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Abstract

:

Major droughts in the United States have heavily impacted the hydrologic system, negatively effecting energy and food production. Improved understanding of historical drought is critical for accurate forecasts. Data from global climate models (GCMs), commonly used to assess drought, cannot effectively evaluate local patterns because of their low spatial scale. This research leverages downscaled (~4 km grid spacing) temperature and precipitation estimates from nine GCMs’ data under the business-as-usual scenario (Representative Concentration Pathway 8.5) to examine drought patterns. Drought severity is estimated using the Palmer Drought Severity Index (PDSI) with the Thornthwaite evapotranspiration method. The specific objectives were (1) To reproduce historical (1966–2005) drought and calculate near-term to future (2011–2050) drought patterns over the conterminous USA. (2) To uncover the local variability of spatial drought patterns in California between 2012 and 2018 using a network-based approach. Our estimates of land proportions affected by drought agree with the known historical drought events of the mid-1960s, late 1970s to early 1980s, early 2000s, and between 2012 and 2015. Network analysis showed heterogeneity in spatial drought patterns in California, indicating local variability of drought occurrence. The high spatial scale at which the analysis was performed allowed us to uncover significant local differences in drought patterns. This is critical for highlighting possible weak systems that could inform adaptation strategies such as in the energy and agricultural sectors.
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1. Introduction


In the United States, significant historical drought events have had devastating effects on the hydrologic system, accordingly impacting energy generation and production [1,2], agriculture [3,4], water availability and associated infrastructure [5], and green infrastructure and vegetation health [6]. Inevitably, the national economy has suffered the ultimate socioeconomic consequence. Understanding the spatial–temporal characteristics of drought onset is important in estimating probable propagation, spatially into nearby regions and progression to other dimensional categories [7]. It has been shown that drought conditions may, with time, extend to surrounding regions of similar climate patterns [8]. This will generally depend on the existing teleconnections of the climate regions in question. Determination of existing climate networks in a region is a good strategy for analyzing possible paths of spatial propagation thereby augmenting projections of drought to surrounding areas.



The topic of drought has been extensively studied, e.g., in [9,10], normally with the desire to gain more understanding to enable forecasting of future events and hence better preparedness. Nevertheless, there exists considerable disagreement as to a comprehensive definition of drought [11]. Many researchers refer to drought as being associated with a prolonged and abnormal moisture deficiency [12]. The cause or consequence of the deficiency translates to different categories of drought, which include meteorological, hydrological, agricultural, and socioeconomic. Some authors [12] have recommended separate examination of drought by category. However, it is not easy to clearly isolate the categories as the boundary separating them is often vague [13]. The creeping nature of drought makes it difficult to predict its onset or ending. It gradually develops, cumulatively contributing to its severity. Tannehill for example, noted that the first day of a drought is as important as the last; however, we only become aware of its progression when the effects start to show [14].



The mitigation of drought effects depends on the availability and accuracy of information on the probability of occurrence, the intensity of drought, its frequency, and duration. There are tools developed specifically for monitoring and predicting drought. In the United Sates, the U.S. Drought Monitor serves as the primary resource for drought assessment, providing historical records and near-real-time estimates expressed in various severity indices including PDSI and SPI. Other resources providing specific aspects of drought include Climate Engine, Drought-ACIS, CRN Soil Moisture and Temperature, Drought Risk Atlas, and Drought Management Database, among others. Elsewhere, tools dedicated to drought assessment have also been developed [15]. Often, scientists strive to establish societal resiliency to the impacts of drought through research. Improved understanding of the climate system has specifically enabled modeling approaches that simulate the climate system, making it possible to create different outcome scenarios. Using data from various GCMs, researchers have attempted to estimate future drought events using models calibrated based on known historical events [16,17]. Others have utilized ground observation data to derive and study drought patterns [18], and others have used observation in combination with GCM data [19]. While the estimates are useful in assessing regional drought, it is not easy to evaluate local patterns mostly because GCM data are at the moderate to low spatial scale, and observation stations are sparse.



