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Abstract

:

Due to the rapid urbanization development, the precipitation variability in the Taihu Lake basin (TLB) in East China has become highly complex over the last decades. However, there is limited understanding of the spatiotemporal variability of precipitation complexity and its relationship with the urbanization development in the region. In this article, by considering the whole urbanization process, we use the SampEn index to investigate the precipitation complexity and its spatial differences in different urbanization areas (old urban area, new urban area and suburbs) in TLB. Results indicate that the precipitation complexity and its changes accord well with the urbanization development process in TLB. Higher urbanization degrees correspond to greater complexity degrees of precipitation. Precipitation in old urban areas shows the greatest complexity compared with that in new urban areas and suburbs, not only for the entire precipitation process but also the precipitation extremes. There is a significant negative correlation between the annual precipitation and its SampEn value, and the same change of precipitation can cause a greater complexity change in old urbanization areas compared with the new urban areas and suburbs. It is noted that the enhanced precipitation complexity in a new urban area during recent decades cannot be ignored facing the expanding urbanization.
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1. Introduction


Under the aggravating influence of climate change and anthropogenic effects, the hydrological cycles in many basins and regions worldwide are significantly changing [1,2]. As an important part of the hydrological cycle, precipitation and its variability and change are often related to water disasters. They can cause adverse consequences to economic development and people’s lives in affected regions [3,4]. Therefore, detecting the precipitation variability under the changing environment is important and is a necessary basis for better understanding hydrological variability, effectively implementing the prevention of flood-waterlog and drought disasters, and planning and managing water resources.



Hydrological time series is the embodiment and reflection of the comprehensive effects of hydrological variability [5,6] with complex evolution at multi-time scales [7]. Thus, hydrological time series analysis is an effective approach to identify the hydrological variability and changes and further separates the different components in a hydrological time series by considering statistical significance [8,9]. Traditional methods are mainly based on probabilistic statistical theory to analyze certain variability types of hydrological time series, such as monotonic trend [10], jump (or phase trend) [11], periodicities [12], long-term dependence (correlation) [13], etc. However, they fail in identifying more complex hydrological variability [14].



Among those new theories for time series analysis, the information entropy theory is effective in quantifying the irregularity and complexity of dynamic systems [15,16]. Generally, more irregularity indicates more complex systems. It provides a novel approach to explore the complexity of hydrology processes [16,17,18,19,20,21,22]. Pincus [23,24] proposed the concept of approximate entropy to measure the complexity of nonlinear time series, but it has difficulty in calculation [25]. To overcome the problem, Richman and Moorman [26] proposed the sample entropy (SampEn) by avoiding count self-matches. SampEn has many advantages including non-dependence on data length, high consistency, insensitivity to missing data, and high computational efficiency, etc. [27]. It has been widely used in the various fields [28,29,30,31]. In Hydrology, the SampEn index is often used to analyze the complexity of hydrological variables [3,32,33,34]. It has been proved with better performance in calculating the complexity of precipitation and runoff at different timescales, compared with the approximate entropy [31,34].



Located in the Yangtze River Delta, the Taihu Lake Basin (TLB) is one of the most developed, densely populated and highly urbanized areas in China. The rapid urbanization process of TLB has a profound impact on the precipitation variability over recent decades. Many studies have investigated the precipitation variability and its physical causes in the region [35,36,37,38,39,40,41,42]. It is considered that there is a certain genetic correlation between the El Nino phenomenon and the precipitation change in TLB. [36]. Further, it is suggested that the rapid urbanization has great influence on the precipitation variability [37]. Higher urbanization level corresponds to a larger decrease of relative humidity and slower increase in precipitation due to the “rain island effect” [38]. Yang et al. [39] found that the rapid urbanization in recent years had a certain correlation with the increase of extreme precipitation in the Meiyu period (May to July) in TLB. Overall, these studies mainly use traditional statistical methods to investigate the trends and periodicities of precipitation at various characteristic scales. However, the total precipitation complexity and its spatial difference in TLB still lacs an in-depth study, which is an important basis for and prediction at large timescales.



