway network of 35 

major cities in China between 2018 and 2022 with the help of SBAS-InSAR technology and 

4705 Sentinel-1 acquisitions. By verifying the results with GNSS data, we found that the 

RMSE of the InSAR results was 3.75 mm/year, indicating a high accuracy. We also found 

that the Pearson correlation coefficient between the regional GDP and the ground subsid-

ence along the subway network was 0.787, indicative of a strong positive correlation. Ad-

ditionally, there is a positive correlation between ground subsidence and the weights of 

different land cover types. 

A statistical analysis of ground deformations along the subway networks in these 

cities showed that ground subsidence was most prominent along the subway networks in 

the North China Plain, karst landforms, and coastal areas. Cities such as Beijing, Tianjin, 

and Shijiazhuang lie in the North China Plain, and one of the main reasons for their 

ground subsidence is excessive pumping of groundwater. These areas are densely popu-

lated, with developed industry and agriculture, and high levels of water consumption. 

Long-term overexploitation of groundwater leads to a decrease in groundwater level, 

which in turn leads to subsidence. A typical city that exhibits Karst landforms is Yunan, 

where the bedrock is mainly composed of limestone, which has been eroded by ground-

water for a long time, forming geological structures such as karst caves and gullies. The 

existence of these structures makes the ground prone to subsidence when subjected to 

external forces. In addition, factors such as climate change and precipitation may also af-

fect karst processes, thereby affecting ground stability. In coastal areas such as Guang-

zhou, Shenzhen, Xiamen, and other cities, the main causes of surface subsidence include 

seawater intrusion, groundwater exploitation, and the construction of high-rise buildings. 

The invasion of seawater can alter the physical properties of soil and reduce its bearing 

capacity; groundwater exploitation can lead to a decrease in groundwater level and cause 

ground subsidence; the construction of high-rise buildings increases the ground load and 

exacerbates settlement phenomena. In addition, natural disasters such as storm surges 

may also pose a threat to the surface stability of coastal areas. 

Currently, a summary of the regular deformation characteristics contained in the 

massive time-series InSAR results obtained in this study is still lacking. Subsequent re-

search will focus on providing a more detailed analysis using large-scale, time-series de-

formation big data to provide more robust data and support decisions for constructing, 

operating, and maintaining urban subways. 
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