Recent developments in climate studies have included the permeation of network analysis for its analytical ability to uncover unique local to global properties of the climate [20]. The concept was first introduced in [21] and is based on measured pairwise interactions between climates of different locations. Applications in drought studies have involved the identification of the drought tolerance and susceptibility of different cultivars, predictive modeling, comparing climate dynamics in different locations [22,23], and reducing the dimensionality of large climate data [24], among other things. Network analysis has been used to expose both local and global variability in climate as measured by variables such as mean temperature and precipitation. Further, it allows for the division of large areas into clusters using community detection algorithms that evaluate similarity metrics between climate locations based on a characteristic climate variable, in this case, PDSI time series. Climate locations are grouped into clusters based on the calculated similarity measure. The division is such that, in each cluster, the fluctuations of a climate variable are in phase [22] or have similar response to physical processes such as the El Niño–Southern Oscillation (ENSO) [25]. Limited studies have investigated the existence of community structure within local, state, or watershed levels. Many authors have studied the networks at national, regional [26], and global [27,28] scales. Often, interesting patterns are uncovered that explain climate phenomenon that cannot be explained through conventional approaches.



The main goal of the current research was to understand the spatial–temporal patterns of drought in the United States. First, we inspected and presented the historical droughts as determined from nine GCMs’ data while verifying with known drought events. Second, we estimated near-term to future drought patterns. In both cases, we determined the general trends in the proportion of land areas affected by drought. We then examined the spatial occurrence of severe drought at decadal time scales to enable comparison among GCM data and geographically assess past and potential drought. Lastly, we employed the network-based approach to determine potential networks associated with the occurrence of drought as measured using PDSI. The research is novel in that (1) it examines drought, a critical topic to the socioeconomic development of the United States; (2) it performs the assessment at a high spatial resolution that has not been attempted before at a national level, thus revealing unique local structure and utility for localized drought assessment that is not possible with coarse GCM data; (3) it employs an innovative network-based approach to reveal and characterize coherent subsystems within the state of California during a typically dry spell and demonstrates local drought patterns; and (4) it cross compares findings among nine GCMs’ data presenting a comprehensive analysis.




2. Materials and Methods


We quantified historical and future drought severity using the Palmer Drought Severity Index (PDSI). The PDSI was developed by Palmer [29] and is an extensively used method for quantifying drought severity. To compute PDSI, temperature, precipitation, and available water capacity data are required. The analysis utilized a time series (1966–2005 and 2011–2050) of downscaled monthly temperature and precipitation data generated by Naz et al. from nine GCMs following downscaling procedures described in [30]. Our focus on RCP 8.5 was to indicate probable drought conditions if emissions continue unabated. In the downscaling procedure, coarser resolution GCM outputs from the Coupled Model Intercomparison Project, phase 5 (CMIP5), GCMs under Representative Concentration Pathway (RCP) 8.5 were first dynamically downscaled to 18 km using the RegCM4 model. The RegCM4 model outputs were then statistically bias corrected using observations from the Parameter-elevation Regressions on Independent Slopes Model (PRISM) to obtain data at approximately 1/24 degrees (~4 km) resolution. Available water capacity (AWC) data at the top 100 cm were obtained from the USDA State Soil Geographic Database (STATSGO). Table 1 shows the GCM data properties used in this study.



2.1. PDSI Computation


The PDSI is a meteorological index that is a measure of the departure of moisture supply and is based on the supply and demand concept of the water balance. It allows comparison of drought severity across time and space by standardizing measurement of moisture conditions. PDSI was computed for each month, separately for the historical and projected periods at ~4 km grid spacing using the MATLAB tool developed by Jacobi et al. [31] and utilizing the Thornthwaite’s evapotranspiration method [32] to estimate climate moisture demand. A detailed description of the PDSI calculation can be found in Palmer [29].



In summary, the computation procedure begins with a hydrologic accounting using a water balance method, which incorporates preceding and prevailing meteorological conditions of an area including soil moisture, moisture supply, and demand (evapotranspiration) to determine continued normalcy of climate conditions. Soil moisture is handled by dividing the soil layer into two layers in a model with the following assumptions:




	
Evapotranspiration (ET) losses from the soil occur if potential evapotranspiration (PE) > precipitation (P) for the month.



	
The surface layer (Ls) contains 1 inch of the available moisture at field capacity.



	
The underlying layer (Lu) has an available capacity that depends on soil characteristics and the depth of the effective root zone.



	
Moisture can only be removed from Lu after available moisture from Ls is all removed.



	
Recharge to Lu can only occur after Ls has been brought to field capacity.



	
ET losses from Ls occur at the potential rate.



	
Losses from Lu depend on the depth of the effective root zone, initial moisture content in Lu, PE, and the combined AWC in both soil layers.