By considering the whole urbanization process in TLB, the main objective of this study is to analyze the spatial and temporal complexity of precipitation in different urbanized areas in TLB by using the SampEn index and moving sample entropy (M-SampEn) index. Two open questions are to be answered: (1) How precipitation complexity changes in TLB and if there is spatial difference? and (2) how precipitation complexity responses to the urbanization in TLB?




2. Data and Methods


2.1. Study Area


The TLB is located in the downstream tributary of the Yangtze River Basin in China. With a total area of 36895 km2, the basin is dominated by the plain, accounting for 4/6 of the total area, while the mountain and hills make up only 1/6 in the west, and the remaining 1/6 is composed of the interconnected and crisscrossed water systems. The topographic features in TLB are high in the surrounding area and low in the middle region. According to the terrain and water system of the watershed, the whole basin can be divided into seven parts, as shown in Figure 1.



The TLB has a typical subtropical monsoon climate, dry and cold in winter, but hot and humid in summer. The average annual precipitation in TLB is about 1130.8 mm (1965–2013), and the average rainfall in flood season (including rainy season from May to July, and typhoon season in August and September) is about 683.2 mm, accounting for 60.4% of annual precipitation.



With a 77.6% urbanization rate in 2013, the TLB is one of the most urbanized areas in China. In 2013, the population in the basin was 59.97 million, and the Gross Domestic Product (GDP) reached ¥6.69 trillion, accounting for 9.9% of the national GDP, while the per capita GDP (GDPPC) is 2.3 times that of the whole country. Over the past decades, the large-scale expansion of city groups (centered on Shanghai, including Changzhou, Wuxi, Suzhou, Huzhou, Hangzhou, Jiaxing, and many rapidly developing towns) has been accompanied by the rapid succession of underlying surface and rapid accumulation of population and industry, which has been obviously changing the hydrological regimes in the region. The urbanization process in TLB has been rapidly increasing since the early 1990s. Figure 2 shows the increasing process of two urbanization indicators in TLB. The proportion of urban population in 2013 was 61.3%, with an average increase rate of 1.39% per year over the past decade, much bigger than 0.61% per year before the 1990s. The other indicator of GDPPC also indicates a similar phenomenon.




2.2. Data Used


The precipitation data measured at 49 weather stations in TLB, with the period of 1965–2013, are used for the study. The monthly precipitation data are used to interpret the spatial difference of precipitation complexity in TLB, and the daily precipitation data are used for analyzing the temporal variability of precipitation complexity. The quality, consistency and reliability of all data are checked to ensure the accuracy of the results. Due to the spatial heterogeneity in urbanization development, the precipitation complexity in TLB has a spatial difference. The effect of urbanization on precipitation changes is considered here by detecting the spatial division following urbanization, and the precipitation complexity in different urbanization areas is compared; after that, the relationship between precipitation complexity and urbanization development is explored.



In order to clarify the urbanization development and its impacts on the precipitation complexity in TLB, it is necessary to first analyze the temporal and spatial evolution of the urbanization process. For such a rapidly developing region, the areas with mature urbanization before 1990 are taken as old urban areas, while the fast-urbanizing areas after 1990 are taken as new urban areas, and the rest of the slow-urbanizing areas are suburbs. We calculate the built-up area ratios (the ratio of urban area in the total areas) around 5 km × 5 km of each station according to the urban distribution in 1990 and 2013. They are interpreted from the remote sensing images by using the nine-point classification method. According to the spatial distribution of built-up areas in 2013, those stations with built-up area ratios less than 66.7% (i.e., less than 6 points in the 9 points around 5 km × 5 km of the station) are considered as suburb stations, and the rest of the stations are further divided into old and new city stations based on the results in 1990, that is, the old city stations with the built-up area ratios greater than 66.7% but the new city stations less than 66.7% in 1990. It is known that new city stations are affected slightly by urbanization before 1990 but strengthened after 1990. The classification of stations is shown in Figure 3, including 14 old city stations, 18 new city stations and 17 suburb stations. The area precipitation data in the three areas are obtained by computing the average precipitation at the corresponding stations.




2.3. Methods


The index of SampEn is used to quantify the complexity of precipitation in TLB. It is calculated as follows:



(I) For a N-point precipitation series x(i) (1 < i < N), construct N − m + 1 new series X(i) of m dimensional vectors from series x(i):


X(i)=[x(i),x(i+1),⋯x(i+m−1)],i=1∼(N−m+1)



(1)







(II) Define the maximum distance between corresponding scalars x(i + k) and x(j + k) as the distance d[X(i),X(j)] between vectors X(i) and X(j):


dj≠i[X(i),X(j)]=maxk=0,⋯,m−1(|x(i+k)−x(j+k)|)



(2)







(III) Set a threshold r, which is a preset tolerance factor and adopted as a percentage of series’ standard deviation, to measure the tolerance of mismatch between the two vectors X(i) and X(j). The two vectors X(i) and X(j) are considered as similar if d[X(i), X(j)] < r. The number of vectors X(j) (j ≠ i) being similar to X(i) is given as Bi, and then the ratio of Bi to the total number N − m − 1 is noted as Bim(r), and Bm(r) is the average Bim(r) for all i:


Bm(r)=1N−m∑i=1N−mBim(r)=1N−m∑i=1N−m1N−m−1Bi



(3)







(IV) Repeat steps (I)–(III) to yield Bm+1(r) for vectors of length m + 1, and then the theoretical SampEn value of the series x(i) is given by:


SampEn(m,r,N)=limN→∞{−ln[Bm+1(r)Bm(r)]}



(4)







In Equations (2)–(4), it is noted that j≠i, meaning that self-matches (compare a vector with itself) are excluded. The sample entropy for a finite length sequence can be simplified as:


SampEn(m,r,N)=−ln[Bm+1(r)Bm(r)]



(5)




where m and r are two important parameters for computing the sample entropy. They would influence the sample entropy value but would not affect its variation due to the intrinsic consistency of sample entropy. Here, set m = 2 and r = 0.15STD, STD is the standard deviation of x(i), in the analysis of precipitation data in TLB. More details of the SampEn calculation can be found in Reference [26]. The analysis of precipitation complexity using the sample entropy index can also be found in Figure 4. Besides, the Mann-Kendall (MK) test is used to identify the significance of the precipitation and SampEn time series.





3. Results and Discussion


3.1. Spatial Difference of Precipitation Complexity in TLB


To analyze the spatial difference of precipitation complexity in TLB, the static SampEn values of the monthly precipitation data (with 588 samples) in the old urban area, new urban area and suburbs during 1965–2013 are calculated (shown in Table 1). It shows that the static SampEn values in the three areas have relative difference, with the highest value (2.168) in old urban areas, followed by new urban areas (2.103) and suburbs (2.066), reflecting the relative difference of precipitation complexity among them. Thus, it is thought that the spatial heterogeneity of urbanization development in TLB and its influence on the precipitation variability have spatial differences. Higher degree of urbanization corresponds to greater entropy value, greater precipitation complexity and lower predictability of precipitation.




3.2. Dynamic Change of Precipitation Complexity in TLB


The SampEn values can reflect the complexity of a time series, but it cannot dynamically quantify the change of its complexity over time. Here, the M-SampEn values of precipitation time series during 1965–2013 in the three areas are calculated to further depict the dynamic changes of precipitation complexity, where the 120 months is taken as the sliding window and 1 month as the slide step. The results are shown in Figure 5. In the whole period of 1965–2013, the M-SampEn values of monthly precipitation in the three urbanization areas of TLB are significantly different (p < 0.05), based on the one-way Analysis of Variance (ANOVA) at the 5% significance level (Table 2) and the box plots of M-SampEn values in Figure 6.



Furthermore, results in Figure 5 indicate that the precipitation complexity has periodic variability and increases with time, especially in the old urban area and new urban area. Before 1980, the M-SampEn values in the three areas are similar, but the difference gradually arises afterwards, especially for the extreme points. After 1980s, the SampEn value of precipitation in old urban areas shows greater complexity than that in new urban areas and suburbs. Particularly, the M-SampEn value in new urban areas also obviously increases after the 1990s, implying that the complexity of precipitation is enhanced by the rapid urbanization.