	
Runoff occurs only if both layers reach their combined field capacity.








For each month, the Climatologically Appropriate for Existing Conditions (CAFEC) precipitation, P̂, is then calculated. It is the amount of precipitation required to maintain the climate of an area at normal moisture conditions. The difference, d, between the actual precipitation, P, and the CAFEC precipitation, P̂, is then calculated and represents the monthly departure of P from P̂, and thus the departure from average moisture climate of the region. The departures, d, must be weighted to develop comparable indices of moisture across time and space. A weighting factor, Kj, is therefore developed that transforms the departures according to their apparent significance to the local weather and climate. An index of abnormality, Z = Kjd, is then developed for prolonged drought periods by combining the moisture anomaly indices. Controlling for rapid changes in month-to-month PDSI, it is a defined as a weighted sum of the preceding PDSI and contemporaneous Z value. Drought severity for the ith month, X(i), is established as in Equation (1).


  X  ( i )  = 0.897 x  (  i − 1  )  + Z  ( i )  / 3  



(1)








2.2. Spatial–Temporal Analysis


Temporal patterns were summarized by determining the percentage land area under abnormally dry (−1.0 to −1.9), moderate drought (−2.0 to −2.9) and severe drought (<−3.0) conditions. This provided an overview of the extent of drought conditions while comparing among the models. The desire was to capture and verify significant past droughts as well as identify potential future droughts.



For each grid cell at ~4 km spacing, the computed PDSI values were then analyzed to uncover spatial–temporal patterns. First, PDSI values were summarized into a single value, representing the average value of the summer months (June, July, August) for each year. Here, we focused on only summer months because of known differences in PDSI between winter and summer months that would influence computed averages. For example, the Thornthwaite evapotranspiration approach used in the study is overly dependent on temperature, yet other factors such as solar radiation, wind speed, and water vapor pressure deficit have greater influence on PET [33]. It has also been found that PDSI in the U.S. great plains is mostly influenced by moisture supply, yet PDSI does not account for delayed runoff from ice and snow that occurs in winter but assumes that precipitation is immediately available [34]. The Mann–Kendall [35] trend test was then performed to detect for the presence of a monotonic trend in the annual average summer PDSI. Monotonic trends imply a consistent gradual change in one direction. Because this is a non-parametric trend test, the expectation is that possible outliers or non-normality will not significantly affect the test result [36]. The null hypothesis is that the data were generated through an independent random process and, therefore, are uniformly distributed, while the alternative hypothesis is that the data exhibit a monotonic trend [37]. In this case, the interest was to determine whether there is any increasing or decreasing trend in PDSI. The trends can be interpreted in relation to the dry or wet conditions.



The Mann–Kendall trend test only tests for the presence of a monotonic trend but does not quantify it. Sen slope [38,39] has been recommended and widely used to quantify a monotonic trend by calculating among other things, the slope as a linear rate of change. The quantity represents the median slope joining all pairs of observations measured in quantity per unit time. In this case, values are average change in PDSI per year for the summer months.



Spatial patterns were further summarized by calculating, for each decade of the historical and projected periods, the average number of severe drought months per year. This indicated the spatial occurrence of severe drought across USA, highlighting severely affected areas as decadal aggregates.




2.3. Local Spatial Heterogeneity


We used a network analysis approach to investigate the spatial–temporal heterogeneity of PDSI for California between 2012 and 2018. This was to reveal independent local microclimates as indicated by similarities or differences in historical patterns of dryness or wetness between different locations, demonstrating the utility of high-spatial-resolution climate data for localized drought assessment. In the approach, grid points at ~4 km spacing on a latitude and longitude space were randomly sampled and considered as vertices with PDSI as the attribute. A 3-month moving average was performed on the PDSI time series data to smooth out interim variations and feature longer-term trends. The vertices were joined by edges defined as statistical correlation between vertex attributes (PDSI). These correlations were used to weight the edges. Existing networks were delineated through a pruning method that eliminated edges with weak correlations based on a predetermined threshold. Initially, correlations were computed for all possible combinations of vertices resulting in a perfectly connected network. Weak edges were eliminated by selecting only correlation coefficients ≥ 0.9 that were statistically significant at 99% confidence level. Previous authors have considered values of ≥ 0.5 [40] and ≥0.9 with p-values of very high significance [41]. We preferred the Pearson correlation coefficient as a measure of link strength because of its simplicity. Non-linear measures such as mutual information have been studied before and found to be significantly comparable to the Pearson coefficient [42]. Nevertheless, future work should examine other non-linear measures to capture any non-linear relationships. It is suggested that time series values should be normalized to reduce seasonality, which might amplify correlations [43]. In this analysis, PDSI values were not normalized before network creation because PDSI is itself an index of the climate that is generated by considering deviations from normal conditions. Spatial autocorrelation was not an issue here since the geographic location of vertices was not considered in the statistical correlation and network creating stages. However, a test of temporal autocorrelation was performed, and the results indicated no autocorrelation.