Meteorological and geographical conditions are the two main physical factors that influence regional precipitation. Because the city group in TLB is mainly located in the plain river network area, the difference of regional terrain conditions is less influential. Besides, the trends of annual precipitation in the old and new urban areas and suburbs are basically the same, and their correlation coefficient values are bigger than 0.88, which indicates that precipitation in different zones in TLB is controlled by the same climate conditions. However, there is a slight difference of M-SampEn values among the three zones, which is mainly attributed to the different urbanization degrees. Since 1990, the urbanization process in TLB has been accelerating, accompanied by the underlying surface succession, population growth and industrial development. All kinds of anthropogenic heat and carbon sources affect the physical and chemical properties of atmosphere. Therefore, the urbanization would inevitably cause the changes in local terrestrial surface and energy balance, which may cause mutual enhancement or superposition of urban "rain island effect" and "heat island effect", and increase precipitation complexity, especially in old urban areas and new urban areas that usually lead to large water accumulation and terrible urban waterlog problems.




3.3. Temporal Complexity of Precipitation in TLB


The SampEn value of daily precipitation data in each urbanization zone is calculated to further compare its difference with the annual precipitation in each year. As shown in Table 3, the annual precipitation shows a significant upward trend at 10% significance level before 1990, but decreases in all areas after 1990 (shown in Figure 7), although the trend is not significant. Furthermore, Figure 7 exhibits that there is a significant negative correlation between the long-term variation of annual precipitation and that of its SampEn value (with the negative correlation coefficient smaller than −0.30) and a good correlation between the peak precipitation and SampEn valley value. Larger annual precipitation corresponds to lower SampEn value and less complexity. Conversely, smaller annual precipitation with a bigger SampEn value is more complex.



We further calculate the ratio u between the relative changes in SampEn value and precipitation changes before and after 1990:


u=|ρSampEn,1991−2013−ρSampEn,1965−1990ρP,1991−2013−ρp,1965−1990|



(6)




where ρP (ρSampEn) is the average change rate of annual precipitation (SampEn value). Table 4 shows that the value of u in old urban area is 0.00033, which is larger than 0.00021 in the new urban area and 0.00011 in suburbs. The u value in the old urban area is three times that in suburbs. It indicates that the impact of urbanization also varies with zones, which causes more precipitation decrease in the old urban area than that in new urban area, followed by suburbs. Therefore, the same precipitation change can cause greater change in precipitation complexity in the old urban area, although the new urban area is also greatly affected by urbanization.





4. Conclusions


The spatial heterogeneity of urbanization in TLB has a big influence on the spatial distribution of precipitation and its complexity in the region. In this study, the SampEn index is employed to investigate the spatial and temporal variability of precipitation complexity in different urbanization areas in TLB. Results indicated that the static SampEn value of precipitation in the old urban area is the highest, followed by the new urban area and suburbs, being consistent with the diverse development degrees of urbanization. Overall, a higher degree of urbanization causes a greater SampEn value of precipitation, higher precipitation complexity and lower predictability of precipitation.



Comparatively, precipitation in the old urban area shows more significant variability than that in the new urban area and suburbs, especially for extreme values, which involve the dynamic change of precipitation complexity. The precipitation complexity in new urban areas is enhanced by the rapid urbanization after 1990s. The complexity of precipitation in both old and new urban areas shows an upward trend, especially in recent years. The scale of urban agglomeration has been continuously expanding, and the urban “heat island effect” and “rain island effect” are intensified and superimposed on each other, causing the increase in urban precipitation complexity.



In the whole period, there is a significant negative correlation between annual precipitation and its SampEn value. Larger precipitation has a lower SampEn value and low complexity. By comparing the three urbanization zones, the relative complexity of precipitation in old urban area is the highest, indicating that the same precipitation changes can cause a greater change of precipitation complexity in the old urban area rather than the new urban area and suburbs.



In summary, the urbanization development significantly affects the spatial and temporal distribution of precipitation complexity in TLB, which will be aggravated along with urban agglomeration. It not only promotes us to further explore the physical mechanisms of precipitation change, but also provides a more useful guide for flood control and disaster mitigation, water resources management and project construction in TLB.







Author Contributions


J.H. and Y.L. did the data analysis work and wrote the paper; Y.-F.S. guided the entire study and contributed to the discussion part.




Funding


This study was financially supported by the National Natural Science Foundation of China (No. 51809252, 51609140), the National Key Research and Development Program of China (No. 2016YFC0401502, 2016YFC0400910), the Youth Innovation Promotion Association CAS (No. 2017074), and the National Mountain Flood Disaster Investigation Project (No. SHZH-IWHR-57).




Acknowledgments


The authors gratefully acknowledge the most appropriate comments and suggestions given by the editors and the anonymous reviewers.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Haddeland, I.; Heinke, J.; Biemans, H.; Eisner, S.; Flörke, M.; Hanasaki, N.; Konzmann, M.; Ludwig, F.; Masaki, Y.; Schewe, J.; et al. Global water resources affected by human interventions and climate change. Proc. Natl. Acad. Sci. USA 2014, 111, 3251–3256. [Google Scholar] [CrossRef] [PubMed]

	



Grill, G.; Lehner, B.; Lumsdon, A.E.; MacDonald, G.K.; Zarfl, C.; Liermann, C.R. An index-based framework for assessing patterns and trends in river fragmentation and flow regulation by global dams at multiple scales. Environ. Res. Lett. 2015, 10, 015001. [Google Scholar] [CrossRef]

	



Xue, L.Q.; Liu, Y.H.; Zhang, M.Z.; Wang, S.Q.; Li, J. Mutation Test on Rainfall and Runoff Time Series Based on Sample Entropy. J. Earth Sci. Environ. 2015, 37, 75–80. [Google Scholar]

	



Hu, Q.F.; Zhang, J.Y.; Wang, Y.T.; Huang, Y.; Liu, Y.; Li, L.J. A review of urbanization impact on precipitation. Adv. Water Sci. 2018, 29, 138–150. [Google Scholar]

	



Ravines, R.R.; Schmidt, A.M.; Migon, H.S.; Renno, C.D. A joint model for rainfall-runoff: The case of Rio Grande Basin. J. Hydrol. 2008, 353, 189–200. [Google Scholar] [CrossRef]

	



Sang, Y.F.; Wang, D.; Wu, J.C.; Zhu, Q.P.; Wang, L. The relation between periods’ identification and noises in hydrologic series data. J. Hydrol. 2009, 368, 165–177. [Google Scholar] [CrossRef]

	



Sang, Y.F.; Singh, V.P.; Hu, Z.; Xie, P.; Li, X. Entropy-aided evaluation of meteorological droughts over China. J. Geophys. Res. Atmos. 2018, 123. [Google Scholar] [CrossRef]

	



Shahin, M.; Oorschot, H.J.L.V.; Lange, S.J.D. Statistical analysis in water resources engineering. Opt. Express 1993, 22, 7362–7363. [Google Scholar]

	



Machiwal, D.; Jha, M.K. Hydrologic Time Series Analysis: Theory and Practice; Springer: Amsterdam, The Netherlands, 2012. [Google Scholar]

	



Sang, Y.F.; Sun, F.; Singh, V.P.; Xie, P.; Sun, J. A discrete wavelet spectrum approach for identifying non-monotonic trends in hydroclimate data. Hydrol. Earth Syst. Sci. 2018, 22, 757–766. [Google Scholar] [CrossRef]

	



Xie, P.; Wu, Z.; Sang, Y.F.; Gu, H.; Zhao, Y.; Singh, V.P. Evaluation of the significance of abrupt changes in precipitation and runoff process in China. J. Hydrol. 2018, 560, 451–460. [Google Scholar] [CrossRef]

	



Kite, G. Use of time series analysis to detect climatic change. J. Hydrol. 1989, 111, 259–279. [Google Scholar] [CrossRef]

	



Tetzlaff, D.; Carey, S.K.; McNamara, J.P.; Laudon, H.; Soulsby, C. The essential value of long-term experimental data for hydrology and water management. Water Resour. Res. 2017, 53, 2598–2604. [Google Scholar] [CrossRef]