The goal here was to delineate existing local subregions (communities) exhibiting similar properties as measured by time series PDSI. Communities were extracted based on some degree of internal cohesion among the vertices, in this case, the Pearson correlation coefficient. Beginning with a network where the Pearson correlation coefficients between vertex pairs were greater than 0.9, the popular modularity function of Newman and Girvan [44] was used as a quantitative measure to evaluate partitions for those that displayed a genuine network structure. For a given division of a network’s nodes, modularity reflects the concentration of edges within the division compared to the random distribution of edges in a perfectly connected network. Considering a pair of nodes (i, j) in a network with n nodes and m edges, the network may be partitioned into two clusters using a membership variable, s, such that si = 1 if node i belongs to cluster 1 or si = −1 if node i belongs to cluster 2. If the adjacency matrix of the network is A, Aij = 0 if there is no interaction between i and j, and Aij = 1 if there is interaction. Modularity, Q, is then defined as the fraction of edges that fall within group 1 or 2, minus the expected number of edges within groups 1 and 2 for a random graph with the same node degree distribution as the given network. This algorithm is illustrated in Equation (2).


  Q =  1  2 m     ∑   i , j    (   A  i j   −    k i   h j    2 m   δ  (   C i  ,  C j   )   )  ,  



(2)




where m is the total number of edges of the graph, A is the adjacency matrix, Aij is the weight of the edge between i and j, ki is the degree of vertex I, and the sum runs over all vertex pairs. The  δ  function is 1 if i and j belong to the same community and 0 otherwise.



Using the modularity optimization algorithm of Blondel et al. [45], communities were extracted such that modularity within the communities was a maximum. The algorithm involves a two-phase approach, in which, in the first phase, each node is placed in its own community. Nodes are then paired and the gain in modularity is estimated for moving any node to a different community. The process is repeated for all nodes until no further gain in modularity is detected. In the second phase, the identified communities are used as nodes to iterate the previous operation until maximum modularity is gained. The partitioning process is summarized in Figure 1.





3. Results


The results for the conterminous USA and some regional case studies are presented in this section.



3.1. Temporal Patterns


Figure 2 shows the proportions of conterminous USA land area under abnormally dry (PDSI between −1.0 and −1.9), moderate (PDSI between −2.0 and −2.9), and severe (PDSI of −3.0 and less) drought for the historical (1966–2005) and near-term to projected periods (2011–2050). The three severity categories referenced here were derived as used in the Drought Monitor of the National Drought Mitigation Center at the University of Nebraska–Lincoln. There is low comparison of results among the models for both periods. However, comparable results were observed between selected models for specific periods of time. During the historical period, NorESM, ACCESS, BCC, CCSM4, and FGOALS indicated the prevalence of severe drought during 1966 to 1968. ACCESS and BCC showed the prevalence of severe drought between 2002 and 2005. MRI, NorESM, CMCC, and FGOALS indicated extensive severe droughts between 2000 and 2003. Four models (BCC, CCSM4, CMCC, FGOALS) indicated extensive severe drought within the near-term period 2011–2015, while MPI, NorESM, IPSL, ACCESS, and MPI indicated considerable severe and moderate drought within the same period. IPSL, ACCESS, CMCC, and MPI indicated increased severe drought in the years approaching and including 2050.



The historical period is characterized by cyclic patterns of moderate and severe drought with no clear uptrends or downtrends. In the near-term to projected period, some models (MRI, FGOALS) showed a downtrend and some (IPSL, ACCESS, MPI) showed uptrends in drought occurrences. These trends can generally be inferred from Figure 2, more clearly for moderate and severe drought categories. Figure 3a,b illustrates the trend of severe droughts only (PDSI < −2.9). There is a general agreement among most models of high proportions of USA land area being under severe drought between the periods 1966–1968, 1969–1972, 1995, 2012–2018, and 2048–2050. No definitive trend can be described comparatively for all the models.