	



Sang, Y.F.; Singh, V.P.; Wen, J.; Liu, C.M. Gradation of complexity and predictability of hydrological processes. J. Geophys. Res.-Atmos. 2015, 120, 5334–5343. [Google Scholar] [CrossRef]

	



Shannon, C.E. A Mathematical Theory of Communication. Bell Syst. Tech. J. 1948, 27, 379–423. [Google Scholar] [CrossRef]

	



Singh, V.P. Entropy theory for hydrologic modeling. J. Beijing Norm. Univ. Nat. Sci. 2010, 46, 229–240. [Google Scholar]

	



Chen, L.; Singh, V.P. Entropy-based derivation of generalized distributions for hydrometeorological frequency analysis. J. Hydrol. 2018, 557, 699–712. [Google Scholar] [CrossRef]

	



Singh, V.P.; Sivakumar, B.; Cui, H.J. Tsallis Entropy Theory for Modeling in Water Engineering: A Review. Entropy 2017, 19, 641. [Google Scholar] [CrossRef]

	



Singh, V.P.; Oh, J. A Tsallis entropy-based redundancy measure for water distribution network. Phys. A 2014, 421, 360–376. [Google Scholar] [CrossRef]

	



Papalexiou, S.M.; Koutsoyiannis, D. Entropy based derivation of probability distributions: A case study to daily rainfall. Adv. Water Resour. 2012, 45, 51–57. [Google Scholar] [CrossRef]

	



Krstanovic, P.F.; Singh, V.P. Evaluation of rainfall networks using entropy: 1. Theoretical development. Water Resour. Manag. 1992, 6, 279–293. [Google Scholar] [CrossRef]

	



Krstanovic, P.F.; Singh, V.P. Evaluation of rainfall networks using entropy: 2. Application. Water Resour. Manag. 1992, 6, 295–314. [Google Scholar] [CrossRef]

	



Pincus, S.M. Approximate entropy as a measure of system complexity. Proc. Natl. Acad. Sci. USA 1991, 88, 2297–2301. [Google Scholar] [CrossRef] [PubMed]

	



Pincus, S.M. Approximate entropy (ApEn) as a complexity measure. Chaos 1995, 5, 110–117. [Google Scholar] [CrossRef] [PubMed]

	



Li, X.G.; Wei, N.; Wei, X. A new method for determining parameters of system complexity measures and its application. Syst. Eng.-Theory Pract. 2018, 38, 252–262. [Google Scholar]

	



Richman, J.S.; Moorman, J.R. Physiological time-series analysis using approximate entropy and sample entropy. Am. J. Physiol. Heart Circ. Physiol. 2000, 278, 2039–2049. [Google Scholar] [CrossRef] [PubMed]

	



Manis, G. Fast computation of approximate entropy. Comput. Methods Prog. Biomed. 2008, 91, 48–54. [Google Scholar] [CrossRef] [PubMed]

	



Lake, D.E.; Richman, J.S.; Griffin, M.P.; Moorman, J.R. Sample entropy analysis of neonatal heart rate variability. Am. J. Physiol. 2002, 283, 789–797. [Google Scholar] [CrossRef] [PubMed]

	



Pincus, S.M. Assessing serial irregularity and its implications for health. Ann. N. Y. Acad. Sci. 2002, 954, 245–267. [Google Scholar] [CrossRef]

	



Zhao, Z.H.; Yang, S.P. Sample entropy-based roller bearing fault diagnosis method. J. Vib. Shock 2012, 31, 136–140. [Google Scholar]

	



Hu, X.S.; Jiang, J.C.; Cao, D.P.; Egardt, B. Battery Health Prognosis for Electric Vehicles Using Sample Entropy and Sparse Bayesian Predictive Modeling. IEEE Trans. Ind. Electron. 2016, 63, 2645–2656. [Google Scholar] [CrossRef]

	



Peng, T.; Chen, X.H.; Zhuang, C.B. Analysis on complexity of monthly runoff series based on sample entropy in the Dongjiang river. Ecol. Environ. Sci. 2009, 18, 1379–1382. [Google Scholar]

	