3.2. Spatial–Temporal Patterns


Considerable differences in the spatial–temporal occurrence of drought over the CONUS are observed among the nine models used in this study. However, over the historical period (Figure 4a), the models indicate a similar drying trend for parts of southwestern CONUS extending southern California, southern Nevada, and western Arizona. The region exhibits most rapid drying in the CONUS for the studied period. In other parts of the country, slow drying or wetting was observed, with minimal spatial similarity among the models. At least two to three models indicate a corresponding trend for specific regions. Relative to the historical period, the projected spatial–temporal trends (Figure 4b) show elevated gradients of drying for southwestern CONUS from ACCESS, CCSM4, CMCC, FGOALS, IPSL, MPI, and NorESM models. BCC and MRI models show slow drying and wetting for most parts of CONUS. Again, the projected spatial–temporal patterns are unmatched among most models for most parts of the country. Even so, a subset of the models show similar trends for specific areas. For example, CCSM4, CMCC, IPSL, MPI, and NorESM show drying in south Florida.



Figure 5a shows the average number of months per year that experienced severe drought within the indicated ten-year period. Each row in the figure shows results for a single model. Between 1966 and 1975, there is minimal agreement among the models regarding the spatial occurrence of severe drought. With ACCESS showing widespread severe drought in most parts of the country, the other models show intense drought mostly in the mid-west region and zero to at most two months per year in other parts.



In 1976–1985, ACCESS, BCC, and CCSM show extensive severe drought in Texas while CCSM, CMCC, FGOALS, IPSL, and MRI show the same in western USA. Except for BCC and FGOALS that show patches of severe drought, the other models show diffuse severe droughts in the mid to western regions of the country between 1986 and 1995. Intra-model differences are indicative of the geography of severe droughts that were experienced for the specified periods. BCC, CCSM4, CMCC, and FGOALS all show less severe drought between 1996 and 2005 except for very few intense patches. ACCESS and IPSL show widespread and frequent spells of drought while MPI, MRI, and NorESM show smaller patches of frequent severe drought in southeastern USA. Some regions of the country, such as California, have had consistent cycles of severe drought through at least two of the four decadal time periods. IPSL and MRI show intense drought in southern California and Arizona between 1976 and 2005.



In the near-term period of 2011–2020, most models show severe droughts in western USA (Figure 5b). In 2021–2030, models considerably disagree on the spatial patterns of potential severe drought occurrence. Particularly conspicuous is BCC showing extensive and protracted severe drought in middle and northern USA. Between 2031 and 2040, all the models show expectation of extended cycles of severe drought in western USA and scattered areas of at most three months per year on average, of severe drought. Within the decade, all the models indicate that large parts of California will experience extended severe drought. In the decade, 2041–2050, ACCESS, CCSM4, IPSL, and NorESM indicate severe droughts extending 6 to 12 months per year in varied parts of USA. Scattered patches of less extended severe droughts are shown in BCC, MPI, CMCC, and MRI, with FGOALS showing the least expectation of severe drought. Spatially, affected areas are expected to change moving forward from 2011 to 2050. There is little geographical consistency in the frequency of severe drought occurrences—drought in one location does not advance into the next decade. However, there are small areas where, according to some models, severe drought is extending through at least two decades. ACCESS, CCSM4, IPSL, and MPI show recurrent severe drought in the southern parts of California, Arizona, and New Mexico in the 2030s through to the 2040s.




3.3. Spatial Patterns of Local Heterogeneity


Climate networks constructed for California revealed the clusters in Figure 6. These clusters delineate regions that are similar in terms of temporal occurrence of drought between 2012 and 2018 as measured by PDSI. At least seven clusters can clearly be identified in all the models. These do not all spatially match among the models. However, there are specific clusters (labeled with similar numbers in Figure 5) that are identical among several models. The spatial extent of cluster 1 in Figure 6 seems nearly identical for NorESM, BCC, CCSM4, and MRI, with majority of the nodes roughly overlaying among all the models apart from CMCC where some nodes are in a different spatial location. Nodes in cluster 2 take a similar spatial pattern in MRI and ACCESS, partly matching those in CCSM4, CMCC, and MPI. In middle California, nodes in cluster 3 assume a nearly perfect shape for BCC, CMCC, and MRI. A group of nodes within the same spatial extent are in the same cluster in FGOALS and IPSL, though not within a clearly defined boundary. Other large clusters share a significant number of nodes among the models, signifying the presence of a unique community structure.