Kang, Y.; Cai, H.J.; Song, S.B. Study and application of complexity model for hydrological system. J. Hydroelectr. Eng. 2013, 32, 5–10. [Google Scholar]

	



Chou, C.M. Complexity analysis of rainfall and runoff time series based on sample entropy in different temporal scales. Stoch. Environ. Res. Risk Assess 2014, 28, 1401–1408. [Google Scholar] [CrossRef]

	



Wu, H.Y.; Wang, Y.T.; Hu, Q.F.; Liu, Y. Tempo-spatial Change of Precipitation in Taihu Lake Basin during Recent 61 Years. J. China Hydrol. 2013, 33, 75–81. [Google Scholar]

	



Wu, J.; Lin, H.J.; Wu, Z.Y.; Jiang, G.H.; Ji, T.D. Influence of El Nino Events on Rainfall in Taihu Basin. J. China Hydrol. 2017, 37, 60–65. [Google Scholar] [CrossRef]

	



Ji, D.; Zhang, H.; Shen, W.S.; Wang, Q.; Li, H.D.; Lin, N.F. The Response Relationship between Underlying Surface Changing and Climate Change in the Taihu Basin. J. Nat. Resour. 2013, 28, 51–62. [Google Scholar]

	



Ding, J.J.; Xu, Y.P.; Pan, G.B. Effect of urbanization on regional precipitation in Suzhou-Wuxi-Changzhou area. Resour. Environ. Yangtze Basin 2010, 19, 873–877. [Google Scholar]

	



Yang, M.N.; Xu, Y.P.; Pan, G.B.; Han, L.F. Impacts of urbanization on precipitation in Taihu Lake Basin, China. J. Hydrol. Eng. 2014, 19, 739–746. [Google Scholar] [CrossRef]

	



Jin, Y.R.; Hu, Q.F.; Wang, Y.T.; Huang, Y.; Yang, H.B.; Cui, T.T. Impacts of rapid urbanization on precipitation at two representative rain gauges in Shanghai City. J. Hohai Univ. (Nat. Sci.) 2017, 45, 1–8. [Google Scholar]

	



Lin, H.; Sun, J.N. Possible effects of urbanization on regional precipitation over Yangtze River Delta area. J. Nanjing Univ. (Natl. Sci.) 2014, 50, 792–799. [Google Scholar]

	



Li, N.; Xu, Y.P.; Chen, S. Influence of Urbanization on Precipitation in Suzhou City. Resour. Environ. Yangtze Basin 2006, 15, 335–339. [Google Scholar]








[image: Entropy 21 00048 g001 550]





Figure 1. Location of the Taihu Lake Basin in China and its topography and seven sub-basins. 
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Figure 2. Population increase and economic development in the Taihu Lake Basin over the last four decades. GDPPC means the Gross Domestic Product per capita. 
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Figure 3. Spatial distribution of 49 weather stations in the Taihu Lake Basin. It includes 14 old city stations, 18 new city stations and 17 suburb stations. 
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Figure 4. Flowchart of the sample entropy (SampEn) calculation used for the complexity analysis of precipitation in the Taihu Lake Basin. 
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Figure 5. Variation of the moving SampEn (M-SampEn) value of the 120-month-length precipitation data in different urbanization zones in the Taihu Lake Basin. The x-coordinate represents the monthly time, for example, Jan/75 represents January in 1975, and the corresponding value is the SampEn value of the past 120 months precipitation series. 
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Figure 6. The box plots of the moving SampEn (M-SampEn) values of monthly precipitation data in the three urbanization areas of TLB. 
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Figure 7. Annual precipitation and its corresponding SampEn value in the old urban areas (a), new urban areas (b) and suburbs (c) in the Taihu Lake Basin. 
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Table 1. Static SampEn values of monthly precipitation data during 1965–2013 in different urbanization zones in the Taihu Lake Basin.
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	Urbanization Zone
	Old Urban Area
	New Urban Area
	Suburbs





	P¯ * (mm)
	1118.1
	1100.1
	1097.5



	SampEn value
	2.168
	2.103
	2.066







*P¯ is the average annual precipitation.
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