In Table 2, we describe the topology of the constructed network from which the community structure in Figure 6 was derived. In all the models (except IPSL), the network density does not exceed 5%. This low density indicates heterogeneous spatial–temporal patterns of drought in California between 2012 and 2018. Global clustering coefficients of 0.5 show evidence of node clustering, affirming the heterogeneity of spatial–temporal drought in California within the referenced period. Apart from one model, CCSM4, with a modularity of 0.4, all other models attained a modularity of 0.5 and greater. This shows that the connections between nodes within a cluster are stronger than connections between nodes in the cluster with those outside the cluster, and that the number of connections within a cluster are more than would be expected by random chance.





4. Discussions


Numerous studies on global drought patterns have been carried out utilizing GCM data. General discrepancies in estimated drought trends among models have been confirmed and attributed to differences in applied methodologies [46,47,48], including variation in calibration periods and forcing data characteristics. The current paper provides an assessment of drought as measured using the PDSI. PDSI is one among many indices of defining drought and remains the most widely used in the United States. It integrates a comprehensive hydrologic accounting rather than providing statistics on individual aspects of the climate such as precipitation and soil moisture.



Our PDSI outputs compared fairly with those presented in [49,50] for the historical period of 1966–1995 but differed considerably for the period 1996–2005. We must mention that while our PDSI values were computed based on monthly GCM data at ~0.04 degrees spatial resolution, PDSI by Dai were computed based on observed climate data at ~2.4 degrees spatial resolution. Obtained root mean square error (RMSE) and mean absolute error (MAE) are shown in Table 3. With our outputs as the simulated data set, RMSEs between 2 and 3 were obtained for three out of four of the tested decadal time steps.



Our results indicate differing trends among models for the proportion of land area under drought in the U.S. Generally, differences in climate predictions among GCMs arise from variations in initial conditions, parameterizations, or assumptions on emissions. However, individual models tend to perform best in some aspects than others. Because of this, we observe that known historical drought events are captured in some models and not in others. Our results highlight some of the major intensively and extensively dry periods observed in the recent past and are in agreement with analyses by previous authors. According to Cook et al. [51] for example, >50% of the conterminous U.S. land area was under incipient to severe drought (PDSI < 1.0) in the summer of 2002. Based on our calculations, 50% to 60% of CONUS land area was under drought for the summer months of 2002. In 2011–2012, a major drought in the U.S. was termed the most severe on record [52], resulting in billions of dollars in economic losses [53]. From our results in Figure 1, it is observed that for IPSL, ACCESS, BCC, CCSM4, CMCC, and FGOALS, drier conditions began slightly after year 2011. Given that 2011 is the first computation year for the near-term to projected period, this observation is expected considering the tendency of PDSI to lag emerging droughts by several months [54], and thus its inability to detect drought on time scales shorter than 12 months [34]. Even so, historical records show that drought conditions persisted through the years 2013, 2014, and 2015 in some parts of the U.S., which may explain the protracted droughts indicated by IPSL, BCC, CCSM4, CMCC, MPI, and FGOALS for the period (Figure 2). In Figure 3a, major past dry spells are highlighted, confirming that our data and methods reproduce historical records. A recent dry period that began in 2012 is captured in Figure 3b. This has widely been documented as one of the most severe and extensive droughts in the USA [55,56].



At a time when IPCC projections indicate intensification of dry conditions in the subtropical areas of southern North America and expansion poleward [57], knowledge of spatial and temporal trends of projected drought is critical for resource planning in order to avoid surprises in the future. According to our analysis, the trend in percentage of land area under severe drought is expected to rise steadily until the year 2043, before briefly dropping in 2047, and then spiking again in 2050. Although the high-emissions scenario (RCP 8.5) assumed in this analysis will tend to indicate elevated drought conditions, relative comparison of the projected trend to past trend is a reliable way to understand the expectations. Considering the recent drought that occurred between 2012 and 2015, more prolonged drought over less land area would potentially occur beginning in the late 2030s to early 2040s. Severe drought would then be expected over more extensive areas approaching the year 2050. This information is highly valuable for strategic planning and management of critical resources such as water in terms of reservoir levels necessary for maintaining energy and food production over extended dry periods.



While several methods are available for clustering climate data, we elected to use a network-based method because it was within the framework in which we can characterized the topology of spatial drought heterogeneity. Moreover, the network-based community detection algorithm accommodates the use of edge weights and is efficient for dense networks. At a threshold of correlation coefficient >0.9, we discovered more stability in the spatial partitions and stronger cohesion within the clusters. Noting that spatial proximity among locations is not taken into consideration in the partitioning, it is not obvious that clusters would exhibit the geographic cohesion shown in Figure 6. The emergence of these clusters is indicative of localized spatial–temporal differences in climate, that can only be detected by using high-spatial-resolution climate data. Further characterization of such clusters is essential for the planning of local adaptation and mitigation strategies as well as understanding the spatial differences in land potential for various uses that depend on climate conditions such as urban ecological systems.



Our results must be interpreted keeping in mind the following limitations: available water capacity data used in the monthly PDSI computation are a constant value against a changing landscape; GCM data are an estimate and not an exact representation of the true climatic conditions; differences in GCM parameterizations yield disparate estimates of temperature and precipitation restricting comparability of subsequent derivatives, in this case PDSI; PDSI has known limitations that limit its validity for assessment of drought trends [58,59]. The main limitations relate to the Thornthwaite-based formulation for estimating potential evaporation and its simplicity of the water balance model [58]. The Thornthwaite method may be substituted with other methods such as the Blaney–Criddle Formula, which has been shown to produce PDSI values that correlate highly with those based on the Thornthwaite method. As part of our future studies, we intent to examine differences between PDSI computed from observation data and those computed from GCM data in order to assess and understand differences in model performance. Previous studies have shown that bias correction of GCM data results in better agreement among models [60]. Given the observed differences in spatial and temporal distribution of PDSI among models in the current study, we will also explore the implications of GCM data bias correction for PDSI and compare them to implications on the data itself (uncertainties and intermodal differences).




5. Conclusions


In the current paper, we present an assessment of past and projected drought conditions over the CONUS as measured using PDSI. Performance of the modeled data to reproduce past drought events significantly differs among the models. However, calculated temporal patterns highlight major past drought events but do not clearly show less severe dry spells. The spatial trend of drought through the studied historical period (1966–2005) indicated continued drying over a section of the southwestern CONUS region including parts of south California, south Nevada, and west Arizona. In other parts of the country, agreement among the models is limited to small areas with statistics matching among a few of the models. Spatial trends in the near-term through the projected period show some intensification in the rate of drying for the southwestern CONUS region, as indicated by results from six out of the nine model datasets used. The projected frequency of severe drought months per year appears to be highest between 2041 and 2050 and intensified within small geographical areas, with other areas expected to experience two to zero months of severe drought per year on average.



By allowing a complete hydrological accounting, PDSI permits the assessment of drought severity. Access to reliable information on expected drought is of the essence for effective management of surface water for continued energy and food production. The ability to assess drought at local scales is necessary for localized action planning for which coarse-resolution GCM data are not applicable. Inadequacy of observed climate data necessitates improvement of modeling techniques to aid the assessment of local climate characteristics for better decision-making. The current analysis has demonstrated the efficacy of high-spatial-resolution data for highlighting local heterogeneity in drought patterns.
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Figure 1. Processing workflow for network analysis clusters partitioning process. 
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Figure 2. Proportion of conterminous USA land area under drought. The left panel represents the historical period, and the right panel represents the future period. 
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Figure 3. Proportion of conterminous USA land area under severe drought for (a) historical and (b) projected periods. 
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Figure 4. Spatial–temporal trends of drought occurrence for the historical (a) and projected periods (b). Dotted blue box shows a region of comparable trend among the models. The solid black box shows a small, isolated region in middle California. 
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Figure 5. The spatial occurrence of severe droughts in decadal time periods for the historical (a) and projected (b) periods. Each map in the figure shows the average number of severe drought months per year for the indicated decade. 
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Figure 6. Network-based clusters illustrating spatial temporal heterogeneity of drought in California, USA as measured using time series PDSI for the period 2012–2018. The colors are only used here to show the presence of clusters. The colors do not indicate similar clusters across models. Number labels are used to show clusters with similar spatial extents among models. 
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Table 1. GCM data properties used in this study.
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Model

	
Center

	
AtmRes

	
VL in Atm

	
Model Components




	
a

	
b

	
c

	
d

	
e

	
f

	
g






	
ACCESS1-0

	
Commonwealth Scientific and Industrial Research Organization and Bureau of Meteorology, Australia

	
1.25*1.88

	
38

	
✓

	
✓

	

	
✓

	

	

	
✓




	
BCC-CSM1-1

	
Beijing Climate Center, China

	
2.79*2.81

	
26

	
✓

	
✓

	

	
✓

	
✓

	
✓

	
✓




	
CCSM4

	
National Center for atmospheric Research, USA

	
0.94*1.25

	
26

	
✓

	
✓

	

	
✓

	
✓

	

	
✓




	
CMCC-CM

	
Centro Euro-Mediterraneo sui Cambiamenti Climatici Climate

	
0.75*0.75

	
31

	
✓

	
✓

	

	

	
✓

	

	
✓




	
FGOALS-g2

	
State Key Laboratory Numerical Modeling for atmospheric Sciences and Geophysical Fluid Dynamics (LASG)—Institute of Atmospheric Physics, China

	
1.66*2.81

	
26

	
✓

	
✓

	

	
✓

	
✓

	
✓

	
✓




	
MPI-ESM-MR

	
Max Planck Institute Earth System Model

	
1.87*1.88

	
95

	
✓

	
✓

	

	
✓

	
✓

	
✓

	
✓




	
MRI-CGCM3

	
Meteorological Research Institute, Japan

	
1.12*1.13

	
48

	
✓

	
✓

	

	
✓

	
✓

	

	
✓




	
NorESM1-M

	
Norwegian Earth System Model

	
1.89*2.5

	
26

	
✓

	
✓

	
✓

	
✓

	
✓

	

	
✓




	
IPSL-CM5A-LR

	
Institut Pierre Simon Laplace

	
1.89*3.75

	
39

	
✓

	
✓

	

	
✓

	
✓

	
✓

	
✓








AtmRes—atmospheric resolution, VL in Atm—vertical levels in atmosphere, a—atmosphere, b—aerosol, c—atmospheric chemistry, d—land surface, e—ocean, f—ocean-biogeochem, g—sea ice.
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Table 2. Topology characteristics of the PDSI-based network.
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	Models
	Clustering Coefficient
	Density
	Modularity





	1.
	CCSM4
	0.5665
	0.0432
	0.4142



	2.
	ACCESS
	0.5554
	0.0238
	0.6118



	3.
	BCC
	0.5653
	0.0323
	0.6334



	4.
	CMCC
	0.5707
	0.0117
	0.7633



	5.
	FGOALS
	0.5244
	0.0195
	0.5943



	6.
	IPSL
	0.5964
	0.0547
	0.5115



	7.
	MPI
	0.5627
	0.0208
	0.7274



	8.
	MRI
	0.5601
	0.0242
	0.6629



	9.
	NorESM
	0.5686
	0.0314
	0.6267
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Table 3. RMSE and MAE of our PDSI with PDSI outputs of Dai [50].
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ACCESS

	
BCC

	
CCSM4

	
CMCC

	
FGOALS

	
IPSL

	
MPI

	
MRI

	
NorESM






	
RMSE

	
p1

	
2.90

	
2.99

	
2.94

	
2.76

	
2.98

	
2.80

	
2.87

	
2.80

	
2.90




	
p2

	
3.36

	
3.39

	
3.20

	
3.05

	
3.41

	
3.45

	
3.31

	
3.36

	
3.45




	
p3

	
3.33

	
3.23

	
3.39

	
3.44

	
3.51

	
3.49

	
3.41

	
3.48

	
3.49




	
p4

	
20.13

	
20.16

	
20.13

	
20.10

	
20.12

	
20.19

	
20.14

	
20.13

	
20.14




	
MAE

	
p1

	
2.33

	
2.39

	
2.33

	
2.22

	
2.39

	
2.24

	
2.30

	
2.24

	
2.34




	
p2

	
2.65

	
2.70

	
2.56

	
2.40

	
2.69

	
2.72

	
2.63

	
2.61

	
2.74




	
p3

	
2.65

	
2.58

	
2.69

	
2.74

	
2.81

	
2.77

	
2.72

	
2.78

	
2.77




	
p4

	
3.09

	
3.28

	
3.16

	
3.20

	
3.17

	
3.36

	
3.30

	
3.28

	
3.90








Note: p1, p2, p3, and p4 respectively represents the decades 1966–1975, 1976–1985, 1986–1995, and 1996–2005.
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